
Japan Advanced Institute of Science and Technology

JAIST Repository
https://dspace.jaist.ac.jp/

Title
無線マルチホップネットワークにおける協調型AI駆動通信フ

レームワーク

Author(s) 崔, 志瀚

Citation

Issue Date 2026-03

Type Thesis or Dissertation

Text version ETD

URL https://hdl.handle.net/10119/20583

Rights

Description Supervisor: リム 勇仁, 先端科学技術研究科, 博士



Doctoral Dissertation

Cooperative AI-driven Communication Framework

for Wireless Multihop Networks

CUI Zhihan

Supervisor: LIM Yuto

Graduate School of Advanced Science and Technology

Japan Advanced Institute of Science and Technology

[Information Science]

March, 2026

1



Abstract

The continuous evolution from fifth-generation (5G) toward Beyond 5G (B5G) and

sixth-generation (6G) systems introduces stringent performance requirements in terms of

network capacity, end-to-end latency, and energy efficiency under dynamic and densely

deployed wireless environments. Multi-server and multihop network architectures, to-

gether with the emergence of artificial intelligence (AI) and multi-access edge computing,

provide opportunities for adaptive and scalable communication. However, they also cre-

ate challenges involving interference-coupled throughput degradation, latency escalation

caused by load fluctuations, and inefficient transmit power usage.

To address these challenges, this dissertation proposes a cooperative AI-driven com-

munication (CORE) framework for wireless multihop networks. The framework enables

cross-layer and cooperative optimization through three AI-based schemes that operate

progressively according to network conditions. First, the efficient capacity management

(eCAP) scheme enhances throughput by integrating factor-graph-assisted topology for-

mation, two-phase Q-learning routing, and compute-and-forward transmission to con-

struct interference-resilient multihop paths. Second, the extreme low latency transmission

(eLOW) scheme reduces service latency in multi-server wireless networks by employing a

Broad Learning System (BLS) for fast and adaptive server allocation under varying traffic

loads and link quality. Third, the unified power management (uPOW) scheme improves

energy efficiency and interference resilience in multi-server wireless multihop networks

by combining BLS-based server allocation, SINR-driven Q-learning path selection, and

Consensus Transmit Power Control.

The proposed framework is evaluated through numerical simulations conducted in

Python and MATLAB under diverse density, interference, and traffic conditions. Exper-

imental results demonstrate that:

• The eCAP scheme improves network capacity by up to 1.8 times compared with

baseline multihop routing protocols through learning-based topology construction

and cooperative forwarding.

• The eLOW scheme reduces service latency by up to 47% and alleviates congestion

effects in multi-server deployments through prediction-driven BLS server allocation.
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• The uPOW scheme reduces interference power by approximately 40% and achieves

35% energy savings while maintaining high network capacity via distributed coop-

erative power coordination.

By integrating distributed learning, cooperative decision-making, and adaptive op-

timization, the CORE framework establishes a foundation for scalable, energy-efficient,

and low-latency communication in B5G and 6G wireless systems. The framework demon-

strates the feasibility of AI-native network control and offers a conceptual and algorithmic

basis for future autonomous communication architectures.

Keywords: Cooperative communication, AI-driven framework, Wireless multihop

network, Multi-server edge computing, Capacity optimization, Latency reduction, Power

control, 6G.
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Chapter 1

Introduction

From the first generation (1G) of analog communication systems to the fifth generation

(5G), mobile networks have continuously evolved to support higher data rates, broader

coverage, and increasingly diverse services. With the worldwide deployment of 5G now

well established, research efforts from both academia and industry have shifted toward

Beyond 5G (B5G) and sixth-generation (6G) wireless networks. Unlike previous gener-

ations that primarily focused on throughput enhancement, B5G and 6G networks are

envisioned to support massive connectivity, ultra-low latency, high energy efficiency, and

intelligent autonomous operation [4, 5]. These ambitious requirements are driven by the

rapid growth of connected devices and the increasing complexity of wireless environments.

The evolution toward B5G and 6G is closely tied to emerging application domains in

which communication networks play a critical and often mission-sensitive role. Represen-

tative examples include disaster recovery and emergency communication systems, where

rapidly deployable and infrastructure-independent networks are required to maintain con-

nectivity under damaged or unavailable infrastructure [6]; industrial Internet of Things

(IIoT) applications, where time-sensitive data exchange among sensors, controllers, and

edge servers is essential for safe and efficient operation [7]; and large-scale smart city de-

ployments, such as intelligent transportation systems and public event monitoring, where

a massive number of devices must be supported simultaneously under stringent latency

and energy constraints [8]. In these scenarios, the ability to provide scalable, low-latency,

and energy-efficient wireless communication is a fundamental requirement.

However, conventional centralized network architectures face inherent limitations in
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such dynamic and large-scale environments. The reliance on fixed infrastructure and

centralized control may lead to performance problems, single points of failure, and poor

adaptability to rapid topology changes. As a result, wireless multihop networks (WMNs),

combined with multi-access edge computing (MEC), have emerged as a promising paradigm

for future communication systems. By enabling devices to relay data cooperatively and of-

fload computation to nearby edge servers, WMNs with MEC support flexible deployment,

extended coverage, and low-latency service provisioning in dynamic environments [9].

Despite these advantages, WMNs introduce a set of fundamental wireless-specific chal-

lenges. First, multihop transmission over shared spectrum leads to strong interference

coupling among neighboring links, which severely limits network capacity in dense de-

ployments, as established in classical capacity analysis of wireless networks. Second,

E2E latency accumulates rapidly over multiple hops and server interactions, particularly

in multi-server environments with time-varying traffic loads and heterogeneous compu-

tational resources. Third, excessive energy consumption caused by simultaneous trans-

missions and interference poses a major obstacle to sustainable operation, especially for

battery-powered devices. These challenges are intrinsic to wireless multihop communica-

tion and cannot be effectively addressed by traditional static or centralized optimization

approaches.

To cope with the increasing complexity and dynamics of future wireless networks,

artificial intelligence (AI) has been widely investigated as a powerful tool for wireless op-

timization. Learning-based techniques, particularly reinforcement learning, have demon-

strated strong potential in tasks such as routing, resource allocation, and power control.

However, most existing AI-driven solutions focus on isolated optimization objectives and

operate independently. In complex WMNs, such isolated decision-making may result in

conflicting actions, unstable convergence, and inefficient utilization of network resources.

This observation motivates a fundamental question: how can multiple AI-driven compo-

nents be coordinated to operate cooperatively under shared wireless constraints?

This dissertation addresses this question by proposing a framework for WMNs. Rather

than designing independent algorithms for individual problems, the proposed frame-

work systematically integrates capacity optimization, latency-aware decision-making, and

power management into a unified architectural structure. Through coordinated learning
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and information sharing, the framework enables different optimization modules to work

toward common network objectives while adapting to dynamic network conditions.

The contributions of this dissertation are threefold. First, an extreme low-latency

transmission scheme is developed to suppress latency accumulation in multihop wireless

networks. Second, an efficient capacity management scheme based on the Broad Learn-

ing System (BLS) is proposed for multi-server environments, enabling adaptive server

selection and load balancing. Third, a unified power management scheme integrating

BLS, reinforcement learning, and consensus-based power control is designed to mitigate

interference and improve energy efficiency. Together, these schemes form a coherent coop-

erative framework that supports scalable, adaptive, and intelligent operation in wireless

multihop networks.

Beyond technical contributions, this research has broader social implications. By im-

proving the reliability, efficiency, and adaptability of WMNs, the proposed framework can

support mission-critical services such as disaster response, public safety communication,

and industrial automation. Moreover, the emphasis on cooperative and energy-efficient

operation contributes to the sustainable development of large-scale wireless infrastructures

in the B5G and 6G era.

1.1 Niche of Communication Systems

Figure 1.1: Global M2M connection growth by industries (2018-2023) [1].
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Figure 1.2: Forecast of global mobile data traffic growth through 2030 [2].

Recent years have witnessed a fundamental shift in the purpose and scale of wireless

communication systems. According to Cisco’s Annual Internet Report (2018-2023), global

machine-to-machine connections have grown 2.4 times, from 6.1 billion in 2018 to 14.7

billion in 2023, representing a 19% compound annual growth rate. As illustrated in

Figure 1.1, different industrial sectors contribute unevenly to this expansion. Connected

home applications account for nearly half of the total M2M connections, including home

automation, security, and surveillance. Connected car services, such as fleet management

and in-vehicle infotainment, exhibit the fastest growth at 30% annually, while connected

cities rank second with 26%. This trend demonstrates that wireless networks are no longer

limited to human communication; they are rapidly becoming the backbone for pervasive

Internet of Things (IoT) and machine-type communication services across all industries.

In parallel, the overall mobile data traffic is undergoing exponential expansion. Ac-

cording to the Ericsson Mobility Report [2], global mobile data traffic continues to grow at
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a double-digit annual rate and is projected to exceed several thousand exabytes per month

by 2030. Such a drastic increase is fueled not only by broadband consumption but also by

emerging edge-intelligent applications such as real-time analytics, extended reality, and

cooperative autonomous systems. As shown in Figure 1.2, traffic intensity grows faster

than the number of connected devices, signaling a paradigm shift from connection-centric

to computation-centric communication.

These transformations define the new niche of communication systems in the Be-

yond 5G and 6G eras. Future networks must support ultra-dense device deployments,

high-throughput data flows, and stringent latency requirements while maintaining en-

ergy efficiency. To achieve this, communication systems are expected to integrate AI and

edge computing for adaptive resource management. In this context, this dissertation in-

vestigates AI-driven frameworks for capacity optimization, transmit-power control, and

multi-hop routing in multi-server wireless networks, aiming to realize intelligent, scalable,

and energy-efficient connectivity for next-generation communication systems.

1.1.1 Definition of Wireless Multihop Network

A wireless multihop network (WMN) is a set of wirelessly connected nodes that commu-

nicate without relying on centralized infrastructure such as base stations (BSs) or access

points (APs). Each node can act not only as a source or destination but also as a re-

lay, forwarding packets for other nodes in a multihop manner. Through device-to-device

(D2D) communication, packets originating from a source node can be delivered to a dis-

tant destination by traversing multiple relay nodes. In this way, WMNs can effectively

extend network coverage and improve spectrum utilization by reusing intermediate nodes

as relay points.

Compared with traditional infrastructure-based wireless networks, WMNs do not re-

quire every user to be directly connected to a BS or AP. Instead, each user terminal can

behave as a small access point, helping to forward data to nearby nodes. This decentral-

ized architecture reduces the deployment cost of BSs for network operators and provides

high flexibility in environments where infrastructure is difficult or expensive to install.

Figure 1.3 shows an example of a WMN, where packets are delivered over several hops

from sources to their corresponding destinations.
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Figure 1.3: Example of a WMN.

Although the WMN has advantages such as decentralization, high network capacity,

and long transmission distance, it also has many problems. The first problem is that,

because of the increasing number of nodes in the network, there are many data transmis-

sion paths to be selected from the source nodes to the corresponding destination nodes

by an efficient path selection algorithm. Since the criteria and conditions of each path

differ, the results of path selection have a significant influence on the entire network ca-

pacity problem. Therefore, it is necessary to design a path selection algorithm for WMN

that can effectively select path for each nodes and optimize network capacity, which is

one of the objectives of this research. Second problem is occurred when too many nodes

send messages to a single node, in which it can lead to high latency for the sent message

to reach its destination node. Besides that, the queuing time and processing time will

increase drastically when the number of nodes is large.

In practice, WMNs have been widely considered for various application scenarios where
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flexible, resilient, and rapidly deployable communication is required. Typical examples in-

clude emergency and disaster-recovery networks, where temporary multihop links among

rescue teams and command centers can be established without relying on damaged infras-

tructure; industrial monitoring and control systems, where sensors and controllers form

multihop links inside factories or plants; and large-scale IoT deployments in smart cities,

where streetlights, meters, and environmental sensors forward data cooperatively to edge

servers. Furthermore, WMNs also play an important role in unmanned aerial vehicle

(UAV) swarms, vehicular networks, and temporary event coverage, where infrastructure

support is limited or constrained. These diverse application scenarios motivate the need

for intelligent, AI-assisted mechanisms to manage routing, capacity, and power control in

WMNs, as will be addressed in the following sections of this dissertation.

1.1.2 Future Challenges for Wireless Multihop Networks

As highlighted in the IMT-2030 framework [3], future 6G systems are expected to support

ultra-high data rates, extremely low latency, massive connectivity, and superior energy

efficiency across a wide range of usage scenarios, as illustrated in Figure 1.4. These ambi-

tious capability targets place stringent requirements on the design of large-scale WMNs,

which are envisioned as a key enabler for flexible, dense, and cost-effective connectivity

in future communication infrastructures. While multihop communication offers extended

coverage and improved scalability, it also introduces several critical technical bottlenecks

that must be addressed before such networks can fully meet IMT-2030 expectations.

2) Capacity limitation and interference coupling. As device density grows toward

the massive connectivity envisioned in Fig. 1.4, spectrum reuse and interference become

dominant constraints on network capacity. In WMNs, many links share the same channel

resources, and simultaneous transmissions can cause strong mutual interference. More-

over, the multihop structure introduces spatially correlated interference patterns, making

throughput optimization and scheduling highly non-trivial. Without careful coordination

of path selection, link activation, and channel usage, the aggregate network capacity can

degrade significantly as the network scales.

7



Figure 1.4: The capabilities of IMT-2030 [3].

1) Latency accumulation and dynamic topology. In multihop transmission, end-

to-end (E2E) delay accumulates as data traverses multiple relay nodes. Each hop con-

tributes transmission time, queuing delay, and potential route discovery or update over-

head. Under dynamic conditions such as node mobility, variations in channel quality,

or sudden traffic surges, these effects become more pronounced, resulting in significant

fluctuations in service latency. Guaranteeing predictable low-latency performance in such
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environments remains a fundamental challenge, especially for delay-sensitive applications

like autonomous control, industrial automation, and immersive services.

3) Energy consumption and power efficiency. The maintenance of high data rates

and low latency often requires increased transmit power, which in turn raises energy

consumption and interference levels. In dense multihop deployments, excessive power

usage shortens device lifetime and undermines the energy-efficiency goals emphasized in

the IMT-2030 framework [3]. Balancing reliable communication with constrained en-

ergy budgets, therefore becomes a key design issue, particularly for battery-powered or

resource-limited devices.

In summary, latency accumulation, capacity limitation, and power efficiency represent

three tightly coupled challenges that constrain the scalability and sustainability of wireless

multihop networks. Objectively understanding and quantifying these issues provides the

foundation for the subsequent chapters of this dissertation, which focus on designing

transmission, capacity management, and power control schemes that are more suitable

for future large-scale wireless multihop environments.

1.2 Research Problems and Motivation

With the rapid expansion of wireless communication networks, the evolution toward Be-

yond 5G and 6G introduces unprecedented challenges in capacity management, latency

control, energy efficiency, and intelligent coordination. Future networks are expected to

support massive connectivity, ultra-low latency, and high energy efficiency while simulta-

neously enabling autonomous and cooperative decision-making among distributed nodes.

However, achieving these ambitious goals is particularly difficult in dynamic and densely

deployed environments, where multiple devices and servers interact under limited spec-

trum, energy, and computation resources. From a research perspective, the challenges

faced by future wireless multihop networks can be broadly categorized into two classes.

The first class consists of wireless-specific challenges, including network capacity degrada-

tion under interference, latency accumulation in multi-server and multihop transmission,

and excessive energy consumption in dense deployments. The second class comprises AI-
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related challenges arising from the application of learning-based techniques to wireless

networks, such as stability, scalability, and coordination among multiple AI-driven com-

ponents. This dissertation addresses both classes of challenges, with a particular focus on

enabling effective cooperation among AI-driven entities to support efficient, scalable, and

sustainable wireless multihop networks.

1.2.1 Wireless-Specific Challenges in Multihop Networks

WMNs exhibit a number of fundamental challenges that arise from the physical and ar-

chitectural characteristics of wireless communication. Unlike challenges introduced by

learning-based control mechanisms, these issues exist regardless of whether artificial in-

telligence is employed, and are primarily caused by shared spectrum access, interference

coupling, multihop transmission dependency, and distributed network topology. In the

context of Beyond 5G and future 6G systems, these wireless-specific challenges become

more pronounced due to increasing node density, heterogeneous traffic demands, and the

coexistence of multiple edge servers. The following subsections summarize three represen-

tative wireless-specific challenges that motivate the need for advanced optimization and

coordination mechanisms in WMNs.

Network Capacity Problem

In wireless multihop networks, the large number of nodes and dense spatial distribution

of links create strong mutual interference among simultaneous transmissions. Because

multiple neighboring links contend for the same wireless channel, the achievable data rate

of each hop is highly dependent on the interference conditions of nearby links. As a result,

identifying and maintaining a routing path that consistently delivers high throughput

becomes extremely difficult. Even paths with a small hop count may suffer from hidden

terminals, bottleneck relays, or localized interference clusters, leading to unexpectedly

low E2E throughput. This scarcity of high-throughput multihop routes causes the overall

network capacity to remain low even when rich connectivity exists. Therefore, designing

cooperative and learning-based transmission mechanisms that can form high-throughput

paths under dense interference is a critical challenge for improving capacity in wireless

multihop networks.
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Network Latency Problem

In multi-server environments, the E2E service latency experienced by a device is de-

termined by multiple factors, including wireless transmission delay, server-side queueing

delay, computational load, and feedback latency. While the availability of multiple servers

provides flexibility for task execution and data offloading, it also introduces dynamic la-

tency behaviors: a server that offers low delay initially may quickly become congested

as more devices associate with it, causing sudden and unpredictable escalation of service

time.

Latency amplification is further exacerbated by time-varying traffic loads, heteroge-

neous server capacities, channel fluctuations, and asynchronous computation patterns

across servers. As a result, selecting a low-latency server or transmission route becomes

highly challenging, because a decision that is optimal at the moment of association may

become suboptimal shortly afterward. Traditional selection or scheduling strategies rely

on static metrics—such as minimum distance, maximum signal strength, or instantaneous

queue length—which fail to capture temporal variations and therefore cannot prevent la-

tency accumulation proactively.

Consequently, a fundamental research challenge is how to accurately anticipate latency

variations and update server- or transmission-related decisions before delay builds up.

Achieving low and stable latency under dynamic network conditions requires a prediction-

driven mechanism capable of learning latency patterns from real-time network features

and using these insights to guide adaptive decision-making.

Energy Efficiency and Power Control

As wireless networks become denser, simultaneous transmissions generate high interfer-

ence levels, increasing energy consumption and reducing transmission reliability. Tradi-

tional centralized power control schemes require global network information and lead to

excessive signaling overhead, making them impractical for large-scale networks. Moreover,

simple power reduction alone may mitigate interference but at the expense of throughput

degradation. Therefore, achieving energy-efficient operation in future wireless multihop

networks requires distributed and cooperative power control mechanisms that can bal-

ance interference mitigation and capacity preservation. Such mechanisms are essential to
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ensure sustainable communication in large-scale, interference-prone environments.

1.2.2 AI-related Challenges and Intelligent Cooperation

In addition to the wireless-specific challenges discussed above, the integration of AI into

wireless communication systems introduces a new class of research problems. Applying

AI techniques to wireless networks involves a wide range of challenges, including data

availability, learning stability, model generalization, online adaptation, and coordination

among multiple learning entities. Each of these aspects can significantly affect the per-

formance and reliability of AI-driven wireless systems.

Among these AI-related challenges, this dissertation focuses specifically on the problem

of intelligent cooperation. In WMNs, multiple AI-driven modules operate over shared

spectrum and are tightly coupled through interference and network dynamics. When

such modules are designed or optimized in isolation, their decisions may conflict, leading

to unstable behavior, slow convergence, or degraded network performance.

Therefore, enabling effective cooperation and coordination among AI-driven compo-

nents is a fundamental requirement for applying AI to wireless multihop networks. This

work investigates how cooperative learning and coordinated decision-making can be sys-

tematically incorporated into a unified framework, allowing different AI modules to work

toward common network objectives rather than competing for locally optimal solutions.

1.3 Research Vision, Purpose and Objectives

With the rapid evolution toward B5G and 6G systems, future wireless networks are ex-

pected to support extremely high data rates, massive connectivity, and stringent QoS

requirements under highly dynamic and dense deployment scenarios. In particular, multi-

server and multihop architectures are anticipated to play a central role in extending

coverage, enhancing capacity, and enabling computation offloading at the network edge.

Meanwhile, the increasing integration of AI into network control and resource manage-

ment introduces both new opportunities and challenges for coordination and cooperation

among distributed intelligent entities. However, as discussed in the previous sections,

these advantages come at the cost of new challenges in network capacity management,
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E2E latency, energy efficiency, and intelligent coordination.

The vision of this dissertation is to contribute to the development of an intelligent,

cooperative, and scalable communication framework for WMNs. Such a framework should

be capable of managing capacity, minimizing latency, optimizing energy efficiency, and

enabling AI-driven cooperation among network entities in a distributed and adaptive

manner. The long-term goal is to provide a conceptual and algorithmic foundation for

future network architectures that integrate communication, computation, and intelligence

in a unified way, thereby realizing autonomous and self-organizing network operations.

The purpose of this dissertation is to investigate how WMNs can be systematically

optimized through cooperative and AI-driven schemes. Rather than treating capacity,

latency, and energy efficiency as independent problems, this research seeks to understand

their mutual interdependence and to develop cross-layer strategies that jointly improve

network throughput, service delay, and power performance. Furthermore, the study aims

to design an AI-driven cooperative communication framework that enables distributed

decision-making and coordination among intelligent network entities. By leveraging adap-

tive and self-optimizing schemes, the framework aspires to achieve global optimization,

thereby ensuring scalability and resilience in future 6G environments.

In line with the research problems identified earlier, the main objectives of this disser-

tation are:

• Objective 1: To design a multihop transmission scheme that maximize network

capacity while maintaining reliable connectivity in dynamic wireless environments

(the disseminated publications on this objective are [2], [6], [11], [12], and [13])

• Objective 2: To establish a network latency reduction scheme that mitigates E2E

delay accumulation and maintains stable network performance under dynamic con-

ditions (the disseminated publications on this objective are [4], [5], and [9])

• Objective 3: To develop a distributed power control and energy management

scheme that mitigates interference and reduces overall power consumption without

degrading capacity performance (the disseminated publications on this objective are

[1], [3], [7], and [8])

By pursuing these objectives, this dissertation seeks to tackle four key challenges in
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future AI-driven wireless multihop networks: improving capacity, reducing latency, en-

hancing energy efficiency, and enabling intelligent cooperation. In doing so, it contributes

to the development of adaptive, autonomous, and high-performance communication sys-

tems for Beyond 5G and 6G networks.

1.4 Research Significance

Figure 1.5: Proposed CORE framework for WMNs optimization.

Existing studies on wireless multihop networks have mainly addressed capacity, la-

tency, and energy issues independently, often relying on static network assumptions or

predefined optimization objectives. Such isolated approaches limit the overall performance

when the network scale, mobility, and interference level dynamically change. In addition,

current frameworks seldom integrate AI techniques with cooperative communication prin-

ciples to adaptively manage the growing complexity of future B5G and 6G environments.

Consequently, there remains a pressing need for a unified and intelligent framework that

can jointly optimize network capacity, latency, and power efficiency.

To address these challenges, this dissertation proposes a Cooperative AI-driven Com-

munication (CORE) Framework for wireless multihop networks, as illustrated in Fig-

ure 1.5. The framework is structured around three primary schemes: efficient capac-

ity management (eCAP), extreme low latency transmission (eLOW), and unified power
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management (uPOW). Each is designed to tackle a specific research problem in capacity,

latency, and energy optimization, respectively. These schemes are supported by three

corresponding management techniques: capacity management, latency management, and

transmit power management, which together form the foundation of the proposed coop-

erative and adaptive communication system.

The significance of this research lies in its holistic approach to optimizing wireless mul-

tihop networks. By integrating capacity, latency, and energy management into a unified

framework, the proposed approach achieves a balance among throughput enhancement,

delay reduction, and power efficiency under dynamic network conditions.

This framework not only advances theoretical understanding of cross-layer optimiza-

tion but also provides a scalable solution for practical 6G applications such as autonomous

driving, UAVs, industrial automation, and large-scale IoT deployments. Hence, the

proposed framework contributes to the realization of intelligent, sustainable, and high-

performance wireless communication systems for the next generation of networks.

1.5 Dissertation Organization

The remainder of this dissertation is organized as follows:

• Chapter 2: Cooperative AI-driven Communication Framework This chap-

ter introduces the proposed CORE framework, which serves as the architectural

backbone of this dissertation. It first reviews the key enabling technologies and re-

search foundations, then describes the overall framework architecture and the inter-

action between protocol layers. The three cooperative AI schemes are also outlined

to establish the conceptual and functional links to the subsequent chapters.

• Chapter 3: Efficient Capacity Management Scheme

This chapter addresses the capacity problem in wireless multihop networks. It

presents the design and formulation of the eCAP scheme, which focuses on optimiz-

ing network capacity and reducing computation time of algorithms under dynamic

network conditions.

• Chapter 4: Extreme Low Latency Transmission Scheme

This chapter deals with the latency problem in multi-server wireless networks. It
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describes the eLOW scheme that manages server selection and resource distribution

to enhance overall network latency and network capacity caused by high-density

connections.

• Chapter 5: Unified Power Management Scheme

This chapter focuses on the energy problem in dense wireless environments. It intro-

duces the uPOW scheme, which performs distributed transmit power coordination

to achieve a balance between interference mitigation and energy efficiency across

the network.

• Chapter 6: Conclusion and Future Work

The final chapter summarizes the findings of this dissertation, highlighting the con-

tributions of each proposed scheme within the CORE framework. It also discusses

future research directions toward more intelligent and sustainable multihop wireless

networks in B5G and 6G systems.
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Chapter 2

Cooperative AI-driven

Communication Framework

This chapter provides an overview of the proposed framework, which plays a central role

in shaping the future communication architecture for WMNs. First, the key technolo-

gies related to the framework are discussed. Second, the overall design of the proposed

framework and its three cooperative schemes is presented. Finally, the assumptions and

constraints underpinning the framework are explained.

2.1 Related Key Technologies to the Framework

The proposed framework is built upon several interrelated technologies that collectively

define the foundation for intelligent, cooperative, and distributed wireless communication

in the B5G and 6G eras. In particular, WMNs provide flexible connectivity and net-

work scalability; the IoT enables massive sensing and automation; MEC offers localized

computation and reduced latency; and AI empowers adaptive and cooperative decision-

making. Together, these technologies converge to realize a network ecosystem capable of

autonomous learning and real-time optimization. This section discusses these key tech-

nologies and their relationships to the core research challenges identified in Chapter 1,

which are capacity optimization, latency reduction, and energy efficiency.
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2.1.1 Internet of Things

The IoT represents one of the most transformative paradigms driving the evolution of B5G

and 6G communication systems. By connecting billions of devices ranging from sensors

and wearables to autonomous vehicles and industrial robots, IoT enables seamless data

collection, intelligent control, and automation across a wide range of domains, includ-

ing healthcare, manufacturing, transportation, and smart cities. In particular, the IIoT

has become a critical enabler for Industry 4.0, supporting machine-type communication,

predictive maintenance, and process automation in factory environments.

However, in large-scale IoT or IIoT environments, the vast number of connected devices

and heterogeneous data streams can easily lead to network congestion, latency, and energy

inefficiency. Traditional centralized cloud architectures struggle to handle such massive

connectivity due to long transmission distances and heavy backhaul loads. To overcome

these limitations, distributed architectures, such as WMNs integrated with MEC, have

been proposed. By enabling localized data processing and device-to-device (D2D) re-

laying, these systems achieve lower latency and higher reliability, which are particularly

essential in emergency rescue communication scenarios where network infrastructure may

be unavailable.

Nevertheless, IoT networks remain highly dynamic, with fluctuating link quality and

limited device power. Incorporating AI-driven coordination becomes indispensable for

maintaining adaptive routing, balanced task allocation, and interference control. By

combining IoT with WMN and MEC infrastructures, future communication systems can

realize large-scale, self-organizing, and resilient network environments that provide both

massive connectivity and reliable low-latency communication.

2.1.2 Multi-access Edge Computing

MEC has emerged as a key enabling technology for B5G and 6G systems, aiming to

bring computation and storage resources closer to end users. By deploying edge servers

(ESs) at the network periphery, MEC minimizes the distance between data generation and

processing, thereby reducing latency and alleviating backhaul congestion. This paradigm

supports delay-sensitive and computation-intensive applications such as autonomous driv-

ing, industrial automation, and immersive extended-reality services.
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In the context of WMNs, integrating MEC enables distributed task offloading and

cooperative computation. Devices can dynamically select nearby ESs for computation

offloading, while intermediate relay nodes forward data through multiple hops. Such a

multi-server environment provides high flexibility and scalability, as multiple ESs can

cooperatively serve dense clusters of devices in real time. However, when multiple ESs

coexist, devices face complex decisions: which server to connect to and how to distribute

computation efficiently. Unbalanced server selection or inefficient routing can lead to

congestion, high interference, and reduced network utilization.

To address these issues, AI-driven methods have been increasingly adopted for re-

source management and server coordination in MEC-enabled WMNs. These approaches

allow devices and ESs to autonomously learn optimal task-offloading and routing strate-

gies from environmental feedback, thereby improving throughput, minimizing delay, and

achieving balanced network performance. This dissertation extends such concepts further

by introducing a Broad Learning System (BLS)-based capacity management scheme to

enable efficient, adaptive, and scalable optimization across multiple servers.

2.1.3 Extensions of Wireless Multihop Network

WMNs represent a fundamental architectural paradigm for next-generation mobile com-

munication systems. Unlike traditional infrastructure-based networks, where base stations

or access points act as centralized coordinators, WMNs operate in a decentralized manner,

allowing each node to function as both a transmitter and a relay. Through device-to-device

communication, nodes forward packets cooperatively via multiple hops until the destina-

tion is reached. This multihop relaying mechanism effectively extends transmission range,

enhances spectrum utilization, and improves overall network resilience.

The WMN topology consists of multiple nodes interconnected through dynamic wire-

less links. Each node can adaptively forward data based on local observations of channel

quality, link interference, or queue state. This decentralized and self-organizing nature

enables WMNs to operate flexibly in scenarios such as disaster recovery, intelligent trans-

portation, or temporary event networks, where infrastructure deployment is limited or

unavailable.

Despite these advantages, WMNs face several intrinsic challenges. As the number of
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participating nodes increases, the network experiences frequent topology changes, complex

path selection, and severe interference coupling. Moreover, achieving efficient transmis-

sion and power allocation under uncertain environments becomes increasingly difficult

with traditional static control schemes. To address these challenges, intelligent optimiza-

tion mechanisms that leverage AI and MEC are essential for enhancing network capac-

ity utilization, reducing network latency, and adaptively managing energy consumption.

Therefore, this dissertation focuses on addressing three interrelated issues in WMNs,

including efficient capacity management under dynamic connectivity, latency reduction

through intelligent multihop path selection, and energy-aware coordination via adaptive

power control.

Over time, the WMN concept has evolved into several specialized forms to support

the increasing diversity of wireless services. One important extension is the multi-server

wireless network (MSWN). As illustrated in Figure 2.1, which multiple servers coexist

in the network and user devices may choose and offload computation tasks to different

servers. MSWNs enhance service coverage, processing capability, and load balancing com-

Figure 2.1: Example of a MSWN.
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pared to conventional single-server designs. However, they introduce a new optimization

dimension because choosing a suboptimal server under dynamic interference and traffic

loads can drastically degrade system capacity.

Building on MSWNs, a more advanced paradigm has recently emerged: the multi-

server wireless multihop network (MWMN). As illustrated in Figure 2.2, devices commu-

nicate with servers not only directly but also via multihop relaying through intermediate

nodes. This architecture is particularly relevant in MEC-enabled systems, where both

Figure 2.2: Example of a MWMN.

communication and computation paths may dynamically depend on wireless connectiv-

ity, interference conditions, and device mobility. In such environments, server allocation,

routing, and transmit power control become tightly interdependent and must be jointly

optimized.

These network variants form the technical background of this dissertation. Chapter 4

investigates intelligent server selection in MSWNs to improve network capacity in multi-

server environments. Chapter 5 further extends this research to MWMNs, addressing the

combined challenges of server allocation, path selection, and power control in large-scale
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dense deployments.

It is worth clarifying that different network models and evaluation conditions are

adopted across Chapters 3 to 5. This design choice does not indicate inconsistent system

assumptions but rather reflects a methodological decision to isolate and optimize different

performance objectives within the proposed framework.

Specifically, each component of the CORE framework is designed to address a distinct

but interrelated optimization target: network capacity, network latency, and interference-

aware power efficiency. Using a unified but overly complex network model for all com-

ponents would obscure the individual contribution of each scheme, since multiple tightly

coupled factors would vary simultaneously. Therefore, representative network models are

selected in each chapter to emphasize the dominant bottleneck relevant to the correspond-

ing optimization objective, while maintaining common architectural assumptions, includ-

ing wireless multihop communication, interference-limited operation, and distributed AI-

driven decision-making.

Through this approach, the proposed framework enables systematic and focused opti-

mization of different performance dimensions, while preserving conceptual consistency at

the framework level.

2.1.4 Artificial Intelligence in Wireless Networks

AI has become a pivotal enabler in the design and optimization of next-generation wire-

less communication systems. Traditional networks rely on deterministic algorithms and

static configurations, which are insufficient for managing the complexity, heterogeneity,

and dynamic nature of B5G and 6G environments. In contrast, AI introduces learn-

ing, prediction, and autonomous decision-making capabilities that enable adaptive and

self-optimizing network operation.

AI techniques, including machine learning (ML), deep learning (DL), and reinforce-

ment learning (RL), are being applied across all protocol layers. At the physical layer,

AI supports channel estimation, interference prediction, and signal classification. At the

MAC and network layers, it facilitates adaptive routing, intelligent resource allocation,

and spectrum management. At the application layer, AI enables efficient task offloading,

service migration, and energy-efficient computation through cross-layer optimization.
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When integrated with WMNs, MEC, and IoT, AI enables distributed intelligence and

cooperation among network entities. In such systems, multiple intelligent agents deployed

across devices, edge servers, and orchestrators can collaboratively learn and optimize poli-

cies for transmission, routing, and power control. Mechanisms such as federated learning

and multi-agent reinforcement learning further enable decentralized coordination, where

nodes share knowledge without centralized control. These cooperative AI paradigms align

directly with the core vision of this dissertation, providing the foundation for a scalable,

autonomous, and energy-efficient communication framework for future 6G wireless net-

works.

2.2 Literature Review

Recent research has focused on incorporating AI into wireless networks to enhance spec-

trum efficiency, reduce latency, and enable dynamic resource management. This section

reviews recent developments in AI-driven communication frameworks and highlights the

growing trend toward cooperative, multi-layer, and multi-server optimization paradigms.

For instance, Chen et al. [10] introduced the concept of Wireless Big AI Models

(wBAIM), a unified AI-driven architecture designed to enable multi-task, multi-scenario,

and cross-layer cooperation in 6G wireless networks. Their work demonstrates how pre-

trained large-scale models can facilitate collaborative resource management, cloud–edge

coordination, and low-latency intelligent communication, providing valuable insights for

future cooperative AI frameworks.

Deep reinforcement learning (DRL) has recently emerged as a powerful solution for

radio resource allocation and management (RRAM) in large-scale heterogeneous wireless

networks. Alwarafy et al. [11] conducted a comprehensive survey on DRL-based RRAM

schemes, highlighting the limitations of conventional optimization, heuristic, and game-

theoretic approaches in dynamic and ultra-dense environments. Their work emphasizes

that DRL enables network entities to autonomously learn optimal power control, spec-

trum allocation, and user association strategies under incomplete network information.

The study also categorizes major DRL algorithms, including Deep Q-Network (DQN),

Deep Deterministic Policy Gradient (DDPG), and asynchronous advantage actor–critic,

and discusses their applicability in both discrete and continuous action spaces, providing
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important theoretical and methodological references for AI-driven resource management

frameworks.

Ismail et al. [12] presented a comprehensive survey of deep reinforcement learning

(DRL)-based resource scheduling mechanisms in MEC environments. The study classi-

fied DRL applications into three main areas: content caching, computation offloading, and

resource management, and evaluated existing models according to architecture, objectives,

algorithms, and learning structure. The paper highlights the significance of cooperative

device–edge–cloud architectures and discusses how DRL techniques can achieve near-

optimal scheduling and efficient utilization of communication, computation, and caching

resources in dynamic MEC systems. This work provides essential insights for the devel-

opment of AI-driven cooperative frameworks in multi-server edge environments.

Overall, the reviewed studies collectively emphasize the critical role of AI, partic-

ularly DRL and foundation model paradigms, in enabling cooperative and distributed

intelligence in future wireless systems. However, most existing works remain limited

to either single-hop or single-server environments and rarely consider the integration of

multi-server, multihop, and cross-layer optimization. Addressing these limitations, this

dissertation aims to design a unified cooperative AI-driven framework that jointly opti-

mizes latency, capacity, and energy efficiency for wireless multihop networks.

2.3 Overview of Cooperative AI-driven Communica-

tion Framework

In the context of AI-enabled wireless communication systems, a framework is commonly

understood as a unified architectural structure that integrates multiple functional compo-

nents under shared system assumptions, information interfaces, and coordination mech-

anisms, rather than a single algorithm targeting an isolated objective [13]. Such a

framework provides an architectural basis for organizing and orchestrating heterogeneous

learning-driven modules in complex wireless environments.

Following this general notion, framework-level designs have been widely adopted in

wireless networking research to address the intrinsic coupling among multiple network

functions. For example, cross-layer optimization frameworks have been proposed to jointly
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coordinate routing, power control, and resource management as distinct but interrelated

modules within a unified system architecture [14, 15]. These studies demonstrate that

a wireless networking framework commonly consists of multiple specialized components,

each targeting a specific performance aspect, while operating coherently within a shared

optimization structure.

Following this established line of research, this dissertation adopts the term “frame-

work” to denote a unified cooperative control architecture and ”scheme” to denote mul-

tiple functional components for WMNs. Within the proposed Cooperative AI-driven

Communication (CORE) framework, capacity optimization, latency reduction, and power

management are not treated as independent problems, but as interrelated components op-

erating on a common network model with shared information representations and coor-

dinated decision-making logic. Accordingly, the proposed AI-driven schemes are designed

as modular components that interact coherently within the same framework, rather than

as separate or isolated methodologies.

2.3.1 Architecture of the CORE Framework

Figure 2.3 illustrates the overall architecture of the proposed CORE framework. In the

5G Mobile Model [16], at the application layer, specified applications (e.g., large-area Wi-

Fi coverage, factory device task offloading, emergency rescue communication, and so on)

determine the communication request based on service requirements such as data volume,

destination, and latency constraints.

This request is then delivered to the Open Transport Protocol (OTP) layer, where the

transport protocol is selected. Transmission Control Protocol (TCP) and Multipath TCP

are supported at this layer and are activated under different conditions: TCP for single-

path reliable transmission and Multipath TCP for multiple paths when higher reliability

or throughput is required.

The processed request is then passed to the Network Layer, where the routing proto-

col selects candidate paths between the communicating nodes. At this stage, only logical

connectivity and hop-to-hop reachability are determined; the quality of each hop, inter-

ference state, and server association is not yet optimized. The network layer therefore,

exports the routing table and the multihop transmission request to the Open Wireless
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Figure 2.3: Proposed CORE framework.

Architecture (OWA) layer for further refinement.

The OWA layer is where the proposed CORE framework operates. CORE acts as an

intelligent AI-driven control layer that performs cooperative optimization before actual

transmission takes place. It integrates three functional modules to provide optimized

communication decisions: Deciding, Sharing, and Switching. In the deciding module,

CORE interprets the incoming request and selects the appropriate AI strategy based on

network requirements and application goals. For capacity-critical traffic, the framework

activates the eCAP scheme, where Q-learning performs path selection to maximize E2E

throughput. For multi-server environments where congestion and load imbalance domi-

nate, the framework activates the eLOW scheme, in which a BLS determines the optimal

server allocation. For dense scenarios where interference and energy usage are key chal-

lenges, the framework activates the uPOW scheme, where BLS and Q-learning cooperate

to jointly optimize server allocation and path selection.

In the sharing module, the selected decisions are broadcast to all participating nodes
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to guarantee coherent execution. Under eCAP, the FG determines the appropriate server

association, and CoF strategy establishes cooperative node pairing for simultaneous uplink

forwarding. Under eLOW, server selection results are synchronized across devices and edge

servers to prevent conflicting offloading decisions. Under uPOW, the server allocation

and path selection results are shared through the orchestration system. Cooperative AI

ensures that path selection and server allocation are aligned.

In the switching module, CORE preserves communication quality during data deliv-

ery by dynamically adjusting decisions in response to evolving network states. eCAP

performs topology-dependent switching when bottleneck links change; eLOW triggers

switching when server loads fluctuate; and uPOW conducts mobility- and interference-

aware switching using Consensus Transmit Power Control (CTPC) to maintain stable

throughput and energy efficiency in dense deployments. All schemes depend on the sens-

ing and allocating module, which continuously collects real-time network parameters from

the lower layers, including node location, airtime link metric (ALM), wireless link quality,

transmit power, packet size, bandwidth, and interference level. These parameters are

transformed into usable AI inputs and pre-assigned to the relevant scheme to minimize

decision latency.

Once CORE finalizes the optimized communication decision, it is exported to the

Medium Access Control (MAC) layer. The MAC layer performs framing and applies the

appropriate access method, including Time Division Multiple Access (TDMA), Carrier

Sense Multiple Access (CSMA), Orthogonal Frequency Division Multiplexing (OFDM),

or Non-Orthogonal Multiple Access (NOMA). It depends on spectrum availability, node

density, and coexistence requirements. Flow and error control mechanisms are then ap-

plied to ensure reliable data delivery before transmission enters the Physical Layer, where

the optimized communication strategy is executed in the wireless medium. Meanwhile, the

physical layer continuously reports link-level measurements to the sensing and allocating

module, such as ALM, SINR, and transmit power, creating a closed-loop interaction. Due

to this modular design, the CORE framework is compatible with a diverse range of wire-

less systems, including WLAN, B5G, IoT, D2D, MEC, WMN, and FD communication,

making it a scalable foundation for future intelligent multihop networks.

Importantly, the software architecture design of CORE allows new learning paradigms
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or AI-based optimization modules to be incorporated without modifying the protocol

stack. As future wireless systems evolve, additional cooperative schemes can be inte-

grated into the CORE architecture as additional modules, ensuring long-term scalability

and adaptability. By integrating distributed sensing with AI-driven optimization and

unified architectural coordination, the CORE framework provides a scalable and adaptive

foundation for efficient communication in future wireless networks.

2.3.2 AI-driven Schemes of CORE Framework

The three AI-driven schemes of the proposed framework are designed to operate as a

progressive optimization chain. The process begins with the eCAP scheme, which tackles

the fundamental challenge of network capacity through FG and Q-learning. Building

on the improved path selecting efficiency, the eLOW scheme applies BLS to allocate a

server for each device based on strategies to reduce network latency. Finally, as network

density increases, interference and energy constraints become dominant, and the uPOW

scheme integrates BLS, Q-learning, and CTPC to achieve interference mitigation and

energy-efficient operation. Together, these three schemes unified a unified and adaptive

communication framework for WMNs.

Efficient Capacity Management Scheme

The eCAP scheme is introduced as the capacity-oriented module of the proposed frame-

work, aiming to jointly improve network capacity and reduce transmission time in WMNs.

eCAP exploits cooperative relaying and AI-driven path selection to construct efficient

multihop paths toward a designated root node.

At the topology level, eCAP first employs a FG-based root node selection of a shortest-

path spanning tree using the ALM, so that a root node and tree structure with link quality

are chosen. On top of this structure, a two-stage Q-learning-based Learning Path Selection

(LPS) mechanism is applied: an SNR-based phase to quickly discover high-quality paths,

followed by a signal-to-interference-plus-noise ratio (SINR)-based refinement phase that

explicitly accounts for interference. Finally, nested lattice coding combined with a CoF

strategy enables paired transmissions toward common parents, effectively serving multiple

flows within fewer time slots.
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As a result, eCAP provides an AI-assisted cooperative transmission scheme that opti-

mizes network capacity, shortens computation time, and reduces the number of required

time slots. The detailed system model, algorithms, and performance evaluation of eCAP

are presented in Chapter 3.

Extreme Low Latency Transmission Scheme

The eLOW scheme is introduced as the latency-oriented module of the proposed coopera-

tive AI-driven framework, targeting MSWNs where many devices can associate with mul-

tiple edge servers. Its main goal is to reduce network latency, alleviate congestion, balance

traffic loads, and enhance overall network throughput under dense and interference-prone

conditions.

In eLOW, a BLS is adopted to learn the mapping from network states, such as de-

vice–server distances, channel conditions, task volumes, and server conditions, to server-

association decisions. Owing to its shallow but ”broad” architecture and incremental

learning capability, BLS can be trained efficiently and updated online as devices or traffic

patterns change.

On top of this learning engine, BLS-based strategies are considered. A minimum-delay-

oriented variant focuses on reducing the E2E service time experienced by each device. A

distance-oriented variant encourages association with nearby servers to lower propagation

and access delay. A SINR-oriented variant emphasizes link quality and interference con-

ditions to improve achievable data rates and stabilize performance at high densities. By

combining these strategies, eLOW provides an AI-assisted latency reduction scheme that

reduces network latency while maintaining scalability in multi-server deployments. The

detailed system model and performance evaluation of eLOW are presented in Chapter 4.

Unified Power Management Scheme

The uPOW scheme functions as the module responsible for power control and interference

mitigation within the proposed CORE framework. It focuses on achieving balanced per-

formance between throughput enhancement, energy efficiency, and interference mitigation

in wireless multihop networks. To this end, uPOW integrates three coordinated layers of

optimization: BLS-based server allocation, SINR-driven Q-learning path selection, and
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CTPC.

The BLS module first determines optimal server assignments by considering device–server

distance, task load, and communication quality, thereby minimizing task delay under re-

source constraints. The Q-learning-based path selection then constructs adaptive mul-

tihop paths that maximize SINR and throughput while satisfying latency requirements.

Finally, the CTPC layer coordinates transmit power adjustments across nodes through

consensus optimization, reducing interference and improving network-wide energy effi-

ciency. This unified cross-layer design enables cooperative decision-making among com-

munication and computation entities, providing scalable and adaptive control for dense

and dynamic MEC-enabled multihop environments.

Through these integrated components, uPOW effectively enhances network capacity,

reduces task completion time, and maintains high QoS with lower energy consumption. A

detailed formulation, algorithmic design, and simulation analysis of uPOW are provided

in Chapter 5.

The three proposed schemes are not independent methodologies but modular compo-

nents embedded within the same CORE framework. Each scheme targets a dominant

performance problem under specific network conditions. These schemes share a common

system model, network entities, and information exchange mechanisms, and can be selec-

tively activated or combined according to the operational requirements of the network.

Therefore, the CORE framework provides a unified and extensible structure in which dif-

ferent optimization objectives are handled through coordinated AI-driven modules rather

than isolated solutions.

2.4 Assumptions and Constraints

The proposed CORE framework is developed under several fundamental assumptions

to maintain analytical tractability and highlight its cooperative design principles. All

entities are interconnected through wireless multihop links and can participate in data

forwarding and information exchange. Each device is working in the FD model, which

means a device can transmit and receive at the same time. Each device is capable of

both data transmission and relaying. The communication process is assumed to operate

under perfect channel state information (CSI) for link adaptation, routing, and power
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control. Interference among nodes is modeled using the SINR, while self-interference and

hardware imperfections are ignored for simplicity, assuming that sufficient interference

cancellation and synchronization mechanisms are applied. Each node is equipped with an

adaptive transmission capability that supports power control and cooperative relaying.

Furthermore, queuing delay, synchronization errors, and the signaling overhead required

for AI model updates are omitted to focus on the theoretical design and performance

analysis of cooperative schemes.

Under these assumptions, several constraints are imposed to ensure the operability of

the framework and the compatibility of the three cooperative schemes. First, all nodes

are required to support the sensing and information collection functions used by the sens-

ing and allocating module. Parameters such as node position, ALM, transmit power,

packet size, interference level, and link quality must be measurable or obtainable either

locally or through neighbor broadcasting. Second, all servers and devices are assumed

to follow a unified time reference for scheduling and switching operations, which enables

synchronous execution during cooperative transmission, server allocation, and power ad-

justment. Third, server allocation is assumed to complete within one decision epoch,

meaning that each device must be associated with one server at a time.

Additional constraints arise from the functional requirements of each scheme. For

the eCAP scheme, at least one device must be reachable to form the FG-based spanning

structure, and node mobility during a single transmission cycle is assumed to be negligible.

For the eLOW scheme, servers must possess sufficient computational resources to support

BLS-based decision models and store training updates. For the uPOW scheme, nodes are

assumed to be capable of adjusting their transmit power continuously or by predefined

discrete levels to enable CTPC convergence.

As this dissertation represents a foundational study of the proposed CORE frame-

work, all simulations and theoretical derivations are conducted under TDMA. This choice

removes randomness introduced by contention-based access and allows us to isolate and

analyze the performance gains produced solely by the cooperative AI-driven decision mod-

ules. In realistic wireless environments, other multiple access mechanisms, such as CSMA,

OFDM, and NOMA, introduce channel contention, subcarrier scheduling, and power-

domain multiplexing. Supporting these mechanisms requires additional control logic for
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grant-free access, collision resolution, and user separation, which significantly increases

the complexity of cooperative learning and real-time optimization. Future extensions of

the CORE framework will incorporate these advanced radio access mechanisms, and the

modular scheme design ensures that additional control modules can be integrated without

revising the upper-layer learning architecture.

Although these assumptions and constraints simplify implementation and enable the-

oretical analysis, they do not limit the extensibility of the CORE framework. In practical

deployments, several relaxed conditions, such as imperfect CSI, asynchronous signaling,

mobility-induced topology changes, or heterogeneous transmission capabilities, can be in-

corporated progressively in future studies. The modular design of CORE ensures that

extensions can be made either by modifying the learning models or by integrating new

cooperative schemes without altering the protocol stack.

2.5 System Feasibility and Practical Considerations

This dissertation proposes a cooperative AI-driven communication framework for WMNs

with edge computing. To ensure the feasibility of the proposed system in practical deploy-

ments, the framework is designed with explicit consideration of architectural scalability,

computational complexity, and compatibility with existing wireless and edge infrastruc-

tures.

First, the CORE framework adopts a modular architecture with an orchestration sys-

tem (OS) that performs network-wide decision-making. In the uPOW scheme, server

selection, multihop path selection, and transmit power control are jointly optimized at

the OS based on network information collected via edge servers. Therefore, the proposed

framework avoids requiring each device to solve complex optimization problems locally,

while still supporting scalable operation by leveraging the OS and edge servers for coor-

dination and policy distribution in dense and dynamic wireless multihop environments.

Second, the computational complexity of the learning components is kept manageable.

BLS employed in server allocation adopts a broad network structure with fast training

and inference, which is well suited for edge computing environments with limited compu-

tational resources. The FG-based topology evaluation and Q-learning operate on discrete

decision spaces and are executed periodically rather than continuously, ensuring that the
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overall processing overhead remains practical for real-time operation.

Third, the proposed system is compatible with existing wireless and edge computing

architectures. The optimization mechanisms are implemented as higher-layer control func-

tions and do not require modifications to physical-layer signaling or standardized MAC

procedures. As a result, the CORE framework can be incrementally deployed on top of

current wireless multihop and MEC-enabled systems, supporting practical adoption in

B5G and future 6G scenarios.

2.6 Deployment Conditions

The deployment of the proposed CORE framework relies on several practical conditions

that are commonly satisfied in edge computing–enabled wireless multihop networks.

First, in uPOW the network is assumed to support a multi-server edge computing

architecture, where edge servers are interconnected with an OS. The OS is responsible

for collecting network status information from edge servers and distributing coordinated

optimization decisions to network nodes.

Second, wireless nodes are assumed to be capable of basic link-quality measurement,

such as estimating SNR or SINR, which are required for routing evaluation and power con-

trol. These measurements are standard functionalities in contemporary wireless systems

and do not require specialized hardware.

Third, nodes are assumed to support adjustable transmit power within a predefined

range. This assumption is consistent with existing wireless standards, where transmit

power control is commonly available to manage interference and energy consumption.

Fourth, network status information, including topology changes, traffic demand, and

interference levels, is assumed to be periodically reported to the OS through the edge

infrastructure. The proposed framework does not rely on instantaneous or perfectly accu-

rate global information; instead, it operates based on aggregated and periodically updated

measurements.

Finally, the proposed framework is intended for static or moderately mobile wireless

multihop environments, such as emergency communication networks, industrial IoT, or

edge-assisted sensing systems. Highly dynamic scenarios with extremely fast topology

changes are beyond the current scope of this dissertation and are considered as future
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work.

2.7 Summary

This chapter has presented the CORE framework, which serves as the architectural foun-

dation of this dissertation. First, the key enabling technologies were reviewed to clarify

how each technology contributes to the design principles of the proposed framework and

how they collectively relate to the core research challenges of latency, capacity, and energy

efficiency.

Second, the overall architecture of CORE was introduced in detail. The interactions

across protocol layers were explained, from application-driven communication requests to

transport selection, routing formulation, and finally AI-driven cooperative optimization

in the OWA Layer. The internal operation of CORE was also described, together with

the roles of its supporting components, such as the sensing and allocating module and

the closed-loop feedback interaction with lower physical-layer measurements.

Third, the three cooperative AI schemes that compose the CORE framework were

summarized. The eCAP scheme addresses capacity through FG-assisted root node selec-

tion and Q-learning-based path selection. The eLOW scheme tackles the latency problem

in multi-server environments through BLS-based server allocation. The uPOW scheme

integrates BLS, Q-learning, and CTPC to mitigate interference and reduce energy con-

sumption in dense deployments. Together, these schemes form a progressive and unified

optimization chain that enables adaptive and efficient wireless communication under di-

verse network conditions.

Finally, the assumptions and constraints of the CORE framework were outlined to

establish the theoretical foundation on which subsequent chapters are developed.

Based on the architectural structure presented in this chapter, the next three chapters

provide an in-depth treatment of each cooperative scheme, covering their system models,

algorithmic designs, and performance evaluations.
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Chapter 3

Efficient Capacity Management

Scheme

Following the introduction of the CORE framework in Chapter 2, this chapter presents the

first proposed scheme, eCAP, which serves as the capacity-oriented optimization engine

in the sharing and deciding modules of the CORE pipeline. The primary goal of eCAP

is to mitigate the degradation of network capacity caused by dense interference and the

difficulty of forming high-throughput routes in WMNs.

Although multihop relaying improves coverage and spectrum reuse, it also creates

strong mutual interference when many neighboring links transmit concurrently. Even

when multiple routing options exist, only a very limited subset of paths can sustain con-

sistently high throughput; hidden terminals, bottleneck relays, and spatially correlated

interference often cause unexpected throughput drops along seemingly short routes. Con-

sequently, the aggregate capacity of WMNs remains low under dense deployments, as

discovering and maintaining truly high-throughput multihop paths is extremely challeng-

ing. Traditional routing strategies based on hop count, static link cost, or fixed heuristics

neglect interference coupling and dynamic link variations, and therefore fail to maximize

throughput in realistic deployments.

To overcome these limitations, the eCAP scheme formulates high-throughput rout-

ing as a learning-enhanced cooperative transmission problem. The scheme integrates

three complementary components: (i) a FG approach that constructs a convergent tree-

structured topology and selects a root node; (ii) a two-stage Q-learning path selection
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algorithm that first discovers promising links based on SNR and then refines decisions us-

ing SINR to explicitly consider interference; and (iii) a CoF strategy that enables paired

relay nodes to forward simultaneously toward a common parent, increasing spatial reuse

and reducing the number of required time slots.

By combining these mechanisms, eCAP provides an AI-assisted cooperative trans-

mission architecture that significantly enhances route throughput and overall network

capacity while maintaining transmission reliability.

It should be noted that the core ideas in this chapter are based on the master’s work,

which was originally reported in [17].

The remainder of this chapter is organized as follows. Section 3.1 reviews the re-

lated research. Section 3.2 introduces the system model of the proposed eCAP scheme.

Section 3.3 presents the complete algorithmic design of eCAP, followed by performance

evaluation and numerical results in Section 3.4. Finally, Section 3.5 concludes this chapter.

3.1 Research Background

It is expected that approximately 65% of the world’s population will be using the 5G

networks by 2026 [18]. In other words, it means the number of people using mobile

devices such as smartphones, smartwatches, and so on, will drastically increase in use. As

the next generation, 6G communication is expected to provide better services for users

than 5G, such as a larger network coverage, higher throughput, and to accommodate a

larger number of users and lower latency communication at the same time. Some novel

technologies will be applied to 6G, including extremely large bandwidth (more than 1 THz

waves) and AI empowered, including network analysis, network resource management, and

network planning.

Meanwhile, 6G network is expected to attend a remarkable revolution in Internet.

This revolution will completely differentiate 6G from previous networks and evolve wire-

less communication from the “Internet of Things” to “Internet of Intelligence” [18]. Par-

ticularly, 6G needs to support ubiquitous AI services from the cloud servers to the edge

devices and beyond the specification of current mobile networks. AI will promote the

development of 6G in designing and optimizing architectures, protocols, and operations.

6G is a research field for serving data transmitting services by applying all new tech-
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niques. These various techniques are expected to be applied in 6G in the future, like

a full-duplex system, a distributed massive multi-input multi-output (MIMO) system, a

reconfigurable intelligent surface (RIS), and so on. Also, G. Trivedi et al. [19] explained

that wireless multihop networks are also one of the core technologies in 6G, which can

decentralize the computations, organize the network automatically, reach high network

capacity, and be deployed in a short time.

WMN can form a self-configuring network by cooperating nodes and allows any two

distant nodes to send their packet directly with the help of other nodes over a long

distance. In other words, the WMN can extend the network coverage. However it can

drastically degrade the entire network capacity due to a source node choosing an uncertain

path to send its packet via the way of multihop communication.

In details, the first problem is happened when the number of nodes increases, there

are many data transmission paths via different intermediate nodes to be selected from a

source node to the corresponding destination node by an efficient path selection algorithm.

Since the criteria and conditions of each path are different, the result of the path selection

has a great influence on the entire network capacity. The second problem occurs when

each node has to send not only its own packets, but also other nodes’ packets in the

network, in which it can lead to high latency for the sent packet to reach its destination

node. Thus, the latency due to the queuing time and the processing time will increase

drastically when the number of nodes is large.

To mitigate these two problems, we consider a RL with both the FG and nested lattice

code (NLC) approaches in our research study. For the first aforementioned problem, we

apply the eCAP scheme, which allows each source node to select its intermediate node

with the best path to the corresponding destination node. With these best-metric paths,

the resultant network topology that can achieve the optimum network capacity can be

established. To solve the heavy iteration problem in the RL, we use FG to select the best

root node of the network topology. As a result, FG can reduce the computation time of the

DRL. For the second problem, NLC, which is used to reduce the link error probability of

a channel, can correct the errors through the integration of the CoF strategy. By the way,

the entire network capacity can be improved further by reducing the required number of

time slots. In the eCAP scheme, we manage to propose two novel learning path selection
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(LPS) algorithms, i.e., SNR-based learning path selection (NLPS) algorithm that focuses

on increasing the E2E throughput from each source node to one destination root node,

considering SNR as a reward. SINR-based learning path selection (INLPS) algorithm

that uses the results obtained from NLPS and considers SINR as a reward during the

training phase of RL to look for viable, appropriate path for each source node. In this

dissertation, our main contributions are as follows:

• Proposing a novel eCAP scheme to achieve an optimum network capacity while

reducing the computation time in WMNs

• With the introduction of FG approach, the eCAP scheme not only selects the best

root node of a WMN, but also reduces the computation time of the RL

• Applying an NLC into the data transmission of a tree-based topology network, the

results eCAP scheme can reduce the total number of transmissions in the entire

WMN

3.1.1 Related Works

An extensive research works on the network capacity in wireless networks. These research

works can be mainly divided into three categories, i.e., analytical modeling, network rout-

ing, and transmit power control. In analytical modeling, C. Fujimura et al. [20] proposed

an analytical expressions for maximum E2E throughput varying number of hops and pay-

load length in the string topology network. Besides that, S. Rezaei et al. [21]considered a

routing policy and nodes’ distribution as well as the MAC layer together into an analytical

modeling of E2E throughput. From the viewpoint of network routing, W. Lee et al. [22]

and J. Gui et al. [23] jointly consider node fairness and energy saving when designing the

routing policy for wireless networks. Some researchers also look into the routing problem

in the tree-based topology network. For example, D. Eliiyi et al. [24] proposed a parallel

algorithm to find all root nodes of a network, in which the root node can considerably

reduce the overall energy consumption and increase the network lifetime. Through this

algorithm, the root node can greatly reduce the computation time as well. Recent studies

have also investigated tree-based routing and topology optimization in wireless multihop

and mesh networks under interference-aware formulations. For example, Xu et al. [25]
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proposed the Minimum Interference Steiner Tree (MIST), in which multicast routing

is modeled as a Steiner tree optimization problem with explicit interference considera-

tions. A two-stage submodular relaxation algorithm (TSSR) is developed to construct

multicast trees that simultaneously minimize tree cost and interference, and theoretical

approximation guarantees are provided. These approaches demonstrate the effectiveness

of tree-structured network models and interference-aware optimization in wireless mesh

networks.

A few of research works on the network capacity analysis using FG approach and

coding theory. Using the FG approach, Y. Mao et al. [26] studied a low-complexity

algorithmic framework for link loss monitoring in a centralized manner in wireless sensor

networks. The proposed algorithm iteratively updates the estimates of link losses upon

receiving or detecting the loss of recently sent packets by the sensors. Similarly, W. Li

et al. [27] focused on the nonparametric variant of the sum-product algorithm (SPA),

called sequential particle-based SPA (SPSPA), for FG to infer the multi-sensor target

states over time in a distributed manner of wireless sensor networks. Both studies show

the great achievement of FG in wireless networks. In recent year, C. Jiang et al. [28]

applied FG into the real smartphone navigation system, i.e., pedestrian dead reckoning

exploring human walking gaits, in which FG can effectively solve practical application

problems in the wireless communication. In the coding theory, X. Bu et al. [29] applied

the network coding in the WMN to solve maximum-minimum optimization problem of

cooperative communication. Their research work can significantly increase the capacity

of wireless networks. Besides that, they also considered jointly optimizing intermediate

node selection, scheduling, and flow routing for cooperative communication in the WMN

environment. As for the lattice coding theory, there are no studies that apply to the

WMN environment. But according to J. Xue et al. [30], the lattice decoder can achieve

low word error rate for power-constrained wireless communications.

With the popularity of AI, there have been many studies on wireless networks em-

powered with AI in recent years. J. Rosenberger et al. [31] applied a deep reinforcement

learning multi-agent system in different devices to decentralize the calculation to locate

the resources in the industrial Internet of Things. Even though the systems and resources

are keep changing, their method runs very well and time is very low, which inspired our
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research to use DRL to reduce computation time.

In recent developments, Y. Wang et al. [32] proposed a multigranularity DRL for

reliability optimization in channel resource allocation in the WMN. Their approach, which

combines mobile-edge computing and DRL, addresses the challenge of highly reliable

data transmission in complex multihop and multichannel environments. This research

significantly contributes to the field by enhancing network performance and reliability

using advanced computational techniques. In a similar vein, T. Ho et al. [33] developed

the DRL for optimizing server selection, cooperative offloading, and handover in MEC

environments within 5G networks, significantly enhancing network efficiency and reducing

computation costs.

Among all kinds of AI, DL is one type that has seen numerous applications [34, 35]

in recent years. RL is another type that is the most suitable for solving path selection

problems, and some researchers have applied it to the WMN. D. A. Dugaev et al. [36]

presented an application of RL-based algorithms to the routing task in wireless multihop

topologies, and a flexible, reliable, adaptive packet forwarding scheme was developed,

which showed significantly better results in packet loss ratio and route recovery time

values, compared to the classical routing approach, widely used in the WMN. RL has

many variant algorithms. Among them, Q-learning, as a model-free RL algorithm, pro-

cesses data without an environment model and adaptation, is widely used in the path

selection problem of wireless networks. Researchers have applied Q-learning to various

situation. One example focuses on the interference channel like T. Wongphatcharatham

et al. [37], who proposed the multi-agent Q-learning to optimize the transmit power of

transmitters within interference channel by maximizing SINR. Their results show that

transmitters are able to allocate their own transmit powers and get a better sum-rate

than the traditional methods, such as the maximum power allocation and the random

power allocation. Another example focuses on the E2E transmission rate like X. Wang

et al. [38], who proposed a Q-learning-based intermediate nodes selection algorithm to

decentralize the computation of nodes in the multihop clustered networks and result in

a near-optimal E2E rate and better performance than traditional decentralized solutions

from one source node to one destination node. Other example focuses on the intermediate

nodes selection in cooperative wireless sensor networks like Y. Su et al. [39] developed a
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deep-Q-network-based scheme, which significantly enhances system capacity and energy

efficiency in cooperative communications.

3.1.2 Motivation

From the aforementioned studies, it is evident that the research community has made sig-

nificant progress in analytical modeling, routing optimization, and transmit power control

in WMNs. However, several limitations remain unresolved, motivating the objectives of

this study.

First, most existing analytical models focus on evaluating E2E throughput or trans-

mission capacity under fixed topology assumptions. Although these models provide useful

theoretical insights, they often overlook the dynamic and decentralized characteristics of

modern WMNs, where node mobility, link instability, and interference patterns fluctuate

in real time.

Second, while numerous routing algorithms have been proposed—ranging from fairness-

or energy-aware schemes to cooperative and hierarchical strategies—most rely on static or

heuristic optimization. These methods struggle to maintain optimal performance in large-

scale, dynamic, and heterogeneous networks, especially when multiple users transmit data

concurrently and cause mutual interference.

Third, current transmit power control mechanisms achieve notable improvements in

interference mitigation and throughput. However, they often require global coordination

or centralized information exchange, which is impractical for distributed and large-scale

WMNs.

In parallel, emerging research has applied AI to enhance routing and resource al-

location in WMNs. These methods have shown promising results in improving adapt-

ability and efficiency. Nevertheless, they typically treat communication links and nodes

as independent entities, failing to capture the underlying probabilistic dependencies and

network-wide interactions that influence overall performance.

Meanwhile, the FG and NLC approaches have demonstrated strong potential in other

wireless communication domains for probabilistic inference and capacity enhancement,

yet their integration into multihop networks and AI-driven frameworks remains largely

unexplored.
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To address these research gaps, this chapter aims to investigate the integration of

FG and NLC into Q-learning to jointly optimize path selection and network capacity

in WMNs. By combining the low-complexity inference capability of FG, the structural

coding efficiency of NLC, and the adaptive decision-making of Q-learning, we seek to

develop a novel hybrid framework capable of achieving high E2E throughput, reduced

interference, and improved network scalability under dynamic wireless environments.

3.2 System Model

In this section, we describe the system model, which includes the network model, channel

model, interference model, network capacity calculation, and airtime link metric.

3.2.1 Network Model

In eCAP scheme, the network model is a WMN, which has only one root node. We assume

that the network topology of the WMN can be modelled as a graph network model. In this

model, all nodes have the same transmit power, bandwidth, antenna gain, and received

signal strength indicator (RSSI). Also, nodes are stationary, and each node must have a

connection to other nodes. For transmitting data, a node can send to or receive from only

one other node in a single time slot. A WMN example of network model that is used in

this chapter is shown in Figure 3.1. In the network model, we assume that all nodes are

working in full-duplex mode. Among these nodes, one node will be selected as the root

node, and it will be connected to the wired connection, like Ethernet. Other nodes will

be connected to the root node either directly or in a multihop manner.

3.2.2 Channel Model

In channel model, the wireless nodes are randomly and uniformly distributed in the cov-

erage area, and the distance between two wireless nodes i and j (dij) is computed by the

Euclidean distance.

The signal attenuation of the transmission link over a communication channel depends

on the log-distance pathloss model. By assuming PL0 as the Friis free space model, the
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Figure 3.1: An example of WMN network model.

channel gain in terms of decibel dB unit between a transmitting node i and a receiving

node j is shown as

PLij = PL0 + 10 · ζ · log10(
dij

d0
) − ωij + ψ (3.1)

where PL0 is assumed as Friis free space model, PL0 = 20 · log10(d0). β is attenuation

constant and Wij is the wall attenuation. d0 is decorrelation distance which is set to ten

meters in this research. ψ is shadowing attenuation. The power ratio at the receiving

node j with the signal attenuation between wireless node i and node j according to the

pathloss PLij is

Gij = 1

10
(

P Lij
10

) (3.2)

3.2.3 Interference Model

The interference model is used to determine the amount of power level of interfering nodes

in an ongoing transmission, and the power capture model is one of them. In the power

capture model, the SINR is considered to indicate whether the reception of the ongoing

transmission is successfully achieved or not. In this dissertation, we refer to the power

capture model, which is similar to [40] and define it as SINR-based interference model to

obtain the set of interfering nodes of the ongoing transmission.

Figure 3.2 depicts the SINR-based interference model. Node i is sending its packets

to node j. At the same time, nodes 1 to k are also sending packets to other nodes besides

node i and node j, where K will be the total number of interfering nodes in the network

of WMN. The SINR at node j from node i is given by
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SINRij = Gij · Pi

ηj ·B + ∑
k∈K,k ̸=i Gkj · Pk

(3.3)

where Pi is the transmit power of node i and ηj is noise level of node j, and B is the

channel bandwidth.

Figure 3.2: Illustration of SINR-based interference model.

3.2.4 Link Capacity Model

We can obtain the link rate from node i to node j as

Rij = B · log2 (1 + SINRij) (3.4)

Then, the E2E throughput (Re2e
SD) from the source node S to the destination node D is

defined as the sum of the link rates of all links on the path, which is

Re2e
SD =

M∑
m=0

Rnm nm+1 , n = {1, 2, · · · , N − 1} (3.5)
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where N represents the total number of nodes in the uploading path from S to D. n

denotes one of the intermediate nodes on the path from S to D, including S. The network

capacity (C) is computed based on the link rate and required time slot of all the on-going

transmissions. For each link, the transmission time of a time slot (Tv) is defined as the

maximum length of transmission time of all the involved links, which are transmitted the

packets in the same time slot, and is given as

Tv = max
i∈I

{
L

Rij

}
(3.6)

Therefore, the network capacity is the sum of the sizes of all packets sent divided by

the sum of the transmission time of all time slots, which is

C = (N − 1) · L
V∑

v=1
Tv

(3.7)

where v is the number of time slots, L is packet size and I is the set of nodes sending

packets in the same time slot. V is the total number of time slots. For the sake of

simplicity in the evaluation part, we assume that each node has only one packet to be

sent to the destination root node.

3.2.5 Airtime Link Metric

Airtime reflects the amount of channel resources consumed by transmitting the frame

over a particular link, and the extensive framework allows this metric to be overridden by

any path selection metric as specified in the mesh profile. The IEEE802.11s mesh WLAN

specification of airtime link metric (ALM) [41] can captures the link quality as a function

of the estimated frame loss probability as follows:

l =
(

O + Ltest

R0

) 1
1 − FER

(3.8)

where l is the airtime cost with no units, O is channel access overhead, which includes

frame headers, training sequences, access protocol frames, and so on. Here O equals to

the sum of PHY header, MAC header, acknowledgement (ACK), distributed coordination

function inter-frame space (DIFS), short inter-frame space (SIFS), slot time and minimum

of contention window (CWmin). Ltest is size of test frame, R0 is basic rate for test packet

and FER is frame error rate (FER). ALM can use a numerical value to express the quality
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of the link. l is small means the quality of the link is better. For example, a node send

a test frame (8192 bits) through a link with a data rate of 1 Mbps. The channel access

overhead is 65 µs, PHY header is 192 µs, ACK is 304 µs and slot time is 9 µs. The total

time is 570 µs. If the frame error rate is 80%, the airtime cost (l) is 4278.3 (rounded

to 4280). The airtime cost is used by FG as a measure of the link quality between two

communication nodes.

3.2.6 Network Optimization Targets

The objective is to determine which wireless links and intermediate relay nodes should

be selected to form an E2E transmission path between a source node and its destination.

From a network perspective, the path selection process constitutes a discrete decision-

making problem, in which each candidate wireless link is either selected or excluded from

the constructed transmission path. Different choices of transmission paths lead to different

E2E throughputs, interference levels, and achievable transmission capacities.

It should be emphasized that transmission power, bandwidth allocation, and other

physical-layer parameters are not directly optimized in this chapter. Instead, their impact

is implicitly captured through the reward evaluation of different path selection outcomes

under dynamic network conditions.

Accordingly, the scheme developed in this chapter learns effective path selection poli-

cies by interacting with the network environment, aiming to maximize the network ca-

pacity.

3.3 Efficient Capacity Management Scheme

In this section, we propose and describe the novel eCAP scheme. The structure diagram

of the eCAP scheme is shown in Figure 3.3. In this WMN environment, various wireless

communication devices, such as smartphones, robots, laptops, vehicles, and so on are

connected to each other wirelessly. The information of these devices is sent via a multihop

fashion can be efficiently determined by the proposed eCAP scheme, which consists of

three parts. In the root selection part, a shortest path spanning tree (SPST) algorithm

and an FG approach are adopted to select the best root node of the tree-based network
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Figure 3.3: The structure diagram of eCAP scheme.

topology using the ALM metric. Next, in the learning part, two LPS algorithms based

on Q-learning, i.e., NLPS and INLPS algorithms are used to select the best path for

forwarding the packets of each devices. Last, in the enhancement part, NLC and CoF are

applied to manage and combine the data transmission of two pairing nodes to not only

improve the reliability of data transmission in the presence of noise and interference, but

also reduce the number of time slots. The application scenario of the proposed scheme

in this dissertation is expected for the network system of the large area coverage, such as

exhibition halls, stadiums, and so on, in which the communicating devices are quite static

and form a single root tree topology for their data transmissions.

3.3.1 Factor-graph

An FG approach is a bipartite graph representing the factorization structure of a global

function into a product of smaller local functions; each local function contains the product

from the other factors. In particular, FG has two types of nodes: variable nodes and factor

nodes. Variable nodes can be either evidence variables when their value is known, or query
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variables when their value should be predicted. Factor nodes define the relationships

between variable nodes in the graph and represent functions on subsets of the variables.

Each factor node can be connected to many variable nodes and comes with a factor

function to define the relationship between these variables. Each factor function has

a weight associated with it, which describes how much influence the factor has on its

variables in relative terms. The weight can be learned from training data, or assigned

manually. Because many optimization problems in robotics have the locality property,

FG can model a wide variety of problems across the fields of AI and robotics. Using

the sum-product algorithm, the global function can represent the whole FG, which can

determine the best network capacity from a tree-based structure topology.

In the LPS algorithms, the role of FG is to select the best root node, which is most

likely to generate high network capacity for the LPS algorithms, thereby reducing the

number of iterations of the LPS algorithms. FG selects the best root node through the

following three steps:

(1) For each node as the root node, use Dijkstra’s algorithm to find the SPSTs;

(2) FG uses sum-product algorithm to calculate the total ALM link weight of SPSTs;

and

(3) Compare the total ALM link weight for all the different root nodes and select the

best root node with the smallest weight.

Wireless link Logical connected link

Step (1) Step (2) Step (3)

Select the SPST 
with the ALM weight 
is the smallest

Figure 3.4: SPST computation for node A by Dijkstra’s algorithm.

In Step (1), the nodes and links in WMN can be represented into an undirected graph.

As shown in Figure 3.4 of Step (1), for each node in WMN as the root node, Dijkstra’s
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algorithm is used to find the path from the root node to all other nodes. Dijkstra’s

algorithm is an algorithm for finding the shortest paths between nodes in a graph. If

the link is selected by Dijkstra’s algorithm, it becomes a logically connected link with a

weight calculated by ALM. With this algorithm, the shortest path from the root node to

all other nodes is selected to form a tree-based topology. This topology is called SPST

topology, which has minimum weight paths from the root node to all the other network

nodes. Each node in WMN can be used as the root node and generate its own SPST

topology, so the number of nodes is consistent with the number of SPST topologies.

Next, in Step (2), the total ALM link weight of each SPST topology is calculated. The

weight of each link is represented by the airtime cost, which is calculated by ALM. The

lower the value, the better the quality of the link. In general, the total ALM link weight is

obtained by adding the weight of each link, and this is also done in Dijkstra’s algorithm.

But this way is difficult to distinguish which SPST topology is better. Besides that, in the

actual network environment, the structure of the network will also have a great impact on

the performance of the entire network. Therefore, the simple summation method cannot

accurately and completely represent the quality of the network. Instead of this method,

in this dissertation we regard the SPST topology as an FG, and use the sum-product

algorithm to calculate its total ALM link weight. The sum-product algorithm performs

addition and multiplication according to the relationship between nodes; therefore the

total ALM link weight is also affected by the network topology. Compared to the simple

summation method, the sum-product algorithm can better distinguish which is the best

SPST topology. Step (2) in Figure 3.4 is applying FG, and the sum-product algorithm on

the SPST topology of node A is shown. l isthe ALM cost of the link and can be calculated

by ALM. In FG, we assume all the nodes are equal in the WMN environment, and the

factor value of a node can be neglected. For the root node A, the relation between node

E and node B is parent node and child node, so the product of node E is multiplied them

together, which is lAE · lEB. Similarly, the product of node GF is lAF · lF D. Node C,

node E, and node F are sibling nodes, so the product from them is adding them together,

which is

GF (A) = lAC + (lAE · lEB) + (lAF · lF D) (3.9)
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where GF (A) is the global function of root node A. This global function represents to

the total ALM link weight. The total ALM link weight is small means good performance

of this network topology. It should be noted that the airtime link metric defined in

Equation (3.8) evaluates link quality at the individual link level, whereas the total ALM

metric computed via the factor graph represents a topology-aware aggregation of these

link-level costs.

At last, in Step (3), after the ALM link weights of each node are calculated by the

sum-product algorithm, these SPST topologies are compared to each other with their own

total ALM link weights, and the smallest one is selected as the best one. As shown in

Step (3) of Figure 3.4, by comparing the total ALM link weight of the SPST topology

with its corresponding root node, the best-metric network topology with the selected best

root node is selected.

3.3.2 Reinforcement Learning and Q-learning

RL is a research field of machine learning (ML), in which an agent learns via trial and

error. This problem is often modeled mathematically as a Markov decision process. RL

algorithm contains several elements: agent, environment, state s, action a, and reward

r. The learning process of the agent starts by receiving the current state sm from the

environment. Agent is the main part of RL, which decides to do which action depending

on the current state sm and reward rm. After the agent makes a decision with an action

am, which is sent to the environment. The environment changes to the next state sm+1

with its associated reward rm+1 based on the action am and sends them to the agent

again. Then, the agent makes the next decision again based on the received state and

reward. By looping this process continuously, the agent tries to find a near-optimal policy

by maximizing the expected cumulative reward to determine the best state-action value.

Q-learning, which is known as an independent model of the RL algorithm that is

able to learn the action value for a particular state in the defined environment. The

independent model of Q-learning does not rely on the model of the environment. Besides

that, the model cannot only deal with the problem in the stochastic conditions, but also

its reward does not depend on the dynamic change of adaptations or adjustments. F. S.

Melo [42] explained that Q-learning is used to obtain an optimal state by maximizing the
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expected value of the total reward over any and all successive iterations from the origin

of the current state for any Finite Markov Decision Process (FMDP). In other words, Q-

learning can search for an optimal action as the best selection policy for any given FMDP

with the given infinite exploration time, and in the case of a fully-random policy or a

partly-random policy. In Q-learning, ‘Q’ is a function that is also called the Q-function.

This Q-function computes the expected value of the instantaneous reward for an action

to be taken in the given state. In general, the Q-function can be written as:

Qnew(sm, am) = (1 − α)Q(sm, am) + α(rm + γQmax(sm+1, a)) (3.10)

where sm and sm+1 are current state and next state, am and rm are action and reward,

α and γ are learning rate and discount factor. The Q-values form the Q-table and are

updated with each training. The agent decided the next action according to the Q-values

in the Q-table. The Q-values keep updating until the reward reaches to the target value

or the reward changes less than the threshold within several iterations.

Q-learning is widely used in the path selection problem. In this problem, nodes need

to choose the next neighboring path according to their own situation until they reach the

destination node, which is very well-suited to the operation method of Q-learning. In

other words, the selection of intermediate nodes from the source node to the destination

node can be defined as the path selection problem in Q-learning. Here, each node acts

as an agent, and action refers to the next selected intermediate node. In each selection

of an intermediate node as the neighboring path, the node needs to make a choice based

on its own network environment and gets a reward according to the choice to learn and

optimize the predefined policy; in this case, it is to maximize the objective parameter of

the WMN.

3.3.3 SNR-based Learning Path Selection Algorithm

The aim of the NLPS algorithm is to focus on increasing the E2E throughput from any

source node to a destination node, considering the parameter of SNR as the reward.

NLPS algorithm is a modified version of the decentralized Q-learning based intermediate

nodes selection scheme [38]. Since the SNR parameter is used as the reward, the NLPS

algorithm will look for the path with the highest SNR value and ignore the interference
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effect from other transmitting nodes.

In the beginning stage, when the network topology has been formalized, it is not

yet possible to determine the result of the total interference level from other ongoing

transmissions despite its own noise during the data transmission. Thus, SNR is used as

a path decision-making for any network topology to establish its data transmission. To

apply the NLPS algorithm, the nodes in WMN need to be layered according to the best

root node, which is provided by FG, and the transmission range is determined by RSSI.

As shown in Figure 3.5, all nodes are divided into M layers. m is the number of layers

and fm is the nodes in the mth layer. Cm means the mth layer and nm
fm

means the fth

node in mth layer. In layer m, the number of nodes is Fm. According to the system

model of this dissertation, all the nodes send packets to the root node D, forming to a

tree-based topology. Nodes can only send to nodes in the higher layer, but they cannot

send their packets to the nodes in the same layer. Next, the NLPS algorithm uses to

determine the path selection for all the source nodes in the network is composed of three

phases: initialization, training, and selection.
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Figure 3.5: Nodes layered by transmission range in WMN.

In the initialization phase, Fm−1 ×Fm reward tables are generated. Each layer has its

own reward table that contains the rewards of all possible pairs of state and action, which

correspond to the pair of the transmitting nodes and the receiving nodes.

In the NLPS algorithm, the reward is set to the SNR value, and these reward tables

can be obtained before the training phase. The reward table is described by Table 3.1.

In this table, m is the layer of receiving nodes, and sm and am mean states and actions,

respectively. Since the nodes in the network are static, it simply means that the position
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Table 3.1: Reward table for mth layer

sm

am
nm

1 nm
2 ... nm

Hm

nm−1
1 rm

11 rm
12 ... rm

1Fm

nm−1
2 rm

21 rm
22 ... rm

2Fm

... ... ... ... ...

nm−1
Fm−1 rm

Fm−11 rm
Fm−12 ... rm

Fm−1Fm

of the nodes has been determined, so the SNR will not change, and the reward table does

not need to be updated in the training phase.

Similar to the reward table, each layer has one Q-table, which stores the Q-value of

all the possible pairs of state and action, and will be updated after each iteration in the

training phase. In the initialization phase, we set every Q-values in every Q-table is zero

to allow the agent to select its first action randomly. The Q-table is shown in Table 3.2.

Here Qm(i, j) is Q-value of node i and node j in the mth layer (Cm). For example,

Qm(nm−1
1 , nm

2 ) means the Q-value of the first node in (m−1)th layer and the second node

in the mth layer. This Q-value is stored in the Q-table of the mth layer.

Table 3.2: Q-table for mth layer

sm

am
nm

1 nm
2 ... nm

Fm

nm−1
1 Qm(nm−1

1 , nm
1 ) Qm(nm−1

1 , nm
2 ) ... Qm(nm−1

1 , nm
Fm

)

nm−1
2 Qm(nm−1

2 , nm
1 ) Qm(nm−1

2 , nm
2 ) ... Qm(nm−1

2 , nm
Fm

)

... ... ... ... ...

nm−1
Fm−1 Qm(nm−1

Fm−1 , n
m
1 ) Qm(nm−1

Fm−1 , n
m
2 ) ... Qm(nm−1

Fm−1 , n
m
Fm

)

The main task of the training phase is to update Q-values according to the Q-function

until the agents terminate the training loop, which means the best path is found. Q-

function is the key part of the training phase, which calculates Q-values depend on the

current values and future values. The standard Q-function in equation (3.10) only consid-

ers the current reward, i.e., SNR of the current link. This will cause agents to only focus

53



on the reward of the current link, while ignoring the status of the entire path. This is sim-

ilar to the greedy search, which is inefficient. If the SNR of the current link is very large

while the SNRs of other links are small, the agent will still choose this link even though

it is resulting a very low E2E throughput. Therefore, the Q-function should consider all

links. However, this can lead to heavy computation time. To obtain a better result, we

make a compromise choice. The Q-function will only select the larger one between the

reward of the current link and next link. This makes the agent to consider the link that

could result the higher E2E throughput. The modeled Q-function is given by

Qm(sm, am) =



(1 − α)Qm(sm, am) + α(rm(sm, am) + γQmax(m+ 1)),

m≤M, rm(sm, am) > rm+1

(1 − α)Qm(sm, am) + α(rm+1 + γQmax(m+ 1)),

m≤M, rm(sm, am) < rm+1

rm(sm, am), m = M + 1

(3.11)

where

sm: the state represents the current position of a packet along the multihop trans-

mission path, corresponding to an intermediate relay node in Cm−1 that is preparing to

forward the packet to the next hop in Cm

am: the action represents the selection of the next-hop relay node in Cm, which di-

rectly determines the wireless link used to extend the end-to-end transmission path. All

candidate relay nodes in Cm are considered as feasible actions.

rm(sm, am): the reward evaluates the quality of the selected wireless link from a net-

work perspective. In eCAP scheme, the SNR or SINR of the selected link is adopted as

the reward, reflecting its contribution to reliable transmission along the multihop path.

α: the learning rate controls the balance between newly acquired link evaluation

information and previously learned knowledge, where 0 ≤ α ≤ 1.

γ: the discount factor determines the weight of future path quality in the Q-value

update, and a larger γ encourages the agent to consider long-term path performance.

rm+1: reward of next link in Cm+1, which is calculated by

rm+1 = rm+1(am, a
′
m+1) (3.12)
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where

a′
m+1 = argmax

am+1
Qm+1(am, am+1) (3.13)

As in equation (3.13), a′
m+1 is the best action at the state am in Cm+1 with maximum

Q-value. As the reward of the best action in the next link, rm+1 is compared with the

reward of the current link, and the larger one is used to update the Q-value. Through

this method, the agent cannot only be limited to the reward of the current link, but also

take a long-term view and consider the next step to choose the path.

The maximum Q-value Qmax(m+ 1) in Cm+1 is calculated by

Qmax(m+ 1) = Qm+1(am, a
′
m+1) (3.14)

where Qmax(m + 1) represents the Q-value of the best action in Cm+1 and participates

in the updating of Q-value as new information. The Q-function represents the long-term

utility of selecting a specific next-hop relay at a given intermediate node, in terms of the

overall quality of the resulting E2E transmission path.

Here we use the example in Figure 3.5 to explain how the Q-function works in the

training phase. As shown in Figure 3.6, n0
1 is set as a source node S. S needs to send

packets to destination node (root node) D. s1 = S, m = 1. First, a1 is randomly selected

from C1. Here we assume that node n1
1 is selected. a1 = n1

1. Next, the SNR of this link

is the reward r1(S, a1) of doing the action a1. From the Q-table of C1 and C2, we can

find the best action at a1 by equation (3.13) and assume that a′
2 = n2

1. The SNR of this

link is calculated as r2. Also, Qmax(2) is calculated by equation (3.14). The rewards of

the current link r1(S, a1) and next link r2 are compared to each other to decide which

equation will be used to update in equation (3.11). At last, the Q-value of n0
1 and n1

1 is

updated and stored in the Q-table. Then, for the next layer C2, the action node is set as a

state, s2 = n1
1, m = 2, and repeat the same step as C1, and the Q-value in the Q-table of

C2 is updated. In this training phase, the process repeats for each layer until m = M + 1,

which means it has reached to the destination node D and one iteration is finished. If

the change of E2E throughput from S to D is lower than the threshold ϵ, the training is

stopped and completed. Otherwise, another iteration of training begins. As the number

of iterations increases, the Q-table is gradually updated. When the training phase is

completed, each layer has its own complete Q-table, including the updated Q-value.
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Figure 3.6: Steps of updating Q1(n0
1, n

1
1).

In the selection phase, the agent needs to find the best path from S to D through

Q-tables after the training of all layers is completed. At first, the agent sets s1 = S and

searches all Q-values in the row of s1 in the Q-table of C1 and finds the maximum Q-value

and selects it as the best intermediate node a′
2 from s1. Next, it sets s2 = a′

2 and C2

repeats the step above to find the best intermediate node. After all layers have found

their own best intermediate node, the best multihop path from S to D is determined.

After completing the three aforementioned phases, the best multihop path of each

source node is determined, except for the root node. By combining all the best paths of

all source nodes, a tree-based network topology with the optimum network capacity can

be accomplished, as shown in Figure 3.7.

3.3.4 SINR-based Learning Path Selection Algorithm

In the NLPS algorithm, the total interference among the links has been ignored because

the actual set of transmission links is not yet known before path planning begins.. Be-

fore establishing the transmission paths, it is not possible to determine which links will

be active; therefore, the interference cannot be computed in advance. Therefore, NLPS

performs an initial path selection using only the SNR of each candidate link, providing a

preliminary routing structure. Once the initial multihop paths are determined, the total
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Figure 3.7: Forming the best network topology.

interference generated by concurrently active links can be recomputed. Since interference

significantly affects link quality and achievable transmission rates, it must be considered

during actual data transmission. To incorporate this essential network parameter, we

introduce an enhanced learning-based path selection algorithm that explicitly considers

interference. To achieve improved E2E throughput, we propose the INLPS algorithm.

INLPS extends NLPS by refining the initial SNR-based routing decisions using SINR in-

formation. The objective of INLPS is to identify a more reliable transmission path with

higher E2E throughput. INLPS algorithm is performed right after the NLPS algorithm.

Using the routing structure generated by NLPS, the SINR of each link can now be com-

puted based on updated interference information. Similar to NLPS, the INLPS algorithm

consists of initialization, training, and selection phases. In these phases, the action still

represents selecting the next-hop relay node, and the state denotes the current relay posi-

tion along the multihop path. However, the reward is updated to reflect the SINR of the

selected link, enabling the agent to evaluate both link quality and interference effects when

extending the transmission path. First, INLPS imports the results of NLPS, including

the identified root node and the learned Q-tables. After the NLPS algorithm finishes, the

INLPS algorithm saves the root node and all the Q-tables. Then, the INLPS algorithm

uses the network topology obtained by the NLPS algorithm to re-calculate the correspond-

ing SINRs and store them in the reward tables. The algorithm then proceeds through

the initialization, training, and selection phases following the updated SINR-based reward

model. Consequently, the agent favors next-hop decisions that lead to higher-SINR paths,

resulting in improved E2E throughput. Thus, incorporating SINR as the reward enables
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INLPS to identify multihop paths with superior E2E throughput.

The flowchart of NLPS and INLPS are shown in Figure 3.8.
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Figure 3.8: Flowchart of NLPS and INLPS algorithms.
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3.3.5 Nested Lattice Code

Although the proposed LPS algorithms increase the E2E throughput in sending packets

through the tree-based network topology, however this may result in poor network capacity

when node density is very high in the network. This is because the total interference level

increase drastically when all the nodes is sending their packets. To address this problem,

the proposed eCAP scheme adopts NLC and CoF strategy.

Lattice code (LC) can be used to improve the data transmission in the presence of

noise. LC is a kind of error-correcting code that enables messages to be transmitted

through lattice points. Besides, LC ensures accurate encoding and decoding of messages,

even if noise alters some bits of the codewords.

To improve the efficiency of data transmission, the NLC is formulated by using two

lattices: a coding lattice and a shaping lattice. The coding lattice is responsible for the

error-correcting capabilities of the LC. Meanwhile, the shaping lattice applies a power

constraint to the codewords. In this dissertation, we focus on an 8-dimensional LC,

specifically the E8 lattice code. The NLC is adopting a method to regulate the transmit

power levels by mapping the original transmit power at the shaping lattice point to the

constrained power level at the coding lattice point.

3.3.6 Compute-and-forward

The CoF strategy is employed to enable intermediate nodes to decode linear equations of

transmitted messages, which are conveyed as noisy linear combinations by the channel.

This strategy significantly reduces the number of required time slots when two nodes

transmit their messages to the same parent node simultaneously. In the CoF strategy,

codewords are linearly combined and transmitted through the channel. Even though in

the presence of noise, these codewords can be accurately decoded at the receiver using

NLC. In the CoF strategy, messages can be encoded to the corresponding codewords

and transmitted over an additive white Gaussian noise (AWGN) channel; they become

the receiving codewords, which are decoded to the receiving messages. Because the CoF

strategy relies on codes with a linear structure, NLC is recommended to be used in the

communication system [43].

In CoF, multiple transmitting nodes may simultaneously send lattice-coded signals,
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and a receiving node decodes an integer-valued linear combination of the transmitted

codewords rather than decoding each individual message. As a result, different relay

nodes may obtain different linear combinations of the same set of transmitted messages,

depending on their channel conditions.

By exploiting the linear structure of NLCs, these linear combinations can be reliably

decoded at the receivers. Once a sufficient number of linearly independent combinations

is collected, the original messages can be recovered by solving a system of linear equations

over the underlying finite field. In the proposed eCAP scheme, this inversion process is

performed implicitly when the decoded combinations are forwarded and aggregated along

the multihop path, allowing the destination node to reconstruct the original information

symbols.

In this dissertation, we combine two messages into one. In particular, NLC is used to

reduce the error on the messages, whereas the CoF strategy is used to reduce the number

of time slots in the data transmission.
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Figure 3.9: The CoF strategy in the data transmission.
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As shown in Figure 3.9, in a single time slot, nodes A, B try to send messages to

node C, and node X tries to send messages to node Y . Before applying the CoF strategy,

the latency can be doubled if these two messages are sent at the same time, which also

means it needs more time slots to finish all data transmissions. In this situation, the

network capacity will be very low. After applying the CoF strategy, the messages sent

at the transmitting nodes A, B at the same time can be encoded separately and decoded

at the receiving node C. With the help of NLC, these two encoded messages, including

codewords, are decoded together at the receiving node C; therefore, the resultant SINR

becomes better. As a result, the data transmission rate of these two messages is increased

due to the total number of time slots is reduced.

If more than two transmitting nodes try to send their messages to the same receiving

node in a time slot, the receiving node will randomly select two of the transmitting nodes.

3.4 Numerical Simulations

This section evaluates the performance of the proposed eCAP scheme through numerical

simulation. Performance evaluation compares the existing path selection method [44]

algorithm in the same scenarios and network environment.

3.4.1 Simulation Scenarios and Settings

This numerical evaluation is to study the performance of network capacity and compu-

tation time with two scenarios. In particular, the first scenario looks at the performance

analysis of FG and NLC, whereas the second scenario compares the performance of the

proposed LPS algorithms. In this dissertation, we assume that each intermediate node

has only one packet to send to the destination root node, and nodes can send one packet

and receive at the same time. Besides that, nodes can also receive two packets at the

same time. The simulation program is written in MATLAB R2022a, and the desktop

environment is an Apple Mac mini (2018) with Intel Core i7 3.2 GHz, 64GB DDR4 RAM.

The parameters and values are listed in Table 3.3. The constant attention and shadowing

attenuation of the log-distance pathloss model is set as 3.5 and 4.0 dB, respectively, to

fit the real-world environment. The values of other parameters are set according to the
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Table 3.3: Simulation parameters and settings of eCAP.

Parameter Value

Network coverage size 500 m × 500 m

Transmission range 170 m

Number of nodes 50∼100 nodes

Number of simulations 10,000 times

Transmit power 19 dBm

Attenuation constant 3.5

Wall attenuation 0 dB

Shadowing attenuation 4 dB

Decorrelation distance 10 m

PHY header length 39.2 µs

MAC header size 320 bits

Channel bandwidth 20 MHz

Test payload size 8192 bits

Noise level -174 dBm/Hz

RSSI -65 dBm

FER 10−4

DIFS 34 µs

SIFS 16 µs

CWmin 15

ACK size 112 bits

Slot time 9 µs

Basic rate 6 Mbps

Learning rate 0.9

Discount factor 0.5

Threshold 1 bps

Data packet size 1000 bytes

IEEE802.11ax standard specification [45].

For Q-learning settings, the default value for learning rate is 1.0. However, the Q-
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Figure 3.10: Performance of learning rate in the Q-learning.

function has been modified, so it is necessary to revisit the appropriate value for the

learning rate. Figure 3.10 shows the comparison of different learning rate when the num-

ber of nodes is 50 and 100 nodes with same discount factor and threshold. The result

shows that the best learning rate for our Q-function is 1.0. α = 1.0 means that only

new information is considered when updating the Q-value, and the influence of current

information is completely ignored. For a more realistic environment, it is necessary to

give some weight to the current information. Thus, we consider the learning rate α is 0.9.

Next, the discount factor in Q-learning decides the importance of the Q-value for the

best action. Simply to say, the discount factor is larger means that the agent’s next action

will be considered in a long-term manner, otherwise the next action will be considered in a

short-term manner. The result of discount factor in the Q-learning is shown in Figure 3.11.

When the discount factor γ = 0.5, the performance of average E2E throughput is better,

which also means setting the importance of Qmax(m + 1) as 0.5 is the best value for our

training time of Q-learning.

Finally, the threshold of Q-learning determines when the training should be finished. In
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Figure 3.11: Performance of discount factor in the Q-learning.

common, the smaller the threshold in the Q-learning, it shows the better the performance

results. However, the number of iterations can be also increased at the same time.

Figure 3.12 shows the performance result of different thresholds when the number of

nodes is 50 and 100. As we can observe from these results, the lower the threshold, the

higher the average E2E throughput. When the threshold is set to 1 bps, the training works

fine and almost reaches to more than 300 iterations. After 300 iterations, the throughput

remains unchanged. Thus, we set the threshold ϵ equivalent to 1 bps in our simulation.

As for the convergence and stability properties, we conclude that the parameters,

learning rate, discount factor, and threshold in both algorithms, to balance exploration

and exploitation, allow agent’s decision for the next action, and prevent over-training or

non-stopping scenarios, respectively. However, we need to adjust further according to the

dynamic environment. Besides that, we use the best next hop’s reward as a reference

factor to calculate the Q-value, ensuring that the algorithm consistently finds the best

path. We recognize the importance of the algorithm’s ability to adapt its performance

based on the observed network environment scenario. We plan to modify the NLPS and
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Figure 3.12: Performance of threshold in the Q-learning.

INLPS algorithms to include other possible feedback parameters in order to not only

enhance their robustness, scalability, and efficiency in dynamic environments, but also to

be highly feasible in real-world applications.

3.4.2 Simulation Results and Discussion

The numerical simulation mainly investigates the performance of network capacity and

computation time by comparing different scenarios and consists of two parts. In the

first part, we investigate the performance of network capacity and computation time

with/without FG and CoF. Besides that, we also examine how the FG approach is used

to find the root node to improve the performance of the proposed eCAP scheme. In

the second part, the NLPS algorithm and the INLPS algorithm is applied to find the

best network topology in WMN. The scenarios ‘NLPS’ and ‘INLPS’ are using the NLPS

algorithm and the INLPS algorithm to select the best path, respectively, and NLC with

CoF strategy is also used in data transmission to increase network capacity further.
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Performance Analysis of FG and CoF

In this section, we discuss the results of FG and CoF. There are three kinds of path

selection methods. The ‘TSSR’ abbreviation means the path selection method is obtained

by a tree topology, which is computed by the two-stage submodular relaxation (TSSR)

algorithm [25]. For the legends of ‘FG without CoF’ and ‘FG’, they mean the path

selection method is using FG without CoF and FG with CoF, respectively.
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Figure 3.13: Network capacity comparison of the FG approach with and without CoF.

In Figure 3.13, the average network capacity using FG is 0.267 Mbps or about 13%

times lower than TSSR (0.314 Mbps) when the number of nodes is 50. If CoF is also
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applied, the average network capacity reach to about 23% times higher, i.e., 0.397 Mbps.

Figure 3.14: Computation time comparison of the FG approach with and without CoF.

As for computation time in Figure 3.14, when the number of nodes is smaller than

four, applying FG and CoF will cost more computation time. Otherwise, the computation

time becomes better compared to the ‘TSSR’. More specifically, when the number of nodes

is 50, it costs about 89.7 s, while FG with CoF only costs 3.44 × 10−3 s.

Through these simulation results, we can conclude that the network topology selected

by FG can increase the average network capacity and greatly reduce the computation time.
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Besides that, CoF can further increase network capacity. Although the computation time

of CoF will increase slightly, it is considered in the acceptable range of latency in the

real network environment. We can observe that the network capacity is still very low

when both the FG and CoF approaches are used. It is because all the network topologies

are in the form of tree-based topology, which means that all the source nodes choose to

send packets directly or multihop manner to the one root node. As a result, the network

capacity becomes low because all the nodes need a large number of time slots to complete

their data transmission to the root node. Thus, it is necessary to use an LPS algorithm

to plan a forwarding path to carry all the packets to the destination root node.

Performance Analysis of NLPS and INLPS Algorithms

We first investigate the performance of the number of iterations, network capacity, and

computation time. Figure 3.15 shows the results of average E2E throughput versus num-

ber of iterations between NLPS and INLPS algorithms when the number of nodes is 50

and 100.
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Figure 3.15: Performance results of average E2E throughput versus number of iterations

between NLPS and INLPS algorithms.
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These results reveal that the INLPS algorithm can reach higher average E2E through-

put than the NLPS algorithm. For the sake of comparison, in this dissertation, we use the

number of settling iterations, which is defined as the number of iterations for the steady

state to reach, and stay within 2% of its final value. In Figure 3.15 (a), when number of

nodes is 50, the number of settling iterations of NLPS and INLPS is 101 iterations and

185 iterations, respectively. This means that NLPS has fewer iterations to complete the

training than INLPS. Similarly, we can observe the same result when the number of nodes

is 100, i.e., 156 iterations and 263 iterations, respectively, in Figure 3.15 (b). Therefore,

we can conclude that the average E2E throughput of the INLPS algorithm is higher than

that of the NLPS algorithm, even though it takes more iterations. The reason is that

the INLPS algorithm uses Q-values that is obtained by the NLPS algorithm to initialize

its Q-tables. By incorporating the total network interference for the path selection, the

INLPS algorithm can achieve higher average E2E throughput.

Table 3.4: Average E2E energy consumption of NLPS and INLPS.

No. of nodes
Algorithms

NLPS INLPS

50 9.45 nJ 8.83 nJ

100 6.39 nJ 6.12 nJ

The comparison of E2E energy consumption between the NLPS and INLPS algorithms,

as shown in Table 3.4 reveals an essential aspect of network energy efficiency. Despite the

INLPS algorithm’s time complexity, it demonstrates a marginal improvement in energy

consumption over the NLPS algorithm for both 50 and 100-node scenarios. The results of

Figure 3.15 and Table 3.4 show the balance the INLPS algorithm strikes between enhanc-

ing network performance and managing power resource efficiency. The slight decrement

in average E2E energy consumption by the INLPS algorithm, compared to NLPS, depicts

that the enhancements for handling network capacity optimization do not significantly

increase energy efficiency. This observation highlights the essential of considering energy

efficiency in the design and optimization of network protocols, particularly in cases where

reducing energy consumption is as important as improving network performance.

Second, we look at the results of the network capacity, which are shown as Figure 3.16
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Figure 3.16: Performance evaluation of FG, NLPS, and INLPS.

(a). When the number of nodes varies from 50 to 100, our simulation results show that the

average network capacity decreases. Quantitatively, when the number of nodes is 50, the

average network capacity of NLPS algorithm and the FG is 1.64 Mbps and 0.39 Mbps,

respectively. Meanwhile, the average network capacity of the INLPS algorithm is 4.51

Mbps or about 2.75 times and 11.56 times higher than the NLPS algorithm and the FG,

respectively. For the number of nodes is 100, the average network capacity becomes 3.79

Mbps, 0.84 Mbps, and 0.36 Mbps, respectively. This is because the INLPS algorithm first

trains its Q-values based on the results of the NLPS algorithm by incorporating the total

network interference. Then, the INLPS algorithm uses SINR is the reward for avoiding

using the path with low SINR when it is selecting the paths. Therefore, this leads to a

higher average network capacity can be achieved by the INLPS algorithm.

Next, as we can see the performance comparison of the computation time in Figure 3.16

(b), The INLPS algorithm is about 2 times higher than the NLPS algorithm because the

INLPS algorithm needs to perform the same computation time of the NLPS algorithm

first to get results as its Q-value input. The computation time of both the NLPS and

INLPS algorithms includes the computation time of FG, in which we can observe that
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FG takes very little time to find the best root node. Without FG, both NLPS and

INLPS algorithms need to be ran on all the nodes. Consequently, it is impossible to find

the best network topology that can maximize the average network capacity for the LPS

algorithms. With the introduction of FG, the NLPS algorithm and the INLPS algorithm

can find the best network topology, and at the same time they can accomplish the average

network capacity closes to the maximum network capacity together with a great reduction

of computation time.

Table 3.5: Average computation time versus average latency of FG, NLPS and INLPS.

No. of nodes
Average computation time Average latency

FG NLPS INLPS FG NLPS INLPS

50 2.18 ms 258.53 ms 494.48 ms 20.36 ms 4.86 ms 1.77 ms

60 3.37 ms 367.79 ms 712.51 ms 20.39 ms 5.57 ms 1.92 ms

70 4.86 ms 504.31 ms 978.11 ms 20.53 ms 6.48 ms 2.03 ms

80 6.77 ms 666.51 ms 1298.64 ms 21.30 ms 7.63 ms 2.08 ms

90 9.11 ms 863.68 ms 1688.88 ms 21.42 ms 8.74 ms 2.10 ms

100 12.03 ms 1099.96 ms 2156.32 ms 21.98 ms 9.51 ms 2.11 ms

Last, Table 3.5 delineates the average computation time and average latency for the

FG, NLPS, and INLPS algorithms when varying node counts, presenting a tradeoff view

between computational overhead and network performance. Notably, the INLPS algo-

rithm exhibits high average computation times but results in low average latency, par-

ticularly as the number of nodes increases. The overall results of computation time

and latency emphasize the importance of strategic decision-making when it is applied to

real-world applications, like a network formed by a group of stationary communicating

devices, in order to achieve such resource utilization efficiency. In other words, network

environment where reducing latency is paramount, the INLPS algorithm emerges as the

preferable choice despite its computational time. This analysis accentuates the vital role

of algorithm selection in optimizing WMN configurations, especially in applications where

latency extreme impact on overall network performance and user experience.
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3.5 Summary

This chapter presented the eCAP scheme, which serves as the capacity-oriented module

within the proposed CORE framework. The chapter first clarified the root causes of

capacity degradation in WMNs, emphasizing the impact of dense interference, hidden

terminals, bottleneck relays, and spatially correlated contention on the formation of high-

throughput multihop routes. Based on these observations, a system model was formulated

that incorporates channel characteristics, interference coupling, link rate, and airtime-

based link quality metrics.

To address the capacity limitation problem, eCAP introduces a cooperative and AI-

assisted multihop transmission mechanism. A factor-graph-based shortest-path spanning

tree is first constructed to determine a convergent topology and parent–child relationships

according to link quality, while simultaneously reducing the search space for routing. On

top of this structure, a two-stage LPS mechanism is applied: NLPS is used to rapidly

explore candidate paths with high transmission reliability, followed by INLPS that explic-

itly accounts for mutual interference during concurrent transmissions. In addition, NLC

combined with a CoF strategy enables paired child nodes to forward packets simultane-

ously toward a common parent, thereby increasing spatial reuse and reducing the number

of required time slots.

Numerical simulations validated the effectiveness of the proposed eCAP scheme under

various node densities and interference conditions. The results demonstrated substantial

performance gains over conventional tree-based routing, including significant improve-

ments in network capacity, higher average E2E throughput, and considerable reductions

in computation time due to the introduction of the FG-based root selection. These gains

stem from efficient topology construction, interference-aware learning, and cooperative

coded forwarding.

Overall, the eCAP scheme establishes a practical solution to the capacity bottleneck

in multihop wireless networks. It provides a solid foundation for the subsequent latency-

oriented and power-oriented optimization modules developed in the CORE framework,

which are presented in Chapters 4 and 5.

73



Chapter 4

Extreme Low Latency Transmission

Scheme

Following the capacity-oriented optimization developed in Chapter 3, this chapter ad-

vances the research to the second stage of the CORE framework: extreme low-latency

transmission in multi-server environments. While the eCAP scheme in Chapter 3 en-

hances network capacity by constructing high-throughput multihop topologies in WMNs,

its performance analysis reveals that, once the problem of path capacity is alleviated, E2E

service latency becomes the dominant limiting factor—particularly when a large number

of devices offload tasks to a limited set of edge servers. This observation motivates the

development of the eLOW scheme, which targets the intrinsic challenge of server selection

and load balancing in MSWNs. In this chapter, the primary optimization target shifts

from path selections to server association decisions, where each device selects one server

from multiple candidates to minimize network latency.

In MSWNs, each device is capable of associating with multiple ESs, and each ES

may simultaneously serve a large number of devices. Although multiserver deployment

increases computational resources and service coverage, it introduces a new decision-

making problem: devices must determine not only how to transmit, but also where to

offload. Inefficient server allocation can result in queue build-up, uneven resource utiliza-

tion, excessive interference, and degraded QoS. Traditional static or heuristic methods

cannot sufficiently adapt to the highly dynamic characteristics of modern wireless net-

works, where mobility, fluctuating traffic arrivals, and interference coupling change rapidly
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over time.

To address this challenge, the eLOW scheme formulates latency-aware server selection

as a learning-driven optimization problem. It leverages the Broad Learning System (BLS)

as the primary decision engine in the deciding module of the CORE framework. Owing

to its shallow yet expansive architecture and incremental learning capability, BLS enables

rapid adaptation to evolving network conditions without expensive retraining, making it

particularly suitable for real-time low-latency management. Based on this learning core,

two BLS-based strategies are designed to optimize device–server association from different

perspectives. These strategies enable the framework to flexibly balance propagation delay,

link quality, and throughput while achieving scalable and low-latency resource allocation

under dense deployments.

The remainder of this chapter is organized as follows. Section 4.1 introduces related

research on BLS-based server allocation and resource management in MEC and MSWN

environments. Section 4.2 formulates the system model and performance metrics for

the proposed eLOW scheme. Section 4.3 presents the detailed design of the BLS-based

optimization strategies. Section 4.4 evaluates the performance of the scheme through

numerical simulations. Finally, Section 4.5 concludes this chapter.

4.1 Research Background

As the evolution towards B5G progresses, the burgeoning demands for higher data rates,

lower latency, and enhanced area traffic capacity pose significant challenges to the capac-

ities of existing wireless networks, especially in device-to-device communication scenarios

and MSWNs. These expectations underscore the necessity for future wireless networks

to effectively manage high-density connections, reduce latency, and augment area traffic

capacity, highlighting the imperative for pioneering solutions.

In the context of MSWNs, where IoT devices communicate directly with multiple MEC

servers within a single hop, optimizing network capacity and reducing latency become

particularly challenging. This environment demands innovative approaches to ensure

efficient resource allocation and to enhance overall network performance. Integrating AI

solutions with advanced techniques emerges as a key strategy to meet these demands.

By leveraging AI’s capabilities, wireless networks can dynamically adapt, enabling real-
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time decision-making for resource allocation and thus significantly improving network

performance in various MSWN scenarios.

Among the wireless technologies explored for these purposes, the Broad Learning Sys-

tem (BLS) offers a promising avenue for optimizing network performance in MSWNs.

Known for its fast learning speed, incremental learning ability, and robust feature extrac-

tion, BLS is particularly well-suited for handling the dynamic and large-scale nature of

MSWNs.

Compared to DL, BLS adopts a shallow network architecture instead of a deep one,

which substantially reduces computational complexity and training time. In dynamic

MSWN environments, where real-time decision-making is crucial, rapid learning capability

enables BLS to adapt more efficiently to network changes. In contrast, deep learning

requires intensive computational resources and long training times, making it difficult to

respond swiftly to network fluctuations.

Another key advantage of BLS lies in its incremental learning capability, which allows

it to update the model without complete retraining. This feature is vital for MSWNs,

where devices frequently join or leave the network, and communication loads vary con-

tinuously. While RL also provides adaptive optimization through interaction with the

environment, its exploration–exploitation process often demands numerous iterations and

training episodes, leading to inefficiency in fast-changing environments. BLS, on the other

hand, achieves effective model adaptation with far fewer updates.

Moreover, BLS demonstrates strong feature extraction and generalization performance

by utilizing randomly generated enhancement nodes and ridge regression for output weight

optimization. This mechanism ensures robustness and adaptability when dealing with

dynamic, high-dimensional wireless data. Unlike RL, which relies heavily on trial-and-

error exploration and complex reward design, BLS can efficiently model relationships

between network states and optimal actions without extensive interaction or simulation.

In summary, BLS excels in learning efficiency, incremental adaptability, and feature

robustness, making it highly suitable for optimizing multi-server wireless networks.

Therefore, this chapter explores the application of BLS to MSWN optimization and

introduces tow BLS-based strategies: BLS with Nearest MEC Server (BLS/NS), and

BLS with Maximum SINR (BLS/MS). Each strategy is designed to optimize a specific
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aspect of network performance, focusing on enhancing connectivity, reducing latency, and

improving throughput in dense network deployments. Factors such as energy consumption

and hardware configurations are not considered in this study.

This chapter commences with a comprehensive review of existing literature, identi-

fying gaps in current methodologies and setting the stage for our proposed BLS-based

scheme. We then present our system model, including the network, channel, and interfer-

ence models, establishing a robust foundation for our investigation into MSWN optimiza-

tions. Subsequent sections detail the development and implementation of the BLS-based

strategies, demonstrating their potential to overcome the unique challenges of MSWNs.

Through numerical simulations, our analysis evaluates the effectiveness of the proposed

strategies, focusing on key performance metrics such as network capacity and latency.

This dissertation contributes to the broader field of wireless communications by propos-

ing a novel BLS-based optimization framework for MSWNs, showcasing its potential to

enhance network efficiency and reliability in the era of Beyond 5G.

4.1.1 Related Works

In recent years, task offloading and server decision-making in multi-server MEC have

received significant attention, aiming to tackle challenges such as latency minimization,

optimal resource utilization, and energy efficiency, especially in contexts demanding high

mobility. Guo et al. [46] introduced a dynamic computation offloading mechanism for

multi-server MEC systems, addressing the trade-offs between energy consumption and

task execution delay. Their approach, based on online learning, optimizes transmit power

and server selection for mobile devices, aiming to minimize time-average expected task

execution delay under energy consumption constraints. Besides that, Gan et al. [47]

also suggested a server offloading scheme that can address the concerns of users with

limited computational capabilities to minimize the overall latency in a multi-server MEC

network. This scheme will be automatic in task scheduling, wireless offloading modes, and

server pair selection, which will be based on the power information and the user’s power

limitation. Lim et al. [48] took this pioneering step by implementing deep reinforcement

learning strategies for computational offloading as well as server decision-making based

on a soft actor-critic method. They have done an exceptional job by minimizing delay,
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saving on energy consumption, and quickly finding a solution that is both stable and

convergent with outstanding developments compared to the existing methods.

Aiming the maximization of the effectiveness of wireless networks, recent studies pro-

vide machine learning techniques as innovative solutions to the problem of network ca-

pacity. Ajayi et al. [49] propose a self-renewing machine learning method dedicated to

increasing network throughput by means of a data selection algorithm that allows to

classify scheduling structures and retraining models. This method notably improves the

efficiency and the computational cost by applying transfer learning. It eventually re-

duces the computational cost of training models significantly. Hu et al. [50] explored

another method of capacity prediction for wireless networks through CNNs, this method

of predicting network capacity by artificial data generation from practical network mod-

els showed high accuracy. Also, Ajayi et al. [51] proclaimed the capacity optimization

for B5G/6G Integrated Access and Backhaul (IAB) networks with a two-stage machine

learning framework which brought the throughput improvement of a significant amount

and also reduced the computational time. This work reveals an untapped area of machine

learning where resource scheduling could be done more efficiently and network perfor-

mance could be improved.

On the aspect of network latency, innovative approaches have also been explored.

Zhohov et al. [52] have applied machine-learning techniques in the handover process in

wireless networks, so greatly reducing latency and ensuring the stability of the friend

zone service quality when transitions are made between frequencies. The efficiency of

this method is underpinned by the actual network measurement and network scenario

as both of them essentially make it applicable to real life. As well, Lee and Chung [53]

also designed a scheduling system that aims at reducing the FAN latency and the hybrid

scheme successfully cuts the maximum unicast and broadcast transmissions. The afore-

mentioned studies in general highlight that machine intelligence is thoroughly involved in

wireless network optimization by revealing the costs that necessitate more effective and

trustworthy performance in wireless communication systems in the future.

BLS was first proposed by Chen [54] as a flat network designed for efficient, incremen-

tal learning. BLS is proposed as a supervised learning and an efficient alternative to deep

learning, allowing for rapid adaptation without extensive retraining. Further expand-
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ing on the versatility of BLS, Xu et al. [55] demonstrated its application in time series

prediction by incorporating recurrent connections within the BLS framework. This adap-

tation, termed recurrent BLS (RBLS), signifies an advancement in handling sequential

data, thus broadening BLS’s applicability to domains necessitating accurate prediction

over time, such as financial forecasting and weather prediction. Gong et al. [56] provided a

comprehensive review of BLS, elaborating on its algorithms, theoretical foundations, and

a wide range of applications. Their analysis underscores the system’s universal approx-

imation capabilities, showcasing BLS’s effectiveness in tasks ranging from classification

and regression to semi-supervised and unsupervised learning. The review not only high-

lights BLS’s flexibility and stability but also its practical utility in fields such as computer

vision and biomedical engineering, emphasizing the broad applicability and promising

future of BLS in advancing AI and machine learning technologies. Furthermore, Chi et

al. [57] also proved that BLS can achieve higher accuracy with less training time than

other machine learning algorithms and can adapt to changing network environments in

the industrial Internet of Things.

4.1.2 Motivation

Although machine learning has been widely applied to task offloading, server selection,

and resource optimization in multi-server MEC systems, existing approaches still struggle

to ensure stable latency performance under dynamic conditions. Algorithms such as

online learning, transfer learning, and deep reinforcement learning have demonstrated

improvements in network performance, but their high computational complexity and slow

convergence prevent them from reacting quickly to rapid fluctuations in traffic loads, server

congestion, and interference patterns.

In MSWNs, the dominant performance problem becomes E2E service latency rather

than computational capability. When many devices simultaneously offload tasks to a small

set of edge servers, queue buildup and asynchronous processing can trigger sudden latency

spikes, even if communication links remain strong. Preventing such latency amplification

requires predictive decision-making rather than reactive server switching.

The BLS offers a promising solution for this challenge. Its fast training speed, incre-

mental learning capability, and strong generalization performance enable real-time adap-
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tation to rapidly evolving network states without high computational burden. Although

BLS has shown success in domains such as time-series prediction and industrial IoT ana-

lytics, its potential for latency-aware optimization in MSWNs remains largely unexplored.

Motivated by this research gap, this dissertation investigates BLS-based server alloca-

tion for latency reduction in MSWNs. By leveraging BLS’s rapid learning and incremental

adaptability, the proposed eLOW scheme is designed to predict latency-related metrics

and proactively prevent problem formation before delay buildup occurs. This chapter

therefore establishes a foundation for predictive, AI-driven latency control in the emerg-

ing B5G and 6G network architectures.

4.2 System Model

This section formulates the system model used for analyzing and evaluating the pro-

posed eLOW scheme. It defines the network topology, channel model, and interference

assumptions that characterize the MSWN. Furthermore, key performance metrics such

as network latency and network capacity are derived to provide the analytical foundation

for the subsequent optimization and simulation processes.

4.2.1 Network Model

The network model of MSWN is shown in Fig 4.1. The MSWN employs MEC servers,

which can process data and service requests at the network’s edge to enhance network

performance metrics such as latency, processing speed, and overall efficiency. MEC servers

are capable of making decisions more efficiently by reducing network resource requirements

and mitigating traffic congestion during packet transmission [58]. The set of MEC servers

is represented by j = {1, 2, ..., J} ∈ J , whereas the set of devices is denoted by i =

{1, 2, ..., I} ∈ I. It is assumed that MEC servers are wirelessly interconnected, allowing

for the sharing of gathered information from all the devices. Each device periodically

sends one packet to an MEC server. All the devices in the network operate on the same

frequency, have identical bandwidth, and share the same antenna gain. The network

coverage area is segmented from the center into several sector-shaped areas, corresponding

to the number of MEC servers, with each area hosting one MEC server. Devices are
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Figure 4.1: Illustration of multi-MEC server wireless networks.

distributed randomly across the entire network area. In this MSWN model, there exist

many possible alternative links between each device and several servers. These alternative

links, when chosen to transmit the data packet, become a connected link, indicating the

establishment of a direct communication path for data transmission from a device to its

corresponding server.

Suppose the set of interfering devices is represented by k = {1, 2, ..., K} ∈ K. Thus,

the signal-to-interference-plus-noise ratio (SINR) at a server j from a device i is given

by
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SINRij = Gij · Pi

ηj ·B + ∑
k∈K Gkj · Pk

(4.1)

where Pi is the transmit power of device i, ηj is noise level of server j, and B is the

channel bandwidth. Gij is the power ratio between device i and server j calculated by

the log-distance pathloss model [17].

4.2.2 Calculation of Network Latency and Network Capacity

We can obtain the transmission rate, Rij from a device i to MEC server j as Rij =

B · log2 (1 + SINRij). In our study, we set the actual size of each packet will be randomly

determined in the range of 100 bytes below the maximum packet size. For example, we

set the maximum packet size is 1500 bytes, the actual packet size will be around 1400 to

1500 bytes.

In the MSWN model, the time division multiple access (TDMA) protocol is assumed,

in which each device that sends to the corresponding MEC server must use the allocated

time slot for its data packet. In this way, the latency is the total number of transmission

time slots for all the devices for a jth MEC server. Hence, we define that the network

latency, Θ is the maximum latency of all the MEC servers in a communication network,

can be written as

Θ = max
j∈J


Ij∑

i=1

Li

Rij

 (4.2)

where Li is the packet size for device i, Ij is the number of devices sending data packets

to the MEC server j.

For the sake of simplicity in the evaluation part, we assume that each device has only

one packet to be sent to the MEC server. Therefore, the network capacity, C, is the sum

of the sizes of all packets sent from devices divided by the network latency, which can be

written as

C =

I∑
i=1

Li

Θ (4.3)
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4.2.3 Network Optimization Targets

The primary optimization variable in the eLOW scheme is the server association of each

device in MSWN. Each device may have several candidate MEC servers within its cover-

age, and selecting the most suitable server directly affects the network latency.

In contrast to Chapter 3, where the optimization problem focused on selecting next-

hop relays to construct high-capacity multihop paths, the optimization problem in this

chapter is defined as a server-selection problem. Each device must determine which MEC

server it should offload its data to in order to minimize the overall service latency.

The eLOW scheme models this decision-making problem as a supervised learning task

using the BLS. BLS takes device-level network observations as input features and outputs

the predicted server index that yields the lowest network latency. Thus, the optimization

performed in this chapter corresponds to mapping network conditions to an appropriate

device–server association.

4.3 Extreme Low Latency Transmission Scheme

This section presents an eLOW scheme that leverages the BLS to enable devices to select

suitable MEC servers under the assumptions and constraints. The goal is to determine an

optimal server allocation strategy that minimizes network latency and enhances overall

capacity performance.

4.3.1 Broad Learning System Overview

The Broad Learning System (BLS) is an incremental supervised learning algorithm de-

signed to adapt to dynamic environments without relying on deep network architectures.

Unlike traditional deep neural networks, BLS employs a flat network structure composed

of feature nodes and enhancement nodes, which enables fast training, efficient updating,

and robust generalization. An illustration of the BLS structure is shown in Figure 4.2.

In the context of the proposed eLOW scheme, the BLS serves as the core decision-

making module for server association in MSWNs. Specifically, the optimization variable in

this chapter is the server index selected by each device. Thus, BLS is used as a supervised

learning model that maps device-level network observations to a discrete server-selection
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Figure 4.2: Illustration of the BLS.

output. The input features provided to the BLS include device locations, distances to

all MEC servers, link-quality indicators, task sizes, and the computational capabilities of

each MEC server. These features collectively characterize the latency-related conditions

experienced by each device. The output of the BLS is a server label indicating which

MEC server the device should associate with to minimize its network latency.

BLS predicts the optimal server for each device based on the learned relationship

between network conditions and latency-minimizing server assignments. This formulation

enables fast and scalable server allocation in dynamic MSWN environments.

As a supervised learning model, BLS requires a labeled dataset consisting of input

features and corresponding output labels. In this study, the input features include the

locations of all devices and MEC servers, the task size of each device, and the compu-

tational capacity of each MEC server. To generate the training labels, we employ the

Gurobi optimizer [59] under diverse network conditions. The optimal server assignment

obtained from Gurobi serves as the target label in the training dataset. Once the dataset

is prepared, it is used to train and evaluate the BLS model. After training is complete,

the weight matrix that links the mapped feature node Z and output Y will be used as

the training result of BLS for online server selection.
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Data Preprocessing and Feature Extraction

To ensure numerical stability and equal feature contribution, all input data are normalized

using min–max normalization:

z′ = z − zmin

zmax − zmin

, (4.4)

where z represents a raw feature value, z′ the normalized feature, and zmin and zmax

denote the minimum and maximum values of each feature across the dataset.

Next, feature extraction is performed using the Random Forest algorithm, which eval-

uates feature importance based on the Gini impurity:

Ω(SBn|X) =
z∑

c=1

|SBn,c|
|SBn|

· Ω(SBn,c), (4.5)

Ω(SBn,c) =
z∑

c=1
p(xc)(1 − p(xc)), (4.6)

where SBn,c denotes a sub-branch, and p(xc) is the proportion of samples belonging to cat-

egory c. Features with high importance are retained, effectively reducing dimensionality

and mitigating overfitting while improving predictive accuracy.

Feature and Enhancement Node Construction

After preprocessing, the normalized data are projected into feature nodes through ran-

domly generated weights and biases:

Zi = ϕ(XWei + βei), i = 1, . . . , n, (4.7)

where X is the input matrix, Wei and βei are the random weights and biases, and ϕ(·) is

an activation function.

These feature nodes are further expanded into enhancement nodes:

Hj = ξ(ZnWhj + βhj), j = 1, . . . ,m, (4.8)

where ξ(·) denotes another nonlinear activation function. This “broad” structure increases

representational capacity without adding network depth, preserving computational effi-

ciency.
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Weight Optimization and Incremental Learning

Once the feature and enhancement nodes are constructed, the optimal output weights are

determined via ridge regression:

W = (λI + ATA)−1ATY, (4.9)

where A is the concatenation of feature and enhancement nodes, Y is the labeled dataset,

and λ is a regularization parameter that controls overfitting.

A major advantage of BLS is its incremental learning ability. When new devices

join the network or mobility patterns change, BLS can update its parameters by adding

new nodes without retraining from scratch, greatly reducing computational overhead and

ensuring adaptability in dynamic wireless environments.

4.3.2 BLS-Based Optimization Strategies for MSWN

To effectively manage service latency while maintaining sufficient network capacity in

multi-server wireless networks, we extend the original BLS optimization (BLSO) frame-

work [57] and tailor it to the MSWN context. In [57], they apply BLSO to minimize

the total computing time, which encompasses local computing time as well as remote

computing time, with the latter subdivided into uploading time, remote processing time,

and waiting time. In this paper, the performance of BLSO thoroughly examines how to

optimize network performance metrics, i.e., network capacity and network latency.

However, the BLSO results poor overall network performance due to the parameter

of remote computing time did not consider any channel model and interference model.

As a result, we refine the BLSO to apply two different network allocation strategies to

accommodate the dynamic changes of MMWN environment. Since the network latency

depends on the data rate, which relies on the transmit power of a device and total inter-

ference level at the MEC server, we need to formalize the optimization problem in terms

of the nearest MEC server or maximum SINR. We propose two novel network allocation

strategies: BLS with the nearest MEC server (BLS/NS) and BLS with maximum SINR

(BLS/MS).
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BLS with Nearest MEC Server (BLS/NS)

BLS/NS, assumes that MEC servers possess sufficient computational capacity to handle

tasks from multiple devices. Each device selects the geographically nearest MEC server

to minimize transmission distance and propagation delay:

PBLS/NS : min
Dj

i

dij (4.10)

where dij represents the Euclidean distance between device i and server j.

BLS with Maximum SINR (BLS/MS)

BLS/MS, focuses on maximizing the signal-to-interference-plus-noise ratio (SINR) of the

communication link:

PBLS/MS : max
Dj

i

SINRij (4.11)

where SINRij is the SINR between device i and server j. This strategy aims to enhance

link quality and mitigate interference effects, thereby improving throughput and stability.

In the BLS/NS strategy, the selected server is the one whose index is predicted by

the BLS model to minimize the distance-based cost. In the BLS/MS strategy, the BLS

model outputs the server label associated with the maximum SINR among available server

candidates.

Common Constraints

All two strategies are subject to the same network constraints:

C1 : dij ≤ dmax

2 C2 : SINRij > 0 (4.12)

where J and I denote the number of servers and devices, respectively.

The integration of BLS with these optimization objectives forms a eLOW scheme for

MSWNs. By leveraging BLS’s fast training and incremental adaptability, the scheme

can dynamically learn and update optimal server associations under varying network

conditions. The proposed strategies jointly enable the network to flexibly balance latency,

connectivity, and throughput, ultimately achieving eLOW in Beyond 5G environments.
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4.4 Numerical Simulations

This section presents the numerical simulation results to evaluate the performance of

the proposed BLS-based eLOW scheme in MSWNs. The experiments are conducted to

validate the efficiency, scalability, and adaptability of the two strategies under different

network configurations and traffic conditions.

4.4.1 Simulation Scenarios and Settings

The simulations are implemented using Python 3.7 on a Windows 10 system equipped

with an 8-core Intel Core i5-1145G7 @ 2.60 GHz CPU and 8.0 GB DDR4 RAM. We

deploy multiple MEC servers and devices randomly in a 500 m × 500 m area. The

channel noise level is set to -174 dBm/Hz. Datasets for BLS training include the packet

size of each device, device number, device and MEC server locations, and channel gain

between devices and all MEC servers.

The proposed strategies are compared with BLSO and evaluated based on the opti-

mization problems, where each employs a distinct objective function. The Gurobi 9.5.2

commercial solver is used to obtain optimal labels for supervised training. Each simu-

lation is executed 100,000 times with random device–server distributions, and average

values are reported as final results.

The simulation parameters follow the IEEE 802.11ax specification [45], as summarized

in Table 4.1.

4.4.2 Evaluation Metrics

The performance of BLS is analyzed with respect to two primary aspects:

(1) BLS Learning Performance — evaluated in terms of training time and accuracy

for different percentages of training data.

(2) Network Performance Metrics — evaluated using:

• Network capacity (Mbps): overall throughput of all devices in the network.

• Network latency (s): the average time required for successful data trans-

mission between devices and MEC servers.

88



Table 4.1: Simulation parameters and settings of eLOW.

Parameter Value

Channel bandwidth 80 MHz

Attenuation constant 3.5

Transmit power 500 mW

Shadowing attenuation 4 dB

Decorrelation distance 1 m

Wall attenuation 0 dB

No. of devices 50 ∼ 150

No. of MEC servers 3 ∼ 10

No. of feature nodes for BLS 160

No. of enhancement nodes for BLS 1000

No. of adding enhancement nodes for BLS 50

Regularization coefficient for BLS 2 × 10−10

Shrink coefficient for BLS 0.9

No. of incremental steps for BLS 5

The detailed BLS learning performance is shown in Table 4.2, which demonstrates

that the accuracy improves with a larger proportion of training data. When 90 % of the

data are used for training, BLS achieves 94.43 % accuracy within 5.37 seconds, showing

an optimal trade-off between training time and accuracy.

Table 4.2: Training time and accuracy of BLS evaluation.

Percentage of

training data
40% 50% 60% 70% 80% 90%

Training time (s) 2.30 2.84 3.80 4.48 4.57 5.37

Accuracy (%) 87.27 88.16 90.11 91.75 91.88 94.43

Increased accuracy

per second
– 1.64% 2.03% 2.41% 1.44% 3.18%
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4.4.3 Simulation Results and Discussion

Impact of Device Density

Figure 4.3 illustrates how the average network capacity and latency vary with the number

of devices. As the number of devices increases, the network experiences higher congestion

and interference, leading to reduced capacity and increased latency.

Figure 4.3: Average network capacity and latency versus number of devices.

For 50 devices, BLS/MS achieves a capacity of 4.29 Mbps, which is 1.83 times and

1.11 times higher than BLSO and BLS/NS, respectively. When the device count increases
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to 150, BLS/MS still maintains superior performance with 0.64 Mbps capacity and 3.55

s latency, corresponding to reductions of 0.51 times and 0.72 times in latency compared

with BLSO and BLS/NS.

Impact of MEC Server Density

Figure 4.4 shows that as the number of MEC servers increases, average network capac-

ity improves while latency decreases. More MEC servers provide devices with greater

selection flexibility, mitigating congestion and balancing workloads.

Figure 4.4: Average network capacity and latency versus number of MEC servers.
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For 3 servers, BLS/MS achieves 1.08 Mbps capacity, 1.81 times and 1.04 times higher

than BLSO and BLS/NS, respectively. At 10 servers, it achieves 2.15 Mbps capacity and

0.53 s latency, significantly outperforming other schemes.

Impact of Packet Size

Figure 4.5 illustrates that increasing packet size leads to longer transmission times and

hence higher latency. However, the effect on network capacity remains marginal (within

8 %) since both total packet size and total transmission time scale proportionally.

Figure 4.5: Average network capacity and latency versus packet size.
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Discussion

These results clearly show that BLS/MS outperforms BLSO and BLS/NS in both net-

work capacity and latency. While BLSO focuses solely on minimizing computational delay

and BLS/NS prioritizes spatial proximity, BLS/MS effectively balances link quality, in-

terference, and device–server pairing. Consequently, it achieves more stable and efficient

network operations, particularly in dense deployment scenarios.

4.5 Summary

This chapter investigated the eLOW scheme, which serves as the latency-oriented module

of the proposed CORE framework in MSWNs. By focusing on device–server association in

MEC-enabled MSWNs, eLOW aims to reduce end-to-end service latency while preserving

high network capacity under dense and interference-prone conditions.

Building on the advantages of the Broad Learning System, eLOW formulates server

selection as a supervised learning problem and adopts BLS as a fast and incrementally

updatable decision engine. BLS-based optimization strategies were introduced: BLSO,

which minimizes total service time; BLS/NS, which prioritizes proximity to reduce prop-

agation delay; and BLS/MS, which emphasizes link quality and interference mitigation

to sustain high data rates.

A comprehensive system model for MSWNs was established, including channel and

interference characterization, and performance metrics for network latency and capacity

were derived. Numerical simulations under varying device densities, server densities, and

packet sizes demonstrated that BLS/MS consistently outperforms BLSO and BLS/NS

in terms of both network latency and capacity. The results further confirmed that BLS

provides high decision accuracy with modest training time, and its incremental learning

capability allows the server-association policy to adapt efficiently to changing network

conditions.

Overall, the eLOW scheme offers an effective solution to the latency bottleneck in

multi-server wireless networks by combining BLS-based server selection with latency-

and capacity-aware optimization. It complements the capacity-oriented eCAP scheme

developed in Chapter 3 and provides a low-latency foundation for the unified power and
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interference management scheme (uPOW) presented in Chapter 5.
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Chapter 5

Unified Power Management Scheme

Following the eCAP scheme and the eLOW scheme, this chapter presents the third and

final component of the proposed CORE framework: the Unified Power Management

(uPOW) scheme. Unlike the previous chapters, which focus primarily on transmission

efficiency and server allocation, this chapter addresses a critical challenge arising in edge

computing–enabled WMNs, namely the efficient execution of distributed computation

tasks under interference and energy constraints.

In edge computing scenarios, user devices offload computation tasks to edge servers

through multihop wireless transmissions. As network density increases and multiple tasks

are processed concurrently, task completion time becomes highly sensitive not only to

path selection and server selection, but also to mutual interference and transmit power

consumption. Even when transmission paths are optimized and server loads are well bal-

anced, uncoordinated power usage among nodes can lead to severe interference coupling,

excessive energy expenditure, and prolonged task execution delays. These effects limit

the performance of WMNs.

The uPOW scheme is designed to address this challenge by enabling unified and in-

telligent coordination of communication and computation-related decisions. Within the

CORE framework, uPOW jointly considers server selection, multihop path selection, and

transmit power control, rather than optimizing them independently. Specifically, in the

deciding module, a cooperative learning engine integrates BLS and Q-learning to select

the server and the multihop path. In the sharing module, these decisions are synchro-

nized across nodes via edge servers to avoid conflicting transmission behaviors in dense
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deployments. Finally, in the switching module, a CTPC mechanism dynamically regulates

transmit power in response to interference levels, mobility, and link stability, forming a

closed-loop control process.

The novelty of the uPOW scheme lies in its unified three-stage optimization structure.

By simultaneously considering task execution efficiency, interference mitigation, and en-

ergy conservation, uPOW enables robust and scalable operation of WMNs. This chapter

completes the CORE framework by providing a power- and interference-aware optimiza-

tion layer that supports autonomous, scalable, and sustainable task execution in B5G

wireless systems.

The remainder of this chapter is organized as follows. Section 5.1 reviews related

work on power control and interference management in WMNs. Section 5.3 presents the

system model for uPOW. Section 5.4 details the three-stage uPOW. Section 5.5 evaluates

the proposed scheme through numerical simulations. Finally, Section 5.6 concludes the

chapter.

5.1 Research Background

With the evolution toward B5G and future 6G networks, emerging applications demand

unprecedented levels of connectivity, ultra-low latency, and high network capacity. More-

over, as 6G aims to support AI-native services, future wireless systems must be capable

of delivering real-time AI inference and decision support in addition to communication

services [60,61]. An increasing number of smart devices, such as autonomous drones, wear-

able sensors, and intelligent vehicles, will generate computation-intensive tasks requiring

immediate AI processing. However, most of these devices are restricted by processing

power and battery capacity, making local execution of complex AI models impractical.

These ambitious requirements pose significant challenges to the design of MEC-enabled

wireless networks, especially in scenarios with high device density and dynamic user mo-

bility.

MEC brings computing and storage capabilities closer to the network edge, enabling

real-time data processing and low-latency services. Task allocation and offloading in MEC

has emerged as a pivotal strategy to alleviate the computational burden on resource-

constrained devices, enabling efficient processing and reduced latency in various applica-
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tions [62, 63]. However, conventional MEC systems rely on direct device-to-server com-

munication, which severely limits the scalability and performance of wireless networks

in high-density environments [47, 64]. Moreover, future wireless communications are an-

ticipated to operate at higher frequencies (e.g., mmWave and THz) to support massive

data transmission, significantly escalating infrastructure deployment costs over extensive

geographic areas [65, 66]. In this context, multihop wireless networking provides a cost-

effective and scalable alternative by leveraging device relaying and localized communica-

tion. MWMNs have emerged as a promising architecture, where devices can communicate

through multi-hop wireless links to offload their tasks to ESs distributed within the sys-

tem. This resolution effectively supports massive connectivity and achieve ubiquitous

computing. Multihop networking plays a crucial role in extending the communication

range and enhancing the reliability of wireless networks, particularly in scenarios lacking

fixed infrastructure [67, 68], such as the rapid deployment of temporary communication

networks in disaster-stricken zones, multihop relay support for rescue teams connecting

to remote command centers, and flexible wireless network setups in large-scale events or

stadiums using UAVs and mobile ESs to support surveillance, sensing, and emergency

communications [69,70]. This design enables better load balancing, reduced latency, and

improved network coverage. Nevertheless, the design of highly efficient MWMNs remains

challenging, as it necessitates comprehensive consideration of application-specific QoS re-

quirements, efficient data forwarding strategies, robust wireless communications, as well

as resource restrictions. This includes optimal server selection, dynamic route planning to

accommodate user mobility, and interference-aware power control, all critical to ensuring

robust performance in complex and time-sensitive environments.

Recently, AI-driven approaches have been widely adopted to optimize resource allo-

cation and routing decisions in wireless networks. In the community of MEC, extensive

efforts have been devoted to task offloading, server selection, and resource allocation

by leveraging AI techniques, especially deep RL. Meanwhile, RL-based algorithms [38]

are widely developed to optimize multihop routing by considering wireless link quality

metrics such as SNR and SINR. However, deep RL methods often suffer from sample

inefficiency, training instability, and high computational cost, especially when deployed in

large-scale and dynamic multihop MEC networks [71]. These limitations hinder their real-
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time applicability in edge computing environments with stringent latency and scalability

requirements.

To address these challenges, the broad learning system (BLS) approach [54] has demon-

strated its effectiveness in handling large-scale data and adapting to dynamic environ-

ments, making it a promising candidate for resource allocation and server selection in

dynamic MEC networks. BLS offers several advantages, such as fast training speed with-

out requiring deep architectures, excellent generalization ability with limited training

samples, and incremental learning capability to adapt to changing environments. Recent

studies have applied BLS to classification and resource allocation tasks in edge computing

environments, demonstrating better scalability and lower training latency compared to

deep RL-based methods [56, 57, 72]. These characteristics make BLS particularly suit-

able for large-scale and dynamic MEC scenarios. However, existing works often treat

server selection and multihop routing as isolated problems, ignoring their mutual cou-

pling in practical MEC scenarios. Additionally, few studies have addressed the challenge

of adaptive transmit power control in dense wireless networks to mitigate interference

while maintaining throughput performance.

To bridge these research gaps, this dissertation investigates the joint optimization of

server selection, multihop routing, and transmit power control in MWMNs for supporting

the reliable communication and computation of users, as well as optimizing network ca-

pacity. We proposed a three-stage uPOW scheme. We summarize our major contributions

as follows:

• We design a comprehensive scheme for MEC-enabled MWMNs, spanning from the

application layer down to the physical layer. The scheme jointly considers user-

server association, dynamic routing, and interference-aware power control under

realistic device mobility, communication constraints, and QoS requirements. The

proposed scheme addresses the challenges of optimizing resource allocation and mul-

tihop communication under stringent latency and throughput constraints, which

are critical to ensuring reliable network operation in dynamic and densely deployed

MEC scenarios.

• We transformed the joint network optimization problem into a three-stage decision

process and proposed the uPOW scheme to jointly solve the problem. In the first
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stage, a BLS is employed to efficiently determine the optimal server allocation.

In the second stage, a SINR-based Q-learning algorithm is proposed to construct

multihop routing paths that adapt to varying network topology and link conditions.

Moreover, we incorporate a transmission power control algorithm to further reduce

interference and improve link efficiency.

• Extensive simulation results validate the superiority of the proposed methods over

existing algorithms, demonstrating significant improvements in network capacity,

task completion time, interference power, and QoS. This research contributes to the

development of intelligent, adaptive, and scalable MEC-enabled wireless networks

for future 6G systems.

5.1.1 Related Works

This section reviews existing studies related to the proposed uPOW scheme. The discus-

sion is divided into three parts: edge-enabled IoT systems, wireless multihop networks,

and BLS-based approaches.

5.1.2 Edge-Enabled IoT Systems

MEC has emerged as a promising solution to overcome the computation limitations of

mobile devices by offloading tasks to edge servers. Extensive research has been conducted

on task allocation and resource optimization strategies in MEC and IoT environments.

Wang et al. [73] investigated a joint task, spectrum, and power allocation problem for

MEC-based networks with heterogeneous task requirements, and developed a multi-stack

RL algorithm to accelerate convergence and improve performance. Chen et al. [74] studied

dynamic task allocation and service migration in edge-cloud IoT systems under highly

dynamic user demands and mobility, proposing a deep deterministic policy gradient-based

algorithm to minimize cloud server load while satisfying latency and migration constraints.

Chen et al. [75] further explored distributed joint task and computing resource allocation

in heterogeneous edge networks using multi-agent deep reinforcement learning (DRL)

and sigmoidal programming. Lin et al. [76] addressed AI service placement in multi-user

MEC systems, optimizing CPU frequency scaling and bandwidth allocation. Moreover,
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UAV-assisted edge computing has gained attention for providing computation services in

dynamic environments. Goudarzi et al. [77] proposed an optimization framework for UAV-

assisted vehicular edge computing to minimize age of information, energy consumption,

and rental costs using a soft actor-critic-based RL algorithm. Tran et al. [78] tackled UAV

relay-assisted IoT communication, optimizing resource allocation and UAV trajectory to

serve more devices under latency and storage constraints.

5.1.3 Wireless Multihop Networks

In wireless multihop networks, extensive research has focused on optimizing task offload-

ing, routing, and resource allocation. Ahmed et al. [79] proposed a proximal policy

optimization-based RL algorithm to minimize task execution delay in multihop vehicular

task offloading. Nguyen et al. [80] presented a UAV-assisted multihop edge computing

architecture using deep Q-learning for task partitioning and offloading. Zhao et al. [81]

proposed a two-layer DRL framework for RSU-to-Everything networks, using LSTM-

based models to predict neighbor behavior for offloading decisions. In federated learning,

Chen et al. [82] proposed a framework over wireless mesh networks with in-network model

aggregation and joint optimization of routing and spectrum allocation. Ji et al. [83] in-

troduced a GNN-assisted DRL for V2X communications, modeling V2V interference as

graph edges for distributed resource allocation. Akyildiz et al. [84] proposed a mobility-

driven multihop task offloading and resource optimization protocol for connected vehicular

networks.

5.1.4 Broad Learning System

Machine learning (ML) techniques have been widely used for task allocation and offloading

in wireless networks, including deep learning-based methods [85, 86]. Recently, BLS has

gained interest, thanks to its non-deep learning framework, which offers fast learning and

low computational complexity. Xu et al. [55] introduced recurrent BLS for time series

prediction, enhancing its ability to handle sequential data. Chi et al. [57] proposed a

BLS-based task offloading scheme named BLSO in IIoT networks, demonstrating superior

training efficiency and adaptability to dynamic networks. These studies highlight the

increasing role of DRL and BLS in managing the complexity and dynamics of modern
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MEC and wireless multihop environments.

5.2 Motivation

Although extensive studies have been conducted on server allocation, resource manage-

ment, and multihop routing in MEC-enabled wireless networks, most existing works treat

server selection and multihop path planning as isolated optimization problems. In future

MWMN scenarios, server selection and routing decisions are inherently coupled due to

the convergence of communication and computation, jointly impacting application QoS

and network capacity. However, making these decisions remains challenging due to the

dynamic network topology, interference, and device characteristics.

Furthermore, few existing studies have addressed adaptive transmit power control

in dense multihop wireless networks to balance interference mitigation and throughput

enhancement. As device density increases, interference among nodes becomes a dom-

inant factor limiting network scalability and reliability. Therefore, designing a unified

framework that simultaneously handles server association, multihop routing, and trans-

mission power adjustment is crucial for achieving high-performance, interference-aware,

and energy-efficient MEC-enabled multihop systems.

To address these challenges, this dissertation proposes the uPOW scheme. The uPOW

scheme jointly integrates three modules: BLS-based server allocation, Q-learning-based

path selection, and CTPC, to form a unified cross-layer optimization scheme. This in-

tegrated approach enables efficient decision-making across the computation, communica-

tion, and physical layers, providing improved scalability, latency reduction, and interfer-

ence management for dynamic and mission-critical network scenarios.

5.3 System Model

This section presents the system model of the proposed uPOW framework. We first

describe the overall network architecture and its operating mechanisms, followed by the

formulation of optimization objectives and constraints. The system model consists of

three layers: user devices, edge servers, and an orchestration system, which together

form a multi-server wireless multihop network (MWMN) enabling efficient computation
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offloading and communication management.

5.3.1 Network Model

This chapter considers a three-tier MWMN, as presented in Figure 5.1, consisting of user

devices (UDs) at the bottom layer, ESs at the middle layer, and an orchestration system

(OS) at the top layer. UDs (U = {1, 2, · · · , U}) are randomly distributed within the

network. A set of ESs (E = {1, 2, · · · , E}) is deployed in a grid-based pattern to support

task requests by ensuring resources and services. UDs can connect to ESs through wireless

multihop links established among devices, enabling real-time data collection and task

processing to support various edge-aware applications.

Figure 5.1: Illustration of the system model.

The ESs are connected to the OS, allowing for the sharing of gathered information

from all UDs within the network. UDs within the transmission range of others can act

as relay devices, receiving and forwarding the data until the data reaches the target ES.

ESs serve as computational centers located closer to UDs. Each ES maintains a real-

time database reflecting its computational resources. All devices in the network operate
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follows a unified communication protocol, which enables them to operate on the same

frequency band and share the same maximum access bandwidth. This assumption sim-

plifies system modeling and aligns with typical configurations in standardized wireless

communication environments. As for OS, it is located in the network area and oversees

global network optimization and management. It aggregates network-wide information,

executes sophisticated machine learning algorithms for optimized ES allocation and mul-

tihop path selection, and maintains databases containing historical mobility patterns,

server capabilities, and computational demands.

The UDs are categorized into two types based on their mobility characteristics and

role within the network:

• Predefined-Path High-speed Devices (PHDs): These devices move at high speed

along known paths, which have been pre-recorded and analyzed by the OS. Their

predictable mobility allows preemptive adjustments to routing and server assign-

ments. Examples include high-speed delivery UAVs, autonomous vehicles, and mo-

bile robots deployed for emergency response or automated industrial inspection.

• Random-Path Low-speed Devices (RLDs): These devices exhibit relatively slow

movement with unpredictable paths, typically due to human-centric usage patterns.

Their unpredictable mobility requires periodic location updates and dynamic net-

work adjustments. Examples include smartphones carried by pedestrians/people,

wearable health monitoring devices used by medical patients, and handheld termi-

nals for workers in industrial environments.

5.3.2 Network Operation

The operation of the MWMN is structured into three primary phases, i.e., server alloca-

tion, multihop path selection, and network topology update.

Server Allocation Phase

Server allocation refers to allocating each task to an appropriate ES that can ensure

its QoS requirements, ultimately achieving system efficiency. Due to limited resources,

each UD offloads its task to an ES. At the beginning of making a decision, the real-

time state of all UDs is obtained, including their locations, task requests, and the service

103



delay requirements. Then, the OS decides for every UD by comprehensively considering

tasks’ QoS, ESs’ resource capacity, and the quality of wireless links established within

the system. We use a row vector of binary indicators bu,e(t) = {0, 1}, u ∈ U , e ∈ E to

represent the decision of server allocation at time t. bu,e = 1 indicates that the task of

UD u is allocated to be processed by ES e, and bu,e = 0 otherwise. Since each UD’s task

can only be offloaded to a single ES, the following constraint is applied:

C1 :
∑
e∈E

bu,e = 1, ∀u ∈ U . (5.1)

After obtaining a server allocation decision, the task estimation time test
u,e of a task

offloaded from u to an ES e can be obtained, which includes the task uploading time, task

processing time, and the resultant downloading time [57], i.e.,

test
u,e = t̂up

u,e + t̂down
u,e + tproc

u,e , (5.2)

where tproc
u,e is the task processing time and is determined by its task size (Lu) and pro-

cessing speed of allocated ES e (σe):

tproc
u,e = Lu

σe

. (5.3)

Here, t̂up
u,e and t̂down

u,e represent the estimated task upload time and download time, respec-

tively. Let Lres
u denote the estimated size of the processed task results for UD u. Then,

the estimated upload and download times can be calculated as

t̂up
u,e = Lu

Ru,e

, t̂down
u,e = Lres

u

Ru,e

. (5.4)

Here, Ru,e is the transmission rate between the UD and the ES, i.e.,

Ru,e = B · log2 (1 + SINRu,e) , (5.5)

where B is the channel bandwidth, SINRu,e is the SINR between u and e calculated by

SINRu,e = Gu,e · Pu

η ·B + ∑
k∈K Gk,e · Pk

, (5.6)

where P is the transmit power and η is the noise level. K is the set of interference

UDs. We consider the worst-case scenario, where all UDs in the network contribute to

interference during transmission. As shown in Figure 5.2, the interference model considers
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Figure 5.2: Illustration of the interference model.

all transmitting links during an ongoing link between UDs and ESs. Gu,e is the power

ratio between u and e, as determined by the log-distance path loss model [17], i.e.,

Gu,e = 1

10
(

P Lu,e
10

) , (5.7)

where

PLu,e = 20 · log10(d0) + 10 · ζ · log10(
du,e

d0
) − ωij + ψ. (5.8)

Here, d0 is the decorrelation distance and is set to 10 m in this research. ζ is an attenuation

constant and ω is the wall attenuation. ψ is shadowing attenuation and du,e is the distance

between UD u and ES e.

To meet QoS requirements, test
u,e of each task must not exceed the task tolerable time

(τu) defined by each UD:

C2 : test
u,e ≤ τu, ∀u ∈ U . (5.9)

Multihop Path Selection Phase

After the ES allocation, the OS needs to select wireless multihop paths for efficient data

transfer between each UD and its assigned ES. Specifically, for each UD, a multihop path

consisting of intermediate UDs is established to connect it to the assigned ES.
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To represent the multihop path clearly, we employ an adjacency matrix defined as

yu = [yi,j](|U|)×(|U|+|E|), (5.10)

where i ∈ U is the transmitting node and j ∈ U ∪ E is the receiving node. Specifically,

the source node is u ∈ U , and the destination node is e ∈ E . yi,j = {0, 1}. yi,j = 1

means the link between i and j is included in the path. To guarantee the connectivity

and continuity of the multihop path from an UD to its designated ES, the following

constraints are applied:

C3 :



∑
j∈U∪E yu,j = 1,∑j∈U∪E yj,u = 0,∑
j∈U∪E yj,e = 1,∑j∈U∪E ye,j = 0,∑
j∈U∪E yi,j = ∑

j∈U∪E yj,i ≤ 1,

(5.11)

where u is the source node (the originating UD), which only sends information outward,

and e is the destination ES, which only receives information. All intermediate nodes must

have equal in-degree and out-degree (at most 1) to ensure the continuity and uniqueness

of the selected path [87].

To ensure high-quality data transmission in MWMNs, the path selection strategy

should prioritize not only connectivity but also the efficiency of communication. In this

context, average E2E throughput serves as a critical performance metric that reflects

the overall transmission capability of the selected path [88]. By maximizing the aver-

age throughput, the system encourages the use of high-quality wireless links with better

channel conditions and lower interference, thereby improving data rate and reducing de-

lay across multiple hops. The average E2E throughput is defined as the mean of the

transmission rates across all links in the selected multihop path. The average throughput

for a UD, Ravg
u,e , is

Rave
u,e =

∑
i∈U∪E

∑
j∈U∪E yi,j ·Ri,j∑

i∈U∪E
∑

j∈U∪E yi,j

. (5.12)

For each selected multihop path, the task service time (tser
u ) must not exceed the

task estimation time (test
u ). To ensure the timeliness and reliability of task execution in

MWMNs, it is essential to guarantee that the task service time for each task remains

within its estimated deadline. This constraint is particularly important for latency-

sensitive applications such as real-time monitoring, autonomous control, and emergency
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communication, where task completion beyond the task tolerable time may lead to system

failure or degraded QoS. Therefore, we impose a delay-bound constraint to ensure that

all selected transmission paths and computing assignments comply with each user’s time

requirement, i.e.,

C4 : tser
u,e ≤ test

u,e, ∀u ∈ U , (5.13)

where tser
u,e consists of the task upload time (tup

u,e), the task processing time (tproc
u,e ), and the

result download time (tdown
u,e ):

tser
u,e = tup

u,e + tdown
u,e + tproc

u,e . (5.14)

tup
u,e and tdown

u,e depend on the actual size of the transmitted data and transmission rates,

which can be calculated by

tup
u,e = Lu

Rave
u,e

, tdown
u,e = Lres

u

Rdown
u,e

, (5.15)

where Rave
u is the average transmission rate across the multi-hop path established between

UD u and the target ES for supporting the edge computing service procedure of its task

requests. Rdown
u,e is the download transmission rate.

In the upload phase, each UD transmits its task to the ES via a multihop wireless path.

Therefore, the average data rate across the multihop path, Rave
u,e , is used for calculating

the upload time. In the download phase, ESs transmit the result directly to UDs via

broadcast. Since all ESs may transmit simultaneously, they introduce mutual interference,

and thus, the individual download transmission rate is used to account for this effect. In

the download phase, the SINR experienced by UD u when receiving results from ES e is

given by:

SINRdown
u,e = Gu,e · Pe

η ·B + ∑
e′∈E,e′ ̸=e Gu,e′ · Pe′

, (5.16)

where Pe denotes the transmit power of ES e, and the interference term ∑
e′∈E,e′ ̸=e Gu,e′ ·Pe′

captures the total interference from all other simultaneously broadcasting ESs. Then, the

download transmission rate is calculated as:

Rdown
u,e = B · log2

(
1 + SINRdown

u,e

)
. (5.17)

It is worth noting that multihop transmission is adopted primarily due to the practical

limitations of wireless coverage and resource availability in large-scale MEC scenarios. In
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many real-world environments (e.g., disaster-affected regions, large-scale events, or areas

lacking direct ES coverage), single-hop connectivity is typically unavailable or severely

constrained. Therefore, multi-hop offloading becomes not only beneficial but often neces-

sary. However, for cases where single-hop transmission can directly achieve lower latency

and better QoS, the proposed scheme naturally prefers single-hop routing, as reflected

by the path selection stage. Hence, constraint C4 essentially ensures that only feasible

multi-hop or single-hop paths meeting the latency requirements are selected.

If the selected multihop path fails to satisfy constraint C4, the OS re-executes the

path selection algorithm to determine a feasible path. Moreover, in certain scenarios

(e.g., when a UD is located close to an ES), the single-hop path may offer lower latency

compared to multihop alternatives. In cases where the OS repeatedly fails to find a

feasible multihop path satisfying constraint C4 after multiple attempts, it will default

to the single-hop link provided that the single-hop service time can meet test
u,e. To ensure

convergence and bounded computational cost, the OS explores a finite set of candidate

paths (limited by hop count and network topology). If no feasible path satisfying C4

is found within a predefined number of attempts (e.g., 200), the system will fall back

to single-hop transmission if it can satisfy the delay constraint. Finally, the allocation

and routing results are disseminated from the OS to all ESs, which then broadcast this

information to respective UDs. UDs adopt their ES assignments and paths to initiate

task transmission.

Constraints C2 and C4 form a hierarchical structure that governs task latency control

in our proposed scheme. To clearly describe the relationship among the three timing

parameters—task tolerable time, task estimation time, and task service time—we outline

the dependency as follows:

• τu is defined by each UD to represent its maximum tolerable latency, serving as the

initial QoS requirement.

• test
u,e is computed by the OS in the server allocation stage based on expected trans-

mission and computation delays. It is constrained by C2 to satisfy test
u,e ≤ τu.

• tser
u,e is measured after multihop routing and power control are finalized. It must

remain within the previously estimated value, satisfying constraint C4 as tser
u,e ≤ test

u,e.
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Figure 5.3: Illustration of the relationship between C2 and C4.

This layered design ensures that each task execution path not only adheres to the user’s

QoS requirement but also maintains feasibility throughout network dynamics. The rela-

tionship between C2 and C4 is shown in Figure 5.3.

Network Topology Update Phase

The third phase is the network topology update phase. This phase implements peri-

odic network updates to adapt to system dynamics, especially device mobility, using two

strategies for different types of UDs.

The system works continuously in an infinite time horizon with discrete slots. At the

beginning of each time slot, ESs collect the information from all their associated UDs.

Then, it will upload this gathered information in addition to their own state information

to the OS. To tackle the mobility of UDs and the dynamics of task requests, as well as

the resources of ESs, the formulated decisions should be dynamically updated based on

the real-time system state.

Due to their predictable movement, ES assignments and multihop path selections for

PHDs were determined and adjusted by the OS in the previous phase. During transit,

PHDs autonomously execute these path and server adjustments, incurring manageable

migration overheads.

For RLDs, at each time slot, the OS recalculates the optimal multihop paths and ES
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assignments based on the current location information uploaded by these devices. If a

recalculated route differs from the previously assigned route, the OS proactively notifies

the RLD with the updated path information. Otherwise, the RLD implicitly continues

using the previously assigned route, thus minimizing redundant signaling overhead and

ensuring resource efficiency.

5.3.3 Problem Formulation

In MWMNs, efficiently handling large-scale task offloading while maintaining reliable

communication quality is critical to ensuring overall network performance. Motivated by

these requirements, we formulate a joint optimization problem aimed at minimizing task

service time, maximizing link quality, and enhancing E2E throughput. OS performs opti-

mization for two primary objectives: the first objective is to minimize the task estimation

time and maximize SINR to ensure that each UD’s tasks are processed efficiently while

maintaining reliable wireless communication links. The second objective is to maximize

the average E2E throughput for transmissions between UDs and ESs to guarantee efficient

data delivery, minimize transmission delays, and improve the overall network performance

of MWMN. The optimization problem in the OS is formulated as follows:

P1 : min
bu,e

∑
u∈U

[
δ · test

u,e − (1 − δ) · SINRu,e

]
P2 : max

yi,j ,tser
u,e

∑
u∈U

Rave
u,e

s.t. C1,C2,C3,C4,

(5.18)

where δ ∈ [0, 1] is a weighting coefficient that balances the trade-off between task esti-

mation time and link quality. The OS performs optimization for two primary objectives

sequentially, where the relationship between P1 and P2 is clearly structured to ensure

optimal network performance. In the first stage P1, the optimization prioritizes assign-

ing each UD to an appropriate ES by minimizing task estimation time and maximizing

SINR. This ensures that τu of each UD is initially met. In the second stage P2, given

the ES assignments determined by P1, the wireless multihop paths from UDs to their

corresponding ESs are optimized to maximize the sum of average end-to-end throughput.

Specifically, maximizing the average E2E throughput is mathematically equivalent to min-

imizing the transmission-related portion of the service time. For a given task size Lu, the
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upload delay is expressed in Equation (5.15), which is a monotonically decreasing function

of Rave
u,e . Hence, by choosing the multihop path that yields the highest Rave

u,e , the algorithm

simultaneously drives tser
u,e towards its minimum feasible value, thereby satisfying not only

C4 but also beyond. At this stage, a stricter constraint is applied, ensuring that tser
u,e is not

only within test
u,e but also seeks to maximize throughput. Thus, the optimization follows

a hierarchical approach: first satisfying latency and connectivity requirements through

server assignment, then further refining network performance through path optimization.

In practical MWMNs, the formulated joint optimization problem presents significant

challenges. First, future 6G networks will involve extremely dense deployments, resulting

in high-dimensional optimization problems that complicate global solutions and demand

efficient and scalable algorithms. Second, the problem involves strong coupling among

server assignment, link quality (e.g., SINR), and multihop routing, as these decisions

directly influence each other. Strict QoS constraints also increase complexity, as they

depend on shared resources and multihop contention.

Computationally, the problem combines discrete and continuous variables within non-

linear objectives and constraints. Even simplified versions, such as optimal multihop

routing under delay and SINR constraints, are known to be NP-hard. Dynamic environ-

ments with rapidly evolving network topologies and task arrivals exacerbate these issues,

necessitating adaptive learning-based or heuristic methods capable of approximating near-

optimal solutions with manageable computational overhead.

5.4 Unified Power Management Scheme

In wireless multihop networks, transmit power control plays a critical role in balancing

throughput, energy efficiency, and interference mitigation. A fixed transmit power setting

may simplify implementation but often results in excessive interference and energy waste,

particularly when multiple devices transmit concurrently within overlapping ranges. To

address these challenges, this section proposes a unified power management (uPOW)

scheme that coordinates both individual and network-level power adjustments.

As shown in Fig. 5.4, the proposed uPOW scheme consists of three stages. After

receiving information of all UDs from ESs, the BLS is executed at the OS to assign each

UD to an optimal ES in stage one. This decision accounts for multiple factors and aims to
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Figure 5.4: Overall framework of the proposed uPOW scheme.

minimize task estimation time and maximize SINR. In stage two, after server allocation,

a Q-learning algorithm is applied to discover efficient multihop wireless routes from each

UD to its selected ES. The Q-agent is trained using the SNR and SINR as a reward signal,

while respecting routing constraints to ensure low interference and high throughput. In

stage three, to further reduce the interference power, a CTPC algorithm is employed.

This stage adaptively tunes each UD’s transmission power based on its link performance

deviation from the average throughput, effectively achieving energy-aware communication

and network-wide SINR balancing. For mobile UDs, the uPOW scheme also incorporates

distinct strategies tailored to different mobility types, ensuring route robustness and task

delivery reliability under dynamic topology conditions. The flowchart of uPOW is shown

in Fig. 5.5

5.4.1 Broad Learning System-based Server Allocation

In this subsection, the BLS is applied to the server allocation problem within the proposed

MWMN. Rather than reintroducing the full theoretical derivation, this section focuses on

how BLS processes the input features derived from the system model and produces the

optimal ES selection for each UD.

For each decision epoch, the OS constructs the input feature matrix by combining

device and server locations, packet sizes, the computational capacities of ESs, and large-

scale channel gains. All features are normalized using the min–max normalization defined

in Equation (4.4), and insignificant features are removed according to their importance
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Figure 5.5: uPOW Flowchart.

ranking determined by the Random Forest algorithm based on the Gini impurity metric.

This preprocessing ensures numerical stability and prevents overfitting.

To obtain supervised labels for BLS training, an oracle optimization problem is solved

using the Gurobi optimizer [59] under various network conditions. The optimization aims

to minimize overall delay or maximize communication quality while satisfying the network

constraints defined in Section 4. The optimal ES assignment obtained from this process
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serves as the label for each UD in the training dataset. After generating sufficient training

samples, the dataset is used to train the BLS model following the standard procedure of

constructing feature nodes and enhancement nodes, as defined in Equations (4.7)–(4.9).

Once trained, the BLS model can infer the most suitable ES for each UD in real time.

One of the advantages of BLS is its incremental learning capability, which allows it

to efficiently adapt to dynamic environments. When network conditions change, such as

new devices joining or existing devices moving, the BLS model can be updated by adding

a limited number of new features or enhancement nodes without retraining the entire

model, maintaining both efficiency and accuracy.

5.4.2 Q-learning-based Path Selection

While BLS determines the optimal ES for each device, it does not specify the route for data

transmission in multihop wireless networks. Since path selection is a sequential decision

process affected by channel variations, interference, and mobility, Q-learning is introduced

to dynamically determine the optimal multihop paths from UDs to their assigned ESs.

The multihop routing process is modeled as a Markov Decision Process (MDP), where

the state represents the current transmitting node, the action corresponds to selecting

a next-hop node, and the reward reflects the link quality between them, defined by the

instantaneous SINR calculated from Equation (3.3). Each episode begins from a source

UD and terminates once the packet reaches the ES selected by BLS. Through repeated

interactions with the environment, the Q-learning agent learns to maximize the cumulative

rewards, which correspond to high-quality, low-interference transmission paths.

To improve convergence and reduce exploration instability, the learning procedure is

divided into two phases. In the first phase, SNR is used as the reward metric to construct

a noise-resilient baseline topology. In the second phase, the SINR metric is employed to

account for interference, enabling more precise optimization of multihop routes in dense

networks. During training, the Q-table is iteratively updated as

Qnew(sm, am) = (1 − α)Q(sm, am) + α (r̃m + γQmax(m+ 1)) , (5.19)

where α is the learning rate, γ is the discount factor, and r̃m = max{rm, rm+1} represents

the enhanced reward that considers both the current and next-hop link qualities. This one-
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step look-ahead mechanism enables the learning process to favor decisions that maintain

strong overall path performance rather than only immediate gains.

Unlike previous layer-based routing designs, the proposed Q-learning formulation re-

moves the layer constraint during next-hop selection. That is, a node can flexibly select

any neighboring relay within its transmission range, regardless of its hierarchical level or

hop order. This relaxation allows the algorithm to explore a much broader action space

and to discover unconventional yet efficient transmission routes. As a result, the learned

routing policy exhibits greater adaptability to heterogeneous topologies and varying node

densities.

After convergence, each device refers to its learned Q-table to select relay nodes that

maximize the Q-values within its transmission range. If the obtained path satisfies the

latency constraint defined in Equation (4.2), it is adopted as the optimal route. Otherwise,

the Q-table continues to update until the constraint is met. In cases where multihop routes

fail to meet the delay requirement, a direct single-hop link to the ES is used as a fallback.

To cope with device mobility, the Q-tables are dynamically updated based on recent

network states. Devices with predictable movement patterns update their routing tables

locally using precomputed Q-values, while devices with random mobility rely on the OS

to periodically recalculate their routes. This adaptive mechanism ensures that the routing

remains robust and efficient even in highly dynamic network environments.

In summary, BLS provides efficient server allocation based on global network features,

while Q-learning enables adaptive routing through real-time reinforcement learning. To-

gether, they achieve low latency and high capacity in the proposed multi-server wireless

network.

5.4.3 Consensus Transmit Power Control

In the final stage of uPOW, CTPC operates on the transmit power variables {Pi} of all

UDs while keeping the server associations bu,e(t) and the path-selection indicators yi,j(t)

fixed. The objective of CTPC is to jointly reduce the total interference power and the

overall energy consumption, while maintaining the E2E throughput achieved by the previ-

ous two stages within an acceptable deviation range. To this end, CTPC iteratively scales

each Pi by a consensus coefficient µ that is chosen to minimize a composite cost function
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combining power-reduction gain and throughput preservation. As a result, CTPC explic-

itly optimizes the physical-layer power levels in a coordinated manner, complementing

the upper-layer decisions on server allocation and route selection.

Transmit power control (TPC) strategies focus on improving individual link perfor-

mance by adjusting each node’s power based on local channel conditions or link require-

ments. For instance, nodes may increase power to overcome channel fading or decrease

it when close to the receiver to conserve energy. However, such independent adaptations

tend to produce uncoordinated power levels, which can unintentionally escalate interfer-

ence across the network, especially in dense multihop environments. Moreover, purely

local optimization cannot guarantee overall network stability or fairness, as high-power

nodes may dominate the medium, degrading the quality of neighboring links.

To overcome these limitations, power control must be treated as a network-wide coor-

dination problem rather than a per-link adjustment. Therefore, we introduce a consensus-

based framework that aligns local power control decisions across all nodes to achieve global

balance between throughput enhancement and interference reduction.

To mitigate interference and improve overall network efficiency, the proposed scheme

employs a CTPC algorithm [89]. CTPC dynamically optimizes transmit powers through

iterative consensus updates, ensuring that local throughput improvements do not cause

disproportionate interference increases in the network. While improving individual through-

put often requires increasing transmit power, such local gains can unintentionally cause

global interference escalation, degrading the performance of nearby links. The core idea

of the CTPC algorithm is to coordinate the transmit power decisions of all nodes via

consensus-based optimization, ensuring that local throughput improvements do not lead

to disproportionate increases in global interference. The operation of the CTPC algorithm

can be divided into three main stages.

Initial Network Simulation

Firstly, after determining multihop paths using the enhanced Q-learning, an initial sim-

ulation is conducted with uniform default transmit powers at all nodes. This step yields

baseline network metrics, including the average throughput and the average transmit

power, which serve as benchmarks for subsequent optimization.
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Weight Factors and Normalized Cost Function

To simultaneously consider throughput gain (TG) and transmit power reduction gain

(PG), TG is defined as the ratio of the average throughput after applying CTPC (Ravg
CT P C)

to the average throughput:

TG = Ravg
CT P C

Ravg
. (5.20)

PG is defined as the ratio of the average transmit power (P avg) to the average transmit

power after applying CTPC (P avg
CT P C):

PG = P avg

P avg
CT P C

. (5.21)

These gains are normalized using two weight factors:

WT = PG

TG+ PG
, WP = 1 −WT. (5.22)

Subsequently, a normalized cost function is constructed to balance both metrics:

Cost = WT · TG+WP · PG. (5.23)

This cost function facilitates finding an optimal balance between throughput enhancement

and power saving.

Optimal Consensus Coefficient via Binary Search

To determine the best power control strategy, CTPC employs a binary search for the

optimal consensus coefficient, denoted as µ. A search interval for µ is first established.

For each candidate value of µ, the node transmit power is adjusted by

P new
u = Pu · µ, (5.24)

where Pu is the initial power of u, and P new
u is the updated power after applying the

consensus scaling. This approach allows nodes with higher-than-average throughput to

reduce their power more significantly, thus minimizing their interference with other nodes.

Conversely, nodes with below-average throughput retain or slightly increase their transmit

power to ensure reliable communication and throughput.

For each candidate µ, a normalized cost function, which balances throughput gain and

power saving, is evaluated. The binary search process iteratively explores the search space
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and records the cost for each candidate value. This optimization is achieved through an

iterative binary search process. In each iteration, two candidate consensus coefficients

are selected within the current search interval. For each candidate, a complete network

simulation is performed using the corresponding adjusted transmit powers, where each

node’s power is scaled by the current consensus coefficient.

The resulting network throughput and power consumption are then used to evaluate

the normalized cost function. Based on the comparison of the two cost values, the search

interval is updated by discarding the suboptimal half, and the next pair of candidates is

selected. This process continues iteratively until the difference between the upper and

lower bounds of the interval falls below a predefined tolerance threshold. In this way, the

algorithm effectively searches for the optimal consensus coefficient µ∗ that maximizes the

cost function.

As a result, CTPC dynamically assigns node-specific transmit power levels in accor-

dance with each node’s relative performance, thereby achieving network-wide interference

mitigation and performance enhancement.

5.5 Numerical Simulations

In this section, the performance of the proposed uPOW scheme is evaluated through

extensive numerical simulations. We first describe the simulation scenarios, parameter

settings, and performance metrics used in the evaluation. Then, we compare uPOW with

other schemes under different network conditions, and analyze the results in terms of

capacity, latency, interference, energy efficiency, and QoS.

5.5.1 Simulation Scenarios and Settings

To evaluate network performance with more precision, we redefine task completion time

(θ) and network capacity (C). Specifically, θ is defined as the average of tser
u,e among all

UDs, which can be expressed as:

θ = 1
|U|

∑
u∈U

tser
u,e . (5.25)

Correspondingly, the network capacity C is defined as the ratio of the total amount

of transmitted data to the task completion time. This is mathematically represented by:
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C =
∑

u∈U(Lu + Lres
u )

θ
. (5.26)

To evaluate the interference mitigation capability of the proposed scheme, we introduce

the total interference power metric. The total interference power (P int) is defined as the

cumulative interference power experienced by all receiving nodes in the network during

data transmissions, i.e.,

P int =
∑
u∈U

∑
k∈U ,k ̸=u

Gk,u · Pk, (5.27)

where Gk,u denotes the channel power gain from the interfering device k to the receiving

device u, and Pk is the transmission power of the interfering device k. This metric

effectively quantifies the level of interference present within the network, thus clearly

reflecting the interference mitigation capability of our proposed method.

To further assess energy efficiency, we define the total energy consumption metric in

terms of Joules per bit (J/bit), which reflects the amount of energy consumed per success-

fully transmitted bit. For each wireless link during multihop communication, the energy

consumption is computed by first calculating the transmission time as the ratio of the

transmitted packet length to the corresponding link transmission rate. This transmission

time is then multiplied by the transmit power used by the sending device to obtain the

consumed energy (in Joules). The energy is finally normalized by dividing it by the trans-

mitted packet length to yield the energy consumption per bit. Formally, the total energy

consumption O is computed as

O =
∑

i∈U∪E Pi∑
i∈U∪E

∑
j∈U∪E Ri,j

(J/bit), (5.28)

where Pi is the transmission power of node i, Li,j is the packet length, and Ri,j is the

transmission rate over the link between i and j. The total energy consumption is then

calculated as the sum of energy per bit across all successfully transmitted links. This

metric allows a fair comparison of energy efficiency between different algorithms and

network settings.

In order to comprehensively evaluate the service quality of the proposed algorithms,

we introduce a QoS metric (q), which measures the proportion of UDs simultaneously

satisfying both latency constraints defined in the ES assignment and path selection phases

(constraints C2 and C4), respectively. Specifically, QoS represents the ratio of UDs
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meeting the two conditions simultaneously. Thus, the QoS is defined as

q = 1
|U|

∑
u∈U

I(u satisfies C2 and C4), (5.29)

where I(·) is an indicator function that equals 1 when the condition in parentheses is

satisfied and 0 otherwise. This metric intuitively captures the algorithm’s ability to meet

latency requirements simultaneously in both ES assignment and path selection phases,

thereby offering a comprehensive measure of network service quality.

To evaluate the performance of uPOW, we carried out extensive simulations on an

Apple Mac mini (2018) with Intel Core i7 3.2 GHz and 64GB DDR4 RAM. The emulated

network covers a 500 m×500 m area where 100–140 UDs move randomly with a maximum

displacement of 0.5 m/s. Between 5 and 9 ESs are uniformly deployed; each UD provides

a maximum transmission range of 80 m. Tasks arrive at UDs with sizes uniformly dis-

tributed between 10 MB and 30 MB, and the corresponding result size is assumed to be 5%

of the original task. These simulation settings are designed to closely resemble real-world

MEC scenarios involving heterogeneous device deployments, realistic movement patterns,

and dynamic task generation. All simulation parameters are summarized in Table 5.1.

Currently, our model assumes a uniform unified communication protocol, simplifying

analysis and simulation complexity. However, practical wireless networks are inherently

heterogeneous. Devices typically operate on different frequencies or bandwidths due to

hardware constraints or licensing. Our proposed uPOW scheme can be naturally ex-

tended to handle such heterogeneity by incorporating these hardware attributes into the

BLS input features. By retraining the BLS model with heterogeneous parameters in the

training dataset (generated through offline optimization using Gurobi), the server selection

decisions can directly consider these non-uniform resource constraints. Additionally, Q-

learning and CTPC support heterogeneous networks, as they already rely on node-specific

SINR measurements and transmit power adjustments. Therefore, our scheme maintains

significant flexibility and scalability for practical deployment in resource-heterogeneous

MEC scenarios.

5.5.2 Simulation Results and Performance Analysis

In this section, we evaluate the performance of the proposed scheme through extensive

simulations. To demonstrate the effectiveness of our approach, we compare our proposed
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Table 5.1: Simulation parameters and settings of uPOW.

Parameter Value

Network coverage area 500 m × 500 m

Number of UDs 50 ∼ 250

Number of ESs 5 ∼ 9

Ratio of PHD to RLD 70% : 30%

Channel bandwidth 40 MHz

Transmission power 200 mW

Attention constant 3.5

Shadowing attenuation 4 dB

Decorrelation distance 1 m

Noise level -174 dBm/Hz

Task size 10 MB ∼30 MB

Result data size 5% of original task size

Maximum transmission range 80 m

Maximum UD movement per second 0.5 m

Weighting factor 0.9

No. of feature nodes for BLS 160

No. of enhancement nodes for BLS 1000

No. of adding enhancement nodes for BLS 50

Regularization coefficient for BLS 2 × 10−10

Shrink coefficient for BLS 0.9

No. of incremental steps for BLS 5

Percentage of training data for BLS 90 %

Learning rate for Q-learning 0.5

Discount factor for Q-learning 0.9

Maximum iterations for Q-learning 200

Threshold for Q-learning 1 kbps

Transmission power adjustment Range 0.5 ∼ 1.0

Search tolerance 0.01

Baseline transmission power 200 mW
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uPOW scheme with the Greedy Search (GS) and the existing reinforcement learning-

based multihop relaying algorithm, referred to as QBMR [38]. The GS algorithm employs

a greedy strategy for server allocation by selecting the server with the minimum test
u,e.

In the selection phase, GS adopts an SNR-based greedy algorithm for multihop path

selection, where each hop greedily selects the neighbor node that maximizes the immediate

reward. In contrast, our uPOW approach integrates both intelligent server allocation and

optimized routing strategies to enhance network performance comprehensively.

Simulation results are analyzed based on several key performance metrics, including

network capacity, average throughput, QoS, task completion time, total energy consump-

tion, and total interference power. To provide a comprehensive evaluation of the proposed

algorithms, we consider three scenarios:

• The number of ESs is fixed, while the number of UDs varies, in order to evaluate

the scalability of the proposed scheme with respect to user density.

• The number of UDs is fixed, while the number of ESs varies, to investigate the

impact of ES deployment density on network performance.

• The UDs are mobile, and the impact of periodic location updates is evaluated to

assess the robustness of the proposed algorithms in dynamic network environments.

Each scenario is simulated 500 times, and the results are presented as the average of all

simulation runs to achieve statistical reliability.

We first evaluate the impact of varying the number of UDs on key network performance

metrics while fixing the number of ESs to 5.

Figure 5.6 shows that all three algorithms exhibit a clear increasing trend in network

capacity as the number of UDs grows from 50 to 250, which can be attributed to the

more effective utilization of available server and relay resources under denser network

conditions. Among the three schemes, the proposed uPOW consistently and significantly

outperforms both GS and QBMR across all network scales. Specifically, as the number

of user devices increases from 50 to 250, the network capacity achieved by uPOW rises

from approximately 6.20 Gbps to 16.55 Gbps. In comparison, the capacity of the QBMR

algorithm increases from 4.25 Gbps to 13.80 Gbps, while GS shows a more limited improve-

ment, ranging only from 2.95 Gbps to 9.90 Gbps. On average, uPOW achieves about a
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Figure 5.6: Network capacity and average throughput with varying no. of UDs.

25%–30% higher network capacity than QBMR and approximately 65%–75% higher than

GS. These substantial performance gains by uPOW can be attributed to its integrated

approach combining intelligent server allocation with Q-learning-based routing optimiza-

tion and transmission power control, which effectively reduces network interference and

enhances resource utilization.

As for the average throughput, it can be observed that all three methods exhibit a de-

creasing trend as the number of UDs increases from 50 to 250. This behavior is expected,

since a larger number of devices intensifies resource contention and congestion when shar-
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ing a fixed amount of server, thereby reducing the throughput per device. Nevertheless,

even under such challenging conditions, the proposed uPOW scheme consistently main-

tains a higher average throughput than both GS and QBMR across all network scales.

Specifically, as the number of UDs increases from 50 to 250, the average throughput of

uPOW decreases moderately from approximately 235 Mbps to 145 Mbps. In comparison,

the throughput achieved by QBMR drops from 200 Mbps to 135 Mbps, while GS shows

a similar but more pronounced degradation, decreasing from 195 Mbps to 140 Mbps.

Overall, uPOW achieves an average throughput approximately 8%–18% higher than

QBMR and 4%–21% higher than GS across the evaluated scenarios. This improved per-

formance clearly highlights the effectiveness of the uPOW scheme in alleviating network

congestion through optimized resource allocation and efficient multihop path selection.

As shown in Figure 5.7, we observe a general upward trend in total interference power

for all three algorithms with increasing UDs. This trend is expected, as higher device

density typically intensifies wireless interference. The proposed uPOW algorithm con-

sistently achieves the lowest total interference power across all scenarios. Specifically,

as the number of user devices increases from 50 to 250, the total interference power of

uPOW rises moderately from approximately -5.23 dBm to 5.42 dBm. In comparison, the

interference power observed under QBMR increases from -4.45 dBm to 6.30 dBm, while

GS exhibits the most severe interference growth, ranging from -4.10 dBm to 7.50 dBm.

Overall, uPOW consistently maintains a lower interference level across all network scales,

achieving an interference reduction of approximately 1–2 dBm compared to both GS and

QBMR. These outcomes highlight uPOW’s effectiveness in dynamically controlling trans-

mission power and selecting optimal routing paths, leading to substantial interference

mitigation, even under dense network conditions.

As for the total energy consumption, all three algorithms show a clear increase in

energy consumption as the number of user devices grows. This increase is a direct re-

sult of the additional transmission and computational resources required for handling

more tasks. Nonetheless, our proposed uPOW algorithm consistently exhibits the lowest

energy consumption among the three approaches. Specifically, as the number of UDs in-

creases from 50 to 250, the total energy consumption of uPOW rises from approximately

0.12 nJ/bit to 0.70 nJ/bit. In comparison, the energy consumption under QBMR in-
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Figure 5.7: Interference power and energy consumption with varying no. of UDs.

creases from 0.15 nJ/bit to 0.90 nJ/bit, while GS exhibits the steepest growth, ranging

from 0.15 nJ/bit to 1.52 nJ/bit. Overall, uPOW achieves approximately 20%–25% lower

energy consumption compared to QBMR and around 40%–55% lower than GS across the

evaluated scenarios. The superior energy efficiency of uPOW can be attributed to its in-

tegrated optimization scheme that incorporates transmission power control and efficient

path selection, thereby substantially reducing unnecessary energy expenditure.

Figure 5.8 illustrates that the task completion time increases gradually for all algo-

rithms when the number of UDs grows. This is expected since additional UDs introduce
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Figure 5.8: Task completion time and QoS performance with varying no. of UDs.

higher competition for computing and communication resources, consequently increasing

delays. However, uPOW consistently demonstrates significantly lower task completion

times compared to both GS and QBMR. Specifically, as the number of user devices in-

creases from 50 to 250, the task completion time of uPOW increases slightly from approx-

imately 0.20 s to 0.27 s, while maintaining a consistently low latency level across different

network scales. In comparison, the task completion time of the QBMR algorithm increases

from 0.28 s to 0.37 s, whereas GS exhibits the most severe delay growth, sharply rising

from 0.37 s to 1.24 s as the network becomes denser. Overall, uPOW achieves approxi-
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mately 27%–31% shorter task completion time than QBMR and around 47%–79% lower

than GS across the evaluated scenarios. These improvements indicate that uPOW effec-

tively integrates optimized server allocation and efficient multihop routing, significantly

reducing delays in task processing and communication.

According to the results, QoS increases slightly for all methods with an increasing

number of UDs. Notably, uPOW consistently achieves the highest QoS among the three

schemes. As the number of UDs increases from 50 to 250, the QoS of uPOW improves

steadily from approximately 87.56% to 94.94%. In comparison, QBMR increases from

87.23% to 94.79%, while GS shows a more pronounced improvement, rising from 80.34%

to 92.73%. Although the performance gap between uPOW and QBMR remains relatively

small (consistently below 1%), uPOW maintains a slight yet stable advantage across

all network scales. Compared to GS, uPOW demonstrates a clear performance gain,

achieving approximately 2%–7% higher QoS. These results reflect that uPOW’s enhanced

resource allocation and routing mechanisms effectively support higher QoS guarantees in

dense network scenarios.

To further investigate the impact of ES deployment density on network performance,

we evaluate the key performance metrics by varying the number of ESs from 5 to 9 while

keeping the number of UDs fixed at 100.

As shown in Figure 5.9, we first evaluate how the network capacity and average

throughput performance vary as the number of ESs increases. From the simulation results,

it becomes clear that the network capacity consistently increases for all three algorithms.

This is because, as more ESs provide additional computational resources, UDs can find

closer or better ESs, thus enhancing overall network capacity. Specifically, uPOW’s net-

work capacity increases from approximately 7.64 Gbps (5 ESs) to 8.39 Gbps (9 ESs).

In comparison, QBMR improves moderately from 5.47 Gbps to 6.11 Gbps, whereas GS

shows the lowest performance increase, from 3.70 Gbps to 4.95 Gbps. A similar trend

is observed in terms of average throughput. All three algorithms experience improved

average throughput as the number of ESs increases. uPOW again demonstrates a signifi-

cant advantage, rising from approximately 222.40 Mbps (5 ESs) to 269.87 Mbps (9 ESs).

QBMR and GS increase from 192.76 Mbps to 237.43 Mbps and from 177.12 Mbps to

216.07 Mbps, respectively. Overall, uPOW achieves roughly 10%-20% higher throughput

127



5 6 7 8 9
No. of ESs

0

2

4

6

8

10

12

14

16
Ne

tw
or

k 
Ca

pa
cit

y 
(C

) [
Gb

ps
]

C (GS)
C (QBMR)
C (uPOW)

R  (GS)
R  (QBMR)
R  (uPOW)

0.0

0.1

0.2

0.3

Av
er

ag
e 

Th
ro

ug
hp

ut
 (R

) [
Gb

ps
]

No. of UDs = 100

Figure 5.9: Network capacity and average throughput with varying no. of ESs.

than QBMR and around 20%-30 higher throughput compared to GS. These results under-

line that uPOW effectively leverages the additional ESs to maximize resource utilization

and improve overall network performance.

As shown in Figure 5.10, for total interference power, an evident decreasing trend

is observed for all three algorithms with an increasing number of ESs, indicating that

deploying additional ESs effectively alleviates network interference. uPOW consistently

achieves the lowest interference power, decreasing sharply from -3.21 dBm (5 ESs) to -

5.16 dBm (9 ESs), reflecting substantial interference mitigation through optimized routing
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Figure 5.10: Interference power and energy consumption with varying no. of ESs.

and transmission power control. QBMR also achieves interference reduction, improving

from -1.90 dBm to -3.31 dBm, while GS starts at positive interference (0.93 dBm) and

only reduces to -1.89 dBm, highlighting its limited interference management capability.

Similarly, energy consumption consistently decreases for all three algorithms as more

edge servers are deployed, due to reduced transmission distances and improved resource

allocation efficiency. uPOW demonstrates the lowest energy consumption, declining from

0.190 nJ/bit (5 ESs) to 0.143 nJ/bit (9 ESs). QBMR exhibits moderate improvement

from 0.221 nJ/bit to 0.186 nJ/bit, whereas GS achieves the smallest reduction from 0.285
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nJ/bit to approximately 0.247 nJ/bit. Overall, uPOW consumes around 20%-30% less

energy compared to QBMR and roughly 40%-50% less compared to GS, emphasizing its

superior energy efficiency.

5 6 7 8 9
No. of ESs

0.0

0.5

1.0

1.5

Qo
S 

(q
)

q (GS)
q (QBMR)
q (uPOW)

 (GS)
 (QBMR)
 (uPOW)

0.0

0.2

0.4

0.6

Ta
sk

 C
om

pl
et

io
n 

Ti
m

e 
(

) [
s]

No. of UDs = 100

Figure 5.11: Task completion time and QoS performance with varying no. of ESs.

Figure 5.11 presents the QoS and task completion time performance. The QoS for

all algorithms gradually improves, demonstrating the benefit of added computational re-

sources in reducing latency and improving task completion reliability. Among the evalu-

ated algorithms, uPOW consistently delivers the highest QoS. Specifically, uPOW achieves

QoS improvements from approximately 90.07% (5 ESs) to 92.08% (9 ESs), while QBMR
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slightly lags behind, ranging from 90.02% to 91.90%. GS exhibits the lowest QoS, im-

proving from 84.92% to 87.63%. These results clearly demonstrate that uPOW provides

superior quality of service guarantees compared to the baseline methods. Regarding

task completion time, all three algorithms exhibit a clear reduction. uPOW consistently

demonstrates the lowest task completion time across all scenarios, decreasing notably

from approximately 0.210 seconds (5 ESs) to 0.189 seconds (9 ESs). QBMR’s comple-

tion time decreases moderately from 0.346 seconds to 0.304 seconds, whereas GS’s time

declines sharply from 0.534 seconds to 0.320 seconds but remains the highest among all

methods. Thus, uPOW reduces task completion time significantly—by approximately

40% compared to QBMR and by over 50% compared to GS—demonstrating its robust

efficiency in task execution.

In the third scenario, we focus on the impact of UD mobility on the network perfor-

mance. We set the number of ESs to 5 and the number of UDs to 100. The time slots for

updating location information vary from 0 to 25 seconds to investigate their influence on

the performance metrics.

Figure 5.12 illustrates the impact of periodic location updates on network capacity

and average throughput when UDs are mobile. As the time slot increases, the network

capacity remains relatively stable across all algorithms with slight fluctuations due to

mobility-induced dynamics. Specifically, the proposed uPOW maintains the highest ca-

pacity, ranging from approximately 7.64 to 7.72 Gbps, demonstrating robustness against

varying mobility. QBMR achieves intermediate capacity, fluctuating between 5.43 and

5.50 Gbps, while GS shows the lowest capacity, consistently around 3.77 Gbps. These

results suggest that the proposed uPOW effectively adapts to mobility-induced network

changes, maintaining superior resource utilization and performance stability. Similarly,

the average throughput exhibits minor fluctuations due to mobility, but the relative

ranking among algorithms remains unchanged. uPOW consistently delivers the high-

est throughput, maintaining around 223–226 Mbps throughout the varying update inter-

vals. QBMR achieves moderate throughput performance, staying around 193–197 Mbps,

while GS remains the lowest, varying between 179–192 Mbps. The stable and superior

throughput performance of uPOW highlights its effective management of mobility-related

variations through intelligent server allocation and optimized path selection.
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Figure 5.12: Network capacity and average throughput with periodic location updates.

Figure 5.13(b) shows the results of total interference power and total energy consump-

tion. The total interference power fluctuates modestly for all three algorithms due to

the dynamic wireless environment. However, uPOW achieves the lowest interference lev-

els, ranging between approximately -1.99 dBm and -2.72 dBm. QBMR experiences higher

interference fluctuations from about -0.81 dBm to -1.65 dBm, whereas GS displays consis-

tently higher interference power, ranging between 0.47 dBm and 0.61 dBm. These results

confirm uPOW’s capability to effectively manage and reduce interference through adap-

tive power control and optimized path selection strategies, even under mobility-induced
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Figure 5.13: Interference Power and Energy Consumption with Periodic Location Updates

network variations. Regarding total energy consumption, measured in nJ/bit, the uPOW

maintains stable and the lowest stable energy consumption across all scenarios, ranging

between approximately 177.98 and 189.21 nJ/bit. QBMR and GS exhibit higher variabil-

ity and consumption levels, with QBMR fluctuating between 167.30 to 228.90 nJ/bit and

GS varying widely between 190.44 to 296.12 nJ/bit. The clear energy efficiency advantage

of uPOW highlights its adaptive energy-aware optimization, effectively handling the extra

energy demands typically associated with device mobility.

As shown in Figure 5.14, for the QoS, uPOW shows remarkable stability across differ-
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Figure 5.14: Task completion time and QoS with periodic location updates.

ent location update intervals, both consistently achieving around 92%. Specifically, uPOW

remains stable within a narrow range (approximately 91.99–92.19%), closely matched by

QBMR (approximately 91.79–92.00%). Conversely, GS exhibits significant variability,

with QoS ranging from as low as 80.42% at 0 seconds up to 93.38% at 20 seconds. These

findings reveal that uPOW effectively ensures reliable QoS in dynamic scenarios, demon-

strating notable resilience to mobility-induced uncertainties. In terms of task completion

time, uPOW is consistently better than other algorithms, maintaining a low and stable

completion time around 0.196 seconds across all intervals. QBMR shows moderate vari-
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ations between approximately 0.327 to 0.376 seconds, while GS fluctuates considerably

between 0.472 to 0.541 seconds. The significantly lower and more stable task completion

times achieved by uPOW underscore its robustness in handling device mobility, effectively

mitigating potential performance degradation through optimized resource allocation and

routing strategies.

Across different scenarios, including varying user density, ES deployment density, and

user mobility, the proposed scheme consistently achieves higher network capacity, lower

task completion time, better throughput performance, and higher QoS, and that is in

comparison to GS and QBMR. These findings confirm that the proposed design is well-

suited for large-scale dynamic networks and can efficiently support reliable and low-latency

communications in future wireless systems.

5.6 Summary

This section proposes a novel three-stage optimization scheme named uPOW, designed to

address the key challenges of scalability, interference, and energy efficiency in MWMNs.

The proposed uPOW scheme integrates three intelligent components: a BLS for optimal

server allocation, a SINR-based Q-learning algorithm for multihop path selection, and a

CTPC algorithm for adaptive power adjustment. Extensive simulation results demon-

strate that uPOW consistently outperforms existing benchmark algorithms, including GS

and QBMR, in terms of various key performance indicators. The proposed method ef-

fectively enhances network capacity, reduces latency, improves QoS, and achieves more

stable and higher throughput in dense and dynamic environments. The proposed uPOW

scheme presents a scalable and flexible solution for next-generation wireless networks.
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Chapter 6

Conclusion

This dissertation set out to address a central question for B5G WMNs: How can capac-

ity, latency, and energy efficiency be jointly optimized in a dynamic wireless multihop

environment? Approaching this question required not only the development of individual

algorithms, but also the design of a coherent problem–solution trajectory in which each

step addressed a specific challenge that emerged from the previous one.

6.1 Overall Discussion

The starting point of this dissertation was the observation that performance degrada-

tion in WMNs is not driven by a single factor but by a chain of interdependent perfor-

mance limitations. Long multihop relaying paths cause latency accumulation; uneven

task offloading across edge servers leads to capacity imbalance; and dense simultaneous

transmissions amplify interference and energy consumption. Therefore, the goal of this

dissertation was not to eliminate one problem in isolation, but to progressively identify

and resolve the dominant limitation at each stage of network scaling.

The first stage of the research focused on the most critical performance limitation:

insufficient network capacity caused by interference coupling along multihop routes. To

address this issue, the eCAP scheme was introduced. By integrating FG-assisted topology

formation, two-phase Q-learning routing, and CoF cooperative forwarding, eCAP success-

fully constructed high-throughput multihop transmission paths and significantly enhanced

network capacity in WMNs. However, eCAP operates under a single-server assumption,
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meaning that devices always relay toward the same root server. Thus, the scheme does

not handle scenarios where many devices need to simultaneously access multiple edge

servers, which becomes a dominant performance limitation as the network scales.

This insight motivated the second stage of the research and the development of the

eLOW scheme, which aimed to reduce end-to-end service latency in MSWNs. The eLOW

scheme formulated server selection as a learning-driven optimization problem and adopted

the BLS as a fast and incrementally updatable decision engine for latency-sensitive re-

source allocation. While eLOW effectively balanced server workloads and suppressed

queue buildup, it is designed under a single-hop assumption in which devices directly

connect to edge servers without relying on multihop forwarding.

To overcome these limitations, the third stage of the research introduced the uPOW

scheme. uPOW operates in MWMNs and jointly considers server allocation, path se-

lection, and transmit power control. By integrating BLS-based server selection, SINR-

driven Q-learning routing, and CTPC, uPOW forms a unified optimization cycle that sup-

ports cooperative and cross-dependent decision making. Simulation results demonstrated

that uPOW consistently outperforms benchmark algorithms such as GS and QBMR in

terms of network capacity, interference mitigation, energy efficiency, and QoS satisfac-

tion—confirming that jointly optimizing server allocation, routing, and power control is

necessary for scalable multihop communication.

Through this three-stage progression, the dissertation reveals a key conceptual insight:

the dominant performance limitation of WMNs evolves as optimization progresses. This

finding motivated the development of the CORE framework, which unifies eCAP, eLOW,

and uPOW under a single adaptive architecture. Rather than applying a fixed optimiza-

tion strategy, CORE coordinates the most appropriate scheme according to network scale,

service demand, and traffic characteristics. This represents a transition from static algo-

rithm execution toward adaptive and cooperative AI-native networking in future wireless

systems.

6.2 Contributions

The major contributions of this dissertation are summarized below, following the chrono-

logical evolution of the research and the progressively shifting performance limitations
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identified throughout analysis and simulation:

• Identification of progressively shifting performance limitations in WMNs.

This dissertation reveals a three-phase performance degradation pattern in WMNs

as system scale increases: (i) limited multihop throughput due to interference-

coupled routing, (ii) excessive E2E latency caused by server load imbalance in

multi-server environments, and (iii) interference and energy inefficiency under dense

simultaneous transmissions. This finding transforms the optimization objective from

isolated metrics to coordinated performance improvement.

• Design of the eCAP scheme for throughput enhancement. To overcome the

challenge of low network capacity in WMNs, this dissertation proposes the eCAP

scheme, which jointly exploits FG approach for root node selection, two-phase Q-

learning for path selection, and CoF strategy for cooperative transmissions. eCAP

significantly increases network capacity by forming interference-resilient multihop

paths, confirming the potential of learning-driven cooperative forwarding in WMNs.

• Development of the eLOW scheme for latency reduction in MSWNs.

When server access becomes the new primary constraint under multi-server deploy-

ment, the proposed eLOW scheme leverages the BLS for fast and adaptive server

selection. The BLS/NS and BLS/MS variants reduce service latency by balancing

load, enhancing server connectivity, and improving link quality, demonstrating that

BLS is capable of accurate and scalable decision-making in dynamic MEC systems.

• Formulation of the uPOW scheme for unified interference and energy

management. To address interference-driven capacity loss and power inefficiency

in large-scale MWMNs, this work develops the uPOW scheme, which integrates

BLS-based server allocation, SINR-driven Q-learning path selection, and CTPC-

based transmit power coordination. This is the first unified learning-and-consensus-

driven solution that simultaneously improves network capacity, energy efficiency,

and QoS satisfaction under dense network conditions.

• Integration of the three schemes into the CORE framework. The eCAP,

eLOW, and uPOW schemes are unified into the CORE framework, which follows
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a progressive optimization pipeline capable of adapting to network operating con-

ditions. CORE enables future AI-native wireless networks to cooperatively opti-

mize throughput, delay, and power sustainability without modifying existing proto-

col structures, establishing a scalable foundation for B5G/6G autonomous network

management.

6.3 Social Impact and Broader Implications

The research presented in this dissertation has potential social impact in several important

domains related to future wireless communication systems.

First, the proposed cooperative AI-driven framework contributes to the reliability and

scalability of WMNs, which are critical in disaster recovery and emergency communica-

tion scenarios. In such environments, communication infrastructure is often damaged or

unavailable, and rapidly deployable multihop networks supported by edge computing can

enable coordination among rescue teams, sensors, and command centers.

Second, by jointly optimizing routing, server selection, and transmit power, the pro-

posed framework improves energy efficiency and reduces unnecessary interference. This

contributes to more sustainable operation of large-scale wireless systems, which is increas-

ingly important as the number of connected devices continues to grow in smart cities,

industrial IoT, and environmental monitoring applications.

Third, the integration of edge computing and distributed intelligence supports low-

latency and adaptive services for time-sensitive applications, such as industrial automation

and public safety systems. By enabling efficient task execution under dynamic network

conditions, the proposed framework helps bridge the gap between advanced communica-

tion technologies and practical societal needs.

Overall, this dissertation advances the design of intelligent and sustainable wireless

communication frameworks, supporting the long-term development of robust digital in-

frastructure in the B5G and future 6G era.
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6.4 Future Works

Although the outcomes of this dissertation are promising, several simplifying assumptions

were adopted to maintain analytical feasibility. These include perfect CSI, synchronized

time reference, unified medium access (TDMA), and the absence of signaling overhead

for model updates. Moreover, hardware-level impairments and queuing delay were not

considered. Addressing these factors will enable more realistic deployment conditions in

future studies.

While the proposed CORE framework has demonstrated substantial potential, several

research directions emerge naturally from the current findings:

• Federated and distributed learning. Incorporating federated learning and

multi-agent reinforcement learning can enable privacy-preserving and communication-

efficient distributed optimization, reducing reliance on centralized model aggrega-

tion.

• Heterogeneous and cross-domain network environments. Extending the

CORE framework to heterogeneous deployments with mixed radio access technolo-

gies, dual-band links, diverse mobility levels, and satellite-terrestrial integration will

greatly increase realism and applicability.

• Joint orchestration of spectrum-computation-caching. Future enhancements

may incorporate adaptive spectrum sensing, dynamic bandwidth slicing, and caching-

aware task placement to achieve E2E coordination across multiple network resource

dimensions.

• Real-world implementation and prototyping. Evaluating the proposed schemes

on SDR platforms or edge computing testbeds will provide practical insights into

latency under synchronization errors, power-consumption behavior, and real-time

learning convergence.

• Green intelligence and sustainable communication. Integrating energy-harvesting

models, sleep scheduling for idle nodes, and carbon-aware learning objectives will

further align CORE with carbon-neutral and environmentally sustainable 6G devel-

opment goals.
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In conclusion, this dissertation demonstrates that artificial intelligence does not replace

communication theory; rather, it strengthens it. By unifying sensing, learning, and coor-

dinated decision-making into a cooperative and modular architecture, the CORE frame-

work moves wireless multihop networks closer to the long-term vision of fully autonomous,

self-optimizing, and self-sustaining communication systems in the B5G era.
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