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Abstract

The increasing number of users and service types have introduced challenges to existing

communication networks. Specifically, more efficient resource allocation schemes are needed

for 5G and beyond networks to meet the service level agreements (SLA) of each user and

the quality of service (QoS) requirements for each service type. Furthermore, the integra-

tion of space and air communication segments into conventional terrestrial communication

networks introduces rapid environment changes, necessitating low-complexity online re-

source allocation decision-making. This further complicates the design of resource allocation

schemes.

In this thesis, we give a detailed analysis of the challenges encountered in the 5G and

beyond networks in the field of resource allocation. To start with, we provide an introduction

to the development of communication technologies and highlight the distinct features of 5G

and beyond networks. This serves the purpose of providing the readers with a more general

view of the cause behind the challenges encountered in current networks and understanding

the importance of addressing these challenges.

To solve these challenges, we proposed three schemes in this thesis, with one focusing on

the resource allocation in 5G radio access network (RAN) slicing and two on task offloading

and resource allocation in space-air-ground integrated networks (SAGIN). Specifically, these

schemes are proposed to satisfy the following requirements under different environment set-

tings: low complexity, online decision-making ability, strong scalability, strong generalization

ability, and ease of implementation. To achieve these goals, all schemes are formulated into a

block structure where each block accomplishes a dedicated task. The design of each block

depends on the function to be accomplished, and both optimization-based approaches and

DRL-based approaches are utilized to formulate a block. Each block can be easily implemen-

ted into other schemes to achieve the same function as in our work, which greatly improves

the generalization ability of our proposed schemes. Additionally, this block structure enables

vii
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the scheme to have each block designed separately. Several blocks can also be trained in

parallel to reduce the complexity of the scheme.

In summary, this thesis provides an end-to-end review of the current challenges and

achievements in communication networks. It begins by introducing the problems faced, the

causes behind these issues, and the proposed solutions. Simulation results are presented to

validate the performance of the proposed schemes, and a conclusion chapter highlights the

key achievements in the field of resource allocation for 5G and beyond networks, along with

potential directions for future research.
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CHAPTER 1

Introduction

The success of current 5G and beyond networks relies on efficient task offloading/resource

allocation schemes. In this thesis, a comprehensive analysis of state-of-the-art task offload-

ing/resource allocation schemes is presented. To mitigate the limitations of these schemes,

three works are presented. The first one focuses on resource allocation in the 5G radio access

network (RAN) slicing, which is a crucial part for the successful establishment of network

slices. The second and the third works focus on task offloading/resource allocation in the

Space-Air-Ground integrated network (SAGIN), which is the key solution for 6G to achieve

global coverage. Each work is presented in detail, with its contributions highlighted at the

beginning of chapters 4, 5, and 6. In this chapter, we first elaborate on the background of our

research. Then, we introduce the driving factors behind our choice of this research direction,

followed by the challenges faced by each of our works and their innovations. We also give a

detailed discussion of the correlations and differences among our works, highlighting their

impacts in this field of study. Finally, an outline that summarizes the content of the subsequent

chapters is given.

1.1 Background

Starting from the first generation (1G), which is an analog communication system in the

early 1980s, to the recently deployed 5G digital communication system, each generation

deploys a larger bandwidth, higher frequency range, and higher transmission rate compared

to the previous one [1]. Nowadays, 5G utilizes millimeter wave (mmWave) bands and can

achieve a peak transmission rate of 20Gbps [2]. With this improvement and support of
1



2 1 INTRODUCTION

other technologies, 5G can embrace a broader range of services like autonomous driving, 4k

streaming, remote surgery, and massive IoT compared with 4G [3]. However, the requirements

of some services are beyond the capabilities of 5G. For example, 5G cannot support global

coverage and thus cannot provide seamless wireless access services, especially for rural areas,

remote oceans, and mountains [4]. Furthermore, during disasters like volcanic eruptions and

tornadoes, terrestrial BS can be easily destroyed, causing wireless network service disruptions,

which is vital for efficient emergency and disaster management [5]. These requirements are

to be explored and resolved in the 6G and the SAGIN is considered the key enabler [6]. In the

following, we elaborate on the features of 5G and SAGIN.

1.1.1 5G Terrestrial Network

5G, deployed in 2019, is a service-oriented network that is designed to support different

service types with distinct characteristics and quality of service (QoS) requirements [7]. It

incorporates application programming interfaces (APIs) instead of predefined interfaces,

which enhance system flexibility [8]. For example, network providers can easily create and

deploy APIs to suit the need for new service types. Similar to 4G, 5G also separates the

user plane and control plane, enabling the separation of scaling and centralized/distributed

deployment [9].

The key enabler of 5G is network slicing, which takes advantage of various technologies

like software defined network (SDN) and network function virtualization (NFV) [10, 11].

Each active network slice can manage its own resources, create and terminate virtual network

functions (VNF), and report its status to the network management segments (NMS)[12]. It

is designed to address the challenge of simultaneously satisfying the QoS requirements of

different types of services [12]. The idea behind network slicing is to create multiple virtual

network slices on a shared physical infrastructure where each network slice is designed to

satisfy the QoS requirement of one type of service [13, 14]. Network slicing consists of three

parts: the RAN slicing, the transport network (TN) slicing, and the core network (CN) slicing

[15]. The RAN part performs the function of connecting user mobile devices to the network,

allocating resources based on user requests, mapping virtualized resource blocks (RB) to
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different network slices as well as managing and reporting physical link status [16, 17]. It is a

very crucial part of network slicing as it determines how many RBs can each request utilize

and directly influences the final QoS [18].

However, there is no such thing as a free lunch. Although network slicing is promising, it

also brings a lot of challenges. We will elaborate on the challenges in two aspects: Resources

and complexity.

Resources: To successfully establish a network slice, resources like transmission power,

and bandwidth need to be provisioned [19]. In some networks that incorporate MEC, CPU

frequency also needs to be provisioned for each slice [20]. As lots of services exist in the

network at the same time, sufficient resource supply is needed to satisfy QoS requirements of

all these services [21]. However, available bandwidth in 5G is very scarce with most of them

already pre-allocated to other services. Additionally, more resources will inevitably induce

higher costs [22, 17]. Therefore, it is not possible for a network to have sufficient resources.

As the allocation of resources to one network slice will influence the available resources for

others, the problem lies in how to efficiently allocate resources under limited resources [23].

Complexity: From the complexity perspective, algorithms used to establish network slices

need to have low computational complexity [24]. This is because 5G encompasses services

with stringent latency requirements, and the time available for establishing a network slice is

very limited. However, the resource allocation problem is usually non-convex and np-hard

which makes it hard to find a low complexity algorithm [25]. Furthermore, as the network

environment changes rapidly, the algorithm should be able to adapt to this environment and

have strong generalization ability [26, 27].

1.1.2 Space-Air-Ground Integrated Network

Satellite technology has been recognized as a powerful solution for achieving seamless global

connection and satisfying the high availability requirement of telecommunication systems

in disasters [28]. In recent years, the improved onboard processing capabilities of satellites

have enabled their role transformation from mere transport relays that provide connections
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for remote areas to in-orbit computing platforms [29]. Specifically, the integration of MEC

with satellite networks prompts this shift of roles. This shift is also driven by the increasingly

limited terrestrial computing and frequency band resources caused by an increasing number

of users [30, 31]. With the number of satellites, especially low-earth orbit (LEO) satellites

exploding, the computing capability of satellite networks will increase significantly in the

future [32, 33, 34]. Therefore, the cooperation between satellite and terrestrial networks is

now recognized as an attractive, cost-efficient way to improve the user experience and allow

computing service to more users [35].

To address the cooperation, a framework called SAGIN is proposed and has been researched

in many works [36]. The space segment is usually established by LEO satellites that are

distributed at an altitude of 300-1500 km and interconnected by inter-satellite links (ISLs)

[37]. The air segment can be established by unmanned aerial vehicles (UAVs) or high-

altitude platform stations (HAPSs), which can also be equipped with MEC servers and

storage hardware to perform computing-related tasks [38]. This SAGIN, by comprehensively

considering the connections between ground, air, and space, can effectively utilize all available

resources simultaneously, but it also introduces many challenges [39, 40]. Next, we will

elaborate on the challenges in two aspects: Resources and complexity.

Resources: The resource distribution of SAGIN is very different from that of 5G [41].

To begin with, SAGIN consists of three segments-space, air, and ground segments-hence,

available resources (RBs, frequency) are distributed in a three-dimensional domain, with each

layer having different available resources [42]. Additionally, different from the 5G terrestrial

network, the positions of space and air segments in SAGIN change rapidly, which results in

varying network connection status and available resources [43]. When a task arrives, two

steps need to be performed for task processing: task offloading and resource allocation [44].

Task offloading refers to the transfer of computing tasks from resource-constrained nodes to

more capable ones within the network, such as from terrestrial devices to satellite or aerial

platforms[36]. Resource allocation refers to the allocation of computational and frequency

resources for the processing and transmission of tasks [45]. Efficient task offloading and

resource allocation is crucial for the integration of space, air, and ground segments and is
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critical for satisfying the service level agreement (SLA) [46]. However, both steps are hard

to perform due to the complex interconnection between segments and the rapidly changing

network environment.

Complexity: As SAGIN consists of a large number of segments and chain dynamically, some

of the most critical problems are the complexity of performing resource allocation under

varying environments and the difficulty in providing task offloading decisions due to large

numbers of LEOs and UAVs or HAPSs [47]. As the network connection status changes from

time to time, low-complexity task offloading and resource allocation strategies are crucial for

making timely decisions [48]. However, the task offloading and resource allocation problems

in SAGIN are usually mixed integer nonlinear programming problems (MINLP), which

prevents the implementation of low-complexity algorithms.

1.2 Research Problems

In the previous section, we provided a detailed description of the 5G terrestrial network

and SAGIN and evaluated the challenges from the perspective of resources and complexity.

Specifically, the effectiveness of both 5G and SAGIN are constrained by resource alloca-

tion strategies. Furthermore, SAGIN requires a highly efficient and low-complexity task

offloading scheme before performing resource allocation. Recently, the advancement in

machine learning, including deep learning (DL) and deep reinforcement learning (DRL), has

enabled the implementation of learning-based methods in solving problems encountered in

communication networks. These learning-based methods are known for their ability to accom-

modate dynamically changing network environments with low complexity. When considering

integrating learning-based approaches into 5G and SAGIN, a key question emerges: how

can we leverage these methods to solve the resource allocation problem in 5G and the task

offloading and resource allocation problem in SAGIN? This motivates us to dive into various

task offloading and resource allocation problems and strategies. In the following, we elaborate

on these research problems. The first research problem (Chapter 3) lies in the field of resource
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allocation in 5G terrestrial networks. For recent works, the learning-based network slicing

resource allocation schemes appear to suffer from one or more of the following deficiencies:

(1) The generation process for user requests is simplified into the Poisson process and

provides no information to guide the design of the system.

(2) Joint power and RB allocation problem with constraints is a non-convex optimization

problem and is proved to be NP-hard. Current existing algorithms cannot deal with

long-term constraints, and long-term system stability is not guaranteed.

(3) Differences among services are usually not considered. Differences, including

timescale difference, arrival process difference, and the underlying feature difference,

are usually ignored to simplify the resource allocation problem.

Consequently, in Chapter 3, we try to mitigate these deficiencies and propose a novel resource

allocation scheme for 5G.

The second research problem (Chapters 4 and 5) lies in the field of task offloading resource al-

location in SAGIN. For recent works, the learning-based task of offloading resource allocation

schemes has one or more of the following limitations.

(1) These schemes cannot handle both discrete and continuous decisions in an end-to-

end manner. Original problems need to be separated into two subproblems and

relaxed into convex, which leads to potential performance loss.

(2) These schemes suffer from inference performance degradation when the model

mismatch between training and testing environments exists. As the variation of

critical system parameters characterizes the SAGIN environment, it is highly likely

that the testing and training environments differ from each other.

(3) These schemes do not take into account the inherent topological structures of the

SAGIN environment. Loss of information will inevitably lead to slow convergence

to suboptimal solutions and performance degradation.

(4) These schemes do not consider the correlations and graphical structure of each task,

limiting the covered service types.
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FIGURE 1.1. Differences and correlations among works.

(5) These schemes cannot handle varying numbers of LEO/HAPS and need to be

retrained with training high complexity when the number changes.

Consequently, in Chapter 4, we focus on resolving points 1, 2, and 3, and in Chapter 5, points

1, 2, 4, and 5 are addressed.

Next, we elaborate on the differences and correlations among all these works, which is shown

Fig. 1.1. Specifically, Chapters 3 and 4 focus on inter-task features, while Chapter 5 focuses

on intra-task features. Inter-task features refer to the distinct features of different tasks and

users. Thus, Chapters 3 and 4 focus on satisfying the QoS requirements for each user, adopting

different distributions for each type of task, and having two timescales to reflect the distinct

task features. Intra-task features refer to the correlations among subtasks inside each task.

Thus, Chapter 5 focuses on the formulation of task dependencies and utilizing task graphs

to model these dependencies. Additionally, Chapter 3 focuses on the resource allocation in

the 5G network, while Chapters 4 and 5 on both task offloading and resource allocation in

SAGIN. Table 1.1 summarizes the key points for each work.
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TABLE 1.1. Summary of Key Points for Each Research Work

Chapter 3 Chapter 4 chapter 5
Scope 5G SAGIN SAGIN
Task dependency No No Yes
Future traffic prediction Yes Yes No
Task offloading No Yes Yes
Resource allocation Yes Yes Yes
Two timescales Yes Yes No
MIMO No Yes No
Problem Sequential decision-making Sequential decision-making Sequential decision-making
Method DRL+Lyapunov DRL DRL
Constraint Long-term and short-term Short-term Short-term
Hybrid action space Yes Yes Yes
Graph No Yes Yes
Graph fusion No No Yes

1.3 Contributions

Work 1 is proposed to address the lack of focus on the time-sequential dynamic resource

allocation in 5G RAN slicing and mitigate the limitations of state-of-the-art research. In

Chapter 4, we design a novel time-sequential decision-making resource allocation framework

tailored for 5G RAN slicing with two distinct features. Firstly, we consider a realistic setting

where the arrival of user requests is random, and each request can occupy the allocated

resources for a random period of time. Thus, the total available resources change dynamically

over time, which results in complicated correlations between resource allocation actions.

Secondly, in this framework, the online real-time generation of these correlated decisions is

made with low complexity, considering both short-term and long-term system constraints.

We formulate the resource allocation problem as a time-sequential decision-making problem,

taking into account user priority, system limitations, and system stability. To obtain an

efficient resource allocation scheme, we utilize DRL to directly learn the mapping between

environment states and resource allocation actions. Our contributions are listed as follows.

(1) Our work encompasses three types of services: one referred to as throughput-oriented

(TO), which has a high transmission rate requirement; one is delay-sensitive (DS),

which has a stringent latency requirement; and one is delay-throughput-tolerant

(DTT), which has a moderate transmission rate and relaxed latency requirement.

Compared to the 5G RAN slicing models, the main features of this RAN slicing
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include: 1) Each user request in TO, DTT, and DS slice follows a distinct distribution,

and a wide range of distribution types are considered. 2) This model utilizes different

priority values for different traffic types, where each type belongs to one slice. By

addressing the priority of different slices, our proposed method can prioritize critical

traffic under resource-stringent circumstances.

(2) Our work considers a broad range of factors to formulate the resource allocation

problem. Specifically, the constraints for total available resources, the scalability of

the system, two types of timescales, the priority for different users, and the possible

fluctuation of the system (system instability). Specifically, a long-term constraint

is applied to account for long-term system performance, a short-term constraint to

address resource limitations, and virtual queues to account for system stability.

(3) The prediction-aided weighted DRL (PW-DRL) approach is proposed to solve the

aforementioned problem by leveraging DRL and Lyapunov optimization. Further-

more, a prediction network, as part of PW-DRL, is proposed to extract features

related to the dependence between current and future states.

The second work is proposed to address the following problems. Firstly, the SAGIN model

considered in state-of-the-art research only considers a single timescale for all services, single

antenna configurations, and a common channel model for all three segments. However, dif-

ferent types of services require varying timescales, and the distinct features of each segment

should be explored. Secondly, these methods cannot effectively capture the dependencies

within environmental state data featured by topological structures. This leads to slow conver-

gence and performance degradation in terms of the reward function. Thirdly, these DRL-based

approaches generate task offloading (discrete) and resource allocation decisions (continuous)

separately. The original optimization problems are typically divided into two subproblems:

one solved by DRL-based methods and the other by heuristic or optimization-based meth-

ods. This division increases the overall computational complexity and results in potential

performance loss. Lastly, these approaches assume minor differences between deployment

and training environments. In SAGIN, however, critical parameters like initial total resources

may drastically change due to LEO and aerial platform movements, resulting in inference

performance degradation. In Chapter 5, we focus on finding an efficient online low-cost
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task offloading and resource allocation scheme in SAGIN, with the goal of minimizing the

latency experienced by all users. However, performing efficient task offloading and resource

allocation is a challenging task. This is because SAGIN functioning in a dynamic environ-

ment involves changing features such as channel states, LEO and aerial platform locations,

and total available resources. This requires highly adaptive and nearly real-time resource

allocation approaches to capture and closely follow the variations of these features. The main

contributions of our work are listed as follows:

(1) We propose a SAGIN model that can more accurately reflect the real environment

compared with other SAGIN models. It encompasses a wider range of services,

each with a diverse priority, different antenna configuration schemes, different time

lengths, and even different transmission models.

(2) We propose an encoding scheme to efficiently generate offloading decisions. This

scheme can both reduce the dimension of the original offloading decisions and

avoid the generation of non-practical ones. Additionally, with the implementation of

this encoding scheme, a separate network can be formulated to generate decisions

directly, which can significantly reduce the overall computational complexity of

solving the proposed resource allocation problem. Furthermore, this scheme has

strong generalization ability and can be easily applied to other resource allocation

problems with the same benefits.

(3) We propose a graphic DRL (GDRL) approach that encompasses many new parts,

each with a diverse functionality. Specifically, a state feature extraction network to

extract features from different types of environment states, a latent action generation

network to generate latent actions from the extracted state features, and an action

mapping network that leverages the encoding scheme to generate resource allocation

and offloading decisions directly. Each part features a modified encoder-decoder

structure and can be easily adapted to other networks to leverage their advantages.

(4) We leverage meta-learning methods MAML and modify TRPO to construct a meta-

learning-enabled TRPO. This modification enables the fast adaption of TRPO to a

new environment encountered with only a few steps of gradient updates. Additionally,
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it mitigates the slow retraining problem of DRL-based methods and can boost the

performance of GDRL with low complexity.

Work 3 is proposed to mitigate the lack of focus in the time-sequential decision-making

formula for SAGIN offloading/allocation. Specifically, many approaches have been proposed

for SAGIN task offloading and resource allocation, which, in most cases, have been formulated

as a one-shot non-convex optimization problem. This formulation focuses on optimizing a

predesigned objective function, such as minimizing latency or maximizing throughput, within

the constraints of available resources for each problem instance. There is no correlation

and time-dependency between instances. It is worth noting that the one-shot optimization

aforementioned only considers a static resource pool, ignoring how offloading/allocation

decisions affect available resources across different problem instances. Consequently, it

fails to capture the inherent dependencies over multiple timesteps and ignores long-term

performance metrics like task completion ratio and resource utilization ratio. Additionally,

the static offloading/allocation fails to account for dynamic correlations between tasks, where

the execution of current tasks influences the available resources, and, in turn, affects the

offloading and allocation decisions for future tasks. In Chapter 6, we focus on finding an

efficient task offloading and resource allocation scheme that can maximize the number of

completed tasks. Different from the second problem, this one is formulated considering the

topological structures of the SAGIN environment and tasks. Furthermore, we consider task

dependencies where each task consists of several subtasks, and the process of one subtask

requires the result of another. Our contributions are listed as follows:

(1) We propose a dynamic SAGIN model that takes into account the correlation among

subtasks and changes in user equipment (UE)/task graph structure. This can reflect a

more realistic scenario and extend the covered service types.

(2) We propose a graph feature extraction network (GFEN) that incorporates hard and

soft attention mechanisms. It can merge the UE graph and task graph and adapt

to graph topology changes, which enhances DRL’s feature extraction ability for

graph-structured states.



12 1 INTRODUCTION

(3) We propose an action encoding and generation network (AEGN) to enable the

end-to-end generation of both task offloading and resource allocation decisions. It

can significantly reduce the size of the mixed action space and provide fast online

decisions.

(4) We leverage the reincarnating technique and propose a reincarnating graph fusion

DRL (GF-DRL) to adapt to the changing number of UE/LEO/HAPS with low

retraining complexity. We also theoretically proved that our proposed GF-DRL

performs better than multilayer perception (MLP)-based DRL methods.

1.4 Thesis Outline

The remainder of this paper is formulated as follows.

Chapter 2 presents the development of communication networks and the importance of

resource allocation in each generation.

Chapter 3 presents a literature review on resource allocation in 5G terrestrial networks and task

offloading resource allocation in SAGIN. We explore a wide range of studies and highlight

their limitations.

Chapter 4 elaborates on the resource allocation based on PW-DRL and Lyapunov optimization

to solve the time sequential resource allocation problem in 5G. Specifically, both long-term

and short-term constraints are considered to solve this problem, and services are categorized

into three types, with each having distinct QoS requirements.

Chapter 5 focuses on the task offloading and resource allocation problem in SAGIN. Spe-

cifically, we proposed an online dynamic resource allocation method called GDRL. A graph

neural network (GNN) based feature extraction network is proposed to capture features of

both graph-structured and non-graph-structured states, and an autoencoder structure-based

action mapping network (AMN) is proposed to enable end-to-end generation of both discrete

and continuous actions.
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Chapter 6 elaborates on the offloading and resource allocation problem in SAGIN when

considering task dependencies. Specifically, we design a new low-complexity online scheme

referred to as GF-DRL. Attention mechanisms are deployed to merge the state graph and

task graph together, GNN is utilized to extract features from graph-structured data, and an

action encoding and generation network is proposed to generate final offloading and resource

allocation decisions.

Chapter 7 summarizes the contributions of this thesis and elaborates on possible future works.



CHAPTER 2

History

With the increasing number of users and communication applications, communication techno-

logies have evolved from generation to generation [49]. In the following, each communication

generation is described in detail.

2.1 The First Generation

In 1946, the United States Federal Communications Commission granted approval for AT&T

to operate the first commercially available carborne telephony service. During the 1950s and

1960s, similar systems were proposed and implemented by various telephone administrations.

These systems served as the prototypes for the first-generation communication system.

Then, in the early 1980s, due to the increasing number of subscribers, an urgent need for a

communication network that can satisfy the mobile communication requirements emerged

and attracted several interested parties. There are many international mobile communication

systems at that time, and the best-known ones are NMT in Nordic countries, AMPS in North

America, TACS in Europe, and J-TACS in Japan. These systems were entirely analog-based

and designed to support plain old telephone services (POTS), which only provided voice

communication along with basic supplementary services. It can be seen that for the first

generation, each country has its own communication system, and global communication is

not possible. It can only achieve a low data rate of around 2.4 kbps.

Different from other generations, 1G utilizes analog signals to transmit voice data, and

frequency division multiple access (FDMA) is used for user access control. In 1G, the concept
14
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of resource allocation is very straightforward. It relies on static radio resource management

(RRM) methods, where all resources need to be planned manually. The main resources

considered in 1G are as follows.

(1) Frequency channels: utilizing FDMA, the frequency band is divided into multiple

discrete frequency channels. Each frequency channel can be used by one user to

transmit voice data. In 1G, the frequency channels allocated to one user cannot be

released until the call between two users ends.

(2) Cell planning: Cell planning can be treated as geographical resource allocation. In

1G, network operators need to determine the cell size, the cell place, the antenna

orientations, and the transmission power setting of that cell in advance before

constructing each cell. To avoid interference between users, frequency reuse patterns

need to be planned for all cells, where the frequency channels allocated to one cell

do not overlap with those of its neighboring cells.

In 1G, all resources need to be planned, and no dynamic scheduling/admission is allowed. The

decisions of how frequency channels are allocated, how each user can access the network, and

how cells are deployed were finalized during the network design phase. Thus, the resource

allocation stays static over the network’s operational lifetime, and changes can only be made

by designing and deploying a new network, which is of high cost.

2.2 The Second Generation

The second generation (2G) is developed based on the global system for mobile communica-

tions (GSM), which is the first communication system that archives global connectivity. The

GSM originally referred to group special mobile, which was proposed as a new communic-

ation standard for Europe only. However, the success of this standard globally requires the

name to be changed to suit its deployment scope from Europe to global. The success of GSM

is based on the following characteristics.

(1) It is an open standard with the ability for anyone in the world to access it directly.
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(2) It has multiple standardized interfaces which allow vendors to collaborate with each

other.

(3) It enables global connection with the consideration of roaming in the design of its

network architecture and communication procedures.

(4) It supports encrypted transmission, which can significantly improve the performance

of communication networks to protect private information compared with 1G.

(5) It integrates subscriber control by introducing the subscriber identity module (SIM).

(6) It implements the technology of frequency division multiple access (FDMA) and time

division multiple access (TDMA) to utilize available frequency and time resources

efficiently.

(7) It requires lower transmission power of the mobile phone, which enables the utiliza-

tion of small mobiles due to smaller battery size.

(8) Compared with 1G, it utilizes digital transmission, which brings the benefits of high

speech quality and enables possible signaling for different services.

(9) It first introduces the concept of an upgradable system and downward compatibility,

which maximizes its flexibility and generalization ability.

To enable global access, the first step is to define a standardized air interface. In GSM, this

air interface is referred to as the Um interface (unlimited mobility), where both GSM and

the later extension of GSM general packet radio service (GPRS) share the same interface.

To effectively utilize the frequency and time resources, frequency blocks assigned to uplink

(UL) and downlink (DL) are divided into frequency bands with a bandwidth of 200 kHz.

Additionally, each frequency band is further divided into eight channels referred to as time

slots, which enables a maximum of eight users to transmit using the same frequency band.

This separation of transmission in time while using the same band is called TDMA, and the

eight timeslots formulate a TDMA frame.

After the frequency band and UL/DL timeslot number are allocated to one mobile station

(MS), it can start to transmit speech and control signals. This process is called traffic channel

(TCH) establishment. Before transmitting, the analog speech signal needs first to be digitized

and coded to suit the channel conditions. There are three commonly used coding schemes
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FIGURE 2.1. HR pairing procedure.

for GSM: full rate (FR), half rate (HR), and enhanced full rate (EFR). Specifically, FR and

EFR transmit one timeslot after another, while HR transmits once for two timeslots. Thus,

HR can enable the transmission of two MS for one channel. For HR, in order to use time

resources efficiently, GSM implements a technology referred to as HR pairing, where two

unpaired HR users will be forced to move to one channel. This can guarantee a minimum

number of timeslots are used; thus, other types like FR and GSMR are not blocked due to HR.

Fig. 2.1 shows this HR pairing procedure. It can be seen that after using HR paring, timeslots

4, 7, and 8 can now be utilized by GSMR and FR transmission.

The GSM was first proposed in 1982 at the European Conference of Postal and Telecommu-

nications Administrations. After that, Phase 1 standardization of GSM1800 was finalized

in 1990, and that for GSM900 in 1991. The first GSM phone call, conducted on the 1st

of July 1991, marks the start of the utilization of GSM900 in Europe. In Phase 1, only FR

speech is supported, and the data rate is very low, from 0.3 to 9.6 kbits/s. Soon after Phase 1,

Phase 2 was proposed in 1995, which brought about a significant enhancement of Phase 1

GSM. Specifically, supplementary services like charging were supported in Phase 2, and HR

was introduced. Additionally, in Phase 2, two concepts mentioned before were implemented

to support Phase 1 GSM. Note that the implementation of Phase 2 signifies the complete

standardization of GSM. After Phase 2, Phase 2+ represents several approaches to evolving

the GSM standard. For example, the well-known GPRS is proposed in Phase 2+ to extend the

package-switching capability of GSM. The GSM network is known as the public land mobile

network (PLMN) and consists of several subsystems. The first major update of GSM is the

separation of network exchange and user access. Specifically, the network exchange is the

network for routing information from one point to another and is referred to as the network

switching subsystem (NSS). The user access is the transceiver network, which is responsible
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FIGURE 2.2. Network structure of GSM.

for the user’s wireless access to the base station (BS), which is referred to as the base station

subsystem (BSS). Fig. 2.2 shows the structure of the GSM network. Specifically, the GSM

network consists of the following network elements (NEs).

(1) Base transceiver station (BTS): The communication between MS and PLMN is

enabled by BTS. It serves a limited area (cell), and lots of BTSs are distributed

around the country. The number of BTSs deployed in certain areas is determined by

the number of subscribers (MS). The main tasks of a BTS are to perform channel

coding, cipher/decipher, synchronize MS in both time and frequency, perform HF

modulation, and monitor, evaluate, and optimize UL/DL transmission.

(2) Base station controller (BSC): BSC is implemented to address the limitation of

BTS to handle information related to handover and keep track of MS. One BSC

controls multiple BTS and can evaluate the strength of signals to determine when is

the best time to perform handover for certain MS. The key responsibilities of BSC

are: monitoring/measuring signal strength between MS and BTS, manage resource

allocation for each BTS, and perform paging of MS.
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(3) Mobile service switching center (MSC): MSC is the key part of NSS. The goal of

NSS is to perform procedures that can establish connections between subscribers.The

main functions of MSC are evaluating the dialing information, setting connections

between subscribers, measuring and generating charging-related data, performing

load sharing, and satisfying requirements of legal interception.

(4) Mobile gateway (MGW): MGW functions like a router that can connect one PLMN

to other networks. It can be integrated into MSC.

(5) Home location register (HLR) and visitor location register (VLR): HLR and VLR

together form the location register (LR) part of GSM. The main purpose of LR is to

record the identity and location of each subscriber. Specifically, HLR records static

user data like user telephone number, SIM card number, and current VLR area for

that user. VLR records temporary user location data and receives requests from the

authentication center for user authentication.

(6) Authentication center (AC): AC is the part in GSM that performs user authentication.

It communicates with MSC and VLR to validate the identity of a certain subscriber.

(7) Equipment identity register (EIR): EIR is a database that stores equipment-related

information. The main function of EIR is to supervise suspicious devices and track

lost devices. It is an optional part of GSM and is usually not implemented due to

high cost.

It can be noticed that BSS consists of BTS and BSC, and other parts constructed NSS. GSM

can only support circuit switching where a dedicated virtual line is constructed between two

subscribers. Time and frequency resources will be released only after their connection is

terminated. Later on, GPRS was proposed, which added elements into the network (gateway

GPRS support node (GGSN) and serving GPRS support node (SGSN)) to enable packet

switching. Specifically, SGSN is similar to MSC, which performs packet switching inside

one network, and GGSN interconnects different types of networks. The advantage of packet

switching is that resources are not reserved for communication between two subscribers,

which enhances the resource utilization efficiency compared with circuit switching.
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After the introduction of the GSM/GPRS network structure, we now move to the resource

allocation part for GSM/GPRS. Starting from GSM/GPRS, communication networks utilize

digital signals instead of analog signals, and a new type of network, packet-switched network,

is introduced. Different from the circuit-switched network, packet-switched networks do

not construct a communication line dedicated to two users and reserve resources for the

entire call. It is an IP-based network where messages are transmitted in the form of packets,

and for communication between two subscribers, each packet can be transmitted following

different paths. This enables a more efficient resource utilization of 2G compared with 1G.

However, this flexibility also introduces complexity in resource management, and a new type

of resource, network resource, is introduced. Note that in 2G, GSM is the circuit-switched

network, and GPRS is the packet-switched network. Additionally, 2G utilizes both time

division multiple access (TDMA) and FDMA, and the timeslot is also treated as a resource

that can be allocated. In summary, resources to be allocated in the GSM/GPRS network

can be categorized into two types, network resources and communication resources. The

components of each type are listed below.

(1) Network resources: Network resources include resources that are related to the

operation of the IP network. It consists of the IP address and the routing path. In

2G, IP version 4 (IPv4) is used, and each user needs to have their own IP address.

The IP address is considered a network resource and needs to be allocated before the

communication starts. Each path constructed between two routers/switches has a

capacity limit, and only a limited number of packets can be transmitted through it.

Network operators need to determine the path that each packet needs to follow, and

the collection of paths is referred to as the routing table. Thus, the routing path is

considered a network resource, and the routing table needs to be carefully designed

for the packet-switched network to function normally.

(2) Communication resources: The utilization of TDMA in the GSM/GPRS network

introduces an additional dimension in communication resource allocation: time. The

transmission timeline is divided into multiple timeslots, with the basic communic-

ation resource block defined by a combination of one timeslot and one frequency.

In 2G, DL and UL utilize different frequency bands, and the resource allocation for
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them is managed separately. This means that one subcarrier can utilize a particular

UL timeslot, and the corresponding timeslot in DL can be used by another subcarrier.

Additionally, in the previous section, we mentioned the HR and FR transmission

modes in GSM/GPRS. Users transmitting in HR mode can be paired together using

the active HR pairing to utilize the time resource more efficiently.

Similar to 1G, 2G utilizes static RRC strategies, where the allocation of both network resources

and communication resources is predefined at the design phase of the network. There are three

main reasons of using static RRC stratiges in 2G. Firstly, the processing capability of each

router/switch limited the implementation of high-complexity methods. Static RRC strategies

are known for their low implementation complexity and do not pose a burden for these

network devices. Secondly, the traffic patterns in 2G networks were relatively predictable, as

they primarily supported voice communication and simple data services. Finally, the total

allocable resources are limited. At that time, static RRC strategies are enough for managing

available resources in 2G and satisfying the requirements of users.

2.3 The Third Generation

After GSM/GPRS, the 3rd generation partnership project (3GPP) produced specifications for

the third generation (3G) in 1999 with the name of Universal Mobile Telecommunication

Network (UMTS). 3GPP was established in 1998 with the goal of producing technical

specifications for UMTS. There are many specifications for 3G from different organization

parties. Here, we present those proposed by 3GPP, which are widely accepted worldwide.

Release 99 is the first release of UMTS, which was published in March 2000. It is based on

the core network architecture of GSM/GPRS with a new air interface, utilizing the technology

of wideband code division multiple access (W-CDMA). Each release includes multiple

specifications, with each specification focusing on a different part of the telecommunication

system. Here, terminologies used in UMTS are shown in Table 2.1.



22 2 HISTORY

TABLE 2.1. Existing Learning-based Works

Terms Explanations
User equipment (UE) 3G system mobile terminal

Universal terrestrial radio access (UTRA/UTRAN) The radio access network for 3G
Radio network controller (RNC) The BSC for 3G

Node B The BTS for 3G
Circuit switched (CS) domain Corresponding to GSM
Packet switched (PS) domain Corresponding to GPRS
Packet data networks (PDN) PS-based network

Public switched telephone networks (PSTN) CS-based network

As UMTS reused the core network architecture of GSM/GPRS, which is introduced in the

previous subsection, the main difference lies in the access network. Fig. 2.3 compares the

UTRAN with GSM access network. It can be seen that all NEs in GSM/GPRS access

network were replaced with new NEs, and new interfaces are proposed to suit the specific

needs of UTRAN. Note that in the previous section, we separate the GSM network into two

subsystems. This does not mean that the access network (BSS) is separated from the core

network (NSS). In fact, the separation of the access network from the core network is achieved

in UMTS. This separation not only facilitates the integration and utilization of other advanced

radio access technologies but also enables the effective implementation and operation of

UTRAN. By decoupling these components, the system gains greater flexibility, allowing for

smoother transitions and compatibility with future advancements in wireless communication

technologies.

Another key distinction between UTRAN and GSM/GPRS is the partial separation of the

user plane and the control plane. The reason for partial separation is that this separation only

takes place in CN. In the access network, RNC handles control plane functions like mobility

management, resource allocation, and user plane data forwarding. In the CN, the control

signaling is handled by MSC for circuit-switched services and SGSN for packet-switched

services. User traffic is forwarded to GGSN for packet-switched services and MGW for

circuit-switched services. The partial separation limits the scalability as both planes are

processed through a central controller.
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FIGURE 2.3. RAN comparison between UMTS and GSM/GPRS network.

In 3G, the amount of data traffic significantly increased, which is different from GSM,

where speech-related traffic dominates the network. This shift from voice-dominant to data-

dominate networks brings significant challenges to static resource planning methods, and

the first attempt to allocate resources to users dynamically occurred. In UMTS, the major

changes compared with GSM/GPRS are

(1) The ability to support transmission data rate up to 384 kbps

(2) The core network of UMTS is able to support both GSM/GPRS and UMTS RAN

and the handover between GSM/GPRS and UMTS.

(3) Each subscriber may require bandwidth, and UMTS should be able to deliver the

required bandwidth to each subscriber.

(4) UMTS should be able to deliver services with required QoS requirements.

It can be seen that to achieve the requirement of the last two points, a certain degree of

dynamic resource allocation is needed. However, due to the limitation of the computing

capability of hardware devices, heuristic methods are proposed to perform resource allocation.

Specifically, some RRM algorithms are pre-configured in the network, and resource allocation
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decisions are calculated based on these algorithms. These algorithms usually categorize users

into different groups and allocate resources based on the defined allocation plan for that group.

Due to the low complexity requirements, these algorithms are usually very simple and cannot

cater to the varying network environments. Another difference in UMTS is the utilization of

WCDMA instead of FDNA/TDMA in GSM/GPRS. The features of WCDMA are listed as

follows.

(1) WCDMA can support higher transmission data rates compared with FDMA/TDMA.

Thus, a large bandwidth of 5MHz is utilized in UMTS compared with 200 Khz used

in GSM/GPRS.

(2) WCDMA utilizes only one frequency channel in theory.

(3) WCDMA utilizes RRM algorithms to control the overall quality of transmission.

(4) As the name suggested, different users utilize different codes to be separated from

each other. In GSM/GPRS, users are separated by timeslot or frequency channels.

It can be noticed from the features of WCDMA that the resource to be allocated in UMTS

is different from GSM/GPRS. Specifically, instead of allocating timeslots/channels to each

user, codes are considered as communication resources in UMTS and need to be allocated

to each user. In WCDMA, both scrambling and channelization codes need to be assigned

to each user to compensate for the spreading phenomenon. Another resource that needs

to be planned carefully is the transmission power of each user device. For WCDMA, the

frequency reuse factor is 1, fast power control with high-level accuracy is more crucial than

networks utilizing FDMA/TDMA. This is because all users in the same cell are using the

same frequency and transmitting at the same time; user devices located near the base station

can easily block other devices at the edge of the cell by overshooting them, leading to the

effect referred to as the blocking effect. Thus, for both upline and downline, fast power

control is required. One example gives a preview of how dynamic resource management is

performed in UMTS. For example, in the UL, the BS measures the power received from user

devices and calculates the SIR for that user. If the calculated value of SIR is larger than the

pre-configured threshold value, BS asks user devices to reduce their transmission power. It
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can be seen that this procedure can hardly be called as dynamic and a simple heuristic method

is utilized to perform resource management.

2.4 The Forth Generation

The main driving factor for proposing the fourth generation (4G) is similar to that of 3G:

the increasing number of users. This increase leads to an urgent need for larger system

capacity, and there are three commonly used ways to achieve this. Firstly, the size of cells

can be reduced to provide more network capacity. This is because the channel capacity in the

cellular network is calculated as the maximum data transmission rate achieved by a single

cell. By introducing more base stations and a smaller cell size, the total capacity of the

network can be increased. Secondly, system capacity can be increased by increasing the

allocated bandwidth managed by the International Telecommunication Union (ITU). However,

only a finite number of bands are available in 2G and 3G, and most of them have been

allocated to diverse applications like military usage. Additionally, the allocation of bandwidth

is time-consuming and has high operational costs. Finally, communication technologies can

be improved to support a larger system capacity. Specifically, new technology can help us to

get closer to the theoretical channel capacity and utilize higher frequency bands with larger

bandwidth. The third one is the main focus of 4G.

4G is also referred to as long-term evolution (LTE), and its development is also driven by

three other issues introduced by the design of 2G and 3G as follows.

(1) Both 2G and 3G operators need to manage and maintain two core networks: the

circuit-switched network and the packet-switched network. As mentioned in the

previous section, the circuit-switched network is for voice calls only, and the packet-

switched network is IP-based, which supports the transfer of data packets. However,

the development of technologies like voice over IP (VoIP) enables the transmission

of voice calls over the packet-switched network, and it is desirable to design a unified

network with only packet-switched ability to reduce capital and operational costs.
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FIGURE 2.4. Network architecture comparison between UMTS and LTE

(2) Both 2G and 3G focus on voice calls with very limited other services. In 3G,

the network-induced delay is about 100 milliseconds for data transmission, which

is acceptable for voice calls and other supplementary applications. However, for

applications like real-time interactive gaming, this delay is not acceptable. A network

with the ability to achieve lower delay is required to support emerging service types.

(3) The complexity of UMTS and GSM have both become over complex over the

years. This is because new features need to be added to the 2G and 3G networks,

and backward compatibility also needs to be achieved for both networks. 4G can

be considered as the new start and avoids the need to go through complicated

documentation to improve system performance.

With these motivations in mind, we can now move to the architecture of LTE. In the following,

we refer to 4G as LTE and 3G as UMTS. Fig. 2.4 shows the architecture comparison between

UMTS and LTE, with the left-hand side showing the architecture for UMTS and the right-

hand side for LTE. It can be noticed that in LTE, the evolved packet core (EPC) replaced

the previous CS and PS. Specifically, EPC utilizes only packet-switched technologies, and

the CS network has been discarded. EPC utilizes VoIP technology and transmits voice calls

over the PS network. Additionally, it can be noticed that the LTE utilizes evolved UTRAN
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(E-UTRAN) as its access network, which only consists of the eNodeB (eNB) and discarded

the centralized controller RNC. eNBs can directly communicate with each other through the

X1 interface and connect with EPC via the S1 interface. Originally, LTE only referred to the

architecture change of the access network, and that for the core network is named as system

architecture evolution (SAE). The combination of SAE and LTE is referred to as evolved

packet system (EPS). However, LTE is now commonly used as the colloquial name for 4G.

The requirements of LTE are to achieve a peak data transmission rate of 100 Mbps DL and

50 Mbps UL, to achieve a latency of around five milliseconds for time-critical applications,

to achieve optimal performance with the cell size of 5 km, to support degraded performance

with the cell size of 100 km, and to support speeds of up to 350 km power hour. As WCDMA

can only support data rates up to 14 Mbps DL and 5.7 Mbps UL, a new multiple access

scheme, referred to as orthogonal frequency-division multiple access (OFDMA), is utilized

in LTE to help achieve the desired peak data rates. OFDMA performs the same function

as other multiple access techniques, allowing the BS to communicate with multiple users

simultaneously. It is also utilized by other wireless networks like WLAN and WiMAX, which

is beyond the scope of this thesis. OFDMA is developed based on orthogonal frequency

division multiplexing (OFDM). OFDM separates a single data stream into multiple sub-

streams, with each transmitted at a different frequency. Here, one frequency for transmission

is referred to as a subcarrier in OFDM. OFDMA allows BS to allocate users to different

subcarriers at different timeslots, and each block is formulated by one timeslot, and one

frequency is referred to as one resource element. In OFDM, one resource unit is also called

an OFDM symbol. In LTE, the smallest unit for resource allocation is the resource block,

which is formulated by 7 consecutive timeslots and 12 consecutive subcarriers.

After introducing the technologies used in E-UTRAN, we then move to the EPC. Fig. 2.5

shows the architecture of EPC. We elaborate on each part of EPC in the following.

(1) Serving gateway (SGW): SGW is a router that performs the function of packet

forwarding between E-UTRAN and the PDN gateway. Usually, one LTE contains

many SGW, each has its own serving area, and each mobile is assigned to one SGW.

Handover occurs when mobile is moved far enough from the SGW.
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FIGURE 2.5. Network architecture of EPC

(2) Mobile management entity (MME): MME handles the control plane function like

session establishment and management, location update and monitoring, assigning

SGW to mobile, performing paging for mobiles, and monitoring current network

QoS. One MME connected with multiple SWG.

(3) Home subscriber server (HSS): HSS performs similar functions as that of HLR,

VLR, and AC in GSM/GPRS and UMTS. It stores mobile-related data, generates

and manages authentication vectors to be used by MME, interfaces with the policy

and charging rules function (PCRF) to provide subscriber-specific policies for data

session management and charging, and supports roaming.

(4) Package data network gateway (PGW): PGW performs the function of packet routing

between one PDN and another. It collects data related to charging and assigns IP

addresses to mobile devices.

It can be noticed in Fig. 2.5 that two interfaces between E-UTRAN and EPC exist. The one

connected to MME is S1-MME, which handles control plane information, and the other one

connected to SGW is S1-U, which handles the user plane data forwarding. It can be seen

that compared with UMTS, the full separation of the user plane and control plane is achieved

by removing the central control NE RNC. This complete separation enables the independent
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scaling of each plane and can move the user plane devices closer to the mobiles to allow

low-latency transmission. This separation also enhances network flexibility, enabling the

deployment of user plane devices in distributed locations to optimize resource utilization and

reduce backhaul congestion.

In 4G, three main changes occurred. Firstly, the circuit-switched network is completely

replaced by the packet-switched network. Previous voice data is transmitted over the packet-

switched network utilizing the VoIP technique. Secondly, the user plane and the control plane

are separate completely, and the user plane is brought closer to the user side. Finally, OFDM

has been introduced in 4G to enable the system to achieve high data rates. These three changes

enable the 4G network to serve the exploding number of users with high transmission data

rate requirements and to transfer multimedia information like voices, images, and videos. In

UMTS, two kinds of fading are caused by multipath propagation, time-dispersive fading and

frequency-selective fading, which exist during the transmission of wide-band wireless signals.

The capability of OFDM to transfer frequency-selective channels into independent flat-fading

channels can significantly reduce the multipath propagation of wireless signals, thus reducing

the two fadings mentioned above. In OFDM, two kinds of resources exist, like in GSM/GPRS,

but with a finer granularity: time and frequency. Each user can be allocated one timeslot and

one frequency channel (subcarrier), which is referred to as one resource element in OFDM.

Due to the implementation of OFDM, starting from LTE, one key issue that communication

systems must solve is the changing time-frequency channel status between users and BSs.

Specifically, the real dynamic resource allocation of time and frequency resources must be

performed in accordance with the channel status for both fast and slow-fading environments.

In LTE, the basic time-frequency allocation unit is referred to as a physical resource block

(PRB), where each PRB consists of multiple consecutive resource units. Specifically, it

consists of 180 kHz bandwidth and one timeslot (0.5 ms). By default, 180 kHz bandwidth is

separated into 12 subcarriers and 24 subcarriers when multimedia broadcast and multicast

service (MBMA) is utilized. This is because, normally, the frequency channel is set to 15

kHz, and it is set to 7.5 kHz when MBMA is utilized. Thus, the number of available PRB
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FIGURE 2.6. Development of resource allocation from 1G to 6G

depends on the allocated usable bandwidth. The size of this PRB is determined by several

factors. We summarize the reasons as follows.

(1) During one PRB, the time status of the channel remains unchanged. One way of

measuring the speed of the channel varies is by calculating the Doppler spread

encountered when the speed of the devices travels at around 300 to 350 km/h

under the carrier frequency of 2.7 GHz. The Doppler shift calculated under this

circumstance is around 750 Hz, corresponding to 1.33 ms, which is much larger than

0.5 ms. Thus, one timeslot in PBR is set to 0.5 ms.

(2) The channel over different frequencies in a PRB should stay constant and not even

vary at all under the worst-case delay spread conditions. Specifically, the worst-case

delay spread is around 512 timeslots, which, in the frequency domain, corresponds

to the main lobe of the sine wave with a width of around 120 kHz.

In conclusion, the allocation of time and frequency resources in LTE depends on the real-time

channel status to maximize the throughput. In the previous generation, the channel status is

not the main focus. As the channel significantly varies between timeslots, dynamic resource

allocation is a must. Additionally, as two types of fading environments exist, there are

two principles in performing resource allocation. Specifically, in a slow-fading environment,

frequencies are utilized by users with good signals. In a fast-fading environment, the frequency

channels are distributed among users. Fig. 2.6 shows the development of resource allocation

from 1G to 6G and beyond.



CHAPTER 3

Literature Review

In the previous section, we introduced the development of communication networks from 1G

to 5G and pointed out the importance of SAGIN in achieving the goals of future 6G networks.

We also mentioned that to utilize the advantages of 5G and SAGIN, an efficient resource

allocation scheme is essential. In the following, we will give a detailed literature review on

state-of-the-art resource allocation schemes for both 5G and SAGIN. Note that in SAGIN,

task offloading needs to be performed before the resource allocation. In the first section, we

give a literature review of both the 5G core network and the 5G RAN network. A table that

summarizes the goal, objective, and schemes used in each work is presented at the start of this

section. Next, we give a literature review of task offloading/resource allocation schemes in

SAGIN. These schemes are separated into optimization-based approaches and learning-based

approaches depending on whether DL/DRL is the main part of their proposed methods. One

table that summarizes the goal, objective, and schemes used in each work is presented at the

beginning of this section, and another one that summarizes the key features of learning-based

works is presented at the end of this section. This chapter is formulated with the goal of

presenting a comprehensive review of current works and pointing out the main driving factors

for our works.

3.1 Resource Allocation in 5G Terrestrial Network

5G terrestrial network plays an important role in modern communication networks to achieve

the goal of simultaneous satisfaction of distinct QoS requirements for emerging service types.

It leverages both new and well-developed technologies like NFV, SDN, and plane separation
31
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and can satisfy SLA for both delay stringent services and high transmission rate services. As

mentioned in the introduction, these advantages of 5G come with challenges, and one of the

most critical ones is resource allocation for 5G RAN network slicing. In this section, we will

give a literature review of strategies used for managing network slices in the 5G, with an

emphasis on RAN slicing, which is the main topic of Chapter 3. The table shows the summary

of all the works listed in this section.

TABLE 3.1. 5G Network Slicing Resource Allocation

Work Objective Goal Method Part

[50] Delay, intra-slice isolation Minimize delay Optimization-based approach CN

[51] UE association, resource alloc-

ation, slice management, and

VNF replacement

Perform signaling op-

timization

DQN CN

[52] User SLA optimization problem Enhance eMBB SLA

satisfaction level

Prioritized experience replay

and pointer network SFC map-

ping

CN

[53] Perform on-demand slice isola-

tion

Mitigate DDoS attacks Convex optimization CN

[54] Create and manage network

slices

Evaluate 5G system per-

formance

NFV, MIMO, OpenStack

Tacker, free5GC

CN

[55] Energy consumption Minimize delay and en-

ergy

Convex optimization RAN

[56] Latency minimization in re-

source allocation

Perform service-aware

baseband resource alloc-

ation

Convex optimization RAN

[57] Resource allocation for cross-

modal communications

Meet transmission re-

quirements

Optimization-based method RAN

[58] On-demand resource allocation

for URLLC and eMBB

Maximize performance

of URLLC services

Convex optimization RAN

[59] Find optimal frequency alloca-

tion

Minimize latency genetic algorithm RAN

[60] Joint resource allocation for

eMBB and URLLC service

Satisfy QoS require-

ments for both services

Optimziation-based approaches RAN

[61] Demand-aware resource alloca-

tion framework

Maximize SLA satisfac-

tion ratio and SE

GAN-DDQN RAN
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TABLE 3.1. 5G Network Slicing Resource Allocation (Continued)

Name Object Goal Method Part

[62] Demand-aware resource alloca-

tion framework

Maximize SLA satisfac-

tion ratio and SE

LSTM-A2C RAN

[63] QoS-aware RAN slicing

strategy

Maximize the weighted

sum of service QoS and

SE of slices

DQN RAN

[64] Communication, computing,

and caching (3C) resource

allocation

Maximize the utility of

the network

A2C-DDPG RAN

[65] Resource allocation and task

scheduling

Meet QoS requirements

of URLLC and eMBB

Layered DRL RAN

[66] Resource allocation considering

user QoS requirements

Maximize the utility DDPG RAN

[67] Frequency resource allocation Maximize spectral effi-

ciency

DQN RAN

[68] Resource allocation and routing

challenges

Maximize resource util-

ization

Multitask DRL with GCN RAN

3.1.1 5G CN Slicing

There are two challenges exist in 5G CN slicing: satisfaction of end-to-end delay of each

slice and intra-slice function isolation. Here, the intra-slice function isolation refers to the

principle that different VNFs of one slice should be hosted in different servers to avoid the

situation where the malfunction of one server impacts the whole slice. In [50], the authors

formulated a MINLP problem and proposed a model for 5G core network slicing that can

satisfy the end-to-end delay, intra-slice isolation, and finding the minimal delay path for slice

establishment. There are three issues considered in this work. The first one is intra-slice

isolation, which means the isolation of a single slice for VNF. Note that in this work, the

authors do not take into account inter-slice isolation, which includes the high availability of

design, physical isolation of different slices, and hardware and virtual machine-level isolation.

The second one is the end-to-end delay. 5G network is known for its support for various

real-time applications, and it is important to consider the end-to-end delay in performing 5G
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core network slicing. Finally, this work highlights the problem of slice allocation in 5G core

network by investigating different VNF placement approaches and finding the minimum delay

path.

In [51], the authors proposed a joint UE association, resource allocation, slice management,

and VNF replacement problem (TROCH) and utilized Dijkstra’s algorithm together with the

deep Q-learning network (DQN) to solve this problem. They proposed an end-to-end network

slicing scheme where the number of slices and network functions dynamically change in

accordance with a current number of users and their corresponding QoS requirements. The

goal of this paper is to provide insight into the development of future-generation commu-

nication networks by performing signaling optimization of the core network. The proposed

TROCH is a MINLP problem, and they decomposed it into two sub-problems: the link

assignment problem and the ASSAIL problem. Specifically, the link assignment problem is

solved by Dijkstra’s algorithm, given the solution for the ASSAIL. These two problems are

solved alternately until convergence. It is considered as converged if the difference of two

consecutive solutions is within a predefined range.

In [52], the authors proposed a double DQN integrated with prioritized experience replay and

pointer network SFC mapping method to solve the user service satisfaction level optimization

problem. The authors introduced an end-to-end network slicing architecture with the goal of

satisfying end-to-end service level agreements (SLA). This framework considers the upper-

layer cross-domain orchestrator coordination problem and incorporates several subordinate

domain controllers. They designed two latency equalization policies for this upper layer, and

for the lower layer, they split the latency budget. The performance of their proposed method is

validated by performing the joint optimization of improving the enhanced mobile broadband

(eMBB) SLA level of satisfaction and, in the meantime, maximizing the accepted number

of users in the network. They also introduced service satisfaction level (SSL) parameters

to measure the performance and perform tradeoffs between optimizing user experience and

accepting as many users as possible.

In [53], the authors proposed a mathematical model that can perform on-demand slice

isolation with the constraint of end-to-end delay of 5G core network. This is considered as the
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solution for mitigating the distributed denial-of-service (DDoS) attacks in 5G core network.

Specifically, in traditional communication networks, DDoS can only affect services that are

targeted,d and other services have low risk to be affected as they use different hardware.

However, in 5G, the implementation of NFV makes it possible for multiple services to use

a shared physical infrastructure. Thus, DDoS will have a more severe impact on 5G than

on other networks. To mitigate this problem, slice isolation is very important. Instead of

using traditional hardware isolation for slice isolation, the authors proposed the utilization

of slice resource isolation to counter DDoS attacks. Additionally, the proposed solution

considers both inter-slice and intra-slice isolation, with a guarantee of end-to-end delay to

satisfy requirements of delay-sensitive services.

In [54], the authors leveraged open source software OpenStack Tacker and NCTU free5GC

to create and manage network slices and compared multiple network slicing schemes. They

also proposed two 5G core network slicing models utilizing technologies like NFV and

management and orchestration (MAMO), one based on multiple network slicing models and

another based on one-size-fits-all architecture. The main goal of this work is to evaluate how

the changes in the architecture affect the 5G system performance. The experiment results

show that the one based on the multiple network slicing model performs better than the

one-size-fits-all design in terms of resource utilization and end-to-end latency with the same

total available virtual and physical resources.

3.1.2 5G RAN Slicing

In this subsection, we consider the resource allocation strategies for RAN slicing. Many

approaches have been proposed in this field, which mainly focus on solving one-shot resource

allocation problems. Specifically, the one-shot resource allocation problem only considers the

current timestep network status (e.g., current task status) and ignores the long-term system

performance and correlations among allocation decisions for different timesteps. These

approaches can be further classified as optimization-based and learning-based.
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3.1.2.1 Optimized-based approaches

For the optimization-based approaches, in [55], the authors aim to minimize the end-to-end

energy consumption in RAN slicing and propose a joint delay and energy consumption model

for each slice. The proposed model takes into account the latency and energy consumption

for three sites: the radio site, the transport site, and the cloud site of RAN. They proposed to

solve a non-convex resource allocation problem by relaxing it using quadratic programming

techniques into a convex one. It is then solved by a convex problem solver. The solution

of this problem gives the communication and computation resources allocation for each

slice. Additionally, in this work, how the 5G numerology will impact the resource allocation

strategies and the minimization of energy consumption is investigated. It is validated that

a trade-off between latency and energy consumption can be achieved by leveraging mixed

numerology.

In [56], an iterative algorithm is proposed to minimize the end-to-end delays with fronthaul

capacity-related constraints. In this work, the authors focus on resource allocation for the next

RAN generation, open RAN (O-RAN), which can provide more flexibility with lower costs

compared with the currently deployed RAN. The goal is to perform service-aware baseband

resource allocation and investigate the activation procedure of VNF in O-RAN. Resources for

optimization include the O-RAN radio unit, physical resource block, and transmission power.

As it is np-hard to directly solve the original MINLP problem, the authors separated this

problem into two subproblems and solve them alternately until convergence. Specifically, one

subproblem is for resource allocation, and the other is for radio unit association. Additionally,

to check the complexity of this method, the authors give a detailed analysis of the complexity

and also analyze the feasibility region of its proposed problem, and another algorithm is

proposed to fast-track this region.

In [57], a scheme that integrates network slicing and puncturing is proposed to perform

efficient transmission resource allocation for cross-modal communications with audio-visual

and tactile signals. The authors proposed a joint transmission scheme for different signals to

solve the proposed resource allocation problem, where both networking slicing and puncturing
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architecture are utilized in this scheme. With the implementation of two architectures, a more

flexible resource allocation can be performed with the benefit of lower resource waist. As the

puncturing system will bring some limitations to users, like missing content, the optimization

problem is formulated to mitigate this problem. Specifically, the problem is formulated with

the goal of meeting the transmission requirements of two types of signals and considering the

transmission rate requirement and reliability requirement. The original problem is divided

into two subproblems, one for video traffic resource allocation and another for puncturing

tactile traffic. The first problem is solved using a channel-matching algorithm, and the second

is solved by a puncturing resource allocation algorithm.

In [58], a modified version of the sparrow search is proposed to solve the resource allocation

problem. The goal is to maximize the number of URLLC services supported by the gNB

while satisfying eMBB service requirements. Specifically, the authors proposed a URLLC

preemptive strategy that changes the arrival of URLLC services from just occupying one

punctured resource (even allocation) to occupying resources for multiple mini-slots (uneven

allocation). The reason behind this is that when the number of URLLC services becomes

larger, the previous even allocation will result in some URLLC users not being supported

while some improperly inserted into eMBB streams, interrupting eMBB services. Using an

uneven multiple mini-slots preemptive strategy can solve this problem with less data rate

loss for each user and can support more URLLC services. The problem is then formulated

considering both the delay requirement of URLLC services and the influence of punctuation

on eMBB services. The resource allocation of URLLC is performed on demand.

The authors in [59] utilized the genetic algorithm in finding the optimal frequency allocation

in vehicular Ad-Hoc networks. It is designed to suit the needs of both mission-critical and

best-effort traffic. In this work, a network slicing framework utilizing technologies like

SDN, NFV, and edge computing is proposed to satisfy end-to-end QoS requirements for

services in 5G VANETs. In this work, network slices are divided into mission-critical slices

and non-critical slices. Mission-critical slice focuses on meeting ultra-reliability and low

latency requirements of mission-critical applications like remote surgery. In this scenario, the

virtual machines (VMs) are located at the edge cloud (EC), and the allocation of the slices is
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performed on demand. Non-critical slice performs resource allocation in a best-effort manner,

and VMs remain in a centralized cloud. Note that some functions that need to be performed

by end-user devices are also placed in EC.

In [60], the authors considered the joint resource allocation for eMBB and URLLC service,

and QoS requirements for both services are considered with priorities. They proposed a joint

eMBB/URLLC scheduling problem and incorporated multiple models that can describe the

relationship between eMBB rate loss caused by the puncturing of URLLC. Specifically, in

the linear model, the rate loss of eMBB is proportional to the number of punctured timeslots.

Under this model, the URLLC traffic can be uniformly distributed across every timeslot, and

the eMBB traffic can be scheduled using the greedy method despite the non-linearity of their

utility function. Another model is the convex model, which can represent a more general

setting compared with a linear model. Under this model, the optimal allocation decision is

hard to find. The authors simplified this problem into a mini slot-homogeneous scheduling

problem where the URLLC allocation policy stays unchanged across mini slots.

However, these approaches require a large number of iterations to solve the resource allocation

problem with high computational complexity. This prevents the online deployment of these

methods. Additionally, these approaches need to solve the formulated problem again once

the network parameters change (e.g., channel state information), leading to prohibitory high

computational complexity and preventing the adaption of these approaches to the changing

network environment.

3.1.2.2 Learning-based approches

For learning-based approaches, the authors in [61] proposed a demand-aware resource alloca-

tion framework with all base stations sharing the same total frequency and time resources.

A modified version of deep distributional Q-network (DDQN), referred to as generative

adversarial DDQN (GAN-DDQN), is utilized to solve the communication and computational

resources allocation problem in RAN slicing. In GAN-DDQN, the generator network learns

the distribution of action values by producing a dedicated number of particles. This design

enabled GAN-DDQN to avoid the large variance induced by the varying network environment.
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Additionally, the training process of GAN-DDQN is analyzed with the conclusion that the

widely used system utility values will introduce unstable parameter updating. To concur with

this problem, the reward-clipping algorithm is used where the initial system utility values are

clipped into a set of constant values with adjustable thresholds. Furthermore, to mitigate the

limitation of GAN-DDQN where only a small portion of particles can be generated, a dueling

GAN-DDQN is proposed that is based on dueling DQN and discrete normalized advantage

functions algorithm. Specifically, dueling GAN-DDQN distinguishes between state-value

distributions and action-value distributions and introduces an advantage function to mitigate

the varying network.

In [62], the authors proposed a demand-aware inter-slice resource allocation scheme where

BSs share the same frequency and time resources. They integrated twin action critic (A2C)

with long-short-term memory (LSTM), referred to as LSTM-A2C, in solving the RAN inter-

slice resource management problem. The goal is to maximize the utility function, which is

designed as the weighted sum of spectrum efficiency (SE) and SLA SSR, by provisioning

available bandwidth for each slice. To avoid invalid allocation decisions, the minimum

allocated bandwidth per slice is predefined as hyperparameters, and the allocated bandwidth

must be an integer multiple of the minimum bandwidth. Additionally, in this network, the

request patterns of user equipment (UE) dynamically, and the location of the UE also changes

overtime. The temporal correlation of the requests is captured using LSTM, where the state is

defined as a set of vectors where each entity represents the number of arrived packets for a

certain time window.

In [63], the authors proposed a QoS-aware RAN slicing strategy with the goal of maximizing

the weighted sum of service QoS and SE of slices. This strategy consists of multiple granular-

ity of frequency resources and time to capture the dynamically changing network conditions.

It contains two control layers, the upper-level controller and lower-level control, to focus

on different degrees of granularity. The upper-level controller performs slice provisioning

by constraining the total achievable data rate of all users in each slice, with the goal of

maximizing SE. The lower-level controller controls the allocated resources to each user at a

small timescale with the constraint obtained from the upper level. Thus, the configuration
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decision made by the upper level will have a significant influence on the lower level. Also,

the performance of the lower level at the current time step will influence the decision-making

of the upper level in the next step. For conventional RL methods, it is hard to capture this

kind of correlation. Thus, the authors integrated DQN with DDPG and proposed a multi-layer

resource allocation scheme. Specifically, the lower-level control policy is generated based on

DDPG and the upper-level control is performed by DQN.

In [64], a modified version of A2C-DDPG is proposed to solve the communication, computing,

and caching (3C) allocation in RAN slicing. The authors proposed a framework that combines

network slicing with multi-access edge computing, referred to as multi-access network slicing,

and proposed a two-level resource allocation problem based on this framework. The main

objective of the problem is to maximize the utility of the network and guarantee QoS’s

satisfaction with each service. The unique feature of this work is the utilization of twin actors

to generate both slice-level and user-level continuous actions. The slice-level action refers to

the resource allocation decisions of frequency, computing, and caching resources for each

slice, and the user-level refers to that for each user. To achieve the goal, the reward function

of A2C-DDPG is designed as the weighted sum of system utility, the difference between slice

maximum service delay and the delay threshold for not satisfying its QoS requirement, the

delay requirements related to content downloading, and the throughput requirements.

In [65], the authors proposed a joint resource allocation and task scheduling framework for

the 5G Internet of Vehicles (IoV) network. The problem is formulated considering both

inter-slice and inter-slice decision-making procedures, and the distinct features of two types

of services, URLLC and eMBBS, are included in the formulation. In accordance with service

types, network slices are divided into URLLC slices and eMBB slices. A heterogeneous

Markov decision-making process (HMDP) is proposed to model the decision-making process,

which consists of two layers. The utilization of two-layer HMDP significantly reduces the

size of the action space and enables the separation of the original MDP problem into two sub-

MDP problems: upper-layer MDP and lower-layer MDP. The upper-layer MDP models the

inter-slice resource allocation and the lower-layer MDP is designed to account for intra-slice
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task scheduling. To tackle these two subproblems, a layered DRL method is proposed, which

contains three agents: one for upper-layer resource allocation and two for task scheduling.

In [66], a recurrent DDPG is proposed to cater to the end-to-end resource allocation con-

sidering user QoS requirements. The formulated problem takes into account dynamically

changing user demands and the CSI uncertainties. Specifically, CSI uncertainties are caused

by the random movement of the user and can significantly degrade the resource allocation

performance if no countermeasures are deployed. The objective of this problem is to maxim-

ize the utility, which is defined as the difference between cost and revenue. Network slices

are divided into eMBB slice, URLLC slice and mMTC slice, where eMBB slice represents

services with high transmission data rate requirements, URLLC slice represents services with

stringent latency requirements, and mMTC slice represents services with massive connection

requirements. In this work, the main focus is the eMBB slice. Resources to be allocated

include the number of subchannels in RAN, computing-related resources (CPU/RAM), and

caching-related resources (storage).

In [67], a modified version of Q-learning is proposed to perform frequency resource allocation

in a smart grid network. The goal is to maximize spectral efficiency while considering different

user QoS requirements. Also, the authors classified power services into two types: elastic and

real-time services, and two utility functions are proposed to model each type. According to the

service types, network slices are divided into elastic slices and real-time slices. For the elastic

services, no minimum bandwidth requirement exists due to its loose latency requirements.

Services like distributed power and video surveillance can be categorized into elastic services.

For real-time services, the guarantee that the network provides the lowest level of performance

is essential, which is caused by their stringent latency requirements. Services like emergency

communication and remote surgery can be categorized into real-time services.

Authors in [68] propose a multitask DRL method enhanced by GCN to solve resource

allocation and routing challenges in C-RAN. The authors have proposed a framework for

network slicing and routing, trying to unify network management and control. Unlike the

traditional methods of slicing and routing separately, this approach dynamically allocates the

resources and selects the optimal routes in real-time. It uses a differentiable pooling-based
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GCN to capture the topological information of graph-structured network states for efficient

policy generation in the multitask DRL model. The multitask DRL model divides the problem

into parallel tasks: one for slicing and multiple for routing across network slices. The division

reduces the action space while improving decision-making efficiency. Each task uses a shared

structure in the DRL model, capturing a relationship between tasks and maximizing resource

utilization. The model should be trained in an SDN controller that allows real deployment

and monitoring in real time.

However, these approaches have the following limitations. 1) A common distribution like

Poisson distribution is used to model the arrival process of user requests. In the real world,

the arrival process for different types of user requests should be different. 2) DRL-based

approaches can only generate discrete or continuous action and not both. The resource

allocation problem are usually formulated as a mixed integer nonlinear programming problem

(MINLP) and contains both discrete and continuous variables. Thus, DRL-based approaches

need to separate/relax the original problem, which leads to system performance loss.

3.2 Task Offloading and Resource Allocation in SAGIN

SAGIN has been recognized as the key solution for 6G to achieve seamless global connection

and satisfy the high availability requirement of telecommunication systems in disasters.

SAGIN is a heterogeneous networking model that interconnects the space, air, and ground

segments and can utilize communication/computing resources from all three layers. Recently,

there has been a surge in the deployment of satellites; hence, abundant computational resources

are present in the space segment, which can help alleviate current resource constraints. As

mentioned in the introduction, one of the most important tasks for the integration of space, air,

and ground segments in SAGIN is finding efficient task offloading and resource allocation.

Many approaches have been proposed to solve the resource allocation and task offloading

problem in SAGIN. They can be classified into optimization-based approaches and learning-

based approaches. In the following, we present detailed research on current state-of-the-art
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task offloading/resource allocation strategies for SAGIN. Table 3.2 summarizes all the works

listed in this section.

TABLE 3.2. SAGIN Task Offloading and Resource Allocation

Work Objective Goal Method

[69] Distributed task offloading decision-

making scheme

Minimize delay and energy con-

sumption

Optimization-based approach

[70] Task offloading decisions from ter-

restrial to space

minimize the total energy con-

sumption of IoT devices

Sequential fractional program-

ming and Lagrangian dual de-

composition

[71] Task offloading and communica-

tion/computation resource allocation

Minimize energy consumption AO

[72] Task offloading decisions in MEC-

enabled SAGIN

Minimize the user-experienced

latency

BSUM

[73] association control, comput-

ing/frequency/transmission power

allocation, and UAV deployment

optimization

Minimize the maximum compu-

tation delay

BCD, SAC, and AO

[74] Joint UAV trajectory planning resource

allocation and task offloading

Minimize the energy consump-

tion

BSUM

[75] Task offloading for space/aerial-aided

MEC network

Minimize long-term task com-

pletion delays

BnB and Lyapunov optimization

[76] Task offloading and power control

scheme

11 Optimization-based approaches

[77] User scheduling, partial offloading de-

cisions, computational resource and

bandwidth allocation, and UAV traject-

ory planning

Minimize weighted energy con-

sumption of ground users and

UAVs

AO

[78] UAV trajectory planning, resource alloc-

ation, and task offloading

Maximize energy efficiency AO, SAC, and Dinkelbach al-

gorithm

[79] Frequency and transmission power alloc-

ation for

Maximize energy efficiency Lagrange dual

[80] Hybrid centralized and decentralized

learning

Minimize the total learning cost DQN

[81] VMs computing resource allocation and

task offloading

Minimize delay DQN

[82] Offloading decisions for multiple tasks Minimize latency A-PPO
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TABLE 3.2. SAGIN Task Offloading and Resource Allocation (Continued)

Name Object Goal Method

[83] Resource allocation and task offloading Minimize rental prices Attention-enabled multi-agent

PPO

[84] Task offloading for SAGIVN Maximize the number of tasks

completed

DQN and convex optimization

[43] Task offloading/resource allocation for

cloud/edge SAGIN

Minimize energy consumption

and latency

Collaborative multi-agent DRL

[85] Traffic offloading Minimize the delay of all pack-

ets

DFSAC

[86] Task offloading in SAGIN vehicular net-

works

Minimize latency and energy

consumption

Multi-agent DRL

[87] Task offloading computational collabor-

ation scheme

Minimize delay and maximize

the number of completed tasks

DDPG

[88] Task offloading/resource allocation with

energy harvesting

Optimize system efficiency PPO

For optimization-based approaches, in [69], the authors proposed a distributed decision-

making scheme where Lyapunov optimization is used to divide the main problem into several

sub-problems that can be solved by each satellite. The goal of this work is to minimize the

weighted sum of delay and energy consumption by performing multi-hop task offloading and

resource allocation. Specifically, the muti-hop task offloading refers to the offloading process

where the offloading is performed along multi-hop paths. This can utilize the available

resources for multiple satellites simultaneously. Note that this work does not consider

services with stringent latency requirements. The authors formulated a multi-hop satellite

peer offloading problem that takes into account the uncertainty of future workloads.

In [70], the authors proposed to use sequential fractional programming and Lagrangian

dual decomposition to solve the computation offloading problem and minimize the total

energy consumption of IoT devices. The proposed framework consists of the LEO satellites

and remote internet-of-things (IoT) mobile devices (IMDs), where IMDs are incorporated

with terrestrial-satellite terminals and can directly communicate with LEOs. The authors

formulated the task offloading process into two stages with the goal of minimizing the total
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energy consumption of all IMDs. According to the two-stage task offloading, the formulated

problem is divided into two layers, where the lower layer is solved by sequential fractional

programming with the goal of minimizing the latency encountered in the space segment,

and the higher layer utilizes Lagrangian dual decomposition and is solved using convex

optimization approaches.

In [71], the authors proposed to use the alternating optimization (AO) method to decom-

pose the problem with the goal of minimizing the energy consumption of LEO into two

sub-problems. These sub-problems are then solved by low-complexity iterative algorithms.

However, these works only focus on space and terrestrial segments and no air segment is

considered. In [72], the authors proposed to use the block successive upper-bound minimiza-

tion (BSUM) method to find the optimal offloading decisions in MEC-enabled SAGIN. The

goal is to minimize the user-experienced latency while considering the energy consumption

constraint for UAV and LEO.

In [73], the authors exploited block coordinate descent (BCD) and successive convex ap-

proximation (SAC) and proposed to use AO to solve the joint UAV position optimization

and resource allocation task offloading problem in SAGIN. The authors proposed an edge

and cloud computing-assisted SAGIN framework where UAVs are edge servers that receive

tasks from IoT devices and LEOs are relay platforms to transmit tasks to a cloud server.

The proposed problem is a min-max problem with the goal of minimizing the maximum

computation delay for all IoT devices. Specifically, it takes into account the scheduling for as-

sociation control, computing/frequency/transmission power allocation, and UAV deployment

optimization.

In [74], the authors proposed to use BSUM to solve the problem of joint UAV trajectory

planning resource allocation and task offloading problem. The goal is to minimize the energy

consumption of both IoT devices and UAV. In [75], an offloading scheme for space/aerial-aided

MEC network is proposed, where Lyapunov optimization together with branch-and-bound

(BnB) are employed to decompose the long-term problem into per-slot one. In this work,

both LEO satellites and ground users can generate tasks and offload these tasks to space/air

segments. Additionally, LEO can offload their tasks either to one-hop away air/space segments
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or multi-hops away cloud computing centers. The problem is formulated with the goal of

minimizing long-term task completion delays for both LEO and ground users, considering

the dynamically changing SAGIN environment.

Authors in [76] proposed a joint task offloading and power control scheme, where task

offloading is determined using an approximation algorithm with fixed power allocation, and

the optimal power allocation is obtained by solving a closed-form optimization problem.

In [77], an alternating optimization approach is proposed where four sub-problems—user

scheduling, partial offloading decisions, computational resource and bandwidth allocation,

and UAV trajectory planning—are solved alternately until convergence. The goal of this work

is to minimize the power consumption of ground users (GU) and UAVs, and the objective

function is formulated as the weighted sum of GU power consumption and UAV power

consumption. In this work, each UAV integrates an MEC server and can perform edge

computing, and LEO serves as a relay node that GU can offload their tasks to cloud servers

through multi-hop LEO communications. The problem is formulated as a non-convex MINLP

problem, with feasibility verification and admission control integrated for overloaded network

scenarios.

In [78], the authors incorporated an alternating optimization (AO)-based method, Dinkelbach

algorithm, and successive convex approximation (SAC) to maximize energy efficiency and

optimize UAV trajectory, resource allocation, and task offloading in SAGIN. They proposed a

caching/MEC-assisted SAGIN framework for satisfying the requirements of extended reality-

enabled IoT (XRI) applications. In this work, UAV is the air segment, and LEO is the space

segment, each equipped with catching devices and MEC servers. To efficiently model the

characteristics of XRI, four offloading procedures are considered in this work in accordance

with the type of information (shared or private). For private data, it can only be offloaded to

UAV/LEO and the shared data can be offloaded to LEO considering the caching status.

In [79], the authors proposed a matching game and Lagrange dual method to solve the

energy maximization problem under the NOMA-enabled SAGIN IoT networks. In this work,

Ldatellite serves as a relay platform to achieve a wide range of coverage, and UAV provides
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dedicated coverage support for a small area. The problem is formulated as MINLP problem

and divided into two subproblems, which are solved alternatively until final convergence. The

EE is maximized by allocating frequency resources and transmission power to UAVs.

However, these approaches separate their formulated problems into multiple sub-problems

and solve these sub-problems alternatively, which leads to performance loss. Furthermore,

these approaches need to resolve their formulated problems when the SAGIN environment

changes, leading to high computational complexity and low system scalability.

For learning-based approaches, in [80], the authors proposed a hybrid centralized and de-

centralized deep-Q network (DQN) method to minimize the total learning cost of the whole

system in a cloud server-equipped satellite network. The proposed method can utilize the

advantages of both centralized and decentralized learning, where distributed training is used

when the long-distance transmission needs to be avoided, and centralized training is used

when the transmission cost is low. In this work, the implementation of MEC in SAGIN

and the combination of cost for transmission and processing are considered, which is a rare

combination that can be found in other works. Also, the authors proposed mathematical

models for the cost of three scenarios, distributed learning, centralized learning, and the

combination of both, which takes into account exceptions of the 6G network.

In [81], the authors proposed a SAGIN model that integrates edge/cloud computing architec-

ture to perform onboard task processing with the constraint of energy consumption and total

available computing/communication resources. In this framework, only UAVs implemented

MEC servers and can serve as edge nodes to process tasks. Satellites served as relay platforms

to provide connections to a cloud server, which enables the offloading of tasks to the cloud.

The goal of this paper is to minimize delay by allocating computing resources to virtual

machines (VMs) and performing task offloading to edge/cloud servers. This problem is

divided into two layers, where the lower layer is the task offloading/resource allocation for

UAV edge servers only, and the upper layer is the task offloading/resource allocation for the

whole SAGIN network. The former is formulated as a MILP problem, which is solved using

a heuristic method, and the decision-making process for the latter is formulated as MDP, and

DQN is proposed to solve this problem.



48 3 LITERATURE REVIEW

In [82], the authors proposed an attention-enabled proximal policy optimization (A-PPO)

method to generate offloading decisions. This paper utilized UAV to collect tasks from IoT

devices and perform the task offloading. Therefore, only air and space segments are considered.

This work focuses on making offloading decisions for multiple tasks at the same time. These

tasks are organized in a directed adjacency graph (DAG), where lower-priority tasks serve

as the child node of higher-priority tasks for enabling the linear transformation of two-

dimensional DAG. The proposed A-PPO utilizes advanced optimization and approximation

techniques. It utilizes the first-order approximation and a simplified version of the surrogate

objective function for the training of GRU-based RNN. Additionally, the adaptation of GRU-

based RNN, which is an architecture that has proven to have good performance in handling

sequential dependencies and complex temporal dynamics, can boost the performance of A-

PPO by providing more accurate extracted features. Furthermore, the introduction of attention

mechanisms enhances the model’s ability to focus on critical task features and dependencies,

which can improve task offloading/ resource allocation performance.

In [83], the authors separated the main problem into two subproblems, namely the resource

allocation subproblem and the task offloading subproblem. An attention-enabled multi-

agent PPO is proposed to solve the task offloading subproblem, and the resource allocation

subproblem is relaxed into a convex problem and solved by convex optimization methods.

The goal of this work is to minimize rental prices, and the problem is formulated as a MINLP

problem. In [84], the authors proposed a slicing-based task offloading framework for the

space-air-ground integrated vehicular network (SAGIVN) with dynamically changing slicing

window length. Specifically, deep DQN is used to solve the task scheduling problem, a convex

optimization method is used to solve the resource allocation problem, and a heuristic method

is used to adjust the slicing window length. The goal of this work is to maximize the number

of tasks completed.

In [43], the authors proposed a collaborative multi-agent DRL method to solve the task

offloading and resource allocation problem in SAGIN. In this work, cloud/edge servers

enabled SAGIN is considered where UAV is utilized as the air segments. The goal of this
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work is to reduce energy consumption and latency. Here, tasks can only be generated by

ground users and the correlation between tasks is molded as DAGs.

In [85], a differentiated federated reinforcement learning (DFRL) method is proposed to solve

the traffic offloading problem in SAGIN. Specifically, multiple agents are utilized in this work,

where each agent generates one specific traffic offloading policy. As the characteristics of

each region in SAGIN are different, the problem is formulated as a decentralized partially

observable MDP (DEC-POMDP), and DFRL is proposed to solve this problem. The DRL

method used in DFRL is soft actor-critic (SAC), which is known for its ability to encourage

exploration by adding an entropy term. The reward for DFRL is formulated as the weighted

sum of network packet delay of all tasks in the network, and a joint target network of all

agents is proposed, referred to as the global trend model. In this work, the air segment is

constructed by UAV, and the space segment consists of two layers, the LEO and geostationary

earth orbit satellites (GEO). The trajectory of UE is predefined as circular motion/random

movement, and both LEO/GEO serve as relay nodes to forward tasks to cloud servers.

In [86], the authors integrate digital twin technology into SAGIN to address the difficulties

of task offloading in vehicular networks (VN). Furthermore, a multi-agent DRL method is

proposed to provide online task offloading decisions under several network constraints. The

authors proposed a framework that combines digital twin (DT) with SAGIN with the objective

of supporting URLLC in VN. The DT-SAGIN consists of two layers, the terrestrial digital

twin layer and the non-terrestrial digital twin layer, both layers are formed in the cloud with

high deployment flexibility. The goal of this work is to minimize latency and reduce energy

consumption by performing task offloading and resource allocation with the constraint of total

available resources and edge processing requirements. In this work, partial task offloading is

performed, where each task can be offloaded to multiple LEOs/UAVs.

In [87], a dependent task offloading computational collaboration scheme based on deep

deterministic policy gradient (DDPG) is proposed to solve the resource allocation problem

in SAGIN with the consideration of task dependencies. This framework is formulated

considering the distinct quality of experience (QoE) for different users, where the air segment

is constructed by UAV and the space segment by LEO. Both UAV and LEO integrate MEC and
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have the ability to process tasks offloaded from ground users. In this work, task dependencies

are molded by DAG, and the SDN controller is utilized to control the process of multi-

application migration. The goal is to minimize the delay of all tasks and maximize the number

of completed tasks.

In [88], the authors formulated a task offloading and resource allocation problem considering

energy harvesting and utilized proximal policy optimization (PPO) to solve this problem.

Specifically, this work focuses on the utilization of SAGIN in solving the challenges faced

in smart city deployments, like large-scale stable connection requirements and high energy

consumption caused by rapid information exchange. SAGIN also integrates MEC with the

goal of optimizing system efficiency. This network consists of three tires: the ground tier

constructed by user devices (UDs), the air tier constructed by UAVs, and the space tile

constructed by satellites. Both UDs and UAVs can generate computational tasks, and these

tasks can be offloaded to UAVs and satellites for processing.

However, these DRL-based approaches have several limitations. Firstly, work [43, 85, 86, 88]

does not take into account the correlation between tasks, which limits the type of services

covered. In the work [87], task dependency is considered, but the graphical structural

information is not explored, and only task offloading decisions are provided. Secondly, none

of these methods account for the inherent topological structure of the SAGIN states. Since

graph neural networks perform better with graph-structured data compared to MLPs, these

methods are inefficient at capturing features in the SAGIN environment due to their reliance

on MLP-based DRL. This results in slow convergence and performance degradation in terms

of minimizing latency. Lastly, all these methods generate discrete and continuous actions

separately. Specifically, they either separate the problem into two subproblems or generate

one type of action at each agent, which leads to potential performance loss. Furthermore, the

size of the discrete action space usually grows exponentially with the number of segments,

none of the above methods provide a solution for decreasing the size of the action space to

improve system scalability. Table3.3 shows the main focus of these learning-based works.
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TABLE 3.3. Existing Learning-based Works

[43] [85] [86] [87] [88] [80] [82] [83] [81] [84] [89]
Task dependency ✓ ✓ ✓
Task graph ✓ ✓ ✓
UE-HAPS/UAV-LEO graph ✓ ✓
Graph fusion
Hybrid action space ✓ ✓ ✓ ✓ ✓
Variable number of UE/HAPS/LEO
Sequential decision-making problem ✓ ✓ ✓

3.3 Conclusion

For both 5G and SAGIN, state-of-the-art approaches have many limitations. These limitations

can be categorized into two types: DRL-originated limitations and system model-originated

limitations. Specifically, DRL-originated limitations include

(1) DRL approaches cannot handle long-term constraints.

(2) DRL approaches cannot generate both discrete and continuous actions in an end-to-

end manner.

(3) DRL approaches cannot maintain performance when the difference between the

testing and training environment is large.

(4) DRL approaches cannot adapt to changing dimensions of output actions.

To mitigate these limitations, state-of-the-art DRL approaches need to be modified. The

system model-originated problems are

(1) The system model does not consider different distributions for different types of

services.

(2) The system model is not comprehensive enough.

(3) The service types included in the system model are very limited.

(4) The system model is oversimplified and cannot reflect real work scenarios.

to mitigate these system model-originated limitations, a system model that can reflect real

work scenarios needs to be formulated.
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In the following Chapters 4, 5, and 6, we present three works that try to mitigate all these

limitations mentioned above. To solve the DRL-originated limitations, we integrate additional

elements into DRL approaches. Specifically, in Chapter 4, we integrate Lyapunov optimization

into DRL to address long-term constraints. In Chapter 5, meta-learning is integrated into DRL

to mitigate the difference between the testing and training environment. In Chapter 6, the

reincarnating technique is utilized to reduce the training complexity of DRL approaches. To

solve the system model-originated limitations, we proposed a more comprehensive system

model compared with state-of-the-art models in each chapter.



CHAPTER 4

Resource allocation for network slicing in 5G network

In this chapter, we present the resource allocation strategy referred to as PW-DRL for 5G RAN

slicing. This work focuses on inter-task features, as discussed in Chapter 1 (introduction),

where the main problem lies in allocating resources to different requests while satisfying

QoS for different services at the same time. In the following section, we first give a brief

summary of the discussion related to 5G RAN slicing in Chapter 1. Then, we present the

system model and formulate the resource allocation problem. After that, each part of the

proposed PW-DRL is introduced, and simulation results validate its performance. Finally, we

conclude this chapter.

An efficient 5G resource allocation approach is essential for ensuring optimal system per-

formance, supporting the diverse requirements of users, and satisfying QoS requirements

for emerging services. In Chapter 1, we presented three main reasons for the importance of

efficient resource allocation approaches, which can be summarized as follows.

(1) Successful deployment of network slice requires efficient resource allocation: Net-

work slicing is the key enabler in 5G to satisfy diverse QoS requirements of different

services simultaneously. It is a technology not only utilized in 5G but also in other

domains. When applying it to 5G, network slicing technologies can be categorized

into RAN slicing, TN slicing, and CN slicing. In most works, TN slicing is integrated

with CN slicing and is referred to as CN slicing. The RAN part performs the function

of connecting user mobile devices to the network, allocating resources based on

user requests, mapping virtualized resource blocks (RB) to different network slices,

and managing and reporting physical link status. It plays a very important part in
53
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establishing functional network slices. All these functions of RAN slicing require

highly efficient resource allocation schemes. Here, resources to be allocated can be

categorized into communication resources and network resources. Communication

resources include the number of resource blocks, frequency bands, and transmission

power. Network resources include the routing path, processing capabilities of each

router, and IP addresses.

(2) 5G network is service-based, and the deployment of resources to each function

affects the performance of 5G: 5G is built on a service-based architecture. Specific-

ally, a traditional network has dedicated hardware to perform certain functions. For

example, in 2G, the authentication of subscribers is performed by AC. In 5G, this

authentication function is not performed by dedicated hardware but is performed by

a function called Access and Mobility Management Function (AMF). Different func-

tions interact with each other through predefined interfaces. These functions share

the same physical infrastructure, and the allocation of computational/communication

resources to these functions dynamically and efficiently ensures that the network

adapts to varying traffic demands and service requirements. For example, services

with low latency requirements need to be allocated with more network resources,

and data-intensive applications require larger bandwidth. Additionally, efficient

resource allocation can reduce the total resources needed thereby reducing the initial

investment cost and operational costs.

(3) 5G network consists of a large number of users and diverse service types, which

requires a highly adaptive resource allocation scheme: The 5G network consists

of a vast number of users and different types of services. The requirements of

services usually include three components: latency, transmission, and connectivity.

For example, eMBB requires high transmission rates, URLLC requires low latency,

and mMTC requires dense connectivity. An efficient resource allocation scheme

is important for satisfying these requirements under limited available resources.

Another reason for needing an adaptive resource allocation scheme is the variability

in user mobility and network conditions.
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Next, in the previous chapter, we present a detailed literature review on state-of-the-art

resource allocation schemes for 5G. In general, these approaches can be categorized into

optimization-based and learning-based approaches. However, these approaches suffer from

the following limitations. For optimization-based approaches

(1) These approaches require a large number of iterations to solve the resource allocation

problem with high computational complexity.

(2) These approaches need to solve the formulated problem again once the network

parameters change (e.g., channel state information), leading to prohibitory high

computational complexity and preventing the adaption of these approaches to the

changing network environment.

Learning-based approaches are proposed to mitigate the limitations of optimization-based

ones. In learning-based approaches, resource allocation decisions can be learned through

dynamic and data-driven optimization. Specifically, learning-based approaches like DRL

can generate resource allocation decisions by directly interacting with the environment and

maximizing a predefined reward function. After training, the complexity of online deployment

of learning-based approaches is low. However, these learning-based approaches also have

limitations, which are listed below.

(1) A common distribution like the Poisson distribution is used to model the arrival

process of user requests. In the real world, the arrival process for different types of

user requests should be different.

(2) DRL-based approaches can only generate discrete or continuous action and not

both. The resource allocation problem are usually formulated as a MINLP and

contains both discrete and continuous variables. Thus, DRL-based approaches need

to separate/relax the original problem, which leads to system performance loss.

(3) These learning-based approaches focus on solving one-shot optimization problems.

Specifically, the one-shot optimization only considers a static resource pool, ignoring

how allocation decisions affect available resources across different problem instances.

Consequently, it fails to capture the inherent dependencies over multiple timesteps



56 4 RESOURCE ALLOCATION FOR NETWORK SLICING IN 5G NETWORK

and ignores long-term performance metrics like task completion ratio and resource

utilization ratio.

To mitigate these limitations, we present the resource allocation strategy referred to as PW-

DRL for 5G RAN slicing in this chapter.

4.1 System Model

4.1.1 Network Model

In this paper, we consider the downlink transmission with a base station (BS) and incorporate

orthogonal frequency-division multiple access (OFDMA) to avoid user interference. A

time-slotted model is employed as shown in Fig. 6.10a with the time horizon divided into

equal-length transmission time intervals (TTIs) indexed by T = {1, 2, . . . , T}, each further

divided into mini-slots denoted by S = {1, 2, . . . , S}. We also consider three types of services,

namely throughput-oriented (TO), delay-sensitive (DS), and delay-throughput-tolerant (DTT),

and define three network slices accordingly. Each network slices contains Um users with

m ∈ {TO,DS,DTT}. For each user, we denote the i-th request as N (u)
i .

The resource allocation model is shown in Fig. 6.10c. Specifically, the resource units allocated

to one TO request will not be released until the task is finished (usually several TTIs), that

for DTT stay occupied for only one TTI, and that for DS request one mini-slot. Note that

resource units cannot be allocated to other requests until released.

4.1.2 Channel Model

The block fading wireless channel can be divided into two parts, namely small-scale fading

and large-scale fading. We assume Rayleigh fading for small-scale fading and path loss for

large-scale fading. The mathematical representation for path loss is

Lp(du)(dB) = L(d0)(dB) + 10nlog10(
du
d0

) +Xσu(dB) (4.1)
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(A) The time-slotted model for requests.

(B) The time-slotted model for resource allocation.

FIGURE 4.1. The time-slotted model of RAN slicing

where Xσu is a Gaussian random variable with zero-mean and σu standard deviation, Lp(du)

represents the path loss for u-th user at distance du, L(d0) represents the path loss from the

transmitter at position d0 to the reference point and is calculated using free space path loss

model L(d0) =
(
4πd0
λ

)2. Usually d0 = 100 and λ represents the wavelength. For Rayleigh

fading, the probability density function is

f(x) =
2x

P
exp

[
− x

P

]
(4.2)
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where x > 0 represents the envelope amplitude and P represents the mean power.

4.1.3 Throughput-Oriented Slice

The TO slice is designed to suit the needs of services with high data transmission rate

requirement across a wide range of area. Three traffic distributions are selected to model the

diverse traffic characteristics in TO slice and each distribution contains of: package size m

and number of TTO intervals between two requests w.

In the first traffic distribution, m can be drawn from the following distribution.

fm
1 (x) =

1√
2πσx

e
−(ln x−µ)2

2σ2 , x > 0 (4.3)

and w follows

fw
1 (t) = λeλt, t ≥ 0. (4.4)

This distribution is chosen to reflect the features of FTP traffic. For FTP, its distribution

is characterized by a heavy tail, rendering the truncated Lognormal Distribution as the

appropriate choice.

In the second distribution, m and w can be selected based on

f
(m,w)
2 (x | k1, k2, k3) =

(
1

k2

)(
1 + k1

(x− k3)

k2

)−1− 1
k1

, (4.5)

where the hyperparameters k1, k2, k3 represent the shape, scale, and threshold, respectively.

Note that different values of k1, k2, k3 are utilized for m and w. This distribution is chosen to

reflect the features of video streaming traffic. Voice streaming traffic distribution tail follows

the power law model, which makes the truncated Pareto distribution a good choice.

In the third traffic distribution, w is selected based on

P =

1− φ1 φ1

φ2 1− φ2

 , (4.6)

where φ1 and φ2 are predefined values that reflect the probability of changing one state

to another, and m is a fixed value. Specifically, φ1 and φ2 represent the state transition
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probability from state 1 (with a request) to state 2 (without a request) and state 2 to state 1,

respectively. This distribution is chosen to reflect the characteristics of VoIP traffic. VoIP has

an inherent pattern of alternating between voice bursts and silences, which makes a two-state

Markov process with on and off states a suitable distribution.

The TO transmission rate can be represented as

rTO
u (t) =

m

lTO
u

, (4.7)

where lTO
u is user u’s latency threshold. Accordingly, the corresponding resource units and

power can be calculated based on

rTO
u (t) = Wcαu(t)N

TO
u (t) log2

(
1 +

pTO
u (t)gu(t)

σ2
0

)
, (4.8)

The power allocation, resource unit assignment, and user selection decision for the t-th

time slot are represented by the power pTO
u (t), number NTO

u (t), and binary decision αu(t),

respectively. The channel gain is denoted by gu(t), and the standard deviation of the additive

white Gaussian noise is σ0.

4.1.4 Delay-Sensitive Slice

The DS slice is designed to support services with stringent latency and reliability requirements.

To model m and w for DS, we use a Markov-modulated Poisson process (MMPP).

Accordingly, the transmission rate is

rDS
u (tm) ≈

WcTf

ln 2

{
NDS

u (tm)αu(tm) ln

[
1 +

aup
DS
u (tm)gu(tm)

N0Wc

]
−√

1

TfWc

f−1
Q

(
ϵdu
) (4.9)

Here, tm is the mini-slot number, ϵdu is the error for decoding, the duration for one mini-slot is

Tf , and finally the inverse Q function is f−1
Q .
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The corresponding resource units can be calculated as

NDS
u (tm) =

ln 2EB
u (Du

q ,ϵ
q
u)

WcTf
+
√

1
TfWc

f−1
Q

(
ϵdu
)

αu(tm) ln
[
1 + aupDS

u (tm)gu(tm)
N0Wc

] , (4.10)

where EB
u (D

u
q , ϵ

q
u) is the effective bandwidth with Du

q the queuing delay and ϵqu the queuing

delay violation probability, which can be calculated as [90]

EB
u (D

u
q , ϵ

q
u) =

m ln (1/ϵqu)

Du
q ln

[
Tf ln (1/ϵqu)

λuDu
q

+ 1
](bits/s), (4.11)

where λu is a predefined parameter.

4.1.5 Delay-Throughput-Tolerant Slice

The DTT slice provides support for services with stable connection requirements.

The package size m follows

fDTT(t) =
tβ1−1(T − t)β2−1

T β1+β2−1Beta(β1, β2)
. (4.12)

The transmission rate is

rDTT
u (t) =

m

lDTT
u

, (4.13)

where lDTT
u equals to one TTI. Similar to TO request, the number of resource units is

NDTT
u (t) =

rDTT
u (t)

Wcαu(t) log2

(
1 + pDTT

u (t)gu(t)

σ2
0

) . (4.14)

4.2 Problem Formulation

In this section, we present the formulated long-term resource allocation problem with short-

term total available resources constraints (resource units and power). Specifically, the objective

function is designed in accordance to the system model presented in Fig 4.1. For TO or DTT
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user u, the objective function is formulated as

RTO/DTT
u (t) = kuα

TO/DTT
u (t)NTO/DTT

u (t), (4.15)

where ku represents the priority weight for user u. For delay sensitive (DS) user u, it is

formulated as

RDS
u (tm) = kuα

DS
u (tm)N

DS
u (tm). (4.16)

The tuple (NTO
u , αTO/DTT, RTO/DTT

u ) only has a value at the beginning of each TTI and can be

represented as

NTO/DTT
u (tm) =

N
TO/DTT
u (t) tm = S(t− 1) + 1

0 otherwise

αTO/DTT
u (tm) =

αTO/DTT
u (t) tm = S(t− 1) + 1

0 otherwise

RTO/DTT
u (tm) =

RTO/DTT
u (t) tm = S(t− 1) + 1

0 otherwise

. (4.17)

Accordingly, the mini-slot reward is

R(tm) =
U∑

u=1

Ru(tm), (4.18)

With the definition of this mini-slot reward, the long-term reward is

lim
T→∞

1

ST

ST∑
tm=1

R(tm), (4.19)

based on which the resource allocation problem can be formulated as

P1 : maximize
α,p

lim
T→∞

1

ST

ST∑
tm=1

R(tm) (4.20)
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subject to
U∑

u=1

αu(tm)Nu(tm) ≤ N(t), (4.21a)

lim
T→∞

1

ST

ST∑
tm=1

E[αT (tm)p(tm)] ≤ P, (4.21b)

α(tm) ∈ {0, 1}U , (4.21c)

Here, constraint (4.21a) indicates that the total allocated computational resources should be

within the available resources. Constraint (4.21b) represents the long-term constraint of total

allocated power should not exceed power threshold P . Constraint (4.21c) shows two ways to

process each user request: accepted (αu = 1) or declined (αu = 0). We have the following

observations.

(C1) Different from constraint (4.21a), constraint (4.21b) is a soft one. For DL trans-

mission, the power constraint is not as stringent as the resource unit constraint. To

stabilize the system and lower the computational complexity, an average power

constraint is used instead. However, this long-term constraint (4.21b) is still difficult

to be fulfilled due to the random nature of user request generation.

(C2) Knowing p(tm), the problem of determining optimal α(tm) is simplified into winner

determination problem (WDP). The auctioneer has an item (resource unit) and the

item has several copies (N(tm)) available. A number of bidders submit their bids

including (Nu(tm)) and the price for each item (kuNu(tm)). The auctioneer chooses

the best combination of bidders to maximize the received payment. As WDP is an

NP-complete problem and is impossible to solve directly, it is hard to solve (4.20)

even with the knowledge of p(tm) using the optimization method.

(C3) Action α(t) can explicitly influence the next timestep resources. For example, in

Fig. 6.10c, TO user 1 request 1 N
(1)
1 arrives and is accepted at the beginning of TTI

1, the allocated resource units NTO
1 (t) will be occupied for two TTIs, and cannot be

allocated to other user requests. At the beginning of TTI 2, the number of available

resource units is N−NTO
1 (t). If TO 1 is not accepted at TTI 1, the available resource
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units at TTI 2 will be N . In other words, the action of the auctioneer taken at

previous timestep will affect the number of available units at current timestep.

In our problem, we need to consider both long-term and instantaneous constraints that are

difficult to be fulfilled. Also, methods that can solve WDP problem are not suitable for

our problem as for we also need to allocate power at the same time. Additionally, the time

length for decision making is very short (one mini-slot), which requires fast decision making

algorithm with low complexity. Conventional methods cannot tangle these difficulties.

4.3 Detail Description of PW-DRL

4.3.1 Motivation

To address the aforementioned challenges, we propose PW-DRL, which can directly generate

both computational resource allocation decisions, α(tm) and power allocation decisions,

p(tm). Specifically, PW-DRL directly interacts with the environment and learns the mapping

between states and actions in accordance with the designed reward function. It takes into

account both short-term and long-term constraints. In the following, we discuss how each

challenge affects the formation of PW-DRL.

(1) To handle (C1), the MINLP problem is separated into two subproblems: computa-

tional resource allocation and transmission power allocation. This can eliminate the

need to search for a large hybrid action space.

(2) To address (C2), we leverage TRPO to learn the mapping between actions α(tm)

and current observations N(tm). TRPO maximizes a surrogate objective function,

which is constructed by an estimation of advantage function, under a KL divergence

constraint, with monotonic improvement guarantee. We also adapt Lyapunov optim-

ization method to generate p(tm) given α(tm), where virtual queues are formulated

to address long-term constraints.
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FIGURE 4.2. The architecture of the proposed PW-DRL.

(3) To address (C3), both online and offline prediction network is proposed to predict

rDTT
u (t + 1) and λ(t + 1) with the knowledge of rDTT

u (t) and λ(t). Note that other

variables cannot be predicted due to the lack of correlation among time steps.

4.3.2 Detailed description for each part of PW-DRL

4.3.2.1 Prediction Network (Step 1 in Fig. 4.2)

In previous section, we mentioned that in our proposed model, previous timestep power and

computational resource allocation actions will influence current timestep available resources

and implicitly influence current timestep actions. In order to capture this dependencies among

actions across different timesteps, a prediction network consists of two parts is formulated,

namely online and offline prediction network. Specifically, the online prediction network

predicts the next timestep DTT user requests rDTT
u (t + 1) based on current timestep ones

rDTT
u (t). The offline prediction network provide the next timestep Markov state for DS user

request generation based on previous ones. Both rDTT
u (t) and Markov states have strong

correlations across multiple timesteps, which guarantee the predictability of both variables.

For rDTT
u (t), this correlation arises from the periodic patterns of beta distribution. Note

that other variables cannot be predicted due to the fast changing network environment.

For example, the number of required resource blocks Nu, transmission rates (DS/TO user

requests), and inter-arrival time between user requests w have no correlation accorss multiple
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timesteps. The features of these variables are included in the environment states formulation

and can be captured by TRPO directly.

4.3.2.2 DRL User Selection (Step 2 in Fig. 4.2)

In Step 2, DRL generates frequency resource allocation decisions α(tm) based on the pre-

diction results from previous step rDTT(t+ 1)) and current timestep transmission rate for all

users r∗(tm) = [r∗1(tm), r
∗
2(tm), · · · , r∗U(tm)]. The problem of generating α(tm) (P1) can be

formulated as a Markov decision process (MDP) problem and which is defined by a tuple

(S,A, O, ζ, γ, ρ0). Here, S represents the state, A is the finite action set of action α(tm), and

O : o (s(tm + 1) | s(tm),α(tm)) : S ×A× S → R is the transition probability distribution.

In addition, ρ0 : S → R represents the distribution of the initial state, ζ the reward, and

γ ∈ (0, 1) the discount factor. The state and action set are designed as follows.

(1) State: The state set is S = {N(t), r∗(tm), r
DTT(t+ 1)}, where N(t) represents the

number of resource units, r∗(tm) represents transmission rate, and rDTT(t + 1)}

represents the prediction results for next timestep DTT user transmission rate.

(2) Action: The action set is the collection of all combination of α. It can be rep-

resented as A = {0, 1}U where U is the total number of users. For example,

A = {[0, 0], [0, 1], [1, 0], [1, 1]} for U = 2, and the number of actions in the action

set can be represented as A = {[0, 0], [0, 1], [1, 0], [1, 1]} with |A| = 2U = 4.

We also set the distribution for ρ0 and π0 as uniform distributions.

In this paper, TRPO is utilized as the DRL method to learn the mapping between state and

action. The reasons for choosing TRPO instead of other DRL methods are listed as follows.

(1) TRPO has monotonic policy improvement guarantee while other DRL methods do

not. This feature of TRPO can guarantee the next timestep policy is a better one

compared with previous timestep, and resulting in a more stable convergence.

(2) TRPO incorporates the advantage function Aπ to ensure the smooth improvement of

policy in TRPO. This is because Aπ accounts for the difference between Q-value
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function and state value function and can smooth out variations caused by sudden

value changes.

(3) TRPO focusing on policy difference instead of policy itself can naturally disregard

minor variations and smooth out significant ones. This enables the faster learning

process of value function which is not applicable in other DRL methods.

The advantage function Aπ can be formulated as

Aπ(s(tm),α(tm)) = Qπ(s(tm),α(tm))− Vπ(s(tm)), (4.22)

with

Qπ (s(tm),α(tm)) =

Es(tm+1),α(tm+1),...

[
∞∑
l=0

γlζ(s(tm + l))

]
,

(4.23)

and

Vπ (s(tm)) = Eα(tm),s(tm+1),...

[
∞∑
l=0

γlζ(s(tm + l))

]
. (4.24)

The advantage of new policy π′ over old policy πold can be represented as

ξ(π′) = ξ(πold) + Es0,α0,···∼π′

[
∞∑
t=0

γtAπold (s(tm),α(tm))

]
, (4.25)

with

ξ(π) = Es0,a0,...

[
∞∑

tm=0

γtmζ(s(tm))

]
, (4.26)

Accordingly, we can get

ξ(π′) = ξ(πold) +
∑
s

∞∑
tm=0

γtmP (s(tm) = s | π′)

×
∑
α

π′(α | s)Aπold(s,α).

(4.27)

Representing the discounted transition probability distribution for policy π at state s as

ηπ(s) =
∞∑

tm=0

γtmP (s(tm) = s | π) (4.28)
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and substituting (4.28) into (4.27), we can get

ξ(π′) = ξ(πold) +
∑
s

ηπ′(s)
∑
α

π′(α | s)Aπold(s,α). (4.29)

We set the objective function as

Lπold(π′) =ξ(πold)+∑
s

ηπold(s)(
∑
α

π′(α | s)Aπold(s,α) + E (s)),
(4.30)

where E (s) represents entropy loss and is formulated as

E (s) = −
∑
α

π′ (α | s) lnπ′ (α | s) . (4.31)

It is clear that maximizing (4.31) encourages the DRL agent to explore more in deciding

the next timestep action. To enhance the agent’s exploration capability and prevent early

convergence of TRPO policy network to suboptimal policies, we formulate the objective

function of TRPO considering (4.31), where the π′ (α | s) needs to be minimized. Here, in

(4.30), ηπold(s) is utilized to approximate ηπ′(s). Note that this approximation can only be

utilized only if the KL divergence between πold and π′ is small. Accordingly, the formulated

problem for TRPO can be represented as [91]

maximize
π′

Lπold(π′)

subject to DKL

(
π′(· | s)∥πold(· | s)

)
≤ δ,

(4.32)

where DKL

(
π′(· | s)∥πold(· | s)

)
represents the KL divergence between π′ and πold, and δ is

a predetermined threshold with a small value. The constraint in (4.32) means that the KL

divergence of πold and π′ should within δ. It is necessary for the previous approximation and

the monotonic improvement guarantee.

4.3.2.3 Lyapunov Optimization (Step 3 in Fig. 4.2)

In this subsection, we present the Lyapunov optimization method utilized in this paper to

satisfy the long-term constraint (4.21b). It is integrates into TRPO to mitigate the limitation of

TRPO in handling long-term constraint, and perform power allocation (optimal p(tm)) given
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α(tm) in Step 2. Normally, Lyapunov optimization is implemented in the queuing system to

maximize/minimize certain objective function while stabilizing all queues. It formulates a

virtual queue to transform the long-term system constraints into per timestep constraints and

is widely adaptied to address long-term system performance. Specifically, we formulate the

virtual queue for p(tm) and n(tm) = [N1(tm), N2(tm), · · · , NU(tm)] as

M(tm + 1) = max
(
M(tm) +α

T (tm)n(tm)−N, 0
)

E(tm + 1) = max
(
E(tm) +α

T (tm)p(tm)− P, 0
)
,

(4.33)

Accordingly, the total queue backlog can is Θ(tm) = {M(tm), E(tm)} and the Lyapunov

function and Lyapunov drift can be formulated as

L(Θ(tm)) ≜
1

2
M(tm)

2 +
1

2
E(tm)

2, (4.34)

and

∆(Θ(tm)) ≜ E{L(Θ(tm + 1))− L(Θ(tm)) | Θ(tm)}, (4.35)

respectively. Based on (4.35), the drift for virtual queue M(tm) and E(tm) can be formulated

as

∆(M(tm)) =
M2(tm + 1)−M2(tm)

2
(4.36)

and

∆(E(tm)) =
E2(tm + 1)− E2(tm)

2
, (4.37)

respectively. Considering max(a, 0) ≤ a2, from (4.33) we can get

M2(tm + 1) ≤ (M(tm) + y1(tm))
2 (4.38)

and

E2(tm + 1) ≤ (E(tm) + y2(tm))
2, (4.39)

respectively, where

y1(tm) = α
T (tm)n(tm)−N

y2(tm) = α
T (tm)p(tm)− P.

(4.40)
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Thus, the upper bound for (4.36) and (4.37) can be formulated as

∆(M(tm)) ≤
y1(tm)

2

2
+M(tm)y1(tm), (4.41)

and

∆(E(tm)) ≤
y2(tm)

2

2
+ E(tm)y2(tm), (4.42)

respectively. Based on the above formulation, we can define the drift-plus-penalty function as

Γ(Θ(tm)) ≜ ∆(Θ(tm))− V E{R(tm) | Θ(tm)}. (4.43)

where V is the importance weight, which determines the importance of E{R(tm) | Θ(tm)}.

By substituting (4.41) and (4.42) into (4.43) we can get the upper bound of (4.43) as

Γ(Θ(tm)) ≤B − V E{R(tm) | Θ(tm)}

+M(tm)E {y1(tm) | Θ(tm)}

+ E(tm)E {y2(tm) | Θ(tm)} ,

(4.44)

where B is a positive constant that satisfies

B ≥ 1

2
E
{
y1(tm)

2 | Θ(tm)
}
+

1

2
E
{
y2(tm)

2 | Θ(tm)
}
. (4.45)

We adopt the approach in [92] to minimize the upper bound in (4.44) instead of the original

objective function in (4.43). Accordingly, by omitting the constant part of (4.44), the objective

function can be formulated as

M(tm)α
T (tm)n(tm) + E(tm)α

T (tm)p(tm)− V R(tm). (4.46)

Thus, the subproblem of finding optimal p(tm) can be formulated as

maximize
α,p

−M(tm)α
T (tm)n(tm)− E(tm)α

T (tm)p(tm)

+ V R(tm)

subject to α(tm) ∈ {0, 1}U ,p(tm) ∈ [0, P ].

(4.47)

The optimization problem (4.47) is now transformed into convex optimization given α(t)

(from TRPO Step 2) and can be solved by any convex problem solver like interior-point
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method with low complexity [92]. Note that the subproblem (4.47) and (4.32) are solved

alternately to generate the final frequency/computational resource allocation scheme. In the

following, we discuss the solvability of (4.47) in terms of avaliablity of relevant parameters.

(1) Channel state information (CSI): It can be accurately estimated by using pilot-based

channel estimation techniques.

(2) Virtual queues: Both M(tm) and E(tm) are available once the resource allocation

decisions α and p are available.

(3) Reward: R(tm) is obtained before solving problem (4.47) and is updated iterative.

Thus, problem (4.47) is solvable, and its formulation will remain unaffected by the rapidly

changing environment.

4.3.2.4 Reward Calculation (Step 4 in Fig. 4.2)

After Step 2 and 3, we calculate the reward in Step 4. To facilitate the calculation of reward,

we first calculate Nu(tm) based on (4.8), (4.10) and (4.14) for TO, DS and DTT respectively,

given the results from Step 2 α∗(tm) and Step 3 p∗(tm). Then, the reward R(tm) can be

calculated according to (4.18) and the final long-term reward can be formulated based on

(4.19).

We also update the state in Step 4, where the state set not only includes previous mentioned

elements, but also include virtual queues M(tm) and E(tm) constructed in Step 3. It can

be represented as S(tm) = {N(t), r∗(tm), r
DTT
u (t + 1),M(tm), E(tm)}. Additionally, the

update process of M(tm) and E(tm) can be made according to (4.33). The reply buffer stores

the tuple {S(tm),α(tm),S(tm + 1),p(tm), R(tm),n(tm)} gathered in these four steps for

network training.

4.4 Data-Driven Classification and Prediction

In the previous section, we proposed the PW-DRL to solve the resource allocation problem,

and a prediction network consisting of two parts is introduced (Step 1) to enhance the learning
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process of the TRPO. In this section, we delineate on the structure of this prediction network,

which is shown in Fig. 4.3.

4.4.1 Online Prediction Network

The online part takes advantage of the temporal correlation between DTT user requests across

different timesteps. With the knowledge of future user requests, the PW-DRL can optimize

the current action to ensure relatively sufficient resources for the next timestep.

Specifically, for the online prediction network, we use LSTM, a well-established recurrent

neural network (RNN) used for sequential data prediction. As part of the prediction network,

the LSTM further improves the performance of PW-DRL, particularly when handling traffic

exhibiting strong periodic patterns. Specifically, LSTM predicts the service rate r for the DTT

traffic type with predictable traffic patterns. A good example of typical DTT traffic is the

one generated by sensors in a factory routinely updating device status. Note that the LSTM

cannot predict the rate for non-periodic traffic types (DS and TO). In the prediction network,

the input into the LSTM is the DTT user request rDTT(t) and the output is the predicted DTT

user request rDTT(t + 1) of the next timestep. At the beginning of the prediction process,

the prediction accuracy is low due to insufficient training. Inaccurate prediction results will

mislead DRL and lead to poor system performance. To ensure that only accurate prediction is

adopted by DRL, we design an activation function given by

γpred = Sigmoid

(
T∑T

t=0 (rpred(t+ 1)− rtrue(t+ 1))2

)
, (4.48)

where

Sigmoid(z) =
1

1 + e−z
. (4.49)

Then (4.48) is compared with a threshold γth, and the prediction result can be used only

when γpred ≥ γth. At the beginning of the training process, this prediction network cannot

get sufficient training samples to make accurate predictions and thus cannot provide useful

information to DRL. The selection process for γth involves two steps. We first generate a

synthetic dataset using the DTT distribution and use this dataset to train the LSTM network.
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FIGURE 4.3. The structure of the prediction network.

FIGURE 4.4. Two examples of toc with the inverse triangle represents the
occurrence of DS user request.

This value serves as the initial value for γth. We then fine-tune the value of γth by slightly

varying it around the initial value and selecting the value that achieves the best system

performance.

4.4.2 Offline Prediction Network

In this subsection, we propose a new offline prediction network that encompasses a classifica-

tion network and a sequential prediction network to aid DRL throughout the training process.

As rDTT
u (t) can only be observed online, we choose to predict λ (state for MMPP). The idea is

to use a pre-trained network to first determine the value of λ used to generate the DS user

request during a certain period and then use this λ at the current timestep to predict the next

timestep’s λ. Let λ(t) denote the λ at timestep t. In the following subsection, each part will

be elaborated on.

4.4.2.1 Classification network

Fig. 4.5 illustrates the network architecture for 1D-CNN, which comprises two 1D convolution

layers, two ReLU activation functions, two normalization layers, an average pooling layer, a
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FIGURE 4.5. The Network structure of 1D-CNN.

fully connected layer, and a Softmax output layer. This network is a highly efficient tailored

network structure for classification developed by Matlab. Therefore, we directly adopt this

structure without the need for fine-tuning hyperparameters. The input of the classification

network is the time sequence toc that represents the number of DS user requests that occurred

during a certain period. Fig. 4.4 shows two examples of toc in a period of 10 mini-slots .

Specifically, in Example 1, 3 DS user requests occurred at t1, t5, and t9. Therefore, toc is a

3× 1 vector with toc = [t1, t5, t9]. Similarly, toc is a 5× 1 vector in Example 2. Each example

has a unique λ and thus resulting in toc of different lengths. For a variable length input, we

apply a 1D convolutional neural network (1D CNN), which leverages a one-dimensional

kernel to generate classification results. This network is trained using a synthetic dataset with

each training sample constructed as [toc, λ(t)]. After training, the output of the classification

network is the corresponding λ(t) used to generate toc.

4.4.2.2 Sequential prediction network

We leverage LSTM to construct the sequential prediction network, where the input is λ(t)

obtained from the classification network, and the output is λ(t + 1). With the information

of λ(t+ 1), the cumulative density function F ts(tnext), which represents the time we need to
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Algorithm 1 Data-driven Classification and Prediction
1: for k = 1 to K do
2: while t ≤ T do
3: Given previous DTT user request rDTT

u (t) and predict future user request rDTT
u (t+ 1)

using LSTM.
4: Given time sequence toc and predict λ(t) using 1D CNN
5: Given λ(t) from previous Step and predict λ(t+ 1) using LSTM
6: Update state variable S(tm) for TRPO
7: end while
8: end for

wait for a new user request to occur after the occurrence of request at ts, can be represented as

F ts(tnext) = 1− e−λ(t+1)tnext . (4.50)

The time instance for the next user request to occur can be calculated by letting F ts(x) = 1
2

[93]. Accordingly, the state vector S(tm) can be formulated as S(tm) = {N(t), r∗(tm), r
DTT
u (t+

1), λ(t+ 1), tnext,M(tm), E(tm)}. We summarize the workflow of the prediction network in

Algorithm 1.

4.5 Simulation Results and Comparisons

This section presents simulation results used in the evaluation of the proposed PW-DRL

approach. In our simulations, the TTI is set to 1 ms and each mini-slot is set to 0.1 ms. For the

CSI, path loss au is generated based on the expression 35.3+37.6 log 10(du)+Xσu [94], where

du is a random value between 5 to 25 meters, while σu is set to 8 dB. Moreover, the single-

sided noise spectral density N0 for AWGN is set as −173 dBm/Hz. Other hyperparameters

for online and offline prediction networks ,user request generation and TRPO are shown in

Table 4.1, Table 4.2 and Table 4.3, respectively.

4.5.1 Benchmark Methods

Here, the baseline methods adopted for comparison are introduced.
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TABLE 4.1. The hyperparameters of the online network.

Name of hyperparameters Value
LSTM Momentum 0.9000
LSTM Initial Learn Rate 0.0100
LSTM Learn Rate Drop Factor 0.2000
LSTM Learn Rate Drop Period 5
LSTM Max Epochs 100
LSTM Mini Batch Size 2048
LSTM Validation Frequency 50
Threshold γth 0.8
1D-CNN Optimizer Adam
1D-CNN Max Epochs 30
1D-CNN Mini Batch Size 4096

TABLE 4.2. Hyperparameters for user requests.

Name of hyperparameters Value
Exponential distribution mean value 50ms
for reading time generation
mean value 10
for file size generation
variance value 1
for file size generation
upper limit 5 megabytes
packet size k1 1.2
packet size k2 20
packet size k3 250 bytes
reading time k1 1.1
reading time k2 2.5
reading time k3 12.5 bytes

TABLE 4.3. Hyperparameters for the training of TRPO.

Name of hyperparameters Value
The discount factor 0.95
Experience Horizon 1024
Number of hidden layers 6
Activation function Sigmoid
size of the layer 20,32,64,128,256,512
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(1) Random: Under this method, resource allocation decisions are generated based on a

random distribution. It is obvious that this is the worst case scenario and can served

as the baseline for all other methods.

(2) TRPO [91]: An on-policy method that can only generate one type of actions. It has a

monotonic policy improvement guarantee compared with others.

(3) S-PW-DRL [95]: A simplified version of PW-DRL that does not have the prediction

network.

(4) SAC [96]: A well-known off-policy method which is featured by regularization. It is

trained with the goal of balancing between return and entropy, which can be treated

as the balancing between exploration and exploitation in other methods.

(5) AC [97]: Conventional actor-critic based DRL method.

4.5.2 Performance Comparison

Transmission rate variation over time for each user is shown in Figure 4.6. Figure 4.6a

generates packet sizes for three kinds of DTT requests using the Beta distribution defined

in (4.12). It can be seen that all kinds of DTT requests have an upward tendency in the

transmission rate, proving high autocorrelation. That is to say, such requests are predictable in

the online prediction network. Figure 4.6b shows the DS requests, for which the transmission

rate that each user needs is quite different in each mini-slot because it is randomly chosen

out of six possible states. In Figure 4.6c, the packet lengths and reading times for the TO

requests are generated by the distributions in (4.3) and (4.4). This indicates that the required

transmission rate is significantly higher for TO requests as compared to the other two types

of requests; indeed, this would be expected from the nature of this service. Further, it can

also be seen from Figure 4.6c that TO user 1 sends requests only during the 1st and 7th TTIs,

while in Figure 4.6a, all DTT users send requests during each of the TTIs.

Figure 4.7 depicts how the number of units of the resource available changes over time. From

this figure, one can see that the number of units of the resource available varies between TTIs,

from which the reader may infer that the action α(t) influences the number of units of the

resource available in the next timestep. The above is the second complication from the end
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(A) DTT request

(B) DS request

(C) TO request

FIGURE 4.6. The transmission rate comparison between DTT, DS and TO.
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FIGURE 4.7. The variation of the number of resource units.

of Section 2.6. Therefore, the WDP problem formulated in this paper is more complicated

compared to the traditional WDP problem. Still another point that may be added to the

discussion is the fact that variability in the available resource units is random and hence

difficult to predict

In Fig. 4.8, the training reward comparison between PW-DRL and baselines are presented.

In this comparison, we set the available resource units to 500 per TTI which simulates the

situation where sufficient resources are presented to be able to meet the requirements of

almost all users. In this work, the baseline methods considered are: actor-critic (AC), TRPO

[98], random action, soft actor-critic (SAC), and S-PW-DRL. Here, S-PW-DRL is a simplified

version of PW-DRL which does not have the proposed prediction network. It can be seen from

Fig. 4.8 that PW-DRL converges fast and achieves the best reward compared with baselines.

This proves the benefits achieved by the proposed prediction network and utilizing Lyapunov

to transfer the long-term constraints into per timestep manageble constraints. As expected,

the random algorithm which randomly allocate resources to each user requests without taking

into account environment information achieves the lowest reward.
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FIGURE 4.8. Training reward for 500 resource units.

FIGURE 4.9. Training reward for 300 resource units.

Fig. 4.9 compares the performance of PW-DRL with baselines under the scenario where the

total available resource units cannot meet requirements of all users. We choose 300 resource

units per TTI to simulate this scenario. It can be noticed that PW-DRL still achieves fastest

convergence and lowest reward. It is obvious that the reward of PW-DRL in Fig. 4.9 is
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(A) The Average Number of TTIs as the metric

(B) The total throughput as the metric

FIGURE 4.10. The TTI and throughput comparison of all approaches.

lower than that in Fig. 4.8 due to the decrease in total available resource units. However, the

decrease is only slightly for PW-DRL while that for S-PW-DRL and TRPO is significant.

Moreover, TRPO even fails to converge, and the reward difference between S-PW-DRL and

PW-DRL becomes more significant compared with that in Fig. 4.8. This is because the impact
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of current actions on furter ones becomes stronger when available resources become less.

Therefore, the performance boost of utilizing the prediction network becomes significant.

In Fig. 4.10a and Fig. 4.10b, we not only compare PW-DRL with aforementioned baselines

but also several non-ML-methods: genetic algorithm (GA), pattern search (PS), and genetic

algorithm for multi-object (GAMO). The comparison is carried out for the average number

of TTIs t and average throughput in Fig. 4.10a and Fig. 4.10b, respectively, for 300 and 500

resource units.

In Fig. 4.10a, the result is obtained by averaging 300 simulations with each simulation

contains 300 TTIs at most and is terminated if any constraint ((4.21a), (4.21b), (4.21c)) is

violated. Note that in these simulations, we do not update neural network parameters and

this process is called inference. As the non-ML-based methods cannot handle the long-term

dependencies, we ignore the long-term constraint for these methods.

It is straightforward to see that PW-RL achieves the highest performance for maximizing t

both for N = 300 and N = 500. This means PW-DRL obtains the most effective resource

allocation strategy that can meet both the long-term and short-term constraints. As expected,

the random algorithm is the worst, which agrees with the observations from Figures 4.8 and

4.9. Besides, all the approaches that are free of machine learning behave poorly towards

solving problem P .

Figure 4.10b plots the throughput, which is computed from the accepted user requests and is

averaged over 300 simulations, as done similarly to Figure 4.10a. The performance trends

exhibited are also similar to those in Figure 4.10a. In particular, Figure 4.10a shows that

the throughput of our method grows with respect to the number of resource units, while the

average number of TTIs does not change for both 300 and 500 resource units. The reason is

that the maximum TTI in Figure 4.10a is capped at 300, while there is no upper bound on

throughput in Figure 4.10b.
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4.6 Conclusion

In this chapter, an efficient resource allocation scheme for the 5G network is proposed,

with its performance validated by simulations. As stated at the beginning of this chapter,

efficient resource allocation is very important for achieving the goals of satisfying distinct

QoS requirements of different services and establishing network slices. Specifically, we

proposed a new method called PW-DRL to solve the resource allocation problem in RAN

slicing. PW-DRL can be integrated into the medium access control (MAC) layer and the

radio resource control (RRC) layer, as it meets the functions description of these layers.

MAC layer in 5G is designed specifically for managing and scheduling resources. Integrating

PW-DRL into the MAC layer can boost the online resource allocation effectiveness of this

layer and cover more service types. RRC layer in 5G is a layer that oversees all resources and

is responsible for accepting/declining user requests at a higher level than MAC. Integrating

PW-DRL in the RRC layer can boost the speed of RRC in making user acceptance decisions

while considering long-term system performance.

At the beginning of the chapter, we also pointed out that several limitations exist in state-of-

the-art learning-based approaches. In the following, we conclude how PW-DRL mitigates

these limitations.

(1) In our resource allocation framework, different services are generated based on

different distributions. Specifically, we consider three types of services: DS, TO,

and DTT. In each type of service, three distributions are utilized to generate user

requests. We proposed two timescale system models to accommodate different

service requirements and set the arrival process for each service according to the

realistic 3GPP traffic model.

(2) In this work, the time sequential decision-making problem is formulated taking

into account both long-term and short-term system performance. To capture the

correlations between future and current environment states, we have used the LSTM

method to make predictions of future user requests given previous user requests. Also,

we proposed to use TRPO to provide the acceptance decisions that can maximize the
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predefined value function. The user request prediction provided by LSTM is treated

as part of the state and then fed into TRPO to help TRPO provide more accurate

decisions.

(3) In this work, we separate the original MINLP problem into two subproblems where

one is solved using TRPO and another using Lyapunov optimization. Specifically,

we use the acceptance decisions received from TRPO and formulate an optimization

problem using the Lyapunov optimization method. The optimal power allocation

scheme can be seen as the solution to this optimization problem.

However, we should point out the following limitations when integrating PW-DRL into the

practical 5G system. The first point is that despite the fast online inference of PW-DRL, offline

training is time-consuming and of high cost. For practical applications, approaches to reduce

training complexity are essential to meet the demands of large-scale networks. The second

point is that due to the limitation of DRL-based approaches, the generated resource allocation

decisions cannot be proved to be optimal, which means it is possible that we just obtain a

suboptimal solution. The performance of PW-DRL can only be proved using simulations, and

it still remains an open question of how to prove the optimality of DRL-generated results. The

last point is that we assume no large difference in distribution between the training and testing

environments, which means the training dataset and the inference dataset follow the same

distribution. However, due to the rapidly changing 5G network environment, the violation of

this assumption might occur and inevitably cause degraded system performance. Mitigating

this problem remains an open challenge at the time of writing.

In the next chapter, we elaborate on the task offloading and resource allocation problem in

SAGIN. As stated in Chapter 1, SAGIN is an important part of 6G to achieve global seamless

connection. Different from 5G, the SAGIN environment changes more rapidly due to the

movement of both air and space segments, and the assumption that no large difference exists

between the training and testing environments does not hold anymore. Approaches need to be

proposed to solve this problem.



CHAPTER 5

Task Offloading and Resource Allocation in SAGIN

In this chapter, we present the task offloading and resource allocation strategy referred to

as GDRL. The main problems lie in how to efficiently offload tasks and allocate resources

to satisfy distinct QoS requirements of different services. In the following section, we first

give a brief summery of the discussion in Chapter 1 related to SAGIN. Then, we present our

system model and formulate the problem. After that, we present our proposed method, GDRL,

and give a detailed description of each part. Simulation results are presented to validate the

performance. Finally, we conclude this chapter.

SAGIN is the key solution in 6G networks to achieve seamless global connection and satisfy

the high availability requirement of telecommunication systems in disasters. For SAGIN,

resources are distributed among ground, air, and space segments, and tasks can be processed

in each segment. Different from 5G, SAGIN consists of a large number of segments, and

complex interconnections exist among them. Thus, tasks need to be first offloaded to one

segment from processing, and then corresponding resources can be allocated based on this

task offloading decision. The decision to offload the task to which segment significantly

influences the achievable latency/data rate and then determines the final achieved QoS. Thus,

in SAGIN, task offloading and resource allocation need to be performed together to achieve

the performance requirements of 6G. In Chapter 1, we elaborated on the importance of task

offloading and resource allocation in SAGIN. The reasons are summarized as follows.

(1) Task offloading/resource allocation is important for energy and computing capability

constraint devices to satisfy the QoS requirements of different services. Specifically,

devices with low computing capability can offload their computing-intensive tasks to
84
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other segments, reducing the latency induced by waiting and processing of all tasks.

Additionally, these devices can reserve resources for services with stringent latency

requirements, avoiding the violation of SLA. Furthermore, by moving computing-

intensive tasks to other segments, devices can also reduce energy consumption, thus

reducing costs and extending the usable time of these devices.

(2) Task offloading/resource allocation is important in achieving the best system per-

formance under limited available resources. As stated in Chapter 1, the main reason

for moving from one generation of communication networks to another is the more

and more limited available resources caused by the increasing number of users.

Task offloading involves transferring computational tasks from resource-constraint

nodes (terrestrial network) to resource-rich nodes (airborne platforms and satellites)

to enhance processing speed and reduce latency. Moreover, resource allocation

involves distributing frequency bands, computational resources, storage, and energy

to simultaneously satisfy the QoS requirements of different applications at a low

cost. SAGIN is a heterogeneous network consisting of various segments, and each

segment has different resource limitations. For example, energy limitation is more

important for air segments than for ground segments. Air segments like UAVs

have very limited energy available and need to be recharged frequently with high

cost. Thus, offloading computing-intensive tasks from UAV to space segments can

significantly reduce power usage and thus lower the cost and achieve better system

performance. Therefore, efficient task offloading/resource allocation is crucial for

utilizing limited resources to achieve the best system performance.

Next, in Chapter 2, we present a detailed literature review on state-of-the-art task offload-

ing/resource allocation schemes for SAGIN. Specifically, these approaches can be categorized

into optimization-based and learning-based approaches. the optimization-based approaches

suffer from the same problems listed in the previous section. To mitigate these limitations,

learning-based approaches are proposed. However, these approaches have the following

limitations.



86 5 TASK OFFLOADING AND RESOURCE ALLOCATION IN SAGIN

(1) Most of these methods are proposed to solve the one-shot optimization problem.

As stated in the previous section, the one-shot optimization problem has many

limitations, like ignoring the correlations between task offloading/resource allocation

actions. Besides these common limitations, in SAGIN, the static offloading/allocation

fails to account for dynamic correlations between tasks, where the execution of

current tasks influences the available resources and, in turn, affects the offloading

and allocation decisions for future tasks.

(2) These approaches do not consider the difference between the training environment

and the testing environment. As stated in the previous section, SAGIN has a more

rapidly changing environment compared with 5G due to the movement of both space

and air segments. Thus, the difference between the testing and training environment

is more significant. As all these DRL methods are built on the assumption of no

large difference, they cannot perform efficiently when differences exist.

(3) These approaches can only generate discrete or continuous actions but not both. As

task offloading decisions are usually discrete and resource allocation decisions are

continuous, the task offloading resource allocation problems usually include both

discrete and continuous decisions and are formulated as MINLP problems. To solve

MINLP problems, separation and relaxation are needed, which inevitably induce

performance loss.

5.1 System model

5.1.1 Network Model

Fig. 5.1 shows the overall channel model for our proposed space-air-ground integrated network

(SAGIN) Specifically, three segments are considered in this paper: the space segment (low

earth orbit (LEO) network/constellation), the air segment (high altitude platform stations

(HAPS) network), and the ground segment (user equipment (UE)). In this paper, we assume

that UEs can directly communication with both LEO and HAPS through the mounted global

navigation satellite system (GNSS). For simplicity, we denote UE as user in the following.
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FIGURE 5.1. System architecture of the space-air-ground integrated network
(SAGIN).

We denote the set of LEOs, HAPSs, and users as l ∈ L = {1, · · · , L}, n ∈ N = {1, · · · , N},

and U = {1, · · · , U}, respectively. Here, two types of task can be generated by user: delay

sensitive (DS) task which requires low latency, and delay tolerant (DT) task with relaxed

latency requirement. We denote DS task and DT task as µD and µT , respectively. Accordingly,

the DS task generated by user u can be denoted as µD
u . We utilize orthogonal frequency

division multiple access (OFDMA) to avoid user interference. This work utilizes the time-

slotted model which is commonly used in wireless communication. In this model, the timeline

is divided into two timescales, namely the long timescale (LT) and the short timescale (ST).

We denote the LT as T = {1, 2, . . . , T}, which is further divided into S ST denoted by

S = {1, 2, . . . , S}.

In this work, we performe resource allocation for both virtual machines (VMs) and subchan-

nels. Here VMs denote the computational resources and subchannels frequency resources.

Specifically, we have total K subchannels and au ∈ [0, 1] is proposed to denote the portion of

subchannels assigned to user u.
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5.1.2 Channel Model

Five challenges are considered in this paper, namely the ground-to-air channel(❶), ground-to-

space channel(❷), air-to-space channel(❸), inter-satellite link (ISL)(❹), and inter-HAPS link

(IHL ❺).

For the antenna deployments, HAPS is equipped with a uniform planar array (UPA), which has

M1 = M1
x ×M1

y antennas to communicate with users and a single antenna to communicate

with LEO. LEO is also equipped with UPA of M2 = M2
x ×M2

y antennas with M2
x represents

x-axis antennas and M2
y y-axis antennas.

The channel coefficient for ❶ and ❷ can be calculated as

h
n/l
u,k =

√√√√G
n/l
u

(
c

4πd
n/l
u f

l/n
k

)
wn/l

u g
n/l
u,k · n

n/l
u , (5.1)

where hn
u,k is the channel coefficient for ❶, hl

u,k the channel coefficient for ❷, and G
n/l
u the

total antenna gain, a product of the user’s antenna gain and that of HAPS n or LEO l. The

term d
n/l
u denotes the distance between user u and HAPS n or LEO l, wn/l

u environmental

effects-induced attenuation,gn/lu,k the small-scale fading, and n
n/l
u ∈ CM×1 the array response

vector written as

nn/l
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M
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x
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(
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x

, · · · , e
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M
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∗ −1

)
x
)
, (5.3)

where θn/l,u =
(
θxn/l,u, θ

y
n/l,u

)
denotes the angles-of-departure (AoDs) for downlink (DL)

transmission from LEO l or HAPS n to user u or the angles-of-arrival (AoAs) for UL

transmission, ∗ represents x or y axis, and d∗ is the antenna spacing along either x or y axis.
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5.1.3 Transmission Rate Model

The data transmission rate for task µT
u on channel ❶ and ❷ can be represented by

R
n/l

µT
u ,k

= log2

(
1 +

pµT
u
h
n/l
u,k(h

n/l
u,k)

H

σ2

)
, (5.4)

where pµT
u

is the transmit power of task µT generated by user u, hn/l
u,k represents the channel

coefficient in Eq. (5.1), and σ2 denotes the variance of AWGN.

For task µD, the data transmission rate on channel ❶ and ❷ can be expressed as [99]

R
n/l

µD
u ,k

=
B

ln 2

{
ln

[
1 +

p
n/l

µD
u
h
n/l
u,k(h

n/l
u,k)

H

N0B

]

−

√
1

TfB
f−1
Q

(
ϵdµD

u

)}
, (5.5)

where ϵdµD
u

is the decoding error probability, B is bandwidth per subcarrier, Tf is the time-

length of a ST, f−1
Q is the inverse Q function, N0 is the single-side noise spectral density, and

pµD
u

represents the user u’s transmit power for task µD.

5.1.4 Computing Model

Here, we use a four tuple Tu(t) = {ou(t), su(t), υu(t), ιu(t)} to represent the task generated

by user. Specifically, ou(t) denotes the computing intensity, su(t) the original size of the task,

υu(t) the processed size of the task, and ιu(t) the latency. We assume that at the beginning

of each timestep, each user generate a task with probability ϵu. We also design an adjacency

matrix E ∈ {0, 1}(U+L+N)×(U+L+N) where 1 ≤ row ≤ U is user nodes, U+1 ≤ row ≤ U+L

LEO nodes and U + L+ 1 ≤ row ≤ U + L+N HAPS nodes, to represent the connections

among all three segments in SAGIN.

5.1.4.1 Task Offloading Decisions

Task offloading decisions are made based on three indicators.
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• Local computing indicator αu(t) ∈ {0, 1} which indicates whether the task is

processed locally in UE or not.

• Vertical task offloading indicator βu,j(t) ∈ {0, 1} with 1 ≤ j ≤ L represents task is

offloaded to LEO and L+ 1 ≤ j ≤ L+N to HAPS.

• Horizontal task offloading indicator ηu,j,k(t) ∈ {0, 1} which represents whether task

is further offloading to the next hop HAPS/LEO or not.

We can get the following constraints based on the definition of the above mentioned indicators.

αu(t) +
L+N∑
j=1

βu,j(t) +
L+N∑
j=1

L+N+1∑
k=1

eu,jej,kηu,j,k(t) ≤ 1. (5.6)

Specifically, the constraint restricts the offloading decision for each task to one of the following

options: dropped, locally processed, one-step offloading, or two-step offloading.

5.1.4.2 Latency

The total latency consists of three parts: propagation, processing, and handover. In the

following, we elaborate on the calculation for each part of the total latency.

For propagation latency, it can be calculated based on

Lu
p(t) =


0, αu(t) = 1,

su
auKRu,k

, βu,j(t) = 1,

su
auKRu,k

+
dj,k
c
, ηu,j,k(t) = 1,

(5.7)

For processing latency, the calculation is achieved by

Lu
c (t) =


ou(t)
Cu

, αu(t) = 1,

ou(t)

cuj (t)∗Cj∗τ (max) , βu,j(t)/ηu,j,k(t) = 1,
(5.8)

where cuj (t) denotes the portion of the total number of VM instances allocated by server j to

a task from user u at timestep t, Cj the total number of VM instances in server j, τ (max) the

maximum CPU cycle (Hz/s) of each VM instance, and Cu the computational capability of

user u.
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For transfer latency, it can be calculated as

Lu
h(t) =


0, αu(t) = 1,

vu
auKRu,k

, βu,j(t) = 1,

vu
auKRu,k

+
dj,k
c
, ηu,j,k(t) = 1,

(5.9)

Accordingly, the total latency is Lu
o(t) = Lu

p(t) + Lu
c (t) + Lu

h(t).

5.2 Problem formation

In this section, we formulate an optimization problem that aims to find the offloading decision

triple {α ∈ {0, 1}U×1,β ∈ {0, 1}U×(N+L),η ∈ {0, 1}U×(N+L)×(N+L)}, and allocate compu-

tational resources C ∈ RU×(N+L) and portion of subchannels allocated a ∈ RU . The problem

can be formulated as

P : min
α,β,η,C,a

lim
T→∞

1

T

t=ST∑
t=1

Lo(t) (5.10)

∑
u∈U

cuj (t) ≤ Cj, (5.11a)

∑
u

au,k ≤ K, (5.11b)

Lu
o(t) ≤ ιu(t), (5.11c)

Eq. (5.6) (5.11d)

where Cj is the total VM instances in server j.

This formulated problem P is difficult to solve due to the following reasons.

(C1) P is a mixed-integer nonlinear programming problem (MINLP) which is NP-hard. It

is also a sequential decision-making problem where previous resource allocation de-

cisions will explicitly affect available resources and implicitly affect future resource
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allocation decisions. Conventional methods are capable of solving the resource

allocation problem for a single timeslot t but not over the entire duration ST .

(C2) As the SAGIN environment is continuously affected by various factors like the

movement of satellites, the underlying features of the environment may change from

time to time. This may lead to significant changes between the testing environment

and the training environment. Conventional DRL methods cannot solve problems

where the testing environment and training environment are subject to dynamic

change. Thus, it is hard for conventional DRL methods to solve P efficiently with

low complexity.

(C3) The choice of solution set {α,β,η,C,A} at previous timestep will affect that at the

next timestep implicitly by directly influencing the total available resources {Cj, K}.

Therefore, P is also a sequential decision-making problem that is hard to be solved

due to its high complexity.

5.3 Proposed Solution

5.3.1 Motivation

To address the aforementioned difficulties, we propose a new method called GDRL. The

core of this GDRL is to train a neural network that can directly generate task offloading and

resource allocation decisions by interacting with the environment. In the following, we will

elaborate on the influence of each difficulty (C1-C3) on the design of this GDRL.

To address (C1), we propose a model-free method to directly generate offloading and resource

allocation decisions based on current observations. Specifically, we modify the actor-critic

TRPO structure to enable the simultaneous output of both discrete and continuous action.

Also, we formulated a reward function to handle constraints (5.11a), (5.11b), (5.11c), (5.11d).

To tackle (C2), we propose a novel encoder-decoder-based action mapping network. With the

implementation of this network, we do not need to retrain the whole network for different
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FIGURE 5.2. The architecture of the proposed GDRL.

numbers of users. Moreover, since both networks are pretrained, they offer low implementa-

tion complexity and can be used in other networks to address the dimension problems. To

address (C3), we separate the environmental states into static and dynamic ones. The dynamic

states are directly affected by the solution set at the previous timestep, whereas the static

states remain unaffected. Each state is then processed by a neural network specifically tailored

to its unique features.

The proposed GDRL is shown in Fig. 5.2. It consists of three main parts (Part 1,2,3), one

auxiliary part (Part 4) and a reply buffer that can store the transactions (e.g., state, action,

reward, next state). Generally speaking, in Part 1, the environment states are divided into static

states and dynamic states based on whether the state is influenced by the previous timestep

actions. In Part 2, separated states are inputted into different parts of the actor network to

generate latent actions for both discrete and continuous actions. In Part 3, the latent actions

are inputted into the action mapping network to generate the exact offloading and resource

allocation decisions. In Part 4, the DRL agent interacts with the environment according

to the actions generated by the action mapping network, and the final reward is calculated

accordingly. In the following subsections, we elaborate on each part of this GDRL.
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FIGURE 5.3. The structure of the proposed GFEN.

5.3.2 The component of GDRL

5.3.2.1 State separation (Part 1 in Fig. 5.2)

As mentioned in the motivation part, some states are influenced by previous actions and

some states are not. To capture the features of different states, we separate the states into

static and dynamic ones. Note that the static states only represents the state that is not

affected by the actions and do not imply states that remain unchanged over time. The

components of static and dynamic states are shown in Fig. 5.3. Specifically, the static states

contain the location information of LEO locl, HAPS locn and user locu, the connection status

E, the initial computation C init
n/l and frequency K init

n/l resources of LEO and HAPS, and the

initial computation capacity C init
u of user u. The dynamic states include the tasks Tu(t),

the remaining computation Cn/l and frequency Kn/l resources of LEO and HAPS, and the

remaining computation resources Cu of user u. It is straightforward that the resources are

influenced by actions. The reason for categorizing tasks in the dynamic states is that the task

is influenced by the offloading decisions. For µT , if the task is rejected (α = 0, β = 0, γ = 0),

it will be given a new priority value and wait to be processed at the next timestep. If the delay

µT experiences exceed its delay requirement, the task will be discarded. In contrast, µD is
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immediately discarded upon rejection due to its stringent latency requirements. Until a task is

processed (whether discarded or offloaded), no new task of the same category (µD or µT ) will

be generated. Therefore, tasks are influenced by the actions (offloading decisions) and should

be categorized into dynamic states. We denote Ssta and Sdyn as static states and dynamic states,

respectively.

After the separation of states, Ssta and Sdyn will be received by different parts of the graph

feature extraction network (GFEN) to generate latent actions. Fig. 5.3 shows the structure

of the proposed GFEN. It can be seen that the GFEN consists of two parts: the encoder

part and the decoder part. Static states Ssta are forwarded directly to the encoder, and the

encoder output, along with dynamic states Sdyn, are then input into the decoder for latent

action generation. Here, we leverage the graph convolutional network (GCN) to construct the

encoder part. The reason for choosing GCN lies in its high efficiency for extracting features

of graph-structured data. Since static states Ssta are graph-structured data, GCN is the best

choice. Specifically, we formulate an undirected graph G = (V , E) where V = {U ,L,N}

represents the set of nodes, and E represents the set of edges. Each user, LEO, and HAPS are

treated as a node in the graph G, the connection status E is equivalent to an adjacency matrix,

and other parts of Ssta can be treated as the node feature X =
{
li, C

init
i , K init

i

}
i
∈ R(U+L+N)×3

with x ∈ RU+L+N represents each type of feature. Note that for users, the value of K init
u is

set to 0, as users do not have subchannels. The degree matrix D can be derived from the

adjacency matrix by

di,i =
∑
j

ei,j, (5.12)

where di,i represents the diagonal value of D. Therefore, D can be represented as

D =

 di,i i = j

0 i ̸= j,
(5.13)

where D only has values at its diagonal and zeros elsewhere. Accordingly, the multiplication

of x with a filter gθ = diag(θ) ∈ RU+L+N in the Fourier domain can be represented as

gθ ∗ x = UgθU
⊤x, (5.14)
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where U is the matrix of eigenvectors and can be obtained from the decomposition of the

normalized graph Laplacian matrix L, which is

L = I(U+L+N) −D− 1
2ED− 1

2 = UΛU⊤, (5.15)

where Λ represents the diagonal matrix of eigenvalues. According to the theory of GCN, gθ

can be calculated based on eigenvalues of L, which can be further denoted as gθ(Λ). As the

complexity for performing (5.15) is very high (O((U + L+N)2)), gθ(Λ) is approximated

by a truncated expansion of Chebyshev polynomials Tk(x) up to K-th order, which is

gθ′(Λ) ≈
K∑
k=0

θ′kTk(Λ̃), (5.16)

where θ′k represents the Chebyshev coefficients, and Λ̃ represents a rescaled version of Λ with

Λ̃ =
2

eigenmax
Λ− I(U+L+N), (5.17)

where eigenmax represents the largest eigenvalue of L. The Chebyshev polynomials are defined

as

Tk(x) = 2xTk−1(x)− Tk−2(x),

T0(x) = 1, T1(x) = x.
(5.18)

Changing g(θ) into (5.14) by g(θ′) in (5.16), we can derive

gθ′ ∗ x ≈
K∑
k=0

θ′kTk(L̃)x, (5.19)

where L̃ represents the rescaled version of L with

L̃ =
2

eigenmax
L− I(U+L+N). (5.20)

Accordingly, (5.19) can be simplified by letting K = 1 and eigenmax ≈ 2, which can be

represented as

gθ′ ∗ x ≈ θ′0x− θ′1D
− 1

2ED− 1
2x. (5.21)
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FIGURE 5.4. The structure of the proposed LAGN.

To address the overfitting problem and to minimize the computational complexity, (5.21) can

be simplified into

gθ ∗ x ≈ θ
(
IU+L+N +D− 1

2ED− 1
2

)
, (5.22)

where θ = θ′0 = −θ′1. For X and GCN with F filters, (5.22) can be generalized into matrix

representation as

O =
(
IU+L+N +D− 1

2ED− 1
2

)
XΘ, (5.23)

where Θ ∈ R3×F represents the matrix of filter parameters, and O ∈ R(U+L+N)×F represents

the graph convolution output. Accordingly, the output of the decoder can be calcalted as

Hdec = ReLu(XdynΘdec), (5.24)

where Θdec ∈ Rdim(X)×Dh is the matrix of FNN hidden state parameters, and Dh the dimension

of the hidden state.

5.3.2.2 Latent action generation network (Part 2 in Fig. 5.2)

After step 1, we can get the output from GFEN and forward it to the latent action generation

network (LAGN) for latent action generation. Each component of LAGN is shown in Fig. 5.4.

It can be seen that the output of the LAGN consists of two parts: the discrete latent action

part and the continuous latent action part. It should be noted that the term “discrete latent

action” does not imply that the action itself is discrete. Rather, it refers to the segment
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of the latent action that is utilized to generate the final discrete action. The latent action

generation problem can be formulated as a Markov decision process (MDP) problem The

Markov decision process (MDP) problem for the generation of latent action can be denoted

by a tuple {S,A,M,V , g, ρ0}, where A represents the latenet action set with A = {ac, ad}

where ac represents the continuous latent action and ad represents the discrete latent action,

M : S ×A× S → R represents the transition probability distribution, V represents reward

function, g ∈ (0, 1) represents the discount factor, and ρ0 : S → R represents the distribution

of initial states. Note that the set of states S is the output received from the GFEN. We use

Gaussian distribution as the main policy distribution, and the direct output of LAGN is the

mean and variance of Gaussian distribution. Then, the latent actions are samples drawn from

these distributions.

LAGN is built upon trust region policy optimization (TRPO), and two main reasons exist for

utilizing TRPO instead of other DRL algorithms. First, TRPO’s policy update has a guarantee

of monotonic improvement, a feature absent in other DRL methods. This characteristic of

TRPO ensures that each update step yields an improved policy over the last, contributing to

faster convergence. Second, TRPO implements the advantage function, Aπ, which offers a

more stable policy update than other policy gradient methods and can be defined as

Aπ(o(t), ac(t), ad(t)) = Qπ(o(t), ac(t), ad(t))− Vπ(o(t)), (5.25)

where π : A × S → [0, 1] represents the policy, o(t) represents the output obtained from

the GFEN, ac(t) is the continuous latent action, ad(t) denotes the discrete latent action,

Qπ(o(t), ac(t), ad(t)) represents the Q-value function, and Vπ(o(t)) is the state value function.

To simplify notations, we replace ac(t) and ad(t) with a(t) = [ac(t), ad(t)]. Therefore, the

Q-value function Qπ(o(t), a(t)) can be represented as

Qπ(o(t), a(t)) =

Eo(t+1),a(t+1),...

[
∞∑
l=0

glζ(o(t+ l))

]
,

(5.26)
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where g is the discount factor, l is the time lag. According to the formation of Aπ(o(t), a(t)),

we can now define the advantage of old policy πold over new policy after an update πnew as

ξ(πnew) = ξ(πold) + Eo0,a0,···∼πnew

[
∞∑
t=0

gtAπold (o(t), a(t))

]
, (5.27)

with

ξ(π) = Eo0,a0,...

[
∞∑
t=0

gtζ(o(t))

]
. (5.28)

Changing the expectation term in (5.27), we can now derive

ξ(πnew) = ξ(πold) +
∑
o

ηπnew(o)
∑
a

πnew(a | o)Aπold(o, a), (5.29)

with

ηπ(o) =
∞∑
t=0

gtP (o(t) = o | π) , (5.30)

where ηπ(o) is the discounted transition probability distribution. According to the advantage

of one policy over another, we formulate the objective function as

Lπold(πnew) =ξ(πold)+∑
o

ηπold(o)(
∑
a

πnew(a | o)Aπold(o, a) + E (o)),
(5.31)

where E (o) is entropy loss with

E (o) =−
∑
ac

πnew (ac | o) lnπnew (ac | o)

−
∑
ad

πnew (ad | o) lnπnew (ad | o) .
(5.32)

Accordingly, the problem to be solved by TRPO can be represented as

maximize
πnew

Lπold(πnew)

subject to DKL (πnew(· | o)∥πold(· | o)) ≤ δ,
(5.33)

where DKL represents the KL divergence, δ the trust region constraint. Using linear and

quadratic approximation for the objective function and KL divergence, respectively, we can
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simplify the problem (5.33) into

maximize
θ′

zT (θpnew − θpold)

subject to
1

2
(θpnew − θpold)

T Cθp (θ
p
new − θpold) ≤ δ,

(5.34)

where θp represents the parameters of the policy network, Cθp the Hessian matrix of the KL

divergence and z the gradient of Lπold(πnew) Problem (6.22) can be solved using Lagrangian

duality, resulting in the policy network parameter update rule as

θpnew = θpold + κ

√
2δ

zTC−1
θp z

C−1
θp z, (5.35)

where κ can be calculated utilizing line search. For value network, the update rule is

ϕnew = argmin
ϕ

1

ST

ST∑
t=0

(Vϕ (o(t))− ζ(o(t)))2 , (5.36)

where ϕ is value network parameter, and ζ(o(t)) the reward.

5.3.2.3 Action mapping network (Part 3 in Fig. 5.2)

After Part 2, we then move to Part 3, where the output of LAGN is forwarded into the action

mapping network (AMN) for final resource allocation action generation. Fig. 5.5 shows the

network architecture of AMN. It can be seen that the AMP leverages the long-short-term

memory (LSTM) network to handle input with different dimensions. Specifically, LSTM

can generate a fixed-dimension output with varying-dimension input. It can store long-term

dependencies by introducing memory cells and three types of gates. Namely, the input gate,

forget gate, and output gate. Specifically, gates are presented as

ψi(u) = δ(Θl
ih(u− 1) + θlix(u) + bi)

ψf (u) = δ(Θl
fh(u− 1) + θlfx(u) + bf )

ψo(u) = δ(Θl
oh(u− 1) + θlox(u) + bo),

(5.37)
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where ψi(u),ψf (u),ψo(u) represent the input gate, the forget gate, and the output gate,

respectively; σ represents the sigmoid function, {Θl
i,θ

l
i,bi}, {Θl

f ,θ
l
fbf}, {Θl

o,θ
l
o,bo} rep-

resents the learnable parameters for LSTM input gate, forget gate and output gate, respectively;

h represents the hidden state. Furthermore, memory cells are represented as

ψi(u) = tanh(Θl
ch(u− 1) + θlcx(u) + bc)

c(u)) = ψf (t)⊙ c(u− 1) +ψi(u)⊙ψc(u),
(5.38)

where ψc(u) is the input cell, c(u) the output cell, {Θl
c,θ

l
c,bc} are the learnable parameters

for LSTM input cell. According to (5.37) and (5.38), the hidden state h(u) can be calculated

as

h(u) = ψo(u)⊙ c(u). (5.39)

It’s important to note that the index in question is the user index u, rather than the time index

t. The input x(u) represents the actions of a single user, and these user actions are inputted

into the network sequentially. Figure illustrates the process. The last hidden state h(uact) is

then treated as the input of the next FNN network.

It is clear that LSTM is the core component of the AMP network in both the encoder and the

decoder part. In the encoder part, the LSTM receives true discrete action and generates latent

FIGURE 5.5. The structure of the proposed AMN.
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vectors. The latent vector is then forwarded to the FNN which generates means and variances

for various Gaussian processes. The latent actions are samples of these Gaussian processes.

In the decoder part, the latent actions are forwarded into the FNN network and then into the

LSTM network for true actions generation. For discrete actions, the decoder LSTM generates

the probability of each discrete action and the discrete action with the highest probability

is chosen as the true action. For continuous actions, the decoder LSTM directly generates

the portion of total resources allocated to each user. Note that the number of users is set to

the maximum number of users, and resources allocated to non-active users are set to zero.

Here, we use atrue to represent the true action, whose dimension varies with the number of

active users, alatent to represent the latent action, whose dimension does not change and is a

hyperparameter to be set in the TRPO policy network, amax to represent the maximum number

of users that can be accepted into the network. After training AMN with a predefined dataset,

the decoder part of AMN is implemented into the DRL architecture directly to generate true

actions.

5.3.2.4 Reward calculation (Part 4 in Fig. 5.2)

In this part, we formulate the reward function that can address the priorities of different tasks,

delay requirements, and total resource constraints. Specifically, the reward function for each

user is shown in (5.40),

R(t) =



λ1

∑
j

(Cj −
∑
u

cuj (t)) + λ2(K −
∑
u

au,k)

+ λ3

(∑
u

κ(ιu(t)− Lu
o(t))

)
, if Lu

o(t) ≤ ιu(t),

λ1

∑
j

(Cj −
∑
u

cuj (t)) + λ2(K −
∑
u

au,k)

−
∑
u

bp, if Lu
o(t) > ιu(t).

(5.40)

where bp represents a large value penalty term that is tuned during training, and (λ1, λ2, λ3)

are hyperparameters for each constraint terms.
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FIGURE 5.6. The learning process of MAML.

5.4 The Proposed Meta-GDRL

5.4.1 Motivation

In the previous section, we give a detailed description of each part of GDRL and explain why

GDRL can efficiently perform task offloading and resource allocation with low complexity.

However, in practice, the situation is more complex, where key parameters like available

resources, location of LEO/HAPS, and task-related parameters may change dramatically

due to the rapid movement of space and air segments. Even though DRL has a stronger

generalization ability compared with optimization-based approaches, it has the limitation of

being unable to maintain inference performance when a mismatch between the training and

testing environment exists [100].

To address this problem, the Model-Agnostic Meta-Learning (MAML) approach is integrated

into our proposed GDRL. Specifically, MAML enables the quick adaptation of the DRL

method to a new environment with only a few training examples obtained from the new

environment by leveraging the idea of meta-learning [101] .
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5.4.2 Definition

We first define the phrase ’environmental tasks’ as environments with different key parameters

and ’tasks’ as tasks generated by users. In this paper, key parameters include the parameters

for user request generation and the total initial resources. These parameters are set to follow

the distribution p (E) with E denoting the environmental task. The core idea behind MAML

is the assumption that its internal network representation (θm) of the distribution p (E) has

some shared features, and these features can be learned through training. These features can

boost the learning process and make the DRL model adapt quickly to the new environmental

tasks generated by the same distribution with only a few steps of training required. Generally,

the learning process of MAML is constructed by two loops: inner and outer loop. The inner

loop takes the responsibility of adapting θm to one environmental task, and the outer loop

updates the globe model ( representing common features) based on the loss obtained from the

training under all environmental tasks.

The learning process of MAML is shown in Fig. 5.6. It can be seen that θi is calculated for

each environmental task with the initial value equal to θm. It does not modify θm. Here, θi is

the adjustable parameters for the environment task Ei, and each Ei has its own θi. Another

important notation is the supporting dataset for Ei, we use Ds
i to represent this dataset.

The one-step inner loop update can be formulated as

θi = θm − λin∇θmLi (θm;Ds
i ) , (5.41)

with λin representing the learning rate, and Li denoting the loss function for Ei.

After the inner loop, we can obtain the updated model f(θi) for each Ei. Note that the initial

model is denoted as f(θm). Utilizing a set of f(θi), we can generate a query dataset and

can then perform the outer loop. The outer loop starts to update the f(θm) based on the loss

obtained from all Ei using this dataset. This update process of θm is performed with the goal

of minimizing the loss

min
θ

∑
Ei∼p(E)

Li(θi;Dq
i ), (5.42)
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where Dq
i is the query dataset. Hence, the θm is updated as

θm = θm − λout∇θm

∑
Ei∼p(E)

Li (θi;Dq
i ) , (5.43)

with λout denoting the learning rate.

5.4.3 Implementation

To incorporate MAML into TRPO, we must analyze the TRPO loss functions and their

parameter gradients. Specifically, the loss function in Eq. (4.30) for the TRPO policy network

measures performance differences between the new policy πnew and the old policy πold. This

concept can be generalized as follows.

Lπold(πnew) = E
o,a∼πold

[
πnew

πold
Aπold(o, a)

]
. (5.44)

Here, the advantage function Aπold(o, a) is approximated by its GAE-based estimate AGAE(o, a)

using the generalized advantage estimation method, as follows.

AGAE(o(t), a(t)) =
∞∑
l=0

(gn)lδ(t+ l), (5.45)

and

δ(t+ l) = V(o(t)) + gVπ(o(t+ 1))− Vπ(o(t)), (5.46)

where V(o(t)) represents the reward function, and n ∈ [0, 1] is the variance reduction

parameter controlling the bias-variance trade-off. Following [102], the MAML loss Li can be

expressed as

Li = −Lπi
old
(πi

new), (5.47)

with πi representing the policy obtained from Ei. Combining Eq. (5.41) and Eq. (5.47), the

one-step inner loop parameter update is given by

θinew = θm + λin∇θmLπi
old
(πi

new). (5.48)
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Note that the difference between f(θnew) and f(θm) must remain within the trust region to

ensure a monotonic improvement guarantee. Thus, considering Eq. (6.23), the final update is

θinew = θm + κ

√
2δ

zTC−1
θm
z
C−1

θm
z, (5.49)

where the gradient z and can be calculated based on

z =
1

ST

ST∑
t=0

Â (o(t), a(t))∇θi log π (a(t) | o(t)) . (5.50)

The outer loop for the update of θm should be

θm = θm + λout∇θm

∑
Ei∼p(E)

Lπi
old
(πi

new). (5.51)

Note that for the outer loop, we can choose a value of λout and do not need to satisfy the trust

region constraint. For the value network of TRPO, the loss function is

Lpolicy =
ST∑
t=0

(Vϕ (o(t))− ζ(o(t)))2 , (5.52)

and thus the inner loop one-step update for the value network can be formulated as

ϕi = ϕm − λin∇ϕmLpolicy, (5.53)

and the outer loop for the value network is

ϕm = ϕm − λout

∑
Ei∼p(E)

∇ϕmLpolicy. (5.54)

The algorithm for the integration of MAML and TRPO (MAML-TRPO) is shown in 2.

5.5 Simulation Results

In this section, simulation results are elaborated on to evaluate the performance of our

proposed GDRL. We first validate that our proposed GDRL performs the best compared

with other benchmark methods to solve the SAGIN task offloading and resource allocation

problem P . Then, we demonstrate the performance enhancements achieved through the
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Algorithm 2 MAML-TRPO
1: Iin: number of inner loop steps
2: Iout: number of outer loop steps
3: E: number of environmental tasks
4: for Iout iterations do
5: Sample E environmental tasks: Ei ∼ p(E)
6: for each Ei do
7: Copy the parameter θm to θi of Ei
8: for Iin iterations do
9: Interact with the environment

10: Compute AGAE(o(t), a(t)) using Eq. (5.45)
11: Compute z using Eq. (5.50)
12: Update θinew using Eq. (5.49)
13: Update ϕi using Eq. (5.53)
14: end for
15: Calculate Li using Eq. (5.47)
16: Calculate Lpolicy using Eq. (5.52)
17: Update θm using Eq. (5.51)
18: Update ϕm using Eq. (5.54)
19: end for
20: end for

implementation of GFEN and AMN. We need to highlight a key point for all these following

figures. All the baseline methods (except random) use our proposed encoding scheme and

the trained AMN to directly generate actions. Without the usage of the encoding scheme and

AMN, these methods cannot work properly due to the reasons mentioned in previous sections.

To begin with, we first list the relevant parameters for the simulation. For task generation, we

use the following parameters:

DT su(t) ∈ [8000, 10000] bits, DS su(t) ∈ [200, 500] bits,

DT vu(t) ∈ [5000, 6000] bits, DS vu(t) ∈ [50, 200] bits,

DT and DS ou(t) ∈ [1000, 3000] bits,

Cj ∈ [100, 130] for LEO, Cj ∈ [50, 80] for HAPS,

τ (max) = 106 Hz.
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FIGURE 5.7. MSE between latent actions from TRPO and AMN.

For GDRL training, we set the batch size to 128, the experience horizon to 1024, the activation

function to Sigmoid, and the optimizer to Adam. Additionally,

B = 15 kHz, ϵdµD
u
= 10−3, Tf = 10−3 s, K = 100,

N0 = −173 dBm/Hz, Gl/n
u = 10, M

l/n
x/y = 6.

5.5.1 Training Loss

To investigate the selection of learning rate and its influence of the reconstruction error

produced by AMN, we conduct the test in Fig. 5.7. It shows the mean square error (MSE)

between the latenct action generated by LAGN and that obtained from the output of AMN

during the training process of GDRL. On the left hand side shows the MSE for discrete AMN,

and on the right hand side shows that for continuous AMN. In this simulation, we select three
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FIGURE 5.8. Value function loss for GDRL.

learning rates: 0.1, 0,01, and 0,001 and gives the MSE value. It can be noticed that learning

rates of 0.01 and 0.001 yield lower variance than 0.1, indicating that both achieve similarly

improved reconstruction performance relative to 0.1.

To reveal the impact of the number of training loops on value function loss of GDRL, we have

carried out simulations for three training loops, and the results are presented in Fig. 5.8. Here,

the value function loss is the difference between the GDRL’s expectation of a state’s value and

the empirically observed value of that state. Note that, to collect latent actions and perform

alternative training between AMN and TRPO, multiple training loops must be conducted.

The solid lines represent the smoothed loss values, while the background near transparent

lines indicate the actual loss at each timestep. It is clearly shown that, for each iteration, the

general trend is that the smoothed value function loss reduces as learning progresses. It also

reveals that the smoothed value function loss is lowered with the increase of the loop index,

indicating the convergence of the alternative training between AMN and TRPO. When it

comes to the actual value function loss, it is observed that, as the training index increases,

the loss fluctuation range significantly narrows, indicating the improvement of the system

stability.
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FIGURE 5.9. The task offloading and resource allocation actions for different
service types.

One example of the task offloading and resource allocation decisions made by GDRL is shown

in Fig. 5.9. Note that these decisions are for only one user, and the parameters of GDRL

stay unchanged during this process (Inference) to give an insight of GDRL’s decision-making

procedure. It can be noticed that the x-axis is divided into three components: task type

(DS/DT), timestep (1-21), and server (HAPS/LEO/HAPS(I)). Here, we denote the task was

initially offloaded to one HAPS before being transferred to another as HAPS(I), and show

a randomly selected 20 consecutive timesteps. The figure reveals that most DS tasks are

directed to HAPS, while DT tasks are routed to LEO, likely due to LEO’s closer proximity

and lower latency. After several timesteps (2–7) of assigning tasks to HAPS, GDRL switches

to local processing of DS tasks at steps 8 and 11, presumably to prevent exceeding resource

constraints. This decision may also be influenced by the frequency resource allocation

observed in the previous timesteps (6–7), where a large portion of the available frequency

was already utilized.
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5.5.2 Baseline Methods for Comparison

Here, the baseline methods adopted for comparison are introduced.

(1) Random: Under this method, task offloading and resource allocation decisions are

generated based on a random distribution. It is obvious that this is the worst case

scenario and can served as the baseline for all other methods.

(2) TRPO [91]: An on-policy method that can only generate one type of actions. It has a

monotonic policy improvement guarantee compared with others.

(3) PPO [95]: Proximal policy optimization (PPO) is another on-policy method which

is a simplified version of TRPO. Compared with TRPO, it has lower training com-

plexity.

(4) SAC [96]: A well-known off-policy method which is featured by regularization. It is

trained with the goal of balancing between return and entropy, which can be treated

as the balancing between exploration and exploitation in other methods.

(5) DDPG [97]: Another off-policy method that closely resembles Q-learning. It utilizes

off-policy data and Belmore equation to learn a Q-function.

5.5.3 Performance Comparison

Fig. 5.10 compares the return between our proposed GDRL and the baseline methods. It can

be seen that GDRL achieves the highest return among all methods. For off-policy methods

DDPG and SAC, each of them converges to its own sub-optimal solution which is worse than

on-policy methods TRPO and PPO. Note that, compared with on-policy methods, off-policy

methods introduce more randomness into the environment and thus are less robust in solving

problem P . It is also seen that for GDRL, the case with GFEN significantly outperforms the

case without GFEN. This clearly verifies the benefit that GFEN brings to GDRL. It is also

observed that the initial training result for our proposed GDRL with GFEN is significantly

higher than all other methods. This is because, as stated in Section VI A, GDRL has been

trained twice beforehand, while all the others have not been trained at all beforehand. Overall,

Fig. 5.10 substantiates the superiority of our proposed GDRL over the baseline methods.
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FIGURE 5.10. Training reward comparison.

FIGURE 5.11. Cumulative latency comparison.

After training, a comparison is carried out in Fig. 5.11 in terms of cumulative latency. It can

be seen that GDRL achieves the lowest cumulative latency consistently across all timesteps.

In contrast, as expected, the random method is inferior to all the other methods. It can also
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FIGURE 5.12. Inference latency comparison.

be seen that all methods exhibit an increase in cumulative latency over time. This trend is to

be expected, as there is an inherent accumulation of processed tasks over time. Furthermore,

GDRL has the least slope, indicating that it has the lowest rate of latency accumulation as

time progresses. This verifies that GDRL can efficiently minimize latency and maintain

long-term consistent performance. It can also be noticed that the slopes of DDPG and SAC

are steeper compared to TRPO and PPO, which is consistent with other results. In summary,

GDRL’s performance in latency management outperforms the baseline methods, evidencing

its superior efficiency in solving P .

Note that, in Fig. 5.12, the total available resource is assumed to be fixed. To evaluate these

methods in a more practical environment, we compare the inference latency in Fig. 5.12 for

three scenarios where the total available resources of the LEO/HAPS vary with time. For

Scenarios 1-3, LEO and HAPS resources are set to be between 150-200 and 100-150, between

100-150 and 50-80, and between 50-80 and 30-60, respectively. Specifically, Scenarios

1-3, in ascending order, represent abundant, moderate, and stringent resource availability,

respectively. For each of these five methods, it is shown in Fig. 5.12 that, consistent with

expectation, the inference latency increases with the reduction in available resource levels. In
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FIGURE 5.13. Latency comparison under different ϵ.

addition, in all three scenarios, GDRL achieves significantly lower inference latency than all

the other four methods, verifying the advantage of GDRL regardless of the available resource

level. It is also observed that, in all resource levels, on-policy methods TRPO and PPO

result in lower latency than off-policy methods SAC and DDPG, which is consistent with the

observation in Figs. 5.10 and 5.11. Overall, Fig. 5.12 clearly proves that GDRL performs best

in resource allocation to each task to reduce latency for a broad range of available resource

levels.

A similar comparison is carried out in Fig. 5.13 for two different task generation frequencies,

where ϵ=0.9 embodies a high task generation probability scenario and ϵ=0.7 a moderate one.

It can be seen that, for each method, latency increases when ϵ increases from 0.7 to 0.9, as

fewer tasks are generated for ϵ=0.7. In addition, the relative supremacy of these methods in

terms of latency is the same as that in Fig. 5.12.
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5.6 Computational Complexity and Scalability

In this section, we discuss the computational complexity and the scalability of the proposed

method. specifically, the computational complexity analysis of the DL-based approaches

consists of two parts: the training and inference complexity. Here, the training complexity

refers to the complexity that experienced during the training process which is mainly caused by

updating parameters and backpropogation. The inference complexity refers to the complexity

occurred during the inference process, where the parameters stay unchanged. This complexity

originates from the action generation based on current environment states.

5.6.1 Training Complexity

The GFEN consists of two layers of GCN and four layers of multi-layer perception (MLP).

The computational complexity can be represented as [103]

The training complexity for GDRL can be separated in two three parts according to its

structure, namely the GFEN, the LAGN, and the AMN part. For GFEN, the computational

complexity can be derived from [103]

CMLP = nin1 +
4∑

l=2

nl−1nl + n4no,

CGCN =
∑
i

F 2
i |E|+ Fi|V|,

CGFEN = CGCN + CMLP,

(5.55)

for a 4-layer MLP, a 2-layer GCN, and the GFEN, respectively. In this notation, ni is the

input dimension, n1 and n2 are the numbers of neurons in the first and second MLP layers, Fi

denotes the node features for the i-th GCN layer, |E| is the number of edges, and |V| is the

number of nodes.
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The LAGN consists of a total of eight layers MLP with four layers critic network and four

layers actor network. Accordingly, its computational complexity can be represented as [104]

CLAGN = 2

(
nin1 +

(
3∑

l=1

nlnl+1

)
+ n3no

)
. (5.56)

Finally, the AMN is constructed by four layers MLP where the complexity of each layer can

be calculated based on Eq. (6.38), and two layers of LSTM with the each layers’ complexity

of

CLSTM = ninh(4ni + 4nh + 3 + no), (5.57)

where nh is the number of hidden units. Accordingly, AMN’s complexity is

CAMN = 2CLSTM + CMLP. (5.58)

Thus, the training complexity of GDRL can be represented as

CGDRL = CGFEN + CLAGN + CAMN. (5.59)

5.6.2 Inference Complexity

As the GDLR model is trained offline, the online inference complexity remains very low,

which can be expressed as O(nall) [105], where nall denotes the overall number of neurons.

5.6.3 Complexity Comparison

To ensure a fair computational complexity comparison, the methods in [80, 81] as well as the

baseline algorithms (TRPO, SAC, PPO, DDPG) must also integrate AMN. Without AMN,

the discrete action space has size 2 + 2(N+L) + 2(N+L)2 , which grows exponentially with the

number of LEOs/HAPS and prevents these schemes from converging. By incorporating AMN,

the action space size is reduced to 23+log2(max(N,L)), making the problem tractable. When all

methods include AMN, GDRL’s training complexity is higher due to the GFEN. However,

since only two node features are used, the additional complexity of GFEN remains low and
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scales linearly with the number of neurons. Simulations confirm that this minor increase in

complexity significantly boosts performance. The key factor impacting system scalability

is computational complexity. GDRL employs AMN and an efficient encoding scheme to

substantially reduce the offline training burden. Moreover, its DRL-based nature allows for

low-complexity online deployment after training. As a result, GDRL is highly scalable and

can support large numbers of UEs, LEOs, and HAPS in practical settings.

5.6.4 Scalability

The primary barrier to system scalability is computational complexity. GDRL integrates the

AMN and an efficient encoding scheme to greatly reduce the complexity of offline training.

Moreover, as a DRL-based method, GDRL can be deployed online with minimal overhead

once trained. This leads to high scalability, enabling GDRL to support large numbers of UEs,

LEOs, and HAPS for practical applications.

5.7 Conclusion

In this chapter, we presented an efficient online task offloading and resource allocation

approach in SAGIN, with its performance validated by simulation. As stated at the beginning

of this chapter, efficient task offloading/resource allocation is crucial for the integration of

three segments in SAGIN and achieving the best system performance with limited available

resources. Specifically, we proposed GDRL to generate both task offloading and resource

allocation decisions in an end-to-end manner. The key feature of GDRL is the utilization

of GNN to capture the features of topologically structured SAGIN environment states. In

GDRL, a state feature extraction network is proposed to extract features from different types

of environment states, a latent action generation network to generate latent actions from the

extracted state features and an action mapping network that leverages the encoding scheme to

generate resource allocation and offloading decisions directly. Each part features a modified

encoder-decoder structure and can be easily adapted to other networks to leverage their

advantages.
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Additionally, at the beginning of this chapter, we listed the limitations of current state-of-the-

art approaches. In the following, we conclude how GDRL mitigates these limitations.

(1) In this work, we proposed a time-sequential decision-making problem that takes into

account the correlations between actions. We formulate a SAGIN model that encom-

passes two timescales, diverse user priorities, and different antenna configurations,

which can more accurately reflect the real environment compared with other SAGIN

models.

(2) In this work, the meta-learning approach is integrated into GDRL to mitigate the

differences between the training and testing environments. Specifically, MAML

enables the quick adaptation of the DRL method to a new environment with only a

few training examples obtained from the new environment by leveraging the idea of

meta-learning.

(3) In this work, an encoding scheme is proposed to replace the conventional one-hop

representation. This encoding scheme can significantly reduce the size of the action

space by eliminating invalid action combinations. Additionally, we proposed a

separate network referred to as AMN to directly generate both discrete offloading

and continuous allocation actions. AMN is of autoencoder structure and can be

trained with low complexity. It can also be easily implemented in other networks to

mitigate the limitations of DRL-based approaches.

The work proposed in this chapter focuses on inter-task features, as stated in Chapter 1. Thus,

the intra-task features like task dependency is not considered in this work. In the next chapter,

intra-task features are emphasized, which also bring new challenges like the changing number

of air/space segments, the feature extraction of topologically structured tasks, and the handling

of two graphs. These challenges will be described in detail in the next chapter.



CHAPTER 6

Task Offloading and Resource Allocation in SAGIN with Task

Dependencies

In this chapter, we present the task offloading and resource allocation strategy referred to as

GF-DRL to utilize the resources from all three segments efficiently. Different from Chapter

4, this work focuses on intra-task features as discussed in Chapter 1 (introduction). In the

following, we first give an introduction of intra-task features. Then, we present our system

model and formulate the problem based on this model. After that, we present our solution,

GF-DRL, and give a detailed description of each part. Then, we introduce the reincarnating

technique and implement this into GF-DRL to achieve low retraining complexity. Simulation

results validate the performance of GF-DRL.

Intra-task features are seldom explored in the field of task offloading resource allocation

in SAGIN. Of all the works listed in Chapter 2, only 2 works consider task dependencies.

Additionally, for both works, no modification of the task offloading/resource allocation

approaches is made to cater to these dependencies. Despite the little attention paid to it,

intra-task features are very important in real-world SAGIN implementation. The reasons are

summarized as follows.

(1) Most tasks generated by one application/user are dependent, which means that the

processing of one task requires the results of another. Ignoring the task dependencies

results in the exclusion of a wide range of service types.

(2) Simplifying the relationship among tasks leads to the degrading performance of task

offloading/resource allocation schemes when implemented in the real world. As all

these methods do not consider task dependency in the first place, all dependencies
119
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between tasks will be lost, which inevitably leads to slower convergence, suboptimal

offloading/allocation decisions, and higher costs compared with ones that take into

account these dependencies.

In the previous chapter, we summarized the importance of efficient task offloading/resource

allocation in the successful implementation of SAGIN. As little work focuses on intra-task

features, this motivates us to investigate the task offloading and resource allocation scheme in

SAGIN that focuses on intra-task correlations.

Next, in Chapter 2, we present a detailed literature review on task offloading/resource alloca-

tion schemes for SAGIN. From the perspective of intra-task features, these works have the

following limitations.

(1) Most of these works do not take into account the correlation between tasks, which

limits the type of services covered. For works that consider task dependency, this

dependency is not considered as graphical data and only task offloading decisions

are provided. Additionally, no modification of the task offloading/resource allocation

approaches is made to cater to these dependencies.

(2) None of these methods take into account the inherent topological structure of the

SAGIN states and tasks. Since graph neural networks perform better with graph-

structured data compared to multilayer perceptrons (MLPs), these methods are

inefficient at capturing features in the SAGIN environment due to MLP-based DRL.

This results in slow convergence and performance degradation in terms of minimizing

latency.

(3) All these methods assume that the total number of segments in SAGIN remains

constant. This assumption is essential for DRL-based approaches since the input

and output dimensions of DRL must stay fixed. However, due to the movement of

LEO/HAPS, the number of segments can change dynamically, necessitating frequent

retraining of the DRL-based methods.
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FIGURE 6.1. System architecture of the space-air-ground integrated network
(SAGIN).

6.1 System Model and Problem Formulation

6.1.1 Network Graph Model

We consider a SAGIN shown in Fig. 6.1, which consists of three segments: the space

segment (LEO), the air segment (HAPS), and the ground segment (UE). Note that, unlike

the system in the previous chapter, LEO, HAPS, and UE are all equipped with single-input,

single-output (SISO) antennas. In this network, there are L LEOs, N HAPSs, and U UEs.

Both LEOs and HAPSs are equipped with computing servers capable of processing tasks

generated by UE. We further divide the time horizon into T equal slots with t ∈ {1, · · · , T}

denoting each timeslot. This approach is widely adopted in scheduling and resource allocation

problems, as it simplifies analysis by discretizing continuous time into manageable intervals.

To better represent the typology of this network, in this paper, we introduce an undirected

communication graph to model the interaction among these segments, i.e., G = {V , E , fv, fe},
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where V represents nodes, including LEOs, UAVs, and UEs, E represents edge connections

between nodes, fv maps each node to its features v → Rdv with dv represents the feature

dimension of node v, and fe maps each edge to its features e → Rde with de represents

the feature dimension of edge e. We define node sets for LEOs, HAPSs, and UEs as

l ∈ L = {1, · · · , L}, n ∈ N = {1, · · · , N}, and u ∈ U = {1, · · · , U}, respectively. We

further categorize the LEO/HAPS into two groups: access and non-access. Access LEO/HAPS

can exchange data with UE, while non-access ones can only exchange data through the relay

via access LEO or HAPS. Thus, the edge exists only between each UE and its corresponding

access LEO/HAPS. The node sets for access LEOs and non-access LEOs are defined as

lA ∈ LA and lNA ∈ LNA, respectively, with LA ∪ LNA = L. Also, the node sets for access

HAPSs and non-access HAPSs are defined as nA ∈ NA and nNA ∈ NNA, respectively, with

NA ∪NNA = N . The total number of nodes is |V| = L+N + U .

6.1.2 Task Graph Model

We assume that at each timeslot, each user generates one task 1, containing J (j = 1, · · · , J)

subtasks with inherent dependency [43]. Thus, there are a total of U (i = 1, · · · , U) tasks.

Each task generated by a UE requires several timeslots to be finished. The dependencies

between subtasks are modeled as parent-child relationships. For example, in Fig. 6.2, subtask

1 and subtask 9 are referred to as the entry subtask and exit subtask, respectively. Subtask

2 (subtask 4) is the parent (child) of subtask 4 (subtask 2), and subtask 4 needs the results

from both subtask 2 and subtask 3. To better represent task i generated at timeslot t, we

define it as a four-item tuple (oi(t), si(t), υi(t), ιi(t)) [87], where oi(t) is the computational

workload in CPU cycles per bit, si(t) the original task size in bits, υi(t) the size of the task

after processing, and ιi(t) the maximum delay allowed for task i in number of timeslots. We

can then formulate a three-item tuple as (oji (t), s
j
i (t), υ

j
i (t)) to represent subtask j within task

1This assumption is made to test the system’s performance under extreme circumstances. Masking can be
applied to exclude users who do not generate tasks.
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i. The relationship between a task and its associated subtasks can be shown as

oi(t) =
J∑

j=1

oji (t) (6.1a)

si(t) =
J∑

j=1

sji (t) (6.1b)

υi(t) =
J∑

j=1

υj
i (t). (6.1c)

To better capture the subtask dependency within a task, we further model each task as a graph

D(t) = {M(t),Q(t), fm(t), fq(t)}, where M(t) represents nodes (subtask), Q(t) represents

edges (dependencies between subtasks), fm(t) maps each node to its feature m → Rdm with

dm being the feature dimension of node m, and fq(t) maps each edge to its feature q → Rdq ,

where dq denotes the feature dimension of edge q. If the computation of one subtask requires

the result of another one, an edge is established between the two subtasks.

6.1.3 Channel Model

After defining the network and task model, we then present the channel model for three

types of links: ground-space, ground-air, and air-space, as shown in Fig. 6.1. The air-space

transmission experiences free space propagation, and the channel gain can be calculated as

[85]

In,l =
GnGlλ

2
c

(4πdn,l)2
, (6.2)

where Gn and Gl are the antenna gains for HAPS n and LEO l, respectively, dn,l is the distance

between them, and λc denotes the carrier wavelength. The corresponding transmission rate is

Rn,l = Bn,l log2

(
1 +

pn,lIn,l
σ2
n,l

)
, (6.3)

where Bn,l denotes the single subcarrier bandwidth between HAPS n and LEO l, pn,l is the

transmission power between them, and σn,l represents the power of the noise at the receiver.
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The ground-air channel gain can be represented as [76]

In,u =
GnGuλ

2
nwn,u

(4πdn,u)2
, (6.4)

where Gn and Gu are the antenna gains of HAPS n and UE u, respectively, dn,u represents

the distance between HAPS n and UE u, and wn,u represents the environmental attenuation

covering rain attenuation and atmospheric loss. In this paper, we utilize the value provided by

ITU-R in [106]. The corresponding transmission rate is

Rn,u = Bn,u log2

(
1 +

pn,uIn,u
σ2
n,u

)
, (6.5)

where Bn,u represents the single subcarrier bandwidth between HAPS n and UE u, pn,u is the

transmission power between HAPS n and UE u, and σn,u denotes the power of the noise at

the receiver.

The ground-space channel shares the same model as the ground-air channel, and its channel

gain can be written as

Il,u =
GlGuλ

2
lwl,u

(4πdl,u)2
. (6.6)

Here, the environmental effect wl,u consists of two components [107]: tropospheric effect and

ionospheric effect. In this paper, we utilize the attenuation value recommended by ITU-R in

[108] to represent these two effects. Then, the corresponding transmission rate is

Rl,u = Bl,u log2

(
1 +

pl,uIl,u
σ2
l,u

)
. (6.7)

In this paper, we use R to represent the transmission rate for all three channels.

6.1.4 Computing Model

Each subtask can be processed by locally by a UE, or offloaded to LEO, or HAPS. The

following constraints prevent offloading loops.

(1) Subtasks received by non-access LEO/HAPS can not be further offloaded.

(2) No offloading is allowed between access LEO/HAPS.
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FIGURE 6.2. One example for task offloading.

Fig. 6.2 shows an example of task offloading in a SAGIN network, with the numbered circles

corresponding to the subtasks shown in the task graph. In this example, subtask 9 is locally

processed by UE 1. Subtask 6 is offloaded to access HAPS a, and it can be further offloaded

to non-access HAPS d. Subtask 1 is offloaded to access HAPS b and can be further offloaded

to non-access LEO b. Subtask 4 is offloaded directly to access LEO a. We also define the

offloading from UE to access LEO/HAPS as one-step offloading and from UE to access

followed by non-access LEO/HAPS as two-step offloading.

Let a ∈ {n, l} denote either LEO l or HAPS n, aA access LEO/HAPS, and aNA non-

access LEO/HAPS. Then, we can define the following three indicators to represent different

offloading decisions.

(1) Local processing indicator αj
i (t), where αj

i (t) = 1 indicates that subtask j of task i

generated at timeslot t is processed locally at UE.
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(2) One-step offloading indicator βj
i,a(t), where βj

i,a(t) = 1 indicates that subtask j of

task i generated at timeslot t is offloaded to LEO l or HAPS n.

(3) Two-step offloading indicator ηj
i,aA→aNA(t). Here, ηj

i,aA→aNA(t) = 1 indicates that

subtask j of task i generated at timeslot t is offloaded to the access LEO/HAPS,

followed by non-access LEO/HAPS.

Clearly, based on the above three indicators, we have the following constraint

αj
i (t) +

∑
a

βj
i,a(t) +

∑
aA

∑
aNA

ηj
i,aA→aNA(t) ≤ 1. (6.8)

Specifically, the constraint restricts the offloading decision for each subtask to one of the

following options: dropped, locally processed, one-step offloading, or two-step offloading.

The latency for task offloading includes three components: transmission latency, processing

latency, and waiting latency. Here, waiting latency refers to the time a subtask must wait until

all the results from its parent subtasks are available. For example, in Fig 6.2, this refers to the

time that subtask 3 must waits for the results of subtask 1 and subtask 2. Transmission latency

counts for the transmission time in uplink (UE to LEO/HAPS) and downlink (LEO/HAPS to

UE). The uplink transmission latency can be written as

Lj,up
i (t) =


0 local processing

sji (t)

Kj
i (t)Ra,u(t)

one-step offloading

sji (t)

Kj
i (t)Ra,u(t)

+
sji (t)

Kj
i (t)Rn,l(t)

two-step offloading,

(6.9)

where Kj
i (t) represents the number of subcarriers allocated to subtask j of task i, sji (t) denotes

the j-th subtask size in i-th task. The downlink transmission latency can be formulated as

Lj,down
i (t) =


vji (t)

Kj
i (t)Ra,u(t)

if the last subtask

0 otherwise,
(6.10)
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where vji (t) represents the j-th subtask size after processing. Then, the total transmission

latency for subtask j can be calculated as

Lj,tr
i (t) = Lj,up

i (t) + Lj,down
i (t). (6.11)

The processing latency for subtask j can be calculated as

Lj,pr
i (t) =


sji (t)o

j
i (t)

Cu
local processing

sji (t)o
j
i (t)

Cj
i,a(t)

otherwise,
(6.12)

where Cu represents the computational resources UE u have, Cj
i,a(t) represents the com-

putational resources LEO l or HAPS n allocated to subtask j, and oji (t) represents the

computational workload in CPU cycles per bit for subtask j.

For waiting latency, we denote the set of subtasks at the g-th layer of task i generated at

timeslot t as Og(t). Subtasks are considered to be in the same layer if they have a common

parent subtask. For example, in Fig. 6.2, subtask 2 and subtask 3 are in the same layer as they

have the same parent subtask 1. We also denote the parent subtask for subtask j as j′ ∈ Pj .

Assuming that subtask j is in layer g, the waiting latency can be calculated as

Lwa
b (t) = max

j′∈Pj∩Og−1(t)
(T j,j′

i (t))

+ max
j′∈Pj∩Og−1(t)

(Lj′,tr
i (t) + Lj′,pr

i (t))

− min
j′∈Pj∩Og−1(t)

(Lj′,tr
i (t) + Lj′,pr

i (t)),

(6.13)

where maxj′∈Pj∩Og−1(t)(T
j,j′

i (t)) denotes the maximum transmission time for any parent

subtask j′ to j. Here, T j,j′

i (t) can be calculated as

T j,j′

i (t) =


0 if j and j′ are at same u/l/n

vj
′

i (t)

Kj′
i (t)Ra,u(t)

one subtask at u and one at l/n

vj
′

i (t)

Kj′
i (t)Rn,l(t)

if j and j′ are at different l/n.

(6.14)
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Additionally, maxj′∈Pj∩Og−1(t)(L
j′,tr
i (t)+Lj′,pr

i (t)) and minj′∈Pj∩Og−1(t)(L
j′,tr
i (t)+Lj′,pr

i (t))

denote the maximum and minimum of the combined (transmission + processing) latency

experienced by all parent subtasks j′ of j in the layer g − 1, respectively.

Then, the total latency of task i can be calculated as

Li(t) =
∑
g

max
j∈Og(t)

(Lj,tr
i (t) + Lj,pr

i (t) + Lj,wa
i (t)). (6.15)

With this formation, we can now define our problem in the following subsection.

6.1.5 Problem Formulation

In this subsection, we present the task offloading and resource allocation problem in SAGIN.

It takes into account the topological structures of both UE and SAGIN environment and

short-term constraints. Specifically, this problem is formulated as an MINLP problem and is

NP-hard with large action space. To begin with, we define an indicator for the completion of

task i generated at timeslot t as

∆i(t) =

1 if completed within task delay constraint ιi(t)

0 else.
(6.16)

Then, the task offloading and resource allocation process can be formulated as an optimization

problem in the form of

P : max
α(t),β(t),η(t),C(t),K(t)

1

TU

T∑
t=1

U∑
i=1

∆i(t) (6.17)

T∑
t=1

U∑
i=1

J∑
j=1

Cj
i,a(t) ≤ Ca, (6.18a)

T∑
t=1

U∑
i=1

J∑
j=1

Kj
i (t) ≤ K, (6.18b)

(6.8), (6.18c)
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where α(t) represents the set of local processing indicators αj
i (t), β(t) the set of one-step

offloading indicators βj
i,a(t), η(t) the set of two-step offloading indicators ηj

i,aA→aNA(t), C(t)

the set of computational resource allocation decisions Cj
i,a(t), and K(t) the set of frequency

resource allocation decisions Kj
i (t). Constraint (6.18a) ensures that, at any time, the combined

allocated computational resources do not exceed the total available resource Ca. Constraint

(6.18b) ensures that the total allocated frequency resources stay within the limit K.

However, Problem P is very challenging to solve due to the following reasons.

(C1) P is a non-convex NP-hard mixed-integer nonlinear programming (MINLP) dynam-

ical optimization problem with both discrete and continuous variables. It involves

sequential decision-making, where previous timeslot decisions {α(t − 1),β(t −

1),η(t−1),C(t−1),K(t−1)} affect current decisions {α(t),β(t),η(t),C(t),K(t)}.

Due to this interdependency, the conventional static optimization-based approaches,

such as BnB and generic algorithm (GA), cannot solve this optimization problem.

(C2) DRL offers a potential solution to sequential decision-making problems by directly

mapping the SAGIN states (tasks and SAGIN segments) to task offloading and

resource allocation decisions. However, traditional DRL is struggling to solve P for

three main reasons.

1) It utilizes multi-layer perceptron (MLP) to extract state features, which cannot

effectively capture the topological structure of both the SAGIN segment and

tasks, as MLP treats different tasks and SAGIN segments independently.

2) The dimensions of all decision variables {α(t),β(t),η(t),C(t),K(t)} vary

with U , L, and N . DRL is trained under fixed {U,L,N} settings and requires

retaining if these parameters change. This retraining process is time-consuming

and computationally complex.

3) Typically, DRL output actions are either discrete or continuous; however, the de-

cisions in P contain both discrete {α(t),β(t),η(t)} and continuous C(t),K(t)

variables.
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FIGURE 6.3. The architecture of the proposed GF-DRL.

6.2 Proposed GF-DRL Framework

In this section, we present a detailed description of each component within GF-DRL. The

proposed GF-DRL architecture, shown in Fig. 6.3, consists of three main components (Part

1, Part 2, and Part 3), an auxiliary component (Part 4), and a reply buffer for storing all

state-action pairs and rewards.

6.2.1 Graph Feature Extraction Network (GFEN)

The network structure of GFEN is shown in Fig. 6.4. GFEN aims to efficiently extract features

from topological structured tasks and SAGIN environment states. GFEN consists of three

steps: initial feature extraction (IFE), edge construction (EC), and feature merging (FM).

Each step is detailed below.
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FIGURE 6.4. System structure for GFEN.

6.2.1.1 Initial Feature Extraction

The first step in GFEN is to extract and concatenate features from G and D to construct a

new graph. Task graph D consists of the distinct QoS requirements of each subtask, and G

reflects current available resources in SAGIN. In the IFE step, we utilize GCN [109] to extract

features from graph G and D. Denoting a GCN layer as gc, the IFE process can be represented

as

HG = gc(IG,EG)

HD = gc(ID,ED)

HIFE = CON(HG,HD),

(6.19)

where HG ∈ R(U+N+L)×F and HD ∈ RIU×F represents the output feature for graph G and

graph D, respectively, IG ∈ R(U+N+L)×2 and ID ∈ RIU×3 the features for all nodes in graph

G and graph D, respectively, EG ∈ R2×(U+L+N), and ED ∈ R2×IU the edge index for graph

G and graph D, respectively, CON concatenate operation, and HIFE ∈ R(IU+U+N+L)×F the

final output of IFE.
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FIGURE 6.5. Graph merging process for GFEN.

6.2.1.2 Edge Construction

The EC step consists of two parts: hard attention and soft attention. Hard attention generates

the edges between nodes, while soft attention assigns weights to each edge. As long-term

dependency is crucial for the sequential decision-making problem P , a long short-term

memory (LSTM) network is used in the hard attention mechanism. The final output of

the LSTM network can be represented as CLSTM ∈ R(IU+U+N+L)×Fl . This output is then

passed to Gumbel softmax, which uses the Gumbel-max trick for efficient sampling from a

categorical distribution with class probability pc, where c represents different classes.

The soft attention part is constructed by the scaled dot-production attention. Specifically, key

K, query Q, and value V are generated from the fully connected neural network (FNN) based

on CLSTM. According to [110], the output from the soft attention part is

HSA = softmax
(
QKT

√
σ

)
V, (6.20)

where 1√
σ

is the scaling factor.
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FIGURE 6.6. System structure for IAGN.

6.2.1.3 Feature Merging

In the FM step, the weighted edge Aw and the extracted features HIFE are forwarded to

the GCN followed by FNN to generate extracted graph features for other parts of GF-DRL.

Specifically, the output from FM HFM can be calculated as

H1 = g(HIFE,Aw)

HFM = W1H1 + b1,
(6.21)

where {W1,b1} are the learnable parameters for FNN. The full process is illustrated in

Figure. 6.5

6.2.2 Intermediate Action Generation Network (IAGN)

The extracted feature HFM is forwarded into the IAGN to generate intermediate action.

Fig. 6.6 shows the IAGN architecture. It can be seen that IAGN generates two outputs:

intermediate continuous action and discrete action, sampled from the corresponding Gaussian

distribution. In this paper, we incorporate a modified version of TRPO to construct IAGN.
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FIGURE 6.7. System structure for AEGN.

The intermediate action generation problem can be represented as

maximize
θp

gT (θpnew − θpold)

subject to
1

2
(θpnew − θpold)

T Hθp (θ
p
new − θpold) ≤ δ,

(6.22)

where θp represents the parameter for the policy network, g the gradient, and Hθp the Hessian

matrix. Lagrangian duality is utilized to solve (6.22), and the rule for updating the policy

network parameters is

θpnew = θpold + κ

√
2δ

gTH−1
θp g

H−1
θp g, (6.23)

where κ represents the step size. The update rule for the value network can be formulated as

θvnew = argmin
θv

1

T

T∑
t=0

(Vπ(HFM)− ζ(HFM))
2, (6.24)

where θv represents the parameters for the value network.
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6.2.3 Action Encoding and Generation Network (AEGN)

R(t) =

 µ1

∑
u

∑
i γ

u
i − µ2(

∑
l/nC

l/n −
∑

u

∑
i

∑
j C

(l/n,u)
(i,j) )− µ3(K −

∑
u

∑
i

∑
j K

u
(i,j))− b, i ∈ Ni < J

µ1

∑
u

∑
i γ

u
i − µ2(

∑
l/nC

l/n −
∑

u

∑
i

∑
j C

(l/n,u)
(i,j) )− µ3(K −

∑
u

∑
i

∑
j K

u
(i,j)), i ∈ Ni = J.

(6.25)

To address the large action space problem, we propose an encoding scheme that reduces

the size of the discrete action space to 23+log2(max(N,L)) by eliminating invalid actions. The

encoding scheme consists of two segments: the basic offloading decision (BOD) and the

LEO/HAPS Index (LHI). The BOD represents the set of potential offloading decisions and

the LHI represents which specific LEO or HAPS will receive the task. Based on this encoding

scheme, we propose an online real-time low-complexity action generation network referred

to as AEGN. Fig. 6.7 shows the architecture of the proposed AEGN. AEGN consists of

two parts: The continuous AEGN and the discrete AEGN. Both continuous and discrete

AEGN are based on autoencoder structure, where the encoder receives (ac, ad) from the

IAGN and reconstruct (ac, ad) in the decoder. Specifically, the continuous AEGN encoder

receives ac from IAGN, and its decoder reconstructs ac. The output of the continuous encoder

represents the resource allocation decisions for all subtasks. Similarly, the discrete AEGN

encoder receives ad, and its decoder reconstructs ad, where the output of the discrete encoder

represents the offloading decisions for all subtasks.

6.2.4 Reward Calculation

We first define an indicator for the completion of subtask j of task i as

δji =

1 if completed within task delay constraint ιi

0 otherwise.
(6.26)

Accordingly, the total number of completed subtasks for task i is
∑J

j=1 δ
j
i . We define a

priority value for task i as

γi = λ1õis̃i + λ2ι̃i + λ3

J∑
j=1

δji + λ4∆i, (6.27)
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where λ1, λ2, λ3, and λ4 are hyperparameters, õis̃i the normalized required CPU cycles, and

ι̃i the normalized latency requirement. Accordingly, we formulate the reward as (5.40), where

(µ1, µ2, µ3) represents the scaling hyperparameters.

6.3 Performance Improvement and Validation

6.3.1 Reincarnating GF-DRL

In this subsection, we propose a reincarnating GF-DRL (RGF-DRL) to solve the high re-

training complexity problem of GF-DRL. Specifically, instead of training GF-DRL from the

Algorithm 3 Reincarnating Two-layer Graphic Deep Reinforcement Learning
1: Perform the initial training with a specific set of UE/LEO/HAPS configurations and a

defined number of subtasks in the SAGIN network (Einit).
2: Update the parameters for policy network θpinit and value network θvinit.
3: for I iterations do
4: Change the configurations of UE/LEO/HAPS and the number of subtasks in the SAGIN

network (Ei).
5: Map partial of (θpinit,θ

v
init) obtained from Einit to the corresponding (θpi ,θ

v
i ) for Ei.

6: for T training step do
7: Interact with the environment and obtain the extracted features from GFEN
8: Take actions according to the output from AEGN
9: Collect state-action-next state transactions in the replay buffer for training.

10: Compute the cumulative reward R(t)
11: Update the remaining parameters for the policy network and the value network.
12: end for
13: end for

beginning, we leverage the previously trained policy and value network parameters as the

starting point for new ones. The algorithm for the proposed R-GF-DRL is shown in Algorithm

3. To simplify notations, we denote (pn, po) as new and old policy network, (vn, vo) as new

and old value network, (θipn ,θ
i
po) as i-th layer parameters for the new and old policy network,

and (θivn ,θ
i
vo) as i-th layer parameters for the new and old value network. Here, we define

the mapping from (θipo ,θ
i
vo) to (θipn ,θ

i
vn) as
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θipn = θipo + bp i ∈ {D(in) = D(io)}

θivn = θivo + bv i ∈ {D(in) = D(io)},
(6.28)

where D(in) and D(io) represent the dimension of i-th layer parameters in the old and

new network, respectively, and bp and bv represent the bias for policy and value network,

respectively. The condition i ∈ {D(in) = D(io)} means that only parameters with the same

dimension in the same layer can be mapped from the old network to the new network. The

new parameters obtained from the old parameters are excluded from the update process, and

the gradient for these parameters is not calculated.

In this paper, most of the parameters in GFEN are not affected by the number of UE/HAPS/LEO

due to the implementation of GCN, which can naturally handle graphs with different numbers

of nodes. The layers with different dimensions for the new and old network are: the input

layer of LSTM, the the soft attention FNN input/output layer, and the input layer of the

FNN after GCN. IAGN is not affected by the number of UE/HAPS/LEO as it only generates

intermediate actions. For AEGN, as the number of UE/HAPS/LEO affects the fundamental

formation of the encoding scheme, it needs to be retrained, and information from previous

training cannot be leveraged. It should be noted that AEGN has an autoencoder structure, and

the retraining complexity is very low. Therefore, RGF-DRL can greatly reduce the retraining

complexity of GF-DRL.

6.3.2 Performance Validation of GF-DRL over DRL

In this subsection, we mathematically demonstrate the superior performance of GF-DRL

over DRL in solving P . We begin by introducing lemmas, definitions, and conclusions that

establish GNN’s superiority over MLP in solving graph optimization problems. Then, we

prove our problem is a graph optimization problem, and that GF-DRL outperforms other

DRL-based approaches. Finally, we prove that merging two graphs D and G together achieves

lower computational complexity than treating them separately.
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6.3.2.1 GNN outperforms MLP

We define a family of algorithms called distributed message passing (DMP) algorithms. DMP

is a classic set of iterative algorithms to solve graph optimization problems. In each iteration,

every node sends messages, receives messages from its neighbors, and updates its state based

on the received messages. According to the theorem in [111], this powerful algorithm family

can solve any graph optimization problem.

Lemma 1: For any graph optimization problem P1, a DMP algorithm exists that can solve it.

Proof: The proof is available in [112]. Specifically, a DMP step can implement any

permutation-invariant function, and the graph optimization problem is permutation invariant.

Therefore, DMP can solve any graph optimization problem. With the definition of DMP, we

can now prove that GNN is a special case of DMP. The relationship between GNN and DMN

is listed in the following Lemma.

Lemma 2: Let GNN(T ) be a GNN with T layers and DMP(T ) be a DMP with T iterations.

There exists an algorithm in DMP(T ) that solves the same problems as GNN(T ). Furthermore,

for any DMP(T ), there is an algorithm in GNN(T ) that solves the same problems as DMP(T ).

Proof: This Lemma is proved by Theorem 2 in [111], Theorem 7 in [112], and Theorem 3.1

in [113].

Conventional DMP algorithms are optimization-based with predefined parameters for message

encoding, aggregation, and update functions. In contrast, GNN is a DL method, where the

parameters for each function are learned from data. It has been shown in [112] that GNN

can significantly reduce the iterations required by optimization-based DMP. By combining

Lemma 1 and Lemma 2, we reach the following conclusion.

Conclusion 1: There exists a corresponding GNN(T ) that can solve each graph optimization

problem.
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Conclusion 1 shows the capability of GCN to address graph optimization problems. However,

as MLPs are universal approximators, they can also approximate DMP algorithms. In the

following section, we will directly compare the performance of GCN and MLP.

To measure the performance of each system, we adopt probably approximately correct learning

(PAC-learning) [114], a standardized method for quantifying generalization errors with limited

training samples. This allows us to theoretically evaluate and compare the generalization

performance between two DL-based systems. Specifically, PAC-learning is defined as follows.

Definition 1 ([114]): Denote the error parameter as ϵ > 0, the failure probability δ ∈ (0, 1),

and the N i.i.d samples draw from distribution D as {xi,yi}Ni=1 with yi = g(xi). We define

g as (N, ϵ, δ)-learnable with algorithm A if Px D[||f(x)− g(x)|| ≤ ϵ] ≥ 1− δ. Here, f is a

function generated by the learning algorithm A. We also denote the sample complexity as

SA(g, ϵ, δ) which represents the minimum number of N that guarantees g is (N, ϵ, δ)-learnable

with algorithm A.

In the field of DL, g is the oracle algorithm that can output the optimal solution for the graph

optimization problem, A is the gradient descent algorithm to train the neural network, and f

is the neural network. With Definition 1, we can derive that f with lower sample complexity

(smaller number of N ) is closer to g with high probability. Note that in order to implement

PAC-learning, there must be a f that can approximate g, which is guaranteed by the universal

approximation property of DL-based methods. To perform tractable comparisons between

DL-based methods, we incorporate an algorithmic alignment (AA) framework. Specifically,

we have the following definition for AA.

Definition 2: Denote the set of neural networks as Q = {Q1, · · · ,QI}, and a group of

functions (f1, · · · , fI) that generates g for Q. The neural network Q is (N, ϵ, δ)-algorithmic

align with the oracle function g if it satisfies:

(a) (f1, · · · , fI) generate g.

(b) Ai exists that satisfies n ·maxi SAi
(fi, ϵ, δ).
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Definition 2 indicates that directly learning g in neural networks is computationally prohibitive.

Instead, the complex task of learning g can be divided into server subproblems by learning

(f1, · · · , fI). Once the agreement between the algorithm and the neural network is established

using Definition 2, we can analyze the sample complexity and generalization error. With the

AA and PAC-learning framework, we can drive Lemma 3.

Lemma 3: In the commonly used GNN architecture from [111], GNNs align better with DMP

algorithms than MLPs.

Proof : The proof can be found in [111]. By applying lemma 3 with the generalization bound

of neural networks from [115], we reach the following conclusion.

Conclusion 2: Given Lemma 3, we have the following results

(a) For a given node number |V|, MLP requires O(|V|) more samples than GNN.

(b) If GNN achieves an error of ϵ and δ > Ω(exp−ϵ), the MLP architecture achieves

an error of O(|V|ϵ)

Conclusion 2 suggests that GNNs outperform MLPs in terms of sample complexity and

generalization error for solving graph optimization problems, with performance improving as

the number of nodes increases.

6.3.2.2 GF-DRL outperforms other DRL-based approaches

We first define the graph optimization problem as

P1 : min
X

f(X,N,A)

subject to C(X,N,A) ≤ 0,
(6.29)

where N ∈ R|V|×d1 represents node features, X ∈ R|V|×n the optimization variable on all

nodes with X = [x1, · · · ,x|V|] with xv denoting the optimization variable on the v-th node,

and A ∈ R|V|×|V|×d2 represents the adjacency feature tensor which is
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A(i,j,:) =

0, if {i, j} /∈ E

f(e(i,j)) otherwise,
(6.30)

where e(i,j) represents the edge between nodes i and j, E represents the collection of edges,

and f(e(i,j)) represents the edge feature of e(i,j). Accordingly, we can have the following

theorem,

Theorem 1: After the discrete action encoding process, problem P becomes a graph optimiza-

tion problem P1.

Proof : The optimization variables for P can be divided into two parts, the discrete offloading

decisions (α, β, η) and the continuous resource allocation decisions (C, K). After the discrete

action encoding process, (α,β,η) can be represented by a vector with the dimensions equal to

the sum of BOD length and LHI length, denoted by le. We denote by ad ∈ R|V|×le the discrete

action after encoding. Accordingly, the optimization variables for P can be formulated as

X = {ad,C,K} ∈ RV×(le+2),

With : C ∈ RV×1

K ∈ RV×1

(6.31)

According to (6.27), γi is the function of (X,N,A), therefore, problem P can be transferred

into

P : max
X

∑
i

f(X,N,A) (6.32)

Q1(X)− C l/n ≤ 0, (6.33a)

Q2(X)−K ≤ 0, (6.33b)

where Q1 maps the X to
∑

i

∑
j C

l/n

(i,j), Q2 maps X to
∑

i

∑
j K

l/n

(i,j). Comparing (6.33) with

(6.29), it is obvious that P ∈ P1. With Lemma 1 and Conclusion 2, we can derive Conclusion

3 as
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Conclusion 3: GF-DRL outperforms other DRL-based approaches in solving P .

GF-DRL incorporates GNN, while other DRL-based approaches use only MLP. As GNN is

superior to MLP in solving graph optimization problems like P1, GF-DRL achieves better

performance.

6.3.2.3 Merging graphs

Merging D and G can further explore both inter- and intra-correlations of the two graphs,

outperforming separate graph processing in capturing features, as shown in simulations.

Additionally, we demonstrate that merging D and G reduces computational complexity.

Specifically, we present the following theorem.

Theorem 2: Denote the merged graph by J = {W ,Z, fw, fz} where W represents nodes,

Z represents edges, fw maps each node to its feature w → Rdw with dm being the feature

dimension of node w, and fz maps each edge to its feature z → 𭟋 with dz denoting the feature

dimension of edge z. Merging D and G achieves a lower computational complexity than

treating graphs separately if Z < Q+ E .

Proof: We first define the computational complexity of GCN as

CGCN =
∑
i

F 2
i |E|+ Fi|V|, (6.34)

where Fi represents the node features for the i-th layer of GCN, |E| represents the number of

edges, and |V| represents the number of nodes. For simplicity, we only consider GCN with

two layers: input and output. Accordingly, to process graph G, the computational complexity

is

CGCN(G) = d2v|E|+ dv|V|+ d2w|E|+ dw|V|. (6.35)

To process graph D, the computational complexity is

CGCN(D) = d2m|Q|+ dm|M|+ d2w|Q|+ dw|M|. (6.36)

Accordingly, the dimension for extracted features is Rdw×(|V|+|M|), and computational com-

plexity for processing D and G separately is CGCN + CGCN. The computational complexity of
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processing J is

CGCN(J ) = d2v|E|+ dv|V|+ d2m|Q|+ dm|M|+ d2w|Z|+ dw|W|, (6.37)

Thus, if Z < Q + E , the achieved computational complexity of merging the two graphs is

less than that of processing them separately.

6.4 Simulation Results and Analysis

In this section, we first evaluate the performance of our proposed AEGN in terms of re-

construction error. Note that both our proposed GF-DRL and baseline methods need to

incorporate AEGN to generate discrete and continuous actions simultaneously. Next, we

demonstrate that GF-DRL significantly outperforms widely used DRL-based baseline meth-

ods in terms of task completion ratio and return during the inference stage. Finally, we show

that reincarnating GF-DRL brings significant benefits in terms of convergence speed relative

to simply retraining GF-DRL.

6.4.1 Simulation Setup

In this simulation, training was conducted on a computer equipped with an NVIDIA GeForce

RTX 3060 GPU, an AMD Ryzen 7 5800X 8-Core Processor, and 32 GB of RAM. The

Python 3.8 environment was managed using Anaconda, and all code was developed and

executed within the PyCharm IDE. The relevant parameters in the simulation are listed as

follows. For the task generation, we have si(t) ∈ [8000, 10000] bits, vi(t) ∈ [5000, 6000] bits,

oi(t) ∈ [1000, 3000], HAPS Cn ∈ [50, 80], the number of UEs U = 10, the number of LEOs

L = 10, the number of HAPSs N = 10, and the number of subtasks per task J = 30 unless

stated otherwise. Tasks are generated using a uniform distribution. For GF-DRL training,

the batch size is 128, the experience horizon is 1024, activation function is Sigmoid, and

the optimizer is Adam. We also have B = 15 kHz, K = 100, N0 = −173 dBm/Hz, and

G
l/n
u = 10. Other parameters are listed in table 6.1.
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Component Dimension
GCN-Task (5, 16), (16, 4)
GCN-UE (2, 16), (16, 4)
FNN-Key (4, 1)
FNN-Query (4, 1)
FNN-Value (4, 1)
LSTM (4, U +N + L+ U ∗ (J + 2))
GCN-Out (4, 1)
FNN-Out (U +N + L+ U ∗ (J + 2), 64), (64, 32)

TABLE 6.1. Crucial network components and corresponding dimensions

FIGURE 6.8. MSE between the original intermediate actions (IAGN) and
reconstructed (AEGN).

6.4.2 Simulation Result

Fig. 6.8 illustrates the MSE performance of discrete and continuous AEGN in reconstructing

intermediate actions from the original IAGN. Note that lower MSE indicates better feature

capture of intermediate actions. It can be seen that both discrete and continuous AEGN exhibit

a significant decrease in MSE as timesteps increase. This clearly indicates that, through the

training of AEGN, underlying action patterns can be precisely captured, which facilitates

the accurate modeling of intermediate actions. It can also be seen that continuous AEGN

consistently outperforms its discrete counterpart except at the end of the training, where their
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FIGURE 6.9. Training return comparison for GF-DRLs and the baseline
methods.

performances converge. This is because the higher-dimensional hidden layers in discrete

AEGN require more samples to achieve similar performance levels as continuous AEGN.

Figs. 6.9 to 6.12 compare the performance of GF-DRL with six baseline methods during

both training (parameter learning) and inference (fixed parameters). Before delineating key

findings, we briefly describe each baseline method:

(1) TRPO [91]: An on-policy method featuring a policy network for action generation

and a value network for action evaluation. TRPO uniquely guarantees a monotonic

improvement of policy.

(2) PPO [95]: A simplified version of TRPO with reduced computational complexity

achieved by clipping its objective function.

(3) SAC [96]: An off-policy DRL method that uses soft regularization to balance return

and entropy, enabling a broader exploration of actions.

(4) DDPG [97]: An off-policy DRL method that learns a Q-function using off-policy

data and the Bellman equation. It optimizes policies directly in continuous domains,

making it effective in environments with continuous action spaces.
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(A) Task completion rate for J = 20.

(B) Task completion rate for J = 40.

(C) Task completion rate for J = 50.

FIGURE 6.10. Task completion rate comparison for GF-DRLs and the
baseline methods for different subtask numbers.

(5) GF-DRL-UE: A simplified version of GF-DRL we designed that considers extracting

graphical features from G only.
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FIGURE 6.11. Inference return comparison for GF-DRLs and the baseline
methods.

(6) GF-DRL-Task: A simplified version of GF-DRL we designed that considers extract-

ing graphical features from D only.

Fig. 6.9 shows the training return comparison between GF-DRL and baseline methods. It can

be seen that GF-DRL achieves the highest return among all methods. The return superiority

of GF-DRL originates from its attention mechanism (through the merge of G and D) in

capturing the intra-dependency and inter-dependency of both graphs. It can also be noticed

that GF-DRL-Task consistently achieves higher return than GF-DRL-UE. This suggests that

graph D (with task features) plays a more significant role than graph G (with UE-LEO-HAPS

features) in the decision-making process. As expected, DDPG, PPO, and SAC all perform

significantly worse than GF-DRL. In particular, PPO achieves the lowest return of all the

methods, due to the clipping of its objective function. It can also be seen that TRPO is

significantly inferior to GF-DRL, and this is due to the lack of GFEN in TRPO.

Fig. 6.10 carries out the comparison between GF-DRL and baseline methods in terms of task

completion rate for J = 20, J = 40, and J = 50 subtasks per task. It can be seen that, for

both cases, GF-DRL achieves the best task completion rate. Specifically, for 40 subtasks per

task, GF-DRL performs 16% better than the best baseline method (GF-DRL-Task) and 23%
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FIGURE 6.12. Task completion rate comparison for GF-DRLs and the
baseline methods across varying RBs.

better than the worst baseline method (PPO). Note that all these methods need to be retrained

whenever the number of UEs or subtasks per task changes.

Fig. 6.11 shows the comparison of online inference return between GF-DRL and baseline

methods under three different numbers of UEs (10, 12, and 14). It is a polygon plot with

concentric layers, where the return values increase from the center outwards. It can be seen

that, in all three cases, our proposed GF-DRL achieves a significantly higher return than all

the six baseline methods. It can also be observed that as the number of UEs increases, the

achieved return for all methods decreases. With fixed available resources, more tasks are

not able to be completed with the increase in user numbers. This inevitably increases the

associated penalty, resulting in a lower return.

Fig. 6.12 presents the comparison of task completion rate between GF-DRL and the baseline

methods, all without retraining. In specific, three uniformly distributed ranges of resource

blocks (RB) are considered: stringent (60-80), limited (80-100), and moderate (100-120)

initial resources, and 10 simulations are conducted for each range. The final task completion
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FIGURE 6.13. Performance comparison between RGF-DRL and GF-DRL in
terms of convergence speed and task completion ratio.

rate for each case is calculated as the average of these simulations. It can be seen that GF-

DRL significantly outperforms all the baseline methods across the whole simulated range.

Specifically, it achieves a 25% and 16% improvement over the best (GF-DRL-Task) and

worst (PPO) baseline method, respectively. This clearly demonstrates GF-DRL’s excellent

generalization performance.

Fig. 6.13 carries out the performance comparison between RGF-DRL and GF-DRL from

three different aspects: convergence speed (Aspect 1), task completion rate when number

of RB changes (Aspect 2), and task completion rate when number of subtasks per task

changes (Aspect 3). The purpose is to validate the ability of RGF-DRL in reducing retraining

complexity. Note that, originally, Aspect 1 is measured in timesteps while Aspect 2/3 in

percentage. For the convenience of comparison, without loss of generality, we set the value of

RGF-DRL for each of these three aspects as 100%, and only present the results for GF-DRL.

Furthermore, for Aspect 1, convergence is considered to be achieved if the variation between

two adjacent timesteps is small. It can be seen that the value of Aspect 1 for GF-DRL is

much larger than that of R-GF-DRL (slower convergence), and the value of Aspect 2/3 for
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GF-DRL much smaller than that of RGF-DRL (lower task completion rate). Therefore, the

performance boost of implementing the reincarnating algorithm in GF-DRL is significant.

6.5 Computational Complexity

The computational complexity for GF-DRL originates from two different processes: training

and inference. The former involves parameter update and backpropagation and the latter

involves action generation based on current states.

6.5.1 Training Complexity

The training complexity for GF-DRL consists of three parts: GFEN, IAGN, and AEGN.

According to [103], the training complexity of GFEN can be calculated as

CGFEN = ninn1 +
7∑

l=2

nl−1nl + n7nout

+
5∑

j=1

Fj|E|+ Fj|V|,

(6.38)

where nin represents the input size, nl the number of neurons in the l-th layer of the MLP, Fj

the number of node features for the j-th layer of GCN, |E| the number of edges, and |V| the

number of nodes.

The computational complexity for IAGN can be calculated as [104]

CIAGN = 2

(
ninn1 +

3∑
l=1

nlnl+1 + n3nout

)
. (6.39)

The AEGN consists of four layers of MLP and two layers of LSTM. Its computational

complexity is

CAEGN = ninn1 +
3∑

l=2

nl−1nl + n3nout

+ 2ninnh(4nin + 4nh + 3 + nout),

(6.40)
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Then, the training complexity for GF-DRL can be calculated as

CGF-DRL = CGFEN + CIAGN + CAEGN. (6.41)

6.5.2 Inference Complexity

According to [103], the inference complexity can be represented as O(nall), where nall denotes

the total number of neurons. In practice, nall is typically small. Consequently, the inference

complexity is low and can be ignored for the online deployment of GF-DRL.

6.6 Conclusion

In this chapter, we presented an efficient online task offloading and resource allocation scheme

in SAGIN focusing on intra-task features. At the beginning of this chapter, we stated that

intra-task features are very important in SAGIN, and little work has focused on this aspect.

Specifically, we proposed GF-DRL, where a DRL agent interacts with the SAGIN environ-

ment and learns the mapping between offloading/allocation decisions and SAGIN states by

maximizing a reward function. The reward function considers communication/computational

resource constraints, long-term system performance, offloading limits, and task priorities.

The unique characteristics of GF-DRL lie in exploring the topological structures of both task

dependencies and SAGIN segments.

Additionally, at the beginning of this chapter, we listed the limitations of current state-of-the-

art approaches. In the following, we conclude how GF-DRL mitigates these limitations.

(1) We leverage graph-based representations (network graph and task graph) to capture

the complex interactions within SAGIN segments and the dependencies within

subtasks in each task, systematically modeling the relationship between graph nodes

(tasks/SAGIN segments). Additionally, we address a task offloading and resource

allocation problem in SAGIN by formulating it as a time-sequential decision-making

problem.
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(2) We merge the two graphs into a unified new graph that can explore both inter-

dependencies (between two graphs) and intra-dependencies (within each graph).

Specifically, we propose the GFEN that utilizes GCN to extract features from both

UE and task graphs and two attention mechanisms (hard and soft) to merge the two

graphs by generating a new weighted graph based on extracted features. Compared

with conventional multilayer perceptron (MLP)-only feature extraction layers, GFEN

performs message propagation and graph convolution directly on graph-structured

data, eliminating the possible loss of spatial information.

(3) We introduce the reincarnating technique and propose reincarnating GF-DRL, which

can be retrained with low complexity by reusing some parameters from previous

training rounds, allowing it to adapt to fluctuating numbers of UE/HAPS/LEO. Spe-

cifically, instead of training GF-DRL from the beginning, we leverage the previously

trained policy and value network parameters as the starting point for new ones.

In conclusion, the work proposed in this chapter focuses on intra-task features, as stated in

Chapter 1. Thus, the inter-task features such as timescales and distributions for different

services are not considered. In the next chapter, we conclude all three works presented in this

thesis and give a brief overview of possible future works.



CHAPTER 7

Conclusion and Future Work

In this chapter, we summarize the contributions and findings of this thesis. Furthermore, we

provide an overview of future works.

7.1 Summary of Results and Contributions

This thesis gives a comprehensive analysis of state-of-the-art task offloading/resource alloca-

tion approaches. In the first and second chapters, we first present a detailed description of each

generation of communication networks and highlight their advancements over the previous

generation. We also highlight the importance of resource allocation for each generation and

investigate the features of resource allocation for each generation. In the third chapter, we

give a detailed literature review for resource allocation in 5G and task offloading/resource

allocation in SAGIN. The limitations of state-of-the-art approaches are listed, and the motiva-

tions for proposing the three works are presented. In the third, fourth, and fifth chapters, our

proposed approaches are presented in detail. Specifically, PW-DRL is proposed in Chapter 4

to solve the resource allocation problem in 5G. GDRL is proposed in Chapter 5 to solve the

task offloading/resource allocation problem in SAGIN, focusing on inter-task features, and

GF-DRL is proposed in Chapter 6, focusing on intra-task features. In this final chapter, we

present a summary of this thesis and highlight possible future works. The goal of this thesis

is to be a base for future research in the field of task offloading/resource allocation.
153
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7.2 Future Works

In the previous section, we conclude the main points of this thesis, including the development

of communication networks, the features of resource allocation strategies for each generation,

and our proposed resource allocation approaches. From the previous description, we can infer

that learning-based approaches like DL and DRL are starting to replace conventional heuristic

methods and optimization-based approaches. This is because optimization-based approaches

cannot handle the rapidly changing network environment, and the decision-making process

of these approaches is of high computational complexity, which cannot satisfy the strict

latency requirements of current service types. These challenges are caused by the complex

interconnection between communication network elements, the increasing number of users,

and emerging service types. The key advantage of learning-based approaches is that they

can directly generate allocation decisions (task offloading/resource allocation) based on

features of the network environments. Thus, the efficiency of extracting features is crucial for

learning-based approaches to have good performance.

Filters are the key comportment that performs feature extraction from data. In the field of

signal processing and learning-based approaches, filters are the most crucial part, as they

directly affect usable information for further processing. Specifically, filters represent the

information processing frameworks that highlight important data content (input data) related

to the task to be handled. The importance of filters can be inferred from the success of

attention mechanisms and ChatGPT. However, conventional filters are designed only for

data on Euclidean domains and inevitably perform worse for other irregular data structures.

Communication networks have an inherent topological structure, which is described in Section

5, and the graph is the best way to preserve spectral information and complex interconnection

between network elements. Thus, conventional filters cannot be applied to communication

networks directly without loss of information and feature extraction efficiency.

To mitigate this limitation of conventional filters, a new type of filer referred to as graph

filter is proposed for extracting features from topologically structured data. Graph filters

naturally incorporate features of conventional filters like linearity, invariance to shift, and
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parametric functions of input data. By utilizing spectral graph theory, graph filters take

advantage of spectral interpretation. Graph filters also have their own advantages when

considering topologically structured data. Firstly, graph filters are equivalent to permutations.

This feature is inherent in the nature of the graph, where the graph is naturally equivariant

to permutations. Secondly, graph filters can be implemented in a distributed manner. This

is because graph filters can capture the spectral correlations directly. Finally, graph filters

have strong generalization ability, where they can have multiple generalized forms like node

varying and edge varying. Nowadays, it has been widely used in the fields of signal processing,

industrial 4.0, IoT, and robotics.

Despite its success in different fields, the implementation of graph filters in task-offloading

resource allocation of communication networks is still an open book. In the following, we

discuss the possibility of implementing graph filters in this field and list the possible future

works for our work presented in Chapters 3, 4, and 5. In Chapter 3, each network element

in 5G can be treated as a node, and the interconnection between network elements (BS and

UE) can be treated as an edge. The channel status can be treated as edge features, and the

formulated graphs change dynamically over time. Graphs can be used to capture spectral

information, and graph filters can be designed to assist the feature extraction process of DRL

approaches. In Chapter 4, states are divided into static and dynamic states, and the static

states are forwarded to GCN for feature extraction. Graph filters can be implemented in GCN

to aid the feature extraction process. Additionally, as graph filters can be implemented in a

distributed manner, multiagent DRL can be implemented in the network, with each having a

specially designed graph filter. Each agent only needs local information for the graph filters

to function normally. This can significantly reduce the size of the action space and enhance

the system’s scalability. In Chapter 5, two graphs are formulated and merged together to form

a new graph. Three graph filters can be designed to suit the needs of each graph separately.

Specifically, two graph filters can be implemented together with GCN to extract features

from the UE graph and network graph, respectively. One graph filter-enhanced GCN can be

implemented to extract features from the merged graph. As graphs change dynamically over

time, parameters for each graph filter can change accordingly.
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