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Abstract

The next-generation mobile communication system, e.g., 6G communication system, is envisioned to
support unprecedented performance requirements such as exponentially increasing data requests, hetero-
geneous service demands, and massive connectivity. When these challenging tasks meet the scarcity of
wireless resources, efficient resource management becomes crucial. Conventionally, optimization algo-
rithms, either optimal or suboptimal, are the main approaches for solving resource allocation problems.
However, the efficiency of these iterative optimization algorithms can significantly degrade when the
problems become large or difficult, e.g., non-convex or combinatorial optimization problems. Over the
past few years, machine learning (ML), as an emerging approach in the toolbox, is widely investigated
to accelerate the decision-making process. Since applying ML-based approaches to solve complex re-
source management problems is in its early-stage study, many open issues and challenges need to be
solved towards the maturity and practical applications. The motivation and objective of this dissertation
lie at investigating and providing answers to the following research questions: 1) How to overcome the
shortcomings of extensively adopted end-to-end learning in addressing resource management problems,
and which types of features are suited to be learned if supervised learning is applied? 2) What are the
limitations and benefits when widely-used deep reinforcement learning (DRL) approaches are used to ad-
dress constrained and combinatorial optimization problems in wireless networks, and are there tailored
solutions to overcome the inherent drawbacks? 3) How to enable ML-based approaches to timely adapt
to dynamic and complex wireless environments? 4) How to enlarge the performance gains when the
paradigm shifts from centralized learning to distributed learning? The main contributions are organized
by the following four research works.

Firstly, from a supervised-learning perspective, we address common issues, e.g., unsatisfactory pre-
diction performance and resultant infeasible solutions, when end-to-end learning approaches are applied
to resource scheduling problems. Based on the analysis of optimal results, we design suited-to-learn
features for a class of resource scheduling problems, and develop combined learning-and-optimization
approaches to enable time-efficient and energy-efficient resource scheduling in multi-antenna systems.
The original optimization problems are mixed-integer programming problems with high-dimensional
decision vectors. The optimal solution requires exponential complexity due to the inherent difficulties
of the problems. Towards an efficient and competitive solution, we apply fully-connected deep neural
network (DNN) and convolutional neural network (CNN) to learn the designed features. The predicted
information can effectively reduce the large search space and accelerate the optimization process. Com-
pared to the conventional optimization and pure ML algorithms, the proposed method achieves a good
trade-off between quality and complexity.

Secondly, we address typical issues when DRL is adopted to deal with combinatorial and non-convex
scheduling problems. The original problem is to provide energy-saving solutions via resource scheduling



in energy-constrained networks. An optimal algorithm and a golden section search suboptimal approach
are developed to serve as offline benchmarks. For online operations, we propose an actor-critic-based
deep stochastic online scheduling (AC-DSOS) algorithm. Compared to supervised learning, DRL is
suitable for dynamic environments and capable of making decisions based on the current state without
an offline training phase. However, for the specific constrained scheduling problem, conventional DRL
may not be able to handle two major issues of exponentially-increased action space and infeasible actions.
The proposed AC-DSOS is developed to overcome these drawbacks. In simulations, AC-DSOS is able to
provide feasible solutions and save around more energy compared to the conventional DRL algorithms.
Compared to the offline benchmarks, AC-DSOS reduces the computational time from second-level to
millisecond-level.

Thirdly, the dissertation pays attention to the performance of the ML-based approaches in highly
dynamic and complex environments. Most of the ML models are trained by the collected data or the
observed environments. They may not be able to timely respond to the large variations of environments,
such as dramatically fluctuating channel states or bursty data demands. In this work, we develop ML-
based approaches in a time-varying satellite-terrestrial network and address two practical issues. The
first is how to efficiently schedule resources to serve the massive number of connected users, such that
more data and users can be delivered/served. The second is how to make the algorithmic solution more
resilient in adapting to the time-varying wireless environments. We propose an enhanced meta-critic
learning (EMCL) algorithm, combining a DRL model with a meta-learning technique, where the meta-
learning can acquire meta-knowledge from different tasks and fast adapt to the new task. The results
demonstrate EMCL’s effectiveness and fast-response capabilities in over-loaded systems and in adapting
to dynamic environments compare to previous actor-critic and meta-learning methods.

Fourthly, the dissertation focuses on reducing the energy consumption for federated learning (FL),
in mobile edge computing. The power supply and computation capabilities are typically limited in edge
devices, thus energy becomes a critical issue in FL. We propose a joint sparsification and resource op-
timization scheme (JSRO) to jointly reduce computational and transmission energy. In the first part of
JSRO, we introduce sparsity and adopt sparse or binary neural networks (SNN or BNN) as the learning
model to complete the local training tasks at the devices. Compared to fully-connected DNN, the com-
putational operations can be significantly reduced, and thus requires less energy consumption and fewer
transmitted data to the central node. In the second part, we develop an efficient scheduling scheme to
minimize the overall transmission energy by optimizing wireless resources and learning parameters. We
develop an enhanced FL algorithm in JSRO, i.e., non-smoothness and constraints - stochastic gradient
descent, to handle the non-smoothness and constraints of SNN and BNN, and provide guarantees for
convergence.

Finally, we conclude the thesis with the main findings and insights on future research directions.
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Chapter

Introduction

Future wireless communication systems, e.g., 6G, are envisioned to support ever-advanced services and
applications with the requirement of more disruptive and stringent technologies [1]. In particular, the
services range from enhanced mobile broadband (eMBB), ultra-reliable low-latency communications
(URLLC) to massive machine-type communications (mMTC) [2]]. These unprecedented requirements
can be progressively realized by adopting new radio technologies and advanced networking schemes, for
example, unmanned aerial vehicle (UAV)-assisted heterogeneous networks, integrated satellite-terrestrial
networks, and decentralized Internet-of-thing (IoT) frameworks.

In complex and heterogeneous networks, efficient resource management can improve the efficiency
of resource utilization and guarantee service quality but face several challenges. Firstly, due to the ex-
pansion of the network scale and the diversification of the services, the amount of data requests and
the number of mobile users are explosively growing. As a result, this may sharpen the scarcity of net-
work resources, e.g., spectrum, energy, and computing resources, since massively connected users may
need to compete for the limited resources [3]]. Secondly, the previous communication schemes may not
be able to directly apply to the state-of-the-art system to satisfy the stringent requirements. To solve
this issue, a large number of works have proposed optimization-based algorithms to obtain the optimal
or suboptimal solutions [4]. However, due to the inherent complexity of network structures and the
combinatorial natures of the resource scheduling problems, the established optimization problems can
be non-convex, discrete, high-dimensional, or with the proven NP-hardness. For example, many user
grouping/scheduling, computation offloading, and power allocation problems are NP-hard in the scenar-
ios of IoT [5], mobile edge computing [6], and network slicing [[7]. In these cases, conventional gradient-
or search-based optimization may be impracticable to provide optimal/near-optimal solutions timely due
to high computational complexity. Although the development of heuristic algorithms could be an alter-
native to reduce the complexity, the solution quality might have to be compromised. Thirdly, wireless
communication networks are inherently dynamic, for example, time-varying network topologies, fluc-
tuated channel states, and bursty users’ demands. Under such dynamic environments, the optimized
solution needs to be updated in a real-time manner, which might not be always possible for conventional
optimization algorithms.

Machine learning (ML), as a key technique of artificial intelligence (Al), has been widely adopted
in many areas to enable automated and intelligent decision-making processes. For example, image de-
tection, semantic recognition in natural language processing (NLP), intelligent driving, and Al-powered
interactive experiences in games [8]]. In recent years, ML-based techniques have been used in wireless
networks to promote intelligent communication schemes and resource management. In [9, [10} [11} [12],
the authors applied supervised learning algorithms, such as neural networks (NNs), support vector ma-



chine (SVM), and Bayesian learning, to solve the practical problem in wireless systems, e.g., signal
detection in coded MIMO systems, resource allocation in secure IoT network, and intrusion detection in
wireless sensor networks (WSNs). In [13} 14} (15, [16]], reinforcement learning (RL) methods have been
investigated to deal with the decision problems, e.g., DQN-based beamforming policy for intelligent re-
flecting surface (IRS)-aided systems and actor-critic (AC)-based UAV flying control. Compared to the
conventional optimization methods with precise objectives and constraints, the advantages of ML-based
algorithms lie in the following aspects:

* ML is a data/experience-driven method possessing the capability of finding intrinsic correlations
and extracting useful information in complex environments without explicit programming. Thus,
it has the ability to efficiently predict an optimized result which might be costly in the optimization
process.

* As the well-trained ML model has the potential to output/predict the outcomes in real-time, it
can adapt to the dynamic environments if the statistical properties of environmental changes are
captured by the learning model [[17].

* ML can be also embedded into the traditional schemes. For example, to reduce the operational
complexity while guaranteeing high solution quality, we can utilize ML to learn some features
which can accelerate the process of optimization or help the network realize self-optimize [[18,[19]].

Despite ML, as a promising technology, having achieved significant progress in wireless commu-
nication systems, it has bottlenecks in the design and implementation in practice. In [20], the authors
summarized the limitations of ML such as difficulty in obtaining good training data and lack of inter-
pretability. Besides the general limitations in [20]], we conclude the main challenges for the design of ML
algorithms, which stem from the inherent difficulties of the problems, the specificity of data structures
and distributions, and the dynamics of the environments.

Firstly, there is no one-size-fits-all ML tool for the problems in wireless scenarios. For example,
supervised learning is able to train the model based on a large amount of experienced data. When the
considered problem is difficult or impossible to obtain the optimal solution, e.g., some NP-hard problems,
we cannot collect sufficient labeled training data such that the supervised learning is impracticable. As
another example, in distributed and privacy-sensitive scenarios, the federated learning (FL) model is more
suitable than centralized learning. Generally, it is non-trivial but crucial to customize an ML scheme that
is suitable for the characteristics of the problem.

Secondly, the optimal policy may not be easy to learn with end-to-end (E2E) learning, where E2E
learning means using an ML model to directly output solutions. When there exists excess noise in
the original data or the internal relationships between the inputs and outputs are too complicated, the
learning algorithms are incapable of grasping the accurate mapping to fit the model. Besides, the curse of
dimensionality will also make E2E learning infeasible. The high-dimensional data leads to the intricacy
of data compiling in implementation and the difficulty of policy searching in a huge decision space.

Thirdly, the solutions provided by ML algorithms cannot guarantee practical constraints. In commu-
nication systems, resource limitations and network quality requirements are the common constraints on
the design of communication schemes. However, the ML inference model may violate these constraints
and return infeasible solutions.

Fourthly, a learning model may encounter the issue of re-training in the wireless environments with
unpredictable and sudden variations. ML can learn optimal policies under ideal environments, i.e., the
variation follows a certain statistical distribution. Nevertheless, for the unpredictable changes, e.g., bursty
demands and random user arrival/departure, the performance of the previously-learned model may de-
grade. In this case, the re-training process is inevitable, which could be time-consuming and inefficient.
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In this thesis, we exploit ML techniques to solve resource scheduling problems, such as user group-
ing, timeslot scheduling, power allocation, and learning parameter selection, in several challenging and
promising future communication scenarios for efficient resource utilization, low algorithm complexity,
and intelligentization. On top of that, this thesis focuses on addressing the practical issues in the phases
of ML algorithm design and implementation, and providing answers to the following questions:

* Which types of features are suited to be learned if supervised learning is applied to resource man-
agement?

* What are the limitations and benefits when widely-used deep reinforcement learning (DRL) ap-
proaches are used to address constrained and combinatorial optimization problems in wireless
networks, and any tailored solutions to overcome the inherent drawbacks?

* How to make ML models quickly adapt to new wireless environments when the system configura-
tions are changing?

* How to enlarge the performance gains when the paradigm shifts from centralized learning to dis-
tributed learning?

In the following sections, we describe the research problems and the motivations. Then, we introduce
the methodologies, i.e., ML and optimization, involved in analyzing the problems. Finally, the main
contributions, publications, and organization of the thesis are presented.

1.1 Problem Descriptions and Motivations

In this section, we present details and motivations of the selected four research problems in future wire-
less communication systems.

1.1.1 Supervised Learning-assisted Resource Optimization in Multi-Antenna Systems

End-to-end (E2E) supervised learning, i.e., applying an ML model to directly output solutions, is an
effective ML tool to learn the mapping between inputs and labeled outputs but not the wisest option
in certain complicated cases. This is because E2E learning may suffer from performance degradation
caused by unknown learnability of original problems, lack of optimality/feasibility guarantee, and the
high dimension of the decision variables. To enhance the learning performance and solution quality, we
can design some features that are suitable to learn and helpful for obtaining the optimal solutions. To this
end, we investigate the supervised learning-assisted resource allocation in a multi-antenna system, i.e.,
multi-input single-output (MISO).

Multi-antenna techniques, e.g., MISO, single-input multi-output (SIMO), and multi-input multi-
output (MIMO), are designed to improve spectrum efficiency, network capacity, and link reliability
by using spatial multiplexing and diversity technique. In [21], the authors proposed an ultra-reliable
multi-user MIMO detector for SG/B5G enabled IoT networks, where the system is operating in in-
terfering environments in the time-frequency domain. In [22], a three-dimensional (3D) cluster-based
model was designed for vehicle-to-vehicle (V2V) massive MIMO systems with wideband channels. In
multi-antenna systems, designing efficient user scheduling and resource allocation schemes benefits for
improving resource utilization and energy efficiency. In addition, multiple users can be simultaneously
served with independent information over the same spectrum resources with precoding which is consid-
ered as an effective way to mitigate the interference [23]. To improve the spectral efficiency, the authors
in [24] proposed an algorithm via joint user scheduling, power allocation, and precoding for massive
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MIMO Systems. In [235], a joint user scheduling and precoding scheme was designed to maximize en-
ergy efficiency in MISO systems. To satisfy the predefined quality of service (QoS) requirements in
B5G, the authors in [26] developed joint bandwidth allocation and precoding algorithms for two prob-
lems in multi-antenna scenarios, i.e., user fairness maximization and transmit power minimization, re-
spectively. However, the optimization-based algorithms have some limitations on determining resource
management strategies. Specifically, most of the user scheduling and resource allocation problems are
combinatorial and non-convex. Due to the high complexity, the conventional optimal/suboptimal iter-
ative algorithms may be time-consuming to converge or achieve satisfactory performance. To tackle
this issue, in [27) 28] [29], the authors developed ML-based resource allocation to learn the relation-
ship between input parameters and the optimal decisions and predict solutions efficiently. Nevertheless,
most ML-related researches adopt E2E learning, which motivates us to find proper features that facilitate
ML-based algorithms providing feasible, near-optimal, and efficient resource allocation schemes.

1.1.2 Enhanced DRL for Efficient Scheduling in Energy-Constrained Networks

RL/DRL algorithms are popular and efficient approaches in wireless areas to solve the decision-making
and control problems. However, when conventional RL/DRL is used to address combinatorial and con-
strained optimization problems, the learning performance and solution quality may decrease due to the
issues of huge action space and infeasibility. We consider a DRL application for a user scheduling prob-
lem in unmanned aerial vehicle (UAV)-aided networks, where the combinatorial nature and constraints
exist in the problem formulation.

With significant growing demands of high data transmission rate, flexible connectivity, and wide
range of service coverage in future wireless networks, the applications of UAVs have been fast growing
in the last few decades owing to the properties of mobility, low cost, and line-of-sight (LoS) commu-
nication. In UAV-aided communication systems, the network performance can be optimized by UAV’s
trajectory planning, hovering/flying control, and resource scheduling. In [30, 31]], the authors inves-
tigated resource allocation and trajectory optimization for multi-UAV-assisted mobile edge computing
systems by taking into account the propulsion energy. In [32], a joint UAV-to-community offloading and
user clustering scheme was designed to maximize the system throughput with the constraints of trans-
mission rate, tasks’ atomicity, and UAVs’ speed. In addition, RL-based UAV control and communication
schemes are emerging due to the facts that 1) the flying control and resource allocation problems are
suitable for transforming into decision processes over the time sequences; 2) RL does not require the
prepared training data thus avoiding the data collection phase as in supervised learning; 3) RL is apt to
make online decisions and explore optimal strategy in dynamic environments. In [33} 134, 35]], RL/DRL
are adopted to enable UAVs to maximize network benefit via intelligently updating their flying directions,
placement strategy, and resource allocation. However, the problems of joint UAV flying control and user
scheduling are difficult because of the mixed and intertwined variables, combinatorial decision space,
and constraints, which could degrade the learning performance. Thus, the focus of this work is to de-
sign a tailored DRL-based user scheduling scheme that overcomes the inherent hardness in UAV-assisted
networks.

1.1.3 Dynamic-Adaptive ML Solutions for Resource Management in Time-Varying Wire-
less Networks

A common problem with ML algorithms is that when they encounter a dynamic environment, previ-
ously well-trained models may become invalid. This can lead to time-consuming retraining and data
re-collecting. Thus, it is necessary to develop a technique to improve the sustainability and adaptability
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of an ML model. For this purpose, we investigate a DRL-based resource management problem in a
highly dynamic LEO-terrestrial scenario.

In the Beyond 5G (B5G)/6G era, terrestrial communications systems, which heavily rely on cellular
wireless systems and fiber optic cables, will not be enough to fulfill the requirement of nearly ubiquitous
and instantaneous connectivity for large numbers of devices globally. Instead, satellite communication
can take advantage of its wide coverage, large capacity, and high transmission rate to solve the limitations
in terrestrial networks, e.g., “the last mile” problem in certain areas where the fiber is difficult to deploy
or the discrete requests frequently occur, e.g., processing credit card payments [36]. Satellites can be
classified according to the altitude of their orbits, e.g., geostationary equatorial orbit (GEO) satellite and
low earth orbit (LEO) satellite. LEO satellites are smaller and much closer to earth compared to GEO.
Therefore, the economic and energy costs to launch LEO are cheaper. Besides, LEO satellites are flexi-
ble and well suited for connecting mobile devices and integrating them into terrestrial networks. These
advantages render LEO communication becomes a promising technique in future satellite-terrestrial in-
tegration [37]. The authors in [[38, 39] have proposed the resource management problems over LEO
satellites, e.g., users association, resource allocation, and routing problems, with optimization-based so-
lutions. In [40, 41, 42]], RL/DRL-based algorithms were developed to allow online operations and suit
time-varying network topology. In LEO-terrestrial systems, the communication environment is remark-
ably dynamic, e.g., fluctuated channel fading, users’ random arrival/departure, and bursty data demands.
This dynamic nature also exists in the majority of future communication systems. Unfortunately, for ML
methods, certain unpredictable configuration changes will invalidate the well-trained model as the prob-
ability distribution of the input data in the current environment deviates from the previous observations
[43]]. Hence, it is significant to develop a learning model that can fast adapt to new environments.

1.1.4 Joint Energy-Saving Solutions for Federated Learning in Distributed Wireless Com-
munication Networks

The above research problems focus on centralized learning methods. That is, the data processing, train-
ing, and decision-making are performed in a single centralized agent. Considering protecting the privacy
of user data, reducing the computational pressure on the central node, and improving training efficiency,
distributed learning methods can be adopted. However, in distributed scenarios, the computation ability
and energy storage are limited at edge nodes. To explore how to improve the performance gain, e.g.,
on energy conservation and learning accuracy, for distributed learning, we study federated learning (FL)
schemes in a distributed wireless communication network.

Distributed networking is a network architecture where the computing, communication, networking,
and storage capabilities are spread out across multiple nodes, thus facilitating the reduction of transmis-
sion delay, privacy protection, and parallel processing. Besides, it supports data transmission between
two nodes through wireless links and merges the distributed structures to BSG/6G scenarios, e.g., mas-
sive MIMO, network slicing, and Al-based mloT networks [44, 45]]. There exist some studies on the
application of distributed learning in wireless communication. In [46], the authors investigated dis-
tributed learning algorithms for resource allocation in wireless IoT networks In [47], a resource-efficient
distributed learning method was proposed in mobile edge computing (MEC) to coordinate intensive re-
sources of mobile clients in computation, bandwidth, energy, and data. In this work, we consider one of
the distributed learning algorithms, i.e., federated learning (FL), in wireless networks, where the devices
learn a shared prediction model collaboratively while maintaining the training data locally rather than
uploading it on a central server. One of the critical issues in FL design in wireless systems is the energy
restriction at the local devices. In [48, 149, 50], the authors focused on minimizing the system energy con-
sumption, including computing and communication, via optimizing the network and learning parameters
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with a fixed ML model. Therefore, we explore whether the energy consumption can be further reduced
by choosing a low-energy/lightweight ML model while guaranteeing learning performance.

1.2 Methodologies

In this section, we discuss the techniques, tools, and methods adopted in problem analysis. In general,
the methodologies in this work can be categorized into two classes. One is ML-related models and
technologies, and the other is optimization theory and algorithms. Additionally, the two methods can
be combined and bring about greater benefits. For instance, ML can be embedded into the steps of
optimization algorithms to accelerate the process of searching the optimal solutions.

1.2.1 Machine Learning

ML tasks are typically classified into three types: supervised learning, unsupervised learning, and rein-
forcement learning. Besides, many new techniques are investigated to address the shortcomings of the
conventional ML methods, e.g., transfer learning for task migration, meta-learning for fast adaptation to
the new environment, and federated learning for the non-centralized data structure. In this subsection,
we introduce the three main types of ML and the representative algorithms.

Supervised Learning

Given a training set composed of multiple input-output pairs, the goal of supervised learning is to learn
a hypothesis (also called a mapping function) so that, for any input, the hypothesis is a good “predictor”
for the corresponding output. When the outputs (or learning targets) are continuous values, the task is a
regression problem. When the outputs (or learning targets) are discrete values, the task is a classification
problem. Several commonly used supervised learning techniques are:

* Linear/Logistic regression: The hypothesis is represented as a linear function or logistic function
with regard to the input variables, which is easy to implement, interpret and efficient to train but
based on the assumption of linearity for the input-output relationships [51].

* Naive Bayes (NB): With the assumption that hat the value of a particular feature (or the component
of the input vector) is independent of the value of any other featureﬂ NB constructs the prediction
model based on the prior probability and Bayes rule. NB can easily predict the class of a test
dataset but it is not suitable for the cases that violate the NB assumption [S1].

* Support vector machine (SVM): SVM is a classifier to provide a (p — 1)-dimensional hyperplane
to separate data points that are p-dimensional vectors. Different SVM algorithms use different
types of kernels to construct non-linear decision boundaries using linear classifiers, where the
kernels are the mathematical functions to transform the input data into the required form. Although
SVM works well in high dimensional spaces with a clear margin of separation, the performance
deteriorates in the case of large datasets due to the higher required training time [52].

* Neural network (NN): NN is a series of algorithms to build the learning model that mimics the way
the human brain operates to recognize underlying relationships from a dataset [S3]]. NN is flexible
to adjust the number of nodes and layers and deft at fitting the non-linear model. The after-trained
NN can produce the predicted result pretty fast. The above advantages make the NN very popular
in a wide range of areas.

!This is also called NB assumption.
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Figure 1.1: Illustrations of FC-DNN, CNN, and RNN

There exist different NN models and each suits a specific class of tasks. Three typical NNs are
fully-connected deep NN (FC-DNN), convolutional NN (CNN), and recurrent NN (RNN), as il-
lustrated in Fig. In FC-DNN, the inputs pass forward through the network layer by layer, and
the model is updated iteratively by backpropagation with stochastic gradient descent (SGD)-based
methods, e.g., Adam. FC-DNN can be used for general regression and classification such as pattern
recognition and function fitting [53)]. CNN is a variation of the multi-layer structure, containing
one or more convolutional layers and pooling layers. The convolutional layers use a convolutional
kernel to create feature maps that record a region of an image and forward the features for nonlin-
ear processing. CNN has high accuracy in image recognition problems with automatical feature
detection and weight sharing [54]. For RNN, the outputs of each processing node do not pass
the information in a unidirection but feed the result back to the model. By unfolding the RNN
architecture, the output of a node is dependent on both the current input and former inputs, which
endows RNN with the capability of remembering. RNN and its variants like echo state networks
(ESNs) and long short term memory (LSTM) devote to the prediction based on time-related data,
e.g., speech/text recognition [S5]].

Unsupervised Learning

Unsupervised learning aims to discover inherent patterns and information from unlabeled data [56].
Some examples of unsupervised learning algorithms include:

* K-means clustering: The aim is to group similar data points together and discover underlying
patterns. The data points are allocated to the corresponding clusters by reducing the in-cluster sum
of squares. K-means clustering is relatively simple to implement with a large scale of datasets and
guarantees convergence, but the performance largely depends on the selected K-value and initial
points [56].

* Principal component analysis (PCA): By analyzing the principal features, PCA can realize dimen-
sionality reduction, information compression, and data de-noising. PCA is commonly used in the
data pre-processing phase to reduce the dimension and size of the original data thus improving the
algorithm performance and avoiding overfitting [S6].

Reinforcement Learning

RL is to train a learning agent to find an optimal policy, i.e., a sequence of decisions/actions, for a
Markov decision process (MDP) without knowing the transition probabilities of the environments [S7].
Three elements of RL are state, action, and reward. The goal of the RL agent is to optimize a long-term
reward by interacting with the environment based on a trial and error process. Different from supervised
learning, RL updates the policy based on exploiting the rewards feedback which is obtained from the
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exploration instead of the pre-collected labeled data. Thus, RL does not require data preparation in
advance. The RL algorithms can be divided into three classes, as shown in Fig.

action

action reward

[FTo ] action
St

Value-based RL Policy-based RL Actor-Critic

Figure 1.2: Illustrations of Value-based RL, Policy-based RL, and Actor-Critic

* Value-based RL: In a value-based approach, we define a value function related to the state or
action, e.g., Q-value or V-value. The value function is iteratively updated until the agent finds the
optimal value function. During this iteration, the policy (or a sequence of the actions), which is
selected based on the value function, is implicitly updated. The typical value-based RL algorithms
are Q-learning and state-action-reward-state-action (SARSA) algorithm. To overcome the issue of
huge/continuous state space, DNN can be integrated into RL to approximate the value function,
such as deep Q-network (DQN) and Double DQN. The value-based methods allow using the idea
of temporal difference (TD) learning to improve the sample efficiency [57]].

* Policy-based RL: Policy-based RL directly learns optimal policy instead of the value function.
Thanks to the policy gradient theorem [58]], we can calculate the gradient of the objective reward
function with regard to the parameters of the policy. Therefore, the policy can be updated by
the gradient ascent method. The policy-based approaches tend to be more stable and have better
convergence performance than value-based RL due to the inaccuracy of the value function approx-
imation [57].

* Actor-Critic (AC): AC combines the advantages of value-based and policy-based methods by di-
viding the agent into two parts, i.e., an actor and a critic. The actor employs the policy gradient
theorem to directly update the policy under the guidance of the critic. The critic is responsible for
evaluating the actions via the value function with a good critic, which can be sample efficient via
TD updates at every step. In terms of implementation, the approximation tools, such as DNN, can
be adopted to parameterize the actor and critic. The popular AC methods include deep determin-
istic policy gradient (DDPG) [58], asynchronous advantage actor-critic (A3C) [59]], and proximal
policy optimization (PPO) [60].

1.2.2 Optimization Theory

Optimization theory establishes a set of systematic approaches to find an optimal or a suitable solution
from a feasible set. In practical applications, it enables companies or industries to solve complex practical
problems and make better use of available resources and data. Different from the ML approaches, which
are based on data or experiences, the optimization-based method requires an explicit model construction.
An optimization model encompasses 1) an objective, e.g., minimizing a loss/cost function or maximizing
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a utility function; 2) one or several decision variables that directly affect the objective and can be adjusted;
3) multiple constraints that are used to confine the feasible range of the decision variables due to the
practical or numeric limitations. We note that the constraints are optional. An optimization problem
without constraints is called an unconstrained problem, otherwise, a constrained problem.

The optimization problem can be categorized into different types based on the properties of the
objective functions (e.g., convex or non-convex), types of variables (e.g., continuous or discrete), and so
on. The following lists the types of optimization problems involved in the problem investigation in the
thesis:

* Linear programming (LP): The objective function and constraints are represented by linear com-
binations of the variables. Simplex and interior-point methods are the widely-used approaches to
solve the LP problems [61]].

* Convex quadratic programming (CQP): CQP is a type of non-linear programming with convex
quadratic objective function and linear constraints. For CQP, a variety of methods can be used
such as interior-point methods, augmented Lagrangian and conjugate gradient [[62]].

* Bilinear programming: Bilinear programming deals with a class of problems whose objectives
or constraint functions are bilinear. Due to the non-convexity of the bilinear terms, the bilinear
programming is non-convex. To solve the problem, McCormick envelopes can be employed to
relax and linearize the bilinear terms [63]].

* General convex problem: A convex problem is to minimize a convex function over convex sets,
including LP and CQP. If the convex problem is unconstrained, it can be easily solved with the gra-
dient descent method or Newton’s method, which are mathematically proven to converge quickly
[64]]. For a constrained convex optimization problem, the KKT conditions are the equivalent con-
ditions for the global optimum. The KKT conditions usually can not be solved directly, except in
the few special cases where a closed-form solution can be derived analytically, such as CQP. In
general, many optimization algorithms can be interpreted as the processes for numerically solving
the KKT conditions. Besides, the constrained convex optimization problem can also be solved
by logarithmic barrier approaches that replace constraints with a penalizing term in the objective
function [64].

* Integer programming combinatorial optimization: In integer programming, some or all variables
are restricted to be integers, so the feasible set is non-convex. Integer programming is proven to
be NP-hard and it has variants, e.g., integer linear problem (ILP), binary optimization, and mixed-
integer programming (MIP). One type of exact algorithm is the cutting plane method and the other
is the branch and bound (B&B) [65]. In addition, some heuristic algorithms, e.g., tabu search for
ILP, can be used to provide efficient solutions.

The goal of combinatorial optimization is to find an optimal object from a finite set of objects,
where the set of feasible solutions is discrete and the variables are integers. The typical combi-
natorial optimization includes the traveling salesman problem, assignment problem, and knapsack
problem, which can be formulated into an integer programming problem and solved by dynamic
programming or the same way we deal with the integer programming problem. However, the
searching process for combinatorial optimization is more difficult as the feasible set possesses
combinatorial nature and increases exponentially with the scale of the problems.

* Optimization with cumulative objectives: In machine learning algorithms, the parameters are up-
dated in the direction of minimizing an objective function that is the cumulative sum of all the loss
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functions of the training samples. Due to the huge size of the sample data, conventional gradient
descent (GD) is not efficient, as it needs to calculate the cumulative gradient at each iteration. To
improve the learning speed, stochastic gradient descent (SGD) is adopted to approximate the gra-
dient with parts of the sample at each iteration. The commonly-used SGD-based method includes
Adam, RMSProp, and AdaBound [66]].

The optimization-based approaches are interpretable as they are based on the appropriate mathemat-
ical formulation and analyzed by the optimization theory. However, in the BSG/6G era, communication
networks, structures, and services are complex and diversified, leading to the challenges, such as time
costs, from optimization modeling to optimization algorithm development. In this work, we mainly
seek data/experiences-based ML methods to solve problems that are difficult to handle with traditional
optimization. The optimization-based algorithms are also considered to benchmark the ML-based or
ML-assisted schemes.

1.3 Contributions and Organization

In this thesis, we investigate ML applications for resource scheduling problems in four different wireless
communication scenarios. Concretely, we formulate optimization problems, e.g., power control, user
scheduling, and spectrum allocation, to improve resource utilization, network quality, and users’ expe-
rience. Since the traditional optimization-based and heuristic method are incapable of realizing a good
trade-off between computational complexity and solution quality, ML-based algorithms are adopted to
make fast and intelligent decisions. To design time-, energy-, or resource-efficient ML-based schemes,
we select suitable learning models to handle the practical limitations in the implementation. The adopted
ML methods range from centralized learning to distributed learning, and from supervised learning to
reinforcement learning. Simulations are conducted to verify the effectiveness of the proposed ML-based
algorithms for all the cases. The organization and the main contributions are presented below.

The thesis is organized into six chapters. In chapter 1, a general background of the research topic is
provided. In detail, the description and significance of the selected research problems are explained first.
Then, we introduce an overview of the adopted methodologies. In addition, the major contributions of
this thesis are discussed.

In chapter 2, to design the resource scheduling schemes in MISO systems, we first formulate a time
minimization problem and an energy minimization problem via user grouping with power control and
timeslot-group allocation, respectively. The formulated problems are non-linear MIP and ILP, respec-
tively, which are proven to be NP-complete. To solve the problems, we propose optimization-based
approaches by decomposition method and B&B search. However, the exponentially increasing comput-
ing complexity leads to difficulties in real-time applications. To significantly reduce the computational
time, we develop an ML-based approach to enable fast execution in decision making while guarantee-
ing learning performance. Different from the E2E learning-based methods, we focus on extracting the
learnable features from the original problems and learning the mapping between the inputs and features.
This firstly improves the learning performance, e.g., learning accuracy and feasibility issues. Besides,
the optimization model can exploit the well-learned features to reduce the complexity without much loss
of optimality. Numerical results show that the learning-assisted algorithm is effective in approximating
optimal scheduling solutions and reducing computational time compare to the conventional optimization
and search algorithms. The outputs of the chapter are published in:

[C1] Y. Yuan, T. X. Vu, L. Lei, S. Chatzinotas, B. Ottersten, “Joint User Grouping and Power Allocation

for MISO Systems: Learning to Schedule,” in Proc. European Signal Processing Conference
(EUSIPCO), pp. 1-5, 2019.
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[C2] L. Lei, Y. Yuan, T. X. Vu, S. Chatzinotas and B. Ottersten, “Learning-Based Resource Allocation:
Efficient Content Delivery Enabled by Convolutional Neural Network,” in Proc. IEEE 20th In-
ternational Workshop on Signal Processing Advances in Wireless Communications (SPAWC), pp.
1-5, 2019.

In chapter 3, we consider applying a DRL algorithm to solve the decision problem in UAV-aided net-
works without the offline training process. Specifically, we formulate an energy minimization problem
for multi-antenna UAV communication systems. The formulated problem is combinatorial and non-
convex with bilinear constraints and two decision variables, i.e., user-timeslot allocation and UAV’s
hovering time assignment, are coupled in the optimization tasks. By analyzing the interplay among com-
munication energy, hovering time, and hovering energy, two offline benchmarks are proposed. One is
a relax-and-approximate method combining McCormick envelopes relaxation and B&B search to ap-
proach the optimum. The other is a golden section search-based heuristic algorithm with lower complex-
ity than the optimal solution. To meet the requirement of online operations, we develop an AC-based
deep stochastic online scheduling algorithm for UAV energy savings, where the original problem is trans-
formed into an MDP. Unlike conventional DRL, we design a set of tailored approaches, e.g., stochastic
policy quantification, action space reduction, and feasibility-guaranteed reward function design, to over-
come DRL’s limitations in guaranteeing feasibility and controlling exponentially-increased action space
Simulations demonstrate that the proposed AC-based method enables a feasible, fast-converging, and
dynamically adaptive solution and achieves promising energy-saving performance compared with other
AC-DRL and heuristic algorithms. The publications corresponding to this chapter are listed below:

[J1] Y. Yuan, L. Lei, T. X. Vu, S. Chatzinotas, S. Sun and B. Ottersten, “Energy Minimization in
UAV-Aided Networks: Actor-Critic Learning for Constrained Scheduling Optimization,” in /EEE
Transactions on Vehicular Technology, vol. 70, no. 5, pp. 5028-5042, May 2021.

[C3] Y. Yuan, L. Lei, T. X. Vu, S. Chatzinotas and B. Ottersten, “Actor-Critic Deep Reinforcement
Learning for Energy Minimization in UAV-Aided Networks,” in Proc. European Conference on
Networks and Communications (EuCNC), pp. 348-352, 2020.

In chapter 4, considering the well-learned ML model could be invalidated when environmental pa-
rameters have changed significantly, we investigate a meta-learning-based resource allocation scheme in
LEO-terrestrial networks to save the re-training time and let the ML model fast adapt to the new envi-
ronment. In order to serve more users and deliver a higher volume of requested data in over-loaded LEO
systems with dense user distribution, two optimization-based resource scheduling schemes are proposed,
i.e., optimal B&B algorithm and suboptimal alternating direction method of multipliers (ADMM)-based
heuristic algorithm. Due to the combinatorial nature and the high complexity of the offline solutions, we
train an AC learning model to make online decisions with the identical objective as the original problem.
Considering unpredictable dynamic environments, the meta-learning technique is applied to enhance the
adaptation ability of the AC model, i.e., meta-critic. In the proposed meta-critic-based algorithm, we de-
sign a tailored hybrid neural network for the critic to extract the features from the current and historical
samples such that it has a good generalization ability to evaluate any new task when the environment
changes. In addition, we integrate Wolpertinger policy to allow the actor to make efficient decisions in
combinatorial action space. The numerical results verify the effectiveness and fast-response capabilities
of the proposed method in adapting to dynamic environments, i.e., bursty user demands, dramatically
fluctuated channel states, and user departure/arrival. Following are the submitted and accepted publica-
tions as part of the study in this chapter:
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[J2] Y. Yuan, L. Lei, T. X. Vu, S. Chatzinotas, S. Sun, B. Ottersten, “Meta-Critic Learning for Dynamic-
Adaptive Resource Scheduling in LEO-Terrestrial Systems,” submitted to TWC, major revision,
under the second round review.

[J3] L. Lei, Y. Yuan, T. X. Vu, S. Chatzinotas, M. Minardi and J. F. M. Montoya, “Dynamic-Adaptive
Al Solutions for Network Slicing Management in Satellite-Integrated BSG Systems,” in [EEE
Network, vol. 35, no. 6, pp. 91-97, Nov. 2021.

In chapter 5, we study the ML application in distributed wireless systems, where the goal is to de-
sign an energy-efficient FL. scheme. In this work, the energy conservation of FL is realized from two
aspects. Firstly, we analyze the energy requirement of different learning models and verify that sparse
or binary learning models, i.e., sparse neural network (SNN) and binary neural network (BNN), are able
to reduce the energy consumption by simplifying the computation operations and curtailing the amount
of data in communication. However, the conventional FL algorithms fail to handle the non-smoothness
and constraints in the loss functions of SNN and BNN. To tackle this issue, we propose a federated
proximal stochastic gradient descent algorithm that incorporates the advantages of the momentum accel-
eration, proximal terms, and convexity of the designed local sub-problem. Secondly, we formulate an
optimization problem to further minimize the total energy consumption, where the wireless resources and
learning parameters are optimized. In summary, we design a comprehensive FL scheme that integrates
optimization, learning model selection, and the improved FL algorithms to reduce energy from multiple
aspects and improve the learning performance. Numerical results show that the proposed FL scheme
brings significant performance gain on energy-saving and outperforms other FL algorithms on learning
accuracy and convergence for a general learning model. The accepted and to be submitted publications
corresponding to this chapter are listed below:

[C4] Y. Yang, Y. Yuan, A. Chatzimichailidis, R. J. van Sloun, L. Lei, S. Chatzinotas, “ProxSGD: Train-
ing Structured Neural Networks under Regularization and Constraints,” in Proc. [Infernational
Conference on Learning Representations (ICLR), Sep. 25, 2019.

[J4] Y. Yuan, L. Lei, Y. Yang, S. Chatzinotas, S. Sun, B. Ottersten, “Energy-Efficient Federated Learn-
ing in Wireless Systems with Sparse and Binary Neural Networks,” to be submitted to IEEE Jour-
nal on Selected Areas in Communications (Multi-Tier Computing for Next Generation Wireless
Networks)

In chapter 6, the main conclusions of the thesis are summarized and the future works are discussed.

1.4 Contributions Beyond Dissertation

During my Ph.D. period, I have contributed to a number of publications, which are not part of this thesis.
The details are listed as follows:

[J5] L. Lei, E. Lagunas, Y. Yuan, M. Kibria, S. Chatzinotas, B. Ottersten, “Beam Illumination Pattern
Design in Satellite Networks: Learning and Optimization for Efficient Beam Hopping,” in IEEE
Access, vol. 8, pp. 136655-136667, 2020.

[J6] Y. Yuan, L. Lei, T. X. Vu, S. Chatzinotas, S. Sun, B. Ottersten, “Actor-Critic Learning-Based
Energy Optimization for UAV Access and Backhaul Networks,” in EURASIP Journal on Wireless
Communications and Networking, vol. 1, pp. 1-27, Dec. 2021.
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[C5] L. Lei, E. Lagunas, Y. Yuan, M. G. Kibria, S. Chatzinotas and B. Ottersten, “Deep Learning for
Beam Hopping in Multibeam Satellite Systems,” in IEEE 91st Vehicular Technology Conference
(VTC2020-Spring), pp. 1-5, 2020.

[C6] Y. Yuan, L. Lei, T. X. Vu, S. Chatzinotas, B. Ottersten, “Resource Scheduling and Optimization
for Over-Loaded Integrated LEO Satellite-Terrestrial Networks,” accepted by IEEE International
Conference on Communications (ICC) 2022.
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Chapter

Centralized Learning: Supervised
Learning-Assisted Resource Allocation

2.1 Introduction

For the upcoming 5G/B5G communication systems, developing intelligent transmission schemes and
advanced resource scheduling algorithms are considered a key enabler to achieve the strict performance
requirements 5G [67]. In a content delivery network, the system can usually be fully-loaded, e.g., in
presence of severe interference among a large number of terminals with excessive data traffic requested
[1], [2]. In this scenario, how to use limited available resources to efficiently serve the terminals at the
cell edge is challenging. As one of the solutions, popular contents can be cached at the edge, such that
most of the edge terminals can be served directly from the local cache. Otherwise, more resources, e.g.,
energy and time, are consumed if the terminals have to get the service from the macro base station (MBS)
remotely [3].

On this track, a number of studies in the literature develop sophisticated scheduling algorithms to
enable efficient content-delivery schemes. A related topic is transmission scheduling without power
control. In [68]], the authors investigated a minimum-length scheduling problem for generic wireless
networks. The problem’s NP-hardness, optimality conditions, and a set of scheduling algorithms have
been studied. The authors in [69] developed a column-generation based scheduling algorithm to complete
all the data transmission within a transmission deadline. For joint transmission scheduling with power
control, the authors in [[70] proposed centralized and distributed scheduling approaches to improve energy
efficiency. In [71], the authors studied joint optimization of link scheduling and power control for energy
minimization. Compared to the scheduling problem without power control, the joint optimization for user
scheduling and power control is more challenging. This is because the two components, i.e., finding the
optimal user groups and the optimal power allocation policy, are mutually coupled in decision making,
which typically leads to a non-linear optimization [71]] and thus results in difficulties to deliver optimal
solutions [72]].

In general, the scheduling optimization problems are hard to solve [68} |69]. It may not be practical
to apply a sophisticated algorithm to real-time operations. Due to the problem’s inherent hardness, the
high computational complexity and long processing time limit the algorithm’s applicability in practice.
The execution time for performing an algorithm in real-time systems is typically stringent, e.g., during
a scheduling period, one should return the optimized results within a short interval, e.g., seconds or mil-
liseconds [67]]. However, executing optimal algorithms may require considerable computational capabil-
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ities and time [[/3]. An optimizer has to balance the algorithm’s computation efficiency and the solution
quality. In this chapter, from a machine-learning perspective, we investigate an alternative trade-off solu-
tion for joint scheduling and power control. As an emerging research area, integrating machine learning
to resource optimization has received considerable research attention [29} 27, (74, (75, [76) 28l [73]. In
[27,[74], the authors proposed a set of learning-based optimization approaches to improve the scheduling
performance and reduce the computational complexity without considering power control. In [[76} 28],
the authors investigated machine learning-based approaches, e.g., training a fully-connected deep neu-
ral network (FC-DNN) or a logistic regression model, to address the resource scheduling problems in
caching, multi-antenna, and non-orthogonal multiple access systems, respectively. As shown in [75],
considerable efforts have been devoted to applying reinforcement learning to resource management in
complex wireless networks. Recently, the authors in [28]] used convolutional neural network (CNN) as a
heuristic method to provide a fast solution for transmitting power control.

2.1.1 Contributions

In this chapter, we study two content-delivery problems, i.e., minimum-time and minimum-energy, in
multiple-input single-output (MISO) systems, and solve the two problems under a unified learning-based
framework. The following are the main contributions:

* We investigate a time minimization problem and an energy minimization problem via joint user
grouping with power control and timeslot-group allocation, respectively. The formulated problems
are non-linear mixed-integer programming (MIP) and linear integer programming (ILP).

* For the first problem, we provide an approach to decouple these two parts and obtain optimal
solutions for performance benchmarking. For the second problem, B&B method can be used
to provide the optimal solutions. The optimization approach, however, imposes an exponential
computing complexity, which may limit its capability in real-time applications.

* To significantly reduce the computational time, we develop a learning-based algorithm to enable
fast execution in decision making while providing competitive performance. Firstly by our anal-
ysis, we identify the features to be learned in resource allocation. Secondly, two deep-learning
models, CNN and FC-DNN, are trained to learn the mapping between the channel gains and the
optimal discrete decisions.

 Unlike [28], the output from the CNN or FC-DNN cannot directly provide a complete and feasible
solution for solving the formulated problem. We then rely on the deep-learning model to tackle
the combinatorial part in optimization which is most difficult and computational-heavy in resource
allocation. We combine the predictions from CNN or FC-DNN with the optimal B&B algorithm
to enable a near-optimal, feasible, and fast solution.

* The numerical results demonstrate the promising capabilities of the proposed learning approach
in approximating optimal scheduling solutions and reducing computational time, compared to the
conventional iterative algorithm B&B. In addition, for large-scale instances, the designed CNN
achieves better performance than FC-DNN, in terms of prediction accuracy and computational
time.

2.2 System Model

We consider a downlink MISO system including an L-antenna base station (BS) and K single-antenna
users denoted as K = {1,...,k,..., K}. All the users share a common communication channel in
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transmission. The k-th user requests a content of length @)y, bits. We assume the wireless channel follows
the block Rayleigh fading. In order to mitigate co-channel interference and improve the transmission
efficiency, the dynamic user-group scheduling and precoding strategy are adopted. Let g denote a user
group and /C, denotes the users included in group g. When group g is scheduled, the BS will deliver the
requested contents to all the users in /Cy until all the transmissions for K, are completed. In total, there
are G = 25 — 1 possible candidate groups by enumerating all of the user groups, and the union of all the
candidates is denoted by G = {1, ..., g, ..., G}. For instance, when K = 3, we can list all the candidate
groups {1},{2},{3},{1,2},{1,3},{2,3},{1,2,3}.

The channel vector of user k is denoted by h;, € CZ*!, where L is the number of antennas. We
assume hy, follows circular-symmetric complex Gaussian distribution hy, ~ CN (0, 0,2%1 L), where a,%k
is the parameter related to the path loss between the BS and user k. In order to mitigate inter-user
interference, the BS precodes the data before serving the users. Denote ] as the modulated signal and
wi e CL*! as the precoding vector for user k in group g. The received signal at user k € K, is given as

yz = hy wkzk—l— Z hk w aj + ng, (2.1)
1€ \{k}

where the first and second terms in (2.1)) represent the desired signal and the inter-user interference

respectively. ny, is Gaussian noise with zero mean and variance o2. The signal-to-interference-plus-

H 2
noise ratio (SINR) for user k € K, is given by SINRJ = LS VZZ‘ 5 . The achievable data rate
g18 8 y k S REwlto?
iekguky
can be expressed as
R{ = Blog, (1 + SINRY) ,k € K,. (2.2)

With respect to the delivery time, once the scheduling combination C is determined, the selected
groups will be scheduled sequentially. Denote ¢, as the transmission duration when group g is scheduled.
The transmission for a scheduled group g will last until all the users’ requests in /C, are satisfied. t, is

given as t; = maxyei Sk The total delivery time is defined as Tyor = ) gec ig.

gRg

2.3 Problem Formulation

We consider a joint user scheduling and power allocation problem in order to minimize the total delivery
time. The zero-forcing (ZF) precoding is adopted for each group due to its low computational complexity.
For each scheduled group g, denote H, as the channel coefficients from the BS’s antennas to the users
in group g, which is a |Cy| x L matrix. Under the ZF design, the beamforming vector for user & in group

g is of the form w{ = /p{wY, where p is the power allocation for user % in group g and W is the

k-th column of the ZF precoding matrix Hf (Hng )~L. It is worth noting that under the ZF design,
the inter-user interference is fully mitigated, i.e., |hf wf | = dx;. Then the achievable rate for user & in
group g is given as

R} = Blog, (1+ p}/0”) .k € K. (2.3)
The transmit power of user k is p? 37, where 8¢ = || w? ||°, Vk € K,
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2.3.1 Time Minimization Joint Scheduling and Power Allocation Problem

The joint user scheduling and power allocation is formulated in Py. We introduce two sets of variables,
zg € {0,1}, Vg € G and pj, Vk € K,Vg € G. The binary variable z, is used to indicate if group g
is scheduled (z;, = 1) or not (2, = 0). The continuous variable pi > 0 represents the power allocation
among the users in group g.

zgr&lonl} Z 2g Irﬂré%x Rg (2.3a)
Pk>0
s.t. Ri >, Vk € Kg,Vg € G, (2.3b)
> Bl < Pt Vg €0, (2.3¢)
ke,
D argzg =1,Vk € K. (2.3d)
g€eg

The objective in Py is to minimize the total data transmission length, where the duration of scheduling
group g depends on maxyeg, %. Constraint (2.3b) is to guarantee users’ minimum rate 7 in their

transmission period. The second constraint (2.3c) restricts that the power consumption in each group
cannot exceed power budget P,;,;. In constraints @ we consider that each user is scheduled once to
reduce the implementation complexity and the signaling overhead in practice, where binary parameters
arg = 1 indicates group g contains user k, otherwise 0.

In general, Py is a mixed integer non-linear programming problem. To enable the optimal solution,
we observe that the problem can be decomposed to two steps. In the first step, we enumerate all the
groups and optimize the power allocation within each group such that the QoS constraints and
are satisfied for each group and users. In the second step, we select a combination of groups,
which leads to the minimum transmission time, and covers all the users. In addition, each user appears
only once in the combination.

Firstly, for each group g, the intra-group power allocation problem can be formulated in P;(g):

Qk
: 24
Pulg) : min max &9
st. RY >, Yk € Ky, (2.4a)
> Bl < Pt (2.4b)
ke,

By introducing a variable T};, problem P;(g) is equivalent to the following problem:

Pilg): ,min_ T (2.5)
p3>0,T4>0
sit. Ty > Qr Vk € K, (2.52)
logy(1 + pi/0?)’
logy (1 + pf/0?) > i, Yk € Ky, (2.5b)
> BIp] < Pt (2.5¢)
keky

The constraint (2.5a) is equivalent to, logy (1 + py /o?) — %’; > 0,Vk € Ky, which is a convex con-
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straint. Thus P4 (g) is a convex problem, and can be solved by standard tools [[77]. The next optimization
task is to select a group combination leading to the minimum transmission time and covering all the users
once. The problem can be formulated by an ILP problem in Ps.

5 2.6

Ly 2t 29

s.t. Zakgzg =1, Vk e K. (2.6a)
geg

After solving P, the solution z, can be used for generating the optimal group combination C,,; by
deleting the unscheduled groups (2, = 0) from G. The optimal method is summarized as Alg.

Algorithm 1 Optimal Algorithm For Time Minimization Problem
IIlplltS: Ql, c. ,QK, hl, . ,hK, M, .., NK, and Ptot

1: for each g € G do
Solve P/ (g) and obtain p7, k € K4

Compute ¢, based on maxei, %%

: Solve Py and obtain z4, g € G
: Use the groups with z, = 1 to form a combination Cy
Outputs: Copt and power allocation pf, k € Ky, g € Copt

2
3
4: end for
5
6

By our characterizations, the optimal solution of Py can be obtained by solving a convex problem
for each group along with solving an ILP problem P5. Conventionally, the B&B algorithm is a straight-
forward way to obtain a global optimum for ILP, where a linear relaxation problem is solved at each
node of the branch-and-bound tree. The whole problem is inherently hard and with high complexity
since exponential number of groups need to be optimized by P{(g). Moreover, the subproblem P is
equivalent to an exact cover problem which is known as NP-complete [78]. Alg. [I] can be used as an
offline optimization method to provide optimal solutions, and for performance benchmarking.

2.3.2 Energy Minimization by Group-Timeslots Allocation

To minimize energy consumption for the system, an optimization problem Ps is formulated by deciding
the number of timeslots assigned to each group with fixed transmit power py and limited time resources.
We introduce integer variables y, € {0, 1, ..., T’} to indicate the number of used time slots for group g.

Ps - ?IJnln Z@ygpg 2.7
9
sty @ngk > Qp, Vk €K, (2.7a)
geg
Z yg < T, (2.7b)
geg
y, € {0,1,..,T}, Vg €gG. (2.7¢)
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Different from P, the allocated time for each user is discretized to the time slots. We denote the duration
of each slot as a constant ® such that the objective function represents the energy consumption for all
the groups. The constraints mean that the transmitted data should satisfy the users’ data demands.
Considering the time limitations, in constraint (2.7b), all the content delivery tasks need to be completed
within 7" time slots. The constraints confine all the variables to the finite integer values.

P53 is an ILP problem. Although the Ps is simpler than Py and can be solved directly by B&B, the NP-
hardness still exists. For both Py and Ps, since the computational complexity of the optimal algorithm
increases exponentially with the input size, the required computational time dramatically increases. To
deal with this issue in real-time applications, next, we propose a learning-based approach.

2.4 Scheduling Algorithm Design based on Deep Learning

In order to overcome the high complexity in obtaining the optimum, we design a supervised deep
learning-based approach to provide high-quality and computational-efficient solutions. The optimiza-
tion decisions in Py and P53 consist of two parts. One is to select the best groups from an exponential
number of candidates. For example, the binary variable z, = 0 or the integer variable y, = 0 mean the
group ¢ is not selected. The other is to determine the power or time slots allocation to these selected
groups. We remark that the major difficulties are from the first part which is computationally heavy.
Once the scheduled groups have been decided, the remaining problem is relatively easy to solve. By
analyzing the optimal decisions, we observe that there exists a pattern between the spatial features of
channel coefficients and the decisions of optimal groups. For example, two users located distantly or
with significant differences in channel coefficients, are more likely to be grouped in a time slot at the
optimum. Thus, we treat the grouping information, i.e., the most promising group combinations with a
high probability to be scheduled, as the feature to be learned and predicted by the deep-learning models.
The optimal algorithm in Section is used to generate training sets. The after-trained learning model
is then applied to predict the scheduled groups.

2.4.1 Features to be Learned

We denote the training data as (x,y). The input x refers to the channel vector h;, € CI*!, users’

demands @)1, ..., Qx, users’ rate requirements 71, ..., 1Jx, and the maximum power P,.. For the outputs,
they can not be treated as the optimal solution 21, ..., zg directly, since Py and Ps have an exponential
number of variables and have constraints to be satisfied. This introduces difficulties of achieving solution
feasibility and good prediction performance. For instance, the learning model may determine to schedule
several groups. These groups could violate constraints (2.3d). Instead, the output node is designed as
the possibility of using a group combination. The reason is that due to the system limitations, e.g.,
number of antennas, the number of all the group combinations, denoted by N, can be much less than
the number of groups G. Moreover, the feasibility issue of constraints (2.3d) can be resolved in each
combination. By our design, we first list all of the candidate combinations as a union C = {Cy, ...,Cn }.
Then the output of the learning model is organized in a N-dimension binary vector y = [y1, ..., yn]. If
yYn = 1, it means the combination C, is selected and all the groups in combination C,, are scheduled.
For example, when K = 3 and L = 2, the candidate groups are {1}, {2}, {3}, {1,2},{1,3},{2,3}
and G = 6. Note that the group {1,2,3} is excluded due to the practical limit of [, < L. The
candidate combinations are {{1}, {2}, {3}},{{1, 2}, {3}},{{1,3},{2}},{{2,3},{1}} and N = 4. If
the combination {{1, 2}, {3}} is selected, vector y is [0, 1,0, 0] in the training set.

For preparing the training set, we generate the instances with different channel conditions, demands,
rate requirements and power limits. After sufficient training, the learning model is able to predict the
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grouping information y. That is, given a new input X, the after-trained learning model will provide the
estimated scheduling decision y. However, the original DNN output is not binary which cannot serve as
an indicator for user scheduling. To solve the problem, we use the sigmoid function [[79]] in the output
layer to limit the value between 0 and 1. Then, a rounding operation is adopted to convert fractional
values to binary. More specifically, we use M as the mean of y. If any fractional value ¢, > aM, we
set ¢, = 1, otherwise zero, where o > 0 is a control parameter. By design, smaller « increases the
likelihood of “1” in ¥, which also contributes to the improvement of prediction accuracy.

2.4.2 Adopted Learning Models

To establish a predicting system, several machine-learning models might be adopted, such as logistic
regression, support vector machine, and neural networks. In this chapter, we adopt FC-DNN and CNN
to learn the relations between channel coefficients and the optimal group combinations. FC-DNN can
be effective to capture the nonlinear input-output relations. CNN has been widely used to extract spatial
features for image classification and has high computational efficiency with the parameter sharing [80].

FC-DNN Structure

Hidden Hidden
layer-1  layer-2

Input layer ] .
] || Output layer
1 —
1 =
7/
— 3
1 iy
*/ﬁ& i&c\
|
- S
- |

Figure 2.1: The illustration of FC-DNN structure

Fig. 2.1 demonstrate the structure of an FC-DNN with 2 hidden layers.

 Input layer. In FC-DNN, the input data should be expanded into a column vector. In Py, as we
take the channel information, users’ demands, users’ rate requirements and the maximum power
as the input data, which can be simply organized as:

T = [hl,la"' 7hl,k7'” 7hL,K7Q17"' 7QK77717'” 777K7Ptot]- (28)
Thus the number of the input nodes is K (L + 2) + 1.

* Hidden layer. The function of hidden layers is to identify features from the input data which can be
used to correlate between a given input and the real output. The number of hidden layers and the
number of neurons in each hidden layer reflect the depth of the neural network. It is necessary to
design a suitable depth for the neural networks to prevent overfitting and excessive computational
complexity.

* Qutput layer. By our design, the output should carry the estimated information for the optimal
grouping decisions, which is referred to as the K -dimension binary vector y.
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CNN Structure
Full-connected layers
Input layer | Hidden Hidden |
(channel matrix H) n layer-1 layer-2
: ! F il ' Qutput layer
Convolution layer-1 N \ 1
: BN A B
Pooling layer-1 Y \ N
Convolution layer-2 : Y Fi ,)\'\ s
Pooling layer-2 |y, [/ |/ °
W | A
- : . i d 1 / ) ! \ / —
i & = e BV v v
< 1Y X ,"\\ —
I ,’ \‘ Il \\ II \
Convolution kernel ) Y AR H
Pooling filter A Y L 1
t__E__®__

Figure 2.2: The illustration of CNN structure

Fig. [2.2] illustrates the structure of the adopted CNN which consists of the following five main

components.

* Input layer. In CNN, the input data is reorganized as an image-like 3-dimension matrix. The first

two dimensions represent the image’s length and width while the last dimension refers to the depth.
For Ps, the input data refers to the matrix X below. To facilitate the training process, the channel
coefficients can be further normalized and converted to dB [28]].

hi1 hi, Kk
X = | hea hi k (2.9)
Q1 Qk
m NK
| Py - 0

As the depth of the matrix X is 1, the size of the inputis (L + 3) x K x 1.

Convolution layer. As shown in Fig. [2.2] each neuron in the convolution layer only connects a
squared part of the previous layer. This squared core is called filter or convolution kernel. By our
design, we use two convolution layers with a 3 X 3 and a 2 x 2 convolution kernel respectively.
The processing depth is set to 3. It means that the kernel enables to transfer the node matrix into a
3-tier unit node by convolution. Then the kernel will move around to cover the entire image with a
fixed step. The convolution layers try to analyze the data of each kernel for obtaining the features
with a higher level of abstraction. More than that, since the weights are shared via the convolution
kernel, the number of parameters can be significantly reduced in the neural network.

Pooling layer. The Pooling layer is used to further decrease the size of the output matrix from the
previous convolution layer. Similar to the convolution layer, the pooling layer also adopts a filter
to convert a node matrix into a unit node. The pooling filter applies the maximizing or averaging
operations instead of convoluting operations.

Fully-connected layer. The convoluting and pooling can be regarded as a process of automatic
feature extraction. After that, fully-connected (FC) layers are also needed to generate the final
output. The structure of the FC layer is identical to FC-DNN which includes several hidden layers.
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* Output layer. The output of CNN is the same as the output of FC-DNN.

2.4.3 Algorithm Summary

The neural network-based approach is summarized in Algorithm[2] It is worth noting that there are three
cases with regard to y after rounding. The ideal case is | ¥ ||= 1, which means only one element is
1. Then the scheduled groups are from this only combination. In the second case, vector ¥ may have
multiple elements with value “1”. Hence, we design a re-selection scheme to make final decisions.
Firstly, we delete a considerably large amount of combinations from C according to y. The remaining
combinations compose a reduced candidate list C*. For example, if y = [0, 1, 1, 0], then the combination
list C = {C;,C3,C3,Cy4} isreduced to C* = {Ca,C3}. After that, we recall Algorithm 1 with the restricted
set C* and obtain the final scheduling combination Cg,,, more efficiently. In the third case, DNN may
return an all-zero vector y. For dealing with this case, we then adjust the control parameter « as follows
to enable at least one element with the value “1”.

Algorithm 2 Learning-Based Approach

Inputs: C.Q1,...,Qx,hy,... hg, n,....nK, and Pjyy.
1: Given a new input X to the well-trained FC-DNN or CNN.

Apply rounding operations with « then obtain y.
if || ¥ ||= 0 then

Reduce o until || y ||> 1.
end if

if | y [[> 1 then
Delete combinations from C according to the zero elements in y.
Obtain the restricted set C* and obtain the reduced candidate groups G*.
else
Choose the only combination as C* and obtain the reduced candidate groups G*.
11: end if
12: Based on G*, apply Alg. [I[|for Py or B&B for Ps.
Outputs: power allocation pi for Py or time slots allocation z, for Ps.

R e A A

_.
4

2.5 Performance Evaluation

In this section, we evaluate the performance of the deep learning-assisted approaches, in terms of com-
putational time, and performance gaps between the proposed learning approach and the optimal solu-
tions. In the simulation, the BS is equipped with up to 5 antennas, serving up to 10 users. We set
0® = 0.01,B = 1MHz and 0}, = 1,Vk. We limit the cardinality of each group to the number of
antennas. If L = 5 and K = 10, the number of candidate groups is G = Cj, and the number of
the group combinations is N = CT{)O For neural networks implementation, TensorFlow framework is
used for building the neural network in Python. During the training phase, mean square error (MSE) is
adopted as the loss function which is minimized by the Adam method [79]. Besides, a regularization
item is introduced to prevent overfitting. As shown in the results, 100 test sets are used for evaluation.
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The average accuracy of the predictions in CNN and FC-DNN is evaluated as follows,

100 ; ;
1 del B ozpt
Ny At (2.10)
100 P Vozpt

where Vi and V,,; are the derived objective values from the deep-leaning approaches, i.e., FC-DNN
and CNN, and the optimal algorithm, respectively. Since the selected parameters of DNN are able to
affect the satisfactory performance, we perform some pretests for evaluating several parameters, e.g., the
number of hidden layers and neurons per layer. The FC-DNN and CNN settings are summarized in Table

[2.T]and Table respectively.

Table 2.1: DNN settings

Parameter Value

Number of input nodes K(L+2)+1

Number of hidden layers 3

Number of nodes for hidden layers | 300

Number of output nodes N

Activation function in hidden layers | Relu

Activation function in output layer | Sigmoid

Loss function MSE

Optimizer Adam optimization
Table 2.2: CNN settings

Parameter Value

Dimension of input layer K x (L+3)

Convolution layer-1 kernel 3x3

Convolution layer-2 kernel 2 x2

Convolution layer step 1

Convolution layer depth 3

Pooling layer filter 2x2

Pooling layer filter 2

Pooling method
Number of nodes for hidden layer-1

max pooling [29]
200

Number of nodes for hidden layer-2 | 200
Number of output nodes N
Activation function in hidden layers | Relu
Activation function in output layer | Sigmoid
Loss function MSE

Optimizer

Adam optimization

To demonstrate the computation efficiency of the learning-assisted approach, the CPU time (in sec-
onds) of the DNN and the optimal method are compared in Table 2.3] The computational time in FC-
DNN test phase (CPU time for executing lines 1-2 in Algorithm 2) is insensitive to the problem’s scale. It
keeps at the same magnitude in both cases. In general, the computational time of the proposed FC-DNN
approach (CPU time for executing lines 1-12 in Algorithm 2) is dramatically reduced compared to the
optimal algorithm. We remark that the total CPU time in Algorithm 2 varies with three cases of || y ||. It
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is noted that, in the case of || ¥ ||> 1, the time is more than the other two cases. This is because when
|y ||> 1, the power/time slots allocation problem needs to be solved for more groups. The CNN method
and FC-DNN have similar results in computational time.

Table 2.3: CPU time in computation

K=4]| K=10
L=2| L=5
Algorithm 1 6.031 | 354.140
DNN test phase in Alg. 2 | 0.083 0.139
Alg. 2forcase 1, ||y ||=1 | 1.211 2.910
Alg. 2forcase 2, || § |[> 1 | 2.451 | 32.145
Alg. 2 forcase3, | y|[=0 | 1.330 | 3.039

Algorithmic Solutions

Fig. shows the performance of the FC-DNN-assisted approach on Py compared to the optimal
solution, with increasing the training set size. The performance gaps on the vertical axis represent the
relative delivery time of the FC-DNN-assisted method with respect to the optimum value. In general,
using more data in the training set improves the prediction accuracy of the FC-DNN-based method. In
particular, the performance reaches the optimum when the size of the training set is around 800, leading
to the smallest gap around 8%, 9% and 10% in the case of a = 2.4, a = 2.6 and o = 2.8 respectively.
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Figure 2.3: Average gaps between DNN and optimum (KX = 10, L = 5)

Fig. presents the difference of the total data transmission length T3, between the DNN-assisted
approach and the optimal method on all the tested samples of Py. Over 100 testing samples, the average
gaps of objective values between the two algorithms are small, around 8%. This shows that the DNN
approach is able to provide a near-optimal solution with high computational efficiency.

Fig. [2.5| demonstrate the energy consumption by performing the CNN-based approach, the DNN-
based approach and the optimal algorithm for the cases of K = 5, 10 and 15 in P3, respectively. As
shown in the results, 100 test sets are used for evaluation. The average prediction accuracy of the CNN-
based approach achieves 99.66%, 97.27%, and 96.08% in the cases of K = 5, 10, and 15, respectively,
whereas the performance in FC-DNN slightly drops to 99.09%, 95.16%, and 93.78%. Recalling the
computational time in Table. [2.3] the learning-based approaches are able to provide a near-optimal
solution with high computational efficiency.
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Figure 2.4: Transmission time comparison between the DNN-based algorithm and the optimal algorithm
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Figure 2.6: Optimality and re-selection time with different o (K = 10, L = 5, training set size= 800)

Next, we evaluate the effect of « on the performance gap and the computation complexity in the re-
selection phase. As shown in Fig. the time monotonically decreases with the growth of «,, whereas
the performance of the FC-DNN in approaching the optimum is degraded. As we analyzed in section[2.4]
when « is large, a small number of combinations will be in the restricted candidate set C*, thus leading
to less computational time. On the other hand, the fewer candidates in C* can possibly result in higher a
probability of loss in optimality.

2.6 Conclusion

We developed an ML-based approach for resource allocation to enable a fast, feasible, and near-optimal
solution for both time-efficient and energy-efficient content delivery in MISO systems. We formulated
a non-linear MIP and an ILP problem via power control and time slots allocation, respectively. In order
to obtain the global optimum as the performance benchmark, optimal methods with exponential com-
plexity were designed. Toward an efficient solution, we designed FC-DNN and CNN-based approaches
to approximate the combinatorial decisions. Different from the conventional pure ML algorithm, the
proposed learning-assisted approach applies NNs to predict the learnable features which can be used to
accelerate the optimization process and improve the learning accuracy. Numerical results show that both
learning-assisted approaches can well-approximate the optimum with low computation complexity. The
CNN-based method slightly outperforms FC-DNN in the respect of prediction accuracy in a large-scale
scenario.
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Chapter

Centralized Learning: Reinforcement
Learning-Based User Scheduling

3.1 Introduction

Unmanned aerial vehicles (UAVs) have attracted much attention to high-speed data transmission in dy-
namic, distributed, or plug-and-play scenarios, e.g., disaster rescue, live concert, or sports events [81]].
However, UAVs’ limited endurance, energy supply, and storage become critical issues for their appli-
cations, which motivates the study of energy efficiency in UAV-aided communication networks. The
UAV’s energy consumption comes from two aspects, propulsion energy for flying and hovering, and
communication energy for data transmission. The flying energy mainly depends on the UAV’s velocity
and trajectory [81]. The hovering energy is, in general, proportional to the hovering time. Compared to
the propulsion energy, the communication energy consumption is not a negligible part, e.g., considerable
communication energy can be consumed in the scenarios with high traffic requests from a large num-
ber of users. Thus joint energy optimization for both parts is necessary and has attracted considerable
attention in the literature [[82, 8384, 85 86, |87, 188l [89]].

The authors in [83) [84] maximized the energy efficiency, referring to the ratio between transmitted
data and propulsion energy. In [85], the authors introduced a complete UAV energy model and proposed
a user-timeslot scheduling method to minimize the sum of the propulsion energy and communication
energy. Based on the energy model in [83], the authors formulated an energy minimization problem
with latency constraints by trajectory design in [82]. The above works in [83} 84} 185, [82]] adopted a time
division multiple access (TDMA) mode, where the UAV serves one user per timeslot. Besides TDMA,
space division multiple access (SDMA) enables simultaneous data transmission to multiple users, such
that the hovering time and hovering energy can be reduced. In [[86]], the authors designed an SDMA-based
beamforming scheme to minimize the total transmit power for multi-antenna UAVs. In [87]], an energy
efficiency maximization problem was investigated in an SDMA-based multi-antenna UAV network via
optimizing the flying velocity and power allocation. However, serving multiple users simultaneously
may lead to strong inter-user interference and may require more communication energy to fulfill users’
demands. In [88l [89], two non-convex combinatorial optimization problems based on SDMA were
studied. The authors in [88]] proposed an alternative optimization algorithm based on the block coordinate
descent method to optimize frequency, transmit power, and UAV’s trajectory. In [89], the non-convex
problem becomes convex by fixing a sensing-time variable. Then, a single-variable search method was
adopted to optimize.



3.1. Introduction

Deterministic optimization algorithms, e.g., [82, 83} [84} 185, [86, 187, 188, 189]], might not be suitable
for fast decision making in a dynamic wireless environment. To address this issue, deep learning-based
solutions have been investigated in the literature. The authors in [90] relied on a deep neural network
(DNN) to efficiently predict the resource allocation scheme for mobile edge networks. In [91], a deep
learning-based auction algorithm was proposed to determine a dynamic battery charging scheduling for
UAV-aided systems. Supervised learning, such as DNN, requires large amounts of training data, which
is a non-trivial task in an offline manner [74]]. Another category is reinforcement learning (RL). In [92]],
Q-learning was applied to solve an unconstrained UAVs trajectory design problem to avoid collisions.
However, updating the Q-table results in unaffordable computing time/resources. To improve efficiency,
deep reinforcement learning (DRL) was developed with the following advantages. Firstly, DRL provides
timely solutions, adapted to environment variations. Secondly, DRL integrates DNN to make decisions
and improve solution quality. Thirdly, DNN requires an offline data generating and training phase,
whereas DRL is less needed for prior knowledge and is able to train by exploring unknown environments
and exploiting received feedbacks in an online manner. In [93]], the authors applied a deep Q network
(DQN) to design an energy-efficient flying trajectory scheme for UAV-aided networks. In general, DQN
is used to deal with a relatively small and discrete action space, where the action space refers to the set of
all possible decisions [57]]. The authors in [94] designed a different deep Q-learning architecture with a
high dimensional action space, but it needs to evaluate all of the actions before making a decision, which
is time-consuming.

Deep actor-critic is an emerging DRL method with fast convergent properties and the capability
to deal with a large action space [95]. In [96], an actor-critic-based DRL (AC-DRL) algorithm was
proposed to reduce the UAV’s energy consumption and enhance the UAV’s coverage of ground users via
optimizing UAV’s flying direction and distance. In [97]], the authors employed deep actor-critic to design
a learning algorithm for UAV-aided systems, considering energy efficiency and users’ fairness. Note that
the AC-DRL in [96, [97]] was developed for unconstrained problems. However, most of the problems
in UAV systems are constrained and with discrete variables. The conventional AC-DRL algorithms
have limitations on tackling constrained combinatorial optimization problems, which may result in slow
convergent, infeasible, and degraded solutions. The authors in [98} [99] developed AC-DRL algorithms
for a combinatorial optimization problem in a UAV-aided system, where the performance is limited when
the problem scale grows. In [100, [101], two AC-DRL algorithms based on deep deterministic policy
gradient (DDPG) were developed to optimize UAV trajectory and resource allocation. The adopted
reward function can satisfy simple constraints but might not be applicable for complicated combinatorial
problems.

In this study, we minimize the UAV’s communication and propulsion energy in a downlink UAV-
aided communication system. The improvement of solution development lies in three aspects. Firstly,
compared to offline optimization approaches, we provide online learning and timely energy-saving solu-
tions based on DRL. Secondly, unlike the conventional DRL or AC-DRL methods, the proposed solution
is suited to tackle constrained combinatorial optimization. Thirdly, compared to our previous work [99]],
we augment the algorithms by developing new theoretical results and tailored approaches to address two
challenging issues in guaranteeing feasibility and controlling exponentially-increased action space. The
major contributions are summarized as follows:

* We formulate an energy minimization problem for an SDMA-enabled UAV communication sys-
tem, where user-timeslot allocation and UAV’s hovering time assignment are the coupled optimiza-
tion tasks. The formulated problem is combinatorial and non-convex with bilinear constraints.

* We provide a relax-and-approximate method to approach the optimum. That is, the bilinear terms
are addressed by McCormick envelopes relaxation, then the remaining integer linear programming
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problem is solved by the branch-and-bound (B&B) algorithm.

* We characterize the interplay among communication energy, hovering time, and hovering energy.
Based on the derived analytical results, we develop a golden section search-based heuristic (GSS-
HEU) algorithm for benchmarking general instances with lower complexity than the optimal solu-
tion.

* We propose an actor-critic-based deep stochastic online scheduling (AC-DSOS) algorithm for
UAV energy savings, where the original problem is transformed into a Markov decision process
(MDP). AC-DSOS is computationally light and solves the problem in an online manner, against of-
fline high-complexity optimal/sub-optimal algorithms. Unlike conventional DRL, we develop a set
of tailored approaches in AC-DSOS, e.g., stochastic policy quantification, action space reduction,
and feasibility-guaranteed reward function design, to overcome DRL’s limitations in addressing
combinatorial optimization problems with multiple constraints and large action space.

» Simulations demonstrate that the proposed AC-DSOS enables a feasible, fast-converging, and dy-
namically adaptive solution. The designed approaches are effective in reducing action space and
guaranteeing feasibility. AC-DSOS achieves promising energy-saving performance compared with
two recent AC-DRL methods and three heuristic algorithms.

The rest of the chapter is organized as follows. Section[3.2]provides the system model and Section[3.3]
formulates the considered optimization problem. In Section[3.4] we analyze the relationship between the
energy consumption and hovering time, and propose a heuristic algorithm. In Section[3.5] we reformulate
the problem as an MDP and develop an AC-DSOS algorithm. Numerical results are presented and
analyzed in Section@ Finally, we draw the conclusions in Section

3.2 System Model and Problem Formulation

3.2.1 System Model

We consider a downlink UAV-aided communication system. A UAV serves as an aerial base station (BS)
to deliver data to ground users, e.g., for the scenarios if terrestrial BSs are unavailable or overloaded
by high traffic demand from numerous users. We assume that the UAV is equipped with L antennas
and each ground user has a single antenna [87]. The UAV is fully loaded with data and energy at a
dock station before the task starts. The service area is divided into N clusters considering the UAV’s
limited coverage area. This setup can be used in many practical scenarios such as emergency rescue
and temporary communication[102} [103]. We denote N' = {1,...,n,..., N} as the set of clusters and
NT = N U{N + 1} as the extended set, where the (N + 1)-th cluster denotes the dock station. The
UAV flies through all the clusters successively according to a pre-optimized trajectory, and transmits data
to the users when hovering at a given point, e.g., above the cluster’s center. Let K, and K, denote the
number and set of the users in the n-th cluster. The demands of user £ € K,, are denoted by gy, ,, (in
bits). When all the demands in a cluster are satisfied, the UAV leaves the current cluster and visits the
next one. After serving all the clusters, the UAV flies back to the dock station. The process of the UAV
from leaving to returning the dock station is defined as a round or a task. Fig. illustrates an example
of the considered system.

The data stored in the UAV typically have a certain life span [[104]. Thus, we consider the transmitted
data are delay-sensitive, and all data delivery must be completed within 7},,,,. (in frames), where the time
domain is divided by frames in set 7 = {1, ..., t, ..., Tyyqz }- One frame consists of I timeslots, and the
duration of a timeslot is ®. With SDMA, the UAV can simultaneously transmit data to more than one
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Dock station

Figure 3.1: An illustrative UAV-aided network.

user in each timeslot. The frame-timeslot structure is shown in Fig. [3.2] where the shaded blocks indicate
that the users are scheduled. We define the scheduled users at a timeslot as a user group. The union of the
possible groups in cluster n is denoted by G,, = {1, ..., g, ..., G, }. The maximum number of candidate
groups in cluster n is G,, = 2%» — 1 [103] [106], which increases exponentially with K,,. The number
and set of the users of group g in cluster n are denoted by K ,, and K ,,, respectively.

Maximal time limitation:

T 1 ] T T T ]
— - S~

A transmission frame - S~

I:l Scheduled users

I:l Non-scheduled users

Users

Timeslots

Figure 3.2: An illustration of the frame-timeslot structure.

The channel vector from the UAV antennas to ground user k& € K, is denoted as hy, ,, € CHxL,
which can be expressed by avy, ,,107¢»/10 where a,,, € C'** is the multipath Rician fading vector
and &, is the free-space propagation loss between the UAV and ground user £ € K,. The model
comprises a deterministic LoS component and a random multi-path component. The former predicts
the propagation loss of a signal encounters air-to-ground scenarios, and the latter captures the effects of
reflection, scattering, and diffraction by the ground obstacles. The model is suited and widely adopted
for UAV applications in urban/suburban scenarios, e.g., [87, (92| 98] 102} 107, [108]]. We collect all
the channel vectors of the users in K, to form a matrix Hy,, € CKon>*L  Within a user group, we
apply a linear minimum mean square error (MMSE) precoding scheme due to its high efficiency and low
computational complexity in mitigating intra-group interference. The precoding vector for user k € Ky ,,
is calculated by:

— ﬁkzgan 3 1
Wk .gn = \/Pk,gn 7= ’ ( . )
”hk,g,n ”
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where py g n is the transmit power for user k in group g, flk .g,n 1s the k-th column in HH W0 ’T +
Hg,nH‘; ) , and o2 is the noise power. Note that transmit power py 4., is fixed as pararneters in this
work by followmg practical UAV applications, e.g., constant transmit power can be selected from 0.1 W
to 10 W [109]. The signal-to-interference-plus-noise ratio (SINR) for the user k£ € K, ;, is given by:

»B(kvf)pk n
Tgn = R  k€Kgns g€ G, (3.2)

k
Zjelcg,n\{k} 55(777{)193}9771 + o2

where ﬁgf,]f) = \hk,nﬁk’gm]? and ﬁé{f \hk nh; gn|? are the effective channel gains.

We assume the channel state information (CSI) updates over frames, and the channel states keep
static within a transmission frame. Based on the adopted path-loss and Rician-fading model, we further
model the time-varying channel as the first state Markov channel (FSMC) to capture the time-correlation
characteristics and allow mathematically tractable analysis. Given the Rician probability density func-
tion and the corresponding auto-correlation function, we can discretize the channel into several intervals
and derive the transition probabilities. Thus, knowing the initial channel state (sampling by Rician dis-
tribution), the following channel states can be forecasted by the transition probabilities [[110]]. By FSMC
modeling, the channel quality in the near future can be forecast based on the knowledge of previous
channel conditions. Moreover, FSMC is efficient in quick simulations and system performance evalu-
ations [[111}, [112]]. Since CSI varies over frames, we use 'y 4.1 ¢, B(kkt and B t to track SINR and

channel coefficients on the ¢-th frame. We quantify each coefficient B 0 t ) and ,6’ o t to multiple Markov

states and obtain a transition probability such that the variations of ngf )t and 5;12 ; follow a Markov

process between frames [[113]. If group g € G, is scheduled at timeslot ¢ on frame ¢, the amount of data
transmitted to user k € Ky ,, and the consumed communication energy of group g € G,, can be expressed

by (3.3) and (3.4), respectively.

dk,g,n,t =oB 10g2 (1 + Fk,g,n,t) s ke K:g,na g c gn, t e T, (3.3)
€gn,t = @ Z Pkgm, 9 € Gn, t€T, (3.4)
keKg n

where B is the system bandwidth. Note that within a frame, we assume a user’s channel condition is
identical across all the timeslots, thus index 7 is omitted in dy 4, + and eg 1, ¢.

3.2.2 UAV’s Energy Model

We employ a UAV energy model proposed in [85]. The flying power is formulated as a function f(U) of
flying velocity U:

N =

302 U U2\ 1
f(U) =P, (1 + ) + P ( 1+ - ) + —p1paU3, (3.5)
Ut21p 4Uz4nd 2Uz2nd 2

where
* Py: the blade profile power in hovering status;
» P;: the induced power in hovering status;

* Uyp: the tip speed of the rotor blade;
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* U;nq: the mean rotor induced velocity;

* p1: the parameter related to the fuselage drag ratio, rotor solidity, and the rotor disc area;

* po: the air density.

When UAV approaches the hovering point of each cluster, it will fly around the point with a certain
velocity U = Up,y, which is more energy-efficient than U = 0 [82]. Thus, the hovering power Py is
f(U = Upey). The flying energy with constant velocity U and traveling distance S is expressed as:

AU)-S/U
13U 1 1 1 \* S
—SPy =+ 22| +8P e 2 51poU2. 3.6
\o oz ) TR\ o T, Tz, ) T 5:0)

Hovering energy and communication energy need to be jointly optimized since they are coupled by hov-
ering time, whereas the optimization of flying energy is independent. By applying graph-based numerical
methods [114], the minimum flying energy £7, along with the optimal flying speed U}; can be obtained
by:

E. =fU;)-S/U., (3.7)
where U}, = argming > @

The main notations are summarized in Table 3.1]

Table 3.1: Summary of symbols and notations

Notation Description
NN number and set of clusters
L number of antennas in UAV
K, Kn number and set of users in cluster n
Grn,Gn number and set of groups in cluster n
Kgn,Kgn number and set of users in group g of cluster n
Qk,n demands of user k£ in cluster n
Toaz, T maximum number and set of frames in each round
1,7 number and set of timeslots in each frame
0] duration of each timeslot (in seconds)
Ti,gnt SINR of user k € Ky, on frame ¢
ﬁ( k) channel coefficient from user j’s precoding
g,n,t

vector to user k (k, j € KCg,,) on frame ¢
transmitted data of user k € KCg,,, per timeslot

dksgn,t on frame ¢
. communication energy of group g € G, per
gt timeslot on frame ¢
U UAV’s flying velocity that minimizes flying energy
£ with a predetermined flying path
B minimal flying energy with a predetermined
F

flying path
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3.3 Problem Formulation

We denote binary variables \; 4 .+ € {0, 1} as the scheduling indicator, where Ai,g,n,t = 1 indicates that
user group g € G, is assigned to timeslot 7 on frame ¢ and \; ; , ; = 0 otherwise. Another class of binary
variables v, ; € {0,1} indicates that the UAV is hovering above cluster n on frame ¢ (v, = 1), and
vnt = 0 otherwise. The UAV energy consumption consists of flying energy £, hovering energy F,,,
and communication energy E_,. Since the minimal flying energy . can be independently obtained by
Eq. without loss of optimality, the objective focuses on joint optimization of F, and £, which
are expressed by:

Tmaz N Gn 1

Eo=> >33 tvhidigniegnit: (3.8)

t=1 n=1g=1 =1

Tmaz N

E, = Z Z(IJIPHVM. (3.9)

t=1 n=1

Note that the UAV is battery-limited in practice. We focus on the instances that the minimum consumed
energy in (3.10a) is within the UAV’s battery storage, otherwise, the task is infeasible. The optimization
problem is formulated as:

Premin B+ By (3.10a)
Yn,t

s.t.

Tmaxz Gn 1

DD vnidigmadigng = 4., Yk € Kn, n €N, (3.10b)
t=1 g=1 i=1

Vit S Vst F Viry "REN L ET, (3.10¢)
G, I

SN Ngmi=1-v,,, ¥neNt teT, (3.10d)
g=1i=1

Gn

S Nigmt <1, VieI, neNt teT, (3.10¢)
g=1

N+1

> vni=1WeT, (3.10)
n=1
Xignt €{0,1},VieZ, ge Gy, ne N, teT, (3.10g)
Unt €{0,1}, Vn e NT, t € T. (3.10h)

Constraints (3.10b) guarantee that all the users’ requests have to be satisfied within T5,,4,. Constraints
define that the UAV follows a successive and forward manner in visiting clusters. For example,
if the UAV is hovering above cluster n on frame ¢, in the next frame ¢ + 1, the UAV either chooses to
stay at the current cluster n or move to the next cluster n + 1. The option of flying back to previously
visited clusters, e.g., n — 1, is thus excluded. Note that the UAV takes off from the first cluster, i.e.,
vy, = 1. Constraints @]) represent that all the timeslots on frame ¢ are assigned to a user group when
vnt = 1, otherwise, no users are scheduled in any timeslot. Constraints (3.10¢]) and (3.10f) indicate that
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no more than one group can be scheduled at a timeslot and only one cluster can be served within a frame.
Constraints and confine variables \; 4, + and vy, ¢ to binary.

Note that P; is a combinatorial optimization problem with a non-convex bilinear objective and con-
straints. The optimum can be approached by a well-established relax-and-approximate method. That is,
the non-convex bilinear terms are relaxed and bounded by McCormick envelopes [63], where each vari-
able (\; gn,t and v, ¢) is bounded by an upper and a lower bound. The relaxation problem becomes an
integer linear programming (ILP) problem which can be optimally solved by B&B. Overall, the optimum
of P; can be approached by ultimately tightening the bounds, e.g., increase the number of breakpoints
in the envelopes, but this results in exponentially increasing complexity which is unaffordable in prac-
tice [73]]. Thus, we adopt the above relax-and-approximate method to provide an optimal solution for
benchmarking small-medium cases. For general cases, we propose a heuristic algorithm in the next
section.

3.4 Heuristic Approach

We decompose the joint optimization to two sub-problems, i.e., user-timeslot and hovering time allo-
cation, corresponding to optimization of A; 4+, and v, , respectively. We then solve one sub-problem
when the other is fixed.

3.4.1 User-Timeslot Scheduling

The bilinear items are resolved with the fixed v, ;. The number of frames at each cluster is determined
by:

Tmaa:
th=Y_ Unt, ¥ EN, (3.11)
=1

t=

and ®1t,, is the hovering duration. The user-timeslot scheduling can be carried out independently in each
cluster, and the resulting problem for the n-th cluster is formulated in P2(n) with a given ¢,,. We denote
E, , and E_  asthe hovering and communication energy for the n-th cluster:

E

H,

.= ®IP,t,, (3.12)
Tnttn Gn I

Eoo= > D> Nignigms, (3.13)

t=mn+1 g=1 i=1

where 7, refers to the number of elapsed frames before the UAV arriving cluster n, which can be calcu-
lated by:

Tmaz n—1

=D D Vs (3.14)

t=1 n'=1
The sub-problem Pz (n) is formulated as:

Pa(n): min E, +FE, (3.15a)

i,9,m,t

36



Centralized Learning: Reinforcement Learning-Based User Scheduling

Tnttn Gn I

s.t. Z Z Z )\i,g,n,tdk,g,n,t > Ak Vk € Ky, (3.15b)
t=rn+1g=1 i=1
w I
SN Ngme =1 V€ {m + 1,70 + b}, (3.15¢)
g=1i=1
Gr
Nigmt <1, VieZ teT, (3.15d)
g=1
Xignt €{0,1}, VieZ, geG,, teT. (3.15¢)

Pa(n) is a multi-choice multi-dimensional knapsack problem (MMKP), which can be solved by a guided
local search (GLS)-based heuristic algorithm with high-quality sub-optimal solutions and pseudo-polynomial-
time complexity [115].

3.4.2 Hovering Time Allocation

To optimize hovering time efficiently, we first investigate the connection between the objective energy
and t,. From Eq. (3.12) and Eq. (3.13), E,, , increases linearly with ¢,, while £, is determined by
both ¢,, and \; ;.. Next, we show the relationship between the optimum E_,  and ¢,. For cluster n,
we denote Ezn (t,,) as the communication energy with the optimal scheduling dec:151on A ign,t atagiven
hovering time ¢,,.

Lemmal. F o (t,,) is a non-increasing function of t,,

C,n

EY (1) > E' (I+At), t>0,At>0. (3.16)

Proof. We denote the optimal user scheduling for Pa(n)[, _;as A} If t,, increases from £ to £ + At,

)‘Zg,mt is still feasible for Pa(n) |tn:£+At such that

7,g,n,t"

T+t Gn T

Z Z Z )‘z ,9,M, t€g,n,t

t=mn+1 g=1 i=1
Tntt+At Gy T

=E, (t+At)= Y > NN eqn (3.17)

t=mn+1 g=1i=1

A} g.n, Might not be necessarily optimal for ¢, = ¢ + At. There exists an optimal scheduling resulting
in lower communication energy, i.e.,
E' (f+At) <E. (t+At)=E* (D). (3.18)

C,n

Thus the conclusion. OJ

. . . . . (tn)
From Lemma we can observe that E; . (t,,) is an non-increasing function of ¢, i.e., Cd+ <0.

dE,  (tn .
For E,, . (t,), we can derive that ’Qf’;@) = ®] Py based on Eq. (3.12). Thus, the extreme point of
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EY  (tn) + By, (1) can be obtained at t,, = t" when

dE?, (tn)

0t it = —®IP,. (3.19)

Since the existence and the number of extreme points are undetermined. There are three possible cases,
i.e., unimodal, multimodal, and monotonic, for £, n(tn) + Ey ., (tn), as illustrated in Fig. In case

. . . . . . dEZ, | (tn)
1, the curve is a unimodal function with only one extreme point. In case 2, the fluctuation of Cd’f”n

leads to multiple extreme points such that the curve is a multimodal function. In case 3, Eq. (3.19)) cannot

(tn) . . . . . .
hold, e.g., Cd’# is consistently lager than —®7P,,, so the curve is monotonously increasing with no
extreme point.

Unimodal case Unimodal case
o o
g communication energy g objective energy
2 — = = = hovering energy - 2 % extreme point
> _ - >
=2 --" =
[} _ == )
c| - c
w e w

tn (frames) tn (frames)

Multimodal case Multimodal case
o o
g communication energy g objective energy
2 — — = = hovering energy - 2 % extreme point
> _ - >
=2 --" =
[} _ == [9)
c| - c
w e w

tn (frames) tn (frames)

Monotonic case Monotonic case
) )
g communication energy g ‘ objective energy ‘
2 = = = = hovering energy 2
> - > _/
> -7 =
o) = 9]
cL- c
L i

tn (frames) tn (frames)

Figure 3.3: Energy curves for three possible cases.

Observing the possible cases, we employ an efficient golden section search (GSS) to find the extreme
points [116]. In GSS, we limit the hovering time ¢,, < ¢, to ensure that the total service duration does
not exceed Ty,q., Where t,, is a maximal time limitation for cluster n. Intuitively, the clusters with more
demands need more transmission frames. We assume t,, is proportional to the users” demands:

Ky
n — dmax N K, .
D=1 2 k1 Qe

(3.20)

3.4.3 Algorithm Summary

We summarize the proposed GSS-HEU in Alg. 8] We denote B,, ; as the set of channel states of cluster
n on frame ¢, which is expressed as:

Bn,t = {ﬁiki)ta ceey (kaz)nt| Vk7j S ’Cg,n}- (3-21)
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In GSS-HEU, the initial search range of GSS [z1,y1] is set as [0,¢,], which is partitioned into three
sections by two points u; and vy with the golden ratio 0.618 in lines 2-4, where [.] is an operation to
round a value up to an integer. When a hovering time is searched in GSS, e.g., t,, = U, or t,, = Uy, the
corresponding user-timeslot allocation is obtained by solving P2(n) in line 6. In lines 9-13, we compare
the objective energy and update the search range. The search process terminates at |y, — Z,,| < 1. The
selected hovering time ¢}, is v;, and the corresponding scheduling scheme )\f’ gt is Xigntltn

=Um *

Algorithm 3 GSS-HEU Algorithm

Inputs:
Users’ demands: Quyseees Ay 1oeees Qoo v
Channel states: Bi,1,....,31, Tmaz s BN,1 5., BN, Timas
Search range’s upper bound: ¢, , ..., ¢ .
forn=1;n < N;n+ + do

1:
2 =0y =ty

3 uy = (yl — 0.618(y1 — 1'1)—|;

4 vy =[x +0.618(y1 — 1) ];

5: form=1; |ym — xm| > 1;m+ + do
6

7

8

9

Solve Pa(n)lt, =u,, and Pa(n)|t, v,

Obtain the corresponding user scheduling schemes /\i,g,n,t\tn:um and )\i,g,n,t|tn:vm§
Obtain the objective energy (E,, + E}; )|t =u,, and (B, + Ey lt,=vm;

if (B, +Ey )tn=um < (Eq,, + Ey,)|tn=0,, then

10: Im+1 = Tm; Ym+1 = Um; Umt1 = Um;
Um+1 = [ym+1 - 0618(ym+1 - merlﬂ;

11: else

12: Tm+1 = Um; Ym+1 = Yms Um+1 = Um;
V1 = [Ym+1 — 0.618(Yms1 — 1) |

13: end if

14:  end for
. k . * — .
15: t’fL = Um, Ai,g,n,t - )\Z,gfﬂ,t
16: end for
Outputs:
Heuristic solution: AT 1 11, ...; AT ¢, N Tomaw s L1s s TN

tn=Um:"

The complexity of GSS-HEU is O(Zﬁle G? xmax{K,, It,} xlog(2t,)), which is much lower than
that of the optimal method. However, both the optimal and GSS-HEU approaches may have limitations in
fast decision-making. The computational time for both algorithms grows exponentially with the number
of users since G,, = 2% — 1 [74]. In addition, both algorithms need the estimated and complete
channel states for the whole task frames, i.e., from ¢ = 1 to T;,45. This may result in difficulties
in channel estimation. Therefore, we reconsider P; from the perspective of DRL to enable the UAV to
make decisions intelligently, while the developed optimal and heuristic algorithms are used to benchmark
the performance of learning-based solutions.

39



3.5. Actor-Critic-Based DRL Algorithm

3.5 Actor-Critic-Based DRL Algorithm

3.5.1 Overview of Actor-Cirtic-Based DRL (AC-DRL)

In DRL, an agent learns to make decisions by exploring the unknown environments and exploiting the
received feedbacks. At each learning stelﬂ t, the agent observes the current state s; and takes an action
a; based on a policy. Then, a reward r; will be fed back to the agent. The policy will be updated step by
step according to the feedback. Actor-critic is an emerging reinforcement learning method that separates
the agent into two parts, an actor and a critic. The actor is responsible for taking actions following a
stochastic policy 7 (a¢|s;), where 7w(.|.) refers to a conditional probability density function. The critic is
used to evaluate the decisions via a Q-value, which is given by:

Q™ (81, at) = Eq,r(ay|s,) [ L2t|8t, atl, (3.22)

where Eq, r(a,|s,)[+|+] is @ conditional expectation under the policy 7(a;|s;), and Ry is the cumulative
discounted reward with a discount factor -, which can be expressed as:

Ry=> 4""try, yel0,1]. (3.23)
t'=t

However, obtaining the explicit expressions of 7(a¢|s;) and Q7 (s, a;) is difficult. DRL uses DNNs
as the parameterized approximators to provide estimations for m(a|s;) and Q™ (s, a;). We denote
6; and w; as the parameter vectors for the actor and critic, and 7(ay|s;; 0;) and Q% (s;, as;w;) as the
corresponding parameterized functionﬂ The goal of the agent is to minimize the loss function of the
actor —J(6;):

—J(6;) = —E[Q°% (s, ar; wy)). (3.24)

Based on the fundamental results of the policy gradient theorem [57]], the gradient of J(6;) can be
calculated by:

Vo (0;) = E[Vglog m(at|s:; 0;)Q° (s¢, ar; wy)]. (3.25)
The update rule of 8; can be derived based on gradient descent:
01 = 0; — aq- (~VoJ(6r)), (3.26)

where o, is the learning rate of the actor. For the critic, the parameter vector wy is updated based on
temporal-difference (TD) learning [57]. In TD learning, the loss function of the critic C, (w;) is defined
as the expectation of the square of TD error 8, (w;), i.e., E[(6, (w;))?]. The TD error 6, (w;) refers to
the difference between the TD target and estimated Q-value, which is given by:

Oo(wi) =7 + QP (st41, ap1iwi) — Q° (sy, ap;wy), (3.27)

where 7 + 7@9(3t+1, a;+1;wy) is the TD target. The objective of the critic is to minimize the loss
function C, (w¢) and the update rule of w; can be derived by gradient descent:

Wil = Wt — OécvaQ (wt), (328)

'In this chapter, a learning step is equivalent to a transmission frame.
? For simplicity, Q° (8¢, at; wi) = Ea, o (ay|s:00) [Bt| 8¢, al.
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where . is the learning rate for the critic.
However, approximating Q™ (s;, a;) brings about a large variance for the gradient Vg .J(8;), resulting
in poor convergence [117]]. To solve the problem, a V-value is introduced:

V(1) = Eq,or(as|s) [Be|5t]- (3.29)

Approximating V™ (s;) can reduce the variance. With the parameterized V-value V9 (s;; w;), the TD
error and the loss function of the critic are expressed as:

O, (W) =1 + ’yVO(sHl; wy) — Ve(st; wy), (3.30)
and
Cy (wr) = E[(8, (wr))?]- (3.31)

In addition, d,, (w;) provides an unbiased estimation of Q-value [117]. Thus, we can rewrite Vg.J(6;) in

Eq. (3.25) as:

VoJ(0;) =E [Vglog(m(ai|s:; 0:))Q (st, at)]
=E [Vg log(m(at|st; 0))0, (wr)] . (3.32)

3.5.2 Problem Reformulation

To apply AC-DRL, we reformulate P; to an MDP problem, in which the UAV acts as an agent. We
define the states, actions, and rewards as follows.

States

The system states s; consist of the channel states for all the clusters on the current frame, i.e., B1 ¢, ..., By 1,
the undelivered demands, and the currently served cluster on frame ¢. The undelivered demands b,, ; is
the residual data to be delivered for cluster n on frame t¢:

bn,t+1 = bn,t — dz,h Vn € N, te T, (333)
Ky

bno =Y Qim, VN EN, (3.34)
k=1

where dJ, ; is the delivered data for cluster n on frame ¢ under the policy 7(s¢|a;). We denote o; € N/ +
as an indicator to represent which cluster the UAV is serving on frame ¢. When the users’ requests in
the current cluster are completed, the UAV will move to the next cluster on the next frame, otherwise,
staying at the current cluster. For example, we assume that the UAV is hovering above cluster n on frame
t,i.e., o = n. For the next frame, 0;1 is obtained by:

. n, bn,t > O,
Ot41 = { nt 1, bay = 0. (3.35)

When the UAV’s duration exceeds T}, the UAV will fly back to the dock station. By assembling the
above three parts, the state s; is defined as:

St = [Bl,t’""BN,tvbl,t"”bN,th]‘ (336)
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Note that the elements of 3, ; are modeled as FSMC. In addition, based on Eq. (3.33) and Eq. (3.35),
the next state of b, ; and o; only depend on the current state and current policy. Therefore, the transition
of the state s; conforms to MDP [57].

Actions

The action of the UAV is the user-timeslot assignment on frame t, which is given by:
a; = [a,,,...,a,,],

a,, €{1,.,9, .., Gu}, Vi€ L, t €T, (3.37)

where a;; = g means the g-th group is selected at the -th timeslot on the ¢-th frame. Note that the action
space GG, can be huge since it increases exponentially with the number of users.

Rewards

The reward functions are commonly related to the objective of the problem. Conventionally, the reward
function of P; can be designed by Eq. (3.38) and Eq. (3.39), referring to [118] and [119]:

re =1/el, (3.38)

re = —eyp, (3.39)

where €] is the energy consumed on frame ¢ under the policy m(s;|a;). Since both the above reward
functions monotonically decrease with ef, the UAV updates the policy towards reducing energy con-
sumption.

3.5.3 The AC-DSOS Algorithm

Conventional AC-DRL algorithms may not be able to deal with constrained discrete problems. Firstly,
the combinatorial component of P limits the conventional AC-DRL in addressing huge discrete action
spaces [120]]. Secondly, the increased action space reduces the exploration efficiency in the learning
process and degrades overall energy-saving performance. Thirdly, the conventional AC-DRL algorithms
cannot guarantee the solution’s feasibility in general. This means that a high-reward action can fail to
satisfy the constraints in P;. To overcome the above difficulties and limitations, we propose an AC-DSOS
algorithm that is tailored for constrained problems with discrete action representation. The basic actor-
critic framework is employed in order to take the advantages of the stochastic policy and TD learning,
where the stochastic policy can be quantified to tackle the issue of huge discrete spaces and TD learning
can improve the learning efficiency.

We illustrate the actor-critic framework of AC-DSOS in Fig. where two DNNs work as the actor
and critic, respectively. The stochastic policy m(a;|s;) is usually modeled as Gaussian distribution with a
mean p(s;) and a variance x(s;) [121]. Given the current state s;, the actor does not predict 7(a;|s;; 0;)
directly but obtains approximations of the mean g (s;; 6;) and the variance x/(s;; 6;). An action a; can
be selected based on w(a¢|s:; 8;). Then, the agent receives a reward r; after taking the action and collects
the next state s;41. For the critic, two V-values, V9 (sy;w;) and V9 (s4,1;w;), are estimated by DNN
with the inputs s; and s;41, respectively. The TD error §,, (w;) can be calculated by Eq. . A tuple
{st, 8t41,0, (w¢), r} is stored in a memory at each step ¢. By applying a memory replay mechanism,
the data in the memory can be used for training the DNNs. In each training step, the actor and critic
are updated by the gradient descent over a batch of training data. The whole training process consists
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Figure 3.4: The actor-critic framework of AC-DSOS.

of multiple episodes, each episode including 7, steps. Based on the above framework, the AC-DSOS
algorithm is summarized in Alg. ]

In AC-DSOS, two DNNs are employed to estimate the stochastic policy and V -value with the input
s¢. The complexity of AC-DSOS is dominated by the DNNs’ forward-propagation and back-propagation
process in lines 6, 13, and 16 in Alg. 2. The size of the input is N(K2,,, + 1) + 1, where K00 =
max{ K7, ..., Kx}. We assume both DNNs have X hidden layers and the z-th layer has [,, nodes. In the
forward propagation (line 6 and line 13 in Alg. [)), the complexity of the actor DNN and critic DNN are
identical, i.e., O(N (K2, +1)+1)l; + Zf;ll lplyt1+1x), referring to [122]. In the back propagation,

(line 16 in Alg. ), the stochastic gradient is obtained with the complexity O(M ((N (K2, +1)+ 1)l +
> f;ll lzly41+1x)) to update the neural parameters, where M is the batch size. Overall, the complexity
of AC-DSOS is O(2Tmae(M + 1) (N (K200 + 1) + Dl 4+ S0 Loy + 1x)).

The novelties of the proposed AC-DSOS compared to the conventional AC-DRL are summarized as

follows.

Action Mapping to Tackle the Issue of Huge Discrete Action Space

The conventional actor-critic is used for continuous action space. We denote a; = [a14, ..., ar4) as the
original action selected by the stochastic policy, where the element a;; is fractional. However, as the
decision variables are integers in P, the action space is discrete. To deal with this issue, we adopt an
action mapping method in AC-DSOS (line 9 in Alg. El[) Firstly, we confine @;; to a fixed range [—k, k]
to avoid its value being too large/small since the domain of Gaussian distribution is [—oo, cc|. Then, a
uniform quantization method is used to map d@; ; to the discrete action space {1, ..., G, } by:

K+ di,t-‘
2k/Gp

ait = (3.40)

where 2r /G, is the quantization interval. With the mapping operation, we can support a larger GG, by
reducing the interval.
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Algorithm 4 AC-DSOS Algorithm

Inputs: The current state sy.
1: Initialize 67 and w;.
2: for each learning episode do
3:  Observe the initial state sq.

4: fort=1:T. do
5: Remove the groups containing the demand-satisfied users.
6: Predicted mean p(sy; 0;) and variance x(s;; 6;) by the DNN of the actor.
7: Obtain action’s distribution 7(a¢|s¢; 6;) based on Gaussian distribution.
8: Randomly choose a; following 7(a¢|s¢; 6;).
9: Map the elements a; ¢ to a;; by Eq. (3.40).
10: Take the after-mapped action a;.
11: Obtain reward 7, by Eq. (3.47).
12: Collect the next state sy 1.
13: Approximate the value functions V9 (s;; w;) and V9 (s, 1; w;) by the DNN of the critic.
14: Calculate TD error d,, (w¢) by Eq. (3.30).
15: Form and store a new tuple {s, s;41,7¢, 0, (wy) }.
16: Obtain 8,1 and w;, 1 by gradient descent.
17: St =8111;0; = 01115 wp = wyy1.
18:  end for
19: end for

Outputs: The current action ay.

Action Space Restriction to Improve Solution Quality

Although AC-DSOS can tackle the issue of discrete action space by the above mapping operation, ex-
ploring in a huge space remains difficult. To improve the exploration efficiency and the quality of the
solution, we design a method to restrict the action space in the learning process (line 5 in Alg. H).
Compared to the conventional DRL method, the difference mainly lies at the action selection. At the
beginning of each frame, we first observe which users’ demands have been satisfied. Then, we remove
the corresponding candidate groups, i.e., the groups containing the successfully served users. In conven-
tional DRL, the action space keeps fixed as G, = 2» — 1. This may result in two issues: Firstly, when
the action space grows exponentially large, DRL/RL needs more time to search for the optimal action,
thus decreases the exploration efficiency; Secondly, the probability of selecting undesirable low-reward
actions will be increased. This is because the original actions a; ; are selected by a stochastic policy such
that a small difference in a; ; could lead to different actions after mapping. For example, a; ; = 0.999 and
a; ¢y = 1.001 map to a;; = 1 and a;; = 2, respectively. If a;; = 2 is a low-reward action, a small error
in a; ¢ could cause a large loss in reward value. As illustrated in Fig. the size of the action space
in AC-DSOS, denoted by G; (G; < G,), is not fixed but gradually reduces over 1, ..., Tiq.. Before
taking an action, we remove the redundant actions with lower rewards from the action space, such that
the action space can keep concise and with controllable size.

Lemma 2. At each learning step, V™ (s;) < V™ (s;), where V™ (s;) and V™ (s;) are the V-values under
the policy with the fixed action space and the reduced action space, respectively.

Proof. We denote A and A’ as the fixed action space and the reduced action space, respectively. Based
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on bellman equation [57], V™ (s;) can be expressed as:

VT(s)) = Y m(alss) (r(se ar) + 7V (8141))

a€A
= Z (at|si)r(se, ar) + Z T(au|se)r(se, am)
acA a1 €A
+9° Z m(api2|8t12)7(St42, @rra) + -+ (3.41)
at+2€A

A’ excludes the redundant actions from A, that is, the actions that bring the lowest rewards, thus,
r(si, arlay € A') > r(s,ailar € A\ A'). (3.42)

For the probability distribution of the two policies, the following equations hold.

> wladls) = D w(als) = 1. (3.43)

aeA atcA
(aglss) =0, ar € A\ A, (3.44)
7T(at|8t) >0, a; € A \ A (3.45)

Based on Eq. (3.42)-(3.45)), we can derive:
> wlals)r(se, ar)

aicA
= wladsor(spa) + Y wlas)r(se, ar)
aic A ar€A\A
< Z "(as|s¢)r(se, ar) + Z 7' (ai|s¢)r(se, ay)
ac A/ arc A\ A’
= Z (ai|si)r(se, ar). (3.46)
aicA

Substituting Eq. (3.46) into Eq. (3.41), the inequality V™ (s;) < V™ (s;) can be obtained. Thus the
conclusion. O

By recalling Eq. (3.29), the definition of V-value is the average accumulative discounted reward,
V7 (st) = Eq,~n(as|s,) [Ft|8¢]. Based on Lemma as V™(s;) < V™ (s;), the policy with the reduced
action space provides a higher average R; than that of the fixed action space. In addition, the reduced ac-
tion space helps the agent to avoid searching for low-reward actions, thereby reducing the computational
time in exploration, which can be verified by simulation.

Re-designed Reward Function to Deal with Feasibility Issues

Without a carefully designed mechanism, the actions made in conventional AC-DRL may easily vio-
late constraints, thus fail to guarantee the solution feasibility. In P, the major difficulty comes from
constraints (3.10b), whereas ([3.10c)-(3.10h) can be satisfied by properly defined actions. Under the
commonly-used reward designs, e.g., Eq. (3.38) or Eq. (3.39), constraint (3.10b) may not be satisfied
since the criterion of the decision making is to minimize the objective energy without considering con-
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straints. To solve the problem, we re-design the reward function by incorporating constraint (3.10D),
which is given by:

Sonct da

(ef)e
The rationale is that the proposed reward function is the ratio between the delivered data and the con-
sumed energy on frame ¢, where € is a control parameter. When e is small, the reward enforces the UAV
to deliver more data to meet users’ demands. However, transmitting more data results in more energy
consumption. To control energy growth, we can increase € such that the agent will reduce the energy con-
sumption to avoid the reward losses. Thus, by tuning an appropriate €, the decisions made by AC-DSOS
can achieve good energy-saving performance while satisfying users’ demands.

For practical applications, AC-DSOS is designed to overcome the limitations brought by constrained
combinatorial problems, e.g., guarantee feasibility and control exponentially-increased action space.
Compared to conventional optimization and DRL approaches, AC-DSOS is expected to achieve a good
trade-off between solution quality and complexity. From a theoretical perspective, AC-DSOS is of
polynomial-time complexity, which provides a theoretical basis for its further real-time applications.
The developed Lemma 2 proves that the reduced action space can lead to higher accumulative reward,
which justifies the developed approaches and grantees the performance theoretically.

(3.47)

Tt =

3.6 Numerical Results

In this section, we present numerical results to evaluate the performance of the proposed AC-DSOS
algorithm and compare it with other schemes:

* Previous AC-DRL scheme: Deep deterministic policy gradient (DDPG) [58]];

* Previous AC-DRL scheme: Proximal policy optimization (PPO) [60];

* High-complexity heuristic scheme: the proposed GSS-HEU in Alg. [3}

* High-complexity heuristic scheme: the alternative optimization algorithm (ALT-HEU) [88]];

* Low-complexity heuristic scheme: semi-orthogonal user scheduling-based heuristic algorithm
(SUS-HEU) [123];

* Optimal scheme: optimal algorithm (OPT).

DDPG and PPO provide performance benchmarks from the AC-DRL perspective. Both of them
are based on stochastic policy gradient with fixed action space. The structure of the DNNs, parameter
settings, and reward function, i.e., Eq. , for AC-DSOS, DDPG and PPO keep the same in order
to enable a fair comparison. The proposed GSS-HEU, ALT-HEU in [88]], SUS-HEU in [123]], and OPT
are the benchmark schemes from an optimization perspective. We implement ATL-HEU by applying
its core idea of the block coordinate descent method to alternatively optimize two blocks, i.e., hovering
time and user scheduling. SUS-HEU adopts a simple user-grouping strategy with lower complexity than
GSS-HEU and ALT-HEU.

In the simulation, we first evaluate the performance of energy consumption and computational time.
After that, we justify the developed new reward function in guaranteeing solution feasibility by com-
paring several well-known reward functions. Furthermore, we evaluate the convergence performance of
AC-DSOS with different learning rates.
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3.6.1 Parameter Settings

The UAV is equipped with L = 10 antennas serving N = 3 clusters. The ground users are randomly
scattered in the service area. Each cluster contains up to K = 9 users. The users’ demands gy, ,, are
randomly selected from {1,2,3,4,5} (Mbit). We assume the bandwidth B = 10 MHz, noise power
o2 = 0.1 mW, hovering power Py = 10 W, and transmit power Dk,gn = 3 W, referring to [83]. Based
on FSMC, we quantize 3."", and 8."7), into 9 levels, {0,0.3,0.6,0.9,1.2,1.5,1.8,2.1,2.4}. The setting
of the transfer probability matrix is similar in [[124]]. Two fully-connected DNNs are employed as the

actor and the critic. The adopted parameters for implementing AC-DSOS are summarized in Table [3.2]

Table 3.2: Parameters in AC-DSOS

Parameters Actor Critic
Number of hidden layers 3 3
Number of nodes/layer 300 300
Activation function (hidden layers) ReLU RelLU
Activation function (output layer) Sigmoid None
Learning rate 0.003 0.002
Loss function Eq. (3.24) | Eq. (3.31)
Optimizer Adam Adam
Batch size 64 64
Discount factor y 0.9
Memory size 10,000 tuples
Number of learning episodes 400
Value range [—x, ] of @; ¢ [-2, 2]
Python 3.6 with
Software platform TensorFlow 0.12.1

3.6.2 Results and Analysis
Trade-off Performance between Energy and Computational Time

Firstly, by comparing with six benchmarking algorithms in Fig. [3.5] the proposed AC-DSOS achieves a
good trade-off between energy minimization and computational time. Note that for K > 7, the optimal
energy results are absent due to the high complexity and the corresponding long computational time.
From Fig. AC-DSOS saves around 29.94% and 24.84% energy compared to DDPG and PPO on
average. Overall, AC-DSOS provides a sub-optimal solution, with 19.17% gap to the optimum. GSS-
HEU achieves near optimality, and consumes less 9.8% energy than AC-DSOS in average but with
paying much higher complexity and time, e.g., see Fig. ALT-HEU takes more computational time
but the average energy-saving performance is 4.28% inferior to AC-DSOS as the algorithm is sensitive
to the initial point. SUS-HEU consumes the highest energy since it schedules users based on channel
conditions without considering energy consumption. It is also shown that the total objective energy
follows a roughly linear increase in all the algorithms. The gaps between the optimal algorithm and
other algorithms become larger as K increases. When K grows from 5 to 7, the gap to the optimum
increases from 47.7% to 65.1% for SUS-HEU, and from 31% to 44.5% for DDPG. In AC-DSOS, since
the delivery-completed users are deleted during the learning process, the size of the action space will
continuously decrease. This improves the searching efficiency and quality, and reduces the growth rate
of the gap as K increases, from 11.1% (K = 5)to 16.7% (K = 7).

Fig. [3.6] compares the computational time with respect to /. The computational time is accounted
as the elapsed time of producing an optimized solution per frame. In GSS-HEU, ALT-HEU and OPT, the
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computational time grows exponentially with K, whereas the proposed AC-DSOS along with DDPG,
PPO and SUS-HEU maintain at the millisecond magnitude and insensitive to K. In average, AC-DSOS
saves 99.23%, 92.86%, and 89.98% computational time compared to OPT, GSS-HEU, and ALT-HEU,
respectively. This is due to the fact that DRL can provide online decisions based on the current environ-
ment state instead of solving the optimization problem directly. PPO consumes 14.55% more compu-
tational time than AC-DSOS since calculating the gradient for a complex loss function consumes extra
time. The computational time of AC-DSOS is slightly lower than DDPG and SUS-HEU. However, by
recalling Fig. AC-DSOS saves 24.84%, 29.94%, and 52.51% energy compared with PPO, DDPG,
and SUS-HEU, respectively. In addition, we can observe that the computational time of GSS-HEU and
OPT exceeds 1s when K = 9 and K = 7, respectively, which is impractical in the scenarios with strict
delay requirements. For AC-DSOS, the result remains at the millisecond-level, even if the number of
users increases from 5 to 9.

Fig. demonstrates the total energy consumption with respect to 75,45, and Fig. [3.8]illustrates the
communication energy and hovering energy separately. From Fig. AC-DSOS outperforms DDPG
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and PPO by saving 21.37% and 18.45% total energy on average. The average gap between GSS-HEU and
the optimal solution is 8.91% smaller than that of AC-DSOS, but, from Fig. 3.6, GSS-HEU consumes
nearly 126 times higher calculation time than AC-DSOS at T},,,, = 160. The energy-saving performance
of SUS-HEU is worse than other algorithms and its gap to the optimum reaches 59.44%. Fig. also
shows that, as 7},,4, increases, the objective energy rapidly decreases first then grows steadily. This can
be explained via Fig. B.8] The objective energy consists of the communication energy and hovering
energy. From Fig. [3.8] the communication energy drops rapidly when 75,4, < 140, and becomes stable
after 1,4 > 180. Whereas, the hovering energy increases linearly with 7}, for all the algorithms.
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Feasibility and Convergence Performance

Fig. 3.9 verifies the capability of the proposed reward function in dealing with feasibility issues, where
a feasible solution is obtained only if the ratio of delivered demand over total demand in y-axis achieves
100%. From Fig. [3.9] the reward functions used in Eq. (3.38) and Eq. (3.39) fail to guarantee the
feasibility of the solution. For the re-designed reward, we evaluate the performance by setting € to 1, 1.2,
and 1.5. A small € means that transmitting more data can bring more rewards gain than saving energy.
When € drops below 1.2, the feasibility issue can be solved. Fig. shows the objective energy with
different €. It can be found that a smaller ¢ leads to more energy consumption. Thus, an appropriate
parameter € lies at 1.2, enabling the after-learned solution to guarantee the demands while consuming
less energy.
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Figure 3.9: Feasibility vs. learning episode.
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Figure 3.10: Energy vs. learning episode.

Fig. [3.T1] demonstrates the convergence of AC-DSOS with different actor’s learning rate a,. The
x-axis is the learning episode and the y-axis is the received accumulative reward R,,, in the m-th episode.
We define that the AC-DSOS algorithm converges if there exist R and a sufficiently large integer mop,
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such that |R,, — R\ < ¢ for all m > mon, Where ¢ is a positive tolerance. From we can observe
that when the learning rate o, = 0.001 and «, = 0.003, the curves converge around 80 episodes. As
o increases to o, = 0.005, the curve fluctuates due to the large update step. Taking the actor as an
example, the learning rate for the critic o, has the same tendency. In conclusion, the learning rates of
the actor and critic are sensitive to the convergence, and need to be properly selected, e.g., 0.003 for the

actor.
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Figure 3.11: Rewards vs. learning episode.

Fig. [3.12]compares the policy with reduced action space and fixed action space in convergence speed
and reward evolution. AC-DSOS with reduced action space converges around 60 episodes, against 250
episodes in AC-DSOS with fixed action space, and achieves 8.33% higher reward value than the other
in average. In addition, we can observe that, with the fixed-large action space, the agent is likely to get
stuck in local points, which can result in more time in exploration to escape from the points, referring to
the red curve’s step-like effect at the 100-200 episodes. Overall, the policy with the reduced action space
is effective in improving learning efficiency and reward quality.

AC-DSOS with fixed action space
AC-DSOS with reduced action space

50 I I I I I I I
0 100 200 300 400 500 600 700 800

Learning episode

Figure 3.12: Rewards in AC-DSOS with fixed and reduced action space.
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Performance Comparison in Dynamic Environments

In Fig. we evaluate the capability of AC-DSOS in adapting network dynamics. Unlike previous
static scenarios, we consider a dynamic scenario, where users request diverse amounts of data, and their
arrival/departure in each cluster are varying over time by following the Poisson distribution. Starting
from the 200-th episode, we assume that the entry/leave event happens every 100 episodes. For example,
at the 200-th episode, some new users join the clusters and request date services. As a consequence, more
energy is consumed (see the optimal energy consumption in OPT). In DDPG and AC-DSOS, the agents
need time to learn and train to adapt to the new users due to the lack of their prior/historical knowledge.
Both algorithms, therefore, undergo an adjusting period to converge to adapt to the environment change.

From the results, AC-DSOS demonstrates two advantages compared to DDPG. Firstly, AC-DSOS
converges faster than DDPG. AC-DSOS is able to converge within 60 episodes such that it is more timely
and adaptive to handle the periodically-changed network. Such improved computational efficiency and
convergence are benefited by the developed action-space-reduction and policy-quantification approaches.
In contrast, DDPG leads to a worse case. That is, the algorithm has not been converged to react to the first
environment change but the second has arrived. As a result, DDPG is not able to converge. Secondly,
compared to the performance in static cases, e.g., Fig. [3.5] the average gap in energy consumption
between AC-DSOS and OPT remains stable, within 20%, whereas the performance of DDPG fluctuates
dramatically.
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Figure 3.13: Energy comparison in a scenario with dynamic user arrival and departure.

3.7 Conclusion

In this chapter, we have investigated an energy minimization problem for UAV-aided communication
systems from the perspective of AC-DRL. The formulated problem is combinatorial and non-convex.
We provided an optimal method and proposed a GSS-based heuristic algorithm to solve the problem
and serve as benchmarks. To make the solutions adaptive to online operations, we propose an AC-
DSOS algorithm. Different from previous AC-DRL methods, the proposed AC-DSOS is able to deal
with the huge discrete action space and guarantee feasibility. Numerical results have shown that AC-
DSOS provides a good trade-off between energy efficiency and computational efficiency. Furthermore,
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the re-designed reward function is effective to deal with the feasibility issue.

As a future extension, the proposed AC-DSOS can be further extended to adapt multi-UAV/multi-
agent scenarios in two possible ways, i.e., distributed AC-DSOS and hybrid centralized-distributed AC-
DSOS. For the former, a decentralized AC-DSOS is applied to each UAV/agent individually in a dis-
tributed multi-UAV system. Each agent learns its own value function network and strategy network
without considering the mutual influence of other agents. For the latter, AC-DSOS is extended to enable
centralized training and decentralized execution, where AC-DSOS is to use the global Q-value for each
agent to update the local policy.
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Chapter

Centralized Learning: Dynamic-Adaptive
Scheduling with Meta Learning

4.1 Introduction

In beyond 5G networks (B5G), the massive number of connected users and their increasing demands for
high-data-rate services can lead to overloading of terrestrial base stations (BSs), which in turn results in
degraded user experience, e.g., longer delay in requesting data services or lower data rate [125]. In order
to improve the network performance and user experience, the integration of satellites, e.g., low earth orbit
(LEO) satellites, and terrestrial systems is considered as a promising solution to provide cost-efficient
data services [36]]. The solutions for terrestrial network optimization and resource management might not
be suitable for direct application to integrated satellite-terrestrial systems [37]. In the literature, tailored
schemes have been investigated to improve the networks’ performance. In [38], the authors proposed
a user scheduling scheme to maximize the sum-rate and the number of accessed users by utilizing the
LEO-based backhaul. In [[126], a joint power allocation and user scheduling scheme was proposed
to maximize the network throughput in hierarchical LEO systems with the constraint of transmission
delay. In [[127], the authors developed a joint resource block allocation and power allocation algorithm to
maximize the total transmission rate for LEO systems. It is worth noting that the resource optimization
problems in LEO-terrestrial networks are typically combinatorial and non-convex. The conventional
iterative optimization methods, e.g., in [38} [126, [127]], are unaffordable for real-time operations due to
their high computational complexity.

4.1.1 Related Works: State-of-the-art and Limitations

Towards an efficient solution, various learning techniques have been studied. Compared to supervised
learning, reinforcement learning (RL) learns the optimal policy from observed samples without preparing
labeled data. As one of the promising RL methods, deep reinforcement learning (DRL) adopts deep
neural networks (DNNs) for parameterization and rapid decision making. Recent works have applied
RL/DRL for resource management in LEO-terrestrial systems [[128], (129, [130]. In [128]], to maximize
the achievable rate in LEO-assisted relay networks, a DQN-based algorithm was proposed to make the
online decisions for link association. The authors in [129] adopted multi-agent reinforcement learning
to minimize the average number of handovers and improve the efficiency of channel utilization for LEO
satellite systems. In [[130]], the authors applied an actor-critic (AC) algorithm to LEO resource allocation,
such as beam allocation and power control. The above RL algorithms in practical LEO systems are
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limited by the following issue. That is, the performance of a learning model largely depends on the
data originated from the experienced samples or the observed environment, but the wireless environment
is highly complex and dynamic. When network parameters vary dramatically, the performance of the
learning models can be degraded. To remedy this, one has to re-collect a large number of training data
and re-train the learning models, which is time-consuming and inefficient to adapt to fast variations [43]).

To address this issue, a variety of studies focus on how to make the learning models quickly respond
to dynamic environments. Transfer learning applies the knowledge acquired from a source learning task
to a target learning task to speed up the re-training process and reduce the volume of the collected new
data sets [131]]. The performance of transfer learning is limited by finding correlated tasks. Another
approach, joint learning, aims at obtaining a single model that can be adapted to dynamic environments
by optimizing the loss function over multiple tasks [132]]. Besides, continual learning can also accel-
erate the adaptation to the new learning task by adding the experienced data from the previous tasks
to the re-training data set, thus avoiding completely forgetting previously learned models [[133]]. Joint
learning and continual learning might have good learning performance on average but have limited gen-
eralization abilities when different tasks are highly diversified [[134]. In contrast, meta-learning extracts
meta-knowledge and achieves good performance for specific tasks without requiring the related source
tasks. The authors in [[135] proposed a model-agnostic meta-learning algorithm (MAML) to obtain the
model’s initial parameters as meta-knowledge to quickly adapt to new tasks. In [136], an algorithm
combining actor-critic with MAML (AC-MAML) was developed to learn a new task from fewer expe-
rience data sets. In [137]], the authors proposed a promising meta-critic learning framework with better
performance than conventional AC and AC-MAML. In [138], a meta-learning-based adaptive sensing
algorithm was proposed, which determines the next most informative sensing location in wireless sensor
networks. In [139], meta-learning was applied to find a common initialization vector that enables fast
training of an autoencoder for the fading channels. Most of the meta-learning methods were applied in
the areas of pattern recognition [[135], robotics [[136, [137]], and physical layer communications [139].
The considered learning tasks in these works are simple and the action space is small, e.g., [[138} [139].
However, when the learning techniques, e.g., DRL, AC-MAML, or meta-critic learning, are applied to
address combinatorial optimization problems in a dynamic LEO-terrestrial network, the action space can
be huge and the input-output relationships can become more complex. These may degrade the efficiency
of the above learning methods.

4.1.2 Motivations and Contributions

Moving beyond the state-of-the-art, this chapter intends to address the following questions:

* Which learning technique can lead to higher performance gain in addressing resource management
problems for dynamic LEO-terrestrial networks?

* How to deal with the huge action space and improve the learning efficiency?
* How to make the learning solutions more adaptive to dynamic environments?

In this study, we design an enhanced meta-critic learning algorithm (EMCL) for dynamic LEO-
terrestrial systems. To the best of our knowledge, this is arguably the first work to present meta-critic
learning to address resource scheduling problems and emphasize the adaptation to non-ideal dynamic
environments. The major contributions are summarized as follows:

* We design a tailored metric for over-loaded LEO systems with dense user distribution, aiming at
serving more users and delivering a higher volume of requested data.
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* We formulate the resource scheduling problem as a quadratic integer programming (QIP) and pro-
vide two offline optimization-based benchmarks, i.e., optimal branch and bound (B&B) algorithm
and suboptimal alternating direction method of multipliers-based heuristic algorithm (ADMM-
HEU).

* Due to the combinatorial nature and the high complexity of the offline solutions, we solve the
problem from the perspective of DRL by reformulating a Markov decision process (MDP) to make
online decisions with the identical objective as the original problem.

* To enhance the adaptation to dynamic environments, we propose an EMCL algorithm based on
the meta-critic framework. Compared to the conventional meta-learning, the novelty stems from
that 1) the critic has a good generalization ability to evaluate any new task such that the learn-
ing agent can adjust the policy timely when the environment changes; 2) the tailored design of a
hybrid neural network extracts the features from the current and historical samples; 3) the inte-
grated Wolpertinger policy allows the actor to make decisions more efficiently in an exponentially
increasing action space.

* To identify a promising solution, we evaluate the proposed EMCL with other benchmarks in three
practical dynamic scenarios, i.e., bursty user demands, dramatically fluctuated channel states, and
user departure/arrival. The numerical results verify EMCL’s effectiveness and fast-response capa-
bilities in adapting to dynamic environments.

The rest of the chapter is organized as follows. The system model is presented in Section [4.2] We
formulate a resource scheduling problem and develop optimal and suboptimal solutions for performance
benchmarks in Section4.3] In Section 4.4} we model the problem as an MDP and develop an EMCL al-
gorithm. Numerical results are demonstrated and analyzed in Section[d.5] Finally, Section4.6]concludes
the chapter.

4.2 System Model and Problem Formulation

4.2.1 LEO-Terrestrial Network

In practice, terrestrial BSs can become over-loaded and congested. This common issue has received
considerable attention from the academia, industry, and standardization bodies, e.g., 3GPP Release 17
[140]. In this work, we address this challenging issue via developing satellite-aided solutions. As shown
in Fig. the BSs with limited resources might not be able to serve all the users and deliver all the
requested data demands within a required transmission or queuing delay. To relieve the burden of the
terrestrial BSs, LEO satellites are introduced to offload traffic from BSs or provide backhauling ser-
vices. The LEO employs a transparent payload. For the spectrum usage, the system keeps consistent
with currently deployed space and ground systems. That is, the LEO satellites operate at the Ka-band
to provide broadband services to advanced terminals, e.g., equipped with very small aperture terminals
(VSAT), while the 5G terrestrial system adopts sub-6GHz at the C-band to serve normal mobile devices,
e.g., smartphones [[141]. The co-existence of the C-band or Ka-band between terrestrial and satellite seg-
ments can introduce extra co-channel interference and thus require more sophisticated anti-interference
approaches, which is out of the scope of this work.

We consider two types of mobile terminals (MTs) in the system. The first type is the normal cellular
terminals, e.g., cell phones, that can be served by BSs or terrestrial-satellite terminals (TSTs), but cannot
be served by LEO due to the size limitation of dish antennas. The other is the dual-mode terminals,
e.g., vehicular terminals, which are equipped with a 3GPP terrestrial-non-terrestrial network (TN-NTN)
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Figure 4.1: An illustrative LEO-terrestrial communication system

compliant dual-mode that can be either served by LEO via Ka-band (in rural areas) or by BS/TST through
C-band (in urban areas) [[142]. Compared to BS, TST is a small-size terminal that acts as a flexible and
cost-saving access point, e.g., Starlink ground terminals. A TST can receive backhauling services from
LEO over Ka-band and transmit data to MTs over C-band [38]]. The terrestrial BSs can request data from
the core network through optical fiber links or from the LEO satellites through the BS-LEO link.

We remark that Fig. [1.T] can be extended to a large-scale network with a massive number of MTs.
Specifically, an MT in Fig. f.T|can represent a cluster of densely-deployed devices. Due to the proximity,
the channel states of the devices within a cluster can be assumed identical. When a cluster is scheduled,
all the devices within the cluster will be scheduled by the TDMA (or FDMA) mode to avoid intra-cluster
interference.

We denote S, B, M and L as the set of TSTs, BEs, MTs, and LEOs, respectively, where M is
the union of set M (all the cellphone MTs) and M (all the dual-mode MTs). Thus, the union of
receivers, i.e., ground devices (GDs), can be expressed as X = SUBUM = {1,...,k, ..., K}, where
K = |S|+|B|+|M]|. Similarly, the union of transmitters is written by N' = SUBUL = {1, ...,n,..., N},
where N = |S| + |B| + |£|. We assume that the transmission tasks are delay-sensitive and to be
completed within 7" time slots. The time domain is divided by time slots, i.e., 7 = {1, ...,¢,...,T}. In
data transmission, each transmitter n serves a GD in unicast mode, i.e., no joint transmission and no
multi-cast transmission. Within a time slot, multiple transmitter-GD links can be activated, forming a
link group. We denote G = {1, ..., g, ..., G} as a set by enumerating all the valid link groups.

To coordinate the link scheduling between terrestrial and satellite parts, a centralized controller is
deployed in the system [143]]. With the centralized controller, the information from the ground and
satellite can be collected and exchanged, which facilitates the coordination of scheduling different types
of links. In addition, efficient synchronization approaches can be implemented on the transmitters and
receivers to guarantee that the resource scheduling updates are performed accurately in LEO satellite
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systems [144]).

4.2.2 Channel Modeling

We consider time-varying channels for both satellite and terrestrial communication. At time slot ¢, the
channel state between receiver k and transmitter n can be modeled as:

leo

G -Gl GB neN\L,

ter

G(T)~ (C) . A(R) L
k,,n,t—{ Chne G neL, (4.1)

where Ggo) and Gg) are the transmit antenna gain of LEO and terrestrial BS/TST, respectively. We
assume that all the GDs are equipped with a single receiving antenna, so that their receive antenna gains
G are uniform. G Jn ¢ TEPTESENLS the channel fading between transmitter n and GD k at time slot
t. For LEO-to-GD channel, a widely used channel fading model in [38, [127} [145] is adopted, which

includes free-space path loss, pitch angle fading, atmosphere fading, and Rician small-scale fading:

2
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where c is the speed of light, dy, ,, ; is the propagation distance between LEO and the terminals, fic, is
the carrier frequency of LEO, G,(cpn) is the pitch angle fading gain, and ¢ is the Rician fading gain. The
atmospheric fading gain A(Q2) is the function of the angle 2, where sin§2 = H/d}, ,;, and H is the

altitude of LEO.
A(Q) = 10(wsia), (4.3)

where x, in dB/km, is the attenuation through the clouds and rain. In downlink transmission, we
assume that Doppler shift caused by the high mobility of LEO can be perfectly pre(post)-compensated
in the gateway based on the predictable satellite motion and speed [146]. For terrestrial channels, i.e.,
TST/BS-to-MT, G;iit consists of the path loss and Rayleigh small-scale fading [[147]], which is given
by:

2
(©) c
(e N\ 4.4
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where fi, is the carrier frequency of TST/BS and ¢ is the Rayleigh fading factor.

Based on the adopted channel fading models and (4.4), we further model the time-varying
channel as the first state Markov channel (FSMC) to capture the time-correlation characteristics and
conduct mathematically tractable analysis [113]. We discretize each channel state hy, 5, ; into L levels,
H = {hi, ..., hr}, and the transition probability matrix is defined as:

Py - P
P=| : - i, (4.5)
Ppi -+ Prp
where an element P, ; can be written as:
Py = Prob [hg 1=l |k ng=Mi] , Tu, e € H. (4.0)
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That is, at a given time slot ¢, if hy, , ; = hy, P, refers to the probability of channel state at the next time
slot hy p, ¢+1 transiting from h; to hy.

4.2.3 Optimization Problem

We formulate a resource scheduling problem for the considered over-loaded LEO-5G systems. We use
binary indicators oy, 5, 4 to represent the activated links in group g, where ay, , ; = 1 if the transmitter-
GD link (n, k) is included in group g and will be activated when group ¢ is scheduled, otherwise, 0. We
remark that only valid links, i.e., satisfying the following constraints, can form a link group.

Qg =0, Vb € K\M,Vn e N\L,Vg € G, 4.7)
Qg =0, Vk € My, Vne L, Vgeg, (4.8)
ZneN Qg <1, VE € K,Yg € G, (4.9)
ZkeK kg <1, Yn €N, Vg eQG. (4.10)

and @I) exclude certain types of links, i.e., BS-BS, TST-TST, BS-TST, TST-BS, and LEO-
cellphone. means that each GD k in group g receives data from at most one transmitter, and
(4.10) represents each transmitter n in group g serves no more than one GD. For example, consider a
simple system with 1 LEO, 1 TST, 1 BS, and 2 MTs (an MT1 in M, and an MT2 in M5). There are
four possible receivers, i.e., TST, BS, MT1, and MT2, indexed by K = {1,2, 3,4}, respectively, and
three possible transmitters, i.e., TST, BS, and LEO, indexed by ' = {1, 2, 3}. Filtered by (7)-(8), all the
valid links (n, k) are (1,3) (TST to MT1), (1,4) (TST to MT2), (2, 3) (BS to MT1), (2,4) (BS to MT2),
(3,1) (LEO to TST), (3,2) (LEO to BS), and (3,4) (LEO to MT2). Confined by (9)-(10), a combination
of the above links can be a valid group g, e.g, a group {(3,4), (1,3)} contains two links. Enumerating
all the valid groups forms set G = {{(1,3), (2,4)},{(1,3),(3,4)},......,{(1,3),(2,4), (3,1) } }, which is
served as the input set for decision making.

Confined by and (#.8)), the SINR and the volume of transmitted data of GD k in group g at time

slot ¢ are expressed in (#.11)) and (.12)), respectively.

~ > ner e t Ok, gPhg n ZnGJ\/\E Pkt Qe g Pk g @110
kgt = , .
ZJ'eIC\/’c > ner Mint®n,gPrg + 02 ZjelC\lc ZnEN\C Rjn,tCin,gPh,g + 0
and
Ry gt = ®Brglogy(1 + Yrg,t), (4.12)

where py, 4 is the transmit power to GD k in group g and ® is the duration of each time slot. We denote
B¢, and By, are the fixed bandwidth for LEO and BS/TST, respectively, such that the used bandwidth
By, 4 for GD k in group g can be calculated by Bieo Y, Qknyg + Brer EnEN\E Qg We define the
decision variables as x = [21 1, ..., Zg ¢, ..., TG 1] Where

S 1, if group g is scheduled at time slot ¢,
9171 0, otherwise.

In a practical over-loaded scenario, not all the terminals can be timely served and their actual demands
may not be fully delivered in time due to massive access requests competing for limited resources. Under
this undesirable scenario, the optimization task may shift from “serving all the terminals and satisfying
all the demands” to “serving as many terminals (and their demands) as possible”. On this basis, we
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denote Dy, and D,’f(< Dy,) as the actual demand (in bits) and the threshold, respectively. In the objective
design, we consider a composite utility function in (4.13)), and define that GD k is served, i.e., fx(x) = 1,
when a threshold Di; is satisfied.

fe(x) =1 { 3> Rigewgs— Di | | (4.13)

teT geg

1, iftg>0
0, if<0
since the system may not be able to satisfy the actual demand considering the over-loaded scenario wit
densely deployed users. We convert the non-linear function fx(x) to a linear function by introducing
auxiliary variables y = [y1, ..., Yk, ..., Yx| and linear constrains , where yr = fr(x). The opti-
mization problem is formulated as:

where 1(-) is an indicator function such that 1(8) = { . We set a threshold D, in (4.13

2

2
P1: min f(x,y) =no (Z Yk — K) ) e [ DD Regazgs — Dy (4.14a)

Tg,t,Yk

kek kek teT geg
stk — gt <V (1 — g1 Y akﬁn,g> ,VkeK,VgeG,vteT, (4.14b)
neN
Y wg <1, VEET, (4.14c¢)
geg
Diyk <D Rigetigs, Yk € K, (4.14d)
teT geg
zgy € {0,1}, Vg G, VL €T, (4.14e)
yr € {0,1}, Vk € K, (4.14f)

where 7, is the SINR threshold of GD k, V is a positive sufficiently large value, and 7y, ..., nx are
the weight factors. Considering the users’ fairness and resource utilization in an over-loaded system, we
design a tailored utility function consisting of two components. The first term encourages to serve
more users and meet their minimum requirement ;. since satisfying low-traffic users are more likely
to have rewards in the objective. The second term aims at minimizing the supply-demand gap such that
the scheduler tends to serve the users with higher demand Dj, or higher weights ny, (k = 1, ..., K). The
priority or importance of the two parts can be adjusted by pre-defined weight values according to different
scenarios. For example, when a large number of delay-sensitive and low-traffic users enter the network,
the scheduler may give more priority by increasing 7o to serve this type of users as many as possible,
while the delay-tolerate services with high data demand may have lower priority (with decreased 7)) in
this scheduling cycle.

* The constraints represent the SINR requirement in practical satellite and 5G systems. If
GD £ in group g is scheduled at time slot ¢, i.e., Tyt Y s Qkn,g = 1, the SINR of GD £ should
be higher than the threshold 7 to guarantee the link quality. This also implies that scheduling
many links with strong co-channel interference may not be a wise option in the optimal solution.
The setting of 7y, refers to the standard of DVB-S2X [[148] and 3GPP Release 16 [149].

* The constraints (4.14c) represent no more than one group can be scheduled in a time slot.
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* In constraints (4.14d), we define that if GD k is served, i.e., yr = 1, the received data should be
larger than D).

4.3 Characterization on Solution Development

In this section, we propose an optimal method and a heuristic approach as the offline benchmarks
for small-medium and large-scale instances, respectively. In addition, we outline conventional online-
learning solutions and their limitations.

4.3.1 The Proposed Optimal and Sub-optimal Solutions

Towards the optimum of P1, we first identify the convexity of P1 when the binary variables are relaxed.
Lemma 3. The relaxation problem of P1 is convex.

Proof. See Appendix [6.6] O

Based on Lemma 3| we conclude that P1 is an integer convex optimization problem. The optimum
can be obtained by B&B that solves a convex relaxation problem at each node, with the complexity
O(26*T+K) [150]. Although the complexity increases exponentially, the B&B-based approach can
provide a performance benchmark at least for small-medium instances.

To reduce the complexity in solving the large-scale problems, we develop a suboptimal algorithm.
We observe that P1 has a variable-splitting structure, which motivates the development of ADMM based
approaches [151]]. The algorithm is summarized in Alg. [3] first solving the convex relaxation problem
of P1 based on ADMM (in lines 2-8), followed by a rounding operation (in lines 9-13). In ADMM, we
divide the relaxed variables into 7' 4 1 blocks X1, ..., X7, y, where X; = [Z14, ..., £, and introduce
auxiliary variables z = [z1, ..., zx |, where

2 =Dif — Y Y Rigudgs vk € K. (4.15)
gegGteT

The inequality constraints (4.14d) are replaced by:
2z <0, Vk e K. (4.16)
The augmented Lagrangian function is expressed as:

L()A(b ) &Ta 5’7 z, )‘)

=f(x9)+ Z Ak | 26 — Dk + Z Z Ry g,tTg,t

ke geGteT

P N SN2
5 D ok = Dii+ DY Brgaigrl®, (4.17)
ke geG teT

where p > 0 is the penalty parameter and A = [Aq, ..., \x| are the lagrangian multipliers. We define
Iizer as the total number of iterations of the algorithm. In each iteration ¢, ADMM update each variable

62



Centralized Learning: Dynamic-Adaptive Scheduling with Meta Learning

Algorithm 5 ADMM-HEU
Inputs: Dy, D} and Ry, ¢.
1: Relax P1 to a continuous problem P1’.
2: Initialize %9, y°, 2% A% and i = 0.
3: fori =0, ..., Ij;er do
4:  Update X4,y and z by Eq. (4.18), (4.19) and (4.20).

)\;':1 — )\}; +p <z,’C — DZQ;C +> > Rk,g,tiéi)'

5:
geGteT

6: end for
7: Obtain relaxed solution Z ;.
8: fort € T do
9:  Find g = argmax{&1, ..., g}

geg
10:  Set :J:Zu =landzy, =0, Vg # gt
11: end for

12: Calculate y; based on Eq. (4.13).
Outputs: z, and y;,

block as follows (in line 5) and update multipliers (in line 6):

)Acfrl = argmin L(X}, ..., %%, y%, 2", X)), Vt € T, (4.18)
Xt EXy

vy = argmin L(X¢, ..., %5, y%, 28, AY), (4.19)
yey

2z = argmin L(X4, ..., %5, 3%, 28, A7), (4.20)
z€Z

where X; = {x;|[@.14b), @.14c), @.14d)}, Y = {y|0 < yx < 1} and Z = {z|z; < 0}. When ADMM
terminates, the continuous solution %, ; is obtained in line 8. The rounding process is then carried out
in lines 10-13 to convert the largest 4 ; in each time slot to 1 (selecting the most promising group g for
each t) and keep others 0.

The developed ADMM-HEU can provide sub-optimal benchmarks within an acceptable time span,
since the subproblems in ({#.T8)-(.20) can be solved in a parallel manner and with a smaller size than
the original problem. However, ADMM-HEU requires O(1/¢2) iterations to achieve e-optimality, where
€ is set as T(T#Jr?)) [152]. At each iteration, we can solve the T' + 2 variable blocks by B&B with the time
complexity of O(T - 2¢ + 2 - 2K). Thus, the total complexity is given by O(T? - 2¢ + T* . 2K), which
might not sufficient for fast adaptation to network variations.

4.3.2 Conventional Online-Learning Solutions and Limitations

To enable an intelligent and online solution, we address the problem from an RL perspective. Firstly,
we briefly introduce actor-critic and meta-critic learning approaches as a basis to present the proposed
EMCL. AC is an RL algorithm that takes advantage of both value-based methods, e.g., Q-learning, and
policy-based methods, e.g., REINFORCE, with fast convergent properties and the capability to deal with
continuous action spaces [[153]. The learning agent in AC contains two components, where the actor
is responsible for making decisions while the critic is used for evaluating the decisions by the value
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functions. Specifically, at each learning step lﬂ, the actor takes action based on a stochastic policy, i.e.,
a; ~ 7(als;), where 7(a|s;) is the probability of taking an action under state sy, typically following the
Gaussian distribution [121]]. The critic is to generate a Q-value function Q(s;, a;) = Ex[7¢|s¢, at], where
7 is the accumulated reward at step ¢, and E.[] is the expected value of (5 over the policy 7. The goal
of the learning agent is to find a policy to maximize the expected accumulated reward (or Q-value).

1.0
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Figure 4.2: Evolution of loss over time-varying demands.

A critical issue in conventional learning approaches, including AC, is that the performance of a
learning model largely depends on the adopted training or observed data sets. To illustrate the dynamic
environment and its impacts, we consider two types of environmental changes. The first is “foreseen
variations”. A typical example is a time-varying channel with certain time correlation and statistical
characteristics. In this case, a general machine learning algorithm can capture the regular patterns to
resolve the mapping from the environment to the desired decision variables. The second is “unforeseen
variations”, which is much more challenging to address. These changes are usually unexpected and in-
clined to break the statistical distribution of the original environment. The practical LEO-5G systems are
highly complex and dynamic, such as fast and dramatic variations in channel states, user demands, user
arrival/departure, and network topologies. This typically causes that the new inputs are no longer rele-
vant to the statistical properties of the historical data [154]. As a consequence, the scheduling decisions
made from the previous learning model can become invalid and the model may need to be re-trained to
adapt to the new environment.

To illustrate this impact, we use Fig. as an example, to depict a typical evolution of AC’s loss
value over time-varying demands. From O to 100 time slots, the demand is time-varying but follows
historical statistical properties, e.g., fluctuating within a certain range or following a certain distribution,
leading to a well-adapted AC with low and stable loss values. When a surged demand is generated at the
100-th time slot, the new input deviates from the statistics. The AC model becomes inapplicable to the
new environment, evidenced by the rapidly deteriorating loss values. When the agent in AC consumes
a considerable amount of time in new data collection and re-training, the performance can return to the
previous level.

To address this issue of “unforeseen change”, meta-critic-based approaches become an emerging
technique that takes advantage of a variety of previously observed tasks to infer the meta-knowledge,

'In this chapter, a learning step corresponds to a time slot.
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such that a new learning task can be quickly trained with few observations [[135]. Meta-critic learning
combines meta-learning with an AC framework to enhance the generalization ability. However, conven-
tional meta-critic learning is not effective in dealing with the large discrete space in P1. In addition,
there is no uniform standard to parameterize the learning model and extract meta-knowledge in dynamic
environments. Thus, we propose an EMCL algorithm to enable an efficient dynamic-adaptive solution.

4.4 The Proposed EMCL Algorithm

In this section, we elaborate the proposed EMCL algorithm, firstly starting from outlining the EMCL
framework, then detailing the tailored design.

44.1 EMCL Framework

MDP Reformulation

First, we reformulate the original problem P1 as an MDP by defining action, state and reward.

* As the actor is to select a group from set G at each time slot ¢, the action is defined as an assigned
link group,

a=g€eq. 4.21)

* The state consists of the channel coefficients Ay, ,, ;, modeled as FSMC with the transition probabil-
ity defined in (4.6)), and the delivered data for user & up to time slot ¢, where by, ; = bg¢— 1+ Ry, ¢-

se ={hi1t, s RN b1t s Dt} (4.22)

All possible states are included in the state space S. The next state only depends on the current
state and action but is irrelevant to the past, which means the state transition from sy to s54; follows
the Markov property [57].

» The reward is closely related to the objective of P1. We define the reward as (4.23)).

K
re= m(AL, 1 — ALY, (4.23)
k=0

K
> 1(bks— D)) —K, k=0,
k=1

bk’,t — Dy, k 7£ 0.
given by 7 = S 1_, 4 “try, where € [0, 1] is a discounted factor.

where Ay, = Then, the accumulated reward at step ¢ is

Under the designed MDP, we verify the consistency between the goals of the RL algorithm and the
original optimization problem such that the policy provided by the learning agent can minimize the
objective in P1.

Lemma 4. When v = 1, the objective of the learning agent is equivalent to that of the optimization
problem P1.

Proof. See Appendix O
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Figure 4.3: The proposed EMCL framework.

Meta Critic and Task-Specific Actor

As shown in Fig. we design a hierarchical structure in EMCL containing a meta criti and multiple
actors. Meta-learning uses data from previously observed multiple tasks, J M., D, to infer a “meta-
knowledge” with good generalization ability and accelerate the training for a new task. In the proposed
EMCL, the “meta-knowledge” is the meta critic which can evaluate the task with a Q-value, like the role
of the critic in traditional AC, and possesses a strong generalization ability to guide any task-specific
actor to provide a policy.

At time step ¢, sgi), agi), and r,gi) represent the state, action, and reward for task ¢, respectively. An

episode D) = {s&i), oD p® ey sgf), ag), rgf)} can be sampled from the first step to the terminal step 7.

171
We denote D[(Qw as a segment of DO from step u to w, i.e., D[(:Zw] = {sg), aq(f') , rq(f), - sg), ag), rg)}.
Since the explicit meta critic and actors are difficult to obtain, we adopt the function approximation
method. The meta critic is parameterized as a neural network (NN) with the weights w, i.e., Q(sgi), agi),
D[(ﬁﬂ t71]5“’)' We note that, in addition to sgi) and afti), the input includes the most recent ¢ samples

D[(Z)_g ;_1)- Each task-specific actor is modeled as an NN w(a\sgi); 6)) with the weights ().

To optimize the weights, we minimize the loss functions by gradient descend. The loss function of

*In this chapter, “meta-critic learning” refers to an algorithm that combines AC and meta-learning while “meta critic” refers
to the critic in the framework.

66



Centralized Learning: Dynamic-Adaptive Scheduling with Meta Learning

the meta critic L(w) is defined as the average temporal difference (TD) error over all tasks:

1 ) (i i i) (i 2
_j Z Eﬂ'(@(”i)) |:( SEJZD a’zg,+)17 D[(t)7{+lvt} ; ) — Tt — ’YQ(St , @ D[(t)ff,tfl] ; UJ) ) (424)
=1

where the TD error reflects the similarity between the estimated Q-value and actual Q-value. For the
task-specific actor, the loss function .J(6()) is the negative Q-value:

JOD) = E g0y |—Q(st”, aff )7D[(ti)—f,t—1};w)} ) (4.25)

such that minimizing J (G(i)) is equivalent to maximizing the expected accumulated reward. The update
rules are given by:

w1 =wi — pVL(w), (4.26)
0\, =01 — pV g, J(8). (4.27)

Based on the fundamental results of the policy gradient theorem [57], the gradients of L(w) and .J(0())
are:

I
1 7 7 7 i
=z § 2L@)Vu (@i a2, DY 4 w) = Qs ) DY sw))] L @28)
VG(i)J(G(i)> = —Q(sgz), ag ),D; w) Ve log 7r(a|s§i); G(i)). (4.29)

Algorithm Summary

We summarize the proposed EMCL in Alg. [6] which includes two phases: the meta training phase
and the online learning phase. For the former, the meta critic is trained over different learning tasks.
At each learning episode, we sample I learning tasks. We obtain the approximated Q-value (in line 6)
and stochastic policy (in line 7) by the approximation functions. The final actions are determined by
the Wolpertinger approach in line 8, which will be elaborated in the following subsection. In line 9, the

@ ()

memory is used to store the experienced learning tuples {st s Si11, Ay rgz)}. At each step, we extract
a batch of tuples from the memory as the training data for updating w and 8 by and li in
line 10 and 12, respectively. In the online learning phase, given a new task, the well-trained meta critic
w* can be directly used to estimate the Q-value and only the actor needs to be re-trained. We note that
the adaptation ability of the meta-learning algorithm depends on the completeness of the tasks provided
in the meta-training phase. In general, it is not practical to collect all the possible environments. As an
alternative, the selected tasks in the meta-training phase should keep the diversity and representativeness
to achieve higher sampling efficiency.

4.4.2 Tailored Designs in EMCL
Parameterization with Hybrid Neural Networks

There is no uniform standard for parameterization in conventional meta-critic learning. Considering
dynamic environments, the distribution of the new input data and the previous observations may deviate.
Towards fast adaptation to the dynamic environment, the critic should be able to identify different tasks,
where the information for task identification can be refined from the experienced data, which usually
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Algorithm 6 EMCL

Inputs: Multiple task samples; initial wy.
1: for each learning episode do

»

Sample [ tasks and initialize wy, 9((]1)7 . 0(()1).
3:  for each learning step ¢ do
4 for each task i do
5 Obtain Q-value by the meta critic in (#.32).
6: Obtain stochastic policy by the actor in {.34).
7 Take actions agl) by the Wolpertinger approach.
8 Store tuples {sgi), sgzl, ay), rgi)} in the memory.
9 Take a batch of data and update 8() by .
10: end for
11: Update w by (4.26).
12:  end for
13: end for
14: output: The well-trained meta critic w™.
Outputs:
15: input: A new task; initial 8y; well-trained meta critic w*.
16: for each learning episode do
17:  for each learning step ¢ do

18: Obtain Q-value by the meta critic in (4.32).

19: Obtain stochastic policy by the actor in (4.34).
20: Take an action a; by the Wolpertinger approach.
21: Store tuples {s¢, st+1, at, ¢} in the memory.

22: Take a batch of data and update 6 by ({.27).
23:  end for

24: end for

Outputs: The optimal actor 8*.

forms time-related series [[137]. The widely used DNN might have limitations in efficiency and in mining
features from time-series data due to massive number of weights and feed-forward structure. In the
proposed EMCL, we design tailored neural networks to enable the meta critic and the actors to fit the
complex nonlinear relationships and extract the meta-knowledge from historical data.

As shown in Fig. {.3] for the meta critic, a hybrid neural network (HNN) combing convolutional
neural network (CNN), long-short term memory (LSTM), and DNN is applied to learn the features from
the current state-action pairs and historical trajectories [79]]. Thereinto, CNN is computation-efficient via
adopting the parameter sharing and pooling operations, and is effective to extract spatial features from
the input data. LSTM, as a type of recurrent neural network, has advantages in extracting features from
time-related sequential data. Thus, in the designed meta critic, the CNN is used to extract a feature from
the current action-state pair sgi), agi) to evaluate the decisions made by the actor. The LSTM is adopted
for task-identification based on the time-series data D[(Z)—ﬂ 1] We denote fenn(X; W), fistm(X; W) and
fdnn(x; W) as the outputs of CNN, LSTM, and DNN, respectively, which are the functions of input x
and weight w. The features output from CNN and LSTM are:

gl :fcnn(sgi)a aﬁ(sl) ) wcnn), (430)
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& =frstm (D)4, 1y @istm)- (431)

Then, we take the features as input and pass them through a fully-connected DNN to obtain the approxi-
mated Q-value:

QW<51(€i)v agi)a ID[(Z),ﬂt,l}; w) = fann (517 &2; wdnn)- (4.32)

For the task-specific actors, we adopt CNN as the approximator which takes the current state as the input
and outputs the mean y and variance 92 of the stochastic policy. We assume the stochastic policy follows
Gaussian distribution N (1, 9?), such that

4,02 = fonn(s;00)), (4.33)
m(alst”;00) = N(pu,92). (4.34)

Action Mapping with the Wolpertinger Policy

The decision variables in P1 are discrete such that we need to map the action from the stochastic policy
to a discrete action space. However, the previous action mapping policies in meta-critic learning are not
efficient since the action space is large for P1. Thus, in EMCL, the Wolpertinger policy is adopted for
faster convergence [[155]].

Following the stochastic policy m, the actor first produces an action a with continuous value, i.e.,

fr:S— A fr(s) =a, (4.35)

where f is a mapping from the state space S to a continuous action space A under the policy 7. As
the real action space G is discrete in P1, the following two conventional approaches can be used for
discretization [57]:

» Simple approach: a* = argmin |a — a|*.
a€g
* Greedy approach: aj = argmax Q(s, a).
a€g
The simple approach is to select the closest integer value to a. This approach may result in a high
probability of deviating from the optimum, especially at the beginning of learning, and further lead
to slow convergence [S7]. The greedy approach optimizes Q-value at each step but the complexity is
proportional to the exponentially increasing space G [S7]]. To achieve a trade-off between the complexity
and learning performance, the Wolpertinger mapping approach is considered.

» Wolpertinger approach: a), = argmax Q(s, a),
aeM*
where M* is a subset of G and contains M nearest neighbors of a. In the Wolpertinger approach, the
final action is determined by selecting the highest-scoring action from M?*. The Wolpertinger mapping
becomes the greedy approach and simple approach when M = |G| and M = 1, respectively, and the
solution of simple approach a} is included in M*.

Lemma 5. We assume M* = {a1,...,an} and

{ Q(s,am) ~ U(Q(s,a3) — £, Q(s, a3) + k), m#m’

Q(s,am) = Q(s,ak), m=m (4.36)
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where U (a, b) refers to uniform distribution and k is a constant, then

M _
E[Q(s,a%)] = Q(s,a?) + # (1 _ W) . 437)

Proof. See Appendix [6.5] O

From Lemma [5 when M > 1, E[Q(s, a},)] > Q(s,a}), which means that the Wolpertinger ap-
proach finds the actions with higher Q-values than the simple approach at each learning step, and a larger
M leads to a higher expected Q-value. In addition, the complexity of the Wolpertinger approach is lower
than the greedy approach as the size of searching space decreases from |G| to |M*|. Thus, for the prob-
lems with huge discrete spaces, the Wolpertinger approach enables fast convergence to the maximum
Q-value with a proper M.

4.4.3 Complexity Analysis for EMCL

For the meta critic, an HNN, composed of CNN, LSTM, and DNN, is employed to estimate the Q-
value. We assume CNN includes V; convolutional layers. We denote oy, Ok, Of, are the num-
ber of convolutional kernels, the spatial size of the kernel, and the spatial size of the output feature
map in the v-th layer, respectively. The stripe of kernel is 1, and the input size is 0,0 = K(N +

1) + 1. The time complexity of CNN is O (Zvvlzl 0071)_191)), where o0, = oimowofc’v [156]. For

the LSTM, we consider V> layers, and denote o;, and o, are the input size and number of mem-
ory cells for layer v, respectively, where 0,0 = m(K (N + 1) + 1). The time complexity is given

by O (Z})/il Oe,v(401p—1 + <U)>, where ¢, = 40c, + 0, + 3 [157]. For the fully-connected DNN,

the time complexity is O (20(1,1 + 233:2 0d,u—10d,v> , where V3 is the number of layers of DNN, og4,
is the input size for layer v [158]]. For the actor, as the stochastic policy is approximated by a CNN,
the time complexity is identical with that of CNN in the meta critic. Overall, the total time com-
plexity of EMCL is calculated by O (T'K(N + 1)L + Lg), where L1 = 01 + 4moc; and Ly =
01+ 06,1(4m + §1) + 20d,1 + Zl‘,/vl:g Oc,v—10v + Zl‘,/ig Oc¢,v (401,11—1 + gv) + ZXSZQ Od,v—10d,v- When
the parameters of the learning model are determined, the complexity increases linearly with P1’s input
size, i.e., K and N.

4.5 Numerical Results

In the simulation, the parameter settings are similar as in [38} [159]]. The adopted parameters for im-
plementing EMCL are summarized in Table #.I] We compare the performance of the proposed EMCL
algorithm with the following five benchmark algorithms:

* OPT: optimal solution (B&B).

ADMM-HEU: suboptimal solution (Alg. 1).

* GRD: a greedy suboptimal algorithm proposed in [[160].

AC-DDPG: a classic AC algorithm with deep deterministic policy gradient proposed in [S8]].

AC-MAML: AC with model-agnostic meta-learning proposed in [136].
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The first three provide benchmarks from an optimization perspective, while the last two compare with
EMCL from a learning perspective. For the AC benchmarks, the actor and critic are parameterized by
two DNNs with the complexity O(T K (N + 1)L3 + Ly4), where L3 and L, are constants, thus keeping
the same magnitude with the proposed EMCL [158]].

Table 4.1: Parameter settings

Total number of GDs in network 500-1000
Number of transmitters 1LEO, 1 BS and 2 TSTs
Time limitation T’ 10 time slots
Duration of time slot ® 0.1s
Altitude of LEO 780 km
Transmit power of LEO 100 W
Transmit power of BS 40 W
Transmit power of TST 2W
Bandwidth for C-band 20 MHz
Bandwidth for Ka-band 400 MHz
Carrier frequency of C-Band 4 GHz
Carrier frequency of Ka-Band 30 GHz
Noise power spectral density -174 dBm/Hz
: 0<m <10
Weights values m+..+ng =1
Parameterized meta critic HNN
Parameterized actor CNN
Distribution of stochastic policy Gaussian
Learning rate 0.001
Batch size 128
Memory size 10,000
Discount factor 0.9
Size of search space 10
in Wolpertinger policy
Environment update interval 200 time slots

Python 3.6 with

Software platform TensorFlow 1.12.0

4.5.1 Capability in Dealing with Dynamic Environments

To verify the capability of the proposed EMCL in dealing with dynamic environments, Fig. {.4}4.6|com-
pare EMCL with AC-MAML and AC-DDPG in three dynamic scenarios. In Fig. we consider the
first scenario with users’ irregular access and departure, which can be disruptive to the typical statistical
properties. For instance, the adopted simulator generates user arrivals by following the Poisson distri-
bution as the normal case, while it also periodically generates abnormal events (every 200 slots) with
randomly large/small number of arrived users. We update the environment information every 200 time
slots. From Fig. .4} both EMCL and AC-MAML are able to converge before each update, but EMCL
saves 28.66% recovery time and reduces 45.42% objective value than AC-MAML, where we define a
recovery time counting from the moment of dramatic performance degradation until the performance
recoveries to the normal level. For AC-DDPG, the convergence performance is inferior to the others,
and fails to converge when updating occurs at the 200-th and 600-th time slot. We remark that the case
of user departure is easier to be adapted. Fewer users in the system reduce the problem dimension, and
thus simplify the learning task, leading to a halved recovery time and flat curves between the 200-th and
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Figure 4.5: Performance in adapting to dynamic scenario 2:
bursty demands.

the 400-th slots in three algorithms. In contrast, it is more difficult to deal with the case of user arrival,
referring to the large fluctuation after the 400-th slot, mainly due to lacking relevant new-user data and
the exponentially increasing dimension. We can observe that EMCL has strong capabilities in adapting
to this difficult case and achieves more performance gains than the other two algorithms.

In Fig. we evaluate the algorithms’ capabilities in adapting to unforeseen dynamic demands.
The simulator generates the volume of users’ requested data by following the uniform distribution as
the normal case. Then, the distribution changes due to the abnormal bursty demands, e.g., switching
from a low-speed voice call to a data-hungry HD video service, or vice versa. In Fig. 4.6] we consider
the channel states can undergo non-ideal large fluctuations, e.g., sharply deteriorated channel conditions
due to the large obstacles or the rain/cloud blocks appearing in the transmission path. Similarly to Fig.
we collect the updated environment information every 200 time slots. From Fig. {f.5]and Fig.
AC-DDPG has poor convergence performance, since AC-DDPG needs to re-train the learning model
from scratch when the environment changes, leading to a slow adaptation, while EMCL and AC-MAML
extract the meta-knowledge from multiple tasks to accelerate the convergence speed. EMCL re-fits the
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Figure 4.6: Performance in adapting to dynamic scenario 3:
unforeseen channel variations.
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learning model in a timely manner than AC-MAML. This is because EMCL uses meta critic to guide the
actor to adjust scheduling schemes more effectively in a dynamic environment, and the designed HNN
and Wolpertinger mapping approach can improve the learning accuracy and efficiency in large discrete
action spaces.

Fig. further summarizes the average recovery time with respect to the numbers of GDs based on
Fig. @.4] In general, the more GDs in the system, the longer the recovery time required to adapt to the
new environment. On average, EMCL saves 29.83% and 13.49% recovery time compared to AC-DDPG
and AC-MAML, respectively, and the time-saving gain of EMCL becomes even larger when more GDs
in the system. In addition, we compare the EMCL algorithm with and without the Wolpertinger policy to
demonstrate the effectiveness of the adopted action mapping method. The recovery time of the latter is
10.11% increased than the former but less than AC-DDPG and AC-MAML. At the convergence, EMCL
can decrease the average objective value by 30.36% compared to EMCL without the Wolpertinger policy.
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4.5.2 Trade-offs between Computational Time and Optimality

To demonstrate EMCL’s trade-off performance between approaching the optimum (Fig. 4.8)) and com-
putational time (Fig. {.9), we compare EMCL with five benchmarks. In Fig. .8 we observe 50 en-
vironmental information updates and record the average objective values within each update cycle. For
AC-MAML and AC-DDPG, the average gaps to the optimum are 45.26% and 57.23%, respectively,
while for EMCL, the average gap drops to 27.58%. The performance of EMCL is slightly better than
ADMM-HEU, around 3.54%. For GRD, the average gap to the optimum is 74.15%, which is inferior to
the AC-based algorithms.

Fig. f.9]compares the computational time with respect to the number of GDs. OPT is the most time-
consuming algorithm, as expected. Compared to OPT, ADMM-HEU saves 98.14% computational time
by decomposing variables into multiple blocks and performing parallel computations. The computational
time in ECML, two AC algorithms, and GRD keep at the millisecond level, but the proposed EMCL
achieves smaller gaps to the optimum, hence concluding the better trade-off performance of EMCL than
other benchmarks.

74



Centralized Learning: Dynamic-Adaptive Scheduling with Meta Learning

4.6 Conclusion

We have investigated a resource scheduling problem in dynamic LEO-terrestrial communication sys-
tems to address the mismatch issue in a practical over-loaded scenario. Due to the high computational
time of the optimal algorithm and the proposed ADMM-HEU algorithm, we solve the problem from
the perspective of DRL to obtain online solutions. To enable the learning model to fast adapt to dy-
namic environments, we develop an EMCL algorithm that is able to handle the environmental changes
in wireless networks, such as bursty demands, users’ entry/leave, and abrupt channel change. Numerical
results show that, when encountering an environmental variation, EMCL consumes less recovery time
to re-fit the learning model, compared to AC-DDPG and AC-MAML. Furthermore, EMCL achieves a
good trade-off between solutions quality and computation efficiency compared to offline and AC-based
benchmarks. An extension of the current work is to combine other techniques, e.g., continuous learning
and behavior regularization, to further improve the sample efficiency and model adaptability.
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Chapter

Distributed Learning: Energy-Efficient
Wireless Federated Edge Learning

5.1 Introduction

Over the past few years, the wireless community has witnessed a paradigm shift from model-driven ap-
proaches to learning-based methods in wireless system design and analysis. Machine learning is becom-
ing an important tool for next-generation wireless communication networks. Typical machine learning
schemes used in wireless edge systems are based on centralized training [161} [162]. That is, the edge
devices collect data and transmit to a centralized learning server for computing and processing. However,
most of the collected data is privacy-sensitive and such data exchange may have potential risks of infor-
mation leakage. To this end, federated learning (FL), as a distributed learning paradigm, prominently
protects the users’ privacy since the edge devices directly upload their local learning models rather than
their original data [163}, [164]. In addition, FL allows training the learning model in the devices locally
in parallel thus saving the training time compared to centralized learning. Therefore, FL has attracted
considerable attention in many wireless applications, such as wireless edge computing.

In an FL-based edge computing system, several issues need to be considered. Firstly, edge devices
may undertake computing tasks and transmission tasks, and their energy supply and battery storage
are limited. Thus, an energy-efficient FL scheme is of importance [50]]. Secondly, deploying complex
learning models on the edge may not be the best choice mainly due to the resulted massive parameters in
local models, large data volume to be uploaded, and typical high consumption in energy and computing
resources. Hence, a simple learning model with sparse weight parameters is essential for energy-efficient
FL in the edge. Thirdly, when a learning model is sparsified, conventional FL algorithms might not
converge. For example, sparse neural networks (SNNs) and binary neural networks (BNNs) are two
possible sparsification schemes. They may introduce non-smooth regularization items (for SNN) and the
constraints on weights (for BNN). Both cases are challenging to deal with for conventional FL algorithms
[66]. To this end, developing a proper learning algorithm for training the sparsified learning models is
necessary.

5.1.1 Related Work

In this subsection, we review the state-of-the-art of FL algorithms and their applications over wireless
networks.
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Federated Learning Algorithms

FL is a type of distributed machine learning structure, which enables terminal devices to collaboratively
learn a global learning model while keeping all the training data at the devices. The training process
of FL is iterative. At a learning cycle, each edge device trains a local model based on the collected
data and the up-to-date global model. All the edge devices then upload their individual local models
to a central server. After the aggregated process, the server broadcasts an updated global model to the
edge devices for preparing the next learning cycle. Federated stochastic gradient descent (FedSGD) and
federated averaging (FedAvg) are the most well-known FL algorithms, which minimize the local loss
functions in each device and update the learning models by stochastic gradient descent (SGD) [163].
Compared to FedSGD, FedAvg increases the number of local training epochs performed on the edge
device to reduce the frequency of communication between server and edge devices [166l]. To further
improve the learning efficiency, the authors in [[167]] proposed an FL method with periodic averaging and
quantization (FedPAQ), where the local models are periodically averaged at the server and only partial
devices participate in the training process at each round. In addition, the local devices quantize their
updated models before uploading to the server. In [[168], the authors proposed a proximal FL (FedProx)
to tackle the heterogeneity in federated networks, e.g., non-identically distributed (non-i.i.d.) data across
the networks and significant variability on each device, by adding a proximal term into the local loss
function.

The previous FL algorithms in [165] (166} 167, [168] have been proven their performance in normal
cases. However, it is studied to a limited extent for dealing with the non-smooth cases, e.g., L1-norm
regularization in SNNs, and the weight constrained cases, e.g., binary constraints in BNNs. In [66], the
authors proposed a new optimizer (ProxSGD) to train the sparse neural networks with non-smooth loss
functions for centralized learning, but the analysis of convergence and learning accuracy is absent for the
distributed learning. This prompts us to develop a suited FL algorithm for efficient local training with
guaranteed convergence.

Applications in Wireless Networks

A number of recent works have applied FL to wireless communication networks. In [[169], the authors
provided a general idea of FL applications in 5G wireless Internet-of-Things (IoT) networks and mobile
edge computing. In [170]], the authors developed an edge learning framework to analyze the convergence
performance of the FL algorithm while considering the features of wireless networks, e.g., user schedul-
ing policy, channel fading and inter-cell interference. In [171]], a joint user selection and wireless resource
allocation problem was investigated to minimize the loss function with limited transmit power. To mini-
mize FL training time in multiple-input multiple-output systems, in [172], an optimization problem was
formulated by allocating transmit power, users’ processing frequency and local accuracy. Considering
the scarcity of energy in the local devices of wireless federated edge learning networks, the authors in
[S0], [49] and [48] formulated energy minimization problems, including local computing energy and
transmission energy, via optimizing wireless and computation resources. Furthermore, the authors in
[48]] proposed an improved FL algorithm based on FedProx to handle the non-i.i.d. data and heterogene-
ity of the devices. In [[173]], an optimization problem was formulated to minimize to capture the trade-off
between FL convergence time and energy consumption of UEs with heterogeneous computing and power
resources.

In [171} 1721149} 150, 48, [173], the energy minimization of FL is achieved in resource optimization
by assuming conventional learning models at the device side, e.g., adopting fully-connected deep neural
networks (DNNs). This might not be energy-efficient for FL-based edge computing because DNNs need
to consume computational energy on mathematical operations between layers and send a heavy-weight
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local model to the central server by consuming transmission energy. A lightweight learning model can
lighten the computation burden or decrease the data volume to be uploaded [174]]. This motivates us to
further save energy by replacing dense learning models with SNNs or BNNs.

5.1.2 Contributions

The main contributions and novelty of this work are summarized as follows:

* A majority of the previous FL schemes reduce energy consumption by relying on resource alloca-
tion. In this work, we design a joint sparsification and resource optimization scheme (JSRO) for
energy-efficient FL in wireless edge networks, such that energy conservation can benefit from two
aspects.

* Unlike previous works, we exploit the energy-saving gain in FL from the sparsification of learning
models, i.e., replace DNN with SNN or BNN in local training. To handle the non-smoothness and
weight constraints in training SNN and BNN, we propose an enhanced SGD algorithm tailored for
non-smoothness or constrained learning models (NSC-SGD) with guaranteed convergence.

* Based on model sparsification, we jointly minimize computing, uploading, and broadcasting en-
ergy by optimizing resource allocation and learning parameters. All three types of energy con-
sumption are non-trivial for wireless edge networks. Besides, we characterize the interplay be-
tween learning performance and energy optimization.

* Numerical results demonstrate that the proposed JSRO can reduce more than 50% energy com-
pared to benchmark FL schemes. From the result analysis, we observe that SNN is effective in
reducing uploading energy, whereas BNN can save more energy in local training and data upload-
ing than SNN and DNN. In addition, the proposed NSC-SGD outperforms previous FL algorithms
in terms of learning accuracy and convergence.

The remainder of this chapter is organized as follows. In Section we provide the preliminary
of FL framework and its wireless application. Section [5.3]introduces the energy conservation by spar-
sification. Section formulates an energy minimization problem. In Section [5.5] we elaborate the
proposed joint energy-efficient FL scheme, i.e., JSRO. Numerical results are presented and analyzed in
5.6 Finally, we draw the conclusions in

5.2 Preliminary

5.2.1 FL Framework in Wireless Edge

We consider a wireless federated edge learning scenario in Fig. Thereinto, a base station or an access
point (AP) with computing and signaling capabilities can act as the centralized server [169]. We assume
that all the edge devices with a certain computing ability to train individual local models based on the
collected data. The communication between the edge devices and server is based on wireless links.

FL is designed to allow multiple devices to cooperatively execute a learning task by only uploading
the local learning model to a centralized server. The objective of FL is given by:

min F(w) = > =2 F.(w), (5.1)
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where w is the parameter vector of the learning model, WV is the space of the parameters, K is the number
of the edge devices participating in the training, Dy, is the size of the training data at edge device k, and
D is the total size of the training data. The local objective function F(w) consists of a loss function
fr(w) and a regularization item r(w), which can be expressed as:

Dy,
1
Fo(w) = 5 D Lia(w) +ri(w), (5.2)
=1
£f(w)

where Ly, ;(w) describes the prediction error of the I-th single sample at edge device k, which can be
represented by mean square error (MSE) or cross entropy. The regularization item 7 (W) is a penalty to
prevent overfitting or confining the weight values.

BS broadcast link

Figure 5.1: Illustration of wireless federated edge learning.

The process of the FL is conducted in an iterative manner as the following steps [165,(166, (167,168l

» Step 1: The centralized server randomly selects edge devices to participate in the training process
and broadcasts a global FL model.

» Step 2: Each selected edge device downloads the global FL. model for training a local FL. model.
The well-trained local models will be uploaded to the centralized server.

 Step 3: The centralized server aggregates the local information to update the global learning model.
» Step 4: Repeating steps 1-3 (i.e., a learning cycle) until the termination condition is met.

In FL, problem (5.1) is decomposed to K independent problems that are solved locally at each edge
device. Thus, each device trains the local learning model by minimizing the local loss function:

Vrvré% : F(w). (5.3)

The local problems can be solved by stochastic gradient descent (SGD) algorithm, which updates the
local parameters iteratively and consumes local iterations. We denote 7 as the index of global iterations
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(or learning cycles), and j as the index of local iterations. At each local iteration, taken the received
global model w* as the initial point, the update rule is written by:

Wyt =W = g VR (W)7). (5.4)

where €, is the local update step and Wz,’j is the local FL. model for user k at the j-th local iteration and
the ¢-th global iteration. We assume that the SGD terminates at the maximum number of local iterations,
denoted by Ji. The server updates the global model by:

K
witl = wi 4 ¢ (Z Wi — wi> , (5.5)
k=1

where € is the learning rate and wi, = wz"]’“. According to [175], for SGD algorithm, the gap between

the optimum and the intermediate result at local iteration j is expressed as:

1 1
I'(j,d) a<m+j), (5.6)
where d is the size of training data and « is a positive constant. We remark that a small gap I'(j, d)
means high local learning accuracy. Since the local model needs to be uploaded to the server for global
aggregation, the local accuracy directly affects the global accuracy of FL. To avoid the performance
degradation caused by the accumulation error of local computing, the gap I'(j, d) should be less than a
threshold yy,.

5.2.2 Energy Models

The limited energy supply and computing resources at the edge devices are critical issues for FL. In the
following, we introduce the adopted energy models.

Communication Energy

At each global iteration (or learning cycle), the channel gain for edge device k is hy, Vk € {1, ..., K}.
Under the assumption of the block fading channel, the channel states keep constant within a learning
cycle. Considering general scenarios, the server for edge learning could be an AP with limited energy,
the energy consumed on both edge devices’ upload and server’s broadcast needs to be conserved. To
facilitate the data aggregation in the server, the learning models, e.g., DNN, for all the edge devices
are identical. The volume of transmitted data is equivalent to the volume of data required to build the
ML model. We denote Ay, as (in bits) the upload data volume of edge device k and Ay (in bits) as the
broadcast data volume of the server.

In the upload phase, the transmission time of edge device k within a learning cycle is:

U

Ay Ay
==

— = , (5.7
R Bylog(1+ %)

where Ry, By, py, are the uplink transmission rate, the uplink bandwidth, and the transmit power of edge
device k, respectively, and o2 is the noise power. The total energy consumption E* for all the edge
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devices can be expressed as:

K
EY = Z o (5.8)
k=1

In the broadcast phase, since the devices’ transmission rates are different, the server broadcasts the global
FL model until the last edge device receives the data. Thus, the broadcast time Tgl can be calculated by:

A
T¢ = max {T,gl} — max o}, (5.9)
; b | Bolog(1 + 225)

where T,ff is the transmission time consumed from server to edge device k, and By is the bandwidth of
server. We denote py as the transmit power of the server, the broadcast energy E? is given by:

E = pTg. (5.10)

Computation Energy

The CPU power dissipation includes static and dynamic power, where static power that arises from bias
and leakage currents can be dramatically reduced by careful hardware design and dominant CPU power
consumption is therefore dynamic power [176]. According to [177], the dynamic power of a CPU P for
edge device k depends on the CPU’s supply voltage V;, and CPU computation capacity fi (the number
of CPU cycles/second), i.e., Py o V,f fx. In addition, another relation in CPU operation is that fj is
positively proportional to Vy, i.e., Vi o fr. Thus, the computation power for edge device k can be
written as P{ = k f}:’, where k is the effective switched capacitance depending on the chip architecture.
We denote, for edge device k, Jj, is the maximum number of local iterations, C}, is the number of CPU
cycles required for processing a single sample data, and D, is the number of collected training samples.
The processing time needed can be expressed as:

D
T = M7 (5.11)
Tk
and the total computation energy for local data processing within a learning cycle is given by:
K K K
E° =) P{Tf =) kJCiDpfi =Y MyDy. (5.12)
k k k=1

where My, = kI,Cy, f,?. The computation energy at the server can be ignored as the aggregation operation
is simple, i.e., averaging [49].

5.2.3 Time Consumption

Fig. illustrates the timeline of the FL process. Firstly, the edge devices that have received the
broadcast data can perform local calculations immediately. Then, for the data upload, as we consider
a half-duplex mode, the server cannot receive and transmit data simultaneously. Before uploading the
local FL. model to the server, the edge devices need to confirm the server has completed the broadcast
task, e.g., receive a control signal allowing to upload. The edge devices that finish the local calculations
faster may need to wait for the other devices. Therefore, the time when edge device & starts uploading
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Figure 5.2: Timeline of the FL process.

local learning model is max{T + T¢, Td}, where T, T¢ and T¢ can be obtained from (5.9) and .
For example, in Fig. user 4 finishes the computation task fast and needs to wait for the broadcast
completion. It uploads the local model at 7. For other users, they start uploading data upon finishing the
computation, i.e., at T,f + T%. When all the edge devices complete their upload tasks, we can calculate
the total time of a learning cycle by:

Tyor = max{T}' + max{T¢ + T¢, T¢}} (5.13)

5.3 Sparsification in Local Learning Models

From (5.9) and (5.10), the communication energy can be reduced when A;, decreases. In addition, based
on (5.12), the computation energy increases with Cj. This motivates us to implement a learning model
with fewer weight vectors and simpler computation operations. Although sophisticated learning models,
like fully-connected DNNs, can fit non-linear and complex functions, they consume much memory and
computing resources. In practice, the learning models with fewer weights or simpler constructions are
sufficient to extract the data features with acceptable learning accuracy [79)]. Sparse NN (SNN) is one
of the methods for simplification. It removes the majority of weights (force them exactly or closely to
0) such that only a percentage of the possible connections exist between layers. Another method is to
train a binary NN (BNN) where the weights are driven to either 1 or -1 [174]]. The binarized model
can dramatically reduce the computational complexity and the amount of data required to compose the
model.

To realize SNN, we set regularization items after the loss function such as L1-norm in (5.14) or
L2-norm in (5.15).

min F(w) =fi(w) + | w, (5.14)
min Fi(w) =fi(w) + 5 ||w]>, (5.15)
weR”™ 2

where o is the regularization rate selected from [0,1]. To realize BNN, we can use hard thresholding to
binarize the weights, e.g., set weights less than O as -1, greater than O as +1. However, the hard thresh-
olding may cause severe information loss and its discontinuity brings difficulty to the optimization of
the learning model. To address this issue, we adopt another way that adds a specifically-designed regu-
larization term to penalize the weights if they are not -1 or +1 instead of binarizing the weights directly
[66]. We extent w to a 2n-dimensional vector i.e., W = [w1, ..., Wy, a1, ..., Ay |, Where wy, ..., w, are the
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weight values and a1, ..., a,, are the auxiliary variables. The local optimization problem is rewritten by:

n
min Fi(w) =fu(w) + jmz_lmmwm +1)% + (1 = am)(wm — 1)), (5.16)
where W = {[w1, ..., wn, a1, ...,ap]|xm € Rya, € [0,1],m = 1,...,n}. If p is sufficiently large,
at the optimum, ay, ..., a,, will be close to 0 or 1. When a,, is close to 0, the effect of a,(wy, + 1)2
is negligible and (1 — ay,)(w,, — 1)? is activated. To minimize the loss function, w,, has a strong
tendency to be 1. Analogously, when a,, approaches to 1, w,, is forced to -1. To obtain a model with
optimal performance, the regularization rate x should be properly tuned and cannot be excessively large.
Therefore, in the implementation, only part of the auxiliary variables reach O or 1, and only part of the
weights are binary.

In order to quantitatively analyze the energy-saving gain brought by the sparse/binary models, we
calculate Ay, and CY, for three different learning models, i.e., the DNN, SNN, and BNN. For edge device
k, we define Oy, as the average unit bits corresponding to the numeric data type of the weights and Wy, as
the total number of the weights of the learning model. Thus, Ay, as the total data volume, is calculated
by:

Ay = 0Oy, - V.. (5.17)

We consider DNN, SNN and BNN have the same structure with L layers and x; neurons at the [-th layer,
so that Uy is the same for the three models, expressed as Zle x;—12; + x;. The numeric type of the
parameter in DNN is floating-point with ©; = 32 (bits). For SNN, we assume pj.(%) of the weights
are zero and the others are floating-point numbers [180]. For BNN, we assume p%(%) of the weights are
binary i.e., {+1, -1}, of which the numeric data type is boolean with 1 (bit), and the others are floating-
point numbers [181]. Therefore, the average unit bits for SNN and BNN are ©; = 32(1 — p,ﬁ,) and
Ok = pi + 32(1 — p?), respectively.

To calculate the CPU cycles per sample Cy, we first introduce @, as the required number of floating-
point operations (FLOPs) to process a single training sample, where an addition, multiplication, or divi-
sion is defined as a FLOP. For DNN and SNN, they both need 2W;, addition and multiplication operations
[158]]. For BNN, when the weights are binary, the number of operations is halved as it does not require
multiplication operations [[181]]. The number of CPU cycles needed for each operation is fixed, denoted
by e, which depends on the performance of the edge device. The number of CPU cycles required for a
single training sample C}, is expressed as:

Ck = (IJk + €k (5-18)

For clarification, we summarize the expressions of O, Wy, @, Ay and C}, for DNN, SNN and BNN in
Tab.

Table 5.1: Values of Oy, ¥, i, A and C},

DNN | SNN | BNN

L

U, Smax 4@
=1

O, (bits) 32 | 32(1—pf) p2 + 32(1 — p2)
®;, (FLOPs) | 4, 40, 20Uy p7 + 40, (1 — p)
Ay O - Uy,
Ci Dy, - ey
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From Tab. [5.1} we can conclude that SNN and BNN can lessen the amount of data to be transferred,
and BNN also reduces the computation operations. The energy consumption of SNN and BNN can be
decreased with reduced Ay, and C},.

5.4 Resource Optimization in FL.

Due to the capacity limitation of the total uplink rate, a large Ay may cause transmission congestion
and require more communication resources, e.g., bandwidth and power. In addition, A; and C} are
proportional to the energy consumption in wireless federated edge learning systems. Hence, resource
optimization needs to be considered for energy-efficient FL. Based on the aforementioned sparse/binary
models at the edge, we formulate an optimization problem to joint minimize the total energy consumption
in FL local training, data uploading, and data broadcasting, while considering the wireless resource
constraints and learning performance requirements.

The edge devices, such as smartphones or small-sized sensors, have a low maximum transmit power
(e.g., 23 dBm for most LTE users) and weak ability to adjust the uplink power (e.g., open loop for
transmit power control) [[178]]. Thus, to minimize the uplink energy, we optimize bandwidth By and with
a fixed transmit power py, suitable for the receiver. For the downlink transmission, all the edge devices
receive the broadcasted data via the shared spectrum without interference. To improve the data rate,
we set By as the maximum available bandwidth of the server. The downlink energy can be optimized
by adjusting transmit power pg. In addition, we also minimize the computation energy by selecting a
proper training data size Dj,. This is because the edge devices’ computation capabilities are different. If
a bad allocation of Dy, is made, e.g., uniform Dy, for all devices, the devices with higher computation
capacity fi will consume more communication energy, which may exceed the local energy limitation.
The minimization problem for a learning cycle is formulated as:

PO: min E“+ E¢+ E° (5.192)
P0,Bg, Dy
s.t. Tiot < Tin, (5.19b)
MyDy, < ES,,,VE, (5.19¢)
L(Jg, Di) < yin, VE, (5.19d)
K
> iy B < Reap, (5.19%)
. b. < B 5.19
> bk < Bra, (5.19f)
P0o < Praz- (519g)

The objective function in PO includes three components, i.e., local computing energy and
upload energy of the edge devices, and broadcast energy of the server. The constraint (5.19b) captures
delay requirement. That is, the time consumption at each learning cycle T3, should be less than T}.
Due to the limited battery storage, the computation energy for each device should be less than a limit
value EC . as expressed in . Towards minimizing the local computing energy, the optimizer
tends to reduce Dy, from (5.12)). However, a smaller Dy, leads to a large gap I'(J, D) and the learning
accuracy deteriorates. To guarantee the learning accuracy of FL, the constraint confines that the
local computing gap should be under the threshold ;. The constraints represent the total uplink
rate should not excess the uplink capacity Rcqp. The constraints (5.191f) and (5.19g) are the limitations
of the spectrum and power, respectively.

As the original problem PO contains the maximum operators, we reformulate PO to an equivalent
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problem P1 with auxiliary variables z; and T(‘)i.

K Wp K
. k d
P1: min + poT§ + M. Dy,
ro B £ Bylog(1+ ) 2
1474
s.t. — < Ty, Vk, (5.20a)
By log(1 + P25k )
144 M
= <z, VK, (5.20b)
Bolog(1 4 B2gk) — fi
14%
K ; oy < Tins Yk, (5.20¢)
MDy, < EC ., VEk, (5.20d)
1 1
o +— ) < v, Vk, 5.20e
(\/Jka Jk) = Tth ( )
TP < 2, VE, (5.201)

(6.19¢), (5.197), (5.19¢).

P1 is a non-convex problem due to the bilinear item pOT(‘)i. To solve the problem, the bilinear term can
be relaxed and bounded by McCormick envelopes [63]. Specifically, we set an upper and a lower bound
for pg and T¢, respectively, i.e., (p*,pV) and (T'*, TV). We substitute poT¢ with an auxiliary variable v
and add the following constraints in P1:

v > plTd + poT* — ptTF, (5.21)
v > pUT¢ 4 poT* — pU T, (5.22)
v > pUTe + poTV — pVTY, (5.23)
v > prTd + poTY — plTY. (5.24)

Therefore, the relaxation problem of P1 becomes a convex problem that can be optimally solved by the
interior point method. By using bounds tightening techniques, e.g., optimization-based bounds tightening
(OBBT) in [179]], the optimal solution of P1 can be approached with ultimately tightened bounds.

We remark that P1 is solved offline at the beginning of each learning cycle for the optimal network
and learning configuration. Then, based on the outcome of P1, we perform FL in wireless networks. In
P1, the other learning parameters, such as 1) the data to be transmitted at each global iteration Ay and 2)
the CPU cycles required for a single training sample CY, are determined and cannot be optimized under
a given machine learning model, e.g., the widely-used deep neural networks (DNNs) [171L [173].

5.5 The Proposed Joint Sparsification and Resource Optimization Scheme

Based on the above sparsification and optimization components, we conclude an energy-efficient FL
scheme in wireless networks, i.e., JSRO, as illustrated in Fig. [5.3] The first step is to choose a machine
learning model for each edge device. A proper model can achieve a balance between learning accuracy
and costs of energy and resource. Specifically, dense DNNs can fit some complex models with better
performance than sparse models. However, considering the practical requirements, e.g., limited battery
and memory storage, SNN and BNN are more preferred than dense DNN due to the easy implementa-
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Figure 5.3: The process of JSRO.

tion, lower memory requirement, and less computation and communication energy. The second step is
to initialize the learning hyperparameters and network configurations. The final step is to execute the
proposed energy-efficient FL. scheme JSRO.

The scheme includes global and local iterations. From Fig. in the global iteration, the server first
randomly selects K edge devices. Then, the energy minimization problem PO is solved to determine
wireless resource allocation, i.e., transmit power of server and uplink bandwidth, and learning parameter
assignment, i.e., size of training data. With the optimal solutions of PO, the server broadcasts the global
learning model and each edge device trains a local model that will be sent back to the server for aggre-
gation. As all the edge devices collect and process the training data locally and in parallel, user privacy
is protected and training efficiency is improved. After receiving the local models, the server can update
the global model.

The local iteration refers to the local training process performed at edge devices. Firstly, a minibatch
of data is selected to estimate the momentum of the gradient. With the momentum, we formulate a
convex sub-problem to deal with the issues of constrained and non-smooth learning models. Then, we
calculate the direction of gradient descent which guides the update of the local model. It is worth noting
that the algorithm adopted in local training plays a key role in JSRO. In the following, we discuss the
developed NSC-SGD for local training in detail.

5.5.1 NSC-SGD for Local Training in JSRO

The existed FL algorithms, e.g., FedAvg, FedDANE and FedProx, guarantee the convergence when the
following two conditions are satisfied:

* The loss function F(w) is differentiable.
* The space of parameters VW = R", where n is the dimension of w.

However, the above algorithms cannot deal with non-smoothness and constraints in SNN and BNN,
e.g., L1-norm regularization u||w|| for SNN and constraints on variables a,, € [0, 1] for BNN, which
may lead to performance degradation on the learning performance. ProxSGD algorithm is able to deal
with the non-smooth and constrained learning models but it is specialized for centralized learning. To
tackle this issue, we propose an NSC-SGD algorithm by extending ProxSGD in FL framework. We first
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adopt ProxSGD to train the local FL. models on edge devices. Then, the global FL model is updated by
aggregating the outputs of ProxSGD optimizer. In addition, the convergence proof of ProxSGD is not
applicable for FL. Thus, we perform an analysis of the convergence of NSC-SGD in FL framework.

Based on Fig. the proposed scheme with enhanced NSC-SGD is summarized in Alg. [/} where
NSC-SGD refers to the process in iteratively training local models (lines 10-15). Considering a general
machine learning model with non-smooth and constrained loss functions, the following two assumptions
hold for relaxing the conditions.

Assumption 1. (Smoothness and convexity) Fi,(w) = fi.(W) + ri(W), where fi.(W) is smooth, i.e.,
continuously differentiable, but not necessarily convex, and r,(W) is proper convex and lower semicon-
tinuous but not necessarily smooth.

Assumption 2. (Convex set) W is convex and compact set.

In a learning cycle (lines 5-19), the update of the global FL. model (lines 17-18) is consistent with
the general FL framework. In the local iteration of each device (lines 10-15), we aim at solving the local
loss function (5.3)). Firstly, a minibatch M®/ is randomly selected from the training data to estimate the
gradient of fi(w), i.e.,

1

V fre(whi) = ] > VLe(wh). (5.25)
leMii

To keep the gradient updated in the right direction and accelerate the converge speed, we introduce

momentum VZZJ, which is formed in a recursive manner:

vil = (=W VL), (5.26)

where ¢/ € (0,1] is the step size for the momentum. Then, we propose to solve an approximation
sub-problem and obtain an intermediate solution w"”:

~hd ; 1,5\ Ty%J
w,) = argmin (w — w"’) v
wew

2 4 rp(w). (5.27)

T W — wiv
+2HW w

Based on successive convex approximation (SCA), the objective in is a convex approximation of
F}.(w) around the point w/ by incorporating first-order Taylor expansion, quadratic regularization and
non-smooth term. Compared to the conventional SGD, the update rule in can resolve the issues
of weights’ constraints and non-smooth (non-differentiable) objectives. The difference between W'/ and
w'J specifies the update direction which is used to refine the parameters:
G+l 6] ] ]

wl T =wl g (W —w). (5.28)
When the local training terminates at the Jx-th iteration, each edge device uploads the local learning
model to the server. The server collects all the information and updates the global model by (5.3). The
training process ends when reaching the maximal number of global iterations 1.

5.5.2 Convergence Analysis

To analyze the convergence of Alg. [/| we first make the following assumptions referring to [[166} 168,
1711 148].

Assumption 3. (Lipschitz gradient continous) V f1.(w) is L-Lipschitz continuous, i.e., fi,(Ww')+V f.(w')T(w—
W) + Lllw — W/||2 > f.(w), where L refers to the Lipschitz constant.
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Algorithm 7 JSRO for Energy-Efficient FL

Inputs:
Initial global FL model: w’;
Maximum number of global iteration: [;
Number of local iterations for each edge device: Ji;
Learning rate: e.
1: fori =0:1do
Server selects K devices randomly.

Server determines the optimal resource allocation and learning parameter by solving PO.

2

3

4:  Server sends w' to all chosen devices.

5.  for k =1: K (do in parallel) do

6: for j =0: Jido

7 Edge device selects minibatch of collected data.
8 Edge device calculates momentum by (5.26).

9

: Edge device solves sub-problem (5.27).
10: Edge device updates w;”’ by |h
11: end for

12:  end for

13:  All the devices send w back to the server.
14:  Server updates w' by .

15: end for

Outputs: Well-trained local model w;..

Assumption 4. (Strongly convex) V fi,(W) is x-strongly convex, i.e., fi,(W) + Vfr(W)T(w — w') +

Llw — W2 < fi(w), where x is a constant coefficient.

Assumption 5. (Bounded gradient) Defining an approximated gradient of F'(w) by:

[Tk(w) — Tk (W/)] H

_ E
VE(w; W) = B[V firwW]| + =

V F(w; W) is bounded such that, for a positive constant M, |V F(w;w')| < M|w — w'|.

Assumption 6. (Bounded dissimilarity) For some £>0, there exists a constant S such that for all the

points w € {W|[|[VF(w; W) ||> > &}, By, [VFj,(w; w)?] < S2VF(w; w2, where

ka<W;W/) = [|[Vfe(w)] + HMH

w—w

Theorem 6. (Convergence) If x, K, M, L, S and € are selected such that

2Se(1+eM)  262S°L eV8S  8V2LS%?  8LS%e
0= + 0T ey + R}
X X VEKx VKx Kx

then the expected decrease on the global objective holds, i.e.,

Ex,

(3

(W] < F(W) +nVE(W; w2,
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Table 5.2: Parameter settings

Data set MNIST
Total number of devices 1000
Number of selected 10
devices per learning cycle K
Transmit power on edge device py 0.5 Watt
Bandwidth of server By 3 MHz
SINR 15-23 dB
Input size 28x 28 images
Number training data samples 69035
Learning model DNN, SNN, BNN
Loss function Cross entropy
learning rate € 0.001
Number of global iterations [ 500
Batch size 50
Number of local iterations Jj, 50
Penalty parameter p 0.0025
Unit bits of a single weight bggit;zlz ;)2:21
Computation capacity fj 6.725 GHz
FLOPs per CPU cycle e 4
Effective switched capacitance s 10728

where IC; is the set of selected devices at global iteration i.
Proof. The proof of Theorem|[6]is shown in the Appendix. O

The JSRO is designed to reduce the energy consumption via resource optimization and local model
sparsification. There exists an interplay between energy minimization and learning performance.

* From the aspect of learning model selection, SNN and BNN save energy with fewer transmitted
parameters and simpler computing operations but the learning performance degrades as the sim-
plified ML models may lead to the loss of information and underfitting. To improve the learning
performance while keeping the learning model simple, we design Alg.1 to provide a convergence
guarantee and speed up the learning process for a general learning model.

* From the aspect of optimization, the computing energy in PO can be saved by decreasing the
training data size Dj. However, the gap to the optimal I'(Ji, D) at local training enlarges with a
small Dj. When the local learning accuracy is substandard, the global learning performance will
decline. Thus, in PO, we optimize Dy, to ensure that the local devices consume minimal energy
while satisfying the gap threshold 4.

5.6 Simulation Results

In this section, we evaluate the performance of the proposed JSRO. We compare the performance of dif-
ferent learning models, i.e., DNN, SNN, and BNN, in terms of distribution of the weight values and the
total energy consumption, and verify the energy conservation brought about by resource optimization.
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In addition, we compare the proposed NSC-SGD algorithm adopted in JSRO with other FL algorithms,
i.e., FedAvg and FedProx, on the performance of learning accuracy. The adopted parameters for imple-
menting JSRO are summarized in Table[5.2]

5.6.1 Performance on Energy Conservation

To demonstrate the impact of different learning models on energy consumption, we simulate the cumula-
tive distribution function (CDF) of weight values and show the total energy consumption of DNN, SNN,
and BNN in Fig. and [5.5] respectively. From Fig. in DNN, around 80% weights are evenly
distributed in the interval [-0.2, 0.2], and few weights are with ||w|| < 0.01. Thus, all the weights in
DNN should be uploaded or broadcasted as floating-point values. For SNN, around 50% of the weights
are exactly equal to 0, such that only half of the weight needs to participate in the communication. For
BNN, we can observe that the penalty and constraint in the designed loss function (5.16)) is effective in
promoting binary weights: more than 60% weights are -1 or +1, which can be transmitted as boolean
values.

1.04

—— NSC-SGD DNN
—— NSC-SGD SNN
—— NSC-SGD BNN

0.8 1

0.6

CDF

0.4

0.2

0.0

=15 -1.0 -0.5 0.0 0.5 1.0 15
weight value

Figure 5.4: Distribution of weights of different neural networks.
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Figure 5.5: Total energy vs. SINR.

In Fig. [5.5] we show the total energy of different learning models adopted in JSRO with regard to
the average SINR. Generally, the total energy consumption decreases with a higher value of SINR. This
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is because, in a better channel condition, the transmission rate is higher and the consumed energy can be
saved with less transmission time. The proposed JSRO with BNN and energy optimization saves 56.21%
total energy compared to the FL without JSRO, i.e., DNN-based FL without energy optimization. Among
the three learning models, BNN consumes the least total energy, 39.81% less than DNN, followed by
SNN which saves 12.72% total energy compared to DNN. Besides, we can also find that, for each
learning model, the optimization, i.e., wireless resource allocation and learning parameter selection, can
further reduce energy consumption by 16.43%.

To illustrate which part of the energy is reduced by SNN and CNN, three energy components are de-
picted in Fig. [5.6] We can observe that the computation energy dominates the total energy consumption.
Compared to DNN, SNN and BNN save uploading energy by 59.32% and 65.46%, respectively. This
is because the zero-weights in SNN and binary-weights in BNN reduce the volume of transmitted data.
For the broadcasting energy, BNN and SNN are not significantly different from DNN as the aggregated
global FL. model may become back to dense. The computation energy of SNN and DNN are close but
BNN is 47.22% less than DNN. The reason is that the computing operations in DNN and SNN are based
on floating-point calculation while BNN benefits from boolean operations that reduce the computation
energy by simplifying the computation and lessening the required CPU cycles.
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Fig. demonstrates the total energy with respect to the maximal of local iterations J;. Based on
the energy models in section III, the computation energy is positively proportional to J; and the size
of training data Dj. With the optimization (OPT), when J increases, the optimizer will reduce Dy,
to minimize the total energy. As the optimal solution of Dy decreases faster than .Ji increases, from
Fig. 5.9 the total energy with OPT decreases with .J;. However, without OPT, Dy, is constant and
non-optimized. Thus, the total energy increases linearly with Jj.

5.6.2 Performance on Learning Accuracy

In addition to energy consumption, another indicator of JSRO is learning accuracy. Fig. [5.8]shows the
learning accuracy of JSRO with different learning models. For the learning task, i.e., MNIST dataset,
with the identical learning rate and training data, DNN outperforms the others, reaching 89% accuracy.
For SNN and BNN, the accuracy decreases to around 88% and 80%, respectively. The reason lies that
SNN and BNN drive the weights of the learning model to zero or binary by adding the penalty terms and
constraints, leading to the issue of underfitting and degradation of the accuracy. However, recalling Fig.
the SNN and BNN simplify the local model and reduce the energy consumption.
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To verify the effectiveness of the NSC-SGD algorithm adopted in JSRO on improving the learning
performance for general learning models. Fig. [5.9|compares the learning accuracy of three FL algorithms
under the case of BNN. The results show that the learning accuracy of NSC-SGD is 8% higher than that of
FedProx. The gap between the FedProx and Fedavg is small, around 2%. In addition, the proposed NSC-
SGD converges much faster and is more stable than FedProx and Fedavg. The performance improvement
is due to the fact that the update rule of local training is based on solving a sub-problem which
applies to general learning models with constraints, non-smooth regularization, and penalty terms.

5.7 Conclusion

In this chapter, we investigated an energy-efficient federated scheme, i.e., JSRO, implemented in wireless
federated edge learning networks to economize energy from two perspectives. Firstly, we formulated an
optimization problem to minimize the energy consumption, including communication and computation
energy, via wireless resource management and learning parameter allocation. Secondly, based on the
analysis of the energy consumption of different learning models, the energy can be further saved by
selecting sparse or binary NN instead of traditional DNN. To improve the learning performance, i.e.,
the convergence and accuracy, we proposed NSC-SGD to provide convergence guarantee for general
learning models with non-smooth and constrained loss functions. Numerical results show that BNN con-
sumes around 40% less energy than DNN, and resource optimization can further save 16.43% of energy.
In addition, the proposed JSRO with embedded NSC-SGD achieves better performance on convergence
and learning accuracy compared to FedProx and Fedavg.
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Chapter

Conclusions and Future Works

In this chapter, we conclude the researches of this thesis in section|6.1|and provide an outlook for possible
future works in section [6.2]

6.1 Conclusions

In this thesis, we focus on designing ML-based resource management schemes in future wireless systems
to achieve energy-, time-, and resource-efficient communication with fast and online solutions. We
selected four promising and interesting future wireless scenarios, including multi-antenna systems, UAV-
assisted communication, satellite-terrestrial networks, and distributed wireless architecture. To overview
the background of the topic, we introduce the adopted methodologies and describe the selected research
problems and their motivations. Then, each research problem is elaborated chapter by chapter in the
main body.

Firstly, we developed an ML-assisted approach for resource allocation to enable a fast, feasible,
and near-optimal solution for both time-efficient and energy-efficient content delivery in MISO systems.
As the optimization-based methods have exponential complexity, FC-DNN and CNN are adopted for
real-time, intelligent, and efficient solutions. Different from the conventional pure ML algorithm, the
proposed learning-assisted approach applies NNs to predict the learnable features which can be used to
accelerate the optimization process and improve the learning accuracy. The learning-assisted algorithm
can deal with the feasibility and achieve a good trade-off between the complexity and solution quality.

Secondly, we investigated a joint user-timeslot scheduling and hovering time allocation problem
for energy minimization in UAV-aided communication systems. We provided an optimal method and
proposed a heuristic algorithm, which served as a benchmark, to solve the formulated combinatorial and
non-convex problems. To make the solutions adaptive to online operations, an AC-DRL algorithm was
developed. The proposed algorithm outperforms other algorithms in energy efficiency and computational
efficiency. In addition, the action space restriction and re-designed reward function can deal with the huge
discrete action space and guarantee feasibility, respectively.

Thirdly, we investigated a resource scheduling problem in dynamic LEO-terrestrial communication
systems to address the mismatch issue in a practical over-loaded scenario. The problem was solved from
the perspective of AC-DRL to tackle the issue of high computational time of the optimization-based
algorithms and obtain online solutions. To enable the learning model to fast adapt to dynamic envi-
ronments, we developed a meta-critic-based algorithm to handle the environmental changes in wireless
networks, such as bursty demands, users’ entry/leave, and abrupt channel change. We verified that, when
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encountering an environmental variation, the proposed method consumes less recovery time to re-fit the
learning model, compared to other AC-DRL methods.

Fourthly, we designed an energy-efficient FL. scheme for distributed wireless communication sys-
tems. We first observed and analyzed that the energy can be saved by selecting sparse NN (SNN) or
binary NN (BNN) instead of dense DNN. To improve the learning performance for general learning mod-
els with non-smooth and constrained loss functions, such as BNN and SNN, an enhanced SGD-based
federated learning algorithm was proposed with the proof of convergence. Then, the communication and
computation energy were further minimized by wireless resource management and learning parameter
allocation. By integrating the above strategies, we designed a comprehensive FL wireless scheme that
consumes much less energy and increases learning accuracy.

To sum up, this thesis reveals that 1) there is no omnipotent ML algorithm that can solve all the
practical problems in future wireless systems. To achieve better performance, the ML tools need to
be properly selected, e.g., supervised learning is not suitable for complicated cases where the labeled
training data is difficult to acquire and centralized learning methods are not as efficient and secure as FL
in distributed network structures. 2) The ML-based algorithms can notably reduce the time complexity
and realize real-time decision-making while guaranteeing the solution quality. 3) ML methods have
limitations in designing communication schemes. Specifically, we observe from chapter 2, there exists
difficulties in finding the complicated relationship between input and output due to, e.g., the noise in
the training data. Chapter 3 demonstrates the conventional ML algorithms have issues of feasibility and
curse of dimensionality when the original problems are constrained and combinatorial. From chapter 4,
the performance of the original ML models can be degraded in highly dynamic wireless environments. In
this thesis, we designed some techniques to solve or relieve these problems. 4) In certain situations, there
exists an interplay between optimization and ML performance. For example, in chapter 5, the volume
of the training data affects the learning accuracy but, from the perspective of energy optimization, more
training data means more local computation energy consumption.

6.2 Future Works

In this section, we discuss the extensions of the thesis and potential future work, which either focus on
addressing some of the unsolved difficulties or explore the new directions following the current research
trends.

6.2.1 Feasibility Problem in ML

The feasibility of the results produced by ML algorithms is a restriction for the application of Al in
real-world scenarios. For example, when NNs are used for spectrum allocation, the total bandwidth of
all the users may exceed the system limitation. This is because ML methods train their models based on
the data or experiences without considering the practical constraints during the process of inference. In
this thesis, in chapter 2, we use the learning-assisted approach by learning the extracted features instead
of the original labels to avoid the feasibility issue. In chapter 3, we reduce the action space to filter
the infeasible decisions. However, the above methods are limited and are unsuitable for general cases.
Specifically, for the learning-assisted methods, ML predicts the extracted non-constrained features rather
than the constrained original outputs. If the extracted features are constrained, the model cannot ensure
feasibility. For the action space restriction, it can only filter the actions violate the simple constraints,
e.g., pr < P,:. When the constraints are complex, e.g., % > SIN Ry, the agent cannot
easily filter out infeasible p;. Therefore, one direction of future work could be finding a technique to
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automatically and efficiently identify and remove the solutions that violate the constraints during model
training.

6.2.2 Embedding ML in Optimization Algorithm

In the current research, there are three general ways to apply ML to optimization problems in wireless
scenarios. The first is to directly apply an ML algorithm to solve an optimization problem, i.e., E2E
learning discussed in chapter 2. However, E2E learning may perform poorly in terms of solution quality,
especially when the problem is complex and the input-output correspondence is difficult to learn. In
this case, the complexity of conventional optimization-based methods may be too high to satisfy the
strict delay requirement. The second is the learning-assisted method adopted in chapter 2 and previous
works [[73} 1182, [76], which utilizes ML to extract important information from the collected data and then
execute a conventional optimization algorithm with the extracted features. This method can speed up the
optimization algorithm to provide optimal solutions and avoid infeasible solutions. Nevertheless, for the
learning-assisted method, the learning and optimization are separated. We need to manually find out the
features which are suitable for learning and useful for reducing the complexity of the optimization. The
third method is embedding ML models into the optimization algorithms. Different from the learning-
assisted method, this approach nests the learning algorithm within the process of optimization thus the
pre-training process can be avoided. For example, in [[183]], to improve the efficiency of B&B algorithm,
which is widely used in combinatorial optimization, the authors use ML to learn the node selection policy
and node pruning policy to guide the decision-making in B&B tree. Based on this direction, for most
optimization algorithms based on iterative updating, we can embed an ML model into each iteration to
reduce the computation time or the number of needed iterations. The method of ML embedding can
achieve a good trade-off between efficiency and quality, but its difficulty lies in (1) finding a proper ML
model to quickly solve the most time-consuming part in each iteration; (2) tackling the feasibility issue
of ML outputs, which could be the focus in our future works.

6.2.3 Multi-Agent Learning Structure

In chapters 3 and 4, the considered UAV-aided and LEO-terrestrial systems are centralized communica-
tion structures with a single learning agent to make decisions. This may cause much communication and
traveling costs and much time to coordinate training schedules. In chapter 5, although FL allows the de-
vices to train their models locally, it also needs a centralized controller to exchange and integrate global
information. To facilitate coordination among devices and enhance the learning performance of all par-
ticipants, the multi-agent ML model is proposed, e.g., multi-agent reinforcement learning (MARL), in
which the agents set policies according to their own observations and observations of other agents. In the
literature review, there exist studies applying multi-agent ML to distributed communication systems. In
[184], the authors design an MARL algorithm in multi-UAV networks where each UAV acts as a learn-
ing agent to make the decision of resource allocation solution based on its local observation. In [183]],
a multi-agent DQN algorithm is applied to dynamic power allocation in wireless networks. However, in
wireless scenarios, multi-agent ML still faces two main challenges. The first is the imperfect inter-agent
communication due to, e.g., limited transmission rate. This may lead to difficulty in acquiring the pre-
cise global information of each agent thus degrading the learning performance. To solve this issue, in
[186], a state aggregation method was proposed to enable the agents to communicate their information
in a compact manner. Whereas, when the number of agents is large, the operation of compression could
be complex and time-consuming. Thus, in future work, we can design a more efficient strategy to save
resources required for information exchange and processing among the agents while maintaining the
learning quality. The second challenge is the heterogeneity of the learning agent. In many multi-agent
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ML applications, all the agents are identical but, in heterogeneous networks, this is not necessarily the
case. For example, in a multi-layer non-terrestrial communication system, UAVs and satellites can serve
ground users, and satellites also provide backhaul links to UAVs. If we regard both UAVs and satellites
as the agents to allocate the wireless resources, their channel quality, transmission rate, resource reserve,
and other properties could be significantly different. The authors in [[187]] proposed an MARL algorithm
for resource allocation in heterogeneous networks but the actions of the agents are different and there
is no resource competition between different types of agents. Thus, a possible extension of our work is
investigating multi-agent ML in heterogeneous systems and discovering suitable relations between the
agents, i.e., competition, cooperation, or mixed competition and cooperation, based on the differences in
their abilities.

6.2.4 Interpretability and Theoretical Supports of ML Models

Poor interpretability is a common issue for ML models. For example, NNs are deemed as a black box
as they cannot provide any insights into the structures of the approximated functions. In general, with
higher interpretability, it is easier to understand the reason why certain decisions or predictions have
been made. In the area of computer science, many researchers have explored the interpretability of ML
models. For example, pre-model interpretability methods, such as PCA [188]] and t-distributed stochastic
neighbor embedding [[189]], can provide a good understanding of the data before ML model selection. In
wireless systems, the poor performance of ML algorithms is probably due to the complexity and noise
in the original data. If we can find the characteristics or reduce the dimension of the data in advance,
this can help to select correct ML models and improve prediction accuracy. In addition, due to the
uncertainty and stochastic nature of wireless scenarios, the optimality and convergence of certain ML
algorithms cannot be guaranteed, which impacts their usefulness [190]. Thus, in future works, we could
focus on the interpretability, optimality, and convergence of ML under the wireless networks to acquire
more explanation on why selecting the model, how the model works, and can the algorithm fast converge.

6.2.5 Al application areas in B5G/6G scenarios

As Al is considered one of the most promising solutions in future wireless systems, we extend the
proposed ML approaches to more communication scenarios to improve the systems’ performance, ro-
bustness, and automaticity. The potential applications include (i) Network slicing resource manage-
ment. The main challenge of resource management in network slicing is the high complexity as the
cross-slice resource allocation and admission control problems are generally non-convex and their de-
cision variables are integer values, e.g., 0’ and ’1’° for declining and accepting admission, respectively
[191, 192} [193] [194]]. Thus, towards efficient resource allocation and automatic admission control, we
may apply the enhanced AC algorithm in Chapter 3, which can avoid solving the complicated MIP prob-
lem and reduce the dimension of the decision variables by action space restriction. (ii) Beamforming
in massive MIMO. Considering the combinations of different antenna parameters, selecting an optimal
beam pattern could be time-consuming in massive MIMO systems. Al-based beamforming design has
been widely investigated to select the optimal beam pattern in real-time. In [195],[[196] and [197], the
authors applied ML models to antenna selection, CSI feedback, and beam selection to improve beam-
forming gain and reduce complexity. However, the above works adopted E2E learning, which could not
guarantee optimality. In future work, we could extend the learning-based method in Chapter 2 to beam
pattern selection, where the ML model is used to learn some useful features to pre-exclude some beam
patterns and accelerate the computational time of generating the optimal solution. (iii) Device-to-device
(D2D) communication. Al can also be used to design resource management [[198]], power control [199],
and clustering schemes [200]] in D2D communication toward efficient and intelligent online decisions.
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However, ML techniques still face two challenges in D2D networks [201]]. Firstly, highly dynamic D2D
networks. Most ML algorithms are targeted for stochastic stationary environments, but the environments
in D2D communications are dynamic, e.g., frequently change in topology due to the high-speed trains
and vehicles. In this situation, the meta-learning approach adopted in Chapter 4 can be considered to
achieve a self-adaptive ML model. Secondly, D2D networks for FL. D2D, as a decentralized network,
each device can train the ML model locally. In [202], a decentralized stochastic gradient descent algo-
rithm was implemented for large-scale FL. wireless D2D networks. However, exploiting FL techniques
for user scheduling and resource allocation with energy constraints in D2D networks is a challenging
task, which could be the extension work of Chapter 5.
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Appendices for Chapter 4

6.3 Proof of Lemma 1

We relax all the binary variables of P1 to continuous variables X = [Z11,..., Zg¢, ..., :Z'G7T]T and y =

[91, e Tty -, Uic| T, Where 2 ¢, Gr € [0, 1]. The relaxed objective function is written by:
.. . 2 . 2
F&9) =m0 (1" = K)"+ > mp (rfx — Dy)”, 6.1)
ke

where 1 = [1,...,1]Tandry = [Rg11, ..., Rk gty s Ricr] . We expand (1Ty — K)2 and (r%f{ — Dk,)2
as follows:

(1"y — K)® = §"Ey — 2D, 1}y + K, 6.2)
(rfx — Di)? = X"RR — 2Dy r}% + D7, (6.3)

where E is an all-ones matrix and

2
Ri11 Rip11Rp12 - RpaaRear
2
Ri12R;11 Rj 12 <o RpaioRpar
R = ) ) ) (6.4)
2
RyarRrin RrparRei2 - Rj a1

Referring to the theorem of quadratic programming, a quadratic function is convex when its correspond-
ing real symmetric matrix is positive semi-definite [203]]. According to the definition, E and R are
positive semi-definite matrices since, given an arbitrary vector v = [vy, ..., vgx1] 7 0, we can calculate
v Ev = (ITV)2 > 0and v Rv = (rTV)2 > 0 [203]]. Therefore, f(X,¥) is convex as it is the summation
of K + 1 convex functions. Besides, the constraints Eq. (#.14b)-(4.14d) are linear, hence the conclusion.

6.4 Proof of Lemma 2

The objective of the learning agent is to find a policy 7(a|s;) that maximizes the expected accumulated
reward Y7 ~'r;. With ¢ in Eq. (4.23), we expand S ot as:

T K T
SoAtre=> m |¥AL o+ D (VT =AY, =T AL
t=0 k=0 t=1



6.5. Proof of Lemma 3

= Z Tk (Ai,o - Ai,T)
k=0
K K 2 K
=> mAio— o (Z 1 (byr — D) — K) — > (br — Di)?, (6.5)
k=0 k=1 k=1

where b, 7 = Zz;l Ry q,+- Thus, we can obtain the optimal policy a; ~ 7*(als;) by solving the
following problem:

K T 2 K T 2
T%—&Wﬁm(iﬂ(iﬁmm—m>—%)—2M4§}%W—DQ . (6.6)
el k=1 \t=1 k=1 =1

which is equivalent to the objective Eq. (5.20a)), thus the conclusion.

6.5 Proof of Lemma 3

Denote Q(s,a1),...,Q(s,ap) as random variables X1, ..., X3, where X,y = Q(s,a’) and X,,, ~
U(Q(s,a) — k,Q(s,a%) + k), Vm # m/. Thus, Q(s,a,) can be expressed as a random variable
U = max{Xj, ..., Xas}. The cumulative distribution function of ¥ is expressed as:

Fy (1) =PV < ¢] = Pmax{ X1, ..., Xpr} <]
=P[X1 < Y|P[Xe < ¢]..P[Xp < Y]
=Fx, (V) Fx, (¥)-.-Fxp, (¥) (6.7)

For m # m/, based on the cumulative distribution function of uniform distribution, we can derive:

:'¢ B Q(S7a:) +

S € Qs al) — R, Qs a3) + ). (6.8)

Fx,, (¥)

For m = m/, as X,y = Q(s, a’), the cumulative distribution function is:

Emwmzmxw§w={1’¢ZQ“@% 6.9)

By substituting Eq. and Eq. into Eq. (6.7),

y=Q(s,ad)+r\ M * *
F (w): (T) )1/}6 [Q(S,CLS),Q(S,GS)+/€], (610)
v { 0, ¥ € [Q(s,a3) — K, Q(s,a})).

Then, the probability density function of ¥ can be calculated by solving the first derivative:

fu () = [Fu(y))

ari=ro( — Q(s,a3), b = Qs,a2),
o (w}ci”) ;o Qs,a5) <9 <Q(s,a3) + 5, (6.11)
0, otherwise,
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where J(-) is Dirac function. The expectation of W is:

. Q(s,a3)+k
B =EQea] = [ v
1 Q(s,a)t Q(s,a%)+k M—1 (- Q(S a*) 4o\ M2

— 6 _ * d ) S d

s /Q A Qe /Q L ( > ) y
~ Q(s,aj) . 2k Q(s,al) K
T oMt +Q(s,a5) + - M oM T M . 2M-1

. 2(2M — 1)

:Q(S,as) + K <1 — M) . (612)

Thus the conclusion.
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Appendices for Chapter 5

6.6 Proof of Theorem 1

Based on the L-Lipschitz continuous gradient of F'(w) in assumption [3| and update rule w't! = w 4
e(w' — w'), where W' = & S W), we have:

F(wh — F(wh)
= Ex[fu(W )] + Eg[re (W] — Ex[fr(W')] — Ex[ri(w")]

< (W — W TRV (W) + 5 W = Wi 4+ Bl (w ) = ()]

' _ ' i+1y _ i L2 4
<o (V- w T o)+ PO T e
~i INTE Q. i+l Le* 02
=e[(w —w) ' VE(W;wth] + 5w =W, (6.13)

Then, with the assumption [5] we can further drive:

(W' — w)TVF(w;w'h)

(VF(w; wi-i—l) — VE(Wswith) + wi— w)T . VF(w w”l)

(IVEw s wh) | + [ — W) [|VE(wh Wit — VF(w' wit)?

(1+ M)W — W[ - [VE(w'; w' )| — VF(w'; wit1)? (6.14)

<
<

In NSC-SGD, the edge devices minimize Fj(w) at each global iteration, we denote the optimal
solution at the i-th iteration is wi, such that Fj(w}) < Fj,(w"). Based the assumption @ we have:

Fi(w}) < Fi(w')
= Je(Wi) = Je(W') + 1r(Wp) — rk(W') <0
= Zlwi = W+ (w = W) TV L (W) + 7 (wh) = (W) < 0

) ) 2, . NT & -
=|lwj, — w'||* < _Q(Wi —w )TV EFL(w' wi,)
2 . . _ . .
< JIWk = Wil V(W wi)l

. . 2 _ o
=||wj, —w'[| < ;HVFk(W’;Wz)II- (6.15)



6.6. Proof of Theorem 1

Combing the (6.15) and assumption [ we can derive:

. , : . 2 o
W —w'|| < Egflwy —w'[l] < ;Ek[VFk(WZ; wi)]

2 - — 28 o
<\ JEL[VE,(whwt)?] < == ||[VF(whwith. (6.16)
VETE(w w2 < TV )l

Based on (6.13)) and (6.16)), we have:

25e(1 +eM) 2e2S%L _ o
Se();“ ) 4 GXSQ —e> VF(wh w2, 6.17)

F(wi-‘rl) _ F(Wl) < <

We remark that holds for a single learning cycle. However, in NSC-SGD, the selected subset
K; (|[Ki] = K) are random over the learning cycles. The real weight vector, denoted as W', can be
regarded as a random variable. Thus, it is necessary to analyze the relationship between F'(W ) and
the expectation of F'(W ZJrl) over the learning cycles, i.e., Ex,[F(W')]. We assume that W' can be
expressed as W' = wi + ¢(W' — w'), where W' is also a random variable. Based on Lg-local Lipschitz
continuity [168]], we have:

FOW™) <P(WH) + Lo|w' —w|
=F(W) 4+ Loe||Ww' — W], (6.18)

where L is the local Lipschitz continuity constant, which satisfies

Le  _ .
Lo = |[VF (W W’+1)+ 5 (W =Wl
<VFE(whwth) 4+ IIW —w|
<VF(w';wth) 4+ LemaX(HW’ =W, [Iw" = w'))
SVE(W5w )+ Le(|Wh — we|| + ||w! — w|)). (6.19)

Then, we take expectation for the left and right sides of (6.18)).
Ex, [F(W)] < F(w') + Qi (6.20)
where Q; = Ex,[Loe||W' — w'||]. By applying Eq. ( into Q;, we get:

@Sd%JVNWMHU+RWW—WW+W“-ﬂﬂ- [l = W]
<e (VE(W;w'th) + Le|w" — w'||) Ex, [[|[W' — W'||] + Le’Ex, [||W" — w'[|[|W" — w'|]
<e (VE(W;w'th) + Le|w' — w'||) Ex, [||[W" — w'[|]
416 (| — W + B, 15 — W) B, (|9 — ]
= (VE(W; W) + 2Le||w' — w'||) Ex, [|[W — W'||] + LEx, [|W — w'||?] (6.21)

For Ex, [||W' — W||] and Ex, [||W* — W||?] we can derive:

W = Wil < /B [ — w2, (6.22)

and,
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Eic,[[W' — W] ZIIW w2

kG’C
1 il o) ) < 3 E i b2 E R —p
< Ex[llwg — W% < < max(Bx[l|wy, — w'[|”], [Ex[wi] — w'[I%])

2 ] SQ 2+1)

:EEk[sz 7’|| | < —XVF(W ‘W (6.23)

By substituting (6.22) and (6.23) into (6.21)), we get:

4LSe\ | 852 8LS2e? o
< H—l 1. i1 2. )
Q¢ <e (1 N > IR VF( )2+ K2 VE(w';w'™h (6.24)

By combining (6.17), (6.20) and (6.24)), the conclusion can be obtained:

B, [F(W )] = F(w') < F(w) = F(w') + Qi

202 2¢2 2¢2
o (25 teM) | 2 52 L, e85 821§  8LS ) VE(Wi w2 (6.25)
X X VR VR Kx
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