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Abstract

Uplink radio access is a critical component of future 6G wireless networks, en-
abling simultaneous data transmissions from multiple users to access points
(APs). Due to dynamic wireless environments, users must adaptively ad-
just modulation and coding schemes (MCS) and random access strategies.
The proliferation of machine-type communication devices, characterized by
sporadic traffic and limited resources, underscores the need for distributed,
low-complexity algorithms to optimize uplink access.

This thesis develops distributed learning-driven solutions for these chal-
lenges in 6G uplink access, offering three main contributions. First, a feder-
ated learning method is proposed for adaptive orthogonal frequency division
multiplexing with index modulation (OFDM-IM), utilizing k-means cluster-
ing. This approach aggregates the learning outcomes of local devices into a
global model, reducing local training requirements and enhancing throughput
while introducing reduced federation overhead. The effectiveness of this fed-
erated learning assisted adaptive modulation inherently relies on robust and
efficient multiple access methods to manage the anticipated massive connec-
tivity in future networks. Second, a learning-based two-step non-orthogonal
random access (NORA) strategy is developed for massive connectivity, allow-
ing users to independently select transmission slots and power levels without
channel state information (CSI). The base station (BS) applies successive
interference cancellation (SIC) to decode overlapping transmissions. This
joint slot-power selection is modeled as a Markov decision process (MDP)
and solved with tailored multi-state and confidence-aided Q-learning algo-
rithms, significantly improving throughput and fairness, particularly under
high congestion. Finally, the thesis presents a decentralized deep reinforce-
ment learning-based NORA framework for multi-AP machine-type communi-
cations. Users autonomously select APs, transmission slots, and power levels
without CSI, while APs decode packets using SIC. Custom deep Q-network
algorithms address the AP-slot-power selection, showing substantial improve-
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ments in throughput, fairness, and scalability under diverse, high-traffic sce-
narios, emphasizing the framework’s potential for intelligent random access
in 6G ecosystems.
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1
Introduction

Since Shannon introduced information theory in 1948, digital communica-

tion technologies have advanced rapidly, revolutionizing how information is

transmitted and processed. The introduction of packet switching in the 1960s

laid the foundation for modern data networks, culminating in the creation of

ARPANET in 1969, the precursor to the internet. During the 1970s, the de-

velopment of the Transmission Control Protocol/Internet Protocol (TCP/IP)

enabled seamless communication across different networks. Notably, the first

transatlantic email was transmitted in 1973 from the Richmond Building at

the University of Sussex, marking a significant milestone in global digital

communication.

The 1980s and 1990s saw a transition from analog to digital systems,

with the advent of 2G mobile networks, the World Wide Web (WWW),

and the rapid expansion of broadband internet. The turn of the century

introduced 3G networks, significantly enhancing mobile data transmission,

while the proliferation of Wi-Fi and smartphones transformed personal and

professional communication. The 2010s brought the widespread adoption of

4G LTE, enabling high-speed mobile internet, and saw the emergence of the

Internet of Things (IoT), integrating billions of connected devices.

Today, the rollout of 5G networks is enabling ultra-low latency and high-
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bandwidth applications, such as autonomous vehicles, edge computing, and

AI-driven communication systems. Looking ahead, the development of 6G

networks, quantum communication, and intelligent network optimization is

expected to drive the next generation of digital connectivity. According to

IHS Markit, the number of smart devices is projected to reach 125 billion by

2030 [1], reflecting the continued exponential growth of digital communica-

tion technologies.

However, upcoming massive connectivity and edge intelligence will bring

challenges to uplink transmissions in 6G radio access network (RAN).

1.1 Motivation

The advent of 6G networks is poised to transform wireless communication

by delivering ultra-reliable, low-latency, and high-capacity connectivity. A

key component of this evolution is Edge Intelligence (EI), which integrates

artificial intelligence (AI) and machine learning (ML) at the network edge

to facilitate real-time decision-making, intelligent resource management, and

adaptive modulation strategies [2]. These advancements are particularly crit-

ical for multi-user uplink transmission scenarios.

1.1.1 The Role of Multi-User Uplink Transmission in

Edge Intelligence Applications

Emerging edge intelligence applications are driving innovation across vari-

ous industries. These applications demand sophisticated multi-user uplink

transmission technologies to facilitate seamless data exchange and real-time
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decision-making. Key domains include:

• Autonomous Transportation: Edge intelligence enables self-driving

vehicles to process sensor data in real time, ensuring safe and efficient

navigation in dynamic environments [3].

• Industrial Automation: AI-driven predictive maintenance and robotic

process automation enhance operational efficiency, minimize downtime,

and optimize production workflows [4].

• Smart Healthcare: Edge intelligence facilitates remote patient moni-

toring, real-time medical imaging analysis, and AI-assisted diagnostics,

significantly improving healthcare accessibility and quality [5].

• Augmented Reality (AR) and Virtual Reality (VR): These

applications necessitate ultra-low latency and high-bandwidth uplink

transmission to provide immersive experiences for gaming, remote col-

laboration, and training simulations [6].

• Urban Infrastructure: Smart cities leverage edge intelligence for in-

telligent traffic management, energy-efficient smart grids, and real-time

environmental monitoring, fostering sustainable urban development [7].

To support these applications, multi-user uplink transmission must ad-

dress the growing demand for efficient data aggregation, low-latency response

times, and high-throughput communication. AI-driven approaches, includ-

ing Federated Learning (FL), Reinforcement Learning (RL), and Learning-

Driven Adaptive Modulation (LDAM), provide promising solutions to op-

timize spectrum utilization, reduce transmission delays, and enhance net-

work resilience. These advancements ensure that critical edge intelligence
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applications function optimally, even in complex and resource-constrained

environments.

1.1.2 Challenges in Multi-User Uplink Transmission

for 6G

Despite its potential, multi-user uplink transmission in 6G networks faces

several challenges:

• Scalability and Dynamic Resource Allocation: The exponential

growth of edge devices complicates spectrum access and transmission

scheduling, necessitating adaptive, decentralized resource management

techniques [8].

• Latency Constraints: Many edge intelligence applications demand

near-instantaneous data processing, a requirement that current wireless

architectures may struggle to meet, particularly in densely populated

network environments [9].

• Interference and Reliability Issues: The dense deployment of intel-

ligent devices sharing the spectrum introduces significant interference,

necessitating advanced mitigation strategies to maintain robust and

reliable uplink transmission [10].

• Security and Privacy Concerns: Federated Learning and distributed

AI methodologies introduce new vulnerabilities, such as model poison-

ing and data privacy breaches, necessitating robust encryption and se-

cure transmission protocols [11].
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• Energy Efficiency and Computational Constraints: Given the

limited power resources of edge devices, implementing energy-efficient

communication protocols and lightweight AI models is essential to en-

suring long-term sustainability and operational continuity [12].

1.1.3 Leveraging Edge Intelligence to Enhance 6G Up-

link Transmission

To address these challenges, Edge Intelligence offers a transformative frame-

work for optimizing multi-user uplink transmission. Key benefits include:

• AI-Driven Adaptive Resource Allocation: Machine learning mod-

els at the network edge dynamically optimize spectrum allocation,

power control, and transmission scheduling [13].

• Federated Learning for Uplink Optimization: Federated Learn-

ing facilitates distributed learning across multiple devices while pre-

serving data privacy, improving uplink modulation schemes and access

control strategies [14].

• Reinforcement Learning-Based Uplink Access: AI-driven decision-

making mechanisms enhance contention-based and grant-free random

access protocols, reducing collisions and increasing system through-

put [15].

• Energy-Efficient AI Strategies: The integration of lightweight AI

models tailored for edge computing minimizes computational overhead

and energy consumption, ensuring optimal performance for resource-

constrained devices [16].
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The convergence of edge intelligence and advanced uplink transmission

technologies represents a fundamental shift from centralized architectures

to autonomous, distributed frameworks. By integrating AI-driven method-

ologies with next-generation wireless technologies, 6G uplink transmission

can achieve enhanced resilience, adaptability, and efficiency. This fusion of

AI-powered edge computing and multi-user uplink transmission will play a

critical role in developing self-optimizing and self-healing wireless networks.

These advancements will underpin a new era of high-performance wireless

communication, supporting a broad range of applications, including smart

cities, industrial IoT, and mission-critical autonomous systems.

Hypothesis

Taking advantage of emerging edge intelligence, the critical challenges in

uplink radio access can be addressed by deploying adaptive and learning-

driven algorithms at the network edge.

Novel Contributions

This thesis advances the field of intelligent wireless communication by devel-

oping learning-driven strategies for adaptive modulation and scalable random

access in 6G networks. Key novel contributions include:

• The design of a federated k-means clustering framework for adap-

tive OFDM-IM systems, enabling distributed learning across devices

with reduced training cost and improved throughput.

• The proposal of model-free Q-learning algorithms for a 2-step

NORA system under CSI uncertainty, allowing users to make decentral-
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ized decisions on slot and power level selection, significantly enhancing

throughput and fairness in congested environments.

• The development of a deep reinforcement learning-based NORA

framework for multiple access point (AP) scenarios, where users au-

tonomously determine optimal AP, slot, and power configurations. This

approach demonstrates strong scalability and robustness in high-density

6G networks.

Collectively, these contributions introduce scalable and decentralized ma-

chine learning techniques tailored for next-generation wireless systems, ad-

dressing the challenges of massive connectivity, limited channel information,

and heterogeneous user environments.

1.2 Structure and Contributions of Thesis

The structure and contributions of this thesis are summarized as follows,

including six chapters.

• Chapter 2 introduces the theory and recent literature of machine learn-

ing, federated learning, reinforcement learning, and how these learning

algorithms can assist adaptive modulation and random access.

• Chapter 3 demonstrates a new federated learning strategy for k-means

clustering assisted adaptive orthogonal frequency devision multiplexing

with index modulation (OFDM-IM) system, which develops a global

model using local learning outcomes aggregated from distributed de-

vices. The proposed strategy aims to efficiently leverage the computing
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power of all the devices in a distributed system. Simulation results show

that the proposed strategy reduces the training steps required at each

device and simultaneously improve the throughput, with a federation

cost for model aggregation and broadcast.

• Chapter 4 presents a learning-aided non-orthogonal random access (NORA)

system where 2-step random access is adopted. Specifically, each user

independently selects a slot and a power level for uplink packet trans-

mission without any information about other users’ selection and chan-

nel state information (CSI); and the base station (BS) performs suc-

cessive interference cancellation (SIC) to decode packets from multiple

users with the use of power differences on the same slot. To design a

model-free multiple access under growing complexity and CSI uncer-

tainty, the joint slot and power level selecting problem is modelled as

a Markov decision process (MDP) where actions are slot-power pairs.

Multi-state Q-Learning algorithms and a confidence-aided Q-Learning

method are tailored for the NORA system to solve the MDP under

heterogeneous environments. Simulation results show that the three

proposed algorithms help the distributed users to find their strategies

for slot and power level selections, improving system throughput and

fairness simultaneously. The proposed algorithms are shown to make

superior performance compared to the benchmarks in high congestion

traffics scenarios. This is crucial for achieving massive connectivity

in 6G ecosystems, which requires intelligent random access designs to

accommodate the growing number of machine type users in diverse

conditions.
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• Chapter 5 investigates a learning-driven non-orthogonal random ac-

cess (NORA) framework for distributed agents in multiple access point

(AP) environments. In a decentralized manner, users autonomously

select an AP, transmission slot, and power level for uplink communi-

cation without prior knowledge of other users’ decisions and channel

state information (CSI). The APs employ successive interference can-

cellation (SIC) to decode multiple data packets on the same slot by

leveraging power differences. To address the challenges of designing

robust multiple access mechanisms under CSI uncertainty and growing

system complexity, the problem of selecting APs, slots, and power levels

is formulated as a Markov decision process (MDP), where each action

corresponds to a specific AP-slot-power combination. Tailored deep Q

network algorithms are developed for each agent to train its own ran-

dom access strategy in heterogeneous networking scenarios. Simulation

results demonstrate that the proposed algorithms enable distributed

users to effectively determine their access strategies, enhancing system

throughput and fairness. Furthermore, leveraging the presence of mul-

tiple APs and decentralized decision-making at agents, the proposed

approach provides scalable solutions that perform well in high-traffic

scenarios. These findings highlight the potential of intelligent random

access schemes to achieve large connectivity in 6G networks, accommo-

dating diverse operational conditions and a growing number of machine

type devices.

• Chapter 6 concludes the research findings and points out future direc-

tions.



10 Introduction

This thesis is structured to highlight the close interplay between adap-

tive modulation and efficient random access mechanisms in addressing the

anticipated challenges of 6G uplink transmissions. Specifically, the federated

k-means clustering adaptive OFDM-IM framework developed in Chapter 3

underscores the critical requirement for robust multiple access methods, mo-

tivating the subsequent exploration of advanced Non-Orthogonal Random

Access (NORA) solutions in Chapters 4 and 5.



2
Background

This chapter provides an essential foundation for understanding the meth-

ods and technologies explored in this thesis, particularly focusing on edge

intelligent solutions for multi-user uplink radio access in future beyond-6G

networks. It begins by introducing federated learning, emphasizing its ca-

pacity for distributed intelligence and highlighting the importance of man-

aging heterogeneity among connected devices. Following this, the chapter

discusses reinforcement learning, delineating both value-based and policy-

based methods, and their relevance to adaptive decision-making in dynamic

wireless environments. Subsequently, the principles and advancements of in-

dex modulation are reviewed, showcasing its potential for efficient spectrum

utilization. Finally, the chapter outlines non-orthogonal random access tech-

niques, crucial for managing massive connectivity and interference mitigation

in densely populated network environments. Collectively, these foundational

concepts set the stage for the innovative learning-driven strategies developed

in subsequent chapters.
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2.1 Federated Learning

Benefiting from the increasing number of connected devices and the enhanced

computational resources within each device, Multi-Access Edge Computing

(MEC) enables decentralization of intelligence from the cloud to the edge.

This environment provides ideal conditions for applying federated learning

(FL).

Federated learning involves two primary entities: the FL server and the

clients. The clients store their own datasets, which remain inaccessible to

other clients. Initially, the FL server creates a global model and distributes

it to all clients. Each client then updates its local model using its own data.

After performing several local updates, selected clients upload their updated

models to the FL server. Subsequently, the FL server aggregates these local

models to update the global model, which is then redistributed to all clients,

marking the beginning of a new iteration. Fig.2.1 illustrates the system

architecture of federated learning.

Compared to centralized learning strategies, FL shares only the model

updates rather than the entire dataset, significantly reducing spectral and

energy resource consumption. This advantage is particularly beneficial for

real-time applications, such as learning-driven modulation in wireless com-

munications. There are three types of FL: Horizontal FL, Vertical FL, and

Federated Transfer Learning (FTL) [17]. In Horizontal FL, each client has

datasets with identical feature spaces but different sample spaces. Con-

versely, Vertical FL involves clients with identical sample spaces but differ-

ent feature spaces. FTL applies to scenarios where both feature and sample

spaces differ.
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Figure 2.1: Typical architecture of a Federated Learning (FL) system. The pro-
cess begins with the FL server initializing a global model, which is then distributed
to multiple clients. Each client performs local model training on its private data,
and the resulting model updates are uploaded back to the server. The server
aggregates these updates to refine the global model. Image from the paper [17].

The uplink speed is typically much lower than the downlink speed, making

communication costs during aggregation a significant concern in FL [18]. Ad-

ditionally, the channel conditions among clients can vary greatly. Data qual-

ity, which significantly affects convergence rates, also differs across clients.

Due to client heterogeneity and data heterogeneity, selecting clients with

high-quality local data, favorable channel conditions, and sufficient compu-

tational resources for each learning iteration becomes critical. This selection

strategy helps reduce communication costs and improves the convergence rate

of the global model. Furthermore, compressing the local updates exchanged

between the FL server and clients is another method for reducing commu-

nication overhead. Additionally, data distribution across clients is typically
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non-independent and identically distributed (non-IID), whereas many exist-

ing algorithms assume IID data [17]. Consequently, optimization schemes

capable of ensuring convergence under non-IID data conditions need to be

developed.

There are two primary aggregation schemes in FL: FedSGD and FedAvg.

In FedSGD, selected clients upload randomly sampled data points from their

local datasets to the FL server, where the global model parameters are up-

dated. However, this approach results in substantial communication costs.

To mitigate this issue, FedAvg was developed by [19]. In FedAvg, clients

perform local model updates and subsequently upload only their local pa-

rameters to the FL server. The server then computes the global parameters

by averaging these local parameters, weighted according to the size of each

client’s dataset, as expressed in the following equation.

wt+1 =
K∑
k=1

nk

n
wk

t+1 (2.1)

where wt+1 and wk
t denote the parameters of global model and k-th client’s

local model at time step t, respectively. n and nk are the total number

of training data samples of all the clients and the number of training data

samples of k-th client, respectively.

[20] proposed a Federated Stochastic Variance Reduced Gradient (FSVRG)

optimization algorithm, demonstrating strong performance for non-IID data

distributions. In SVRG, an optimal parameter, w∗, is updated after a fixed

number of parameter updates. The gradient of the loss function is esti-

mated using the difference between the gradient evaluated at a randomly

sampled point in the current parameter and the optimal parameter w∗. In
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the FSVRG algorithm, each client performs several parameter updates based

on the same w∗, after which all clients’ current parameters are aggregated,

and their average is adopted as the new optimal parameter w∗ for the subse-

quent iteration. The experimental results presented in Fig.2.2 confirm that

the proposed FSVRG algorithm converges more rapidly than CoCoA+ and

simple distributed gradient descent, requiring only 30 iterations.

Figure 2.2: Cost function convergence curve. The results demonstrate that the
proposed FSVRG algorithm converges faster than CoCoA+ and gradient descent
(GD), requiring only a few rounds of communication. Image from the paper [20].

[18] address communication inefficiencies in federated learning (FL), fo-

cusing on scenarios where data is distributed across numerous mobile clients

with limited network capabilities. They propose two primary strategies:

structured updates, restricting model updates to low-rank or sparse formats,

and sketched updates, involving compression methods such as subsampling,

probabilistic quantization, and structured random rotations. Empirical re-



16 Background

sults on CIFAR-10 (CNNs) and Reddit datasets (LSTMs) demonstrate that

these methods substantially reduce uplink communication—by up to two

orders of magnitude—while minimally affecting model accuracy, highlight-

ing their practical applicability for efficient, large-scale, privacy-preserving

federated training.

[21] proposed a federated k-means clustering algorithm, where the FL

server initializes and distributes a global model. Clients update their cen-

troids locally by assigning new samples to the nearest centroid and recal-

culating centroid positions based on cumulative data. Clients send their

local models to the FL server after a defined number of updates. The server

aggregates local models by averaging the centroids. Although this method

demonstrated improved or comparable performance against baselines, it has

drawbacks, including potential divergence between corresponding centroids

from different clients and neglect of varying data volumes per centroid. To

address these limitations, a refined federated clustering algorithm is proposed

in Chapter 3.

[22] proposed a distributed Q-learning algorithm, in which each agent

maintains its local Q-table and independently selects actions. The global

Q-value for each state-action pair is assumed to be the highest value from

local Q-tables.

[23] propose an adaptive federated learning (FL) scheme employing gra-

dient compression to enhance communication efficiency specifically for uplink

transmission using non-orthogonal multiple access (NOMA). Recognizing the

limitations posed by wireless fading channels, the authors integrate adaptive

gradient quantization and sparsification methods into the FL update pro-
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Figure 2.3: Markov decision process (MDP). At each time step t, the agent
observes a state St, takes an action At, and receives a reward Rt from the
environment, which transitions to a new state St+1. Image from [24]

cess. Simulation results across multiple datasets (MNIST, FEMNIST, and

Sent140) demonstrate that this adaptive compression scheme significantly

reduces communication latency—achieving up to a seven-fold improvement

compared to traditional TDMA-based FL—while maintaining comparable

model accuracy. The work highlights the practicality and efficiency of NOMA

combined with gradient compression techniques in FL applications with con-

strained wireless communication resources.

2.2 Reinforcement Learning

Reinforcement learning is an emerging unsupervised machine learning method

based on Markov decision process (MDP). A MDP involves the environment

and agents, and there are three elements in a MDP, called state, action, and

reward. Fig.2.3 shows a typical MDP workflow.

At each step, the agent takes an action based on its current state to

interact with the environment and observes the resulting reward and the

next state from the environment. Denoted by π(a | s) the probability of
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selecting action a with given state s, the action strategy is given by

π(a | s) = P[At = a | St = s] (2.2)

where St andAt denote the state and action in MDP, respectively. The agent

aims at maximizing the return in a MDP episode, which is defined as

Gt =
∞∑
k=0

γkRt+1+k (2.3)

where γ denotes the discount factor which weights the rewards at different

time instance. Vπ(s) denotes the state-value function that measures the ex-

pected return with respect to a given state at the start and a given policy π,

which is defined as

Vπ(s) = Eπ[Gt | St = s]

= Eπ[Rt+1 + γVπ(St+1) | St = s]

=
∑
a∈A

π(a | s)
(
Ra

s + γ
∑
s′∈S

Pa
ss′Vπ(s

′)
)

(2.4)

where Ra
s and Pa

ss′ denote the average reward at state s and the transition

probability from state s to state s′ when taking action a, respectively. To

further quantize the expected return with respect to a given state-action pair
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at the start and a given policy π, action-value function Qπ(s, a) is defined as

Qπ(s, a) = Eπ[Gt | St = s,At = a]

= Eπ[Rt+1 + γVπ(St+1) | St = s,At = a]

= Ra
s + γ

∑
s′∈S

Pa
ss′Vπ(s

′). (2.5)

Since

Vπ(s) =
∑
a∈A

π(a | s)Qπ(s, a) (2.6)

Qπ(s, a) can be calculated by

Qπ(s, a) = Ra
s + γ

∑
s′∈S

Pa
ss′

∑
a′∈A

π(a′ | s′)Qπ(s
′, a′) (2.7)

(2.4) and (2.7) are known as the Bellman expectation equations. Denoted by

V∗(s) and Q∗(s, a) the optimal state-value function and optimal action-value

function, respectively, the optimal policy π∗ that achieves V∗(s) can be found

by

an(t) =


1 , if a = argmax

a∈A
Q∗(s, a)

0 , otherwise.

(2.8)

Thus V∗(s) is given by

V∗(s) = max
a

Q∗(s, a)

= max
a
Ra

s + γ
∑
s′∈S

Pa
ss′V∗(s

′) (2.9)
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and Q∗(s, a) is given by

Q∗(s, a) = Ra
s + γ

∑
s′∈S

Pa
ss′V∗(s

′)

= Ra
s + γ

∑
s′∈S

Pa
ss′ max

a′
Q∗(s

′, a′) (2.10)

(2.9) and (2.10) are known as the Bellman optimality equations. However,

since transition probabilities are unknown in many scenarios, it is impossi-

ble to adopt the dynamic programming method. Therefore, the following

discussions focus on model-free methods such as Q-learning.

2.2.1 Value-Based Method

There are two types of value-based RL algorithms, called on-policy learning

and off-policy learning, depending on whether the adopted policy is the same

as the policy to be optimized. Sarsa is an on-policy RL algorithm, and the

Q-value updating is given by

Q(s, a)← Q(s, a) + αQTarget (2.11)

where QTarget denotes the target Q-value and is given by

QTarget = R + γQ(s′, a′)−Q(s, a) (2.12)

where a′ is selected by the policy being optimized. Q-learning is one of the

commonly used off-policy RL algorithms. The Q-value updating is same as



2.2 Reinforcement Learning 21

that for Sarsa in (2.11) but the QTarget in Q-learning is given by

QTarget = R + γmax
a′

Q(s′, a′)−Q(s, a) (2.13)

The Q-value in value-based methods can be estimated by function ap-

proximation, which is a mapping between states and values. Neural networks

are commonly used in function approximation. Denoted by W the neural

network parameter, the cost function of the function approximation is given

by

L(w) = E
[(

QTarget(s, a)−Qw(s, a)
)2]

(2.14)

2.2.2 Policy-Based Method

Policy gradient methods directly parameterize a policy rather than a value

function, which makes it possible to learn a stochastic policy. The policy

objective function is defined as the expected reward at a random time step

and is given by

J(θ) = Eπθ
[r]

=
∑
s∈S

d(s)
∑
a∈A

πθ(s, a)Rs,a (2.15)

Where d(s) denotes the stationary state distribution under policy πθ, i.e., the

probability of visiting state s when following the policy. The gradient with
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respect to the learned model parameter θ is calculated by

∇θJ(θ) =
∑
s∈S

d(s)
∑
a∈A

πθ(s, a)∇θ log πθ(s, a)Rs,a

= Eπθ
[∇θ log πθ(s, a)Qπθ

(s, a)] (2.16)

The action-value function Qπθ
(s, a) can be estimated using a separate learned

model called critic so that the policy can be updated after every step rather

than every episode. Qw(s, a) denotes the action-value function estimated by

the critic, and the cost function of the critic is the same as that in value-based

method, which is presented in (2.14)

To reduce variance, a baseline function B(s) can be adopted, which is

subtracted from Qπθ
(s, a), so that the policy gradient is given by

∇θJ
∗(θ) = ∇θJ(θ)− Eπθ

[∇θ log πθ(s, a)B(s)]

= ∇θJ(θ)−
∑
s∈S

d(s)B(s)∇θ

∑
a∈A

πθ(s, a)

= ∇θJ(θ). (2.17)

Note that the second summation in (2.17) is zero since
∑

a∈A πθ(s, a) = 1

for all s, and thus its gradient with respect to θ vanishes. By adopting the

baseline function, the expectation of the policy gradient does not change

while the variance of the policy gradient is reduced. Value function is a

potential candidate for the baseline function. The policy gradient when using
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value function V (s) as baseline function is given by

∇θJ(θ) = Eπθ

[
∇θ log πθ(s, a)

(
Q(s, a)− V (s)

)]
= Eπθ

[∇θ log πθ(s, a)δ] (2.18)

where δ denotes the TD error and is given by

δ = R + γV (s′)− V (s) (2.19)

2.3 Index Modulation

Building on the distributed learning capabilities explored in Section 2.1 and

the adaptive decision-making methods presented in Section 2.2, this section

introduces index modulation as a promising technology for enhancing effi-

ciency and adaptability in future wireless communication systems. Federated

learning’s decentralized model aggregation and reinforcement learning’s ca-

pacity for dynamic, environment-responsive optimization both complement

index modulation’s intrinsic flexibility. By leveraging these advanced learn-

ing techniques, index modulation schemes can intelligently adapt to hetero-

geneous and resource-limited conditions, thus significantly improving spec-

tral efficiency and resilience in multi-user wireless environments typical of

beyond-6G scenarios.

Index modulation has been considered as an energy efficient method for

the mMTC network in 6G [25], [26]. In conventional modulation schemes,

all data bits are conveyed by the amplitude-phase modulation (APM) sym-

bols, whereas in index modulation, part of data bits are conveyed by the in-
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dices of active subcarriers or antenna. Exploiting the index modulation con-

cept in the multi-carrier systems, various OFDM-IM schemes that have been

proposed. [27] proposed a spread-OFDM-IM scheme achieving high trans-

mit diversity, which applies a precoding matrix to the transmit signal. [28]

proposed a scheme called coordinate interleaved OFDM-IM (CI-OFDM-IM)

which seperately transmit the real and imaginary parts of the data sym-

bol using different active subcarriers. [29] proposed a super-mode OFDM-IM

(SuM-OFDM-IM) which forms index symbol via both mode activation pat-

terns (MAPs) and subcarrier activation patterns (SAPs) at the same time

to maximize the number of data bits transmitted by index symbol. Mainly

focusing on coding gain and diversity gain, such existing OFDM-IM schemes

have neglected to discuss new insights into learning-driven adaptive modu-

lation signals, which could improve the spectral efficiency and reliability in

multi-user heterogeneous environments.

Fig.2.4 shows a typical structure of OFDM-IM transmitters. It is assumed

that the OFDM transmission bandwidth is divided into multiple sub-bands,

where each sub-band is allocated to an individual user for data transmis-

sion. In orthogonal frequency-division multiplexing with index modulation

(OFDM-IM), letN denote the total number of subcarriers, k denote the num-

ber of active subcarriers, and M denote the order of APM. The p incoming

data bits are divided into two parts, p1 and p2:

p = p1 + p2 (2.20)

where p1 bits are employed by index symbols. Let i denote the index vector
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Figure 2.4: A typical structure of an OFDM-IM transmitter. The input bit stream
is first split into sub-blocks. Each sub-block is divided into bits for index selection
and bits for symbol mapping. The selected indices and mapped symbols form the
input to the OFDM block, which undergoes an N -point IFFT followed by cyclic
prefix addition and parallel-to-serial (P/S) conversion. Image from the paper [30]

containing the indices of active subcarriers in an OFDM symbol:

i = {i1, ..., ik}, (2.21)

where ik ∈ [1, ..., N ] and

p1 = ⌊log2C(N, k)⌋ (2.22)

p2 bits are conveyed by APM symbols. The vector of APM symbols, denoted

by s, is given by:

s = [s1, ..., sk] (2.23)
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and

p2 = k log2 |M | (2.24)

The transmitted signal is:

x = [x1, ..., xN ] (2.25)

where

xi = s. (2.26)

The unused subcarriers are set to zero. The transmitter will apply IFFT

and add cyclic prefix (CP) to x and then transmit the time domain signal.

The receiver will remove the CP and apply FFT to the received signal. The

received signal in the frequency domain can be represented by

y = Hx+ n (2.27)

where H is the fading channel matrix, and n is the additive white Gaussian

noise (AWGN) vector. At the receiver side, the detector will recover the data

bits from y. Fig.2.4 shows a typical structure of OFDM-IM transmitter.

In spatial modulation (SM), index bits are conveyed by the index of

selected transmit antenna (TA). Fig.2.5 shows a typical structure of SM

transceiver. Nt denotes the number of antenna in transmitter. The income

bits are splited into two parts, p1 and p1. For each transmission, one out

of Nt antenna are selected to transmit the APM symbol. p1 bits, which are

conveyed by the index of selected antenna, satisfies

p1 = ⌊log2Nt⌋ (2.28)
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Figure 2.5: A typical structure of a Spatial Modulation (SM) transceiver. The
incoming bit stream is divided into two parts: one part selects the transmit an-
tenna via the Antenna Index Mapper, while the other is mapped to modulation
symbols. These symbols are transmitted over the selected antennas. At the re-
ceiver, the ML detector identifies the active antenna and the transmitted symbol,
and the SM Demapper recovers the original bits. Image from the paper [31]

The p2 bits are conveyed by APM symbols, which is similar to that in OFDM-

IM scheme.

Conventional adaptive modulation schemes require channel state infor-

mation (CSI) at the transmitter while learning driven schemes can learn the

pattern from the environment. In time division duplexing (TDD) applica-

tions, the CSI of downlink and uplink are the same so that downlink signal

can be adopted as the indicator of CSI for uplink. K-means clustering can

efficiently extract the implicit pattern of multi-dimensional vectors by cluster-

ing them according to the Euclidean distance between them. [32] proposed

an OFDM-IM adaptation with the use of single user k-means clustering.

However, the process of constituting a sufficient size of training dataset is

expensive for resource limited MTC devices. Centralized learning is a pos-

sible solution leveraging the resources of central servers but it leads to high

communication cost for sharing the data.
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Federated learning (FL) is a potential enabler for connected intelligence in

6G [33]. Compared to centralized learning strategy, FL only shares the model

updates instead of all the data, which reduces the consumption of spectral

and energy resources. For example, [34] proposed a federated deep learning

strategy for automatic modulation classification (AMC), which avoids data

leakage while the performance loss is within 2% compared to the centralized

algorithm.

The model aggregation strategy is a crucial challenge in federated learn-

ing. In FedSGD, a part of clients upload samples randomly selected from

their local dataset and the model parameters will be updated in the FL

server, which causes expensive cost in terms of communications. To opti-

mize this weakness, an algorithm named FedAvg was developed [19]. In

FedAvg, clients update their local parameters locally, and only upload the

parameters to the FL server. The FL server will average the local parameters

with appropriate weights to get global parameters. In [34], FedSGD and Fe-

dAvg based algorithms are proved to have similar performance when solving

AMC problem. [20] proposed a federated stochastic variance reduced gradi-

ent (FSVRG) optimization algorithm, which improved the performance for

non-independent, and identical data distribution. Such strategies focus on

using deep learning, which may not suit to constrained MTC devices. Only

a few paper developed federation strategy for k-means clustering. [21] pro-

posed a federated k-means clustering algorithm based on FedAvg for image

recognition. [35] proposed a federated k-means scheme for proactive caching,

where the training data are shared for model aggregation at the high cost.

Potential of effectively federating k-means clustering has been overlooked in
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OFDM-IM variants at MTC devices.

Adaptive OFDM-IM schemes, such as the federated k-means clustering

method discussed in Chapter 3, rely heavily on efficient multiple access and

random access technologies to manage the simultaneous connectivity of nu-

merous distributed users. Hence, advanced random access methods, like Non-

Orthogonal Random Access (NORA), which efficiently manage resources and

reduce congestion, are critically required to complement and fully realize the

benefits of adaptive OFDM-IM systems.

2.4 Non-Orthogonal Random Access

Following the discussion on index modulation, this section introduces an-

other emerging technology in wireless networks, Non-Orthogonal Random

Access (NORA), an advancement combining Non-Orthogonal Multiple Ac-

cess (NOMA) and random access protocols. NORA leverages the simulta-

neous resource-sharing capability of NOMA with the flexibility of random

access procedures, effectively addressing the massive connectivity and spo-

radic traffic challenges anticipated in future 6G wireless networks. In this

context, two foundational random access methods, the 4-step and 2-step

random access protocols, are introduced, providing a clear understanding of

their operational differences, strengths, and limitations. The combination of

these technologies underpins the effectiveness of NORA in managing high-

density device environments, offering enhanced throughput, reduced latency,

and improved scalability.
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2.4.1 Non-Orthogonal Multiple Access

Multiple access is a kind of technology which allows multiple users to share

the same resources. There are two main types of multiple access schemes, or-

thogonal multiple access (OMA) and non-orthogonal multiple access (NOMA).

OFDMA is a main kind of OMA technologies, which is based on OFDM.

In OFDMA, users are allocated with different subblock of adjacent subcar-

riers, which are orthogonal to each others, in frequency domain. According

to the shannon capacity equation, the maximum throughput of the k-th user

OFDMA system is given by

Rk =
B

N
log2(1 +

Pk | hk |2

N0,k

) (2.29)

Where B and N are the total bandwidth and total number of subcarriers,

respectively. Note that in this equation, it is assumed that only one subcarrier

is allocated to each user.

Conventional orthogonal random access (ORA) protocols, where each

RB is allocated to a single user per transmission interval, restrict spec-

tral efficiency and user connectivity. Recently, non-orthogonal random ac-

cess (NORA) has gained attention for its potential to enhance spectral ef-

ficiency [36]. Power-domain NORA allows multiple users to access a single

RB simultaneously by transmitting at different power levels [37]. A NOMA-

ALOHA protocol combined with multichannel access was proposed in [38],

achieving higher throughput than traditional multichannel ALOHA. How-

ever, such approaches often require channel state information (CSI) for chan-

nel selection and inversion, increasing the computational burden on MTC

devices, and throughput remains constrained by user collisions.
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In NOMA, all the users use the same frequency resources but with differ-

ent transmit power. At the receiver side, a SIC detector is adopted to recover

the signal of each user. The received signal is decoded by the order of de-

creasing received signal power [39]. The signal of user with highest power

will be recover firstly, and the signals of other users, which has lower power

than this one, will be treat as interference. After the detection. this signal

will be subtracted from the total received signal to remove the interference

from that user. In downlink NOMA, the transmit power order is in contrast

to the channel gain order in order to achieve similar received signal power

level for different users. The maximum throughput of the k-th user in an

downlink NOMA system is

Rk = B log2(1 +
Pk | hk |2∑k−1

j=1 Pj | hk |2 +P̄n,k

) (2.30)

Where Pk and P̄n,k denotes the transmit power and noise power of k-th user,

respectively [40]. Note that h1 > h2 > · · · > hK . The maximum throughput

of the k-th user in an uplink NOMA system is

Rk = B log2(1 +
Pk | hk |2∑K

j=k+1 Pj | hj |2 +P̄n

) (2.31)

[41] conclude the conditions need to be satisfied in NOMA power allo-

cation. Ptol is defined as the minimum power difference between the signal

to be recovered and the signal treated as inteference. For downlink NOMA,

the conditions are given by

Pkhk−1 −
k−1∑
j=1

Pjhk−1 ⩾ Ptol, k = 2, 3, . . . , K (2.32)
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Figure 2.6: Throughput comparison between NOMA and OMA in (a)uplink and
(b)downlink AWGN channel. Image from the paper [42].

K∑
k=1

Pk ⩽ Pt (2.33)

Where Pt is the maximum transmit power. For uplink NOMA, the conditions

are given by

Pkhk −
K∑

j=k+1

Pjhj ⩾ Ptol, k = 1, 2, . . . , (K − 1) (2.34)

Pk ⩽ Pt (2.35)

From (2.29), (2.30) and (2.31), it can be found that the interference

NOMA suffered has a logarithmic level degradation on the capacity, while

NOMA has N times OFDMA bandwidth. Fig.2.6 shows the throughput

comparison between NOMA and OMA considering a two-user system with

AWGN channel. It has been proved that NOMA can achieve higher capacity

than OMA if the power allocation and user clustering are well designed [42].
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Figure 2.7: Signaling procedure in the 4-step Random Access (RA) process. The
device initiates communication by sending a Random Access Preamble (Message
1) on the PRACH. The eNodeB responds with a Random Access Response (Mes-
sage 2) on the PDCCH. The device then sends a Connection Request (Message
3) on the PUSCH, and the eNodeB completes the handshake with a Connection
Resolution (Message 4) on the PDSCH. This process enables initial access and
uplink synchronization. Image from the paper [1].

2.4.2 4-Step Random Access

Random access (RA) poses a significant challenge in future Internet of Things

(IoT) networks due to the substantial number of connected devices, which

leads to severe congestion in the radio access network (RAN) [43]. In tradi-

tional four-step grant-based random access (GB-RA) protocols, users must

establish a handshake with the base station (BS) before transmitting any
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uplink data [1].

Fig.2.7 shows the 4-step RA procedure. An user starts the RA process

by sending a preamble (Msg1) to the BS through the physical random access

channel (PRACH), and then waits for random access response (RAR) for a

period of time defined by the RAR window parameter. The BS broadcasts the

index of identified preambles through the physical downlink control channel

(PDCCH). If the user finds the preamble index it sent to the BS, it will

perform the first data payload transmission (Msg3) using the resource block

(RB) associated with the selected preamble on the physical uplink shared

channel (PUSCH). After that, the user monitors for contention resolution

(Msg4) from the BS on the physical downlink shared channel (PDSCH),

and the RA process will be considered successful if the contention resolution

identity in the received Msg4 is same as the transmitted one in Msg3.

However, grant-based random access (GB-RA) methods face limitations,

including excessive signaling overhead and latency, particularly in machine-

type communication (MTC) scenarios characterized by sporadic traffic and

small payloads. This highlights the need to develop more efficient random

access protocols. Two optimization strategies can be considered to mitigate

latency associated with the 4-step RA procedure. These include reducing

or entirely eliminating the delay experienced by the user equipment (UE) in

receiving Msg2, as well as minimizing or fully removing the waiting period

imposed by the network before the transmission of Msg4.
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(a) Signaling in 2-step RA. Image from the paper [44].

(b) Two phases of MsgA in 2-step RA. Image from the paper [45]

Figure 2.8: 2-step Random Access (RA) procedure. (a) The User Equipment
(UE) sends a combined preamble and payload (MsgA) to the gNB, followed by a
contention resolution message (MsgB) from the gNB. (b) The MsgA comprises
a preamble transmission phase and a data transmission phase.

2.4.3 2-Step Random Access

Grant-free random access (GF-RA) has emerged as a promising alternative

due to its reduced signaling overhead and improved spectral efficiency. Un-

like GB-RA, GF-RA enables users to transmit data by randomly selecting

an RB without a handshake with the BS. A foundational GF-RA protocol,

ALOHA [46], allows users to transmit their packets over a shared channel

with an identical access probability. Slotted ALOHA (SA), a widely utilized

variation of ALOHA, synchronizes user transmissions into predefined time

slots. Analytical studies such as [47] and [48] examined the utilization and

fairness of SA using Markov models. Further improvements, such as the

protocol in [49], focused on minimizing the time-average age of information

(AAOI) in slotted ALOHA systems.
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Figure 2.9: Workflow of the 2-step Random Access (RA) procedure. After
transmitting MsgA, the gNB attempts to detect the preamble and decode the
PUSCH. Depending on success or failure, it responds with either successRAR
or fallbackRAR. If the maximum number of transmission attempts is exceeded
without response, the procedure switches to the 4-step RA type (CBRA). Image
from [50]

The 2-step Random Access (RA) procedure in 5G NR involves a stream-

lined approach compared to the conventional 4-step procedure, combining

preamble and payload transmission into a single message (MsgA), which is

shown in Fig.2.8. The detailed workflow is presented in Fig.2.9, and is sum-
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marized as follows:

1. Initiation: The User Equipment (UE) initiates the procedure by sending

MsgA, which integrates both the preamble (MsgA-PRACH) and payload

data (MsgA-PUSCH).

2. Preamble Detection: The gNB attempts to detect the MsgA-PRACH

preamble:

a. If there is not any preamble collision and the gNB successfully detects

the preamble, the gNB proceeds to decode the MsgA-PUSCH payload.

b. otherwise, the UE awaits a response during the configuredmsgB-ResponseWindow.

3. Payload Decoding: Upon successful preamble detection, the gNB at-

tempts to decode the MsgA-PUSCH:

a. If decoding succeeds, the gNB responds with successRAR in MsgB.

b. If decoding fails, the gNB issues a fallbackRAR in MsgB, prompting a

fallback to the 4-step RA.

4. UE Response to MsgB:

a. Upon receiving successRAR, the UE attempts contention resolution:

• Successful resolution concludes the RA procedure.

• Failed resolution triggers fallback procedures or contention-based

random access (CBRA).

b. Upon receiving fallbackRAR, the UE utilizes the provided uplink grant

to transmit Msg3, transitioning into the traditional 4-step RA.
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5. Handling Non-response: If no response (MsgB) is received within the

msgB-ResponseWindow, the UE increments the PREAMBLE Tx COUNTER:

a. If the counter exceeds the configured maximum (msgA-TransMax ), the

UE reverts to the 4-step RA (CBRA).

b. Otherwise, the UE retransmits MsgA.

The above procedural flow highlights critical decision points that deter-

mine the success or fallback of the streamlined 2-step random access mech-

anism in 5G NR. Note that preamble collision or payload decoding failure

cause RA failure, which should be alleviated by optimizing the users’ resource

selection strategies.

2.4.4 Related Works

Recent advances in learning-driven algorithms have demonstrated signifi-

cant potential in addressing random access (RA) collision challenges, par-

ticularly in optimizing resource allocation and enhancing quality of service

(QoS) without relying on explicit system models. Early contributions have

explored various centralized and supervised learning frameworks. For ex-

ample, centralized actor-critic deep reinforcement learning (DRL) was em-

ployed by [51] to jointly optimize unmanned aerial vehicle (UAV) altitudes

and channel access probabilities under energy constraints. Similarly, super-

vised deep neural networks (DNNs) have been utilized effectively for power

optimization in Non-Orthogonal Random Access (NORA) systems [52] and

collision detection in adaptive Physical Uplink Shared Channel (PUSCH)

resource allocation [53]. Cooperative multi-agent approaches using double
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deep Q-networks (DDQN), originally introduced by [54], were also adopted

to optimize grant-free NOMA (GF-NOMA) parameters, addressing critical

ultra-reliable low-latency communication (URLLC) scenarios [55].

Subsequent research has shifted toward distributed, scalable, and robust

methodologies to accommodate massive device connectivity and dynamic

network environments typical of emerging wireless networks. Notably, game-

theoretic approaches have been proposed to enhance spectral efficiency in

NOMA-ALOHA systems [56]. Concurrently, data-driven frameworks have

significantly advanced adaptive slotted ALOHA schemes, demonstrating im-

proved throughput in multi-cell NOMA-based IoT networks [57]. Compre-

hensive reviews have underscored the pivotal role of artificial intelligence

(AI)-driven signal processing techniques, advocating for these approaches

as viable replacements for traditional orthogonal access methods in next-

generation multiple access (NGMA) frameworks [58].

In the context of supporting dense IoT deployments, cell-free and mas-

sive multiple-input multiple-output (MIMO) architectures have become focal

points. A hybrid DRL-based clustering mechanism proposed by [59] im-

proved distributed antenna system operations, specifically in beamforming

and access point (AP) selection. Additionally, clustering-based maximum

likelihood detection [60], user equipment (UE) detection thresholds [61],

and adaptive AP selection methods using log-likelihood ratios [62] have fur-

ther enhanced performance in grant-free scenarios. Moreover, pilot-hopping

strategies [63], analytical bounds for success probabilities [64], and explo-

ration of space diversity for diverse services [65] have significantly contributed

to efficient access coordination.
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Research has also tackled resource efficiency under communication con-

straints through innovative approaches such as budget-constrained multi-

player multi-armed bandit (MAB) protocols for cognitive-radio IoT [66] and

simplified NOMA frameworks enabling autonomous device-side power and

sub-carrier selection [67]. Multi-sequence spreading RA techniques [68] and

stochastic geometry-based analyses for spreading-based NOMA [69] have also

played a critical role in addressing interference and improving spectral effi-

ciency.

Advancements in multi-agent reinforcement learning (MARL) have fur-

ther propelled the field, particularly in mitigating collisions and managing

interference. The QMIX algorithm applied by [70] demonstrated notable

improvements in decoding success rates within GF-NORA contexts. MARL

strategies for interference management in ultra-dense networks [71], sparsity-

aware RL algorithms for massive MIMO user detection [72], and contextual

MAB methods for NOMA-based scheduling [73] have substantially advanced

distributed multi-agent capabilities. Additionally, distributed Q-learning ap-

proaches for satellite-terrestrial networks [74] and insights into the evolution

from 5G random access to unsourced multiple access (UMAC) in 6G [75]

further underscore the practical benefits of distributed learning frameworks.

Federated and distributed reinforcement learning has increasingly at-

tracted attention due to its potential for coordinated yet decentralized decision-

making. Federated DRL protocols enhancing fairness and throughput in

WiFi networks [76] and MARL frameworks optimizing spectrum sharing in

vehicular communication scenarios [77] illustrate the diverse applications of

these methods. DRL-based uplink resource allocation tailored for URLLC
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was developed by [78], significantly reducing latency. Moreover, deep neu-

ral network-assisted double-contention RA schemes [79] and device-to-device

clustering integrated with Q-learning [80] have provided effective means to

handle collision and scalability challenges.

Distributed learning strategies specifically targeting GF-RA have demon-

strated efficacy, although challenges remain regarding scalability and channel

state information (CSI) dependency. Notable contributions include MARL

frameworks employing centralized training with decentralized execution [81,

82], POMDP-based accelerated Q-learning [83], and congestion-aware Q-

learning approaches [84, 85]. While efforts addressing user heterogeneity in

NOMA-ALOHA have made significant strides [86], limitations persist re-

garding scalability and CSI requirements in distributed Q-learning environ-

ments [15,87–90].

To overcome these scalability and adaptability challenges, recent works

have extensively explored dynamic multichannel access frameworks using ad-

vanced DRL methods. Deep Q-networks (DQN) developed by [91] effectively

addressed the challenges of unknown channel dynamics and extensive state

spaces, significantly surpassing heuristic methods. Further advances through

deep actor-critic reinforcement learning frameworks by [92] demonstrated im-

proved scalability and computational efficiency, particularly in decentralized

multi-agent contexts, dramatically reducing collision rates and optimizing

spectrum utilization.

Despite substantial progress, existing literature still lacks a comprehen-

sive, unified, and scalable distributed DRL framework capable of concurrently

managing throughput, fairness, collision avoidance, and robustness against
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fading in heterogeneous multi-AP NORA environments.

2.5 Summary

This chapter reviewed recent advancements in two major areas relevant to

this thesis: Federated Learning (FL)-driven Index Modulation (IM) and Non-

Orthogonal Random Access (NORA). In the context of FL-driven IM, re-

search has demonstrated that FL enables the development of a global model

by aggregating local learning outcomes from distributed devices. This ap-

proach efficiently leverages the computing power of all devices in a distributed

system, thereby enhancing adaptive modulation strategies without requir-

ing large training datasets. Such frameworks are particularly well-suited

for multi-user uplink scenarios in heterogeneous and resource-constrained

environments. Additionally, multiple access (MA) is a critical component

for enabling local model uploading in FL. Non-Orthogonal Random Access

(NORA), as an emerging MA technique, has gained significant attention for

improving grant-free access and uplink performance in massive machine-type

communication (mMTC) scenarios. Key focus areas include collision reso-

lution, successive interference cancellation, and power-domain multiplexing

strategies that support simultaneous transmissions. Together, these insights

provide a solid foundation for the learning-driven, decentralized communi-

cation frameworks proposed in the following chapters. The next chapter

introduces a novel federated k-means clustering framework tailored for adap-

tive OFDM-IM, serving as a practical implementation of the principles dis-

cussed herein. This transition marks the beginning of applying these the-

ories to develop efficient, distributed modulation and access strategies for
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next-generation wireless networks.
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3
Federated K-Means Clustering for Adaptive

OFDM-IM

3.1 Introduction

In this chapter, a federated k-means clustering called Fed-k-means is devel-

oped to obtain the precise adaptive OFDM-IM model enhancing the system

throughput with less training data at devices. The main contributions of this

work are: (i) to develop the multi-user adaptive OFDM-IM system with the

use of federated k-means clustering; (ii) to develop a novel weighting strat-

egy for the federated k-means clustering to provide the accurate adaptation

strategy of OFDM-IM signals; (iii) to evaluate the effective throughput of

the system by simulations and the simulated results clearly present that the

proposed system can outperform the benchmarks, in terms of the effective

throughput.

3.2 System Model

Consider a distributed multi-carrier system where B users send uplink data

packets to the base station (BS) by employing OFDM-IM in TDD mode. Fig.

3.1 shows the system diagram. For the OFDM-IM transmission, assume that
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Figure 3.1: Learning-driven adaptive OFDM-IM system for uplink transmission.
mq and rd denote the selected modulation mode and the downlink signal sub-
carrier power vector, respectively.

the sub-block size for each user is N . Since the communication and learning

process run independently across users, for simplify, the following discussion

will focus on one user. The communication process are introduced here with

the learning process in Section 3.3.

At every transmission, each user intends to adjust its modulation mode.

The KT modulation modes are combinations of T modulation orders and

K different numbers of active subcarriers. Denote the t-th modulation or-

der and the k-th number of active subcarriers by Mt ∈ {M1, · · · ,MT} and

k ∈ {1, · · · , K}, respectively. mq ∈ {m0, · · · ,mKT} is the q-th modulation

mode, where m0 means no transmission and

mq ≜


(0, 0) if q = 0

(k,Mt) if q ∈ {1, · · · , KT}
(3.1)
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Given mq, there are p bits to be transmitted. Denote C(N, k) the number of

possible combinations of k active subcarriers over N subcarriers, p is given

by

p = p1 + p2

= ⌊log2C(N, k)⌋+ k log2Mt (3.2)

s = [s1, ..., sk]
T is the modulated symbol vector, sk ∈ St, where St is the con-

stellation of Mt-ary modulation. Notice that for a given k, the index subset

is i = {i1, · · · , ik} where ia ∈ {1, · · · , N} for a = 1, · · · , k. The OFDM-IM

signal vector of each user in the frequency domain is x = [x1, ..., xN ]
T , where

xn =


sm if n = im ∈ i

0 otherwise

(3.3)

The N × N Zadoff-Chu precoding matrix by [27] is adopted, which is

given by

G =
1√
N


c1 c2 · · · cN

cN c1 · · · cN−1

...
...

. . .
...

c2 c3 · · · c1


, (3.4)
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where the root Zadoff–Chu sequence is defined as

cn =


exp

(
−j 2πm

N

(n2

2
+ qn

))
, if N is even,

exp

(
−j 2πm

N

(n(n+ 1)

2
+ qn

))
, if N is odd,

n = 1, . . . , N,

(3.5)

with m an integer relatively prime to N and q an integer shift parameter.

The Zadoff–Chu precoding matrix G is unitary (G−1 = GH), ensuring

that each non-zero symbol is spread with constant magnitude across all N

subcarriers. This provides frequency diversity, preserves Euclidean distances,

and enables low-complexity detection through simple de-spreading.

Denote by H = diag{h1, ..., hN}, the frequency domain channel ma-

trix whose elements hi are complex Gaussian random variables with hi ∼

CN (0, 1). In the frequency domain, the uplink received signal is

y =
√
ᾱHGx+ n (3.6)

where n is the Additive White Gaussian Noise (AWGN) vector whose ele-

ments follow CN (0, 1), and ᾱ denotes the average channel gain. Since H has

diagonal elements with unit variance, G is unitary, and x is power-normalised

with unit mean square amplitude, the average power of HGx equals that of

n. Therefore, the average SNR reduces to ᾱ under these assumptions. At

the BS side, maximum likelihood (ML) detector is adopted to recover the

signal of each user.

ω(x, x̂) is the number of error bits when x is decoded as x̂. The upper

bound of conditional bit error probability with mq and channel matrix H is
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given by [27]

Pb(mq,H) ≤

1

pCMk
t

∑
x

∑
x̂

ω(x, x̂)Q(

√√
Pᾱ∥HG(x− x̂)∥2

2N0

) (3.7)

The lower bound of instantaneous effective throughput when using modula-

tion mode mq is given by

TE(mq,H) ≥ p(1− Pb(mq,H)) (3.8)

The effective throughput is measured by

TEavg = E[
KT∑
q=0

TE(mq,H)Z(mq)]

=
KT∑
q=0

(E[TE(H|mq)] Pr(m = mq|F)) (3.9)

where Z(mq), the indicator on whether modulation mode mq is chosen in

i-th transmission, is given by

Z(mq) ≜

{
1 if mq is chosen

0 otherwise, (3.10)

and Pr(m = mq|F) is the probability of choosing modulation mode mq with

a given learned model F. In the simulations presented in this chapter, the

effective throughput is measured by the average number of correctly decoded

bits per transmission.

It can be seen that the TEavg is effected by the learned-model F. The
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main focus of this chapter is to develop a federated learning assisted adap-

tive OFDM-IM algorithm to find the best modulation mode, enhancing the

throughput without CSI.

3.3 Federated Clustering Adaptive OFDM-

IM

This section introduces the learning process of the proposed system. Fig.3.2(a)

shows the structure of federated learning. In this phase, the BS uses the lo-

cal models collected from B users to develop a global model and send it to

B users. Fig.3.2(b) illustrates the structure of the learning-driven adaptive

OFDM-IM, where rd is the vector of downlink signal energy which is acquired

by observing the downlink signal of each subcarrier at the user. In this stage,

each user uses rd as the input of the learned model to predict the modulation

mode maximizing the effective throughput.

Consider that each user has V different data vectors to train itself over the

learning process. The v-th training data vector contains (|h1v|2, ..., |hNv|2, q),

v ∈ {1, · · · , V }, where the first N entries, |hiv|2, represent uplink subcarrier

gains. The (N + 1)-th element is the best modulation mode, which achieves

maximum effective throughput for the uplink channel H over the learning

process. The best modulation mode estimation q for a given channel matrix

H is obtained by

q =argmax
j

TE(mj,H)

s .t . Pe(mj,H) ≤ µ (3.11)
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(a) Federated learning structure

(b) Learning-driven adaptive OFDM-IM framework

Figure 3.2: The structure of federated clustering adaptive OFDM-IM. (a) shows
the federated K-means clustering process where the base station aggregates local
centroids and weight factors from users to update a global model. (b) illustrates
the learning-driven adaptive OFDM-IM framework, where each user utilizes the
trained model with the observed downlink signal vector rd to predict the optimal
modulation mode.

where µ is the BEP threshold.

To this end, denote, first, b-th user exploits its local dataset obtained from

experienment in advance to get local centroids matrix Cb by using Algorithm

1. The superscripts represent user index.

The BS collects local centroids from the users after the local training

process, and performs another clustering algorithm with the local centroids

to develop a global model. In particular, computing the federated centroids
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Algorithm 1 Fed-k-means local model training at the b-th user

Denote Zb the matrix whose columns containing the training data, Sb
k the

index set of the training data points assigned to the k-th cluster, and |Sb
k|

the number of elements in Sb
k

Input(s): (N + 1)× V training data matrix Zb, number of local clusters
KC

Output(s): (N+1)×KC local centroids matrix Cb, 1×KC weights vector
wb

Initialization: Randomly generate initial local centroids matrix Cb and
then assign each data point, Zb

1:N,v, v ∈ [1, V ], to its closest local cluster
Repeat until Cb does not change:
(1) Update Cb

for k = 1, ...KC do
Cb

1:N,k ← 1
|Sb

k|
∑

v∈Sb
k
Zb

1:N,v

Set Cb
N+1,k to the modulation mode which appears most frequserntly

in the k-th cluster
end for
(2) Assign each data point, Zb

1:N,v, v ∈ [1, V ], to its closest cluster and then
calculate the weight for each centroid
for k = 1, ...KC do

wb
k ← |Sb

k|
end for

in the global model, the sum of weighted local centroids are iteratively con-

sidered as shown in Algorithm 2. The weight coefficients of local centroids

represent the number of data points in the local clusters, which can be used

to indicate the relative importance of local centroids with large data points

against those with small data points. Based on these, the global model is

computed. The global model accuracy increases when the number of users

increases by implicitly leveraging more training data.

Such federated clustering is designed to decrease the loss function, which

is given by

L(F) =
∑
k

∑
l∈Ak

wl∥F1:N,k −C1:N,l∥22 (3.12)
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Algorithm 2 Fed-k-means global model updating

Denote Ak the index set of the local centroids assigned to the k-th global
cluster
Input(s): C = [C1, · · · ,CB], w = [w1, · · · ,wB], number of global clus-
ters KG

Output(s): (N + 1)×KG global centroids matrix F
Initialization: Randomly generate initial global centroids matrix F and
then assign each data point, C1:N,l, l ∈ [1, L], L = BKC , to its closest
global cluster
Repeat until F does not change:
(1) Update F
for k = 1, ...KG do

F1:N,k ← 1∑
l∈Ak

wl

∑
l∈Ak

wlC1:N,l

Set FN+1,k to the modulation mode which appears most frequserntly
in the k-th global cluster
end for
(2) Assign each local centroid, C1:N,l, l ∈ [1, L], to its closest global cluster

Once the global model is updated, each user is assumed to access the

global model and predict their best modulation mode to be used at each

adaptive transmission. During the process of predicting the modulation mode

maximizing the effective throughput, the downlink signal energy vector rd is

adopted as the input of the online prediction model. The prediction scheme

is shown in Algorithm 3.

Algorithm 3 Prediction algorithm

Input(s): Global centroids matrix F, downlink signal energy vector rd
Output(s): Index of modulation mode q
for every transmission do

Predict q (assign rd to its closest global centroid)
Find l = argmink ∥F1:N,k − rd∥22
q ← FN+1,l

end for
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3.4 Simulation Results

Simulation results of the proposed algorithms in the distributed adaptive

OFDM-IM systems are presented. To measure their efficacy, the focus is

on two simulation scenarios: (i) the effective throughput per user and BER

performance in different average SNRs of the Fed-k-means and the single

user k-means strategy; and (ii) the sensitivity of the federated OFDM-IM

adaptation with different number of users in terms of effective throughput.

For all the simulations, Rayleigh fading channel is applied to each subcarrier,

the number of subcarriers N = 4, the number of active subcarriers k ∈ {1, 2},

the cardinality of possible modulation constellations Mt ∈ {0, 2, 4} since

BPSK and QPSK are considered. The BEP threshold µ = 0.01. By using

the well known elbow method, the number of clusters of the local model,

KC , are found to be 10, 20, 40, 100 for the training dataset sizes of 50, 100,

200, 500, respectively, and the number of clusters of the global model, KG,

is chosen to 100.

In Fig.3.3 and Fig.3.4, the effective throughput and BER of the four

schemes, (i) Classical k-means with 200 training data; (ii) Fed-k-means with

200 training data at each user; (iii) Classical k-means with 500 training data;

and (iv) Non-adaptive modulation, are presented in a 70 users scenario. The

theoretical lower bounds of effective throughput and the theoretical upper

bounds of BER, with a given learned model, are also depicted for validation.

In addition, the optimal adaptive modulation based on CSI is simulated as

well. Note that the performance of the optimal adaptive modulation based

on CSI is not available at extreme low SNR (<4dB) since the majority of

the decisions will be the no transmission mode, which makes it unfeasible
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Figure 3.3: Effective throughput per user versus average SNR of Fed-k-means
adaptive OFDM-IM with 70 users.

to collect enough samples for simulations. At mid and low SNRs, the Fed-

k-means has higher effective throughput than the single user k-means with

either 200 training data or 500 training data. The BER of the Fed-k-means

and single user k-means are similar, which are lower than the non-adaptive

modulation. When the SNR is greater than 14dB, the effective throughput

of all the four schemes are similar because the mode with highest data rate

becomes the majority choice. These results show that the proposed Fed-k-

means algorithm can improve the effective throughput with an even smaller

training dataset than the single user k-means algorithm.

In Fig.3.5, the effects of number of users on the effective throughput of

the Fed-k-means schemes with different size of training dataset are depicted.
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IM with 70 users.

Table 3.1: Computational Complexity

Local training complexity Global aggregation complexity

O(KCV ) O(KGB)

Note that all the results in this part are average values of 50 simulations,

and the SNRs for all the three settings are 4dB. The effective throughput

increases when the number of users increases. The plots with 200 and 100

training data points reaches their highest effective throughput, at 5.5 bits/cu,

at 50 users and 100 users, respectively. This result indicates that the required

number of users for achieving the best performance decreases when the size

of training dataset in each user increases. Table 3.1 shows the computational

complexity of the local training and the global aggregation process. The
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Figure 3.5: Effective throughput per user versus number of users of Fed-k-means
adaptive OFDM-IM.

local computational complexity increases with the number of local centroids

and the size of local training dataset. However, the increase of local train-

ing data leads to reduced number of required users for achieving the same

performance, which reduces the complexity of the global model aggregation.

Therefore, it is a trade off between local complexity and global complexity

according to scenarios.

3.5 Summary

This chapter proposed the federated k-means clustering strategy for adap-

tive OFDM-IM. By aggregating the learning outcome of distributed users,

the adaptation strategy developed at the BS improved the accuracy of the
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global learning model, requiring less training data from individual devices.

With the global adaptation model, distributed users were able to reliably

adjust OFDM-IM signals to their local conditions. The simulation results

showed that the Fed-k-means OFDM-IM improved the throughput through

the multi-user federation. Heterogeneous training features across users such

as asymmetric sets of modulation modes will be investigated in the future.

Although the federated k-means clustering adaptive OFDM-IM signifi-

cantly improves modulation adaptability and throughput, its optimal per-

formance heavily depends on efficient multiple access schemes. Given the

anticipated massive connectivity in 6G networks, exploring robust random

access methods is essential. This motivates the subsequent investigation into

learning-driven Non-Orthogonal Random Access (NORA) techniques, dis-

cussed in detail in Chapter 4.
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Systems

4.1 Introduction

Building on the federated k-means clustering adaptive OFDM-IM presented

in Chapter 3, this chapter addresses the complementary need for efficient

random access strategies. The enhanced adaptive modulation strategies of

Chapter 3 necessitate robust random access mechanisms capable of han-

dling the increased demands of simultaneous multi-user transmissions. This

Chapter introduces distributed reinforcement learning frameworks specifi-

cally designed for Non-Orthogonal Random Access (NORA), which effec-

tively manage massive user connectivity and resource allocation challenges

in 6G networks.

In this chapter, distributedQ-Learning algorithms for heterogeneous NOMA-

ALOHA systems are proposed to optimize the slot and power level selections

of each user without any information sharing between users. In this context,

both action collision and fading are considered, and there is no CSI availabil-

ity at users’ transmitters due to the limited spectrum and energy resources of
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MTC devices. More importantly, a network in which users have asymmetric

conditions in terms of average SNR is considered, which makes it challenging

for each user to independently learn a strategy maximizing the throughput.

Moreover, many existing papers [85], [87], [93], [84] only consider the total

throughput of the system while this chapter additionally measures the fair-

ness between users in terms of the average number of users achieving the

minimum desired throughput. Details are introduced in Section 4.2. The

main contributions of this chapter are summarized as following.

• A heterogeneous NOMA-ALOHA system where users under different

average channel gains send packets by dynamically exploiting one of

channel slots and power differences is proposed. To detect and avoid

both collisions and fading in the NOMA-ALOHA system, a multi-agent

Q-Learning framework is designed. This framework incorporates a new

reward function, which influences the exploitation and exploration of

action selections.

• Within the multi-agent reinforcement learning framework for NOMA-

ALOHA, three algorithms are developed for each user to find a strategy

of selecting both channel slots and power levels, towards the enhanced

throughput. They are multi-state Q-Learning with state definitions 1

and 2, and confidence-aided Q-Learning. For this, insights into the ben-

efits of multiple state-action values and confidence-aided action values

are discussed.

• Through simulative analysis, the impact of hyper parameters such as

the numbers of users and slots, as well as heterogeneous average chan-

nel gains among users are investigated. In addition, the proposed al-
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gorithms are compared to the benchmarks in terms of both the packet

throughput and the number of users under the desired performance,

over several congestion scenarios. In particular, when the number of

users are greater than the number of possible actions, the proposed

algorithms are shown to increase the throughput over trials, while the

benchmarks suffer from the performance degradation at high conges-

tion level.

• Based on these observations, it is found that under a medium con-

gestion level, the multi-state Q-Learning with state definition 1 may

perform the best in terms of average number of users with desired

throughput while the confidence-aided algorithm is the best candidate

for the system throughput. The algorithm with state definition 2 can

be chosen as the best with the consideration of a trade-off between sys-

tem throughput and fairness, under medium congestion level. When it

comes to extreme congestion condition, the confidence-aided algorithm

performs best on both system throughput and fairness.

4.2 System Model

Suppose that N users are randomly distributed to transmit packets over

K slots to the BS, as shown in Fig.4.1(a). R denotes the radius of the

coverage area, dn(≤ R) denotes the distance between the n-th user and the

BS, and dn ̸= dm, ∀m ̸= n. Denote by hn;k channel coefficient from user n to

the BS over slot k ∈ {1, · · · , K}, where K is the number of slots. Assume

that given dn, each user experiences Rayleigh fading channel, considering hn;k
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(a) Geographic layout of the NORA system (b) Uplink transmission process of the n-th
user

Figure 4.1: System diagram of the Q-Learning NORA system. (a) shows the
geographic layout of the users and BS. Provided that a distance between the
n-th user and BS is dn ∈ (0, R]. (b) shows the process of that the n-th user
selects a slot-power pair using the learned Q-table, and transmit the packet using
the selected slot-power pair. Flagn ∈ {0, 1} denotes the transmission feedback,
n ∈ {1, . . . , N}.

under a complex Gaussian distribution with zero mean and variance ḡn;k, i.e.,

hn;k ∼ CN (0, ḡn;k), where CN (·) denotes complex Gaussian distribution, and

ḡn;k = A0d
−κ
n , κ is the pathloss exponent and A0 is a shadowing coefficient.

The instantaneous channel gain of the n-th user is gn;k = |hn;k|2, where

gn;k ∼ Exp( 1
ḡn;k

), Exp(·) denotes exponential distribution.

A distributed user randomly selects one out of K slots and delivers its

packet over the chosen slot, without interaction among them. In this sit-

uation, the users are motivated to find their own strategies of grant-free

random access, under heterogeneous condition. Inspired by the concept of

GF-NORA [38] [94], it is required to eliminate the signalling overhead and

improve the spectrum efficiency such that N users transmit packets with

the use of power differences. Details of NORA systems are presented in the

following sub-section.
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4.2.1 NORA Process

Each user randomly choose an action at each transmission interval without

any CSI at the transmitter. The action of the n-th user, an(t) ∈ A, is defined

as a combination of choosing channel slot k and transmit power Pl, which is

given by

an(t) =

{
(0, 0) no transmit at step t

(k, Pl) (4.1)

where k ∈ {1, . . . , K} and l ∈ {1, . . . , L} are the slot index and the transmit

power level index, respectively, L is the number of power levels, and A is

the set of all actions. Pl ∈ (0, 1) denotes the normalized power level, P1 <

. . . < PL,
∑

l Pl = 1. 1(·) denotes the binary indicator function. The action

selection is indicated by

Zn;k,l = 1(an = (k, Pl)). (4.2)

The received signal at the BS on slot k is given by

yk =
L∑
l=1

N∑
n=1

√
Plhn;kSnZn;k,l + wk (4.3)

where wk ∈ CN (0, N0) denotes the additive white gaussian noise (AWGN)

on slot k, N0 is the noise power spectrum density, Sn denotes the modulated

symbol. As shown in (4.3), when more than two users randomly compete

the same slot k, the NOMA transmission may allow to decode the signals,

through successive interference cancellation (SIC) steps.

Given an = (k, Pl) from the n-th user, the received signal SINR at the
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BS on slot k with power level Pl is given by

SINRn;k,l =
Plgn;k∑l−1

i=1

∑N
n′=1,n′ ̸=n Pign′;kZn′;k,i +N0

. (4.4)

Particularly, the SINRn;k,l will become SNRn;k,l if there is no interference

(
∑l−1

i=1

∑N
n′=1 Zn′;k,i = 0).

The criteria for successful decoding for action (k, Pl) is

Con1)
∑N

n=1 Zn;k,l′ ≤ 1, for l′ ≥ l (no action collision)

Con2) SINRn;k,l′ ≥ Γ
∑N

n=1 Zn;k,l′ , for l
′ ≥ l (SIC success)

where Γ is the SINR threshold. Assume that packets are successfully decoded

only when meeting both Con1) and Con2). Con1) indicates a no-collision

event that there are no more than two users choosing the same action. For ex-

ample, given an action (k, Pl), at most one user (if exist) is allowed to choose

this action, which means, if exist, Con1 allows only one user choosing Pl′ for

l′ ≥ l at a given slot k. In other words, since the power domain NOMA tech-

nology enables multiple users to simultaneously send their packets through

the same RB using different transmit power levels, an action (k, Pl) can be

chosen at most by one user. Otherwise, packet decoding is assumed to fail

due to random collision (more than one user chooses the same power level at

same RB) because the capturing effect is not considered in this work. Con2)

represents an event associated with channel fading. That is, packet decoding

can be successful only if the SINR after the SIC is greater than or equal to

the desired threshold. In addition, the packets transmission will fail if the

decoding of any higher power level signal at the same RB fail since the SIC

decoding order is from high power level to low power level. The transmission

feedback of the n-th user at time step t is indicated by Flagn(t), which is



4.2 System Model 65

given by

Flagn(t) =

{
1 , for successful decoding at step t

0 , for failure. (4.5)

4.2.2 Problem formulation

A distributed grant-free NORA algorithms is developed in order to maximize

the system throughput while maintaining the fairness among users. Denote

ASRn the average success rate (ASR) [15] of the n-th user, which is viewed

as

ASRn = E[Flagn]. (4.6)

where E[·] denotes expectation. ASR measures the average number of packets

successfully conveyed by the n-th user for given users’ strategies. In addition,

the algorithm design needs to monitor the fairness among users such that

each intends to make ASRn at minimum the throughput threshold. Based

on these, the performance of the algorithms is analysed through two metrics:

average number of users with desired ASR and average packet throughput.

For the case of fairness-sensitive systems, the fairness is measured by counting

the number of users whose ASRn is greater than the throughput threshold.

For the case of fairness-tolerant systems, the average packet throughput in-

troduced by [86] is used to measure the system throughput only with no

fairness. They are defined as:

• Average number of users per slot with desired ASR: Given N users and

K slots, the average number of users per slot with ASR > ASR0 is
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calculated by

Nusers =
1

K

N∑
n=1

1(ASRn > ASR0). (4.7)

Each indicator function in (4.7) can be approximated by the sigmoid

function, (1 + e−θ(ASRn−ASR0))−1, where the steepness parameter θ is

chosen to be sufficiently large to mimic the sharp transition of the

indicator function [95]. Note the strategies of all the users change

over steps, ASRn is a random variable which is effected by the users’

strategies. By taking expectation, it becomes

E[Nusers] ≈ E[
1

K

N∑
n=1

1

1 + e−θ(ASRn−ASR0)
] (4.8)

where θ is the slop parameter of the sigmoid function.

• Average packet throughput per slot: Given N users and K slots, the

average packet throughput per slot is

E[Npacket] =
1

K

N∑
n=1

E[ASRn]. (4.9)

Notice that the probability density function (PDF) of ASRn is not track-

able due to the time-varying strategies of other users. Denote xn ∈ X the

mixed strategy of the n-th user,

xn = [xn;0,0 xn;1,1 · · ·xn;K,1 · · ·xn;k,l · · ·xn;1,L · · ·xn;K,L]
T (4.10)

where xn;k,l denotes the probability that the n-th user takes action (k, Pl),
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and

xn;0,0 = 1−
K∑
k=1

L∑
l=1

xn;k,l. (4.11)

The mixed strategies of the other users are given by

x−n = [x1, · · · ,xn−1,xn+1, · · · ,xN ]
T . (4.12)

With given x−n, ASRn;k,l denotes the ASR of the n-th user being associ-

ated only to action (k, Pl). The analytical expression for ASRn;k,l is derived

in Appendix A. The expectation of the average number of users per slot with

ASR > 0.1 is given by

E[Nusers] ≥
1

K

N∑
n=1

K∑
k=1

L∑
l=1

xn;k,l

1 + e−θ(E[ASRn;k,l]−ASR0)
. (4.13)

The expectation of the average packet throughput is given by

E[Npacket] ≥
1

K

N∑
n=1

K∑
k=1

L∑
l=1

xn;k,lE[ASRn;k,l]. (4.14)

Due to the fact that xn is influenced by x−n, which are unknown to the

n-th user, each user is desired to learn from its own trials in making actions

in a distributed manner. The optimization problem is given by

max
xn

ASRn, ∀n ∈ {1, · · · , N}. (4.15)

In order to enhance the average number of users with desired ASR and av-

erage packet throughput, distributed Q-Learning aided NORA algorithms

optimizing xn, the action strategy of individual user, are investigated in Sec-
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tion 4.3.

4.3 Proposed Reinforcement Learning Algo-

rithms

The slot and power level selection task is modeled as a MDP in this chap-

ter. In a MDP, the agent interacts with the environment by taking action

according to its state and receiving reward at each step. One of the widely

used reinforcement learning algorithms resolving MDP is Q-Learning [24].

Although deep reinforcement learning algorithms, such as DDQN and actor-

critic [96], [97], are more efficient than Q-Learning algorithms, those algo-

rithms are too complex to be implemented on resource limited MTC devices.

Consequently, Q-Learning is a competitive candidate in this application sce-

nario. The adopted Q-Learning model in this chapter considers each user as

an agent, and individual users select one of the actions (k, Pl) according to

the action value function, which is the Q table in this chapter. The Q-table

of each user is updated following (4.16).

Qn(sn(t), an(t))← Qn(sn(t), an(t)) + αδn(t) (4.16)

where sn(t), an(t) and α denote the state, action and learning rate, respec-

tively. δn(t) is the temporal difference (TD) error,

δn(t) = Gn(t)−Qn(sn(t), an(t))

= Rn(t) + γmax
a

Qn(sn(t+ 1), a)−Qn(sn(t), an(t)) (4.17)
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where Rn(t) and γ denote the immediate reward and discount factor, respec-

tively.

Three state definition and one reward definition are proposed in this chap-

ter, which are used to develop three novel Q-Learning algorithms for the

NORA problem formulated in Section 4.2.2. The Q-table of each user is

designed to be updated in every coherence NORA step to adapt to the dy-

namic environment. The algorithms demonstrate the independent behaviour

of each user and thus are identical for all users.

4.3.1 Reward

In a number of papers [86], [15], [81], [93], the reward of fail transmission is

set to −1 or 0, which is straightforward and can result in a fast convergence in

their system model. However, in the proposed system model, the difference

between the average channel gains of individual users are relatively large,

which may increase the probability of failed decoding caused by interferences

from other users. In this case, part of the Q-values will be underestimated if

the rewards for successful transmission and fail transmission have the same

absolute value. The absolute value of the reward for failed transmission, µ,

is made smaller than that for successful transmission. The reward function

of the MDPs is considered as

Rn(t) ≜


1 if Flagn(t) = 1

0 if an(t) = (0, 0)

−µ if an(t) ̸= (0, 0) and Flagn(t) = 0 (4.18)
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where µ > 0, such that

E[Rn] = E[ASRn]− µ(1− E[ASRn]). (4.19)

It can be seen from (4.19) that the mean reward received by the n-th user,

E[Rn], increases with the ASRn so that the algorithm maximizing the re-

ward enhances average number of users with desired ASR and average packet

throughput. Using (4.18), the learning models and algorithms are presented

below.

Algorithm 4 Q-Learning Assisted NORA with State Def.1

Output: Updated Q-values Qn(s, a),∀s, a
Initialization: Initialize all the Q-values with zeros, t = 0, an(0) = (0, 0),
sn(1) = [(0, 0), 0, 0], T = 5000, α = 0.1, γ = 0.05
while t < T do

t← t+ 1
an(t)← argmax

a
Qn(sn(t), a)

if an(t) = (0, 0) then
Rn(t)← 0

else
Access the channel according to an(t) and observe Flagn(t) through

the feedback signal from the BS
if Flagn(t) = 1 then

Rn(t)← 1
else

Rn(t)← −µ
end if

end if
σn;ch(t)← 1(an(t)1 ̸= a(t− 1)1)
σn;pow(t)← 1(an(t)2 ̸= a(t− 1)2)
sn(t+ 1)← (an(t), σn;ch(t), σn;pow(t))
Qn(sn(t), an(t))← Qn(sn(t), an(t)) + αδn(t)

end while
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4.3.2 State Definition 1

Algorithm 5 Q-Learning Assisted NORA with State Def.2

Output: Updated Q-values Qn(s, a),∀s, a
Initialization: Initialize all the Q-values with zeros, t = 0, an(0) = (0, 0),
sn(1) = (0, 0), T = 5000, α = 0.1, γ = 0.05
while t < T do

t← t+ 1
an(t)← argmax

a
Qn(sn(t), a)

if an(t) = (0, 0) then
Rn(t)← 0

else
Access the channel according to an(t) and observe Flagn(t) through

the feedback signal from the BS
if Flagn(t) = 1 then

Rn(t)← 1
else

Rn(t)← −µ
end if

end if
sn(t+ 1)← an(t)
Qn(sn(t), an(t))← Qn(sn(t), an(t)) + αδn(t)

end while

In the first learning model, the process is modelled as a MDP. The state

of the MDP at step t is defined as the action taken by the individual user

at last step t − 1, and two indicators on whether the slot and power level

selection at last step are the same as those at t− 2.

sn(t) ≜ (an(t− 1), σn;ch(t− 1), σn;pow(t− 1)) (4.20)

where

σn;ch(t) ≜ 1(an(t)1 ̸= an(t− 1)1) (4.21)

σn;pow(t) ≜ 1(an(t)2 ̸= an(t− 1)2) (4.22)
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and the subscript j in an(t)j is the index for j-th element of an(t). By this

definition, the users can leverage the history information to find a dynamic

strategy rather than a static action selection. This allows each slot-power pair

to alternately serve multiple users. Algorithm 4 illustrates the multi-state

Q-Learning assisted NORA algorithm with the state definition 1.

4.3.3 State Definition 2

Algorithm 6 Confidence-aided Q-Learning Assisted NORA

Output: Updated Q-values Qn(a),∀a
Initialization: Initialize all the Q-values with zeros, t = 0, T = 5000,
α = 0.1, γ = 0, Wn(a) = 0,∀a ∈ A
while t < T do

t← t+ 1

an(t)← argmax
a

(Qn(a) +
√

2 ln t
Wn(a)

)

Wn(an(t))← Wn(an(t)) + 1
if an(t) = (0, 0) then

Rn(t)← 0
else

Access the channel according to an(t) and observe Flagn(t) through
the feedback signal from the BS

if Flagn(t) = 1 then
Rn(t)← 1

else
Rn(t)← −µ

end if
end if
Qn(an(t))← Qn(an(t)) + αδn(t)

end while

Although Algorithm 4 allows the users to leverage history information,

the large state space might lead to low convergence speed and insufficient

exploration. To address this issue, another state definition with a smaller

state space is proposed. This only consists of the action taken at the last
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step t− 1.

sn(t) ≜ an(t− 1). (4.23)

Algorithm 5 illustrates the multi-state Q-Learning assisted NOMA-ALOHA

algorithm with the state definition 2.

4.3.4 Stateless with confidence-aided actions

In this learning model, the slot and power level selecting process is modelled

as a multi-arm bandit problem. Since the strategies of users keep changing at

the early stage of the learning process and are unknown to each other, high

quality exploration at the early stage are crucial for potentially converging

to near optimal strategy. However, the widely used ϵ-greedy results in a

linear increase on an accumulated error between optimal action values and

estimated action values. To address this issue, the confidence-aided algorithm

[98] was known to provide logarithmic increase on the accumulated error.

This confidence concept is motivated for the proposed algorithm to better

balance exploration and exploitation.

In the confidence-aided algorithm, the agent maintains a Q-table consist-

ing of the estimated reward of each action, and a counter Wt(a) recording

how many times action a has been chosen. According to Hoeffding’s inequal-

ity, the probability that the true Q-value exceeds its upper confidence bound

is

Pr

(
Q∗(a) > Q(a) + Ut(a)

)
≤ e−2Wt(a)U2

t (a) (4.24)

where Ut(a) denotes the difference between the estimated Q-value and its

upper confidence bound. Since the probability in (4.24) is desired to converge
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to 0 (confidence level equals to 100%) as t → +∞, the right hand side of

(4.24) is designed as equalling to t−4. Consequently, the Ut(a) is given by

Ut(a) =

√
2 ln t

Wt(a)
. (4.25)

The action policy of individual users at every transmission interval are

given by

an(t) = argmax
a

(Q(a) + Ut(a)). (4.26)

By adopting this action policy, the agent selects the action with highest

upper confidence bound under a dedicate confidence level of the moment,

which makes the agent always take the action with biggest potentials, helping

the agent to explore the unknown environment at the early stage of the

learning process. Moreover, since limt→+∞ Ut(a) = 0, the confidence-aided

algorithm actually becomes a greedy action policy when t → +∞. After

each packet transmission, each user updates its Q-table according to the

transmission result. Algorithm 6 illustrates the confidence-aided NOMA-

ALOHA algorithm.

The three proposed algorithms have different properties (e.g., convergence

speed, scalability, complexity), suitable for meeting different requirements of

various application scenarios. To improve fairness between users, Algorithm

4 with the largest state space is able to produce diversity among users. How-

ever, it may not be suitable for applications where the devices have limited

memory. Moreover, it may suffer slower convergence speed compared with

the other two algorithms. Algorithm 6 adopts an unique exploration strategy

aimed to improve the exploration quality, which makes it a potential candi-
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date under high congestion traffics. Algorithm 5 is a multi-state algorithm

with a simplified state space, expected to achieve trade-off between fairness

and system throughput.

4.4 Simulations and Discussions

The simulation results and numerical analysis of the three proposed algo-

rithms in the distributed heterogeneous NOMA-ALOHA system are pre-

sented in this section. Four benchmark schemes are adopted, which are

• Slotted NORA [38].

• RL-NORA Acceleration-GA [15].

• RL-NORA Acceleration-ϵ-GA [15].

• woSDC-BAP-QL [86].

For all simulations, A0 = 1, κ = 3, Γ = −3dB, L = 3 with P1 = 0.04,

P2 = 0.16, P3 = 0.8. It is assumed that each successful slot-power pair can

transmit one packet. The focus is on five simulation scenarios

• The sensitivity of the proposed algorithms with different µ, the absolute

value of the reward for failed transmission, in terms of average packet

throughput and average number of users with ASR > 0.1.

• The convergence properties.

• Average packet throughput and average number of users with ASR >

0.1 for different number of users of the proposed algorithms and the

benchmarks.
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Figure 4.2: Effect of µ on average packet throughput (a) and average number
of users with desired ASR (b). The proposed methods are Multi-state Def.1,
Multi-state Def.2, and Stateless with confidence-aided actions, when N = 24,
K = 4, L = 3.

• The sensitivity of the proposed algorithms and the benchmarks with

different number of slots.

• The sensitivity of the proposed algorithms and the benchmarks with

different minimum channel gain.
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Figure 4.3: Performances related to average packet throughput (a) and average
number of users with desired ASR (b). The proposed methods are Multi-state
Def.1, Multi-state Def.2, and Stateless with confidence-aided actions, and for
comparison, the benchmark schemes are depicted, when N = 24, K = 4, L = 3.

In Fig.4.2, the average packet throughput and average number of users

with desired ASR of the three proposed algorithms are presented in an over-

distributed case (N = 2LK). Fig.4.2(a) illustrates that the confidence-aided

algorithm performs best in terms of average packet throughput, and it reaches

its best performance around 1.029 packets/slot when µ = 10−0.1. This is due
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Figure 4.4: Effect of N on average packet throughput (a) and average number of
users with desired ASR (b). The proposed methods are Multi-state Def.1, Multi-
state Def.2, and Stateless with confidence-aided actions, and for comparison, the
benchmarks, when K = 4, L = 3.

to the agents not being able to balance the exploration and exploitation well

when the ratio of rewards in fail and success actions is not set properly, which

leads to a convergence to local optimal rather than global optimal. The two

multi-state algorithms reach their best performance when 10−3 < µ < 10−1.9.
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Figure 4.5: Average number of users per slot with ASR > 0.25 versus N . (a)
and average number of users with desired ASR (b). The proposed methods are
Multi-state Def.1, Multi-state Def.2, and Stateless with confidence-aided actions,
and for comparison, the benchmarks, when K = 4, L = 3.

Fig.4.2(b) indicates that the Multi-state Def.1 achieves the highest average

number of users with desired ASR when µ = 10−2.4 while the confidence-

aided algorithm and Multi-state Def.2 reaches their best performance, which

is slightly lower than the Multi-state Def.1, when µ = 10−0.4 and µ = 10−3.2,

respectively.

The convergence behaviour of the proposed algorithms are shown in

Fig.4.3. The average number of users per slot have a negative trend in the

first iterations. This is because the number of steps is very small so that

the ASR hasn’t been accurate enough to approximate the real value (much

higher than the real value). The Multi-state Def.2 has the fastest convergence

speed, and Multi-state Def.1 is the slowest. The confidence-aided algorithm

converges just slightly slower than the Multi-state Def.2 while it achieves

higher average packet throughput.
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Figure 4.6: Average number of users per slot with ASR > 0.5 versus N . (a)
and average number of users with desired ASR (b). The proposed methods are
Multi-state Def.1, Multi-state Def.2, and Stateless with confidence-aided actions,
and for comparison, the benchmarks, when K = 4, L = 3.

5 10 15 20 25 30 35 40 45

N

0

0.1

0.2

0.3

0.4

0.5

0.6

A
v
e
ra

g
e
 N

u
m

b
e
r 

o
f 
U

s
e
rs

 p
e
r 

S
lo

t 
w

it
h
 A

S
R

>
0
.7

5

Multi-state Def.1

Multi-state Def.2

Stateless with Confidence-aided Actions

Slotted NORA

RL-NORA Acceleration-GA

RL-NORA Acceleration- -GA

woSDC-BAP-QL

Figure 4.7: Average number of users per slot with ASR > 0.75 versus N . (a)
and average number of users with desired ASR (b). The proposed methods are
Multi-state Def.1, Multi-state Def.2, and Stateless with confidence-aided actions,
and for comparison, the benchmarks, when K = 4, L = 3.

In Fig.4.4, the average packet throughput and average number of users

with desired ASR for different number of users of the three proposed algo-

rithms and the benchmark schemes are compared. The performance of all
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(a) Average packet throughput per slot versus K
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Figure 4.8: Effect of K on average packet throughput (a) and average number of
users with desired ASR (b). The proposed methods are Multi-state Def.1, Multi-
state Def.2, and Stateless with confidence-aided actions, and for comparison, the
benchmarks, when L = 3, N = 2LK.

the schemes runs concave as N increases. This is because the number of

users is smaller than the maximum capacity of the schemes at the beginning

so that N is the restriction of the performance. The benchmarks are state-

less algorithms, which make the users choose one of the actions under low
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collisions. This is efficient for the users to ultimately find different actions

with no collision when the number of users is smaller than the number of

actions. However, when the number of users grows, there are more colli-

sions. In this case, the proposed algorithms allow the users to better find

dynamic strategies with the use of state space. Note that the benchmark

schemes have a performance degradation when N > LK while the two pro-

posed multi-state algorithms can maintain their performance. It can be seen

that the confidence-aided algorithm has the best performance compared to

other algorithms in terms of average packet throughput for all the values of

N . The Multi-state Def.1 is the best in terms of average number of users

with desired ASR when LK < N < 2LK. It is worth noting that the

Multi-state Def.2 performs in-between Multi-state Def.1 and the confidence-

aided algorithm. Note that the average number of users with desired ASR

of the confidence-aided algorithm keep increasing with the number of users

even when N > LK, and outperforms the two multi-state algorithms when

N > 2LK. Fig.4.5, Fig.4.6 and Fig.4.7 show the average number of users

per slot with the ASR thresholds equal to 0.25, 0.5 and 0.75, respectively,

which indicates the proposed algorithms outperforms the benchmarks in high

congestion traffic even in higher ASR threshold settings.

The effect of number of slots on the performance of the proposed algo-

rithms and the benchmark schemes are shown in Fig.4.8. The average packet

throughput and average number of users with desired ASR of the proposed

algorithms are concave with K. Particularly, the performance degrades se-

riously when K become relatively large, increasing the size of the Q-table.

This leads to an insufficient exploration when using a lookup table method.
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(b) Average number of users per slot with ASR > 0.1 versus minimum
average channel gain

Figure 4.9: Effect of minimum average channel gain on average packet through-
put (a) and average number of users with desired ASR (b). The proposed meth-
ods are Multi-state Def.1, Multi-state Def.2, and Stateless with confidence-aided
actions, and for comparison, the benchmarks, when N = 24, K = 4, L = 3.

As shown in Table 4.1, the Q-table size of the two proposed multi-state

algorithms increase much faster than the confidence-aided algorithm with K.

Besides, the computation complexity of the Multi-state Def.2 is nearly one

quarter of the complexity of Multi-state Def.1, which explained the reason
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Table 4.1: Complexity Comparison

Algorithm Complexity

Confidence-aided stateless O(2(KL+ 1))
Multi-state Def.1 O((KL+ 1)(4KL+ 2))
Multi-state Def.2 O((KL+ 1)(KL+ 1))
RL-NORA [15] O(KL+ 1)

woSDC-BAP-QL [86] O(KL)
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Figure 4.10: Number of non-collide users versus minimum average channel gain.
The proposed methods are Multi-state Def.1, Multi-state Def.2, and Stateless
with confidence-aided actions, and for comparison, the benchmarks, when N =
24, K = 4, L = 3.

that Multi-state Def.1 degrades earlier than Multi-state Def.2.

The effect of the minimum average channel gain on the performance of

the proposed algorithms and the benchmark schemes are shown in Fig.4.9.

The reduction of average channel gain leads to lower probabilities of success-

ful decoding. Accordingly, with the increased difference between the average

channel gains of the users, it can be seen that the two multi-state algo-

rithms degrade less on both average packet throughput and average number

of users with desired ASR than the confidence-aided algorithm. This means
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Figure 4.11: Trade-off between average packet throughput and average number
of users with desired ASR, when (1) N = 12, K = 4, L = 3, (2) N = 24,
K = 4, L = 3, (3) N = 48, K = 4, L = 3 and (4) N = 60, K = 10, L = 3.

the multi-state algorithms are more robust to the heterogeneity of the users’

channel conditions. Fig.4.10 shows the reason for the above observation, that

is, the two multi-state algorithms can maintain the number of non-collide

users better than the confidence-aided algorithm. When the minimum av-

erage channel gain is lower than −1dB, the confidence-aided algorithm no

longer has advantage over the multi-state algorithms.

The trade-offs of the proposed algorithms are compared through their

average packet throughput and average number of users with desired ASR

in Fig.4.11. The two proposed multi-state algorithms are preferable for the

applications with medium amount of users (LK < N < 2LK). In particu-

lar, the Multi-state Def.2 suits to the applications in which both the system

throughput and the number of users achieving target QoS are important with

limited users’ computation resources. Whereas Multi-state Def.1 is more
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suitable when the number of users achieving target QoS is the main perfor-

mance target. The confidence-aided algorithm is preferable for applications

with massive number of users (N > 2LK), or when the users’ computation

resources are extremely limited.

4.5 Summary

In this chapter, a distributed reinforcement learning framework for joint slot

and power level selecting problem in heterogeneous NOMA-ALOHA systems

is proposed. Two multi-state Q-Learning algorithms and a confidence-aided

algorithm are developed to find the action selection strategies in a distributed

manner. Simulation results show that the proposed algorithms outperform

the benchmarks in terms of system throughput and fairness in high con-

gestion traffics, which is crucial for the massive connectivities in 6G. Addi-

tionally, the three algorithms have advantages in terms of fairness, system

throughput and robustness to extreme congestion condition. Thanks for the

model-free distributed learning framework and the NOMA-ALOHA proce-

dure, the proposed schemes are capable of enabling efficient RA for resource

limited MTC networks in heterogeneous environment.

The reinforcement learning (RL) algorithms proposed in this chapter ef-

fectively address the joint slot and power level selection in heterogeneous

NOMA-ALOHA systems. However, as the complexity and scale of problems

in practical 6G scenarios significantly increase, conventional RL approaches,

such as Q-learning, face limitations due to their dependence on tabular repre-

sentations of state-action spaces, making them infeasible for large-scale sys-

tems. To overcome these constraints, Deep Reinforcement Learning (DRL) is
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introduced in Chapter 5, offering substantial benefits over traditional RL by

utilizing neural networks to approximate the Q-value function. This transi-

tion allows DRL to efficiently handle larger, more complex state-action spaces

and continuous input data, which is essential for practical deployments in

multi-AP machine-type communication systems. Consequently, DRL pro-

vides the necessary scalability and flexibility to adapt to diverse, high-traffic

network conditions, demonstrating its critical role in achieving intelligent and

efficient random access strategies in future 6G ecosystems.
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5
Distributed Multi-Agent Deep Reinforcement

Learning for Multi-Point NORA Systems

5.1 Introduction

This chapter builds directly upon the single access point (AP) system model

and reinforcement learning (RL)-based algorithms discussed in Chapter 4, by

extending the analysis to a more complex multiple AP environment. Specifi-

cally, this chapter introduces distributed deep reinforcement learning (DRL)

algorithms as opposed to traditional RL methods employed previously. This

progression enhances flexibility by allowing users to autonomously select their

preferred APs, thereby eliminating the need for explicit, controlled user clus-

tering. Additionally, the shift from lookup-table-based RL to DRL method-

ologies substantially improves the scalability of the proposed framework, ef-

fectively handling larger-scale scenarios characteristic of practical beyond-6G

networks.

This chapter proposes distributed deep Q-learning algorithms for multi-

agent multi-point NORA systems to optimize the selection of APs, time slots,

and power levels for each user without requiring any information sharing be-

tween users. Both action collision and fading are considered, and users’

transmitters operate without CSI due to the limited spectrum and energy
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resources of MTC devices. Notably, the presence of multiple APs within a

network allows users to transmit data packets to any AP, which makes it

challenging for each user to independently learn a strategy that maximizes

throughput, particularly when APs are located in different positions, result-

ing in varying channel gains. Unlike many existing works that only consider

the total throughput of the system, this study also measures fairness among

users by considering the number of users under the time-averaged age of

information (AAOI) constraint. Further details are in Section 5.2. Main

contributions of this chapter are summarized as following:

• A multi-agent multi-point NORA system is proposed, where users dy-

namically transmit packets by exploiting one of APs, channel slots and

power levels. To address and reduce both collisions and fading in the

NOMA-ALOHA system, a multi-agent deep Q-learning framework is

developed. This framework incorporates a novel state definition lever-

aging the age of information (AOI) and a reward function that dynami-

cally adjusts the exploitation and exploration of action selections based

on the user’s AOI.

• Given the multi-agent deepQ-learning framework for multi-point NORA,

two algorithms are developed for each user to find a strategy of selecting

APs, channel slots and power levels, towards the enhanced throughput.

They are double deep Q-network (DDQN) assisted multi-point NORA

and dueling double deep Q-network (Dueling DDQN) assisted multi-

point NORA. For this, insights into the benefits of AOI-assisted state

and dueling network are discussed. Additionally, the choice of different

type of output layers and action policies are illustrated.
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• Through simulative analysis, the impact of hyper parameters such as

AOI truncation threshold and Fair Policy threshold, as well as the

number of APs and users are investigated. In addition, the proposed

algorithms are compared to the benchmarks in terms of both the system

packet throughput and the number of users under the AAOI constraint,

over several scenarios. In particular, as the number of APs increases,

the proposed algorithms are shown to outperform the benchmarks that

suffer from the performance degradation at large size of problems.

• Simulative and numerical results clearly show that under a medium con-

gestion level, the Dueling DDQN algorithm performs the best in terms

of the number of users under the AAOI constraint while the DDQN al-

gorithm is the best candidate for the system packet throughput. When

it comes to extreme congestion condition, the Dueling DDQN algorithm

performs best on both system throughput and fairness.

The rest of the chapter is structured such that Section 5.2 introduces

the system model of the proposed multi-agent multi-point NORA network.

Section 5.3 provides the deep Q network learning model and algorithms.

Section 5.4 presents the simulation results and discussions, followed by the

conclusion in Section 5.5.

5.2 System Model

Consider a scenario in which N users are randomly dispersed across a region.

The users become active with activation probability λa and transmit packets

over MK slots to M access points (APs) connected to a core network, as
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(a) Geographic layout of the NORA system (b) Uplink transmission process of the n-th
user

Figure 5.1: System diagram of the DRL NORA system. (a) shows a example
of the geographic layout of the users and the APs. dn;m ∈ (0, R] denotes the
distance between the n-th user and the m-th AP. (b) shows the process of
that the n-th user selects a AP-slot-power pair using the learned DRL network,
and transmit the packet using the selected AP-slot-power pair. FBm is the
transmission feedback for n ∈ {1, . . . , N}, m ∈ {1, . . . ,M}.

depicted in Fig. 5.1(a). Each AP has K slots, and slots used by different

APs are orthogonal. The coverage area of the AP group has a radius R, and

dn;m(≤ R) indicates the distance between the n-th user and the m-th AP,

wherem ∈ {1, . . . ,M}. For i ̸= j, it is assumed that di;m ̸= dj;m. The channel

coefficient from the n-th user to the m-th AP on slot k is denoted as hn;k;m,

where k ∈ {1, . . . , K}. Under the assumption of a Rayleigh fading channel

based on dn;m, the coefficient hn;k;m follows a complex Gaussian distribution

with a mean of zero and variance ḡn;k;m, such that hn;k;m ∼ CN (0, ḡn;k;m).

Here, CN (·) represents a complex Gaussian distribution, and the variance

is given by ḡn;k;m = A0d
−κ
n;m, where κ is the path-loss exponent and A0 is

the shadowing coefficient. The instantaneous channel gain of the n-th user,

gn;k;m = |hn;k;m|2, follows an exponential distribution gn;k;m ∼ Exp
(

1
ḡn;k;m

)
.

Each user independently selects one of the K slots of one of the M APs
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for packet transmission, without requiring coordination or interaction with

other users. In traditional cellular networks, users are assigned to specific

cells with a single AP based on their locations. However, in this study, each

user not only chooses a time slot and transmission power but also selects

an AP for transmission. Users dynamically cluster themselves into different

APs. Within this framework, users must devise grant-free random access

strategies to adapt to the heterogeneous conditions across varying users and

APs. Inspired by the principles of GF-NORA [38] [94], the approach aims

to minimize signaling overhead and improve spectral efficiency by leveraging

power-domain differences to allow N users to transmit packets concurrently.

Further details regarding the NORA system are discussed in the subsequent

subsection.

5.2.1 NORA Process

At each transmission interval, users select their actions randomly without

relying on any channel state information (CSI) at the transmitter. The action

of the n-th user, an(t), is defined as a combination of selecting an access point

m, a channel slot k, and a transmission power level Pl, as expressed by

an(t) =

{
(0, 0, 0) no transmission at step t

(m, k, Pl) (5.1)

where m ∈ {1, . . . ,M}, k ∈ {1, . . . , K}, and l ∈ {1, . . . , L} represent the

indices for the access point (AP), channel slot, and transmission power level,

respectively. Here, L denotes the total number of power levels, and denote by

A is the set of all possible actions. The power levels are given by Pl ∈ (0, 1),
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with P1 < . . . < PL and
∑

l Pl = 1. The binary indicator function is denoted

by 1(·). The selection status of actions is represented by:

Zn;m,k,l = 1(an = (m, k, Pl)). (5.2)

The received signal at the m-th AP on slot k is given by

ym;k =
L∑
l=1

N∑
n=1

√
Plhn;m,kSnZn;m,k,l + wm,k (5.3)

where wm,k ∈ CN (0, N0) represents the additive white Gaussian noise (AWGN)

on slot k at the receiver of the m-th AP, N0 denotes the noise variance, and

Sn represents the modulated symbol. As indicated in (5.3), it is possible

that two or more users randomly contend for the same slot k at the same

AP, where NOMA superposition decoding enables signal decoding through

successive interference cancellation (SIC) steps.

Given an = (m, k, Pl) from the n-th user, the received signal-to-interference-

plus-noise ratio (SINR) at the m-th AP on slot k with power level Pl based

on the SIC procedure is expressed as:

SINRn;m,k,l =
Plgn;m,k∑l−1

i=1

∑N
n′=1,n′ ̸=n Pign′;m,kZn′;m,k,i +N0

. (5.4)

SINRn;m,k,l becomes SNRn;m,k,l if there is no interference (
∑l−1

i=1

∑N
n′=1 Zn′;m,k,i =

0).

The criteria for successful decoding for action (m, k, Pl) are:

Con1)
∑N

n=1 Zn;m,k,l′ ≤ 1, for l′ ≥ l (no action collision)

Con2) SINRn;m,k,l′ ≥ Γ
∑N

n=1 Zn;m,k,l′ , for l
′ ≥ l (SIC success)
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where Γ denotes the SINR threshold. It is assumed that packets are success-

fully decoded only when both Con1 and Con2 are satisfied. Con1 represents

a no-collision condition, ensuring that no more than two users select the same

action. For instance, given an action (m, k, Pl), at most one user is permitted

to choose this action for successful decoding. Specifically, if a user selects Pl′

with l′ ≥ l for a given slot k at a given AP m, no other users may select the

same action. This constraint is due to the power-domain NOMA technology,

which allows multiple users to transmit packets simultaneously over the same

resource block (RB) using distinct transmit power levels. Thus, an action

(m, k, Pl) can be allocated to at most one user. Otherwise, packet decoding

is assumed to fail due to random collisions (i.e., more than one user selects

the same power level on the same RB), as the capture effect is not considered

in this study.

Con2 pertains to channel fading, indicating that packet decoding is suc-

cessful only if the SINR after SIC meets or exceeds the required threshold.

Furthermore, packet transmission fails if the decoding of any higher power-

level signal on the same RB is unsuccessful, as the SIC decoding order pro-

ceeds from higher to lower power levels.

Denote the broadcast feedback signal from the m-th AP as FBm(t) =

[FBm;1(t), . . . , FBm;KL(t)], where FBm;i(t) is calculated as:

FBm;i(t) =

{
1 , for successful decoding at the i-th action

0 , otherwise. (5.5)

Based on the broadcast signals from all the APs, each user can obtain

Flag(t) = [FB1(t), · · · ,FBM(t)] that indicates the decoding results on all

the random access resources at each time step.
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5.2.2 Problem formulation

Distributed grant-free self-clustering NORA algorithms are developed in or-

der to enhance the system throughput while maintaining the fairness among

users. For effectiveness, we consider the age of information (AOI) of user n

at t+ 1 as

AOIn(t+ 1) ≜


1 , for successful decoding

at step t

AOIn(t) + 1 , otherwise.

(5.6)

The time-averaged AOI (AAOI), proposed in [49], of user n is calculated by

AAOIn =
1

2
+ lim

T→∞

1

T

T∑
t=1

AOIn(t) (5.7)

The algorithm design must ensure fairness among users by aiming to keep

each user’s AAOIn within specified threshold. The performance of the al-

gorithms are evaluated using two metrics: the number of users meeting the

AAOI constraint and the average system packet throughput.

For fairness-sensitive systems, fairness is assessed by counting the number

of users whose AAOIn values are below the AAOI threshold. Conversely, for

fairness-tolerant systems, the average system packet throughput serves as the

main metric to evaluate system performance without considering fairness.

These metrics are formally defined as:

• Number of users under the AAOI constraint: Given N users, the num-
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ber of users with AAOI < AAOI0 is calculated by

Nusers =
N∑

n=1

1(AAOIn < AAOI0). (5.8)

• Average system packet throughput: Given N users, the average system

packet throughput is

Npacket =
1

T

T∑
t=1

N∑
n=1

1(AOIn(t+ 1) = 1). (5.9)

Denote by xn ∈ X the mixed strategy of the n-th user,

xn = [xn;m,k,l, · · · , xn;m,k,l, · · · , xn;M,K,L]
T (5.10)

where xn;k,l denotes the probability that the n-th user takes action (m, k, Pl),

and

xn;0,0,0 = 1−
M∑

m=1

K∑
k=1

L∑
l=1

xn;m,k,l. (5.11)

In deployed environment, each user intends to find its own mixed strategy,

xn, for choosing actions.

Distributed deep reinforcement learning aided self-clustering NORA algo-

rithms optimizing the random access strategy of individual user to enhance

the performance are proposed in Section 5.3.

5.3 Proposed DRL Algorithms

In this section, a DRL model that can be leveraged to develop two DRL

algorithms such as DDQN and Dueling DDQN is formulated. Each agent
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Figure 5.2: Markov decision process. sn(t), sn(t + 1), an(t) and Rn(t) denote
the state at step t, the next state at step t+1, the action and the reward for step
t, respectively. Flag(t) is the transmission feedback from the M APs. The RL
information tuples in the replay memory are used in the training process further
illustrated in Fig.3.

adopts the algorithm to independently conduct the RA resource selection in

a multi-agent multi-point network.

5.3.1 Markov Decision Process Model

First, the state of each agent, which can be used for a DRL model to map

the user’s state from the state space to Q-value, is formulated by

sn(t) = [AOIσn (t),Flag(t),Bn(t)] (5.12)

where Bn(t) represents the behavior of user n at step t, and is given by

Bn(t) ≜


an(t) , if user n takes an action

(−1,−1,−1) , otherwise.

(5.13)
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and AOIσn (t) denotes a truncated AOI of user n:

AOIσn (t) = min{AOIn(t), σ} (5.14)

where σ denotes the AOI truncation threshold. The state definition should

contain transmission status information of the user so that the DRL model

can map the user’s state to Q-value accurately. For this, an instantaneous

AOI of each user is included to indicate the number of unsuccessful transmis-

sions since the latest successful one. The AOI is used as a part of the state.

The AOI grows if decoding continues to fail. Note that the corresponding

state space faces a cursed dimensionality with a positive infinite range of

AOI values. To avoid this, the AOI in the state definition is truncated by σ.

Additionally, Flag(t), which indicates the status of all the RA resources, is

designed as part of the state definition.

The reward of agent n at time step t is expressed with the AOIσn (t) as

Rn(t) ≜


AOIσn (t) , if transmission success

0 , if an(t) = (0, 0, 0)

−AOIσn (t) · µ , otherwise.

(5.15)

where µ > 0. By adopting this reward definition, users with relatively high

AOI get a more dynamic range of reward than others. Thus, users may learn

at varying speeds, leveraging the value for AOI, where users under high AOI

learn faster than ones under low AOI.

Fig.5.2 illustrates the MDP model applicable to the proposed RA re-

source selection process. Each user takes an action to select one of the RA
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Figure 5.3: DRL model for each agent in the proposed network: both action
and target networks and loss function settings rely on a choice of the proposed
algorithms. Θ and Θ− denotes the parameters of action network and target
network, respectively.

resources from sn(t) at step t. After the multi-agent multi-point NORA pro-

cess, the user observes the RL reward and formulates the next state, which

are exploited to train DRL model.

5.3.2 DRL Model Updating

Fig.5.3 illustrates the DRL model applied for each agent to train the DRL

network parameters. There are two DNNs adopted. One is action network

to make action inference, while the other is target network used for training

with a target Q-value calculation. The time step and user index are omit-

ted for simplicity. With every step of action inference through the action

network, a RL information tuple {s, a, R, s′}, whose elements denote state,

action, reward and next state of the MDP, respectively, is stored into the re-

play memory. When action network parameters are updated, Ns tuples are
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randomly sampled from the replay memory to form a model training batch

for loss calculation.

Given each tuple in the training batch at step t, current state s and

action a are fed to the action network to output QΘ(s, a), where Θ denotes

the action network parameters. Based on the resulting Flag, AOI and a,

next state s′ is computed and fed to the action network to get a prediction for

action a′ at the next step. Then both s′ and a′ are fed to the target network

to calculate QΘ−(s′, a′). Based on these, the Double DQN loss function L(Θ)

is given by

L(Θ) =
1

Ns

Ns∑
i=1

(QTarget(Ri, s
′
i)−QΘ(si, ai))

2 (5.16)

where i is a tuple index, and

QTarget(Ri, s
′
i) = Ri + γ ·QΘ−(s′i, argmax

a
QΘ(s

′
i, a)) (5.17)

where Θ− denotes the target network parameters.

The ADAM algorithm in [99] has been widely adopted in this field to

reduce the loss function, updating the action network parametersΘ due to its

proven performance. To avoid the overshooting problem, the target network

parameters Θ− is synchronized with Θ every Ttarget updating iterations.

5.3.3 Deep Q Network Based Algorithms

Fig.5.4(a) shows the architecture of the proposed DDQN algorithm. The net-

work consists of an input layer, 3 hidden FC layers with leaky Relu activation

function, and 1 softmax output layer.

Given a set of Q-values at the output layer, exploration efficiency is im-
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(a) DDQN network architecture

(b) Dueling DDQN network architecture

Figure 5.4: DRL Network architecture. Each FC layer is followed by a leacky
Relu layer. (a) shows the DRL network used in the proposed DDQN algorithm.
Q(s, a) denotes Q-values. (b) shows the DRL network used in the proposed
Dueling DDQN algorithm. V (s) and A(s, a) denote state value and advantages,
respectively.

proved, adopting decaying ϵ-greedy as action policy, which is formulated by

an(t) =



random action from A ,with probability

ϵ(t)

argmax
a

QΘ(s, a) ,with probability

1− ϵ(t)

(5.18)

where ϵ(t) is given by

ϵ(t) = βUpd · ϵ0 (5.19)

where β, Upd and ϵ0 denote the attenuation factor of the exploration prob-



5.3 Proposed DRL Algorithms 103

ability, the counting index of action network parameter updates, and the

initial exploration probability, respectively.

Fig.5.4(b) shows the architecture of the proposed Dueling DDQN algo-

rithm. Since dueling networks have better ability of estimating state values,

a LSTM layer is adopted to further leverage the history information hidden

in the state. The network consists of 1 LSTM layer, 2 common FC layers,

2 FC layers for state value prediction, and 2 FC layers for advantage value

prediction. Leaky Relu is adopted as activation function between the FC

layers. Note that there is no activation function at the output layer so that

the Dueling DDQN linearly outputs the state value and the advantages. The

Q-values are calculated by

QΘ(s, a) = VΘ(s) + (AΘ(s, a)−
1

|A|
∑
a∗∈A

AΘ(s, a
∗)) (5.20)

where VΘ(s) and AΘ(s, a) denote state value and advantage value, respec-

tively.

In terms of action selection, a precise prediction of Q-values can be en-

abled by the Dueling DDQN adopting softmax action policy [87]. This selects

action according to a probability mass function (PMF) of the actions. De-

noted by Pr(·) the probability of an event and the probability of selecting

action a at a given state s can be given by

Pr(a|s) = eQ(s,a)∑
a∗∈A eQ(s,a∗)

. (5.21)

Exploiting such softmax action policy, actions with higher Q-values have

higher probabilities of being selected. Compared with greedy action policies
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and its variations, this action policy responds to changes of all the Q-values

rather than only focusing on which action has the highest Q-value.

In addition, a fair policy is proposed to assist the DRL model to improve

the fairness between users. An active user transmits packet only if its in-

stantaneous AOI is greater than a threshold. In other words, a user does

not take any action if AOIn(t) ≤ θFair. The fair policy prevents users with

relatively low AOI from continuing to occupy the RA resources, which helps

to increase the success probabilities of other users.

Algorithm 7 represents the DQN based multi-point NORA process. It

is worth noting that the process described in Algorithm 1 is applicable to

both the DDQN algorithm and the Dueling DDQN algorithm, as different

neural networks can be employed. In addition, this process is identical for all

users. At each step, the user first identify whether it is active and whether

its AOI is greater than the Fair threshold. If the user satisfies both the two

conditions, it takes an action from its current state by feeding the state to

its neural network and selecting an action according to its action policy. The

user then transmits its packet using the selected slot and power level to the

selected AP. After that, the user observes the feedback from the APs, and

constructs the reward and the next state according to the feedback. Then the

RL information tuple is stored in the replay memory for training usage. The

network parameters will be updated every step once the replay memory is full

by reducing the loss function in (5.17). The target network is synchronized

with the action network every Ttarget iterations.
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Algorithm 7 Deep Q Network based Multi-Point NORA

Initialization: Initialize the parameters of the action network to Θ, and
the parameters of the target network Θ− = Θ. The instantaneous age
of information, AOI, is initialized to a random number in a range from
0 to 10, and state s = [AOI, zeros(1,MKL),−1,−1,−1]. Initialize dis-
count factor γ, target network update period Ttarget, batch size Ns, replay
memory size Nm, number of updates Upd = 0.
while 1 do
\\take action according to the state
if Active && AOIσ > θFair then

Feed s to the action network to get the Q values.
Select a according to the Q values, and the action policy for the

DDQN or the Dueling DDQN formulated in Chapter 5.3.3.
B← a
Access the channel according to a and observe Flag through the

broadcast signals from the APs.
R← AOI · ((1 + µ) · 1(success)− µ · 1(a ̸= (0, 0, 0)))

else
B← (−1,−1,−1)

end if
\\update AOI and construct next state
AOI = AOI · (1− 1(success)) + 1
AOIσ = min{AOI, σ}
s′ ← (AOIσ,Flag,B)
\\update replay memory
if Active && AOIσ > θFair then

if Replay memory is full then
Delete the oldest tuple.

end if
Store the new tuple {s, a, R, s′} to the replay memory.

end if
\\update action network parameters
if Replay memory is full then

Randomly select Ns tuples from the replay memory to update Θ.
L(Θ) = 1

Ns

∑Ns

i=1(QTarget(Ri, s
′
i)−QΘ(si, ai))

2

where
QTarget(Ri, s

′
i) = Ri + γ ·QΘ−(s′i, argmax

a
QΘ(s

′
i, a))

Update Θ using ADAM algorithm.
Upd← Upd+ 1

end if
\\Synchronize target network with the action network
if Upd modulo Ttarget = 0 then

Θ− ← Θ
end if
s← s′

end while
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Table 5.1: Learning Hyperparameters

Hyperparameters DDQN Dueling-DDQN

Learning rate α 0.01 0.01
Discount factor γ 0.95 0.95

AOI truncation threshold θTrunc 2 20
µ 1 10−0.25

Fair threshold θFair 0 5
Width of LSTM layer N/A MKL+ 8
Replay memory size 20 40

Batch size 5 2
Number of neurons in FC layers 8MKL+ 29 9MKL+ 34
Initial exploration probability ϵ0 1 N/A
Exploration attenuation factor β 0.99 N/A

5.4 Simulations and Discussions

The effectiveness of the proposed DRL algorithms is examined and analyzed

in Section 5.4. Channel inversion aided DRL GF-NOMA [87], confidence-

aided stateless algorithm [90] and slotted NORA [38] are adopted as bench-

marks for comparison. Note that [87] does not adopt the hard collision model

that assumes packets can not be decoded successfully unless there is no colli-

sion. Instead, [87] only use SINR as the criteria for the SIC decoding process.

Since the Channel inversion aided DRL GF-NOMA proposed in [87] is de-

veloped for single BS system where users are split into different clusters, the

users are pre-assigned with different APs in this work. For all simulations,

λa = 0.5, A0 = 1, κ = 3.5, Γ = −3dB, L = 3 with P1 = 0.04, P2 = 0.16,

P3 = 0.8, AAOI0 = 10. The learning hyperparameters are listed in Table

5.1. In order to emulate the inherent randomness of MTC networks, the in-

stantaneous AOI of the users at the beginning of the simulations are modeled

as uniformly distributed random variables in a range of 1 to 10.
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(b) Number of users under AAOI constraint versus µ

Figure 5.5: Effect of µ on average system packet throughput (a) and number
of users under AAOI constraint (b). The proposed methods are Dueling DDQN
and DDQN, and for comparison, the Confidence-aided Stateless Q-learning are
depicted, when M = 2, N = 48, K = 4, L = 3.

Fig.5.5 shows the effect of reward magnitude for failure transmission, µ.

DDQN performs best in terms of average system packet throughput, and

it reaches its best performance when µ = 1. Dueling DDQN achieves the

highest number of users under AAOI constraint when µ = 10−0.25. Based

on these observations, the value of µ is set to 1 and 10−0.25 for DDQN and
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Figure 5.6: Effect of σ on average system packet throughput (a) and number
of users under AAOI constraint (b). The proposed methods are Dueling DDQN
and DDQN, when M = 2, N = 48, K = 4, L = 3.

Dueling DDQN, respectively, in other simulations.

Fig.5.6 shows the effect of the AOI truncation threshold, σ, on system

throughput and number of users under AAOI constraint. The performance

of the DDQN algorithm degrades in terms of system throughput as σ in-

creases, and it exhibits insensitivity to changes in σ when considering the

number of users under the AAOI constraint. In contrast, the Dueling DDQN
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algorithm achieves peak system throughput at σ = 12 and maximizes the

number of users under the AAOI constraint at σ = 14. This is due to the

inherent characteristics of the dueling network architecture, which split the

estimation of Q-values into state values and advantages, and thus enabling

the algorithm to leverage the AOI information through the truncated AOI

in the state. Since the size of the state space increases with σ, the Dueling

DDQN algorithm has a significant performance gain when σ increases from 2

to 14. However, the algorithm suffers updating efficiency degradation when

the state space gets large, which is the reason why the performance degrades

gradually when σ is greater than 20.

Fig.5.7 shows the effect of the Fair policy threshold, θFair, on the system

throughput and the number of users under AAOI constraint. It can be

seen that the system throughput of the Dueling DDQN algorithm drops

more slower than the DDQN algorithm when θFair increases. Moreover, the

Dueling DDQN algorithm gains more users under AAOI constraint than the

DDQN algorithm as θFair increases, and it reaches its highest average number

of users under AAOI constraint when θFair equals to 6. In other words,

the Dueling DDQN algorithm can obtain a relative improvement on number

of users under AAOI constraint with a minor cost of system throughput.

The above observations shows that the Fair policy fits the Dueling DDQN

algorithm very well while it is not worth adopting it for the DDQN algorithm.

The reason behind this is that the Dueling DDQN algorithm achieves more

users with medium user throughput so that there will be more RA resources

enabled when applying the Fair policy to force the users with medium to

high throughput to wait. Additionally, the system throughput cost of the
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Figure 5.7: Effect of θFair on average system packet throughput (a) and number
of users under AAOI constraint (b). The proposed methods are Dueling DDQN
and DDQN, when M = 2, N = 48, K = 4, L = 3.

Fair policy is relatively high for DDQN algorithm due to the high-throughput

users.

Fig.5.8 shows the effect of number of users on the average packet through-

put and the number of users under AAOI constraint. It can be seen that the

DDQN algorithm is the best in terms of system throughput when N ≥ 16.

However, the Dueling DDQN algorithm achieves 200% the number of users
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(b) Number of users under AAOI constraint versus N

Figure 5.8: Effect of N on average system packet throughput (a) and number of
users under AAOI constraint (b). The proposed methods are Dueling DDQN and
DDQN, and for comparison, the benchmark schemes are depicted, when M = 2,
K = 4, L = 3.

under AAOI constraint when N = 1.33MLK, compared with the DDQN

algorithm. This is because the Dueling DDQN algorithm results in a more

dynamic action strategy than the DDQN algorithm due to its large state

space and softmax action policy. The consequential result is that the RA

resources can be interchangeably leveraged by the users, which alleviates col-

lisions. However, the DDQN algorithm is still consistent when N ≥ 3MLK
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Figure 5.9: Performances related to average system packet throughput (a) and
number of users under AAOI contraints (b) against steps. The proposed methods
are Dueling DDQN and DDQN, and for comparison, the benchmark schemes are
depicted, when M = 2, N = 48, K = 4, L = 3.

while the number of users under AAOI constraint of the Dueling DDQN

algorithm significantly decreases when N > 40. The reason is that the colli-

sion is not avoidable by interchangably choosing different RA resources when

the number of users is much higher than the number of RA resources. In

this situation, it is more effective to make part of the users always success
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Figure 5.10: Performances related to average system packet throughput (a) and
number of users under AAOI contraints (b) against steps. The proposed methods
are Dueling DDQN and DDQN, and for comparison, the benchmark schemes are
depicted, when M = 8, N = 192, K = 4, L = 3.

with fixed RA resources. The above observations indicate that the Dueling

DDQN algorithm is more suitable for application scenarios where users are

latency-critical, and the number of users need to be limited to match the

amount of available RA resources. However, the DDQN algorithm is good at

application scenarios where the number of users is higher than the number

of RA resources, and system throughput is the main concern.
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Fig.5.9 and Fig.5.10 show the convergence properties of the proposed

algorithms and the benchmarks for M = 2 and M = 8, respectively. It

can be seen that the DDQN algorithm achieves the highest average packet

throughput while the Dueling DDQN algorithm is the best in terms of num-

ber of users under AAOI constraint. The system throughput gap between the

Confidence-aided Stateless Q-learning and the DDQN algorithm is enlarged

when the problem size increases from M = 2 to M = 8. Furthermore, the

crossover point of the system throughput of the DDQN algorithm and the

Confidence-aided Stateless Q-learning shift from around 1400 steps to around

400 steps as the number of APs increases from 2 to 8. This observation shows

that the proposed DDQN algorithm outperforms the lookup-table method in

terms of both performance and scalability. This is due to the different func-

tion approximators used. The Q-table only updates one of its Q-values at

each step while most of the parameters of DNN-based function approximator

are updated at every steps, which means that DRL methods are more robust

than lookup-table methods as the problem size increases.

Due to the multiple APs and the heterogeneous average channel gains

between users in the system model adopted in this chapter, there is a gap

between the system throughput of the proposed algorithms and the maxi-

mum possible throughput of the system. Nevertheless, the proposed system

are capable of achieving better system level performance than single AP

systems when the geographic distribution of users is uneven between APs.

Additionally, it also offers the users more flexibilities when part of the APs

provide low QoS due to shadowing effect.
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5.5 Summary

This chapter presents a distributed deep reinforcement learning framework

designed to address the joint selection of AP, transmission slots, and power

levels in multi-agent multi-point NORA systems. Two deep Q network based

algorithms were developed to enable distributed action selection strategies.

The simulation results demonstrate that the proposed algorithms exhibit

good scalability and surpass existing benchmarks in terms of system through-

put and fairness under high-traffic congestion scenarios, supporting massive

connectivity in 6G networks. Moreover, the two algorithms exhibit com-

plementary strengths, with distinct advantages in fairness, system through-

put, and resilience to extreme congestion random access states. By lever-

aging the model-free distributed learning framework and the multi-point

NORA methodology, the proposed schemes enable efficient random access for

resource-constrained MTC networks operating in asymmetric environments.

Additionally, the proposed scheme produces extra flexibility compared with

conventional single AP system, which can be a potential candidate for ad-

dressing the challenge of high mobility in vehicular communications. Joint

optimization for vehicular network related parameters will be investigated in

future works.
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6
Conclusions and Future Work

6.1 Conclusions

This thesis has presented a comprehensive investigation into edge intelligent

multi-user uplink radio access methods, tailored for emerging 6G wireless

networks. Addressing the critical challenges of adaptive modulation, mas-

sive connectivity, and distributed learning within dynamic environments, the

research herein contributes significantly to the development of intelligent, de-

centralized, and efficient communication strategies.

Firstly, a novel federated learning-based method for adaptive orthogo-

nal frequency division multiplexing with index modulation (OFDM-IM) was

developed, leveraging distributed k-means clustering. The proposed Fed-k-

means approach effectively aggregated learning outcomes across distributed

user devices into a cohesive global model. This method demonstrated sub-

stantial improvements in throughput and bit-error-rate performance while

minimizing the federation overhead, making it highly suitable for resource-

constrained machine-type communication devices.

Secondly, addressing the critical issue of massive connectivity, this thesis

introduced a learning-based non-orthogonal random access (NORA) strat-

egy optimized through tailored multi-state and confidence-aided Q-learning
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algorithms. By modeling joint slot and power-level selection as a Markov de-

cision process (MDP), the proposed methods significantly enhanced system

throughput and user fairness, particularly under conditions of high conges-

tion and without requiring channel state information (CSI). Crucially, the

federated k-means clustering adaptive OFDM-IM in Chapter 3 highlighted

the necessity for efficient random access technologies, directly motivating the

developments detailed in Chapter 4.

Lastly, extending the principles of distributed reinforcement learning, a

decentralized deep Q-network-based NORA framework was presented for

multi-AP scenarios. The developed algorithms allowed users to autonomously

and intelligently select access points, transmission slots, and power levels

without CSI. Extensive simulations demonstrated that this approach signif-

icantly improved system throughput, fairness, and scalability, underscoring

its robust applicability in heterogeneous high-traffic scenarios common to

future 6G networks.

Collectively, these contributions demonstrate the potential of integrating

edge intelligence with adaptive and learning-driven methods to overcome cur-

rent limitations in uplink radio access, supporting the ambitious performance

targets of future 6G ecosystems.

6.2 Future work

While this thesis advances the state-of-the-art significantly, several promising

directions for future research have emerged:

• Hybrid Learning Models: Exploring the integration of federated

learning and deep reinforcement learning in a hybrid framework could
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offer enhanced adaptive capabilities and further reduce convergence

time and computational load.

• Energy-Efficient Learning Algorithms: Given the stringent power

constraints in many edge devices, future work should aim to develop

even more energy-efficient learning algorithms that minimize power

consumption without compromising communication performance.

• Security and Privacy: Incorporating advanced cryptographic and

secure aggregation techniques into the federated learning framework to

enhance data privacy and resist potential adversarial attacks warrants

detailed exploration.

• Real-Time Deployment: Practical implementation and real-time

validation of the proposed methods in actual wireless testbeds would

offer valuable insights, enabling refinements to adapt theoretical models

to realistic operational conditions.

• Cross-layer Optimization: Future studies should examine the ben-

efits of cross-layer optimization, considering not only the physical and

MAC layers but also higher network protocol layers, to create compre-

hensive and efficient wireless communication solutions.

Addressing these future research avenues will not only enhance the ro-

bustness and effectiveness of intelligent uplink access methods but also sig-

nificantly contribute to realizing the vision of fully autonomous, intelligent,

and resilient 6G wireless networks.
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Appendices





A
Derivation of ASRn;k,l

In this appendix, the ASRn;k,l in Chapter 4 is derived. Consider L = 3 power

levels, ASRs of action (k, Pl) for l ∈ {1, 2, 3} are discussed in the following.

To simplify the equations in the later derivations, denote βn;k,l =
Γl

ḡn;kPl
where

n ∈ {1, . . . , N}, k ∈ {1, . . . , K}, and l ∈ {1, . . . , L}.

A.1 When the transmit power level P3 is cho-

sen

The expectation of the ASR is given by

E[ASRn;k,3] = Pr(Con1, Con2)

= Pr(Con2|Con1) Pr(Con1) (A.1)

where

Pr(Con1) =
∏
n′ ̸=n

(1− xn′;k,3) (A.2)
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and Pr(Con2|Con1) is given by

Pr

(
gn;k ≥

Γ3

P3

[N0 +
2∑

l=1

∑
n′ ̸=n

gn′;kPlZn′;k,l]|Con1

)

= e−βn;k,3N0

∏
n′ ̸=n

ϕn′;k,3 (A.3)

where ϕn′;k,3 is averaged over gn′;k, and is given by

ϕn′;k,3 = E[
1

1 + ḡn′;kβn;k,3(P2Zn′;k,2 + P1Zn′;k,1)
|Con1]. (A.4)

When Con1 is satisfied, for l ∈ {1, 2}

Zn′;k,l =

1 w.p.
xn′;k,l

1−xn′;k,3
,

0 w.p. 1− xn′;k,l
1−xn′;k,3

. (A.5)

By substituting (A.5) into (A.4), ϕn′;k,3 is averaged over Zn′;k,l,

ϕn′;k,3 = (1− xn′;k,2

1− xn′;k,3
)(1− xn′;k,1

1− xn′;k,3
) (A.6)

+
1

1 + ḡn′;kβn;k,3P1

(1− xn′;k,2

1− xn′;k,3
)(

xn′;k,1

1− xn′;k,3
)

+
1

1 + ḡn′;kβn;k,3P2

(
xn′;k,2

1− xn′;k,3
)(1− xn′;k,1

1− xn′;k,3
)

+
1

1 + ḡn′;kβn;k,3(P2 + P1)
(

xn′;k,2

1− xn′;k,3
)(

xn′;k,1

1− xn′;k,3
).
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A.2 When the transmit power level P2 is cho-

sen

For ASRn;k,2, the Con1 can be decomposed into two situations: Con1′) ∀n′ ̸=

n, Zn′;k,2 = Zn′;k,3 = 0; Con1′′) ∀n′ ̸= n, Zn′;k,2 = 0,
∑

n′ ̸=n Zn′;k,3 = 1. The

ASRn;k,2 under the two situations are derived respectively so that

E[ASRn;k,2] = Pr(Con1, Con2)

= Pr(Con1′, Con2) + Pr(Con1′′, Con2). (A.7)

A.2.1 For Con1′

The probability of successful transmission when there is NOT any user choos-

ing l = 3 is given by

Pr(Con1′, Con2) = Pr(Con2|Con1′) Pr(Con1′) (A.8)

= Pr(SINRn;k,2 ≥ Γ2|Con1′)
∏
n′ ̸=n

(1− xn′;k,3 − xn′;k,2)

where

Pr(SINRn;k,2 ≥ Γ2|Con1′)

= Pr

(
gn;k ≥

Γ2

P2

(N0 +
∑
n′ ̸=n

gn′;kP1Zn′;k,1)|Con1′

)

= e−βn;k,2N0

∏
n′ ̸=n

ϕn′;k,2′ (A.9)
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where ϕn′;k,2 is averaged over gn′;k, and is given by

ϕn′;k,2′ = E[e−βn;k,2gn′;kP1Zn′;k,1|Con1′]

= E[
1

1 + ḡn′;kβn;k,2P1Zn′;k,1
|Con1′]. (A.10)

When Con1 is satisfied

Zn′;k,1 =

1 w.p.
xn′;k,1

1−xn′;k,3−xn′;k,2
,

0 w.p. 1− xn′;k,1
1−xn′;k,3−xn′;k,2

. (A.11)

By substituting (A.11) into (A.10), ϕn′;k,2′ is averaged over Zn′;k,1,

ϕn′;k,2′ = 1− ḡn′;kβn;k,2P1

1 + ḡn′;kβn;k,2P1

xn′;k,1

1− xn′;k,3 − xn′;k,2
. (A.12)

A.2.2 For Con1′′

The probability of successful transmission when there is only one user choos-

ing l = 3 is given by

Pr(Con1′′, Con2)

=
∑
m ̸=n

xm;k,3

∏
n′ ̸=m,n

(1− xn′;k,3 − xn′;k,2)ξm,n;k (A.13)
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where

ξm,n;k = Pr(SINRm;k,3 ≥ Γ3, SINRn;k,2 ≥ Γ2|Con1′′)

= Pr

(
gm;k ≥

Γ3

P3

(N0 + gn;kP2 +
∑
n′ ̸=n

gn′;kP1Zn′;k,1),

gn;k ≥
Γ2

P2

(N0 +
∑
n′ ̸=n

gn′;kP1Zn′;k,1)|Con1′′

)
. (A.14)

Because gm;k and gn;k are independent exponential random variables, the

above probability can be calculated by

ξm,n;k = E[
∫ +∞

βn;k,2b

∫ +∞

ay+βm;k,3b

e−xdxe−ydy|Con1′′]

= E[
e−[(1+a)βn;k,2+1]b

1 + a
|Con1′′]

=
e−[(1+a)βn;k,2+1]N0

1 + a

∏
n′ ̸=m,n

ϕn′;k,2′′ (A.15)

where b = N0 +
∑

n′ ̸=m,n gn′;kP1Zn′;k,1, a = βm;k,3ḡn;kP2, c = (1+ a)βn;k,2 + 1,

and ϕn′;k,2′′ is averaged over gn′;k by

ϕn′;k,2′′ = E[e−cgn′;kP1Zn′;k,1|Con1′′]

= E[
1

1 + ḡn′;kcP1Zn′;k,1
|Con1′′]. (A.16)

By substituting (A.11) into (A.16), ϕn′;k,2′′ is averaged over Zn′;k,1, and is

given by

ϕn′;k,2′′ = 1− ḡn′;kcP1

1 + ḡn′;kcP1

xn′;k,1

1− xn′;k,3 − xn′;k,2
. (A.17)
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A.3 When the transmit power level P1 is cho-

sen

ForASRn;k,1, the Con1 can be decomposed into three situations: Con1′) ∀n′ ̸=

n, Zn′;k,1 = Zn′;k,2 = Zn′;k,3 = 0; Con1′′) ∀n′ ̸= n, Zn′;k,1 = 0,
∑

n′ ̸=n Zn′;k,3 =

1,
∑

n′ ̸=n Zn′;k,2 = 1; Con1′′′) ∀n′ ̸= n, Zn′;k,1 = 0,
∑

n′ ̸=n(Zn′;k,2 +Zn′;k,3) = 1.

The ASRn;k,1 under the three situations are derived respectively so that

E[ASRn;k,1] = Pr(Con1, Con2) (A.18)

= Pr(Con1′, Con2) + Pr(Con1′′, Con2) + Pr(Con1′′′, Con2).

A.3.1 For Con1′

The probability of successful transmission when there is no user choosing

l = 3 or l = 2 is

Pr(Con1′, Con2) = Pr(Con2|Con1′) Pr(Con1′)

= Pr(SINRn;k,1 ≥ Γ1)
∏
n′ ̸=n

(1− xn′;k) (A.19)

and

Pr(SINRn;k,1 ≥ Γ1) = Pr(gn;k ≥
Γ1

P1

N0)

= e−βn;k,1N0 . (A.20)
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A.3.2 For Con1′′

The probability of successful transmission with only two users, choosing l = 3

and l = 2, is given by

Pr(Con1′′, Con2)

=
∑
v ̸=n

xv;k,3

∑
m̸=v,n

xm;k,2

∏
n′ ̸=v,m,n

(1− xn′;k)ξv,m,n;k (A.21)

where

ξv,m,n;k (A.22)

= Pr(SINRv;k,3 ≥ Γ3, SINRm;k,2 ≥ Γ2, SINRn;k,1 ≥ Γ1)

Because gv;k, gm;k and gn;k are independent exponential random variables,

the above probability can be calculated by

ξv,m,n;k =
1

(qβv;k,3 + 1)ur
e−u(rβn;k,1+1)N0 (A.23)

where q = ḡm;kP2, r = ḡn;kP1, u = (qβv;k,3 + 1)βm;k,2 + βv;k,3.

A.3.3 For Con1′′′

The probability of successful transmission when there is only one user choos-

ing l = 3 or l = 2 is

Pr(Con1′′′, Con2) =
3∑

i=2

∑
j ̸=n

xj;k,i

∏
n′ ̸=j,n

(1− xn′;k)ξj,n;k (A.24)
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where

ξj,n;k = Pr

(
gj;k ≥

Γi

Pi

(N0 + gn;kP1), gn;k ≥
Γ1

P1

N0

)
. (A.25)

Because gj;k and gn;k are independent exponential random variables, the

above probability can be calculated by

ξj,n;k =
e−(1+f)o−p

1 + f
(A.26)

where f = Γi
P1ḡn;k

Piḡj;k
, p = βj;k,iN0, and o = βn;k,1N0.



B
Matlab Implementation of Deep

Reinforcement Learning

In this appendix, the Matlab implementation details of the DRL assisted

NORA are presented. MTDs become active randomly to save energy due

to inherent sporadic traffic. To simulate this, the DRL agents need to be

active or inactive based on the status of the MTDs. Matlab does have a

reinforcement learning toolbox, while it provides limited flexibility, which

makes it impossible to have full control of the agents. Therefore, the DRL

algorithms are implemented from scratch using the deep learning toolbox.

Figure B.1: Data Structure of Matlab Deep Learning Toolbox

Fig.B.1 shows the data structure of the deep learning toolbox. There is a

class called layers in Matlab, which is for the various types of network layer

provided by the deep learning toolbox, and a class called dlnetwork is for

DNNs constructed from given layers. Note that all the input and output

data of a dlnetwork are dlarray.
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Figure B.2: Matlab Implementation Diagram

The implementation diagram is shown in Fig.B.2. To train a DNN using

a customized loss function, a Matlab function called dlfeval must be used as

an interface for the automatic differentiation process to track the gradient

of the customized loss function. dlfeval must be called with the same input

and output arguments as the user-defined function fun that calculates the

loss and the gradients. In each iteration of the DRL, the action network

and the target network, and a batch of the RL tuples that contains the

current state s, the action a, the reward R, and the next state s′, are fed

to fun. fun calls forward to compute the Q-values used for calculating the

loss, and then calls dlgradient to compute the gradients with respect to the

learnable parameters of the action network. Note that every operation in

the loss calculation must be trackable by dlgradient to ensure a successful

gradients calculation. Once the gradients are acquired, a Matlab function

that updates the network parameters (e.g. adamupdate if ADAM algorithm

is adopted) can be called to update the action network parameters using the

gradients. The target network parameters are synchronized to the action
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network parameters periodically or gradually.
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