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Abstract

Native intelligence, the paradigm from embedding to bonding artificial intelli-
gence with wireless communication systems together, is crucial for rendering
scalable, low-latency, and high-efficiency services in next-generation communi-
cation systems. However, the complex nature of communication systems, such
as time-varying wireless channel statistics, user mobility, and massive connec-
tions, and the distributed data across the communication networks, renders the
conventional multi-agent training methods inefficient. This thesis proposes a

series of advanced distributed training frameworks from four perspectives.

First, a penalty-based Q-learning (PQL) scheme encourages agents in a multi-
agent reinforcement-learning (MARL) system to learn high-value actions first.
PQL stabilizes learning and outperforms learning-based baselines by more than
3% in HetNet power-control tasks reaching over 90% of the optimization solu-
tion performance. Second, a policy gradient (PG) based ADMM with second
moment (PASM) casts model sharing as a federated-learning (FL) optimiza-
tion problem, achieving faster convergence and around 20% higher test per-
formance in vehicle-to-everything (V2X) resource allocation scenarios. Third, a
rescale-invariant federated reinforcement learning (RIFRL) technique exploits
the node-wise invariance of deep neural networks by normalizing weight columns
before aggregation. This alignment enables 3 times faster convergence speed
and around 4% testing performance gain over the FedAvg-based FRL algo-
rithm in V2X scenarios. Finally, a neural collapse inspired deep supervised
FL algorithm (NCDSFL) aligns hidden features by fixing auxiliary classifier
weights at their NC solutions. The NCDSFL algorithm converges about 3 times
faster than the Fed Avg algorithm, thus reducing communication rounds in the

OFDM signal detection scenario.



Acknowledgments

During my journey as a Ph.D. student, there are many wonderful people, who
have influenced, inspired, and supported my work in their various capacities.
In retrospect,  would like to express my sincerest gratitude to them.

First and foremost, I would like to express my sincere gratitude to my super-
visor Prof. Geoffrey Li for the continuous support of my Ph.D. study and re-
search. Prof. Li has groomed me as a researcher and his guidance helped me in
all the time of research. I could not have imagined having a better supervisor
for my Ph.D. study.

I must also thank Dr. Shenglong Zhou for his help in various aspects. Besides,
the group in our lab has been a source of friendships as well as good advice
and collaboration. I wish to express my heartfelt gratitude to all members of
our lab, including but are not limited to Dr. Nguyen Van Huynh, Ouya Wang,
Bowen Zhang, Yanzhen Liu, Jiabao Gao, Guangyao Ding, Tianxin Wang, Shan

Sha, Jiawei Cao, Zijian Cao and Fabio.

Last but by no means least, I would like to thank my girlfriend, Yifan Yu, and
my parents, Guifei Ma and Huidong Xu. Thanks for the continuous love and
support, which help me stay determined and go through those hard times. This
dissertation is dedicated to them.



Publications

Journal papers:

[1] Kaidi Xu, Nguyen Van Huynh, Geoffrey Ye Li, “Distributed-training-
and-execution multi-agent reinforcement learning for power control in
HetNet,” in IEEE Transactions on Communications, 2023, pp. 5893-5903.

[2] Kaidi Xu, Shenglong Zhou and Geoffrey Ye Li, “Federated Reinforcement
Learning for Resource Allocation in V2X Networks,” in IEEE Journal of
Selected Topics in Signal Processing, 2024, pp. 1210 - 1221.

[3] Kaidi Xu, Shenglong Zhou and Geoffrey Ye Li, “Rescale-Invariant Feder-
ated Reinforcement Learning for Resource Allocation in V2X Networks,”
in [IEEE Communications Letters, 2024, pp. 2799-2803.

[4] Kaidi Xu, Shenglong Zhou and Geoffrey Ye Li, “Neural Collapse based
Deep Supervised Federated Learning for Signal Detection in OFDM Sys-
tems,” submitted to IEEE Transactions on Signal Processing.

Conference papers:

[1] Kaidi Xu, Shenglong Zhou and Geoffrey Ye Li, “Federated Reinforcement
Learning for Resource Allocation in V2X Networks,” in 2024 IEEE 99th
Vehicular Technology Conference (VIC2024-Spring), Singapore, June 2024.

[2] Shenglong Zhou, Kaidi Xu and Geoffrey Ye Li, “Communication-Efficient
Decentralized Federated Learning via One-Bit Compressive Sensing,” in
2024 IEEE 99th Vehicular Technology Conference (VTC2024-Spring), Singa-
pore, June 2024.



Contents

(1__Introduction 13
[1.1 Background and Motivation . . . . . ... ... .. ......... 14
[[.2 Titerature Reviewl . . . . . . . . . . . . . ... . i 16
(1.3 Thesis Overview and Contributions . . ... ... ... ... ... 20
[[.4 Preliminaries . . . . . . .« o o v v 23

[1.4.1 Policy Gradient| . . . .. ... ................. 23
[1.4.2 Federated Learning . . . . . . ... ... ........... 24

2 Distributed-Training-and-Execution Multi-Agent Reinforcement Learn- |

[ ing for Power Control in HetNet | 26
RI Introduction| . .. ... . ... ... ... . ... ... 27
2.1.1 Specific Contributions of this Chapter, . . . . ... ... .. 27

2.2 System Model and Problem Statement . . . ... .......... 29
2.3 Problem Description . . .. ... ................... 31
2.4 Multi-agent Reinforcement Learning Systems| . . . . . ... .. .. 32
2.4.1 IndependentQLearning . ... ................ 32
2.4.2 Proposed penalty-based Q-learning for MARL Systems| . . 33
2.4.3 Penalty-based Deep Q Learning . . . . .. ... ....... 35

2.5 Proposed DTE Power Control Scheme| . . . . ... ... ...... 37
[2.5.1 State and ObservationSpace . . . . . . ... ... ...... 37
252 ActionSpacel. .. ... ... ... .. o oL 38
.53 RewardDesign . . ............. ... ...... 38
2.5.4 Distributed Implementation Phase| . . . . . ... ... ... 39
[2.5.5 Decentralized Training Phase| . . . . ... .......... 39
5.6  Network Structurel . . ... .. ................ 41
[2.5.7 Training and Implementation Complexity| . . . . . . . . .. 43

6



2.6 SimulationResults . ... ... ... ... ... . . ..., 44

2.7 Conclusions and future research directions| . . . .......... 53

3 Federated Reinforcement Learning for Resource Allocation in V2X |

[ Networks 54

B.1 Introduction| . . .. .. ... ... L 55

B.1.1 Specific Contributions of this Chapter, . . . . ... ... .. 56

.2 System Model and Problem Formulation. . . . .. ... ...... 58

3.3 FRL via Inexact ADMM and Policy Gradient . . .......... 62

3.3.1 Multi-Agent Policy Gradient . . . .............. 62

2 Inexact ADMMJ| . ... ... . ... oo 64

B33 SecondMomentl . . . . ... ... 66

B.3.4 Convergence Analysis| . . . ... ............... 68

‘ PASM for Resource Allocation in V2X Networks| . . . . ... . .. 70

B.5 SimulationResults . . ... .............. .. .. .. .. 73

B.5.1 Effect of Second Moments . . .. ... ............ 74

B52 Scenarioll. . . .. ... ... 76

B53 ScenarioIll . . . ... ... 77

B.6 Conclusionl . . . ... ... .. 80

B.7 Proofoflemmal3.3.1 . . ... ... ... ... .. .. .. .. .. 81

B.8 Proofof Theoreml3.3.2 . ... ... ... .. ... .......... 83

4 Rescale-Invariant Federated Reinforcement Learning for Resource |

L__Allocation in V2X Networks | 90

41 Introduction . . . . .. .. ... 91

K4.1.1 Specific Contributions of this Chapter, . . . . ... ... .. 91

4.2 System Model and Problem Formulation. . . . ... ... ... .. 92

4.3 Framework of RIFRL| . . . . . . . ... ... ... 94
4.3.1 Multi-agent POMDP and policy gradient for the V2X sys-

tem ... 94

K432 RIFRLalgorithm| . . . ... ... ... ... ........ 97

4.3.3 Rescale for ReLU activated linear layers| . . . . . ... ... 97

4.4 Simulation Results . ... ... ... ... ... ... .. ... 101

45 Conclusionl . . . .. ... ... 105



[5> Neural Collapse based Deep Supervised Federated Learning for Sig-

| nal Detection in OFDM Systems |

/5.1.1 Specific Contributions of this Chapter, . . . . ... ... ..

/5.2 Multi-Binary Classification|. . . . . . ... ..............

[5.2.1 Problematic

Description| . . . .. ... ... ... ...

/5.2.3 Deep supervised DNNs with NC Weights . . . . . ... ..

/5.3 Neural Collapse inspired Deep Supervised Federated learning| . .

[5.3.1 Federated Learning . . . . . . ... ... ...........

/5.3.2 DS DNNs with NC Weights inFL|. . . . . ... .......

/5.3.3 The NCDSFL Algorithm| . . . ... ... ...........

[5.3.4 Application

to Signal Detection . . . . .. ... .......

.4 Simulation Results

6 Summary and Future Directions

(6.1 Summary|. . . . .
62 T Ditecti

[References|

106
107
107
109
112
112
113
115
118
118
119
120
121
124
125
126
132
133
133
136

138
139
141

143



List of Figures

2.1 HetNet with two different tiers, which includes a macro-cell AP |

and multiple small-cell APs| . . ... ................. 29
2.2 Network structure of dueling DON/ . . ... ... ... ...... 42
2.3 HetNet with threetiers. . . . . . . ... ... ... ... ... ..., 44

2.4 Average sum-throughput performance of different algorithms in |

the training phase. . . . . . .. ... ... . .. o L 47

|2.5 Relative performance of different algorithms in the training phase.| 47

2.6 Relative performance of different algorithms in the training phase |

whenp=0/| ... ... . . ... . .. 49

2.7 Average sum-throughput performance of different algorithms in |

the training phase in the HetNet with 4 additional third-tier cells| 50
2.8 Relative performance of different algorithms in the training phase

in the H ith 4 itional third-tiercells.] . . . . . .. .. .. 50

2.9 Relative performance of different algorithms in the training phase |

| with different-structure DQNs deployed at different-tier APs| . . 52
B.1 The V2X network diagram| . . . . . .. ... ... .......... 58
.2 Descending objective function| . . . . . ... ... ... ... .. .. 66
PA rkflow in a V2X n rk with hicles.|. . . . ... .. 70

B.4 Moving average reward during the training phase in the two sce- |

| NALIOS. . « v v v o v e e e 75
3.5 V2V link packet delivery rate versus V2V link playload size| . . . 76
B.6 Moving average reward of two algorithms during the training |

| phase.. . . . .. 78
41 Node-wiseinvariance] . . ... .................... 98
k4.2 Moving average reward of 3 algorithms.|. . . . . ... ... .. .. 102




4.3 V2V delivery probability of 5 algorithms. . . . ... ... ... .. 103
k4.4 V2V delivery probability of 5 algorithms. . . . ... ... ... .. 104
b.1 Systemdiagram| . ... ... ... .. ... 111
5.2 Adeepsupervised DNN| . . . . ... ... ............. 116
b.3 (Wo,Wi)vs.epochs . .. ...................... 125
b4 9(W)vs.epochs| ... ... ... ... ... 126
5.5 Testing BER v.s. epochs (SNR=10dB)| . . . . ... .......... 127
b.6 Testing BERv.s.epochs| . ... .................... 128
p.7 Testing BERvs.SNR| . ... ... ..... ... .. ... .. ..., 129
5.8 Testing BERv.s.epochs|. . . .. .. ... ... .... 130
0.9 Testing BERvs.SNRl . .. ... . ... ... ... ... .... 130
[5.10 Testing BER v.s. epochs (SNR=10dB)| . . . . ... ... ... .... 131

List of Tables

3.1 Simulation Parameters [1] . . ... ... ... ... ... ...... 73
B.2  Testing performance (V2V link packet delivery rate) of Scenario

[ with different (N, K) pairs| . . . ... ................ 77
B.3  Testing performance (weighted average rate of all links) of Sce-

nario Il with different (N, K) pairs . . . ... ... ......... 79

10



Abbreviations

AC Actor-Critic
ADMM Alternating Direction Method of Multipliers
APs Access Points

AR Augmented Reality

AWGN Additive White Gaussian Noise

BER Bit Error Rate

BRIO Backward Rescale-Invariant Operation
BS Base Station

CSI Channel State Information

CTDE Centralized-Training-and-Decentralized-Execution
DDPG Deep Deterministic Policy Gradient
DFT Discrete Fourier Transform

DL Deep Learning

DNN Deep Neural Network

DON Deep Q-Network

DRL Deep Reinforcement Learning

DS Deep Supervision

DTE Distributed-Training-and-Execution
ETF Equiangular Tight Frame

FL Federated Learning

FRL Federated Reinforcement Learning
HetNets Heterogeneous Networks

HQL Hysteretic Q Learning

iid independent and identically distributed
IQL Independent Q Learning

KPI Key Performance Indicator

LLMs Large-Language Models

MADDPG Multi-Agent Deep Deterministic Policy Gradient
MADRL Multi-Agent Deep Reinforcement Learning
MAPPO Multi-Agent Proximal Policy Optimization
MASC Multiple-Actor-Shared-Critic

11



MIMO
MMSE
MPG

NC
NCDSFL
NFSP
NGMA
NLoS
OFDM
OFDMA
PASM
PDPs
POMDP
PQL
ReLU
RIFRL
RIS

RL

SINR
TD

UDs

VR

V2I

v2v
Va2X
WCDMA
WINNER II
WMMSE

Multiple-Input Multiple-Output

Minimum Mean Squared Error

Markov Potential Game

Neural Collapse

Neural Collapse inspired Deep Supervised Federated Learning
Neural Fictitious Self-Play

Next Generation Multiple Access
non-line-of-sight

Orthogonal Frequency Division Multiplexing
orthogonal frequency-division multiple access
PG-based ADMM with a Second Moment
Power Delay Profiles

Partially Observable Markov Decision Process
penalty-based Q-learning

Rectified Linear Unit

Rescale-Invariant Federated Reinforcement Learning
Reconfigurable Intelligent Surface
Reinforcement Learning
Signal-to-Interference-plus-Noise Ratio
Temporal Difference

User Devices

Virtual Reality

Vehicle-to-Infrastructure

Vehicle-to-Vehicle

Vehicle-to-Everything

Wide-band Code-Division Multiple Access
Wireless World Initiative New Radio (Phase II)
Weighted Minimum Mean-Squared Error

12



Chapter 1
Introduction

This chapter introduces the thesis along with its backgrounds, motivations and
the overview, as well as some preliminaries of this thesis. Further details on

the four subtopics will be described in later chapters as required.
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1.1 Background and Motivation

Wireless communication systems have undergone rapid evolution over the
past several decades, marked by a series of milestone technologies that de-
fine each new generation, such as Wide-band Code-Division Multiple Access
(WCDMA), Orthogonal Frequency Division Multiplexing (OFDM), Multiple-
Input Multiple-Output (MIMO) and millimeter-wave communication [2-5]. The
upcoming 6G systems are expected to offer significantly enhanced features
compared with 5G, including much higher speeds, lower latency, and increased
capacity, with the potential to support applications like holographic communi-
cation and Al-driven services [6]. This raises the need for high-efficiency real-

time resource allocation and signal processing algorithms.

Conventional communication systems have several limitations that prevent
them from satisfying 6G requirements. Conventional communication systems
are usually divided into different modules and then optimized separately as
optimization problems based on specific requirements and aims. However,
these mathematical models can be inaccurate in real communication systems
due to non-ideal effects, such as nonlinearity of power amplifiers, time/fre-
quency offsets and phase noise, which are difficult to formulate by the math-
ematical models. In addition, even with ideal models, the formulated opti-
mization problems are usually non-convex and NP-hard [7]. To solve these
optimization problems, global channel state information (CSI) and centralized
iterative algorithms, which can find sub-optimal solutions with good perfor-
mance, are required [8,9]. Nevertheless, they are impractical in real systems
because of the lack of global CSI and high complexity.

Deep Learning (DL) is a promising technique to address the aforementioned
challenges [10]. Compared with conventional model based methods, DL-based
methods can directly learn implicit information from the training data and
jointly optimize different communication modules wherever the gradient can
be propagated through, which cannot be expressed by mathematical models
and result in a performance gain. However, the performance of DL-based
methods is highly dependent on the quality of the training dataset. The dataset
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of wireless systems is usually different from that investigated in computer vi-
sion field. Wireless datasets are usually more complicated and distributed
across all wireless network entities. For example, the achievable rate has a
more complex expression than classification labels and this information with
its related CSI are distributed in each pair of transmitter and receiver. Col-
lecting all data over the network can be expensive and a violation of privacy.
This results in inefficiency of the training algorithms from the DL community.
Therefore, we use DL to develop low-complexity real-time distributed and ef-
ficient resource allocation and signal processing schemes for wireless commu-
nication systems and propose novel distributed training algorithms to train the

distributed intelligence for wireless systems from different perspectives.
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1.2 Literature Review

DL has been recognized as a powerful tool to enhance wireless communica-
tion systems from various perspectives, such as distributed resource alloca-
tion, networking and mobility management and signal detection [11517]]. Typ-
ically, DL can be classified into three major categories, supervised learning, un-
supervised learning and reinforcement learning (RL), based on their learning

paradigms [18].

Supervised learning learns the map from the input data to the ground-truth
label data. In wireless systems, the datasets are usually generated by simula-
tions. The deep neural network (DNN) in [10] learns the map from available in-
formation to desired sub-optimal solutions, which are generated by weighted
minimum mean-squared error (WMMSE) algorithm [8], in a NP-hard power
control problem. Similarly, the authors of [19] proposed to use DNN to learn
the behavior of Hungarian algorithm [20] to reduce the complexity. In [13], the
authors propose to use a DNN as the neural receiver for joint channel estima-
tion and signal detection in an OFDM system. In [14], the authors proposed us-
ing a channel estimation DNN to replace the interpolation procedure to exploit
implicit subcarrier correlations and obtained a performance gain over conven-
tional methods. End-to-end designs are later proposed in [15,16], where DNN5s
are employed as both transmitter and receiver. All of these neural receivers
used transmit symbols as ground-truth labels to supervise the DNNs, which

are not always available in real wireless systems.

Unsupervised learning usually involves discovering hidden patterns or struc-
tures from unlabeled data, while in the context of wireless system applications,
unsupervised learning usually refers to directly optimizing the objective func-
tion that is related to system performance and thus does not need ground-truth
labels. The authors of [21] proposed to use DNN to directly maximize the
system sum-throughput in a data-driven unsupervised learning manner. By
leveraging the model knowledge, an iterative algorithm induced DNN was
proposed in [22] to solve the precoding problem in a MISO system, which un-

folds the WMMSE algorithm and introduces some learnable parameters. Simi-
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larly, the model-driven DNN in [23] efficiently allocates transmit power in cel-
lular networks addressing the interference management challenge. These algo-
rithms no longer need labeled data and can outperform the optimization based
iterative algorithms with lower complexity under some simulation conditions.
However, they still require a differentiable loss function, which is not always
available in real systems, such as system sum-throughput and its correspond-

ing gradient information.

In addition to supervised learning and unsupervised learning, deep RL (DRL),
especially multi-agent DRL (MADRL), as an effective tool in machine learning,
which does not require a differentiable reward function or labels for training,
has gained popularity in recent years and has been extensively employed to
solve various problems in wireless networks, such as network slicing and dis-
tributed resource allocation for vehicular networks [24]. There are two main
categories of DRL used in wireless communication systems, value-based DRL

and policy-optimization DRL.

Value-based DRL, such as those represented by Deep Q-Network (DQN), uses
a DNN to estimate the expected accumulated reward for each action at a given
state [25]. The authors in [26] have developed a MADRL based power con-
trol algorithm for homogeneous cellular networks, where a training center has
been employed to train the common DNN parameters for all agents, by ex-
ploiting information exchange among neighboring APs and UDs. DQN is also
extensively applied in resource allocation for vehicle-to-everything (V2X) net-
works. In [27], each vehicle is treated as an agent and makes decisions on sub-
spectrum and transmitted power selection with limited transmission overhead.
To address the scalability issue, the MADRL-based resource allocation scheme
in [28]] allocates transmit power and sub-channels in a distributed manner in a
vehicle-to-vehicle (V2V) network, where fingerprint [29] is employed to stabi-
lize the multi-agent system. The MADRL algorithm is further enhanced in [30]
by graph neural networks.

Policy-optimization DRL directly learns a policy DNN to predict the action
for a given state [31]. The deep deterministic policy gradient (DDPG) algo-
rithm [32,33] jointly allocates power and sub-spectrum for cellular networks
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in [34]. In [35], the actor-critic (AC) architecture with a continuous action space
is employed to jointly optimize transmit power, resource allocation, and UAV
trajectory in a joint radar and communication multi-UAV cooperative detection
scenario. The multiple-actor-shared-critic (MASC) method in [36] trains the
power control policy NNs deployed at each AP in the HetNet. In [37], DDPG
is employed to solve the power allocation in D2D-based V2V communications.
In [38], a proximal policy optimization [39] DRL algorithm was proposed to
optimize the phase-shift matrix of the reconfigurable intelligent surface (RIS)
in RIS-assisted full duplex 6G-V2X communications.

The performance of DL-based methods is highly dependent on the quality of
the training dataset. However, as mentioned in Section [1.1} in wireless com-
munication networks, data is typically distributed in a decentralized fashion,
as different entities generate and store different parts of the data. Consider-
ing the data privacy, this results in the local observability and data silos. To
address the challenges, federated learning (FL) is a promising technique and
has been applied to wireless communication scenarios [40,41]. In a typical
FL system, there is a central server aggregating/broadcasting model param-
eters from/to the clients without raw data exchange. The aggregated model
integrates knowledge from the clients with partial observation on the wireless
environment and thus has good generalizability on the global wireless envi-
ronment. For instance, an online personalized FL algorithm is designed to col-
laboratively train the neural receiver among multiple cells [42]. However, the
local datasets of clients are usually heterogeneous due to users’ local observ-
ability, which can lead to slow convergence speed of the FL algorithm and thus

increase communication overhead [43].

In addition, FL can be used to train agents in a MADRL system, allowing
each agent to learn the knowledge beyond its observability without sharing
raw data while preserving privacy, which is termed as federated reinforce-
ment learning (FRL) [44-47]. For example, in [46], FRL trains agents for dy-
namic channel access and power control in a distributed manner while preserv-
ing user privacy and reducing communication overhead. A federated MARL

scheme in [47] optimizes the cellular sum rate and the reliability and delay
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requirements of V2V links, where the FL addresses the limitation of partial ob-
servability and accelerate the training process. A meta FRL framework was
proposed in [48] to distributively maximize energy efficiency while ensuring
quality of service for users in cellular networks. However, all the aforemen-
tioned works only exploit the most basic FL framework, the FedAvg algo-
rithm [40], which suffers from its independent and identically distributed (iid)
assumption on clients” datasets and low aggregation efficiency. This can lead
to additional communication rounds and performance degradation when im-

plementing in real wireless systems.
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1.3 Thesis Overview and Contributions

Sixth generation (6G) communication systems are expected to be Al-empowered,
or native intelligent networks. Therefore, to address the aforementioned chal-
lenges in training native intelligent wireless networks, in this thesis, we inves-
tigated advanced distributed training schemes for native intelligent wireless
networks from different perspectives, i.e., better cooperation among agents,
more advanced optimization framework for FL, better model alignment and

better feature alignment.

In Chapter 2, we proposed a MADRL based power control scheme for the het-
erogeneous networks (HetNet), where each access point makes power control
decisions independently based on local information. To promote cooperation
among agents, we developed a penalty-based Q-learning (PQL) algorithm for
MADRL systems. By introducing regularization terms in the loss function, each
agent tends to choose an experienced action with high reward when revisiting
a state, and thus the policy updating speed slows down. In this way, an agent’s
policy can be learned by other agents more easily, resulting in a more efficient
collaboration process. We then implemented the proposed PQL in the con-
sidered HetNet and compared it with other distributed-training-and-execution
(DTE) algorithms. The simulation results show that our proposed PQL can
learn the desired power control policy from a dynamic environment where the
user locations change episodically and outperform existing DTE MADRL algo-
rithms.

In Chapter 3, we explored resource allocation in a V2X network under the
framework of FRL. Specifically, on one hand, the usage of RL overcomes many
challenges from the model-based optimization schemes. On the other hand,
FL enables agents to deal with a number of practical issues, such as privacy,
communication overhead, distributed learning, and exploration efficiency. The
framework of FRL is then implemented by the inexact alternating direction
method of multipliers (ADMM), where subproblems are solved approximately
using policy gradients and accelerated by an adaptive step size calculated from
their second moments. The developed algorithm, policy gradient based ADMM
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with a second moment (PASM), is proven to be convergent under mild con-
ditions and has a nice numerical performance compared with some baseline
methods for solving the resource allocation problems in a V2X network.

In Chapter 4, we further exploited FRL in V2X networks from a different per-
spective. The data discrepancy among individual agents can significantly de-
grade the performance of FRL-based algorithms. To address this limitation,
we exploited the node-wise invariance property of ReLU-activated neural net-
works, with the aim of reducing data discrepancy to improve learning perfor-
mance. Based on this property, we introduced a backward rescale-invariant
operation (BRIO) to develop a rescale-invariant FRL (RIFRL) algorithm, which
rescales the DNNs at all clients to reduce the model variance while keeping
their input-output maps unchanged. Simulation results demonstrate that the
proposed algorithm notably enhances both convergence speed and convergent

performance.

In Chapter 5, we investigated the signal detection scenario, where user devices
have local datasets characterized by different power delay profiles (PDPs). FL
is used to deal with this local observability issue while preserving data privacy.
In addition, to mitigate the impact of data heterogeneity, we proposed a Neural
Collapse inspired Deep Supervised Federated Learning (NCDSFL) algorithm
to reduce the communication rounds with little additional costs by adding a
regularization term to local loss function of each client. The NCDSFL exploits
the NC phenomenon that appears in the terminal phase of training and de-
scribes the optimality conditions for the penultimate hidden features and the
classifiers. The NC weights are used as fixed auxiliary classifiers and output
classifiers to guide the hidden features of different clients to converge to the
same subspaces characterized by the same set of NC weights. Moreover, we
defined the NC form for the multi-binary classification problem and proved
its optimality theoretically. Simulation results validate the NC phenomenon in
the considered multi-binary classification problem and show that our proposed
NCDSFL algorithm has more efficient aggregation step and thus converges sig-
nificantly faster than Fed Avg algorithm.

In Chapter 6, we summarized conclusions of this thesis and discussed future
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research directions.

The key contributions of this thesis are a series of improved distributed training
algorithms for intelligent networks from four different perspectives, which can
be summarized as follows.

* We proposed the DTE PQL algorithm to solve the power control problem
in HetNets, which promotes the cooperation among agents by introduc-

ing a regularization term to the local Q loss function.

* We proposed the PASM algorithm, which incorporates the second mo-
ment, policy gradient and inexact ADMM, to train the MADRL system in
a FL manner for V2X systems.

* We proposed a RIFRL algorithm, which exploits the rescale invariant
property of ReLU activated DNNs to align client models, to train the
MADRL system for V2X systems.

* We proposed a NCDSFL algorithm, which exploits the NC phenomenon
and DS technique to align the hidden features with little cost, to train the
signal detection DNNSs in a FL manner addressing the data discrepancy
challenge.

The following chapters 2-5 are based on three published papers [49-51] and

one manuscript [52] under review.
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1.4 Preliminaries

1.4.1 Policy Gradient

PG is an important policy optimization algorithm. It directly optimizes the pol-
icy to maximize the expected cumulative reward. Specifically, an RL problem
can be defined by a tuple < S, A, R, P, py >, where S denotes the state space of
the environment, A is the action space, P(s;+1]st, ;) is the transition probabil-
ity function, R(a, s;) is the reward function, and py(s;) denotes the initial state
distribution.

At time ¢, the agent takes its action a, € A based on its policy mg(a¢|s;) in
state s, € S, where 0 is a collection of the trainable parameters of the pa-
rameterized policy. The environment then returns a reward based on the re-
ward function, r; = R(ay,s;), and transits to the next state s;;; € S based
on the transition probability function P(s;;1|st, a;). Assume that each episode
consists of 7' time slots. Then we can write the trajectory of one episode as
T = {s1,a1,71,89,a2,72,...,87, ar, 7 }. The objective of the agent is to maximize
the expected cumulative reward over all possible trajectories by optimizing the
policy, i.e., to maximize,

J(8) = E(G(r), (L.1)

where G(7) = )_,(r(7)) denotes the reward sum of trajectory 7. The probabil-
ity of trajectory 7, P(7), is determined by the state transition probability, the ini-
tial state and the policy. More specifically, we can write Py(7) = C ], mo(as|s:),
where C' = py(s1) [ [, P(st+1]st, at) is a positive value determined by the state

transition probability and the initial state. Then we have,

J(6) = Pa(r)G(7). (1.2)
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By taking derivative, we have the following PG,
Veod = Vi > Po(T)G(7)

= Z G<T)V7T9P9(T)

- (1.3)
= Z Py(17)G(T)Vr, log Py(T)

~E,(G(1) Z Vo, log mg(als)).

With the estimate of PG (1.3), we are then able to directly optimize the policy

via stochastic gradient ascent methods.

1.4.2 Federated Learning

FL is a distributed training paradigm, which allows multiple parties, or clients,
to cooperatively train a machine learning model while ensuring data privacy
and security [40]. Therefore, in a typical FL architecture, data and the learning
process are distributed across the clients. Raw data are not exchanged. Instead,
clients transmit only model updates to a coordinating server. The shared model
aggregated from different clients learns from diverse datasets and thus usually

generalizes better than the model trained on a single client dataset.

Formally, a canonical centralized FL system has one server and K clients aim-
ing to learn a global model for all clients to minimize the total loss function
without raw data exchange. The learning process can be formulated as an op-

timization problem,

min Z L(x*; D),

x,xkeF ke[K] heK] (14)

s.t. xt =x, ke [K],

where x*, x, 7 and D* denote the trainable local parameters at client k, the
shared global parameters, the feasible region, and the private dataset of client
k, respectively, L(-;-) denotes the local loss function used to train the model
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locally and depends on the local parameters and the local dataset.

FL solves problem in a distributed manner. Specifically, the learning pro-

cess repeats the following three key steps until the some terminating conditions

are met:

Local update: Each client updates its local model based on its local parame-
ters and dataset by gradient descent, that is, x"*! = x** — o/V_ ... L(x"; D¥),

or other optimizers such as Adam [53]]. o/ is a descending learning rate.

Aggregation: After several local updates, all clients send their trained local

model parameters to the server. The server aggregates the models by aver-

DI kt+1
_ xRt
> DY

Broadcast: The server then broadcasts the aggregated global model to all

aging the received parameters, i.e., x =
k

clients, and each client replaces its local model with the received global model.

This learning process is known as the FedAvg algorithm and has been theo-

retically proven to converge under the standard assumptions in non-convex
settings [54].
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Chapter 2

Distributed-Training-and-Execution
Multi-Agent Reinforcement

Learning for Power Control in
HetNet

In this chapter, we focused on promoting cooperation among agents in a multi-
agent deep reinforcement learning (MADRL) empowered Heterogeneous Net-
work (HetNet), where MADRL was employed to allocate power for each Ac-
cess Point (AP) in a distributed manner based on local observations about the
wireless environment. Specifically, we introduced a regularization term into
the local Q loss function, which penalizes the low-reward state-action pairs
during the training phase so that the agents tend to learn the Q value of high-
reward state-action pairs first. In this way, the agents’ policy updating speed
slows down, and the learning process is thus stabilized. The resulting penalty-
based Q-learning (PQL) algorithm promotes cooperation among agents with
the cost of additional regularization terms in the training. Simulation results

validate the effectiveness of our proposed PQL algorithm.
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2.1 Introduction

Modern wireless networks handle an enormous amount of data traffic to sup-
port a huge number of wireless devices with data-hungry applications like aug-
mented reality (AR), virtual reality (VR), machine learning services, and ultra-
high definition video streaming [55-57]. In conventional cellular networks, a
macro Base Station (BS) needs to provide access to the core network for all
User Devices (UDs) in the cell. To offload the heavy wireless traffic from those
macro BSs, Heterogeneous Network (HetNet) is a promising technique [58]. In
HetNets, different-tier Access Points (APs) coexist in one macro cell, where a
macro AP is deployed in the center of the cell. Small-cell APs, including femto-
cell and pico-cell APs, are deployed in the inner regions to offload data traffic
or at the macro cell edges to enhance the coverage. These densely deployed
low-power and low-cost small-cell APs can increase the spatial and the spec-
trum efficiency but suffer from severe cross-tier and co-tier interference. As a

result, interference management has attracted great research interest.

To suppress interference, various approaches including both conventional model
based methods and Deep Learning (DL) based methods have been developed
as we have reviewed in Section 1.2. However, conventional methods require
global Channel State Information (CSI) and high computational complexity,
and Deep Reinforcement Learning (DRL) based resource allocation algorithms
in the literature are Centralized-Training-and-Decentralized-Execution (CTDE)
schemes and require a training center to train the Deep Neural Networks (DNNs).
To address the above challenges, this chapter aims to develop a Distributed-
Training-and-Execution (DTE) power control algorithm based on Multi-Agent
Deep Reinforcement Learning (MADRL) for HetNets.

2.1.1 Specific Contributions of this Chapter

We study the power control problem in a single-antenna multi-tier HetNet,
where a macro AP is deployed in the center of the cell and several small-cell
APs are deployed within the macro cell to enhance the performance of cell-edge

UDs. A novel multi-agent penalty-based deep Q learning scheme is proposed
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to carry out the DTE power control scheme for HetNet. Our main contributions

can be summarized as follows:

* We propose a MADRL-based DTE power control scheme for HetNets,
where each AP acts as an agent. Specifically, at each AP, a DQN is de-
ployed to determine the transmit power independently and simultane-
ously with some exchanged information from neighboring APs. The pro-
posed learning framework for HetNets can be trained and implemented

in a distributed manner and thus has good scalability.

* We propose a novel PQL for multi-agent reinforcement learning (MARL)
systems to promote cooperation among agents. In PQL, each agent tends
to choose an experienced action with high reward when revisiting a state,
and thus the policy updating speed slows down. Compared with the
MARL learning algorithms in [59,/60], which slow down the policy up-
dating speed by maintaining an averaged policy, PQL focuses on learn-
ing the high-reward experiences first and thus slows down the updating.
Therefore, it is easier for other agents to learn the policy of this agent and
thus results in a more efficient collaboration process. Compared with the
most basic MARL algorithm, i.e., independent Q learning (IQL) [61], PQL
only adds a few regularization terms in the loss function. Hence, there is
almost no extra cost to implement PQL than the basic IQL in a MARL
system. We develop both Q table based and DQN-based PQL for general
MARL problems.

¢ We implement our proposed PQL algorithm in the considered HetNet
and compare it with other DTE MARL algorithms. Simulation results
show that our proposed PQL can learn the desired power control policy
from a dynamic environment where the locations of UDs change episodi-
cally, resulting in a better performance compared with IQL and hysteretic
Q learning (HQL) [62].
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Figure 2.1: HetNet with two different tiers, which includes a macro-cell AP and
multiple small-cell APs

2.2 System Model and Problem Statement

We consider a distributed power control problem in a single-antenna HetNet
as illustrated in Fig. 2.1l Within a macro cell, several small cells are deployed
to offload transmission traffic or to enhance coverage. There are K’ APs and K
UDs denoted as k € K = [0,..., K — 1], where AP 0 is the macro AP, and AP k
serves UD k. All APs within the macro cell share the same spectrum to serve
the K UDs and may cause interference to others. We consider a synchronized
system to simplify the interference model and all channels are modeled as block
fading as in [63]. The channel gain, including transmission-link channel gain
and interference channel gain, between AP k£ and UD m at time ¢ is modeled as,

ht k — \/ 5m7kg,fn’k,,vm, k 6 ’C, (2.1)

where g/, ;. € Cis the corresponding small-scale Rayleigh fading and £, ;. is the
large-scale fading, which is determined by the path-loss and log-norm shad-

owing and remains unchanged over a long time period. We use Jakes fading
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model [64] for the small-scale Rayleigh fading update, which can be expressed
as follows,
Ik = PO + V1 = p2ig, 1, ¥m k, € K (2.2)

where !

m,k>’

larly symmetric complex Gaussian random variables with unit variance. The

Vm, k € K are independent and identically distributed (i.i.d.) circu-

correlation coefficient is p = Jy(27fpT’), where Jy(.) denotes the 0-th order
Bessel function of first kind and fp and 7" are the maximum Doppler frequency
shift and the time slot duration, respectively.

At time slot ¢, AP k transmits signal to user k£ with transmit power P}. Assume

the signal transmitted to user & is s, then the received signal at user k can be

Vb = hier/ Plsk+ Y bl / Phsh + (2.3)
N——— k#k

Desired signal - 4

Interference

expressed as,

where n; denotes the additive white Gaussian noise (AWGN) with a variance
of oZ. In the right side of (2.3), the first term is the desired signal, while the
second term is the interference term, which includes both cross-tier and co-tier
interference. Therefore, the corresponding signal-to-interference-plus-noise ra-

tio (SINR) at user k£ can be expressed as,

|ht |2Pt
(P) = e

Zk’;«ék |h§€,k/|2pt’ + Ui%

where P' = { P} | Vk € K} denotes a collection of transmit powers from all APs.
The achievable rate of UD k can thus be expressed as r}(P*) = log(1 + ~L(P?)).
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2.3 Problem Description

We aim to maximize the system sum-throughput via optimizing transmit power
of all APs in each time slot ¢. This power control problem can be formulated as
follows,

t (Pt
max Zrk(P ),
kek (2.5)
st. P, < PP Vk e K,

where P"** is the maximum transmit power budget of AP k.

In HetNet, different-tier APs have different transmit power budget, i.e., differ-
ent P;"** for each AP k, and observe the environments with different statistics,
which makes it more difficult for agents to learn the desired power control
policy. In addition, the dynamic wireless environment with rapidly varying
channels requires each AP to make decisions based on partial CSI only and
to adjust transmit power before the data transmission stage starts so that the
transmit power can maximize the system sum-throughput in every time slot.
However, the interference CSI hfmk,Vm, k € K,m # k is usually difficult to
estimate in real systems, which is crucial when solving problem by con-
ventional algorithms. Therefore, traditional optimization based power control
algorithms [8,9] fail to be implemented in real-time systems due to the lack
of global CSI and their high computational complexity. Although DL-based
methods can be trained to predict transmit power based on only partial CSI
in a low-complexity manner, the lack of interference CSI leads to the lack of
ground truth and gradients of the objective function, and thus limiting the ef-
fectiveness of both supervised learning [10] and unsupervised learning [21]
methods, if considering the training phase of the DL-based methods. Finally,
the scalability problem should be taken into account due to the huge number
of APs in real systems. It is thus difficult for centralized DL-based methods to
obtain the data and to learn the optimal policy in large-scale wireless systems.
Therefore, it is necessary to develop DTE MADRL-based power control algo-
rithms, which will be present in detail in the following sections, to effectively
solve the aforementioned challenges.
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2.4 Multi-agent Reinforcement Learning Systems

A partially observable MARL system can be described as a partially observable
Markov decision process (POMDP), which is defined by a tuple < N, s, agk),
R®M 2P PO > Specifically, for a MARL system with N agents, in each time
step ¢, each agent k observes the environment in state s, and obtains a local
observation of the environment zgk) = O(sy, k), where O(.) is the observation

function mapping the environment state s, to the specific observation 2" of

agent k. Then, based on the local observation zgk), agent k chooses its action

al®, which is a part of the system joint action a,. All agents implement the
joint action a; and interact with the environment. Each agent k receives a local
reward Rt(k) from the environment and the environment state evolves to next
state s;; with transition probability P(s:;1 | s:, a;). Thereafter, each agent &

receives a new observation of the environment, zg +)1 = O(st41, k).

In general, the MARL-powered wireless systems can be formulated as coop-
erative and endless games In this chapter, we focus on cooperative games,
where all agents share the same reward or they have a common potential func-
tion [65]. We promote cooperation by sacrificing the accuracy of Q value of
some sub-optimal actions. To illustrate, we start with the basic learning scheme
in MARL, IQL [61]].

24.1 Independent Q Learning

IQL is a direct extension from single-agent reinforcement learning to MARL,
where each agent treats other agents as a part of environment. Therefore, each
agent needs to learn both the environment transition and the policy of other

agents. Each agent k aims to learn an optimal policy 7*) that maximizes the

1When involving POMDP, researchers usually use a concept, “belief”, to describe the
agent’s belief about the invisible environment state. In this chapter, we assume each agent’s
observation can well reflect its belief. We thus only use observation to stand for each agent’s
local state.

2Although the interference among different cells makes APs perform like a competitive
manner, in most cases, we have a network-wise key performance indicator (KPI) to capture the
system performance. Therefore, all APs, in fact, cooperate together to maximize the system
KPL
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cumulative discounted reward,
k
V5 (s) = R + Z YR, (2.6)

where 7 is the discount factor.

In the traditional IQL, each agent maintains a Q table to record the Q values
of all observation-action pairs of the agent. The Q values are learned from the
experiences of the agents interacting with the environment. When receiving an
experience tuple e =< 2F al® rM ztil >, agent k updates its Q table as
follows,

Qu(z™, a") « Q2 a™) + as™®, (2.7)

where (5§k) = ng) + v max,«x) Qk(zg?l, a*(k)y — Qk(zgk), a,g ) is the temporal dif-
ference (TD) error. « is the learning rate.

InIQL, each agent learns its Q table based on its own experience in a distributed
manner with other agents’ policies treated as a part of the environment. How-
ever, since all agents keep updating their policies simultaneously, the environ-
ment observed by one agent is no longer static, which violates the assumption
of Q learning that the environment state transition probability matrix is fixed.
The varying policies of other agents make it difficult for the agent to learn the
environmental dynamics and leads to instability and performance degradation
of IQL.

2.4.2 Proposed penalty-based Q-learning for MARL Systems

One major challenge of MARL in wireless communication systems is that the
reward structure is very complex. Many different resource allocation solutions
have similar performance, which results in the fact that at a specific observa-
tion, the Q values of different actions are close to each other. On the other hand,
for each agent, the covariance of Q value for a specific observation-action pair
increases because of the uncertainty of other agents’ policies. Therefore, dur-
ing the training phase, the update of Q table can easily lead to the change of

the action with the maximum Q value given an observation. This can result in
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Qk(zgk)a a® k k k k
Qu(z? a®) — 3, ifa® £ aPand CH(e) > tiand CH(z", a®) < 1,

2.8)

Ve {Qk(zﬁk), a("")) + aét(k), ifa® = agk),

the rapid change of the policy and thus make it harder for agents to learn to
cooperate. We promote the cooperation by slowing down the policy updating
speed and focusing on the experiences with high reward. That is to say, during
the training phase, agents will tend to choose an experienced action with high
reward when revisiting an observation and thus learn the Q values of these

high-reward observation-action pairs first.

In RL systems, the policy of an agent is given by 7*) = arg max,u Qx(z\",a®),
which means the selected action is determined by the maximum Q value given
an observation z\". Therefore, in our proposed PQL, we sacrifice the accu-
racy of non-maximum observation-action Q values to let the agent stay on
observation-action pairs with high reward first. Specifically, we modify the

), instead of

learning steps of the IQL. When receiving an experience tuple egk
updating the Q value of one observation-action pair, PQL updates the Q values
of all actions given the observation z{"). The PQL updating rules are expressed
as in (2.8), where 6" is the corresponding TD error. (3 is the penalty factor.

Ck(e™) and Ck(z",a®) are conditional variables, whose expressions are as

follows,
Cf(ef”) = R +ymax Qu(z, a™) —max @iz a"®), (29
a a*
(2. a") = max Qu(z”,a"®) — Q" a®). (2.10)
a*

Specifically, C’f(egk)) is used to determine whether the received experience tu-
ple is ”significantly good”, and Cé“(z,gk), a®) is used to select those actions with
estimated Q values close to the maximum Q value at the current observation

zgk). t; > 0 and ¢, > 0 are two thresholds.

With the PQL updating rules in (2.8), when an agent k receives an experi-
ence tuple egk) with significantly high reward, which is triggered by the con-
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dition Cf(eik)) > ty, it degrades the Q values of other unselected actions with
Q value close to the maximum one, which are filtered out by the condition
a® = aand Ck(z" a®) < t,. P| Therefore, when agent k revisits this ob-
servation, the previously-visited high-reward observation-action is more likely
to remain the highest Q value among all actions in this observation due to the
Q value degradation to other actions in previous visits although the agent has
updated its Q table for many steps. As a result, the agent tends to choose
the experienced action with high reward and thus the policy updating speed
slows down. After the agent has well learned the high-reward observation-
action pairs, the condition C} (eﬁk)) > ¢, is no longer satisfied and then the
PQL turns back into IQL, which results in the exploration of other observation-

action pairsﬁ

2.4.3 Penalty-based Deep Q Learning

In wireless multi-agent systems, especially in the resource allocation scenarios,
the state is usually determined by the system global CSI, which is continuous
and not suitable for traditional Q table based RL algorithms. As a consequence,
to solve the power control problem in HetNet, we need to extend our PQL to
deep Q learning scenarios.

In the context of deep Q learning, the Q table is replaced by the DQN, which es-
timates the Q values of all actions with a given observation. Therefore, we can
realize the PQL in deep Q learning by penalizing the outputs of the DQN cor-
responding to the unselected actions. Specifically, we add a few regularization
terms in the Q loss function. The resulted loss function for agent k of our multi-
agent deep PQL algorithm is given by (2.11), where 3 is the penalty factor,
Q- Ot(k)) denotes the DON of agent k at time slot ¢ with respect to the network

parameters 8. 6" = R™ 4~y max,. Qi (2%, a*®; 00)~) — Q. (2" al¥); 6

3There is no theoretically optimal selection of ¢; and 2. We selected their value based on
numerical results. Typically, ¢; and ¢, can be set as relative values, i.e., t; = O.lREk) and t, =
0.1Qx(z¥), a*®).

*We employed this Q table based PQL to play the two-agent predator-prey game as de-
scribed in [62]. The simulation results show the superiority of PQL to the hysteretic Q learning
from [62]]. For the consistence of this chapter, we omit this experiment in this chapter.
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L(e; 0" = (82 + 5 Z CHeCE iz a®)Qu(zM, a®); 0, (2.11)
atzaf"

1, if R + ymax, . Qtar(ztk) a*(®); g(k)-)
Cref”) = —max,.w Qu(z”,a*™; 0{Y) > 1, (2.12)
0, otherwise,

i k * k (k

iy (1 mn Qulal, a6 - Qulaf ai6) <
0, otherwise,

(2.13)

denotes the TD error of agent k at time slot ¢, where Q1 (.; 8%*)7) is the target
DQN and 8%~ is the Corresponding target network parameters. As presented
in Sectlonu CF(e;"”) and Ck(zt k), agk)) are the conditional variables given in
(2.12) and (2.13), respectlvely, where t; > 0 and ¢, > 0 denote the correspond-
ing thresholds.

36



2.5 Proposed DTE Power Control Scheme

In this section, we implement our proposed PQL to allocate transmit power for
the HetNet, in which each AP acts as an agent, which interacts with the envi-
ronment and gains the experience for training. Each agent needs to gradually
adjust its own power control strategy based on its local experience. We design
a local reward for each agent, which considers the achievable rates of nearby
cells, so that the whole multi-agent system works in a cooperative manner in

the interest of global network performance.

Our proposed MARL scheme has two phases, including training phase and im-
plementation phase. In this chapter, we focus on DTE power control schemes.
In such DTE schemes, each agent maintains a local DQN and updates the DQN
based on its local experience to maximize its local reward. In addition, each
agent decides its transmit power based on the collected local observation in-
dependently and simultaneously on a time scale on par with the small-scale
channel fading.

2.5.1 State and Observation Space

APs are allowed to exchange some information before each transmission stage.
At the beginning of each time slot, each AP collects local measurements from its
neighbors via wired or wireless backhaul links [66]. Specifically, the local mea-
surement of AP k, 0%, includes the achievable rate, ri *(P?), and the received
interference plus noise power I/ =Y, 2k hkal, P! + o2 measured in the last
time slot t — 1, i.e., Of = {ri"', I;7'}. The local measurement, O, is then sent
to the neighboring APs via backhaul links. Each AP £k collects the set of local
measurements from the neighboring APs, which is defined by {OL |k’ € N,}.
The neighboring set of AP k, N, is the index set of M UDs served by other
APs with the smallest distance to AP k. Therefore, together with the estimated
transmission link channel gain, A, the local observation of AP k can be ex-
pressed as 2" = {Mw> O | K € Ny U {k}}, where NV, denotes the index set of
the nearby cells. The neighboring set of AP k, NV, is the index set of M UDs
served by other APs with the smallest distance to AP k. As a result, each agent
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has a local observation of 2M + 3 dimensions.

Note that the local observation z\" only includes the transmission link channel

gain and the local measurements of itself and its neighbors. Therefore, each AP
only needs to send two scalars to its neighbors in each time slot. We thus as-
sume that the local observation can be obtained without delay at the beginning
of each time slot. In addition, the local reward we design in Section 2.5.3 does
not require any additional information beside the local observation we discuss
above.

2.5.2 Action Space

In this chapter, we limit the transmit power to discrete levels for ease of learn-

ing and practical circuit restriction. Specifically, each AP k with maximum

P];nax 2Pkljﬂa,x Pmax]
Ac—1) Ag—10 4k I

where A¢ is the cardinality of the action set. Therefore, each agent has an ac-

transmit power budget P;"** has a discrete power level set of [0,

tion space of A¢, and each action refers to a specific transmit power level in the

action space.

2.5.3 Reward Design

One advantage of RL is the flexibility of reward design. When the reward is
correlated to the desired objective, the system performance can be increased.
Our goal is to improve the system sum-throughput and train the MARL system
locally. Therefore, we need to design a reward obtained from local information
and related to the system sum-throughput for each agent. To do so, we use the
achievable rates obtained from neighbors and define the reward for time slot ¢
at agent k as follows,

1
R;:MH >k (2.14)
k' eNpU{k}

Since each AP’s transmit power mainly affects the achievable rates of its neigh-
boring UDs, the local reward defined in (2.14) can successfully characterize the
system sum-throughput.

38



2.54 Distributed Implementation Phase

The distributed power control algorithm is summarized in Algorithm 1} where
we set is_train = False. Specifically, in the implementation phase, at time
slot ¢, each agent £ first estimates and collects its local measurement, i.e., h',;’,c,
ri~! and I; ' as in Step 3.1. Then it exchanges the local measurement with its

neighbors and forms the local observation zik) as in Step 3.2. Based on local
& p

observation z", agent k selects the action a}, corresponding to the maximum Q
value as in Step 3.4. All APs then start transmission with the transmit power

corresponding to the selected actions as in Step 3.5.

Note that the information exchange can be done before next time slot starts
once the SINR and interference power are estimated with no delay. In addi-
tion, each AP only needs to implement a local low-complexity forward propa-
gation to adjust their transmit power. As a result, our proposed MADRL-based
power control algorithm can make decision on time and thus is more practical

compared with optimization-based algorithms.

2.5.5 Decentralized Training Phase

We focus on the training in a dynamic episodic setting where users’ locations
are fixed during each episode. When an episode begins, the locations of all
users are regenerated uniformly in the corresponding cells and the initial trans-
mit powers of all cells are set to P;"**,Vk € K. The large-scale fading is then
generated based on the users’ locations. The small-scale fading is updated
when a time slot begins. The change of small-scale channel fading triggers a
transition of the environment state and causes each agent to adjust its transmit

power.

We leverage deep Q learning with experience replay [25] to train the HetNet
agents for effective learning of local power control policies. The training phase
is summarized in Algorithm [1| where is_train = True. Compared with the
implementation phase, the training phase has two different steps, Step 3.3 and
Step 3.4. Step 3.3.1 is the experience collecting step, where all APs store their
local experience tuples of the last time slot in their local replay buffers. Steps
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Algorithm 1 Proposed power control scheme

1. Episode m starts. Users are randomly located.
2. Time slot ¢ starts. Small scale channel gain is updated according to (2.2).
3. For each AP &,

3.1 Before updating the power, user k estimates its direct link channel
gain h} , and the interference plus noise power strength 1/, as well
as the achievable rate of the last time slot 7}, ', and then feeds them
back to AP k.

3.2 Each AP k obtains the local measurements O! from its neighboring
APs j € N, through backhaul links and then forms the local obser-
vation zik).

3.3 Ifis_train == True:

3.3.1 Each AP k forms the experience tuple (z"), a:~*, R:"") and stores
it in its local replay buffer.

3.3.2 Each AP k uniformly samples a mini-batch D;, from the replay
buffer.

3.3.3 Each AP k updates its local DON by minimizing the loss func-
tion (2.11) on the mini-batch D), using variant of stochastic gra-
dient descent.

3.4 If is_train == True:

AP k predicts its transmit power, P,ﬁ, via e-greedy;, i.e., to select
the action corresponding to the highest Q value with a proba-
bility of 1 — € or to randomly choose its transmit power with a
probability e.
else:

AP k predicts its transmit power, P}, based on the local observa-
tion z!" by selecting the action corresponding to the highest Q
value.

3.5 AP k adjusts the transmit power as P} = P/.

4. Time slot ¢ ends. Time slot index ¢t =t 4 1. Go back to Step 2 if episode m
does not end.
5. Episode m ends. Episode index m = m + 1. Go back to Step 1.
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3.3.2 and 3.3.3 are the network training steps, where each AP k uniformly sam-
ples a mini-batch data set D, and then updates the trainable parameters of its
DQON with the stochastic gradient descent method to minimize the PQL loss
function as defined in (2.11). Step 3.4 is the decision making step. In the train-
ing mode, each agent chooses its action according to the widely-used epsilon-
greedy strategy, i.e., to randomly choose an action with probability of ¢, or to
choose the action corresponding to the highest Q value given the current ob-
servation with probability of 1 — e.

Note that we can easily change the simplest MADRL training algorithm, IQL,
into our PQL easily. The only extra cost comes from the calculation of the added
regularization terms. However, in each backward propagation, these regular-
ization terms only involve simple linear and comparison operations and there
is no extra computational complexity in back propagating from the output
layer to each trainable parameter of the NN. Therefore, PQL only introduces
very limited computational complexity of calculating the gradients of the reg-
ularization terms during the training phase. As a result, our proposed PQL
algorithm has practical distributed training phase due to its IQL-like training

manner.

2.5.6 Network Structure

To further improve the performance without imposing any change to the un-
derlying reinforcement learning algorithm, we employ the deep dueling DON
[67] structure for our agents. Specifically, the network structure of dueling
DON is illustrated in Fig. [2.2] In dueling DQN, the Q value of an observation-
actionﬂ pair is decomposed as the sum of the value function and the advantage
function, which is expressed as follows,

Qu(z",a®) = Vi(z") + Az, a®), (2.15)

5 As mentioned before, we use observation to indicate the local state for each agent. There-
fore, we use the term “observation-action” instead of “state-action” in this chapter.
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Figure 2.2: Network structure of dueling DON.

where Vk(zﬁk)) is the value function, which reflects the average of Q values
given the observation z,gk), and Ak(zgk)) is the advantage function, which mea-
sures the relative importance of a certain action compared with other actions.
There is a zero-sum constraint on the advantage function Ay(.), which is given
by,

> Az, a®) =0, vz (2.16)

a(k)
The intuition behind Dueling DON is that it is not always necessary to esti-
mate the value of taking each available action. For some states, the choice of
action makes limited influence on what happens. One the other hand, with
the decomposition (2.15), during the backward propagation, the NN tends to
update value function Vk(zgk)) instead of the Q value of one observation-action
pair, which results in the learning of all Q values of the same observation. For
the input and hidden layers in Fig. we use the basic fully-connected struc-
ture for all agents. Specific hyper-parameters regarding number of layers and

neurons and types of activation function will be illustrated in the next section.
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2.5.7 Training and Implementation Complexity

The complexity of our proposed method includes the training complexity and
the implementation complexity. In the implementation phase, for each action
prediction, the computational complexity of our PQL algorithm is the same
as that of the IQL algorithm, as well as that of the other training based algo-
rithms with the same DQN structure, i.e., the complexity of a forward neu-
ral network propagation. In our considered scenario, the DQN has two hid-
den layers, which have N;; and N, neurons respectively. As a result, we
can calculate the number of FLOPs [68] in each DON forward propagation as

2 <(2(1 + M)+ 1) Nyi + NpiNp2 + Npo A + Nio ). As the number of hidden layer

neurons in our considered scenario is relatively small, i.e., we set N;; = 128
and Nj, = 64 in our simulation, the forward propagation has a low complexity.
The training computational complexity is highly related to the DQN structure.
Compared with the basic IQL algorithm, PQL only needs to calculate the gra-
dients of some linear regularization terms. As a result, the additional compu-

tational complexity in the training phase can be neglected.
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Figure 2.3: HetNet with three tiers.

2.6 Simulation Results

In this section, we present simulation results to verify the effectiveness of our
proposed distributed power control scheme based on MADRL in HetNets. Un-
less otherwise stated, our HetNet system parameters are as the following. We
consider a three-tier HetNet as illustrated in Fig. |2_3} In this HetNet, there are
nine APs in total, which are located at (0,0)m, (500, 0)m, (0, 500)m, (—500, 0)m,
(0, —500)m, (700,0)m, (0,700)m, (—700,0)m and (0, —700)m, respectively, in-
dexed by [0,...,8] [36]. AP 0 is the macro-cell or first-tier AP with a cover-
age defined by a minimum distance, d,,;, = 10m and a maximum distance,
ez = 1,000m, from the AP to UDs. APs {1,2,3,4} are small-cell APs in
the second tier whose coverage is defined by d,,,;, = 10m and d,,,, = 200m.
APs {5,6,7,8} are small-cell APs in the third tier whose coverage is defined by
dpin, = 10m and d,q, = 100m. UDs are uniformly located in their correspond-
ing cells. The maximum transmit power budget is set to 30 dBm, 20 dBm and 10
dBm for the first-tier, second-tier and third-tier APs, respectively, over a fully
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reusable frequency band of 10 MHz. Following the LTE standard [69], the path
loss is given by 120.9 + 37.6log,,(d/1,000) (dB), where d (m) is the distance be-
tween the transmitter and the receiver. The standard deviation of the log-norm
shadow fading is 8 dB. The AWGN power is —114 dBm. The time slot duration
T = 20 ms and we assume the same maximum Doppler frequency shift f, = 10
Hz for all UDs [26]. The number of considered neighbors, ), is set as 4. The
number of discrete transmit power levels is set as Ac = 11.

We employ the fully connected dueling DQN structure for all agents. The du-
eling DON has two fully connected hidden layers with 128, 64 neurons, respec-
tively. The activation functions of the input layer and first two hidden layers
are the Leaky ReLU function with the negative slope being 0.1, while the out-
put layer does not have activation functions. We set the memory size of the
replay buffer as D,,,, = 3,600 and the number of time slots in each episode
as Ngots = 20 so that the agent can learn the environmental dynamics caused
by the change of large scale fading. The mini-batch size is set to 128. We use a
decaying e-greedy exploration parameter, which can be expressed as a function
of training steps ¢ = max(1 — 0.7 % 1.0005%,0.01). Adam optimizer with learning
rate of 0.0001 is used to train the dueling DQN. Since we only aim to maximize
the system sum-throughput in each time slot, the future reward is unimpor-
tant. We thus set the discount factor v = 0. The penalty factor of PQL, 3, is set
as 0.05, while the two thresholds are set as t; = 0.1R\" and ¢, = 1, respectively.

We compare our proposed scheme with some other DTE learning based scheme,
including WMMSE, IQL, HQL, and full power.

1) WMMSE: The weighted minimum mean-squared error algorithm [8] is
centralized with full-CSI and should have the best performance.

2) PQL: PQL is our proposed DTE power control scheme.

3) IQL: Its settings, including its DON hyper-parameters, are the same to our
proposed PQL scheme, except for the loss function, which still follows the
original IQL loss.

4) HQL: Hysteretic Q-learning [62] uses two different learning rates to train
the DQN. When receiving an experience, the agent first compares the es-
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timated Q value by its DQN with the target Q value, which is calculated
by the sum of reward and the discounted Q value of the next step. If the
target Q value is higher, it uses a normal learning rate to learn this experi-
ence, otherwise, it uses a degraded learning rate to learn this experience.

We set the degraded learning rate as 0.4 as in [70].
5) Full power: Each AP transmits signal using maximum power.

For comprehensive comparisons, we further compare our proposed method
with some other methods with more advanced structure, i.e., the multi-agent
deep deterministic policy gradient (MADDPG) [71], the multi-agent proximal
policy optimization (MAPPO) [72] and the neural fictitious self-play (NFSP)
[59]. Specifically, MADDPG and MAPPO both are actor-critic based and CTDE
methods, which can exploit the global observation information for better learn-
ing performance. NFSP adopts the idea of slowing down the policy updating
speed by maintaining an averaged policy. For fair comparison, we set the pol-
icy (actor) network structures of these three algorithms the same as our PQL
algorithm, so that all the algorithms have the same computational complexity
in the implementation phase. The learning rates of these three algorithms are
set to 0.0001 so that these baseline algorithms can converge to good policies
in our considered scenarios. Other hyper-parameters remain the same as in
the original papers. This work focuses on the training method so we mainly
compare it with the learning-based methods.

To begin with, we compare our proposed method with other benchmarks in
the considered scenario. Specifically, to better evaluate the performance of
the MARL system, we use two identical environments in our experiments, i.e.,
training environment and testing environment. We train the agents in the train-
ing environment, which updates the trainable parameters of all agents, while
test the performance in the testing environment with all trainable parameters
fixed. In the testing phase, the DQNs are used to optimize the transmit power
at each AP for 4,000 time slots, i.e., 200 episodes. Therefore, all the curves in
the following figures are the average performance over 200 episodes.

Fig. [2.4| shows the average sum-throughput performance of the proposed al-
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gorithm and other benchmark algorithms in the investigated HetNet. From
the figure, all the learning based algorithms have worse performance than the
full power scheme at the beginning since their policy networks are randomly
initialized and thus randomly choose transmit power. After training for 1, 000
episodes, i.e. 20,000 time slots, the performance of MADRL-based algorithms
comes to a stage. In addition, our proposed PQL outperforms other MADRL-
based methods all the time and the performance gain over IQL is around 3%.
This is because in PQL, each agent tends to choose an experienced action with
high reward when revisiting a state, and thus the policy updating speed slows
down. In this way, each agent’s policy can be learned by other agents more
easily, resulting in a more efficient cooperation-learning process. In addition,
the CTDE methods MAPPO and MADDPG fail to outperform our proposed
PQL algorithm in this scenario. The superiority of the PQL algorithm over the
NEFSP algorithm verifies the effectiveness of the learning strategy of the PQL
algorithm, i.e., to focus on high-reward experiences first. Note that the UD
locations are regenerated randomly in every episode, which causes the per-
formance fluctuation to all algorithms. Therefore, to better illustrate the per-
formance of different learning methods and to show the effectiveness of these
learning algorithms, we illustrate the relative performance of the considered
methods to the WMMSE algorithm in Fig. 2.5 We can observe that PQL can
reach over 90% of the sum-throughput achieved by the WMMSE algorithm. In
addition, Fig. [2.5/also indicates that our proposed PQL has less performance
variations across training epochs compared with IQL algorithm.

When using MADRL methods, the local observation of each agent includes
SINR and interference information regarding the CSI of previous time slot.
Therefore, when p = 0, agents can obtain less information from its local obser-
vation about CSI of the current time slot. We thus set the correlation coefficient
p = 0 and keep other system settings unchanged to evaluate the performance
of these algorithms as shown in Fig. 2.6| Our proposed PQL still outperforms
IQL and HQL with performance gain of around 4%, although it also encoun-
ters performance degradation after 60,000 training steps. In this experiment
setting, the CTDE MAPPO algorithm successfully outperforms the PQL algo-
rithm, but the MADDPG algorithm still fails to learn a good policy. However,
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Figure 2.6: Relative performance of different algorithms in the training phase
when p = 0.

our proposed PQL algorithm has the best performance among all algorithms
except for the CTDE MAPPO algorithm. This result validates the ability of our
PQL to learn to cooperate given less state information.

In the following experiment, we add 4 more third-tier cells at the edge of the
macro cell to investigate PQL with more agents. Specifically, the newly added
third-tier APs are located at (2501/2, 250v/2)m, (250v/2, —250v/2)m, (—250/2, —250v/2)m
and (—250v/2,250v/2)m, respectively, with other system parameters the same

as other third-tier APs. Fig. 2.7|and Fig. [2.8|draw the system sum-throughput
performance of considered algorithms and the relative performance to the WMMSE
algorithm of the considered algorithms during the training phase. From Fig.
and Fig. with more third-tier APs deployed at the macro-cell edge, the
system average sum-throughput performance of all algorithms is increased.
This result validates the benefit of deploying small cells within macro cells. In
addition, from Fig. and Fig. the performance gain gap between PQL
and IQL/HQL is around 5% and increases with the number of agents, although
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Figure 2.7: Average sum-throughput performance of different algorithms in the
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the relative performance of all MADRL methods increases. This is because with
the number of agents increasing, better cooperation among agents can provide
more performance gain. On the other hand, the MAPPO algorithm, which ex-
ploits the global information, has the best performance while the MADDPG
algorithm only has similar performance with the IQL and the HQL algorithms.
The NFSP algorithm has a slower convergence speed and finally has similar
performance to the IQL and HQL algorithms. Therefore, the MAPPO algo-
rithm and our proposed PQL algorithm can efficiently promote the cooperation

among agents and thus obtains more performance gain over other benchmarks.

Considering the difference of computational capability, battery capacity and
environmental statistics of different-tier APs in HetNets, different-tier APs can
be deployed with different-structure DQNs. Therefore, in the last experiment,
we use different-structure dueling DQNs in different-tier APs to investigate the
ability of our PQL to train heterogeneous multi-agent systems. For the first-tier
AP, its dueling DON has three hidden layers with 128, 128, 64 neurons, respec-
tively. For second-tier APs, their dueling DQNs have two hidden layers with
128, 64 neurons, respectively. For third-tier APs, their dueling DQNs have two
hidden layers with 64, 64 neurons, respectively. The resulted relative perfor-
mance during the training phase is shown in Fig. [2.9) Our proposed PQL al-
gorithm and the CTDE MAPPO algorithm have similar performance and reach
over 90% sum-rate of the WMMSE algorithm and outperform other MADRL
algorithms as expected. The MADDPG algorithm fails to learn a good policy
in this experiment. In addition, our proposed PQL has a performance gain of
around 4% over IQL. This result validates our PQL on its ability of training a

MADRL system with heterogeneous agents.
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2.7 Conclusions and future research directions

In this chapter, we proposed a DTE MADRL-based power control scheme to al-
locate transmit power in HetNets. In particular, we introduced a DTE scheme,
which decides the transmit power for each AP simultaneously based on local
observation. In addition, only the interference power and achievable rates of
neighbors are required in both training and testing phases, which is practical in
real systems since the unavailable global and interference CSI is not required.
To promote cooperation among agents, we proposed PQL algorithm for train-
ing MADRL systems, which has almost no extra cost compared with the simple
and widely used IQL algorithm. Simulation results show that with limited net-
work layers and local observation, our proposed scheme is able to reach over
90% performance of the conventional WMMSE algorithm and outperforms the
existing DTE IQL and HQL algorithms under various system settings. By ad-
justing the reward design, the proposed DTE scheme can be further extended
to optimize other system KPIs, like fairness, coverage and outage probability,
so that these KPIs can satisfy more complex requirements in real HetNet sys-
tems.
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Chapter 3

Federated Reinforcement Learning
for Resource Allocation in V2X

Networks

In this chapter, we improved Federated Reinforcement Learning (FRL) by ad-
vanced optimization framework. We proposed a Policy Gradient based ADMM
with a Second Moment (PASM) algorithm to optimize the Policy Gradient (PG)
based FRL systems. Specifically, we used inexact ADMM to address the Fed-
erated Learning (FL) problem formulated from PG based Multi-Agent Deep
Reinforcement earning (MADRL) system with knowledge sharing. The sec-
ond moment of the Lagrange multipliers is incorporated to accelerate the train-
ing. We then applied the PASM algorithm to the distributed resource allocation
problems in a vehicle-to-everything (V2X) networks, where vehicle-to-vehicle
(V2V) links reuse the spectrum of vehicle-to-infrastructure (V2I) links. Simu-
lation results show that the PASM algorithm can accelerate the convergence
speed and improve the convergent performance under different system config-
urations.
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3.1 Introduction

The Next Generation Multiple Access (NGMA) vehicle-to-everything (V2X)
networks have attracted considerable research interest since they are capable of
delivering many important services, e.g., road safety and traffic efficiency, and
enable various applications in smart cities, autonomous driving, and intelli-
gent transport systems [73-75]. Entities, including vehicles and roadside units
in V2X networks, communicate and cooperate with each other and thus re-
sult in the coexistence of vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) communications on the same spectrum. Therefore, complex mutual in-
terference and severe performance degradation may arise. To overcome such

drawbacks, proper resource allocation schemes need to be developed.

It has been noted that resource allocation is usually formulated as an optimiza-
tion problem, which however is NP-hard in general and lacks universal low-
complexity and effective solutions. There is an impressive body of work on
developing traditional optimization model-based approaches for resource al-
location in V2X networks [76-81]. For example, by considering the density and
physical proximity of vehicles, a decentralized algorithm has been proposed
in [77] to optimize the transmission delay and successful transmission proba-
bility. In [78], a joint optimal centralized spectrum sharing and power control
method has been developed to maximize the V2I link sum rate while guaran-
teeing the reliability of the V2V links with delayed Channel State Information
(CSI) feedback. Furthermore, based on the slowly-varying large-scale fading
information, the sum ergodic capacity of V2I links with V2V link reliability
has been optimized in [79]. Additionally, the graph partitioning tool has been
adopted to categorize the highly interfering V2V links into different clusters
to reduce computational complexity and signaling overhead [80]. However,
due to the fast-varying channel conditions, it is usually hard to obtain global
CSI, which limits the practical implementation of the traditional model-based
resource allocation schemes in V2X networks, and traditional centralized solu-

tions usually lack scalability in large-scale V2X networks.

DL based methods, especially Federated Reinforcement Learning (FRL) algo-
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rithms, which can aggregate the knowledge from different agents observing
different parts of the wireless environment, have great potential to address the
challenges as we have reviewed in Section 1.2. However, it is known that many
Federated Learning (FL) algorithms, such as FedAvg [40] and FedProx [43],
have been proposed based on the gradient descent scheme. A separate line of
research develops FL algorithms using inexact ADMM [82-85]. The FedGiA al-
gorithm in [85] integrates the gradient descent and inexact ADMM. It has been
shown to have high communication efficiency, low computational complex-
ity, and convergence under weaker conditions. In addition, compared with
value-based RL systems, we can use continuous optimization techniques to
train the policy-optimization RL systems. The policy-optimization multi-agent
reinforcement learning (MARL) algorithm is analyzed and connected with op-
timization problems in [86]. Therefore, we adopted partial ideas from Fed-
GiA to FRL and designed a general PG-based ADMM with a Second Moment
(PASM) algorithm to improve the performance of FRL.

Overall, considering the advantageous properties of FRL to overcome the is-
sues of local observability and the efficiency of ADMM for distributed opti-
mization problems, we integrate them to develop a new algorithm for NGMA
V2X networks in this chapter.

3.1.1 Specific Contributions of this Chapter

We employ the framework of FRL to train the agents for sub-channel and trans-
mit power level selection in a NGMA V2X network, where each V2V link is
deemed as an agent and learns to optimize the V2I link sum rate and the V2V
link packet delivery rate based on local observation in a distributed manner.
The FRL framework is then implemented by the inexact ADMM where sub-
problems are solved approximately using PG. Our main contribution is three-
fold.

¢ We formulate the spectrum-sharing resource allocation problem in NGMA
V2X networks as a MARL system to train a distributed resource allocation
scheme. Specifically, we consider two different metrics, i.e., the successful
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package delivery rate of V2V links and the weighted sum rate of all links,
in the V2X networks, where the first metric focuses more on the long-term

reward while the second metric focuses more on the instantaneous reward.

¢ For the training phase, we exploit the FL and PG, and propose a PASM algo-
rithm to train the proposed MARL system in a FL. manner. The agent policy-
optimization problem is formulated as a FL problem.

* We exploit the inexact ADMM to solve the FL problem, where the second
moment is adopted to further improve the algorithmic performance. Such
information has been widely used in some popular optimizers in deep learn-
ing, e.g., Adam [53] and RMSProp|'| Despite the challenge of establishing the
convergence property for an algorithm to solve RL problems, we manage to
show that the proposed general method, PASM, which can also be applied to
other FL problems, can converge under mild conditions.

* We implement PASM in the considered NGMA V2X network and compare it
with a Fed Avg-based FRL algorithm and an independent PG algorithm, both
of which employ the second-moment based optimizer RMSprop. Simulation
results show that PASM can achieve better performance in terms of obtaining
moving average rewards.

IRMSprop is an unpublished adaptive learning rate algorithm proposed by Geoff Hinton
in Lecture 6e of his Coursera Class.
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Figure 3.1: The V2X network diagram

3.2 System Model and Problem Formulation

In this chapter, we demonstrate the potential of FRL using resource allocation
in V2X networks as an example. As shown in Fig. [3.1, we consider a single-
antenna V2X network based on orthogonal frequency-division multiple access
(OFDMA), where N V2I links connect the vehicles and the BS, and K V2V
links connect the neighboring vehicles. The V2I links support high-data-rate
services, and each of them is allocated with an orthogonal sub-channel. As
a result, the number of sub-channels matches the number of V2I links in the
system under consideration. The V2V links are enabled by device-to-device
(D2D) communication and reuse the uplink resource blocks allocated to V2I
links to enhance system spectrum efficiency. We denote the set of V2I links as
N =1{1,2,..., N}, the set of V2V links as K = {1,2,..., K}, and the set of time
slotsas T = {1,2,...,T}. We make the assumption that the nth sub-channel is
allocated to the corresponding nth V2I link. The set of available sub-channels
is denoted as N.
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In time slot ¢ € T, the SINR of the nth V2I link can be expressed as follows,

’}/i [n] o P?ithb,t[n]
! > kek Okt F 0] Gn vt [n] + 02

(3.1)

where h;[n| denotes the channel power gain of the BS on the nth V2I link,
Jkpt|n] is the interference channel power gain from the transmitter of the kth
V2V link to the BS on the sub-channel n, o2 refers to the received Gaussian noise
power, P}, < Pi. and P} [n] < P}, denote the transmit power of the nth
V2I link and that of the kth V2V link on the nth sub-channel, respectively, and
dk+[n] is an binary indicator presenting the sub-channel allocation of V2V link
k. If sub-channel n is allocated to V2V link &, d;+[n] = 1, otherwise ¢y ;[n] = 0.
We also limit the number of sub-channels that each V2V link can occupy to 1,
namely, > dr¢[n] < 1forallk € Kand ¢ € T. The resulting achievable rate

of V2I link n in time slot ¢ is then given by,
ij,t = Wlog(1 + 'sz,t [n]), (3.2)

where W is the sub-channel bandwidth.

For the kth V2V link, in time slot ¢, the corresponding SINR on sub-channel n
is given by,

_ Oka[n] P [n]graln]
L]+ Plihigln] + 0?

713,7& [n (3.3)

where Iy ,[n] = 3 cx prsr O [0 P 4 [n]Gr 14 [n] denotes the interference power
received by the receiver of V2V link £ in time slot ¢ from other V2V link trans-
mitters on sub-channel n, §i 1 +[n] denotes the interference channel power gain
from the transmitter of V2V link £’ to the receiver of V2V link k on sub-channel
n, and ﬁk,t [n] denotes the interference channel power gain from the transmitter
of V2I link n to the receiver of V2V link £ on sub-channel n. Overall, we can
express the corresponding achievable rate of V2V link £ in time slot ¢ as,

Cry=> Wlog(l+,[n]). (3.4)

neN
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The V2V links carry the safety-related information generated periodically, which
needs to be delivered within a given time duration [28]. This V2V link transmis-
sion requirement is mathematically formulated as the delivery rate of packets
of size B within T time slots,

POy, PL) = Pr(AT YOGy, > B), vk €K, (3.5)

teT

where AT is the channel coherence time, ;. := {dx¢[n] : t € T,n € N}, and
P; = {P,[n] :t € T,n € N}. We consider two scenarios of the resource alloca-
tion for the V2X networks.

* Scenario I: one goal is to maximize all V2V packet delivery rates C}, while
not affecting the V2I link transmission by properly allocating the sub-channel
and transmit power of V2V links with a given power control policy of V2I
links, which is formulated as the following problem:

max Wy sz,t + > p(O., Py)

Ok, Py kEK neNteT kekK
st Y Gualn] <1,k t
neN (Pl)

5k,t[n] € {O, 1}7Vk7n7t
OSPI:,t["] < P}

 axs VK, 1, T
¢ Scenario II: Another goal is to maximize the weighted sum rate of the V2V
links and the V2I links in time slot ¢ € T, which is a commonly used perfor-

mance metric in many systems. The problem can be formulated as follows,

max w Y. Cfﬁht +(1-w) >y Cr,

6.t,PY neN keK

s.t. 0 <1,Vk
S en draln] < )

drt[n] € {0,1},Vk,n
0< P,f’t[n] < pPv

max’

Vk,n.
where forany t € T, 6, := {d[n] : k € K,n € N} and Py := {F,[n] : k € K,n € N}.
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Note that we mainly focus on the resource allocation of the V2V links with
a given V2I link power control policy. Therefore we fix the V2I link transmit
power to its maximum level, ie., {P;, = P.,.,Vn,t} in both considered sce-
narios. We aim to develop real-time distributed resource allocation schemes,
which only require local observations for V2V links in the two scenarios. The
V2V packet delivery rate in (P1) can be obtained after every T time slot. On
the other hand, the weighted achievable sum rate in (P2) is a short-term metric
influenced by the global CSI and the resource allocation policy for each in-
dividual time slot ¢. Both problems are real-time sequential decision-making
problems. We thus adopt the FRL techniques to train distributed resource al-
location schemes for problems (P1) and (P2) so that each agent can obtain the
knowledge from other agents without raw data exchange.
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3.3 FRL via Inexact ADMM and Policy Gradient

In this section, we will focus on a specific class of MARL systems and develop
the PASM algorithm to train a powerful global policy for the considered sys-
tems, Markov potential game (MPG), based on the inexact ADMMH This sec-
tion begins with the formulation of the MARL system, followed by the PASM
algorithm and its convergence analysis.

3.3.1 Multi-Agent Policy Gradient

A partially observable MARL system can be modeled as a POMDP with a tuple
(K, sy, aﬁk), ng), zgk), P, 0), where K is the number of agents, s, is the environ-
ment state at time ¢, agk) is the action at time ¢ of agent &, zgk) = O(sy, k) is
the local observation obtained by agent k, observation function O(-,-) maps
environment state s; to the specific observation 2" of agent k, R™ is the lo-
cal reward received by agent k from the environment, and P(s;;; | s, a;) is a

transition probability from state s; with action a; to next state s;.

The general idea of MARL is given as follows. At time step ¢, based on the lo-
cal observation zgk), agent k selects an action aﬁk) from the system’s joint action
A, and receives a local reward ng) from the environment. Then current state
s; transits to next state s, ; with a transition probability P(s;;; | s¢,a;). Sub-
sequently, each agent k obtains a new observation of the environment, zgi)l =
O(st11, k). In this chapter, we investigate cooperative games, where all agents
cooperate to improve the system performance. In other words, we consider a

special case of MARL systems, i.e., the MPG.

Moreover, we take advantage of PG to cast our FRL framework. It is noted that
the PG-based method directly optimizes the policy of the agents to maximize
the accumulative reward. More precisely, it maximizes the accumulative re-
ward during a time period 7" obtained by implementing the policy, me(alz),
which denotes the probability of performing action a when observing 2" for

2Although all agents share a global policy model, this global policy model is able to distin-
guish different agents from their different states. For example, if we include the agent index in
the state, the policy model can easily distinguish different agents from the input indices. This
setting enables FRL to train an MARL system.
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agent k. Denote @ the joint policy of all agents by

K
B(Als)) = [ [ me(alz). (3.6)
k=1

Then, given the static environment transition probability and the joint policy of
all agents, in each episode a trajectory 7 = {sg, Ao, s1,A1,...,sp,Ar}of T +1
steps is sampled based on the policy and the environment. For agent k, the
object is to maximize the expected accumulative reward with given policy ®

over all possible trajectories, i.e., to maximize
uk(®) = E,(RV (7)), (37)

where R¥) (1) := ZtT:o ng) is the accumulative reward over trajectory 7. Ac-
cording to [86], the PG for agent k can be expressed as

T
Vo Ue(®) =~ E, (R(k) (1) Z V log Wk(at|z£k))> : (3.8)
t=0
With the PG given in (3.8), the gradient ascent methods can be used to optimize
the policy of all agents.

Furthermore, by taking advantage of MPG, we can leverage the potential func-
tion of the MARL system, ¢, to formulate our FRL problem. According to
Lemma 4.2 in [86], the stationary point of the potential function of the MARL
system implies Nash policies of this MARL system. We thus aim to find the sta-
tionary point of the potential function of the MARL system, i.e., to find 7, Vk
that implies V,, ¢(®) = 0, Vk. On the other hand, gradient ascent methods can
be used to find the stationary points without knowing the specific expression
and derivatives of ¢ due to the equality of derivatives (cf. Proposition B.1 P2.
in [86]), given by,

Vi (®) = Vo yn(®), V. (3.9)

For the sake of notation consistency, in the rest of this chapter, we use the gra-
dient of the potential function, V., ¢(®), to present the PG.
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3.3.2 Inexact ADMM

Based on the discussions in Section we can formulate the PG-based FRL
as an optimization problem to maximize the system potential function subject
to the constraint that all agents share a common global policy model. The for-

mulated FRL optimization problem is thus given by,

max  ¢(P)
©.6. (3.10)
s.t. 0, =0.VkeK,.

where 6, is the shared global model parameters and © := (6,,6,,...,0k) is a
collection of all local trainable parameters {6,k € K}. Here 6, denotes agent
k’s policy. In this context, we use a deep neural network to represent agent £’s
policy. Therefore, 7, is a function of 6y, i.e., m;(0) and thus the joint policy ®
is a function of the collection of local parameters, i.e., ® := ®(®). Therefore,
hereafter, we denote

$(0) := ¢(®) = ¢(2(O)). (3.11)

Note that [86,87] have proven the smoothness, i.e., the policy gradient Lipschitz
continuity, of the expected value function in single-agent case and multi-agent
case, respectively, which allows us to assume a gradient Lipschitz continuity
on potential function ¢, namely,

IV(©1) = Vi(O,)|| < 1]|©; — O, (3.12)

where || - || is the Frobenius (or Euclidean) norm. We exploit the inexact ADMM

to solve problem (3.10) in an FL. manner. The augmented Lagrange function of

problem (3.10) is
L(©,A,8.) = —¢(©) + > Li(61, Ar, 6.),
keK (3.13)
L6, A, 60) = N[ (61— 0.) + L1160, — 6],

where p > 0and A := (Aq, Ay, - - -, Ag) is the collection of all Lagrange multipli-
ers. Then the inexact ADMM takes the framework as follows: given (©°, A?),
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perform the following steps iteratively

Ot x~ argming L(©, A, 67), (3.14a)

X =X 40T - 09), keK, (3.14b)

0. = argming_ > Li(6]", A, 6.), (3.14¢)
keK

forj =0,1,2,.... Tosolve subproblem in the above scheme, we approxi-
mate ¢(0®) using first-order information, i.e., its PG V¢(0) = (Vg,¢(®), - -+ , Vg, #(O)).
Denote
©.:= (0.6, - ,60.),
gr =~V 9(0.), gi = —Ve,0(6).
From the above definition, one can observe that g, is the PG obtained by agent

k from the environment. Now for each k € K, we can solve subproblem (3.14al)
inexactly by

(3.15)

6" = argmin 0] g + ¥ 6, — 61 + Li(61. AL 6)
0y

=0 - (X, +g)), (3.16)

p+TE

where 7, € (0,1] is a non-negative constant. The last step in (3.14) is the aggre-
gation step calculated by

. 1 ,
o1 = S uft (3.17)

kek

where u]"" is the temporary variables to be aggregated from agent k, which is
updated locally at agent % before the aggregation step,

: . 1.,
w "t =0+ A (3.18)
P
Unlike FL, FRL requires agents to interact with the environment to obtain the

training data and estimate the PG. The PG, V¢(0©.), is obtained from the inter-

actions between the agents and the environment.
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Figure 3.2: Descending objective function

3.3.3 Second Moment

To further improve the learning process, the second moment is adopted to gen-
erate an adaptive step size, which has been proven effective in widely used
optimizers, e.g., Adam [53] and RMSprop. Typically, the convergence of in-
exact ADMM in non-convex setting is based on the monotonically decreasing
augmented Lagrange function [84}85]. As shown in Fig. @ in the inexact
ADMM paradigm, each subproblem is approximated by its second order ap-
proximation. There exists a “descending region” in each updating step and so
does the “aggregation” step. We therefore incorporate the second moment into
the “aggregation” step of the inexact ADMM algorithm to obtain a decreasing
augmented Lagrange function. Specifically, in the above inexact ADMM al-
gorithm, the Lagrange multipliers in fact contain the accumulated gra-
dient information. To some extent, the update of u)"" in (3.18) plays the role
which is alike gradient descent. One can treat 1/p as the stepsize and A" as
the direction. This allows us to integrate the second moment into (3.18). To
proceed with that, for an initialized 1 > # > 0 and vg = 0, the server estimates

the second moment by

, . 1 . .
vitt=pvi+ =) (1-pXT o x" (3.19)

keK
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where 3 is a moving average constant and © is the Hardamard product. Then

update (3.18) is modified as

utl =gt 4 ® A (3.20)

()

where € is a small value to prevent zero denominators. Here 1/\/v € R" is a
vector with the nth entry being 1/+/v[n].

Algorithm 2 PASM: PG-based inexact ADMM using the second mo-
ment for RFL
1: Initialize: 62 =0,v?=0, and Ay = 0,Vk € K, and proper hyper-
parameters J > 0,p > 0,e € (0,1), 5 € (0,1), and r € (0,], Vk € K.
for episode index j = 0,1,...,J do
—-Local gradient estimation—-
for each agent £ € K do
Updates its local model by 6] = 6.
Samples a trajectory 7{ based on current policy (.; 87) and calculate
the PG of the current episode based on to derive g = —V,, ¢(©7).

7: Update (6,7, A" by and and send them to the sever.
8: end for
9: —-Global aggregation-—--
10:  The server updates the global parameter 82! by (3.19), and (3.17),
and broadcasts it to all agents.
11: end for

The resulting framework is summarized in Algorithm [2| All agents update
their models and aggregate in each episode. In Step 3, the local update of the
agents starts to be performed. In Step 6, each agent interacts with the environ-
ment, obtains the experience trajectory of the current episode, and calculates
the PG. Then in Step 7, each agent updates the local model parameters and the
Lagrange multipliers. Step 10 aggregates the knowledge of all agents at the

server.

Note that compared with FedAvg-based FRL algorithms, PASM falls into the
primal and dual algorithm category, namely, primal variables 8 and Lagrange
multipliers (i.e., dual variables A) need to be updated simultaneously. This
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results in some extra additions and scalar multiplications, which do not in-
cur much computational complexity, as the main complexity of training agents
comes from calculating gradients. Therefore, the PASM algorithm has similar
computational complexity to the Fed Avg-based FRL algorithms.

3.3.4 Convergence Analysis

Before the convergence result of the PASM algorithm, we need the following
assumptions.

Assumption 3.3.1. Suppose that 1) ¢ is gradient Lipschitz continuous, i.e. (3.12), 2)
—¢ is bounded from below, i.e., ¢ > —o0, and 3) maxyek | Vo, 0(O¢)||cc < 1 — €

We point out that the first two assumptions are commonly used to established
the convergence in optimization. The third assumption can be guaranteed if
we set up IR™| to have a small upper bound. Indeed, if we choose tiny re-
ward |R"|, then R®) () = 27 R" can be sufficiently small, resulting in
small ||V, yx(®)]| by (3.8) and so is ||V, ¢(O.)|« by (8.9). Here ||x[jc =
max,ey |2[n]| is the infinity norm.

Lemma 3.3.1. Suppose maxycx ||Vo,0(O.)||oo < 1 — ¢, then ||[vi]|. < (1 —¢€)* for
any j =0,1,2---.

Based on the above lemma, we establish the following convergence guarantee
of the PASM algorithm, where Z7*! := (©7+1 A/t 67).

Theorem 3.3.2. Suppose Assumptions hold and choose p > 10l,¢ € (0.5,1).
Then 1) sequence { L(Z?)} is non-increasing and converges, 2) lim;_, o, || 27T — Z7|| =
0, and 3) the policy gradient is vanishing eventually, i.e., lim; o | 3, cx g1l = 0.

The conditions given in Theorem 3.3.2| are sufficient but unnecessary, which
indicates that there is no need to set up parameters strictly satisfying these

conditions for the algorithm to converge in the numerical experiments.

The proofs of Lemma[3.3.1|and Theorem 3.3.2]are given at the end of this chap-
ter. The proof of Theorem [3.3.2)is based on the monotonically descending aug-
mented Lagrange function (3.13), which is proven by showing the difference of
the augmented Lagrange function values between two consecutive iterations is
non-positive under the given conditions. With this monotonicity, we are then
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able to show that the variable updates and the sum of the Lagrange multipliers

converge to zero, which indicates that the gradients finally converge to zero.
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3.4 PASM for Resource Allocation in V2X Networks

In this section, we apply PASM to the resource allocation problems in the con-
sidered NGMA V2X network. Fig. 3.3|depicts an example of PASM ina NGMA
V2X network with 3 agents. In the considered FRL-for-V2X-network setting,
the base station, which provides V2I link services to the vehicles, is regarded as
the central training server in the FRL framework, while the local agent models
are trained and deployed at each vehicle. Each vehicle updates the local model
parameters and local Lagrange multipliers based on its collected local experi-
ence at the end of each episode. During the aggregation phase, each vehicle
uploads its local model parameters and Lagrange multipliers to the base sta-
tion via V2I links. After collecting these messages from the vehicles, the base
station aggregates all the local model information to obtain a global model and

then broadcasts it to all the vehicles via V2I downlinks.

i () i
e | ‘ w A | l
multipliers 4,
and the
oy oc| | u
‘. gll)ls
< vy 4 B 4 00
3
L I L s

Figure 3.3: PASM workflow in a V2X network with 3 vehicles.

To apply the proposed PASM algorithm, we first need to formulate the resource
allocation problem as a MARL system, i.e., to formulate the resource allocation
problem in the form of the POMDP tuple, (K, s;, agk), R,gk), zgk), P, 0), described
in Section[3.3]F| Specifically, each V2V link is treated as an agent in the RL frame-
work. Each agent maintains a policy deep neural network to make decisions.
In both considered scenarios described in Section 3.2} the agents have the same

3Here we do not need to know < s;, P,O >, as they determine the environment dynamics
but are not necessary to the policy optimization process.
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observable information. Thus, we use the same observation space but differ-
ent reward functions for the two scenarios. Since each V2V link determines its
sub-channel selection and transmits power level, the action space of each agent,
denoted as k, is defined as {a§k) = (lg, P4, € N, PP € P}, where () denotes
the selected sub-channel index, and P denotes the available discrete transmit
power levels defined as P = {23, 10, 5, —100}dBm in the sequelﬁ

For practical implementation, each agent only has local observations and we do
not use interference CSI as a part of the local observation. Specifically, the local
observation of agent £ includes the V2I link channel power gains over all sub-
channels, its V2V link channel power gains over all sub-channels, its received
interference power over all sub-channels in the last time slot, relative position
qx between the transmitter and the receiver of V2V link %, velocities vell, vel],
of the transmitter and the receiver of V2V link k, the remaining time budget 7,
remaining playload By, to be transmitted and the agent index k. Formally, we
have

n

2 = { ol el B a[n) + Py lnl, ¥n €N,
(3.21)

Qg vell,, vely,, T}, BE, k‘}

Note that the local observation z, is easy to obtain at each vehicle. We thus
assume that there is no observation collection delay for the agents. Therefore,

the agents are able to make real-time decisions for the V2V links.

For Scenario I, we aim to maximize the successful delivery rate of the V2V links

and the sum rate of the V2I links. We thus use a common reward for all agents

Ri=w)» Ci+> D+ > U (3.22)

neN keK keK

defined as

In (3.22), Dy is a stimulus used to encourage the agent to transmit packets if

the remaining packet data size is positive,

v if By >0,
Dy, ={ ™ g (3.23)

0, otherwise.

The discrete action space here can be extended to a continuous action space easily as in the
continuous PG algorithm [33].
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Uy, is determined after the episode ends and it indicates whether V2V link &
successfully deliver all its packets in the episode,

Q, if By <0 at the end of the episode,
Up = (3.24)

0, otherwise.

Here, 2 is a large positive constant to encourage agents to successfully deliver
all their data packets.

For Scenario II, we aim to maximize the weighted achievable sum rate of all
V2I links and V2V links. Therefore, we directly use the weighted achievable

sum rate as the reward as follows,

Ri=w) Ch+(1-w)) C, (3.25)

neN keK
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Table 3.1: Simulation Parameters [1]

H Parameter Value H
Carrier frequency 2GHz
Bandwidth 4MHz
BS antenna height 25m
BS antenna gain 8dBi
BS receiver noise figure 5dB
Vehicle antenna height 5m
Vehicle antenna gain 3dBi
Vehicle receiver noise figure 9dB
Vehicle speed 10-15m/s
Vehicle drop and mobility model Urban case of A.1.2 in [1]
V2I transmit power {P; ; } 23dBm
V2V transmit power {P,f)t} [23,10,5,-100]dBm
Noise power o -114dBm
V2V package delivery time 100ms
V2V link packet size 1060 bytes
Channel fast-fading updating time | 1ms

3.5 Simulation Results

In this section, we demonstrate the performance of PASM for resource alloca-
tion in a NGMA V2X network through computer simulation. Our simulation
environment follows the urban case in Annex A of [1]. The channel models we
use in the simulation is the same as in [28]. We consider N V2I links and K
V2V links in the V2X network, where the V2V links are formed by each vehicle
and its neighbors. We test the performance of the proposed algorithm under
different (NN, K) pairs. The simulation parameters are summarized in Table[3.1]

The policy deep neural network for each V2V link consists of three fully con-
nected hidden layers with 500, 250, and 120 neurons, respectively. The rectified
linear unit (ReLU) is used as the activation function in the input and three hid-
den layers. The output layer is connected to a softmax function so that the final
output is a probability distribution of the action. Each training episode consists
of 100 time slots. For Scenario I, we set the V2I link sum rate weight w = 0.01
and the V2V successful delivery reward 2 = 0.5, as the V2V package deliv-
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ery rate is more important. Hyper-parameters of PASM are set as p = 1000,
e=10"2, a =1, 3=0.999, and 7, = 0.1p, Vk. For Scenario II, we set w = 0.1,
p = 500, and other parameters the same as those in Scenario I.

We compare our PASM algorithm with the independent PG algorithm and the
FedAvg-based FRLPG algorithm [40]. Both algorithms employ Adam [53] op-
timizer to update the local policy deep neural networks and share the same
neural network structure with the PASM algorithm. The learning rate of the
PG algorithm and the FRLPG algorithm is set as 10~ and 107, respectivelyf|
We also use two additional baselines. The first one is the random resource al-
location scheme, which randomly chooses the sub-channel and transmits the
power level. Typically, we have power control in practical systems, but this
random baseline is to show a lower bound of the system performance. The sec-
ond one is the centralized maxV2V proposed in [28], which provides an upper

bound of Scenario I by an exhaustive search schemeﬁ

3.5.1 Effect of Second Moments

We first verify the effectiveness of the adaptive stepsize of our algorithm. We
compare the moving average reward during the training phase of our pro-
posed algorithms with and without adaptive stepsize in both scenarios with
(N,K) = (4, 4)@ As shown in Fig. M the introduction of adaptive stepsize
accelerates the convergence speed in Scenario I, while it improves the perfor-
mance in Scenario II. This is similar to the case of the Adam and RMSprop
optimizers, whose effectiveness has been approved in many works in both Al
and communication communities. Therefore, we only compare our PASM al-
gorithm with adaptive stepsize with other baselines in the following simula-

tions.

SWe set a slower learning rate for the PG algorithm because a slightly larger one (e.g., 10~3)
makes the PG algorithm fail to learn a good policy. In addition, we find that the Adam opti-
mizer and RMSprop optimizer have very similar performance in the FRLPG and the Indepen-
dent PG algorithms. Therefore, we only show the results of Adam optimizer in the simulation.

®We only apply this baseline to the case of (N, K) = (4, 4), as the brute-force method has an
extremely high complexity when the number of agents increases.

’The moving average reward is calculated over 2000 episodes to reduce the performance
fluctuation caused by the vehicle mobility and the channel fading randomness.
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Figure 3.4: Moving average reward during the training phase in the two sce-
narios.
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Figure 3.5: V2V link packet delivery rate versus V2V link playload size

3.5.2 Scenario I

Next, we show the experiment results in Scenario I. We train the agents for
12000 episodes with (N, K) = (4,4) and a playload size of 2120 Bytes and then
test them in another testing environment. To test the robustness of the pro-
posed algorithms to the V2V link playload size, we test the trained model in
the environment with (N, K) = (4,4) and increasing V2V playload size. Fig.
B.5|plots the V2V package delivery rate versus the V2V playload size of the con-
sidered algorithms. With the playload size increasing, the V2V package deliv-
ery rate of all considered algorithms decreases. In addition, with any playload
size, the agent models trained by our proposed PASM algorithm always have
the best testing performance among all algorithms except for the brute-force
method, Centralized maxV2V. The FRLPG algorithm has better performance
than that of the independent PG algorithm. When a vehicle moves for a long
distance, the environment an agent observes changes significantly. With FL
manner, the agent is able to learn the environment from other agents” knowl-
edge, but independent learners cannot. Therefore, the Independent PG algo-
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Table 3.2: Testing performance (V2V link packet delivery rate) of Scenario I
with different (N, K) pairs
(N,K) PASM FRLPG Independent PG Random baseline

(4,4) 09858 0.9588 0.8798 0.839
(6,12) 0.9257 0.9222 0.8865 0.7797
(8,24) 0.8979 0.8955 0.8295 0.8065
(6,18) 0.7949 0.7439 0.6893 0.6281

rithm has relatively bad performance among all the considered algorithms.

To further test our proposed algorithm, we use the algorithms to train agents
in the environments with different (IV, K') pairs, which is determined by the
environment, and then test these trained models in the corresponding envi-
ronments. The (N, K) pair controls the level of training difficulty, as it deter-
mines the V2V link density, K/N, the number of agents in the environment,
K, and the freedom degree of resource allocation, i.e., the number of avail-
able sub-channels, N. The performance of different algorithms under different
(N, K) pairs is summarized in Tab. @”ﬂ We observe that for all algorithms, the
larger link /N, the worse performance they had, because a higher link density
means more crowded subchannels on average, leading to worse transmission.
The proposed PASM algorithm always has the best performance. In addition,
as we have explained above, the FRLPG algorithm has better performance than
the Independent PG algorithm due to the FL manner among the agents. These
results validate the efficiency of our proposed PASM algorithm in Scenario I.

3.5.3 Scenario 11

In the sequel, we evaluate our proposed algorithm in Scenario II. Fig. [3.6/shows
the moving average reward of the PASM algorithm and the FRLPG algorithm
versus the number of training episodes in the training phase with different
(N, K) pairs. These results are obtained by training the agents using the cor-
responding algorithms for 15000 episodes and testing in another testing en-
vironment. We can see that when (N, K) = (4,4), the PASM algorithm and

8We omit the Centralized maxV2V algorithm in this experiment due to its extremely high
computational complexity.
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Figure 3.6: Moving average reward of two algorithms during the training
phase.

the FRLPG algorithm have similar performance. However, when the number
of agents and the V2V link density increase, the PASM algorithm has a sig-
nificant performance gain over the FRLPG algorithm. This is because when
(N, K) = (4,4), the weighted sum rate problem is relatively simple compared
with the case of (4,8) and (8,24), where the performance gain is significant.
The ADMM-based algorithm has better performance than the Fedavg-based
algorithm when the problem is highly non-convex. The relative training per-
formance gain of the PASM algorithm over the FRLPG algorithm even reaches
around 20% when (N, K) = (8,24).

Then we evaluate the corresponding testing performance of the considered al-
gorithms in the testing environment. The testing performance of the considered
algorithms under different (IV, K') pairs is summarized in Tab. We can see
that the Independent PG algorithm outperforms the FRLPG algorithm when
(N, K) = (4, 8). This is because, in Scenario II, agents only optimize the system

weighted sum-throughput in the current time slot, while in Scenario I, agents
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Table 3.3: Testing performance (weighted average rate of all links) of Scenario
II with different (N, K) pairs
(NK) PASM FRLPG Independent PG Random baseline

(4,4) 4.0Mbps 3.71 Mbps 3.17 Mbps 1.77 Mbps
(4,8) 2.59 Mbps 2.15 Mbps 2.41 Mbps 0.91 Mbps
(8,24) 2.72Mbps 2.16 Mbps 2.54 Mbps 1.27 Mbps

have to optimize the V2V link package delivery rate, which is obtained after a
sequence of decisions. Therefore, it is easier for independent learners to learn a
good policy in Scenario II than in Scenario I. In addition, the Independent PG
algorithm allows each agent to keep its own policy instead of a shared policy,
which results in a larger degree of freedom. The easier problem setting and
the larger degree of freedom together contribute to the performance gain of the
Independent PG algorithm over the FRLPG algorithm. However, due to the
induction of Lagrange multipliers, the PASM algorithm can better tackle the
non-convexity of the problem and thus always has the best performance under
all environmental conditions, which is resulted from the fact that the “global
policy” is able to distinguish different agents from different input states if the
learning algorithm is powerful enough to tackle the complexity of the learn-
ing problem. These results validate the efficiency of our proposed algorithm in
Scenario II.
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3.6 Conclusion

We developed a PASM learning algorithm based on the framework of FRL.
The algorithm was implemented by inexact ADMM and benefited from two
critical techniques: the usage of the PG and the second moment of the Lagrange
multipliers. The former enabled the agents to gradually improve their policies
while the latter enabled an adaptive learning rate to accelerate and to improve
the training. We implemented PASM in a NGMA V2X network to train the
agents in an FL manner to optimize the V2V package delivery rate and the
system weighted sum-throughput. The numerical experiment has shown that
the FL. manner does improve the learning process of the agents by sharing the
learned knowledge among the agents and that our proposed algorithm can
improve the performance of the resource allocation problem in the considered
NGMA V2X network.
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3.7 Proof of Lemma

Proof. Let o := 1 /(p + ). It follows from (3.14b) and (3.16) thalﬂ

)\fjl =(1- a)gi + a)\i
= (1—a)gl + (1 —a)agl '+’

J
=(1-a) Z algl ™+ I
t=0
j .
=(1-a)) a'g",
t=0
the last equality is from A} = 0, which results in
J
- .
IN oo < (1 =) Y a'llgl "l
t=0
J
j—t
<(1-a)) a'llg s
t=0

< (1—04)(1—6)Zozt

=(1—-a)(1—-e?<(1—e).
Using the above condition v? = 0, and (3.19) we have

1
[vellso < N18vElloe + 7= > (1= B)I M © Aflleo

<S(1-B)1-e<(1-¢

9For better readability, we omit the indices of the unreferenced equations in the appendix.
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which further leads to

1
V20l < 18vH e + 5 (1= )AL © Al
keK

<Bl—e’+(1-p)(1—e)?=(1—e)’

By deduction, we can show that ||v/||., < (1 —¢)*forany j = 1,2,3,---
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3.8 Proof of Theorem

For convenience, we define some updating gaps as follows,

AGIT =0 — 0], AN =X - A,
NG =0 01 AGIT =0]" -0, (3.26)

Aitl i+l j+1
AG =6 -6
For notational convenience, we write

=D ek -

Based on the gradient Lipschitz continuity, we have the following descent in-

equality for a gradient-Lipschitz-continuous function f(.),

F6) = Fy) < VHO)T 6= 3) + gl =y 6.27)

where w canbe x or y, and [ > 01is the Lipschitz constant. For X = (x;,Xa, - ,Xk),
Y = (y1,y2, -+ ,¥k), if f(X) is Lipschitz continuous, we have

f(X) = f(Y)

(3.28)
<3 (Vo FOW) Gt ) + iy,

where W = (wy, ws, -+ ,wg) canbe X or Y. Similarly, let ®" := (6,05, ...,0%),i =
1,2, by (3.12) we have,

> Vo, 6(0") — Vo, 6(0%)|> < 1) |16; — 67 (3.29)

Proof. We prove the first part of Theorem by analyzing the gap between
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two consecutive updates. We rewrite the gap as a sum of three parts as follows,

L(ZMY) — L(Z7) = & + e + ¢,
e = L(Gj“,A%GZ) — L(©7,A,6)),
eyt = L(ZT) — L(©7!, A, 67),

ey = L(®, A @)~ L(Z).

1) We first derive the upper bound of ¢, which indicates the updating impact
of 6;, Vk. Based on the gradient Lipschitz continuity of ¢, we have,

e = —¢(6'") + ¢(&)
+ > ()T + L(la6 ) - 128
< Z < gt A TAGIT & _HA%’HHQ
+ L8612 = 28], (3.30)
where g/ := —Vy, #(©711) and the inequality is from (3.28). Then, we have,
l .
P (gl X)TAB + el

+L(1A0L |12 — 1] — 61 + 6] — 01]%)

, 1 — 4
gg+1+)\j —|—pA03H) A%H—l— QPHA%HHQ

I
/‘\ l\3|b

, CNT [ — ,
S (gl — gl - maelt) a6l a0l

Then using two facts 2a'b < t|la||?> + (1/t)||b||* for any a,b and ¢ > 0 and

84



r, € (0,¢], we have

l

. ~ 2l — .
<o || gl — gl — b |+ =LAl P
2l
< ||~f“—gk||2 ’f||Aef“||2 ANk
- 21
< H gt —gllr+ ||Aef“||2+—||Aei“||2
B R 21_
- —|| i+ gl? znAeJ“n? e A [

Therefore, from (3.30) and the above condition we derive

]+1 < § ]+1

. 20 —p ;
< (Fla — gl + zuAef“w + = Ljae)?)
—p ,
=3 (2ZHA0”1H2 !IA0”1||2)
21
BN (AN + =5 a0 ), (3.31)

2) For ¢} regarding the impact of updating A, Vk, we have
1
]+1 Z(A0]+1>TAA]+1 m Z ||A>\j+1 ||2 (332)

3) We next derive the upper bound for ¢} about 6. For simplicity, let w/ :=

Vvl +e. By Lemma[3.3.1, we have ||w/||» € [¢, 1). Based on the updating steps
(3.17) and (3.20), we have the following equation,

Z(AéiCJr/%g@)\i):O

which immediately results in

Y A=) pwie e, (3.33)
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It follows from (3.13) and the above condition that

¢ =" (= ()20 + (188117 — 146]1%)

=3 (p(wl© A8]) 207 + L(IAGLIE — A6L1%)).
The following part aims to estimate the right-hand side of (3.34).
0l =p(w) © 8GL) 061+ £ (11A8 12 — 12671

=p(wl © AG])TAG] — p(86],)TA6] - £|| 6|

NI N NI

: ~. 12 ,
wi @ (A6], + 28])||" - L]la6]?

2 . .
—gH\/v%@Aeg

2 ’OH ~. |12 p i
Pllag: —HAOJ
+ 9 ke + 9 c

2

wl Agic

2

AG], + NG’

IN

J -1 ~. 112 ,

2

AG?

[

_ ~. 12 _
ACal) ‘A% +/)(12 €)
=6
=2
1.

2

~. 112
Aeic - %

‘Aeg

2 2
p .
A VNY

4 c

(3.34)

where the last three inequalities used | w? ||, € [¢,1) and € € [1/2,1]. By (3.14b),

we have A§)_ = LAN — A6 and hence

1

. . . 2 )
e R A A L

—

< ZIANTH2 + Laeitt 2 — Pae|?
_pH k H+3H A il AU B

where the second inequality is from ||a + b||* < (1 + ¢)||a]|* + (1 + 1/t)||b||* for
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any a, b and ¢t > 0, which together with (3.34) derives

=) q
1 ; P . P ,
<y (;\M“HZ + LI - Blae?).
4) Tt follows from (3.16) and (3.14b) that A\J*' = r,(67 — 6]*') — g]. Then, we

have,
ANTY =7 (AGF — NG + gl — gl (3.35)

which by r;, € (0,1] and (3.29) suffices to
> AN (3.36)
<D (BPIAG + 37 A6)1% + 3llgl — gt I17)
<Y BPAGLP + 617 2671 (3.37)
5) We sum ¢} "', 3" and ¢} and use (3.37) to obtain

L(Z7) — L(Z7) = e + e} + ¢
6l — 21
=30 (L0 I = 21 + (5 + )N
613 612 61—
R | LG

3
Py (e Z)HAHZHZ

p

611 9l ;
< j+112 JNz ) .
<3 (- Lo laei - colael?) (3:38)

where the last inequality is due to p > 10/. From (3.38), we can conclude that

sequence {L(Z’)} is a non-increasing.
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6) Based on the descent inequality (3.28), we have,
$(O) — 9(©))
<3 (g™ 208 + 2] )
= (A a0l TG + —||A6V+1|| )
< (gTae + 2 ae ),
where the equality is due to (3.14b) and (3.16). This results in
L(Z')
= —o(07 ) + > ((N)TA0 + Llael )

j p—3l i+12
>—¢(O) + =) A6

Therefore, we have L(Z'™!) > —occ for due to p > 10l. This together with the
non-increasing property of {L(Z’ )} shows that {L(Z)} is convergent. Then
taking the limit of the both sides of (3.38) immediately leads to lim; ., || A8 =
0 and lim;_,« ||6?]| = 0, which by (]3_37[) contributes to lim; ., ||AX."'|| = 0 and
limy e 1061 | = 0 by @14B).

7) Based on and (3.16), we have,

2t -

+ 7 AOJH)

ZzHAeﬂ“

(3.39)

I
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For the first term in (3.39), by (3.33), we can conclude that

T

| - o

S ast a0

<p X IWH (A0 — a6
< o> 1w (11802 ) + 2627
— 0.

The above condition, lim;_,, | AL || = 0, and (3.39) show lim; .., || 3, gl =
0. [
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Chapter 4

Rescale-Invariant Federated
Reinforcement Learning for
Resource Allocation in V2X

Networks

In this chapter, we improved the Federated Reinforcement Learning (FRL) by
model alignment. We proposed a Rescale-Invariant FRL (RIFRL) framework to
train the Policy Gradient (PG) based Multi-Agent Deep Reinforcement Learn-
ing (MADRL) systems, which can be applied to Federated Learning (FL) prob-
lems targeting at ReLU-activated Deep Neural Networks (DNNs). Specifically,
we exploited the node-wise invariant property of ReLU-activated DNNs, by
which we can rescale the weights of the DNN without changing the input-
output map of the DNN. We rescaled the DNNSs to align local models across all
clients to improve the aggregation efficiency without introducing additional
communication overhead. The RIFRL algorithm was then applied to the re-
source allocation problem in a V2X network. Simulation results show that the
RIFRL has faster convergence speed and better convergent performance than
the baseline algorithms.
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4.1 Introduction

As we have already discussed in Chapters 1 and 3, Federated Reinforcement
Learning (FRL) is a promising technique for the resource allocation problems
in vehicle-to-everything (V2X) networks. Despite the great potential of FRL,
many FL-based algorithms, such as FedAvg [40], FedProx [43], and FedGiA
[85], face performance degradation when local devices hold significantly differ-
ent data, including non-independent-and-identically-distributed (non-iid) data
or inhomogeneous data. Moreover, these algorithms pay much attention to the
optimization model of a learning problem and thus do not make full use of the
structures of neural networks. For example, ReLU-activated neural networks
exhibit the node-wise invariance property [88]. By harnessing this feature, we
can rescale the models for local devices to mitigate the influence of data differ-

ences and consequently enhance learning performance.

4.1.1 Specific Contributions of this Chapter

The major contribution of this chapter lies in the development of the Rescale-
Invariant FRL (RIFRL) algorithm for resource allocation in V2X networks. The
algorithm fully exploits the node-wise invariance property of ReLU-activated
neural networks, thereby remarkably improving the learning process of the
FRL system under various configurations. Furthermore, the proposed Back-
ward Rescale-Invariant Operation (BRIO) could prove advantageous in en-
hancing the performance of many distributed algorithms when addressing chal-
lenges posed by data discrepancy.
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4.2 System Model and Problem Formulation

This chapter considers the scenario I of Chapter 3. For readability, we rephrase
the system model in this section. The resource allocation for an orthogonal
frequency-division multiple access based single-antenna V2X network is intro-
duced as follows.

In the V2X system, a roadside unit provides vehicle-to-infrastructure (V2I) link
services to N vehicles in the system and there are K vehicle-to-vehicle (V2V)
links connecting neighbour vehicles. Assume that each V2I link is allocated an
orthogonal sub-channel, as it provides high-data-rate services to each vehicle.
Therefore, the number of orthogonal sub-channels is the same as the number
of the V2I links. The V2V links are enabled by device-to-device communica-
tion and reuse the uplink sub-channels of the V2I links to improve the spectral
efficiency. By denoting the sets of V2I and V2V links as N = {1,2,..., N} and
K ={1,2,..., K}, respectively, V2I link n is allocated with sub-channel n.

At time slot t, V2I link n receives the interference signals from V2V links. There-

fore, the SINR for V2I link n can be expressed as follows,
[hn ] Py

02+ Yy o[l RG] 2P

Tl = (4.1)

where h!.[n] denotes the channel gain of V2I link n and h%[n] represents the in-
terference channel gain between the transmitter of V2V link k£ and the road side
unit in sub-channel n at time slot ¢. P» and P," are the transmit power of V2I
link n and that of V2V link k at time slot ¢, respectively. o is the variance of the
additive Gaussian white noise. The binary variable, pf[n], represent whether
sub-channel n is allocated to V2V link k for transmission, i.e., pi[n] = 1 if al-
located, pi[n] = 0 otherwise. Thus the rate for V2I link n at time slot ¢ can be
expressed as,

R: = Wlog(1 + +), (4.2)

where W denotes the bandwidth of each sub-channel.

Similarly, at time slot ¢, V2V link £ receives the interference signals from other
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V2V and V2I links. The corresponding SINR for V2V link % in sub-channel n is
given by,
P 7105
o+ [ ] + 1]

: (4.3)

where gZ};[n] denotes the channel gain of V2V link % at time slot ¢, I;*[n] and
I;'[n] represent the received interference power at the receiver of V2V link &
from all V21 links and from other V2V links, respectively. Specifically, I;*[n] =
|1, [n][2PEt and I} [n] = > werwrsn P[0l Gh g (0] Py, where ht ,[n] is the in-
terference channel gain between the transmitter of V2I link n and the receiver
of V2V link k, and g}, [n] is that between the transmitter of V2V link &’ and the
receiver of V2V link k in sub-channel n. The rate of V2V link £ is thus given by,

Ry =3 o Wiog(1+ 7, [n)). (4.4)

V2V links are responsible for transmitting the periodically generated safety-
related information. Therefore, we aim to allocate the transmit power and sub-
channels to the V2V links to maximize the V2V package delivery rate within a
given time duration, i.e., Pr(T, Y. B)' > D), Vk, for the V2X system with-
out causing severe interference to the V2I links, where D, denotes the size of
data package, 7, denotes the duration of each time slot, and T = {1,2,...,7T'}
denotes the set of transmission time indices. Note that the V2V link delivery
rate is a long-term value, which can be effectively dealt with by Reinforcement
Learning (RL) as it suits sequential decision-making for a long-term goal. In
addition, in the system, we also employ Federated Learning (FL) to combat

local observability.
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4.3 Framework of RIFRL

In this section, we first formulate the resource allocation problem in the V2X
system as a multi-agent Partially Observable Markov Decision Process (POMDP)
and then design the RIFRL algorithm to solve the problem.

4.3.1 Multi-agent POMDP and policy gradient for the V2X sys-

tem

The designed V2X system can be formulated as a POMDP with a tuple (K s;,
agk), ng), zgk), P,0), where K is the number of agents, s; is the environment
state at time ¢, a" is the action at time ¢ of agent k, 2" = O(s,, k) is the local
observation obtained by agent k, observation function O(-, -) maps state s; to
specific observation 2" of agent k, R™ is the local reward received by agent k
from the environment, and P(s;;1 | st a;) is a transition probability from state

s; with joint action a, = (aﬁl), a§2), . ,a,gK)) to next state s,;;. In practice, we

only use available (/X al® ", 2"} to train the system. Other quantities are

automatically and implicitly learned by the agents during training.

In the V2X system, each V2V link £ is deemed as an agent £ and makes deci-
sions for itself. Therefore, we define

al? = (P 1, (4.5)

where P" € {23,15,5,~100} dBm is limited to discrete values for the sake of
both ease of learning and practical circuit restriction and ff € N denotes the
selected sub-channel index for agent k. (We restrict the number of selected
sub-channels for each V2V link to 1.) We use the available information [28] as
the observation information for each agent, i.e.,

A= Ul Bl gl Gl B
VneN,k’eK,qk,Té,BZ,k}, |

where qy, is the relative position of the transmitter to the receiver of link k, T}
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and Bj, are the remaining time budget and the remaining data package size.
Moreover, all agents share a common reward so that they can learn to cooper-
ate. We give all the agents a reward of 0.5, once a V2V link successfully delivers
its data package within the given time period. Therefore, considering the V2I

link transmission quality, the reward for agent £ is given by,
RM =05%Q +0.1xY, Rit, (4.7)

where Q' denotes the number of V2V links that complete data package trans-

mission in time slot .

The general idea of POMDP is given as follows. At time ¢, each agent £ simul-
taneously selects and implements an action a'*) based on its observation of the
environment, z.". Subsequently, the environment returns a local reward, RrRY,
to each agent k and it state s; transits to the next state, s;;;, with a transition
probability P(s;;1 | s, a;). In the next time step, ¢ + 1, each agent & obtains a
new observation of the environment, zgi)l = O(s¢41, k). Throughout the chap-
ter, we set a common shared reward for all agents so that the targeted system
is a Markov potential game. According to [86], the policy gradien (PG)-based
algorithm for the game can finally converge to an approximate Nash equilib-
rium. Therefore, we build the FRL framework based on a PG-based algorithm.

PG-based methods directly optimize the policy of agents to maximize the long-
term reward, i.e., each agent k aims to maximize its accumulative reward R (1) =

ST R over trajectory 7, namely
max yy(®) = E-(RM (7)), (4.8)

where @ is the joint policy of all agents and trajectory 7 = {(zgk), agk), R,Ek)) VE e Kt € T}
is collected by implementing the joint policy of all agents and interacting with
environment for a time period of 7'

We use a fully ReLU-based multi-layer neural network as an approximator of
the policy. For agent k, we denote its trainable parameters as 8, (i.e., networks’
weights and biases to be trained). The corresponding policy is then expressed
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as ﬁk(agk) |z§k); 0:) (i.e., networks’ outputs). After interacting with the environ-
ment for 7' time slots, each agent k can calculate its approximate PG as fol-
lows [86]],
T
Vo,ur(®) ~ B (R¥ (7)Y Viog mi(af” |2 6,) ). (4.9)
t=1
With the above PG, the gradient ascent-based optimizers (e.g., RMSprop [89])
can be used to train the networks.

Algorithm 3 RIFRL

1: Input: Initial global model ég, number of training episodes .J, and aggre-
gation interval G.
2: for episodeindex j =0,1,...,.J do

3: ——Local learning steps—-—
4:  for each agent k € Kin parallel do
5: Update its local model by 6] = ég, if receive ég from the server.
6: Sample a trajectory 7] based on current policy 7(.; 87) and calculate
the PG based on (4.9).
7: Update 8]"" by applying a gradient ascent-based optimizer to train the
neural networks.
8: if j mod G == 0 then B
9: Rescale 87" by BRIO to get ;.
10: Upload rescaled model 5?“1 to the server.
11: end if
12:  end for
13: —--Global aggregation—-—
14:  if j mod G == 0 then
15: for the central server do _
16: Update global model /! = L 3" 7+,
17: Rescale 67" by BRIO to get ég“
18: Broadcast rescaled model 5;“ to all agents.
19: end for
20:  end if
21: end for

22: Output: Trained global model, 6.
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4.3.2 RIFRL algorithm

The RIFRL algorithm is presented in Algorithm[3] In this FRL system, we treat
K agents as edge nodes, place a central server to aggregate local models {6, :
Vk € K} from agents, and broadcast the aggregated global model, 6,, to all
agents. All agents update their local models in each episode and aggregation
happens every G episode. At Step 5, local updates for all agents begin with the
same models, 8 = ég. In Step 6, each agent interacts with the environment
based on the policy represented by their local models, obtains the experience
trajectory of the current episode, and calculates the corresponding PG using
(4.9). In Step 7, each agent updates the local model using the obtained PG
and the gradient ascent method. At Step 16, the central server aggregates the
knowledge of all agents.

Due to data discrepancy or heterogeneity, local updates can experience client
drifts, i.e., the local model updating direction varies among different clients.
This client drift degrades the aggregation efficiency and thus slows down the
convergence speed. To mitigate this effect, we exploit the node-wise invariance
property of ReLU-activated neural networks, i.e., force all local models to stay
in the same solution space without changing the neural network input-output
mapping. We improve the FRL algorithm by adding two backward rescale
steps before and after the aggregation step in Steps 9 and 17. The BRIO is
introduced in the next subsection.

Note that although the FRL algorithm targets a global shared model, only
model parameters are shared among all agents and the same model can still
output a unique policy for each agent based on different observations of differ-

ent agents.

4.3.3 Rescale for ReLU activated linear layers

As shown in Fig. 4.1} node-wise invariance is based on the fact that for a ReLU-
activated neuron network or subnetwork, if we multiply the input weights of

this node by o > 0 and multiply the output weights of this node by 1, then the

97



Figure 4.1: Node-wise invariance.

input-output map of this node does not Change Now we integrate this idea in
a fully connected network with L — 1 ReLU-activated linear layers.

Let the input, output, weight matrices, and bias of the ReLU activated network
be x!,y, (W' ..., WL)and (b!,... bl), respectively. Then we have the input-

output relationships as follows,

x" = ReLUW* +b"), ¢ =1,...,L — 1,
R (4.10)

Left multiplying a diagonal matrix D'*! with positive diagonal entries to both
sides of (4.10) yields that

il—&-l — Dé—i-lxl—l-l

= D' ReLU(W'x" + b")
= ReLUD""'W'k' + D*"'bf) (4.11)
= ReLU(D""'W*(D")~'x" + D*'b"),

DLy — DL+1WL(DL)—1§L + DL+1bL,

where the third equation is due to the homogeneityf| of ReLU and the last two

equations are from x° = D‘x’. The above equations indicate that we obtain

1For expression consistence, we use “network” to refer to network or subnetwork in this
section.
2A function f is homogeneous if f(az) = af(z) for any a > 0.

98



another network with x‘ being the input vector of the (-th linear layer. The
input and output of the new network are X' and D**'y. To make the two
networks equivalent, we set D' and D" to be identity matrices. Then we get
a new equivalent network with the /-th layer’s weight matrix and bias vector
being

W' = D"'"WYD’) ! and b’ = D"'b’. (4.12)

To choose a proper diagonal matrix DY, we adopt the idea to normalize W to
have unit columns. To fulfil that, we can calculate the i-th diagonal entry of
matrix D* in a backward rescale order of £/ = {L, ..., 1} as follows,

iy 1, (e {1,L+1}, w13
C Iottwe, ce {23, LY, '

where || (D*"'W¥) ;|| denotes the Euclidean norm of the i-th column of D**'W*.
One can observe that the above choice of D’ normalizes each column of D' W*
so that W* has unit columns. We call such an operation the BRIO and present
it in Algorithm |4,

Algorithm 4 BRIO
1: Initialize: A fully connected neural network with L — 1 ReLU activated
linear layers and a linear output layer with weight matrices (W', ..., W)

and bias (b!,..., b%).

2: For ¢ = L to 1, calculate (D**!, ... D!) by (4.13).

3: Return rescaled weight matrices (W!,..., W%) and bias (b',...,b") by
(4.12).

To integrate BRIO into RIFRL, we let 6 = (W' ..., WZ bl ... bl) and the
rescaled model 6 = (Wl, .. WE bl .. b%). Thanks to this, for each agent k,
the components in 6, corresponding to W (e {2,3,..., L} have unit columns
so that the main components in ), corresponding to W* ¢ € {2,3,..., L} for
different agents become similar, which is beneficial to the model aggregation
and thus improves the learning process.

Remark 4.3.1. To end this section, we would like to point out that the BRIO can be

extended to neural networks with other activation functions if they are homogeneous.
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This is because equations (4.11) still hold if we replace ReLU with these functions.
Typical homogeneous activation functions are piecewise linear functions such as leaky
RuLU [90] and parametric ReLU [91|]. Therefore, the RIFRL algorithm can be flexibly
adjusted based on other neural networks with homogeneous activation functions.
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4.4 Simulation Results

In this section, we demonstrate the performance of our proposed RIFRL al-
gorithm for the resource allocation problem in a V2X system. We follow the
urban case in Annex A of [1], which simulates 9 blocks in total with an area
size of 1299mx750m and with both line-of-sight and non-line-of-sight chan-
nels. The corresponding channel parameters are set the same as Table I and
Table IT in [28]]. We consider 8 vehicles and thus 8 V2I links as well as 8 sub-
channels. The number of V2V links, K, is set to 24 and V2V package data size
Dy is set to 2120 Bytes if not specified.

The policy neural network for each V2V link consists of three fully connected
hidden layers with 500, 250, and 120 neurons, respectively. ReLU is employed
as the activation function in all layers except for the outermost layer where the
softmax function is adopted so that the policy network can output a probability
vector for the action candidates.

We compare three learning methods and a random baseline that randomly se-
lects actions is used to show the system performance without optimization. The
three learning methods are the independent PG algorithm, the Fed Avg-based
FRL algorithm (short for FRL), and RIFRL. We set the learning rate for FRL and
RIFRL as 1072 but for independent PG as 10~* and the optimizer as RMSprop
optimizer. This is because a slightly larger learning rate makes independent
PG fail to learn a good policy. We set the time duration of each time slot as 1
ms and each training episode consists of 100 time slots. Both FRL and RIFRL

aggregate agents’ models once every 5 training episodes, i.e., G = 5.

We begin by comparing and analyzing the learning processes of three algo-
rithms. Fig. 4.2]illustrates the normalized moving average reward throughout
the training phaseﬁ In comparison with independent PG, two FRL algorithms
can enhance the learning process by empowering each agent to acquire knowl-
edge beyond its individual observations. This is because the V2V delivery

probability is a long-term optimization target, which is challenging for inde-

3The moving average is calculated over the reward of 500 episodes and each curve is the
mean of 35 independent training trajectories.
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Figure 4.2: Moving average reward of 3 algorithms.

pendent PG using a single agent to explore the relation between the long-term

reward and the instantaneous local observations.

Among the three algorithms, RIFRL improves both the learning speed and con-
vergent performance remarkably. These improvements stem from the BRIO,
which adjusts the local models of agents to make them more similar to each
other, thereby shrinking the solution space of each agent’s optimization prob-
lem and enhancing the aggregation performance. We highlight that RIFRL is
able to achieve comparable performance to FRL with around 1600 fewer train-
ing episodes. Please note that a performance of 1 cannot be reached even if
infinite computational resource is available, because severe channel fading can

lead to the failure of V2V link transmission.

Next, we evaluate the trained models of all algorithms, as well as a MARL
algorithm from [28], by employing them in another testing environment. Fig.
4.3|illustrates the performance of different algorithms in terms of V2V packet
delivery probability when varying the size of V2V data package. It is noticeable
that the probability decreases as the data size increases for all algorithms. It is
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clear that RIFRL outperforms the others. The MARL algorithm from [28] does
not deliver desirable results. This is because it has been designed to address
the static environment, while the environment considered for our simulation is

dynamic due to the change of positions of vehicles.

Finally, to assess the adaptation ability of the algorithms under varying envi-
ronmental configurations, we modify the number of V2V links (i.e., the number
of agents), which impacts the V2V link density per resource block and conse-
quently results in diverse environmental statistics. As illustrated in Fig. |4.4} it
becomes evident that as the number of V2V links increases, the V2V package
delivery probability decreases, indicating poorer performance. This degrada-
tion is attributed to the increased competition among V2V links sharing the
same sub-channel. Once again, RIFRL exhibits the highest probability, high-
lighting its desirable effectiveness in adapting to different environmental con-

figurations.
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4.5 Conclusion

The performance enhancement for resource allocation problems in V2X net-
works arises from two aspects: the integration of FL and RL and the exploita-
tion of node-wise invariance of ReLU-activated neural networks. This chapter
has enabled us to design a useful procedure BRIO. We believe that the devel-
oped architecture and the BRIO hold the potential to address many other ap-
plications, as long as they can be formulated as a FL problem and the targeted
DNN model is ReLU-activated. This deserves further investigation.
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Chapter 5

Neural Collapse based Deep
Supervised Federated Learning for
Signal Detection in OFDM Systems

In this chapter, we improved Federated Learning (FL) by hidden feature align-
ment. We exploited the Neural Collapse (NC) phenomenon, where the last
layer hidden features and the output layer weights finally converge to Equian-
gular Tight Frames (ETFs) and are linearly aligned under the universal approx-
imation assumption of Deep Neural Networks (DNNs). We introduced an aux-
iliary classifier to the DNN at each client and used the NC weights to deeply
supervise the hidden features across all clients. In this way, the hidden weights
were better aligned without additional communicational and computational
overheads. To apply this Neural Collapse based Deep Supervised Federated
Learning (NCDSFL) framework to signal detection task, we further derived the
NC solution for multi-binary classification problems and proved its optimality.
Simulation results show that the proposed NCDSFL algorithm has faster con-
vergence speed than the baseline algorithm under various channel conditions.
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5.1 Introduction

Deep learning (DL) has been recognized as a powerful tool to enhance wire-
less communication systems in various perspectives (see Chapter 1 for detailed
background and literature review), whose performance is highly dependent
on the quality of the training dataset. In many wireless communication sys-
tems, as illustrated in Fig. [5.1} user devices can only observe a partial wire-
less environment, which is characterized by its unique Power Delay Profile
(PDP) determined by the positions of User Devices (UDs), the base station and
the scatterers. Collecting data from all users is expensive and a privacy viola-
tion, which makes DL-based methods less practical for training a generalizable
model. Federated Learning (FL) is thus employed to address this challenge.
However, the local datasets of clients are usually heterogeneous due to users’
local observability, which can lead to slow convergence speed of the FL algo-

rithm and thus increase communication overhead [43].

To mitigate the client drift effect caused by data discrepancy, feature align-
ment can be exploited [43,92-94]. FedProx [43] penalizes the difference be-
tween local client model and the global model during the local training up-
dates, which implicitly aligns the features of local model and that of the global
model. MOON [93] uses contrastive learning to encourage the similarity be-
tween the local model feature representation and the global model feature rep-
resentation. The authors of [94] permute the hidden elements within each layer
so that the hidden elements with similar feature extraction signatures can be
matched and aggregated. The aforementioned methods validate the benefits of
feature alignment in FL but require additional computational overhead or treat
model parameters equally ignoring the effect of dataset. To implement the FL
algorithm in real wireless systems, it is important to reduce both communica-
tion and computation overhead.

5.1.1 Specific Contributions of this Chapter

In this chapter, we focus on training a joint channel estimation and signal
detection neural receiver by FL aggregating the knowledge learned by dif-
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ferent client user devices with local observability while preserving data pri-
vacy. We propose a Neural Collapse based Deep Supervised Federated Learn-
ing (NCDSFL) framework to mitigate the client drift effect. Neural collapse
(NC) [95] describes the optimal condition for classifiers and hidden features
under the universal approximator assumption on DNNs. The NC duality es-
tablishes the geometric link between the classifiers and the hidden features,
i.e., they converge to the same Equiangular Tight Frame (ETF) and are finally
linear aligned. Therefore, it is possible to align the hidden features by using
the same fixed auxiliary classifiers and the same loss function to supervise the
hidden features at each client user device by Deep Supervision (DS) [96]. This
NC inspired DS is carried out by adding a regularization term to the local train-
ing loss at each client user device. Therefore, the NCDSFL algorithm reduces
the model parameters to be updated and transmitted. In addition, the signal
detection task can be formulated as a multi-binary classification problem. We
derive the NC form for the multi-binary classification problems, which has not
been addressed in the literature yet. The main contributions of this work can

be summarized as follows.

* We provide an explicit NC solution for a multi-binary classification prob-
lem and rigorously establish its optimality by revealing the relationship
between an NC and a global solution to the problem. To the best of our
knowledge, this has not been addressed in the existing literature.

¢ We then introduce the technique of DS in a DNN by adding one auxil-
iary layer connected to the third-to-last layer. This approach can be inter-
preted as incorporating a regularization term into the objective function
of the target optimization model. During training, we fix the weights at
both the output layer and the auxiliary layer using two derived NC solu-

tions. As a result, the number of trainable parameters is reduced.

* We integrate DS-based DNNs, with a portion of their weights fixed us-
ing NC solutions, into an FL paradigm. This design encourages differ-
ent clients to produce similar hidden features at both the penultimate
and auxiliary layers. A hidden feature refers to the output of a specific
layer of neurons; see for a detailed definition. Consequently, the
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proposed NCDSFL algorithm can effectively address data heterogeneity
and achieve fast convergence, as demonstrated by simulation results on
signal detection in Orthogonal Frequency Division Multiplexing (OFDM)
systems compared to several baseline methods. Furthermore, we empiri-
cally validate the emergence of the NC phenomenon in multi-binary clas-
sification tasks.

5.1.2 Related Works

NC [95], first defined in [97], is a terminal state of neural networks at the end
of the training phase. NC provides an elegant mathematical analysis on the
features and the parameters of the last layer by peeling the them off the neural
network and treating them as free variables under the universal approximator
assumption on neural networks. A specific NC form depends on formulation
of the DNN training problem, but usually includes four properties: collapse of
variability, preference towards a simplex ETF, self-dual alignment and simplifi-
cation to nearest class center. A family of researches on NC with different con-
figurations has been conducted. The authors of [97] study the canonical classifi-
cation problem with CrossEntropy loss and first define NC. The authors of [98]
further analyze the landscape of the CrossEntropy loss with weight decay and
find that only global minimizers are simplex ETFs while all other critical points
are strict saddle points, which explains why CrossEntropy is a effective loss
function for classification problem. In [99], the authors investigated how label
corruption influences collapse, showing that neural collapse can still manifest
but with altered geometric structure due to memorization effects. In [100], the
authors analyze the gradients of CrossEntropy loss and propose replacing the
final learnable classifier with fixed ETF classifiers and an alternative loss func-
tion, which has a theoretical convergence rate not worse than the CrossEctropy
loss with learnable classifiers. Beside the multiclass classification problem, NC
for multivariate regression is recently proved in [101]. In addition, the authors
of [102] investigate the NC for multi-label classification problems using pick-
all-label loss, where each data sample can be classified to multiple classes. DL

based signal detection can be modeled as a multi-binary classification prob-
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lem, which is equivalent to multi-label classification problem. However, the
method from [102] requires a threshold to determine how many labels to pick
for one data sample in the prediction phase, which does not fit our considered
signal detection task. We therefore derive a different NC form for multi-binary

classification problems and prove its global optimality.

DS was first proposed in [96], which adds supervision to the intermediate hid-
den features of DNNs. By doing so, DS can mitigate the gradient vanishing
issue, help the DNN learn more discriminative features and thus improve the
DNN performance [103]. It is later applied to many different computer vi-
sion tasks like image segmentation, object detection, image super-resolution,
etc. [104-106]. The aforementioned MOON [93]] algorithm can also be classified
into the DS category, as it introduces regularization terms of the intermediate
hidden features, which is then optimized with the main loss function together.
NC defines the optimal solution form for the outout layer related variables,
naturally, we can use the fixed ETF weights as the auxiliary classifiers as in the
output layer due to their optimality. However, to the best of our knowledge,
DS related works haven’t exploit the NC solutions yet.
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5.2 Multi-Binary Classification

In this section, we introduce the multi-binary classification problem and pro-
pose the NC solution of the corresponding layer peeled model, followed by its
application in DNNSs.

5.2.1 Problematic Description

Let s € S’ denote a binary label sequence of I binary classes, where S’ denotes
the space of binary sequences with length /. The i-th value, denoted by s;, of
s represents the ith class of the data sample labeled by s. Taken I =3 as an
example, ST = {000, 001,010,011, 100, 101,110,111} and s = 011 means that the
sample labeled as s belongs to the second or third classes due to s, = s3 = 1. In

the sequel, for notational simplicity, we denote
S=8 = {3(0), s ,s<2’-1>} , (5.1)

as S has 2! elements. The superscript j in s\ is determined by binary se-
quence s itself. For example, j = 1if s = 001 and j = 6 if s = 110. We con-
sider the balanced distribution case, where there are K" samples for each label
s € S As a result, there are K2 data samples in total. In addition, we denote
the linear classifiers for the ith binary class as w;; € R? and w;, € R? and the

hidden feature for the kth data sample labeled by sequence s as h{" e R

Following the canonical classification paradigm, we use cross entropy with reg-
ularized weights and features as our loss function. The resulting loss function

is given by

L(W,H) = A[W|* + A[H]|*

4 ﬁ ZK:ZI:ZIH (1 + exp <¢kis<W7H)>>7
k S

=1 i=1 s€

(5.2)

1This assumption is reasonable in a wireless communication scenario, because the transmit-
ted binary sequences are usually uniformly distributed binary sequences.
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where A > 0 and ¢;s(W, H) is defined by
¢kis<W7H) = <Wi,1fsi — Wi h§"”>- (5.3)

Here, (-,-) denotes the vector inner product, 1 — s;,s; € {0,1}, and W and H

denote the collection of all classifiers and all features, namely,

W = |:W1,07 W20,---,Wr0,W11,W271,.. -WI,1]>
(1) (1) (K) (K) (54)
H-= [hsm),...,h8(2,71>,...,hsmw...,hs(zhl)].

5.2.2 NC Solutions

It is known that a layer-peeled model [100,107] ignores the impact of the back-
bone network and treats the features of the penultimate hidden layer H as free
variables, which is true when the DNN is over-parameterized due to the uni-
versal approximation property of DNNs. The layer peeled model of the multi-
binary classification problem can be expressed as the following optimization
problem,

min  L(W,H). (5.5)

W.H

To analyze the above problem, let vec(H) denote the column-wise vectorization

of H, namely,

T
vee(H) = [BNT . onWT o nET L p T (5.6)

8(2171)7 ) Hhg(0) 8(2[,1)

where h'{)" = (W%))T. Let I, € R**? be an identity matrix, and A € R#/*?K?’
and C' € R¥%' be defined by,

A=[B',...,B], C'=I...,1, (5.7)
K times 2! times
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where B! is recurrently generated as follows,

, B’ B¢
Blz[—I I}, B! = o, 5.8
d la _Ci (5.8)
fort=1,2,---,1 —1. Based on these notations, an NC solution to problem

is introduced as follows.
Definition 1. A point (W, H) is called an NC solution to problem (5.5)) for the multi-
binary classification if it satisfies the following conditions:

W

* (NCI: hidden feature collapse). All features converge to the mean, i.e., h
LS 0¥ Vs, k.

* (NC2, classifier collapse). Classifiers of all parallel binary classification problems
form an orthogonal set, i.e., (wW;1,w;1) =0,Yi # j, and w;; +w;o=0,Vi. In
addition, HWZJH = ||Wj’1||,v2.,j.

* (NC3: duality). The classifier and the hidden features are linearly aligned by
vec(H) = ¢ [AT, —AT} vec(W), (5.9)

for a scaling constant ¢, > 0.

The following theorem reveals the relationship between the NC solution and
the global solution to problem (5.5).

Theorem 5.2.1. If0 < \ < 1/(21v/2K21), then any global minimizer of problem
is an NC solution.

Proof. The proof of Theorem[5.2.1|is given in Appendix |5_6l O

Remark 5.2.2. The proposed NC for multi-binary classification problem can also be
extended to a multi-label classification scenario, where each data sample has an ar-
bitrary number of class labels from I classes. This multi-label classification problem
is equivalent to the multi-binary classification problem with I parallel binary classi-
fication sub-tasks, where each binary classification represents whether the sample is
classified into the corresponding class or not.
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5.2.3 Deep supervised DNNs with NC Weights

Now we introduce O-layer neural networks with (O —1) hidden layers. Specifi-
cally, let d, be the number of hidden units of the o-th hidden layer for i € [O — 1],
where [O] = {1,2,---,0}. Letdy and do represent the number of input and out-
put units. Denote W = {W, Wy, --- . Wy} with W, € R%*%-1 being the weight
matrix of the oth layer. For simplicity, we integrate both the weights and the
bias into W. Let D = {(x,,y.) : n € [N]} be a given dataset, where x,, € R%
and y, € R is the nth sample’s feature and label, and N is the number of

samples. The optimization model of DNNs can be built as follows,

mvan L(Y,Y) (5.10)

s.t. Y = softmax(Woo(Wo_1 - - - 0(Wao (W1 X)),

where L is a loss function, o(-) is an activation function, such as the ReLU used
in the sequel, X = [x;,--- ,xy],and Y = [y, - - - , y,]. For simplicity, let

I‘I():>(7 I‘IOZO'(WOI‘IO_l)7 021,27...,0—1. (511)

Then H, is the output of the neurons at the oth layer and is referred to as the

hidden features at this layer.

The motivation for considering the NC solution stems from observations in
many applications, such as the signal detection task illustrated in Figs. [5.3|and
5.4, where the penultimate hidden layer of a DNN exhibits classifier collapse
(i.e., NC2), as well as classifier and feature linear alignment (i.e., NC3), and
the NC-related studies introduced in the introduction section. To leverage this
structural behavior, we embed NC solutions as the weights at the penultimate
hidden layer of a DNN.

Direct embedding

The first embedding is employed directly on the original DNN at the Oth layer,
i.e.,, the output layer, see the red rectangle in Fig. 5.2, where W, in model (5.10)
will be fixed by using an NC weight defined in Definition [1} Specifically, we
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generate a set of orthogonal vectors {w,,} and let w;; = —w, forall i € [] to
form an NC weight Wy . The weight is then fixed during the whole training
phase, as fixed NC classifiers do not harm classification performance [98]. To
do so, the constraint in model becomes

Y = softmax(Wyco(Wo_; - - - 0 (Wao (W1 X)))). (5.12)

Auxiliary embedding under the DS framework

The second embedding is applied for an auxiliary layer. We introduce one
auxiliary layer with weight matrix Wo s collecting the (O — 2)th neuron in the
original network. This idea is termed as DS in [103]. As shown in the blue
rectangle in Fig. the (O — 2)th neuron output in the original network is
connected to the auxiliary loss function by the weight matrix Wo 1. Again,
weight W_; is fixed by another NC weight Wy defined similarly as above.
This indicates that we can add a regularization term in model (5.10),

CE(Y, softmax(Ho_sWy)), (5.13)
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where CE(-) is a cross entropy loss. This together with (5.12), model (5.10) turns
to have the following form,

min L(Y,Y) 4+ uCE(Y, Ho_sWyc¢) (5.14)
W
st Y= softmax(Wyco(Wo_1 - - - 0(Wao(W;1X)))),

where W = {W1,Wy,--- 'Wp_1} and p > 0. In the next section, we will ex-
plore the above model to develop an efficient algorithm for signal detection
problems.
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5.3 Neural Collapse inspired Deep Supervised Fed-

erated learning

In this section, we first introduce the framework of FL and develop the NCDSFL

algorithm based on it.

5.3.1 Federated Learning

A FL system consisting of one central server and J clients aims to learn a shared
model for all clients to minimize the total loss function without raw data ex-
change. Specifically, this learning process can be formulated as the following

optimization problem,

ey 2 (HO5P) 4 RO D), -
s.t. vi=v, ielJ],

where v’, v, F and D' denote the trainable local parameters at client i, the
shared global parameters, the feasible region, and the dataset of client ¢, re-
spectively, L(-; -) denotes the local loss function used to train the model locally
and depends on the local parameters and the local dataset, and R(-;-) is a reg-

ularization term added to a local loss to guide training.

In a canonical centralized FL system, the learning process repeats the follow-
ing three key steps until the model parameters converge or some terminating

conditions are met:

* Local update: Each client updates its local model based on its local param-
eters and dataset by an optimization algorithm such as stochastic gradient
descent or Adam [53].

* Aggregation: After several local updates, all clients or a part of them send
their trained local model parameters to the server. The server aggregates the
models by averaging the received parameters.

* Broadcast: The server then broadcasts the aggregated global model to all
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clients.

5.3.2 DS DNNs with NC Weights in FL

Note that in FL, model aggregation occurs after several local updates. This
can lead to client drift and slow down the convergence, especially when local
datasets are heterogeneous. To facilitate more efficient aggregation, a natural
approach is to align hidden features across clients. According to the NC the-
ory [95], the hidden features (e.g., Hp_; in the direct embedding and Hp_»
in the auxiliary embedding) and their classifiers (i.e., Wy and VVNC) eventu-
ally collapse (i.e., satisfying NC1 and NC2) and become linearly aligned (i.e.,
satisfying NC3). At the same time, DS [103]] provides direct guidance to inter-
mediate hidden features (e.g., Ho_»).

By integrating these two insights, we can guide and align hidden feature dis-
tributions across clients, thereby promoting consistency among local models.
To achieve this, we incorporate model (5.14) into the FL framework. Specifi-
cally, for J clients, we equip each client ¢ with £ DNNs with £ > 1, which have
different learnable parameters. Therefore, there are £J DNNSs in total. The

dataset, D?, for client i is

D' = {D" D" ... D'FY (5.16)
Die — {(Xi’e,yi’e), (x5 yéve)} , e€[E] (5.17)

where D€ is the dataset for the eth DNN for client i. Let
Xt — [x’f’ ... 7x§ﬂ 7 Yot — [ylf@’ . J’?{ﬂ (5.18)

be the input and the label matrix for the eth DNN of client i. Then variables in
(5.15) for each i € [J] are specified by,

vi— {Wﬂ’ W2 ... WE} 7 (5.19)
Wie — (W WEe - W}, e € [E), (5.20)
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Algorithm 5 NCDSFL: Neural Collapse inspired Deep Supervised Fed-
erated Learning

1: Initiation: Initialize learnable parameters {v*’,i € [J]} for all clients and
v0 = (1/[J]) 327, v*°. Generate two NC weights according to NC2 in Defi-
nition [1}
for epochindex £k =0,1,..., K do
—--Local learning—-—
for each client i € [J] in parallel do
Updates its local model by v¥ = v*.
for local update iteration u = 0,1,...,U do
Update v = G(v'*; D) locally.
end for
end for
--Global aggregation—-.
The server collects v®U from all clients i € [J], updates the global model
by v = (1/[J]) 7_, v*Y, and broadcasts it to all clients.
12: end for

—_ =
— O

where Wi collects all weights to be trained for the eth DNN of client ¢. Then
functions in (5.15) for each i are specified by,

LviD) =Y L (Y?) , (5.21)
e€[E]
R(v;D)=unY CE (Yi’e,ng_ 2VVNC> , (5.22)
e€[E]

where Y is given similar to that in (5.14), namely,

=

Y™ = softmax (WNCJ(W?)@_l = -U(Wé’eU(Wi’exi’e)))) -

One can observe that for each client i, we use two fixed NC weights: W fixed
at the penultimate hidden layer for all £ primal networks and Wy fixed at the
auxiliary layer for all £ auxiliary networks. These two weights are irrelevant

to client 7 and can be calculated in advance according to NC2.

5.3.3 The NCDSFL Algorithm
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The overall NCDSFL algorithm is given in Algorithm |5, where G(.;.) in step
7 denotes a local update step based on some optimization criterion, such as
gradient descent. One advantageous property of the NCDSFL algorithm is the
exploration of two fixed NC weights, which helps guide and align the hid-
den feature distributions across clients. This promotes consistency among lo-
cal models and mitigates the effects of data heterogeneity. Another key benefit
lies in its reduced computational complexity and communication overhead. By
tixing the auxiliary classifiers and output layer weights, the algorithm requires
fewer variables to be updated and transmitted, making it more practical for

real-world deployment.

5.3.4 Application to Signal Detection

In this subsection, we use the NCDSFL algorithm to train the neural receiver,
which jointly estimates the channel and detects the signal based on the received
pilot-and-data OFDM symbols.

The signal detection task can be formulated as a multi-binary classification
problem by treating the prediction of each bit as a binary classification prob-
lem. The time-domain transmission model of the OFDM system can be formed
by

b(t) = h(t,7) * a(t) + u(t), (5.23)

where b(t) € C and a(t) € C denote the received signal and the time-domain
transmit signal at time ¢, respectively, u(t) € Cis the AWGN at the receiver side,
{h(t,7):7=0,1,...,Q — 1} is the channel impulse response sequence with a
length of @ at time ¢, which is generated from the PDPs defined in the wireless
world initiative for new radio (WINNER II) channel model [108]. After remov-
ing the cyclic prefix signals, b(t) is passed through a discrete Fourier transform
(DFT) module, and we have the following corresponding frequency-domain
transmission expression of (5.23),

B(r)=A(r)H(r) + U(r), (5.24)
where B(r), A(r), H(r) and U(r) are the DFT of b(t), a(t), h(t,7) and u(t), re-
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spectively.

We adopt the commonly used multi-path channel model [108] to characterize
the OFDM channels, namely,

W) = 3 v PrAu(t) exp( G ()57 — 7). (5.25)

where P,, € R denotes the channel power gain over path m, A4,, € C charac-
terizes the attenuation fluctuation and the phase shift of path [, which depends
on the initial phase shift, the central frequency, the small scale fading, and the
shadowing of path m, 7,, denotes the propagation delay of path m. These pa-
rameters highly depend on the PDPs of users. Note that in this work, we focus
on the low-mobility case. We therefore ignore the time variance caused by the
user’s mobility in (5.25).

In wireless communication systems, the PDPs of different users depend on the
relative positions among users, base stations, and scatterers. Therefore, in cases
of low mobility, as illustrated in Fig. [5.1} each user can only observe the wireless
channels characterized by one PDP within a given time period, resulting in the
local observability problem. Users need to cooperate to learn a general model
that works for newly joined users while preserving data privacy. We thus adopt
the idea of FL to learn the general model, i.e.,, model (5.15), for all users in a

distributed manner.

Mathematically, each user (i.e., client) ¢ trains £ DNNSs to predict bits at differ-
ent positions of the transmit bit stream and these £ DNNs use the same training
dataset with the same inputs and different labels D> = {(x},y%°),--- , (Xi, %)},
where x/, € R*: and y'* € R>%" are calculated by received signal b'(t) and
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transmit signal A’(r) as follows,

= (Re(bi(£,)), Im(v(£1).

Re(b'(t) + 1)), Im(b"(t: +1)),---, (5.26)

(
(
Re(b(#}, + i, — 1)), Im(b' (¢, + d}, — 1))>T,
(
(
(

=]

€

=

A (1)), Im(A' (%)),
Re(A'(r® 4 1)), Im(A'(rb + 1)), - - -, (5.27)

. . T
Re(A(r + dyf — 1), Im(A (1} + dy — 1)),

where Re(b) and Im(b) represent the real and imagery part of b € C, and r;*™! =

+ di. The above formulation means that we use d, received signals {'(t) :
t € t;, — 14 [d.]} to generate the nth input x}, and d}; transmit signals {A*(r) :
r € 7;°—1+4[di]} to generate the nth label y};* of the eth DNNs. Denote the total
length of the label for user i by d;, = 3°__ 5 ;. After specifying local training
data D’ for each user i, we apply NCDSFL to solve model (5.15), yielding a
solution v% ~ v,,i € [J], where v’ represents all the weights of the £ DNNss
for client i. These trained networks can then be used to detect newly emerged
signals based on the learned representations.
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5.4 Simulation Results

In this section, we conduct some experiments on joint channel estimation and
symbol detection to evaluate the performance of the proposed NCDSFL algo-
rithm. We adopt the B1 non-line-of-sight (NLoS) scenario from the WINNER
II model [108] as the channel generator. Specifically, the channel consists of 24
propagation paths. The carrier frequency is set to 2.6 GHz with a bandwidth of
20 MHz. We use typical urban channel conditions with a maximum delay of 16
sampling periods and a shadow fading standard deviation of 4 dB. The delay
spread follows a log-normal distribution with a mean of —7.12(log;,[s]) and a

standard deviation of 0.12(log,,[s]|), where s represents ‘second’.

There are 10 users cooperating to train a general model so that newly joined
users can also use this model without retraining. Client users only have access
to their own data, and they can only observe a partial wireless environment.
Therefore, we use the same PDP to generate 500 channels for the same user
with randomly generated small scale channel parameters. These channel real-
izations are then fixed as a local dataset during the whole training process. The
transmit data bit streams are randomly generated for each local training itera-
tion, while the pilot bits are fixed in both training and testing phases. We test
the bit error rate (BER) performance of the trained model on a general testing

dataset generated from all PDPs with different receiving Signal-to-Noise-Ratios
(SNRs).

For each user i € [10], E = 4 fully connected DNNSs are trained, and each DNN
consists of three hidden layers with 500, 250, and 128 neurons, using the ReLU
function as activation function o. The nth sample (x/,,y") is generated as
and with d;, = 128 (including pilot signal) and dj; = 16. In Algorithm j]
Each local training epoch consists of 50 local iterations to update v&* ™! = G(v'*; DY)
using the RMSprop optimizer| The regularization coefficient in is set as
w=0.5.

We compare the proposed NCDSFL algorithm with two baselines: (1) the Fed Avg-

ZRMSprop is an unpublished adaptive learning rate algorithm proposed by Geoff Hinton
in Lecture 6e of his Coursera Class.
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based signal detector [40], denoted as FL, and (2) the independent learning-
based signal detector, denoted as IL. Both baselines use the same learning hy-
perparameters as NCDSFL. We also compare our method with the conven-
tional minimum mean squared error (MMSE) signal detection algorithm, which

uses MMSE-based channel estimates to recover the transmitted symbols.

5.4.1 Validation of Theorem

We first validate the NC phenomenon in the signal detection scenario. In this
experiment, we focus on the training process of a single client without the FL
manner. To validate Theorem 5.2.1, we track two quantities during the training

process,
wiwe Y|+ [ |
0(Wo, W) ——— — 1 -1,
Wo W) = | (A WIW,| o
IW) = vec(H) [AT, —AT] vec(W) (5:28)
[vec(H)|| || [AT, —AT]vec(W)] ||’
where Wy = [wig,...,w;o] and Wy = [wy1,...,w;;]. The results are shown
in Figs. [5.3/and [5.4]
1072
1073 1
0 1 OIOO 2 OIO 0 3 OIO 0 4 OIO 0 5 OIO 0

Number of training epochs

Figure 5.3: (W,, W) v.s. epochs
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The two figures show that both 6 and ¢ decrease monotonically throughout
the training process. The decreasing trend of 6 suggests that the orthogonal-
ity among classifiers in the parallel binary classification tasks strengthens as
training progresses. Similarly, the decline in ¥ indicates an increasing duality
between the hidden features and their corresponding classifiers. The behavior
of § supports our approach of employing fixed orthogonal classifiers, while the
trend in ¢ implies that the hidden features gradually converge toward the sub-
space spanned by these orthogonal classifiers. The convergence underpins the
feature alignment achieved via deep supervision using NC weights. Together,
these confirm the presence of the NC phenomenon in the signal detection task.

3x1072

2 %1072

1072 -

0 1000 2000 3000 4000 5000
Number of training epochs

Figure 5.4: (W) v.s. epochs

5.4.2 Performance Comparison with Baselines

Next, we compare the considered algorithms in our aforementioned FL learn-
ing scenario with a received signal SNR of 10dB. Fig. shows the BER per-
formance on the validation dataset versus the number of training epochs. We
can observe that the IL algorithm has the slowest convergence speed and worst
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performance, because each client only has partial observations of the wireless
environment and cannot learn a general model for a general validation dataset.
Our proposed NCDSFL algorithm and the FL algorithm have the same conver-
gent BER performance. However, our proposed NCDSFL algorithm converges
much faster than an FL algorithm. The NCDSFL algorithm converges at about
60 training epochs, while the FL algorithm converges at about 150 training
epochs. This is because the hidden features of different clients are guided to
a similar distribution defined by the NC weights as stated in Theorem [5.2.1
which alleviates the impact of client drift effect and data discrepancy. There-

fore, the NCDSFL algorithm can save communication rounds.

10°
— FL
NCDSFL
— IL
& 101
w10
()]
£
il T S WU I S VU VONPURP A DY S
R,
10—2 -
0 50 100 150 200 250 300 350 400

Number of training epochs
Figure 5.5: Testing BER v.s. epochs (SNR=10dB)

In wireless systems, the large scale fading parameters, which highly depend on
the relative positions of transmitters, receivers, and scatters, mainly determine
the SNR of the received signal, even if the transmit power is adjustable. There-
fore, we simulate a more practical scenario, where different client users receive
signals with different SNRs. In this experiment, the SNRs are picked from
{0,5,10,15,20}dB, with each SNR value corresponding to two client users.
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Figure 5.6: Testing BER v.s. epochs

Fig. [5.6] draws the testing BER curves of the FL algorithm and the NCDSFL
algorithm under different SNR conditions during the training process. We can
observe from the figure that our proposed NCDSFL algorithm converges faster
than an FL algorithm. In addition, as the client heterogeneity increases, the
convergent BER of our proposed NCDSFL algorithm also outperforms the FL
algorithm. This validates the effectiveness of aligning clients by NC based DS
in FL. We summarize the testing performance of different algorithms versus
SNR in Fig. 5.7 We can observe that our proposed NCDSFL algorithm always
has equal or better testing performance than the FL algorithm. Moreover, the
testing performance gap between the FL algorithm and the NCDSFL algorithm
enlarges with the received signal SNR value. In addition, both the FL algorithm
and the NCDSFL algorithm outperform the conventional MMSE baseline. This
is because, due to a limited number of pilots, the MMSE algorithm cannot es-
timate the channels accurately and thus has a worse BER performance, while
both the FL algorithm and the NCDSFL algorithm can learn the implicit OFDM

channel structure from the received signals.
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Figure 5.7: Testing BER v.s. SNR

In the next experiment, we further investigate the impact of the LoS path. We
add a LoS path to each client’s channel and set different Rician factors for dif-
ferent users. The SNRs are set the same as in the last experiment, while the
Rician factors are picked from {—5,0, 5, 10, 15}d B, with each value correspond-
ing to two client users. Fig. [5.8 draws the validation BER curve of different
algorithms with different SNRs. We can observe that our proposed NCDSFL
algorithm still converges faster than the FL algorithm. Besides, the BER per-
formance of all algorithms is improved as the presence of LoS paths makes the
signal detection problem easier to solve. Fig. 5.9 draws the testing BER per-
formance of different algorithms with different SNRs. We can observe that the
testing performance of all algorithms is improved due to the presence of LoS
path, and the learning based methods outperform the MMSE baseline due to
their ability to learn the implicit information from the training data.

In the final experiment, we introduce 5 additional clients whose channels are
Rician channels with a Rician factor of 0dB. The SNR is set to 10dB. Fig. |5.10
draws the BER performance on WINNER II dataset and on Rician dataset of the
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Figure 5.10: Testing BER v.s. epochs (SNR=10dB)

trained model during the training process. We can observe that our proposed
NCDSFL algorithm converges faster than the FL algorithm, due to the more
efficient aggregation of the NCDSFL algorithm. Moreover, the performance
of Rician channels is worse than the WINNER II channel. In Rician channels,
except for the LoS path, the NLoS components are irrelevant. Therefore, with a
limited number of pilots, it is more difficult to estimate the channels across all
subcarriers for Rician channels compared with WINNER II channels.
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5.5 Conclusion

Based on the NC phenomenon, A NCDSFL algorithm was proposed to aggre-
gate knowledge from client users while preserving data privacy, which em-
ployed the NC weights as auxiliary classifiers to locally supervise the inter-
mediate hidden features of the DNNs to mitigate the data heterogeneity. The
NC phenomenon of multi-binary classification problems was given and the-
oretically proved. The simulation results on signal detection under various
channel conditions show that the FL scheme addresses the local observabil-
ity issue and our proposed NCDSFL improves the aggregation efficiency and
thus has a faster convergence speed than the baseline algorithm. Beyond this
specific application, the NCDSFL algorithm holds potential for broader use in
other domains, such as computer vision, which warrants further investigation

in future research.
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5.6 Proof of Theorem[5.2.1

5.6.1 Useful Lemmas

Lemma 5.6.1. Matrix A is row-orthogonal and has an equal norm of v/ K27 for each
row.

Proof. Since C'(C")T = 2'I, each matrix C',i = 1,2,...,[ is row-orthogonal
with equal norm row vectors. Now, we prove B’ for eachi = 1,2,..., I is row-
orthogonal by mathematical induction. When i = 1, B}(B!)” = 2'I. Assume
that B’ satisfies B'(B)” = 2'I for any i = 1,2,...1 — 1. For i = I, it follows
from (5.8) that

9B/~ (B 1)” 0
BI (BI)T _ ( ) rl,
0 2C'-1 (C'Y)
- (5.29)
o]
o 2]
Using this fact and (5.7), we have
AAT = KB' (BN = K2'1, (5.30)
finishing the proof. O
For simplicity, let I;; € R¥>*4 and
h = vec(H),
W — [Id[, —Id[]VeC(W) (531)
T
= [(Wl,() - W1,1)T, s (W — W1,1)T] .

Based on definitions of H, W, and w in (5.4) and (5.31), one can represent P as
a bilinear function of w and h as follows,

K 1
P=>"3"Y ¢n.(W,H)=w"Ah, (5.32)

k=1 i=1 seS8
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where A is defined in (5.7).
Lemma 5.6.2. For P defined in (5.32), it holds

P> —VE2H(|[W* + [H[). (5.33)

The equality holds iff the following conditions are met:
1) w = —cAh for some constant ¢ > 0;
2) his a linear combination of row vectors of A;
3) wio+w;1 =0,V

4) W = [H]

Proof. Direct verification leads to
s @
P =w'Ah > — ||| Ah|

(b) c
> — VK2 |wl||h] € —VE2T|w|||H]| (5.34)
d) ’

> — V2K2'[|W|[[H]

(
©
— V2L (W + [[H]?),

Y

where (a) is because ||ab|| > —||al|||b||, and the equality in (a) holds iff a = —cb
for some constant ¢ > 0, namely, condition 1) holds; (b) is due to ||Ah| <
|A||2]|h]| and [|A]]; = VK2! from Lemma where ||A||; is the spectral
norm of A, and the equality in (b) holds iff condition 2) is met. (c) is from the
definition of H in (5.4); (d) is from definitions of W and w in and (5.31),
and the equality in (d) holds iff condition 3) is met. The equality in (e) holds iff

condition 4) is met. O

Lemma 5.6.3. If ¢1;s(W,H) = ¢,Vs € S,Vi for a constant ¢; < 0, and the equality
conditions of Lemmal5.6.2|hold, then the NC conditions in Definition [1| hold.

Proof. h is a linear combination of row vectors of matrix A. Together with
definition (5.31) of h and definition (5.7) of A, we can obtain NC1, the hidden

features collapse to their corresponding feature means.

134



Then we prove NC2. Based on condition 2) from Lemma [5.6.2} there is z such
that h = Az, which by condition 1) from Lemma [5.6.2|results in

w=—cAh = —cAATz = —cK2'z. (5.35)

where the last equation is from (5.30). This suffices to

1 T

_ AT, _
h=A"z= CKQIA w. (5.36)

By denoting Aw; = w; 1 — w,, based on the definitions of A and w in (5.7) and
(5.31), the above condition yields

I
1
h® = ot D (25— D) Aw;. (5.37)
=1

Then the inner product condition becomes, for Vs,

(&1 :¢kis(w H)
=(—(2s; — 1)Aw;,h(M)
__ @ <(25i —1)aw, S (2s 1)ij> | (5.38)

Consider two binary sequences s and ¢, which are same except for the k-th
position, i.e., s; = t;,Vi # k and s; + t;, = 1. We have the following equalities
for Vi,

I
1
— (25 — 1) Awi, » (25— 1) ij> = ¢, (5.39)
cK2! < =
1 I
cK2! < =

For Vi # k, subtracting the above two equations leads to
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indicating that
(Aw;, Awy) = 0,Vi # k. (5.42)

Together with condition 3) of Lemma we can conclude that {w;,} and
{w,1} are two sets of orthogonal vectors. Furthermore, by applying the or-
thogonality to (5.38), we have

1
_W@Si — 1)* (Aw;, Aw;) = ¢, (5.43)

which implies that
| AW, ||? = —ce K2 (5.44)

This completes the proof of NC2. Finally, NC3 is obtained by (5.36). This com-
pletes the proof. O

5.6.2 Proof of Theorem |5.2.1

As function f(z) = In(1 + exp(z)) is convex, we can apply Jensen’s inequality
to the following function,

K 1

(W, H) = K;] >3 3 (1 +exp (qékis(W,H)))

k=1 i=1 seS
mis(w,H))) (545)
[

L
> In (1 + exp (KIQJ Z

k=11

P
=1In (1 + exp (K121> ,

where the equality in “>" holds iff ¢x;s(W,H) = ¢;,Vs € S,Vi. Let p = |[W|* +
|H||?. From Lemma it holds

1 s

P> VK21 (5.46)
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Using the above facts, we have
L(W,H) =1(W,H) + X\p

> In <1 + exp <%)> + Ap (5.47)

> In (1 + exp (=tp)) + Ap = L(p),

where t = 1/(1vV2K27). It is clear that L(p) is a convex function of p and prob-
lem min, L(p) has zero solution if A > ¢/2. In other words, problem min, L(p)
admits a non-trivial global minimizer if 0 < A < t/2. Using the first-order opti-

mality condition, L'(p,,:) = 0, one can find optimal solution p,,: by

1. t—A\
Popt = 7 In o (5.48)
Then we have the following inequality,
L(H7W) Z L(popt)7 (549)

which indicates that problem also admits non-trivial global minimizers.
Recall the sufficient and necessary conditions for the global minimizers, i.e.,
dris(W,H) = ¢;,Vs € §,Vi and conditions in Lemma Based on Lemma
we obtain Theorem [5.2.1] O

137



Chapter 6

Summary and Future Directions
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6.1 Summary

This thesis has explored distributed training algorithms for native intelligent
wireless networks from four different perspectives.

In Chapter 2, we have proposed a DTE MADRL-based power control scheme
to allocate transmit power in HetNets. To promote cooperation among agents,
the PQL algorithm is proposed, which introduces a regularization term in the
local Q loss function to penalize the low-reward state-action pairs. In this way,
agents tend to learn the high-reward state-action pairs first and thus their pol-
icy updating speed slows down, which results in a more stable learning pro-
cess. This PQL algorithm is then employed to train the MADRL system, which
decides the transmit power for each AP simultaneously based on local obser-
vation. Simulation results show that with limited network layers and local
observation, our proposed scheme is able to reach over 90% performance of
the conventional WMMSE algorithm and outperforms a series of existing DTE

learning algorithms under various system settings.

To alleviate the local observability issue, we employ FL to train the MARL pow-
ered intelligent V2X systems, which leads to FRL frameworks. In Chapter 3,
we have proposed a novel policy optimization based FRL framework, namely
PASM algorithm, which incorporates the advanced optimization algorithm, in-
exact ADMM, and the second moment. The former enables agents to gradu-
ally improve their policies, while the latter enables an adaptive learning rate
to speed up and improve the training process. The convergence of the PASM
algorithm is theoretically established. The PASM is then implemented in the
considered V2X networks to train agents to distributively optimize the V2V
package delivery rate and the system weighted sum-throughput. Numerical
experiments have confirmed that the FL approach accelerates agent training
by knowledge sharing and that the proposed PASM algorithm has faster con-
vergence and around 20% weight sum rate gain in the intelligent V2X network

resource allocation scenario.

Moreover, FRL is improved via model alignment in Chapter 4. We exploit
the natural RI property of ReLU activated DNNSs to rescale the DNNs at each
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clients before and after the aggregation step to align the client models. The
rescale operation can reduce the model variance and thus alleviate the client
drift effect without additional communication overhead. The proposed RIFRL
algorithm is then implemented to train the intelligent V2X networks. Simu-
lation results showed that the proposed RIFRL had 3 times faster convergence
speed and improved the testing performance by around 4%, compared with the

classical FedAvg based FRL baseline in the V2X resource allocation scenario.

Finally, we improve the FL algorithm by hidden feature alignment in Chapter 4.
We developed the NCDSFL algorithm by integrating the NC solutions with the
DS scheme within an FL framework. This approach not only enables the effec-
tive aggregation of local knowledge from clients but also mitigates the impact
of data heterogeneity, thereby accelerating convergence. Simulation results on
joint channel estimation and symbol detection in OFDM systems showed that
the NCDSFL algorithm had around 3 times faster convergence compared with

the Fed Avg baseline and thus successfully cut communication rounds.
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6.2 Future Directions

Chapters 3 to 5 have introduced three different FL algorithms addressing FL
from complementary perspectives, i.e., optimization framework, model align-
ment, and feature alignment. Therefore, a natural research direction is to com-
bine these three methods together to obtain a cumulative gain. This combined
method can be used to address the FL problems targeting at training ReLU ac-
tivated DNN model with a specific NC form. The formulated training problem
has the following typical FL form:

min_ " (L(g(Dix.); D) + R(g(Dyix.); D)
- i 6.1)

st. x=x;, Vi,

where L(.,.) is the local loss function which depends on the output of the DNN
and the local dataset D;. F is the feasible region. ¢(D;x) denotes the ReLU-
activated DNN function with x being the trainable parameters and D being the
corresponding input dataset. R(.,.) denotes the regularizer used to supervise
the intermediate features. The PASM framework will be used as the optimiza-
tion framework to solve problem (6.1)), while the NC regularizer in Chapter 5
will be used as R in problem (6.1). Finally, the backward rescale invariant op-
eration (BRIO) will be applied to the ReLU activated DNN directly before and
after the aggregation step as in Chapter 4. This resulted FL algorithm can be
applied to many FL based classification problems in wireless networks, such as
the signal detection problem in Chapter 5.

Another promising research direction is training large language models (LLMs)
for wireless networks. LLMs such as ChatGPT have recently attracted intense
research attention because they exhibit near-human reasoning and language
abilities. Integrating LLMs into future wireless networks would allow base
stations and edge devices to interpret semantic-level information and deliver
highly personalized, context-aware services that elevate user quality of service.
FL can protect user privacy by keeping raw data local, but efficiently training
LLMs under FL constraints remains an open problem. It is prohibitively ex-

pensive to transmit full parameters of an LLM due to its huge number of pa-
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rameters. To address this issue, split learning (SL) is a promising solution [109].
Specifically, multiple clients split the model with a server segment and period-
ically federate the client segments. In this SL-based FL system, our previously
introduced BRIO (Chapter 4) and PASM (Chapter 3) can still be applied, i.e.,
BRIO to rescale ReLU-activated modules, and PASM as the optimization back-
bone. Upcoming work should therefore focus on FL algorithms that are LLM-
specific, featuring lower communication overhead and reduced on-device up-
date complexity and making FL training for LLMs practical for wireless edge
deployments.

142



References

(1]

(2]

3]

(4]

(5]

6]

(8]

9]

3GPP Technical Specification Group Radio Access Network. Study on LTE-based
V2X services; (Release 14). Technical Report TR 36.885, 3GPP, June 2016.

Harri Holma and Antti Toskala. WCDMA for UMTS: Radio access for third genera-
tion mobile communications. john wiley & sons, 2005.

Stephen Weinstein and Paul Ebert. Data transmission by frequency-division
multiplexing using the discrete fourier transform. IEEE transactions on Commu-
nication Technology, 19(5):628-634, 2003.

Gerard ] Foschini. Layered space-time architecture for wireless communication
in a fading environment when using multi-element antennas. Bell labs technical
journal, 1(2):41-59, 1996.

Theodore S Rappaport, Shu Sun, Rimma Mayzus, Hang Zhao, Yaniv Azar, Kevin
Wang, George N Wong, Jocelyn K Schulz, Mathew Samimi, and Felix Gutierrez.
Millimeter wave mobile communications for 5g cellular: It will work! IEEE
access, 1:335-349, 2013.

Walid Saad, Mehdi Bennis, and Mingzhe Chen. A vision of 6g wireless systems:
Applications, trends, technologies, and open research problems. IEEE network,
34(3):134-142, 2019.

Zhi-Quan Luo and Shuzhong Zhang. Dynamic spectrum management: Com-
plexity and duality. IEEE journal of selected topics in signal processing, 2(1):57-73,
2008.

Qingjiang Shi, Meisam Razaviyayn, Zhi-Quan Luo, and Chen He. An iteratively
weighted mmse approach to distributed sum-utility maximization for a mimo
interfering broadcast channel. IEEE Transactions on Signal Processing, 59(9):4331—
4340, 2011.

Kaiming Shen and Wei Yu. Fractional programming for communication sys-
tems—part i: Power control and beamforming. IEEE Transactions on Signal Pro-
cessing, 66(10):2616-2630, 2018.

143



[10] Haoran Sun, Xiangyi Chen, Qingjiang Shi, Mingyi Hong, Xiao Fu, and
Nicholas D Sidiropoulos. Learning to optimize: Training deep neural networks
for interference management. IEEE Transactions on Signal Processing, 66(20):5438—
5453, 2018.

[11] Yaohua Sun, Mugen Peng, Yangcheng Zhou, Yuzhe Huang, and Shiwen Mao.
Application of machine learning in wireless networks: Key techniques and open
issues. IEEE Communications Surveys & Tutorials, 21(4):3072-3108, 2019.

[12] Quoc-Viet Pham, Nhan Thanh Nguyen, Thien Huynh-The, Long Bao Le,
Kyungchun Lee, and Won-Joo Hwang. Intelligent radio signal processing: A
survey. IEEE Access, 9:83818-83850, 2021.

[13] Hao Ye, Geoffrey Ye Li, and Biing-Hwang Juang. Power of deep learning for
channel estimation and signal detection in ofdm systems. IEEE Wireless Commu-
nications Letters, 7(1):114-117, 2017.

[14] Xuemei Yi and Caijun Zhong. Deep learning for joint channel estimation and
signal detection in ofdm systems. IEEE Communications Letters, 24(12):2780-2784,
2020.

[15] Hao Ye, Le Liang, Geoffrey Ye Li, and Biing-Hwang Juang. Deep learning-based
end-to-end wireless communication systems with conditional gans as unknown
channels. IEEE Transactions on Wireless Communications, 19(5):3133-3143, 2020.

[16] Hao Ye, Geoffrey Ye Li, and Biing-Hwang Juang. Deep learning based end-to-
end wireless communication systems without pilots. IEEE Transactions on Cogni-
tive Communications and Networking, 7(3):702-714, 2021.

[17] Mikko Honkala, Dani Korpi, and Janne M] Huttunen. Deeprx: Fully convo-
lutional deep learning receiver. IEEE Transactions on Wireless Communications,
20(6):3925-3940, 2021.

[18] Ian Goodfellow. Deep learning, 2016.

[19] Mengyuan Lee, Yuanhao Xiong, Guanding Yu, and Geoffrey Ye Li. Deep neural
networks for linear sum assignment problems. IEEE Wireless Communications
Letters, 7(6):962-965, 2018.

[20] Harold W Kuhn. The hungarian method for the assignment problem. Naval
research logistics quarterly, 2(1-2):83-97, 1955.

[21] Fei Liang, Cong Shen, Wei Yu, and Feng Wu. Towards optimal power control
via ensembling deep neural networks. IEEE Transactions on Communications,
68(3):1760-1776, 2019.

144



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Qiyu Hu, Yunlong Cai, Qingjiang Shi, Kaidi Xu, Guanding Yu, and Zhi Ding.
Iterative algorithm induced deep-unfolding neural networks: Precoding de-
sign for multiuser mimo systems. IEEE Transactions on Wireless Communications,
20(2):1394-1410, 2020.

Arindam Chowdhury, Gunjan Verma, Chirag Rao, Ananthram Swami, and San-
tiago Segarra. Unfolding wmmse using graph neural networks for efficient
power allocation. IEEE Transactions on Wireless Communications, 20(9):6004—-6017,
2021.

Tianxu Li, Kun Zhu, Nguyen Cong Luong, Dusit Niyato, Qihui Wu, Yang Zhang,
and Bing Chen. Applications of multi-agent reinforcement learning in future
internet: A comprehensive survey. IEEE Communications Surveys & Tutorials,
24(2):1240-1279, 2022.

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Ve-
ness, Marc G Bellemare, Alex Graves, Martin Riedmiller, Andreas K Fidjeland,
Georg Ostrovski, et al. Human-level control through deep reinforcement learn-
ing. nature, 518(7540):529-533, 2015.

Yasar Sinan Nasir and Dongning Guo. Multi-agent deep reinforcement learning
for dynamic power allocation in wireless networks. IEEE Journal on selected areas
in communications, 37(10):2239-2250, 2019.

Hao Ye, Geoffrey Ye Li, and Biing-Hwang Fred Juang. Deep reinforcement learn-
ing based resource allocation for v2v communications. IEEE Trans. Veh. Technol.,
68(4):3163-3173, 2019.

Le Liang, Hao Ye, and Geoffrey Ye Li. Spectrum sharing in vehicular net-
works based on multi-agent reinforcement learning. IEEE ]. Sel. Areas Commun.,
37(10):2282-2292, 2019.

Jakob Foerster, Nantas Nardelli, Gregory Farquhar, Triantafyllos Afouras,
Philip HS Torr, Pushmeet Kohli, and Shimon Whiteson. Stabilising experience
replay for deep multi-agent reinforcement learning. In International conference on
machine learning, pages 1146-1155. PMLR, 2017.

Ziyan He, Liang Wang, Hao Ye, Geoffrey Ye Li, and Biing-Hwang Fred Juang.
Resource allocation based on graph neural networks in vehicular communica-
tions. In 2020 IEEE Glob. Commun. Conf., pages 1-5, 2020.

Richard S Sutton, David McAllester, Satinder Singh, and Yishay Mansour. Policy
gradient methods for reinforcement learning with function approximation. Adv.
Neural Inf. Process. Syst., 12, 1999.

Timothy P Lillicrap, Jonathan J] Hunt, Alexander Pritzel, Nicolas Heess, Tom
Erez, Yuval Tassa, David Silver, and Daan Wierstra. Continuous control with
deep reinforcement learning. arXiv preprint arXiv:1509.02971, 2015.

145



[33] David Silver, Guy Lever, Nicolas Heess, Thomas Degris, Daan Wierstra, and
Martin Riedmiller. Deterministic policy gradient algorithms. In Int. Conf. Mach.
Learn., pages 387-395. Pmlr, 2014.

[34] Yasar Sinan Nasir and Dongning Guo. Deep reinforcement learning for joint
spectrum and power allocation in cellular networks. In 2021 IEEE globecom work-
shops (GC wkshps), pages 1-6. IEEE, 2021.

[35] Tao Zhang, Kun Zhu, Shaoqiu Zheng, Dusit Niyato, and Nguyen Cong Luong.
Trajectory design and power control for joint radar and communication enabled
multi-uav cooperative detection systems. IEEE Transactions on Communications,
71(1):158-172, 2022.

[36] Lin Zhang and Ying-Chang Liang. Deep reinforcement learning for multi-agent
power control in heterogeneous networks. IEEE Transactions on Wireless Commu-
nications, 20(4):2551-2564, 2020.

[37] Khoi Khac Nguyen, Trung Q. Duong, Ngo Anh Vien, Nhien-An Le-Khac, and
Long D. Nguyen. Distributed deep deterministic policy gradient for power allo-
cation control in d2d-based v2v communications. IEEE Access, 7:164533-164543,
2019.

[38] Prajwalita Saikia, Sonia Pala, Keshav Singh, Sandeep Kumar Singh, and Wan-Jen
Huang. Proximal policy optimization for ris-assisted full duplex 6g-v2x commu-
nications. IEEE Trans. Intell. Veh., pages 1-16, 2023.

[39] John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov.
Proximal policy optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

[40] Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, and
Blaise Aguera y Arcas. Communication-efficient learning of deep networks from
decentralized data. In Artif. Intell. Stat., pages 1273-1282. PMLR, 2017.

[41] Zhijin Qin, Geoffrey Ye Li, and Hao Ye. Federated learning and wireless com-
munications. IEEE Wireless Communications, 28(5):134-140, 2021.

[42] Ouya Wang, Shenglong Zhou, and Geoffrey Ye Li. New environment adaptation
with few shots for ofdm receiver and mmwave beamforming. arXiv preprint
arXiv:2310.12343, 2023.

[43] Tian Li, Anit Kumar Sahu, Manzil Zaheer, Maziar Sanjabi, Ameet Talwalkar, and
Virginia Smith. Federated optimization in heterogeneous networks. Proceedings
of Machine learning and systems, 2:429-450, 2020.

[44] Sumudu Samarakoon, Mehdi Bennis, Walid Saad, and Merouane Debbah. Fed-
erated learning for ultra-reliable low-latency v2v communications. In 2018 IEEE
Glob. Commun. Conf., pages 1-7, 2018.

146



[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

Jiaju Qi, Qihao Zhou, Lei Lei, and Kan Zheng. Federated reinforcement learning;:
Techniques, applications, and open challenges. arXiv preprint arXiv:2108.11887,
2021.

Ziyang Lu, Chen Zhong, and M Cenk Gursoy. Dynamic channel access and
power control in wireless interference networks via multi-agent deep reinforce-
ment learning. IEEE Trans. Veh. Technol., 71(2):1588-1601, 2021.

Xiang Li, Lingyun Lu, Wei Ni, Abbas Jamalipour, Dalin Zhang, and Haifeng
Du. Federated multi-agent deep reinforcement learning for resource allocation
of vehicle-to-vehicle communications. IEEE Trans. Veh. Technol., 2022.

Zelin Ji, Zhijin Qin, and Xiaoming Tao. Meta federated reinforcement learning
for distributed resource allocation. IEEE Transactions on Wireless Communications,
23(7):7865-7876, 2024.

Kaidi Xu, Nguyen Van Huynh, and Geoffrey Ye Li. Distributed-training-and-
execution multi-agent reinforcement learning for power control in hetnet. IEEE
Transactions on Communications, 71(10):5893-5903, 2023.

Kaidi Xu, Shenglong Zhou, and Geoffrey Ye Li. Federated reinforcement learn-
ing for resource allocation in v2x networks. IEEE Journal of Selected Topics in
Signal Processing, 18(7):1210-1221, 2024.

Kaidi Xu, Shenglong Zhou, and Geoffrey Ye Li. Rescale-invariant federated rein-
forcement learning for resource allocation in v2x networks. IEEE Communications
Letters, 28(12):2799-2803, 2024.

Kaidi Xu, Shenglong Zhou, and Geoffrey Ye Li. Neural collapse based deep su-
pervised federated learning for signal detection in ofdm systems. arXiv preprint
arXiv:2506.19476, 2025.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization.
arXiv preprint arXiv:1412.6980, 2014.

Farzin Haddadpour and Mehrdad Mahdavi. On the convergence of local descent
methods in federated learning. arXiv preprint arXiv:1910.14425, 2019.

Mamta Agiwal, Abhishek Roy, and Navrati Saxena. Next generation 5g wireless
networks: A comprehensive survey. IEEE communications surveys & tutorials,
18(3):1617-1655, 2016.

Akhil Gupta and Rakesh Kumar Jha. A survey of 5g network: Architecture and
emerging technologies. IEEE access, 3:1206-1232, 2015.

Lin Zhang, Ying-Chang Liang, and Dusit Niyato. 6g visions: Mobile ultra-
broadband, super internet-of-things, and artificial intelligence. China Commu-
nications, 16(8):1-14, 2019.

147



[58] Yongjun Xu, Guan Gui, Haris Gacanin, and Fumiyuki Adachi. A survey on
resource allocation for 5g heterogeneous networks: Current research, future
trends, and challenges. IEEE Communications Surveys & Tutorials, 23(2):668-695,
2021.

[59] Johannes Heinrich and David Silver. Deep reinforcement learning from self-play
in imperfect-information games. arXiv preprint arXiv:1603.01121, 2016.

[60] Delin Guo, Hui Ding, Lan Tang, Xinggan Zhang, Lvxi Yang, and Ying-Chang
Liang. A proactive eavesdropping game in mimo systems based on multia-
gent deep reinforcement learning. IEEE Transactions on Wireless Communications,
21(11):8889-8904, 2022.

[61] Ming Tan. Multi-agent reinforcement learning: Independent vs. cooperative
agents. In Proc. 10th Int. Conf. Mach. Learn., pages 330-337, 1993.

[62] Laétitia Matignon, Guillaume ] Laurent, and Nadine Le Fort-Piat. Hysteretic g-
learning: an algorithm for decentralized reinforcement learning in cooperative
multi-agent teams. In 2007 IEEE/RS] International Conference on Intelligent Robots
and Systems, pages 64—69. IEEE, 2007.

[63] Jungang Ge, Ying-Chang Liang, Jingon Joung, and Sumei Sun. Deep reinforce-
ment learning for distributed dynamic miso downlink-beamforming coordina-
tion. IEEE Transactions on Communications, 68(10):6070-6085, 2020.

[64] Taejoon Kim, David ] Love, and Bruno Clerckx. Does frequent low resolution
feedback outperform infrequent high resolution feedback for multiple antenna
beamforming systems? IEEE Transactions on Signal Processing, 59(4):1654-1669,
2010.

[65] Yong Huat Chew, Boon-Hee Soong, et al. Potential game theory. Springer, 2016.

[66] Ahmad Abu Al Haija and Chintha Tellambura. Small-macro cell cooperation
for hetnet uplink transmission: Spectral efficiency and reliability analyses. IEEE
Journal on Selected Areas in Communications, 35(1):118-135, 2016.

[67] Ziyu Wang, Tom Schaul, Matteo Hessel, Hado Hasselt, Marc Lanctot, and Nando
Freitas. Dueling network architectures for deep reinforcement learning. In Inter-
national conference on machine learning, pages 1995-2003. PMLR, 2016.

[68] Jack ] Dongarra, Piotr Luszczek, and Antoine Petitet. The linpack benchmark:
past, present and future. Concurrency and Computation: practice and experience,
15(9):803-820, 2003.

[69] Radio Frequency (RF) System Scenarios. TR 25.942, 3GPP, 2017. Available
at: https://www.3gpp.org/ftp/Specs/archive/25 _series/25.942/
25942-1400.z1ip.

148


https://www.3gpp.org/ftp/Specs/archive/25_series/25.942/25942-1400.zip
https://www.3gpp.org/ftp/Specs/archive/25_series/25.942/25942-1400.zip

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

Shayegan Omidshafiei, Jason Pazis, Christopher Amato, Jonathan P How, and
John Vian. Deep decentralized multi-task multi-agent reinforcement learning
under partial observability. In International Conference on Machine Learning, pages
2681-2690. PMLR, 2017.

Ryan Lowe, Yi I Wu, Aviv Tamar, Jean Harb, OpenAl Pieter Abbeel, and Igor
Mordatch. Multi-agent actor-critic for mixed cooperative-competitive environ-
ments. Advances in neural information processing systems, 30, 2017.

Delin Guo, Lan Tang, Xinggan Zhang, and Ying-Chang Liang. Joint optimiza-
tion of handover control and power allocation based on multi-agent deep re-
inforcement learning. IEEE Transactions on Vehicular Technology, 69(11):13124—
13138, 2020.

Syed Adeel Ali Shah, Ejaz Ahmed, Muhammad Imran, and Sherali Zeadally. 5g
for vehicular communications. IEEE Commun. Mag., 56(1):111-117, 2018.

Haixia Peng, Le Liang, Xuemin Shen, and Geoffrey Ye Li. Vehicular communi-
cations: A network layer perspective. IEEE Trans. Veh. Technol., 68(2):1064-1078,
2019.

Md. Noor-A-Rahim, Zilong Liu, Haeyoung Lee, G. G. Md. Nawaz Ali, Dirk
Pesch, and Pei Xiao. A survey on resource allocation in vehicular networks.
IEEE trans. Intell. Transp. Syst., 23(2):701-721, 2022.

Tengchan Zeng, Omid Semiari, Walid Saad, and Mehdi Bennis. Joint commu-
nication and control for wireless autonomous vehicular platoon systems. IEEE
Trans. Commun., 67(11):7907-7922, 2019.

Muhammad Ikram Ashraf, Mehdi Bennis, Cristina Perfecto, and Walid Saad.
Dynamic proximity-aware resource allocation in vehicle-to-vehicle (v2v) com-
munications. In 2016 IEEE Glob. Commun. Conf., pages 1-6, 2016.

Le Liang, Joonbeom Kim, Satish C. Jha, Kathiravetpillai Sivanesan, and Geof-
frey Ye Li. Spectrum and power allocation for vehicular communications with
delayed csi feedback. IEEE Wireless Commun. Lett., 6(4):458—-461, 2017.

Le Liang, Geoffrey Ye Li, and Wei Xu. Resource allocation for d2d-enabled ve-
hicular communications. IEEE Trans. Commun., 65(7):3186-3197, 2017.

Le Liang, Shijie Xie, Geoffrey Ye Li, Zhi Ding, and Xingxing Yu. Graph-based
resource sharing in vehicular communication. IEEE Trans. Wirel. Commun.,
17(7):4579-4592, 2018.

Jie Mei, Kan Zheng, Long Zhao, Yong Teng, and Xianbin Wang. A latency and
reliability guaranteed resource allocation scheme for lte v2v communication sys-
tems. IEEE Trans. Wirel. Commun., 17(6):3850-3860, 2018.

149



[82] Xinwei Zhang, Mingyi Hong, Sairaj Dhople, Wotao Yin, and Yang Liu. FedPD: A
federated learning framework with adaptivity to non-iid data. IEEE Trans. Signal
Process., 69:6055-6070, 2021.

[83] Shenglong Zhou and Geoffrey Ye Li. Communication-efficient admm-based fed-
erated learning. arXiv preprint arXiv:2110.15318, 2021.

[84] Shenglong Zhou and Geoffrey Ye Li. Federated learning via inexact admm. IEEE
Trans. Pattern Anal. Mach. Intell., 2023.

[85] Shenglong Zhou and Geoffrey Ye Li. FedGiA: An efficient hybrid algorithm for
federated learning. IEEE Trans. Signal Process., 71:1493-1508, 2023.

[86] Stefanos Leonardos, Will Overman, Ioannis Panageas, and Georgios Piliouras.
Global convergence of multi-agent policy gradient in markov potential games.
In Int. Conf. Learn. Rep., 2022.

[87] Alekh Agarwal, Sham M Kakade, Jason D Lee, and Gaurav Mahajan. On the
theory of policy gradient methods: Optimality, approximation, and distribution
shift. J. Mach. Learn. Res., 22(1):4431-4506, 2021.

[88] Behnam Neyshabur, Russ R Salakhutdinov, and Nati Srebro. Path-sgd: Path-
normalized optimization in deep neural networks. Advances in neural information
processing systems, 28, 2015.

[89] Geoffrey Hinton, Nitish Srivastava, and Kevin Swersky. Neural networks for
machine learning lecture 6a overview of mini-batch gradient descent. Cited on,
14(8):2, 2012.

[90] Andrew L Maas, Awni Y Hannun, Andrew Y Ng, et al. Rectifier nonlinearities
improve neural network acoustic models. In Proc. ICML, volume 30, page 3.
Atlanta, GA, 2013.

[91] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into
rectifiers: Surpassing human-level performance on imagenet classification. In
Proc. IEEE Int. Conf. Comput. Vis., pages 1026-1034, 2015.

[92] Sunny Gupta, Vinay Sutar, Varunav Singh, and Amit Sethi. Fedalign: Feder-
ated domain generalization with cross-client feature alignment. arXiv preprint
arXiv:2501.15486, 2025.

[93] Qinbin Li, Bingsheng He, and Dawn Song. Model-contrastive federated learn-
ing. In Proceedings of the IEEE/CVF conference on computer vision and pattern recog-
nition, pages 10713-10722, 2021.

[94] Hongyi Wang, Mikhail Yurochkin, Yuekai Sun, Dimitris Papailiopoulos, and
Yasaman Khazaeni. Federated learning with matched averaging. arXiv preprint
arXiv:2002.06440, 2020.

150



[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

Vignesh Kothapalli. Neural collapse: A review on modelling principles and
generalization. arXiv preprint arXiv:2206.04041, 2022.

Chen-Yu Lee, Saining Xie, Patrick Gallagher, Zhengyou Zhang, and Zhuowen
Tu. Deeply-supervised nets. In Artificial intelligence and statistics, pages 562-570.
Pmlr, 2015.

Vardan Papyan, XY Han, and David L Donoho. Prevalence of neural collapse
during the terminal phase of deep learning training. Proceedings of the National
Academy of Sciences, 117(40):24652-24663, 2020.

Zhihui Zhu, Tianyu Ding, Jinxin Zhou, Xiao Li, Chong You, Jeremias Sulam, and
Qing Qu. A geometric analysis of neural collapse with unconstrained features.
Advances in Neural Information Processing Systems, 34:29820-29834, 2021.

Duc Anh Nguyen, Ron Levie, Julian Lienen, Gitta Kutyniok, and Eyke
Hiillermeier. Memorization-dilation: Modeling neural collapse under label
noise. arXiv preprint arXiv:2206.05530, 2022.

Yibo Yang, Shixiang Chen, Xiangtai Li, Liang Xie, Zhouchen Lin, and Dacheng
Tao. Inducing neural collapse in imbalanced learning: Do we really need a learn-
able classifier at the end of deep neural network? Advances in neural information
processing systems, 35:37991-38002, 2022.

George Andriopoulos, Zixuan Dong, Li Guo, Zifan Zhao, and Keith Ross. The
prevalence of neural collapse in neural multivariate regression. arXiv preprint
arXiv:2409.04180, 2024.

Pengyu Li, Xiao Li, Yutong Wang, and Qing Qu. Neural collapse in multi-label
learning with pick-all-label loss. arXiv preprint arXiv:2310.15903, 2023.

Renjie Li, Xinyi Wang, Guan Huang, Wenli Yang, Kaining Zhang, Xiaotong Gu,
Son N Tran, Saurabh Garg, Jane Alty, and Quan Bai. A comprehensive review
on deep supervision: Theories and applications. arXiv preprint arXiv:2207.02376,
2022.

Qi Dou, Hao Chen, Yueming Jin, Lequan Yu, Jing Qin, and Pheng-Ann Heng. 3d
deeply supervised network for automatic liver segmentation from ct volumes.
In International conference on medical image computing and computer-assisted inter-
vention, pages 149-157. Springer, 2016.

Hengli Wang, Rui Fan, Peide Cai, and Ming Liu. Sne-roadseg+: Rethinking
depth-normal translation and deep supervision for freespace detection. In 2021
IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), pages
1140-1145. IEEE, 2021.

151



[106] Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee. Deeply-recursive convolu-
tional network for image super-resolution. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages 1637-1645, 2016.

[107] Cong Fang, Hangfeng He, Qi Long, and Weijie ] Su. Exploring deep neural net-
works via layer-peeled model: Minority collapse in imbalanced training. Proc.
Natl. Acad. Sci. U.S.A., 118(43):2103091118, 2021.

[108] Pekka Kyosti. Winner ii channel models. IST, Tech. Rep. IST-4-027756 WINNER
11 D1.1.2 V1. 2,2007.

[109] Chandra Thapa, Pathum Chamikara Mahawaga Arachchige, Seyit Camtepe,
and Lichao Sun. Splitfed: When federated learning meets split learning. In
Proceedings of the AAAI conference on artificial intelligence, volume 36, pages 8485—
8493, 2022.

152



	Introduction
	Background and Motivation
	Literature Review
	Thesis Overview and Contributions
	Preliminaries
	Policy Gradient
	Federated Learning


	Distributed-Training-and-Execution Multi-Agent Reinforcement Learning for Power Control in HetNet 
	Introduction
	Specific Contributions of this Chapter

	System Model and Problem Statement
	Problem Description
	Multi-agent Reinforcement Learning Systems
	Independent Q Learning
	Proposed penalty-based Q-learning for MARL Systems
	Penalty-based Deep Q Learning

	Proposed DTE Power Control Scheme
	State and Observation Space
	Action Space
	Reward Design
	Distributed Implementation Phase
	Decentralized Training Phase
	Network Structure
	Training and Implementation Complexity

	Simulation Results
	Conclusions and future research directions

	Federated Reinforcement Learning for Resource Allocation in V2X Networks 
	Introduction
	Specific Contributions of this Chapter

	System Model and Problem Formulation
	FRL via Inexact ADMM and Policy Gradient
	Multi-Agent Policy Gradient
	Inexact ADMM
	Second Moment
	Convergence Analysis

	PASM for Resource Allocation in V2X Networks
	Simulation Results
	Effect of Second Moments
	Scenario I
	Scenario II

	Conclusion
	Proof of Lemma 3.3.1
	Proof of Theorem 3.3.2

	Rescale-Invariant Federated Reinforcement Learning for Resource Allocation in V2X Networks 
	Introduction
	Specific Contributions of this Chapter

	System Model and Problem Formulation
	Framework of RIFRL
	Multi-agent POMDP and policy gradient for the V2X system
	 RIFRL algorithm
	Rescale for ReLU activated linear layers

	Simulation Results
	Conclusion

	Neural Collapse based Deep Supervised Federated Learning for Signal Detection in OFDM Systems 
	Introduction
	Specific Contributions of this Chapter
	Related Works

	Multi-Binary Classification
	Problematic Description
	NC Solutions
	Deep supervised DNNs with NC Weights

	Neural Collapse inspired Deep Supervised Federated learning
	Federated Learning
	DS DNNs with NC Weights in FL
	The NCDSFL Algorithm
	Application to Signal Detection

	Simulation Results
	Validation of Theorem 5.2.1
	Performance Comparison with Baselines

	Conclusion
	Proof of Theorem 5.2.1
	Useful Lemmas
	Proof of Theorem 5.2.1


	Summary and Future Directions
	Summary
	Future Directions

	References

