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Abstract

Ever-increasing energy consumption of network infrastructures motivates wireless operators
to exploit renewable energy resources (e.g., sunlight and wind) to network infrastructure. When
solely powered by weather-dependent renewable energy, a base station can experience power
outages. Therefore, a smart-grid powered communication system (SGPCS) is proposed to avoid
the power outage at base stations. To successfully apply renewable energy to an SGPCS, wireless
operators need to develop energy management algorithms that can handle the unpredictable
and intermittent arrival of renewable energy. Since machine learning algorithms are inherently
designed for problems with random sources (i.e., stochastic optimization problems), we start by
investigating machine learning algorithms for different stochastic optimization problems. Then,
we adapt the potential machine learning algorithms to the long-term grid-energy expenditure
minimization problem under various practical constraints.

Using the finite-sample analytical methods, we quantify the convergence rates of the proposed
offline learning and online learning algorithms. Based on the derived convergence rates, we have
the following findings. When faulty users exist in the federated learning framework, our proposed
fault-resilient proximal gradient and local fault-resilient proximal gradient algorithms require fewer
communication rounds than the state-of-the-art benchmarks. Therefore, they are more energy-
efficient than the benchmarks. The proposed linear function approximation based decentralized
Q-learning converges as fast as the tabular @-learning while retaining robustness to the large
state and action spaces. Based on Lyapunov learning algorithms, we can successfully integrate
the renewable energy in single-cell and multi-cell SGPCSs. Moreover, our proposed two time-
scale resource allocation algorithm can trade the grid-energy expenditure for access delay of user
equipments in single-cell SGPCS. Our proposed two time-scale resource allocation algorithm can

trade grid-energy expenditure for the end-to-end delay of user equipments in multi-cell SGPCS.
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Lay Summary

Wireless operators have deployed a massive number of base stations, which then causes their
energy bills to surge. Therefore sustainable solutions to integrate renewable energy and smart
grid into the network infrastructure are urgently needed. This thesis investigates machine learning
algorithms and applies them to address several practical problems in smart-grid powered com-
munication systems so that renewable energy can be used efficiently with less waste. This thesis
suggests the applicable scenarios of proposed algorithms and reveals that the tradeoff relations
between grid-energy expenditure and users’ delay. In other words, wireless operators can use our

proposed algorithms to reduce the grid-energy expenditure at the expense of users’ delay.
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Chapter 1

Introduction

Wireless traffic is estimated to exceed 131 exabytes per month by 2024 [1]. The huge volume
of wireless traffic requires a dense deployment of base stations (BSTs) [2]. It was reported that
the number of the fifth-generation (5G) BSTs reached 130,000 by the end of 2019 in Chinal. The
tremendous number of BST's leads to a significant amount of greenhouse gas emissions and surg-
ing energy bills for wireless operators [3]. These emerging issues motivate wireless operators and
equipment manufacturers to search for green communication solutions [4-6]. In a typical wireless
communication system, BSTs consume 50% to 60% of energy [3]. Therefore, an eco-friendly and
cost-effective solution to reduce the energy bills is to utilize renewable energy resources (e.g., sun-
light and wind) at BSTs [7-10]. For example, Huawei and Telefonica have installed solar-powered
BSTs in central Chile [11]. Using energy harvesters (e.g., residential-level photovoltaic panels and
miniature wind turbines), each BST can scavenge energy from renewable energy resources such
that the surging energy bills can be reduced [7—14]. Nevertheless, the availability of renewable en-
ergy is highly weather-dependent and space-varying [7]; therefore, it is challenging to maintain an
acceptable communication quality-of-service (QoS) when BSTs are solely powered by renewable

energy [9].

1.1 Energy Management in Smart-Grid Powered
Communication Systems
A hybrid-powered communication system is preferred to reduce the energy bills of wireless

operators and guarantee communication QoS. While an energy harvester allows each BST to

scavenge energy from renewable energy resources, strategies need to be carefully developed to

Ihttps://techblog.comsoc.org/2019/11/22/2019-world-5g-convention-in-beijing-china-has-built-1
13000-5g-base-stations-130000-by-the-end-o0f-2019/


https://techblog.comsoc.org/2019/11/22/2019-world-5g-convention-in-beijing-china-has-built-113000-5g-base-stations-130000-by-the-end-of-2019/
https://techblog.comsoc.org/2019/11/22/2019-world-5g-convention-in-beijing-china-has-built-113000-5g-base-stations-130000-by-the-end-of-2019/

1.1. Energy Management in Smart-Grid Powered Communication Systems

Harvest-store-use strategy Harvest-use-store strategy Harvest-use-trade strategy
Energy | Storage Energy Storage Energy
Harvester | Medum Harvester Medum Harvester
] ! v ]
Power Power Decision Smart Smart
Grid BST Grid [ ] Device BST crid [ Mewer [ BST

Figure 1.1: Different strategies of using renewable energy.

improve the utilization efficiency of harvested energy. Generally, popular usage strategies can be

classified into the following three categories.

e Harvest-use-store strategy. As shown in Fig. 1.1, the harvest-store-use strategy requires
a storage medium per BST to store harvested energy and to provide energy for a BST [12—
14]. The harvested energy in a storage medium can also be used when energy-harvesting
opportunities do not exist (or when energy demand of a BST has to be increased to support
communication QoS). However, nearly all practical storage media suffer energy loss and

leakage to varying extents, ranging from 10% to 30% [9].

e Harvest-store-use strategy. To mitigate energy loss and leakage, wireless operators
prefer the harvest-use-store strategy [15, 16]. As shown in Fig. 1.1, a decision device is
included in deciding whether the harvested energy per slot? is used to operate a BST or is
stored for future usage. Unlike the harvested-use-store strategy, the harvested energy per
slot is prioritized for usage before being stored in a storage medium. Therefore, the storage
loss of the harvest-use-store strategy can be reduced compared with the harvest-store-use

strategy.

e Harvest-use-trade strategy. Harvest-store-use and harvest-use-store strategies require
an energy-storage medium, which can suffer from imperfections such as energy loss and leak-
age [9, 15-17]. When the traditional power grid is upgraded to a smart grid, the two-way
energy trading feature of the smart grid (as shown in Fig. 1.1) will benefit wireless opera-
tors [18]. In a smart-grid powered communication system (SGPCS), the harvest-use-trade

strategy is preferred to avoid the imperfections of storage media and to improve the utiliza-

2We assume that the investigated hybrid-powered communication systems operate in discrete-time mode with
the minimum interval defined as a slot.
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tion efficiency of renewable energy [19, 20]. Also, the two-way energy trading feature allows

wireless operators to generate revenue by selling surplus harvested energy to the power grid.

1.2 Machine Learning for Energy Management in SGPCSs

When applying the harvest-use-trade strategy to an SGPCS, unpredictable and intermittent
characteristics of renewable energy need to be harnessed by energy management algorithms. An
important first step is to choose the proper tools for designing energy management algorithms.
One potential tool is convex optimization that has been successfully applied to wireless commu-
nications [21]. Many optimization problems in SGPCSs can be formulated as (or converted to)
convex ones in wireless communications [19, 22]. For convex problems, a local optimum is also a
global optimum. Therefore, the optimal solutions to convex problems can be efficiently obtained
via existing toolboxes [23]. A non-convex problem can also be recast into a set of convex sub-
problems by successive convex approximation [24] and semi-definite relaxation [25]. Besides, the
optimality conditions and duality theory of convex optimization also provide the foundations for
other optimization algorithms. When unknown random sources are considered in an optimization
problem, the objective values are unknown to a convex optimization algorithm [26]. Therefore,
convex optimization algorithms cannot directly solve problems with unknown random sources
(i.e., stochastic optimization problems). When dealing with the unknown random sources, ma-
chine learning algorithms are good candidates to solve stochastic optimization problems [27-30].
In this thesis, we start by investigating machine learning algorithms for different stochastic op-
timization problems. We then adapt the potential machine learning algorithms to the long-term
grid-energy expenditure minimization problem in SGPCSs under various practical constraints.

A machine learning algorithm can transform the experience (e.g., data samples) into exper-
tise (e.g., model parameters®). Here, we briefly introduce the taxonomies of machine learning
algorithms that are related to the thesis, e.g., centralized learning versus distributed (decentral-
ized) learning, supervised learning versus unsupervised learning, and offline learning versus online
learning. Note that there are several taxonomies of machine learning algorithms, and we refer

interested readers to [27] for details.

3For example, the model parameters are employed to provide a mapping between the data samples and labels
in classification problems.
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Centralized learning, distributed learning, and decentralized learning. When ma-
chine learning algorithms need to process datasets at a central server, they are classified as central-
ized learning algorithms. However, copies of data at a central server render centralized learning
algorithms vulnerable to privacy leakage [31-33]. Besides, uploading datasets to a central server
also requires high bandwidth. Distributed learning algorithms have emerged to alleviate these
concerns based on the ever-improving computational capability of network-edge devices [33-35].
A distributed learning can be implemented when the parameter server only exchanges the model
parameters with associated agents®. Since the datasets are kept at the agents, the concerns of
privacy and bandwidth demand are alleviated. While centralized learning and distributed learn-
ing algorithms require a central server to coordinate the learning process, they may experience
failures of the central server. Therefore, decentralized learning algorithms are proposed so that
each agent is allowed to exchange information with other agents within certain communication
distance (i.e., neighboring agents). In decentralized learning algorithms, since each agent only
communicates with its neighboring agents, each agent can continue the learning process when the
central node has failed.

Supervised learning and unsupervised learning. Supervised learning algorithms require
labeled training datasets, while unsupervised learning algorithms do not require labeled training
datasets. In other words, supervised learning is instructed by the environment that sets labels
for training datasets. In contrast, unsupervised learning aims at generating some summaries of
unlabeled datasets. Clustering data samples into subsets of similar instances is a typical example
of unsupervised learning.

Offline learning and online learning. Based on the data-collecting process, machine
learning algorithms can be classified into two categories: offline learning algorithms [27, 28] and
online learning algorithms [29, 30]. In wireless networks, offline learning is usually performed
after a dataset has been obtained by an agent. Offline learning algorithms have seen increasing
wireless applications, such as channel estimation [36] and automatic modulation classification
[37]. In automatic modulation classification [37], an offline learning algorithm allows an agent
to learn model parameters of a deep neural network based on the received signals and their

modulation modes. Using the obtained model parameter, the agent can predict the modulation

4In this thesis, an agent can be either a user equipment or a BST based on the application scenario.
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modes of incoming signals. Note that offline learning algorithms aim at optimizing the expectation
of objective functions with unknown-distributed random sources. However, optimizing a time-
average expectation® over an infinite horizon is a sequential decision-making process.

When the data-collecting process occurs simultaneously as the decision-making process, the
obtained decisions can be correlated. By ignoring the correlated decisions, offline learning al-
gorithms cannot handle time-average expectations over infinite horizons. The issue induced by
correlated decisions is solved since online learning allows an agent to make decisions based on the
accumulated impacts of previous decisions. Therefore, online learning algorithms are suitable to
optimize time-average expectations over infinite horizons.

An online learning algorithm is executed while an agent is collecting data. We review two
types of online learning algorithms, namely reinforcement learning® and Lyapunov learning. A
reinforcement learning algorithm [29] allows an agent to learn optimal decisions under different
environment states such that a time-average expectation is optimized. Since the environmental
dynamic is unknown, the agent must discover the optimal decisions via sequential trial-and-error
experiments. Besides, each decision affects the current objective value and subsequent objective
values during the interactions between the agents and the environment. The optimization of
time-average expectation boils down to optimal control of a dynamic system when the dynamic
environment is formulated by a Markov decision process (MDP) [38]. Recent research has shown
that reinforcement learning algorithms can achieve human-level performance in several tasks,
such as video games [39], autonomous driving [40], and robotic control, when combined with deep
neural networks [41].

Another category of online learning algorithms is Lyapunov learning algorithms [30]. While
reinforcement learning algorithms are mainly designed for unconstrained optimization problems,
Lyapunov learning algorithms provide a flexible framework to handle long-term and short-term
constraints. After the original problem has been transformed into a set of per-slot subproblems,
Lyapunov learning algorithms can handle constrained optimization problems having time-average

expectations in the objective function and constraints. Therefore, Lyapunov learning algorithms

5Tn this thesis, a time-average expectation is obtained in two steps: taking the statistical expectation of a metric
and taking the time average of the obtained statistical expectations.

5When we discuss reinforcement learning in the thesis, we refer to online reinforcement learning algorithms.
Offline reinforcement learning algorithms have also been investigated to extract expertise from a fixed dataset.
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are more suitable to minimize the time-average expectation of grid-energy expenditure (TAEGEE)

in SGPCSs.

1.3 Related Works and Motivations

In this thesis, our primary goal is to solve the TAEGEE minimization problem in SGPCSs.
The primary goal will be realized via the following three steps. Our first step is to investigate
optimization problems with expectations in the objective function. In particular, we investigate
a secure federated learning problem. The proposed algorithms can find potential applications in
SGPCSs. Our second step is to investigate optimization problems with time-average expectations
in the objective function. During the second step, we propose a memory-efficient reinforcement
learning algorithm, namely the linear-approximate decentralized )-learning. In the context of
SGPCSs, we also suggest potential problems that the linear-approximate decentralized ()-learning
can solve. Our final step is to investigate optimization problems with time-average expectations
in constraints and objective functions. During the final step, we leverage Lyapunov learning
algorithms to solve the TAEGEE minimization problem in SGPCSs. In the remaining part of
this section, we perform a detailed literature review to motivate the research gaps that will be

filled by this thesis.

1.3.1 Communication-Efficient Robust Federated Learning Over

Heterogeneous Datasets

Traditional machine learning algorithms require centralized data processing at a server cloud.
However, copies of data in a cloud make cloud-centric learning vulnerable to privacy leakage [31—
33]. Leveraging the ever-improving computational capability of network-edge devices, distributed
on-device learning has emerged to alleviate these privacy concerns. As an implementation of
distributed learning, federated learning has attracted growing attention from both industry and
academia [33-35]. In typical federated learning, multiple agents perform local training based on
local datasets, and a parameter server collects and processes the local training results for further
usage. Specifically, the parameter server updates and broadcasts global model parameters based

on local messages (e.g., local gradients and local model parameters). After receiving global model
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Figure 1.2: Hlustration of a federated learning framework. The federated learning framework consists of a
parameter server, Ny reliable agents, and Np faulty agents.

parameters and local datasets, agents compute local messages in parallel. Since datasets are kept
at agents in federated learning, the risk of privacy leakage is reduced. However, federated learning
is susceptible to faulty or malicious agents. When a faulty agent uploads an unreliable message to
the parameter server, the vanilla gradient descent algorithm and its stochastic version (Stochastic
Gradient Descent, SGD7) fail to converge [42]. Besides, the seminal work by [43] also shows that a
faulty agent can arbitrarily corrupt global gradients generated by the SGD algorithm. Therefore,
it is crucial to deal with faulty agents. Here, the faulty agents can perform arbitrarily bad actions
[42, 43]. The objective is to secure the federated learning framework in Fig. 1.2 via a secure
federated learning algorithm. Secure federated learning algorithms need to consider two major
topics: fault resilience and communication efficiency. Our first step is built on this research front.

Fault-resilient federated learning. When dealing with fault resilience in the federated
learning framework, recent research has reported some learning approaches based on the full gra-
dient per update [42, 44-46]. For strongly convex loss functions, the geometric median (GeoMed)

algorithm [42] converges to a near-optimal solution when less than 50% of the local messages

"In a distributed setup, the vanilla gradient descent and SGD algorithms [27, (14.1)] require the parameter server
to update model parameter based on the gradients uploaded by the agents.
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from the agents are unreliable. For (strongly) convex and smooth non-convex loss functions,
component-wise median and component-wise trimmed mean algorithms [44] can secure parame-
ter updates at the server in the presence of faulty agents. However, the component-wise median
and component-wise trimmed mean algorithms may converge to a saddle point that is far away
from a local minimizer for non-convex loss functions. As a remedy, a Byzantine perturbed gradient
algorithm [45] is proposed to obtain an approximate local minimizer of non-convex loss functions.

For large datasets, evaluating full gradient per iteration is computationally prohibitive. Com-
putational efficiency was investigated in different fault-resilient stochastic federated learning algo-
rithms, such as Krum [43], Bulyan [47], Byzantine SGD [48], Zeno [49], and DRACO [50]. After
obtaining the dissimilarity scores of local gradients, the Krum algorithm sets the global gradient
as the local gradient with the smallest score. When less than 50% of the agents are unreliable,
the Krum algorithm converges to a near-optimal solution [43]. When less than 25% of the agents
are unreliable, the Buylan algorithm [47] can reduce the radius of the neighborhood obtained by
the Krum algorithm. Using historical gradients, the Byzantine SGD algorithm [48] allows the pa-
rameter server to remove the faulty local gradients before performing gradient aggregation. The
Zeno algorithm [49] ranks the reliability of local gradients based on the weighted descent value
and magnitude of local gradients. The Zeno algorithm can still work when there is at least one
reliable agent by averaging the top-ranked local gradients. Based on coding theory and sample
redundancy (i.e., multiple copies of a data sample across different agents), the DRACO algorithm
[50] converges when there is at least one reliable agent.

The works above deal with homogeneous datasets in which samples from different agents are
independent and identically distributed. In several practical settings, agents can collect non-
identically distributed datasets (i.e., heterogeneous datasets) from the other agents. For exam-
ple, different YouTube subscribers are provided with different categories of advertisements and
video clips based on their search history. As a result, developing fault-resilient federated learn-
ing algorithms over heterogeneous datasets has emerged as an important research task. Given
heterogeneous datasets and faulty agents, a robust stochastic aggregation (RSA) framework was
investigated [51]. The proposed RSA algorithm converges to a near-optimal solution at a rate
0(log(k)/Vk), where k is the number of communication rounds.

Communication-efficient federated learning. Frequent communications between the
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server and agents are inevitable in federated learning. Since bandwidth is a scarce resource for the
parameter server, the communication overhead becomes a bottleneck [52, 53]. A line of research
focuses on skipping the unnecessary communication rounds to reduce communication overhead
[54, 55], where the lazy aggregation (LAG) algorithm [54] avoids redundant information exchanges
and can be extended to use quantized gradients [55]. Compared with the vanilla gradient descent
algorithm, LAG has comparable convergence rate at reduced communication overhead; see also
[56-58] that leverage local SGD to allow intermittent server-agent exchanges.

Since the convergence rate O(log(k)/Vk) of the RSA algorithm is relatively slow, we will use
Nesterov’s acceleration technique to improve the convergence rate. Besides, the fault-resilience
issue of LAG and local SGD algorithms are as yet unexplored. Motivated by the local SGD
algorithm, we allow the agents to communicate with the server periodically such that the commu-
nication overhead is reduced. We will analyze the convergence rates when Nesterov’s acceleration
technique and periodic communication are used. Such an analysis will provide insights into the

fault resilience of federated learning.

1.3.2 Linear-Approximate Decentralized @-Learning
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Figure 1.3: Illustration of a single-agent reinforcement learning process.

Reinforcement learning enables agents to make sequential decisions by interacting with an
unknown environment [29, 38]. With the environment state evolving as an MDP, the objective
of reinforcement learning is to maximize the long-term reward as shown in Fig. 1.3. In slot k,
an agent performs random action A; based on the environment state S;. Given the action Ay

and environment state S, the environment moves to state Si,1 and reveals a reward R for the

9
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agent. When combined with deep neural networks, reinforcement learning algorithms can achieve
human-level performance in many tasks, such as video games [39], autonomous driving [40], and
robotic control [41].

Recently, multi-agent reinforcement learning (MARL) features increased computational and
statistical efficiencies and enhanced privacy-preserving properties based on the parallel compu-
tation and experience-sharing among agents. Despite the success of single-agent reinforcement
learning [29, 39, 41], algorithmic and theoretical developments of MARL remain challenging and
limited. This is mainly because each agent interacts with the environment and other agents in a
decentralized manner [59]. In general, MARL can be grouped into cooperative (or collaborative)
MARL [59-63], competitive MARL [64-67], and mixed (neither collaborative nor competitive)
MARL [68]. In particular, collaborative MARL is usually modeled as a multi-agent MDP, where
agents can share the same (or have private) rewards, while their collective goal is to learn optimal
policies to maximize the long-term team reward [62, 69, 70]. Competitive MARL is often studied
under the framework of Markov games, especially the two-player Markov games [64-67].

We investigate collaborative MARL with private rewards. For model representation, we use
the collaborative multi-agent MDP model [62, 70]. In this model, each agent selects an individual
action in a particular state by following a local policy; the resulting joint actions of all agents
determine the state transition, while each agent receives a private reward that may differ from
those of other agents. The global reward (or team reward) is the average of all individual rewards.
The private rewards distinguish our model from several other multi-agent models, where the global
reward is observable by all agents [69, 71]. In collaborative MDP, the goal of the agents is still
to optimize the global reward. Such a collaborative MARL task emerges naturally in several
applications, including autonomous driving [40], control of robotic swarms [72], and wireless
sensor networks [73].

Many model-free collaborative MARL algorithms have been proposed for systems with un-
known transition probabilities, and agents are tasked with estimating one (or more) of the quanti-
ties: state-value function, action-value function (i.e., @-function), and policy [62, 69-71]. Praised

as one of the breakthroughs in reinforcement learning, tabular Q-learning® was introduced in

8A tabular Q-learning algorithm requires each agent to maintain a lookup table for values of Q-function. See
Chapter 2 for details.

10
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[74] for model-free control, which is central to modern artificial intelligence [39, 41]. Asymptotic
convergence of tabular @-learning was shown under different assumptions [74-77], whose non-
asymptotic performances were studied in [78-81]. In an MARL setting, a decentralized tabular
Q-learning algorithm and its asymptotic convergence were provided in [61]. To handle large state
and action spaces, @-learning with function approximation has become the workhorse [39, 82].
The asymptotic performance of linear-approximate @-learning was analyzed under a stability
condition on the behavior policy in [82].

In the Big Data era, recent interests have shifted toward understanding the data utilization
efficiency of machine learning algorithms—which is often characterized by the finite-sample error
bounds. In the context of reinforcement learning, finite-sample analysis of temporal-difference
(TD) learning, Q-learning, and state-action-reward-state-action (SARSA) learning algorithms
with linear-function approximation (LFA) have been recently studied [83-90]. In particular, it
was shown [87] that linear-approximate @-learning using decaying stepsizes converges at rate
O(log(k)/k), which is slower than the best known rate O(1/k) of tabular @Q-learning [81]. Despite
the existence of such exciting theoretical developments in single-agent reinforcement learning,
the finite-sample analyses of MARL algorithms are under-exploited. For MARL algorithms,
finite-sample analyses have recently attracted research attentions [62, 63, 91, 92]. For example,
finite-sample error bounds were provided for decentralized batch @-learning with function approx-
imation [62] and for decentralized TD learning [91, 92]. However, conditions for convergence and
convergence rates remain unknown for the linear-approximate decentralized @)-learning. To shed
light on the unknown convergence conditions and convergence rates, we perform a finite-sample

analysis on the linear-approximate decentralized ()-learning.

1.3.3 Lyapunov-Learning Based TAEGEE Minimization

The research on hybrid-powered communication systems can be classified into three cate-
gories: grid energy expenditure (GEE) minimization [12-14, 16, 17, 93-96], throughput maxi-
mization [15, 97, 98|, and energy efficiency maximization [99, 100]. In particular, GEE mini-
mization problems have been investigated in point-to-point systems [12, 13, 15, 16, 93], single-cell
systems [14, 17, 95, 99] and multi-cell systems [93, 98, 100]. GEE can be minimized under

energy-harvesting and outage constraints [16] or prior knowledge of hourly-varying energy price

11
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[94] when the non-causal channel state information (CSI) and non-causal energy state informa-
tion (ESI) are considered over multiple fading slots. Data-rate maximization algorithms were
developed for point-to-point hybrid-powered communication systems [13, 101] and cognitive radio
systems [97]. The energy-efficiency maximization algorithm [99] was developed for the single-cell
hybrid-powered communication systems. When the two-way energy trading feature is considered,
the design of SGPCS has become a topic of practical importance. However, the previous works
[12-17, 94, 95, 97-100] focus on the traditional grid and ignore the two-way energy trading feature
in a smart grid [102]. The two-way energy trading feature provides another dimension to reduce
the energy bills of hybrid-powered BSTs (i.e., SGPCSs) [19].

Several works have investigated the framework of SGPCSs [18, 102-106] and resource alloca-
tion algorithms [19, 22, 107-109]. More specifically, resource allocation algorithms in SGPCSs
can be classified into three categories: one-shot algorithms [19, 22|, offline algorithms [107, 110],
and online algorithms [108, 109]. The one-shot algorithms in [19, 22| are applicable to scenarios
where the resources are independently allocated in each slot of SGPCS. The offline algorithms
[107, 110] were proposed to allocate jointly the SGPCS resources over a finite number of slots. In
contrast, the online algorithms [108, 109] were tailored to handle the volatility of renewable energy
arrivals in an SGPCS over infinite slots. Practical SGPCSs operate over infinite-time horizons,
and the statistical distributions of CSI and ESI are difficult to obtain. Therefore, online resource
allocation algorithms are preferred.

Single-Cell SGPCS. Different from the previous works, we study TAEGEE minimization in
a single-cell SGPCS while considering the packet rate of user equipments (UEs). Instead of using
the well-known log-concave function for data rate [17, 19, 97, 99, 103, 107, 108, 110, 111], we
formulate the packet rate as a sigmoid function, which captures the effects of packet transmission
failure and data rate. Therefore, algorithm design based on the sigmoidal packet rate provides a
realistic insight into the practical systems. However, the non-convexity of the sigmoidal packet
rate renders the design of beamforming algorithms to a cross-layer design problem, and no previous
work has developed algorithms to handle the sigmoidal packet rate. Therefore, we adopt Lyapunov
learning to propose an online cross-layer beamforming framework to minimize the long-term GEE
of a single-cell SGPCS.

Multi-Cell SGPCS. The aforementioned online resource allocation algorithms [108, 109]

12
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allocate resources over a single time scale. The scheduled UE indicators need to be reallocated
over several slots in practical systems since the frequent scheduling of the UEs can cause relia-
bility issues. Moreover, the frame-scale user scheduling has a more accurate characterization of
end-to-end delay than the slot-scale scheduling when the UEs can tolerate delay. Few studies
have investigated the two time-scale resource allocation schemes. Based on the two time-scale en-
ergy merchandising, a dynamic beamforming algorithm was proposed to minimize the long-term
GEE for a single-cell SGPCS [112]. The proposed two time-scale algorithm [112] allocates the
ahead-of-time energy-trading amount in each frame and the real-time energy-trading amount and
beamforming in each slot. Since the ahead-of-time energy-trading amount is a continuous vari-
able, it can be obtained by the subgradient method. Since the scheduled UE indicators are binary
variables, the proposed schemes in [108, 109, 112] cannot obtain the optimal indicators of sched-
uled UE. Exhaustive search is used in [113] to solve the network selection subproblem, and greedy
selection is used to address the subchannel allocation subproblem. However, exhaustive search is
computationally expensive, and greedy selection can lead to suboptimal solutions for the scheduled
UE indicators when the number of UEs is large. Besides, the proposed algorithms in [112, 113]
are not applicable when heterogeneous energy coordination and proportional-rate constraints are
considered in multi-cell SGPCSs. Compared with Lyapunov learning [106, 108, 112, 113], rein-
forcement learning methods [98, 114] can also be used to develop online optimization algorithms.
However, reinforcement learning requires the proper development of a function estimator to deal
with continuous states and continuous actions. Besides, it is more challenging to solve constrained
optimization problems via reinforcement learning algorithms. Therefore, we are motivated to
extend Lyapunov learning to a two time-scale optimization framework. Using the proposed opti-
mization framework, wireless operators can minimize the long-term GEE of a multi-cell SGPCS
by scheduling UEs in each frame, and calculating beamforming vectors and exchanging renewable

energy in each slot.

1.3.4 Objectives of the Thesis

Based on previous discussions, we briefly summarize the research objectives of the thesis as

follows.

13
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e We start by developing offline federated learning algorithms to handle random sources with
unknown distributions. When faulty agents coexist with reliable agents, obtaining a reliable
training model is important. An application of such algorithms can be energy planning for a
set of BSTs in SGPCSs, where some of BSTs may not honestly upload local training results
due to noisy channels or malicious functions. Besides, the communication overhead needs to
be reduced for such an application to save cost on bandwidth. Therefore, our first step is to
propose offline federated learning algorithms that are expected to reduce the communication

rounds of federated learning algorithms while retaining robustness to faulty agents.

e Certain practical applications require agents to make sequential decisions. Besides, deci-
sions in consecutive slots can be correlated to optimize long-term performance metrics. An
example of such applications can be cooperative spectrum sensing in SGPCSs, where the
spatially dispersed agents collaboratively detect spectrum vacancy and decide the usage of
renewable energy. Another potential application is cooperative spectrum sharing in SG-
PCSs, where the agents need to use renewable energy and spectrum bands collaboratively.
Therefore, we are motivated to investigate decentralized ()-learning that considers random
sources with unknown distributions and correlation for consecutive decisions. The major
issue of decentralized ()-learning is the prohibitive memory requirement for large state and
action spaces. Hence, our second step is to improve the memory efficiency of the tabu-
lar decentralized @-learning algorithm by using LFA technique. Moreover, the unknown
convergence conditions and convergence rates are expected to be revealed for LFA based

decentralized ()-learning algorithm.

e While the proposed @-learning algorithm can optimize long-term performance metrics, it
requires complex modifications to handle long-term and short-term constraints. Therefore,
our third step aims at adapting Lyapunov learning algorithms to SGPCSs. Given different
practical constraints, our last step is to minimize the TAEGEE in single-cell and multi-cell

SGPCSs.
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1.4 Thesis Structure and Contributions

The thesis is organized into six chapters. Chapter 1 presents a brief review of machine learning
algorithms and describes the applications in the energy management of wireless communication
systems. Besides, this chapter also provides a detailed literature review for the remaining chapters.
Chapter 2 provides some preliminary information on secure federated learning, ()-learning, and
Lyapunov learning. The technical chapters focus on two objectives: designing energy-efficient
machine learning algorithms (Chapters 3 and 4) and applying machine learning algorithms to
minimize long-term GEE of SGPCSs (Chapters 5 and 6).

Chapter 3 investigates fault-resilient federated learning when heterogeneous datasets are col-
lected by agents, and the number of faulty agents is unknown to the central server. Different
from the state-of-the-art fault-resilient algorithms, the proposed fault-resilient proximal gradient
(FRPG) and local FRPG (LFRPG) algorithms do not have a limitation on the number of faulty
agents. The theoretical results reveal that the proposed FRPG and LFRPG algorithms have con-
vergence rate O(1/k). Hence, the FRPG and LFRPG algorithms converge faster when compared
with the convergence rate 0(log(k)/Vk) of the RSA algorithm [51]. Numerical results performed
on various real datasets confirm that FRPG and LFRPG algorithms converge faster than the
state-of-the-art fault-resilient algorithms (i.e., RSA [51], Krum [43], and GeoMed [42]).

Chapter 4 investigates a linear-approximate decentralized -learning algorithm for collabo-
rative multi-agent reinforcement learning tasks with private rewards. Given behavior policies, a
group of agents collaboratively learn an optimal @-function in a fully decentralized manner. When
the state-action pairs are sampled from an MDP, “stochastic gradients” used in the updates are
correlated and biased, making a convergence analysis challenging. Chapter 4 establishes conver-
gence rates for the proposed decentralized @-learning algorithm in the cases of both decaying and
constant stepsizes. Under an appropriate assumption on the multi-agent joint behavior policy,
our results show that the convergence rates of the decentralized ()-learning algorithm match that
of tabular @-learning, while the former gains scalability, privacy, and parallel computation when
handling large state-action spaces.

Chapter 5 considers a single-cell SGPCS with a harvest-use-trade strategy that can reduce the

GEE and improve the utilization efficiency of renewable energy. In this chapter, the investigated
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TAEGEE minimization problem considers the joint effects of packet failure, the data rates of UEs,
and unknown-distributed EST and CSI. Using Lyapunov learning, we reformulate the TAEGEE
minimization problem into per-slot subproblems. In this case, a BST can design the beamforming
vectors based on the current state (i.e., ESI; CSI, and backlogs of UEs) of a single-cell SGPCS.
Since each per-slot subproblem is non-convex, two suboptimal algorithms are proposed based
on the successive approximation beamforming (SABF) and zero-forcing beamforming (ZFBF)
techniques. The convergence properties are established for the proposed suboptimal algorithms,
and the corresponding computational complexities are analyzed.

Chapter 6 investigates user scheduling, beamforming, and energy coordination in multi-cell
SGPCSs, where the BSTs are powered by a smart grid and natural renewable energy sources.
Heterogeneous energy coordination (i.e., energy merchandizing with the smart grid and energy
exchanging among BSTs) is considered in multi-cell SGPCSs. A TAEGEE minimization prob-
lem with proportional-rate constraints is formulated for multi-cell SGPCSs. Since scheduled UE
variables are coupled with the beamforming vectors, the formulated problem is challenging to
handle via standard convex optimization methods. In practice, the beamforming vectors need
to be updated over each slot according to the channel variations. User scheduling needs to be
updated over several slots (which constitute a frame) since the frequent scheduling of UEs can
cause reliability issues. Therefore, Lyapunov learning is used to decouple the problem. A two
time-scale algorithm is proposed to schedule users in each frame and obtain beamforming and
energy-exchanging variables in each slot. We prove that the proposed two time-scale algorithm
can asymptotically achieve the optimal solutions via tuning a control parameter.

Chapter 7 concludes the thesis and suggests several future research directions.

16



Chapter 2

Background

In this chapter, we discuss the fundamental concepts on secure federated learning, reinforce-

ment learning, and Lyapunov learning.

2.1 Fundamental Concept in Secure Federated Learning

Traditional machine learning algorithms require centralized data processing at a server cloud.
However, copies of data in a cloud render cloud-centric learning vulnerable to privacy leakage [31—
33]. Leveraging the ever-improving computational capability of network-edge devices, distributed
on-device learning has emerged to alleviate these privacy concerns. As an implementation of
distributed on-device learning, federated learning has attracted growing attention from both in-
dustry and academia [33-35]. A popular realization of federated learning uses a parameter server
to interact with multiple agents, which are network-edge devices in practical systems. Specifically,
the parameter server updates and broadcasts global model parameters based on local messages
(e.g., local gradients and local model parameters) from/to agents. After receiving global model
parameters and local datasets, reliable agents compute local messages in parallel. Since datasets
are kept at agents in federated learning, the risk of privacy leakage is reduced. However, feder-
ated learning may fail when faulty agents upload corrupted local messages. Therefore, a secure
federated learning algorithm is required to mitigate the undesirable effects (e.g., a divergence of
algorithm and degradation of prediction accuracy) that are caused by faulty agents. Three com-
ponents are required to implement a secure federated learning algorithm, i.e., a parameter server,

a set of reliable agents, and a set of faulty agents. Their functions are defined as follows.
e A parameter server updates and broadcasts global model parameter to all agents.

e A reliable agent calculates the local information based on local datasets, and uploads local
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2.1. Fundamental Concept in Secure Federated Learning

information (e.g., local gradient and local model parameter) to the parameter server.
e A faulty agent performs adverse actions by uploading faulty model parameters.

The objective of a secure federated learning algorithm is to obtain a convergent and optimal

solution to the following problem [42-44, 47]
Nr
rrgnz Fo(w) (2.1)
n=1

where w is the model parameter, and f,(w) is the loss function of reliable agent n.

Different methods have been proposed to obtain an optimal solution to (2.1) in the pres-
ence of faulty agents. Current methods can be classified into four categories: secure-aggregation
based federated learning, secure-model based federated learning, fault-detection based federated

learning, and preprocessing based federated learning.

e Secure-aggregation based federated learning. The Krum algorithm [43] can generate
a sequence of global gradients, and each global gradient in each iteration has the smallest
sum Euclidean distance to its first Ny — 2 closest local gradients. When the fraction of
faulty agents is less than 50% in each iteration, each global gradient can approximate the
true global gradient. Therefore, the negative effects of faulty agents are mitigated. Using
the fact that the median cannot be skewed by a small proportion of extremely large or small
values, two secure aggregation rules are proposed, namely GeoMed [42] and component-wise
median [44]. Here, Krum is applicable to non-convex loss functions. GeoMed is applicable
to strongly convex loss functions. The component-wise median is applicable to (strongly)

convex and non-convex loss functions.

e Secure-model based federated learning. Secure federated learning algorithms can be
obtained based on problem formulation. For example, a penalty function is introduced
to (2.1). Instead of uploading the local model parameter, each agent uploads a gradient
of penalty function. When the gradient of a penalty function is discrete, the obtained
algorithm is robust to faulty agents [51]. Moreover, a quantitative analysis was performed

in [51] to reveal the relation between optimality and the number of faulty agents.
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2.2. Fundamental Concepts in Q-Learning

e Fault-detection based federated learning. Fault detection can be included to secure
the aggregation of local gradients. For example, the Byzantine stochastic gradient descent
algorithm uses a two-criterion approach to detect faulty agents. Local gradients of reliable
agents can introduce a limited variation of time-average local gradients and limited fluctu-
ation of time-average inner products of local gradient and model parameter. When either

one of the limitations is violated, the agent is detected as a faulty one.

e Preprocessing based federated learning. Using the sample redundancy, DRACO [50]
can remove some undesirable effects of faulty agents. Based on the information theory, the
optimal gradient can be recovered when reliable agents report sufficient information to a
parameter server. Another preprocessing method is named as Bulyan [47]. Bulyan uses
Krum [43] to refine a subset of uploaded local gradients. The parameter server constructs a
global gradient by taking the component-wise average to the refined subset of local gradients.
Since Bulyan is a refinement of Krum by removing several unnecessary local gradients, it
has a more strict limitation on the number of faulty agents. Specifically, the number of

faulty agents is limited to less than 25% of the number of agents.

2.2 Fundamental Concepts in Q-Learning

Q-learning provides a flexible framework for agents to make sequential decisions in an unknown
environment [29]. The goal of agents is to maximize the long-term reward by interacting with
the environment [38]. In the sequel, we provide a brief review of several fundamental concepts of

Q-learning.

2.2.1 Markov Decision Process and Tabular @-Learning

Denote an MDP by a quintuple (S, 4,?P,y,r). The state space is § of size ||, and the action
space is 4 of size |4|. The set of action-dependent transition probability matrices is denoted by
P = {[pS*] € RSXISl|s,s" € S,a € A} where pS* = P(s'|s,a) is the transition probability from
state s to s’ by using the action a. The constant y is a discounting factor. Performing action a
under state s, the agent obtains a local reward r(s, a) that is upper-bounded by rpax.

Let p = {[u5] € RWXIALS = P(als), s € S,a € A} denote a behavior policy of the agent.
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2.2. Fundamental Concepts in Q-Learning

Therefore, a @-function is defined in terms of the discounted reward under the behavior pol-
icy p as

K
0(s.a) =E| )" Y*r(Si. An|S1 = 5. A1 = a (2.2)
k=1

where S} is a random state in slot k, Ay is a random action in slot k following the behavior policy
.
The theory of dynamic programming [115] guarantees that there exists at least one optimal

behavior policy p*, under which the optimal @-function satisfies the Bellman equation

Q" (s, a) =B[Q" (5, a)]
=> i (r(s, a) +ymax Q" (s, a’))

s'eS

where B[] is a Bellman operator.
It has been demonstrated [76, 80, 81] that the Bellman operator B[-] is a contraction mapping
with respect to the fe-norm [76, 80, 81]. Therefore, the optimal @-function can be obtained

through a fixed-point iteration as

Oi+1(Sk, Ar) = (1 — ar) Ok (Sk, Ax) + ax B[Qk (Sk, Ak)] (2.4)

where @y is the stepsize.

When the action-dependent transition probability 2 is unknown, a stochastic approximation
of the fixed-point iteration (2.4) is used. Therefore, the tabular @Q-learning algorithm is proposed
as [74]

Qi+1(Sk, Ak) = (1 — ) Ok (Sk, Ax) + ak (F(Sk, Ar) +y max Ok (Sk1, a'))- (2.5)

Since the iteration in (2.5) works without the action-dependent transition probability matrices

in 2, the tabular @-learning is a model-free algorithm. Based on (2.5), the tabular @-learning

uses an off-policy” method to generate data samples.

9The behavior policy g is unchanged in tabular Q-learning.
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2.2.2 (@Q-Learning With Linear Functional Approximation

The iteration in (2.5) becomes intractable when the number of state-action pairs is large, also
known as curse of dimensionality [38, 82]. Therefore, the linear function approximation method
is proposed to obtain the optimal @-function effectively [116].

Denote the basis function for the initial state s and action a by ¢ (s, a) = [¢1(s,a), ..., da(s,a)]" €

R?. Hence, the approximated Q-function with the initial state s and action a is given by

Q(s,a) ~ O(s,a) = (p(s,a), w) (2.6)

where w € R¢ is the weight vector, and ||¢(s,a)|| < 1.
To approximate the @-function initialized from all the states and actions, one can define a

feature matrix by stacking all the basis functions as
®=1[...,¢(s.a),..]" eRrFIxd (2.7)

where d < |S||4]|. The induced linear space of feature matrix @ is obtained as Q = {(I)'w |w e R4 },
and the feature matrix ® is full rank.

Since the optimal @-function may not belong to the linear space Q, a projection step is
required to obtain the fixed point of approximated Q-function Q(s,a). Therefore, the projected

Bellman equation for the approximate Q-function Q(s,a) is given by
0(s,a) = projq {B[QO(s,a)|} . (2.8)
The equivalent form of (2.8) is obtained as [87, Appendix A]
E|¢(5.a)(r(s.a) +y max($(s'.a).w) - (¢(s.a). )| =0 (2.9)

where w™ is the optimal weight vector.

Mimicking the tabular @-learning, a stochastic approximation of (2.9) is used. Therefore, the
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weight vector w is updated via

Wiyl = Wi + arP(Sk, Ak)(r(Sk, Ap) +y max (P(Sks1,a"), w) = (P(Sk, Ax), ’w>)- (2.10)

Using the feature matrix ® and non-summable and square-summable stepsize @y, one ob-
tains the optimal weight vector w* via (2.10) [87, Theorem 3.4]. With optimal w*, the optimal

@-function is obtained via (2.6).

2.2.3 Generation of Feature Vectors

In this section, we briefly introduce a method to generate feature vectors in this thesis. We
use the tabular representation to maintain a feature vector for each state-action pair. For discrete
state spaces, the number of feature vectors equals the number of state-action pairs. For continuous
state spaces, the state space needs to be discretized by separating equally the state space into
discrete levels. Then, the number of feature vectors equals the number of discrete levels. Since
a linear function is used to approximate the @-function, the value of @)-function is represented
by an inner product of feature vector ¢(s,a) : S x 4 — R? and parameter vector w € R?, i.e.,
0(s,a) = ¢ (s,a)w. Each entry of ¢(s,a) can be generated by cosine function or binary function
[92].

The set of feature vectors appropriate for a given problem is usually chosen by the experts
from the respective discipline. In general, there is no “one size fits all” solution to choose feature
vectors, and the generation of feature vectors is still an open problem within the machine learning

community. Please refer to [117, Chapter 3] for detailed information on feature vectors.

2.3 Fundamental Concepts in Lyapunov Learning

Lyapunov learning uses the Lyapunov drift function and penalty function to handle the envi-
ronment dynamics [30]. Suppose a system has N traffic queues for N UEs. Let g, i be the backlog
of each queue n in slot k. A Lyapunov function C(q) is defined as a scalar function of queue
vector gx = [q1.ks---,qN.k]. When the queue vector gi is unstable, the value of the Lyapunov

function C(qg) approaches infinity as time evolves. Decisions are made in each slot to optimize
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a performance metric Fy while keeping the Lyapunov drift function finite. We present a brief

review of the fundamental concepts in Lyapunov learning.

2.3.1 Queue Dynamics

The value of each queue n is non-negative and evolves with the stochastic arrival and serving
processes, and the initial backlog ¢, o is bounded n =1, ..., N. Note that the arrival rate v, ; and
serving rate r, ; are non-negative random variables in slot k. Based on the arrival and serving

processes, the queue dynamic function is defined as

dnk+1 = max[qn,k — I'n,ks 0] + Yn,k- (2.11)
The value of g, x can represent an amount of remaining tasks. For example, the value of g, ¢
is the number of packets in Chapter 5 (or number of information bits in Chapter 6).

Definition 2.1 (Mean Rate Stable [30]). A queue n is mean rate stable when limy e E[gnx| =

0, where IE[-] is the expectation over all random sources.

When a backlog queue is mean rate stable, the time-average expectation of arrival rate is less
than or equal to the time-average expectation of serving rate. This statement can be justified as

follows. Based on the dynamic function (2.11), we obtain

Gnk+1 — gn.k = MaxX[Vp k = Fnk> Vak — dn.k]- (2.12)

Taking the expectation and the telescoping sums of (2.12) over k =0,1,...,K, we have

E[Qn,K] N E[Qn,K] E[Qn,O] N ZkK=[) IE[Vn,k _rn,k]

- 2.1
K - K K k (2.13)

Setting K — oo, we obtain limg e % Zszo E[vn’k] < limg 00 % Zf:o E[rn’k], where the terms
limg —e0 % Zf:o ]E[vn,k] and limg 00 % Zf:o ]E[rn,k] correspond to the time-average expectations
of arrival rate and serving rate. A mean-rate-stable queue indicates the information bits in such

a queue will depart this queue in finite time.
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2.3. Fundamental Concepts in Lyapunov Learning

2.3.2 Lyapunov Drift Function

We define a scalar quadratic Lyapunov function as C(qr) := %qull2 where the operator
||-]| is the €3-norm. The quadratic Lyapunov function %qull2 is non-negative, and it is equal
to zero if and only if all entries of gi are zero. Generally, there are some other forms of
Lyapunov function according to different applications, such as C(qr) := {(qi,log(1l+qi)) and

C(qy) = Z,I:/:I exp(—ci1(c2 — gn.k))- Here, the parameters ¢; and ¢y are shape-forming constants.

2.3.3 One-slot Conditional Lyapunov Drift Function

With the defined Lyapunov function, we can calculate the one-slot conditional Lyapunov drift

function as

D(qi) := B, [C(qis1) — C(qr)|ax] (2.14)

where the expectation is taken over the random sources ¢, and the drift is a difference of Lyapunov
functions over slots k + 1 and k given gqy.

By introducing a control parameter V > 0, we can define the Lyapunov drift-plus-penalty as
D(qi) +VE, [Fi|qx] (2.15)

where the performance metric Fy can be used to trade for backlogs of queues.
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Chapter 3

Communication-Efficient Robust
Federated Learning Over

Heterogeneous Datasets

A federated learning algorithm can be used for ahead-of-time energy planning upon the
stochastic arrival of traffic demand and renewable energy of SGPCSs. Since the price of ahead-
of-time energy is lower than that of real-time energy'?, performing ahead-of-time energy planning
can reduce the energy bills of wireless operators. Suppose that a set of BSTs is deployed to
cover a specific region. The BST's are connected to the core network and smart grid through a
gateway as shown in Fig. 3.1. Each BST scavenges energy via an energy harvester and collects
log information of traffic demand, renewable energy arrival, and energy prices. The gateway aims
at obtaining a global model parameter that can estimate the demand for ahead-of-time energy of
all BSTs. The global model parameter can be obtained via a standard federated learning process

as follows.
e Given the log information, each BST calculates a local penalty gradient.
e Each BST uploads the local penalty gradient to the gateway.

e The gateway updates and broadcasts global model parameter based on the local penalty

gradients.

In practice, some of the received local penalty gradients at the gateway can be corrupted by
communication failures or malicious actions of hijacked BSTs. As discussed in [43], the corrupted

local penalty gradients can diverge vanilla SGD in the federated learning framework. Therefore,

Onttps://www.aepenergy.com/2018/01/05/december-2017-edition/
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Chapter 3. Communication-Efficient Robust Federated Learning Over Heterogeneous Datasets

Gateway Local Penalty Gradient
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Figure 3.1: Tllustration of a federated learning framework for solving the optimization problem (3.5).

secure federated learning algorithms are required to handle the faulty local penalty gradients.
While some fault-resilient federated learning algorithms have been proposed to deal with faulty
agents such as Krum [43], Bulyan [47], Byzantine SGD [48], Zeno [49], and DRACO [50], they are
designed for homogeneous datasets. However, heterogeneous datasets should be considered while
designing secure federated learning algorithms for the energy planning problem. More specifically,
the log information is used as a dataset at each BST for energy planning of SGPCSs. The UEs’
behaviors can be changed at different BSTs, and the arrival rates of renewable energy can be varied
across different BSTs. The differences in renewable energy arrival rates and UEs’ behaviors result
in heterogeneous datasets at different BSTs. As mentioned in Chapter 1, the RSA framework
[61] is a promising framework to handle heterogeneous datasets. However, the convergence rate
0(log(k)/Vk) of the RSA algorithm in [51] can still be improved such that the communication
overhead is reduced.

This chapter aims at designing secure federated learning algorithms that can reduce the com-
munication overhead of the RSA framework. An FRPG algorithm is proposed to secure federated
learning in the presence of faulty agents. By allowing the agents to exchange information pe-

riodically with the server, an LFRPG algorithm is also developed. Theoretical and numerical
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results confirm that the LFRPG algorithm requires fewer communication rounds than the FRPG
algorithm. Moreover, our numerical results also show that the FRPG and LFRPG algorithms

converge faster than the state-of-the-art fault-resilient federated learning algorithms.

3.1 Problem Statement

Consider a federated learning framework comprising a parameter server and N agents. The

overall loss given by [33]
N
D Falwy) + fo(wo) (3.1)
n=1

where wg € R? denotes model parameter at the server; w, € R? are model parameter at agent n;

and fy(wo) is a regularization function. The local loss at agent n is

fo(wy) = IEX,, [f(wy; X,)] (3'2)

where Ey, [] is the expectation over random data X, with possibly different distributions, and
f(wy; X,) is the corresponding loss with respect to w,, and X,,.
The objective of fault-resilient federated learning is to minimize the loss function in (3.1) in a

distributed fashion subject to the consensus constraints, expressed as
wyg=wy,n=1,...,N. (3.3)

When there are multiple faulty agents, several researchers have demonstrated that obtaining
the minimizer of (3.1) subject to (3.3) is less meaningful [42, 43, 51]. Therefore, the goal will be to
minimize the loss function while avoiding consensus with faulty agents. The server cannot differ-
entiate reliable agents from faulty ones and does not even know the number of faulty agents. The
proposed algorithms should be robust to faulty agents under these challenging conditions. When
analyzing the convergence rate in the presence of faulty agents, Ny agents are assumed to be
reliable among N agents. For notational convenience, we will index the Ny = N — Ny faulty agents

by n=Ng+1,...,N.
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Dropping the losses of faulty agents in (3.1), the optimal solution needs to satisfy

Nr
min Jn(wy) + fo(wo)
v ; o (3.4)

st.wy=w,,n=1,...,Ng.

where w := vec(wg, w1, ..., wWyN).

Without information about faulty agents, it is ideal (and thus not meaningful) for the server
to seek the solution to (3.4). Instead, we will adapt the robust stochastic aggregation approach
[51] by adding a penalty term p,(wo — w,) with weight y > 0 for local loss f,(w,). We will then

provide a solution to the penalized version of (3.4), namely

Nr
min F(w) := ) (fu(wn) +7pu(wo = wn)) + fo(wo). (35)
n=1

Different from (3.4), the penalty terms in (3.5) allow the server parameter wy to differ from
those of faulty agents when heterogeneous datasets are considered. We will select convex and
differentiable {p,(-)}, e.g., of the Huber type. Moreover, the gradients of {p, (-)} for reliable and
faulty agents must be similar, so that the undesirable influence of faulty agents is mitigated. As
shown in Fig. 3.1, the parameter server broadcasts global model parameter wy in each slot. Each
reliable agent n uploads the gradient of penalty yVp,, (wg — w,,) in each slot, and each faulty agent
uploads an arbitrary gradient in each slot.

Our communication-efficient solvers to a non-ideal version of (3.5) will be developed in Sections

3.2 and 3.3, based on the following assumptions about fy, f,, and p,, forn=1,...,N.

Assumption 3.1 (Lipschitz Continuity [118, (1.2.11)]). Regularizer fo has an Lo-Lipschitz con-

tinuous gradient, and f, has an L,-Lipschitz continuous gradient forn=1,...,N.

Assumption 3.2 (Strong Convexity [118, (2.1.20)]). Regularizer fy is strongly convezx with mod-

ulus 6o, and loss f, is strongly convexr with modulus 6, forn=1,...,N.

Assumption 3.3 (Penalty). Penalty function p,(wy — wy,) is conver and differentiable, with

bounded gradients ||Vap,pn(wo — wy)||> < G, and |[Va, pn(wo —w,)||> < G forn=1,...,N.

Note that Assumption 3.1 is easily satisfied. Several functions have Lipschitz-continuous gra-
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(a) Exchange Model Parameter (b) Exchange Penalty Gradient

.. . ‘. .. . Information of Reliable Agent
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Y ) O ® ® ® : @ True Information

Figure 3.2: An illustration of the theoretical intuition of our proposed algorithms.

dients, such as the square of fo-norm, logistic regression function, and multinomial logistic regres-
sion function. Besides, some artificial neural networks also have Lipschitz-continuous gradients
[119]. Assumption 3.2 can also be easily satisfied when the square of fo-norm is added to convex
functions. Assumptions 3.1 and 3.2 are standard when the learning criterion entails smooth and
strongly convex local loss functions. The negative effects of faulty agents can be bounded through
Assumption 3.3, which is satisfied by, e.g., a Huber-type penalty.

Figure 3.2 shows the theoretical intuition for our proposed algorithms. When the model pa-
rameters are exchanged between the server and the agents in Fig. 3.2(a), red dots, blue dots,
and black dot respectively represent the faulty model parameters, reliable model parameters, and
true parameter at the server. When the penalty gradients are exchanged between the server and
agents in Fig. 3.2(b), red dots, blue dots, and black dot represent the faulty penalty gradients,
reliable penalty gradients, and true penalty gradients at the server.

Since the server cannot differentiate the model parameters of reliable agents from the model
parameters of faulty agents, the average aggregation rule in [33] can result in a skewed estimation
of true model parameter at server as shown in 3.2(a). The penalty functions { p,,(-)}r?:1 allow the
model parameter of server to be close but not equal to model parameters of agents. In this way,
the model parameters of server can be different from the model parameters at the faulty agents.
Besides, exchanging gradients of penalty functions can also unified the information from faulty
agents and reliable agents as shown in Fig. 3.2(b). Comparing Fig. 3.2(a) and Fig. 3.2(b), the
negative effects of faulty agents are mitigated by exchanging penalty gradients between the server
and agents. As shown in Fig. 3.2(b), the penalty gradients from faulty agents and reliable agents

are close to the true penalty gradient even when the model parameters of faulty agents can be
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3.2. Fault-Resilient Proximal Gradient

arbitrarily falsified. Therefore, our developed algorithms can still obtain a suboptimal solution to

(3.5) by exchanging the penalty gradients between server and agents.

3.2 Fault-Resilient Proximal Gradient

JL kth slot *
>
Server | Server L Server
A A A
b
Sk
p
Agents | Agents C Agents
>

Figure 3.3: In each iteration of FRPG, the server broadcasts wy ¢, and the agents upload g, ¢, n=1,...,N.

In this section, we present our novel FRPG algorithm for the server to solve the non-ideal
version of (3.5), with N replacing Ny when faulty agents exist. Figure 3.3 shows the communica-
tion protocol of FRPG algorithm, and we will analyze the convergence behavior of our iterative

FRPG algorithm.

3.2.1 Algorithm

Along the lines of [120], the parameter server in our federated learning approach maintains
three sequences in slot k, namely ug x, wo x and vo . The resultant FRPG algorithm updates

these three sequences using the iterations

ugk = (1 — Br)wo k-1 + Bkvo, k-1 (3.6a)
1
wo k= uo.k — —V fo(uo,x) (3.6b)
@0,k
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N
80(vo,k-1 — wo.k) + Vo (uok) + 21 Gn,k

n=
Vo.k = V0 k-1 — 3.6¢
0,k = V0, k-1 50+ a0 kB (3.6¢)

where wy k-1 are the server parameter on slot (k — 1); and likewise for the auxiliary iterates vo x—1;
scalars g x and Bi are stepsizes; and the sum over N in (3.6¢) accounts for the non-ideal inclusion

of faulty agents, where g, x is given by

dn.k = vaopn('wo,k - wn,k)~ (37)

Each reliable agent also maintains sequences w, x, W, x and v, in slot k, that are locally

updated as

U,k = (1 = Br)wn k-1 + PrVn,k-1 (3.8a)
Vi(uni; X
Wy k = W0,k — ProxXypen {’wo,k —Up i+ M} (3.8b)
nLk an,k
On V-1 —u +Vf(u, i X -
Vnk = Unko1 — n( n,k—1 n,k) f( n,k n,k) gn.k (38C)

On + an,kﬁk

where subscript k—1 is the index of the previous slot; while @, x and Sx denote stepsizes as before;

and X, ¢ is a random sample at slot k. Without adhering to (3.8a)-(3.8c), faulty agents generate

N

model parameter {wp i}, n. .

| using an unknown mechanism.
Based on (3.6) and (3.8), our novel FRPG solver of (3.5) is listed under Algorithm 1 with lines
5-12 showing that the agents generate their local model parameter in parallel. The motivations

of several key steps in the FRPG algorithm are as follows.

o After receiving g, k, the server performs summation over all penalty gradients {gn,k}r?:1 as
shown in (3.6¢). Since the server has no information on faculty agents, the negative effects
of faulty agents are mitigated by using bounded penalty gradients {V.,, p,(wo — wn)}r?:l'
More specifically, we observe from the term Zr?:l gn.k in (3.6¢) that the impacts of a reliable
agent and a faulty agent on v are similar. Recalling the bounded gradient property of
penalty, we envision that the number of faulty agents (instead of the magnitudes of faulty
parameters {wn,k},?:NRH) will have influence on the update in (3.6¢). In this case, the

FRPG algorithm is robust to any type of faulty agents.
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o After receiving wo , each reliable agent n performs the local calculation (3.8). In the
presence of faculty agents, it is reasonable to allow a slight difference between the reliable
parameters {wn,k}f:/:“l and the server parameter wy  in slot k. Therefore, the proximal step
in (3.8b) is used to obtain the reliable parameter w, , while retaining a slight difference
from the server parameter wo r, n = 1,..., Ng. Besides, the local parameter w, x is updated
based on Vi, pn(wo x — wy k) when the proximal step (3.8b) is used; otherwise, the local
parameter wy,  is updated based on outdated information V,, p,(wo x — wy k1) that slows

down the convergence.

Note that while our algorithm is inspired by [120], the updates in (3.6) and (3.8) are distinct
in three aspects. The update step in (3.6b) does not require a proximal operation since wg x and
wy,  must be recursively updated. Since FRPG is a distributed algorithm, the update step in
(3.6¢) contains penalty gradients {gn,k}iv: Nit1 from faulty agents. These three differences render

the ensuing convergence analysis of FRPG challenging.

Algorithm 1 FRPG Algorithm

1: Initialize: wy, ¢ and v, for n=0,...,N, and stepsizes as (3.18)
2: for k=1,...,K do
3: The server updates ugx and wy  via (3.6a) and (3.6b)

4: The server broadcasts the model parameter wy x
5: parfor n=1,...,N do > Parallel Computation
6: if n=1,...,Ni then
7: Reliable agent n updates wy, ; via (3.8)
8: end if
9: if n=Nr+1,...,N then
10: Faulty agent n generates faulty parameter
11: end if
12: end parfor
13: All agents upload g, x to the server
14: The server updates vg x via (3.6¢)
15: end for

3.2.2 Convergence Analysis

Our analysis here is for a single realization of X,, in each slot, but can be directly extended to

mini-batch realizations of X,,. Let us define the gradient error at agent n in slot k as

Cn,k = Vf(un,k; Xn,k) -V (un,k) (39)
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and adopt the following assumption on its moments [121].

Assumption 3.4 (Bounded Stochastic Noise). The gradient error (a.k.a. noise) is zero mean,

that is Ex,, , [Ca,x] = 0, with bounded variance Ex,, , N¢nkll?] <02, forn=1,...,N.

When the data samples are uniformly drawn from a local dataset, the gradient error in (3.9)

is zero mean. In our analysis, we consider the worst-case effect of gradient error by choosing a

large value of 2.

Lemma 3.1. If Assumptions 3.1-3.8 hold, eq. (3.6b) implies that

Ngr
L
fo(wo k) — fo(uo) < <Z Gn.k + Co,ks Uo—wo,k>—(ao,k - 70) [l — wo,k”2 (3.10)

n=1

N
29
n=1

N
- <a’0,k(U0,k —wo k) + Z Gn k> Uo — uo,k> , Yug

+

)
Jso.sc = woi| = 5 o = wosl

n=1
here Gox = 2.
where Qo,k = n=Ng+1 9n,k-

Lemma 3.2. If Assumptions 3.1-3.8 hold, eq. (3.8b) implies that

L
Jn ('wn,k) — fu(uy,) < <Cn,k —9Gn.k,Un — wn,k) - (a'n,k - 7n) ”un,k - 'wn,k”2 (3'11)

0
— @k (un,k — Wn,k> Un — un,k) - 7,1 ”un - un,k”2 , Yuy.

As pp(wo — wy) is a convex and differentiable function (cf. Assumption 3), eq. (3.7) implies

that ¥V, pn(Wo.k = Wn k) = —gn.k, and thus
YPu(Wok = Wn k) = ¥Pn (U0 — n) < {(Gn ks Un — W k) = (Gn k> Uo — Wo k) - (3.12)

Summing up (3.10)—(3.12) and using the definition of F(w) in (3.5), we obtain

Nr
Fwi) = F(u) < (Gt — wi ) + |[wo.k — wo (3.13)
n=0

N

Z an,k

n=1
& Ly 2 & On 2

Dk = 5 ot = 0l = 3 G ot =
n=0 n=0
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3.2. Fault-Resilient Proximal Gradient

Nr N
- Z Ank <un,k — Wp k>, Up — un,k> - ao,k(uo,k - wo,k) + Zgn,k, U — U,k
n=1 n=1
where wy := vec(wo k, ..., WnN k), and u = vec(ug, ..., un).

Based on the definition of {px and Assumption 3.3, it follows that ||Co.x|| < Nsllg1.«|l and

12021 gnkll < Nligiell. Using also that llgiill> < ¥*G, X5, gnill < Nligiell and [[Goxll <

|

Lemma 3.3. Under Assumptions 3.1-8.4 and optimal solution uw*, FRPG obtains model param-

Nz|lg1 k||, we deduce that

2
+ ||Co,k||) < y*(N + Np)?G := 0. (3.14)

N
Z an,k

n=1

eter wy, that satisfies

2y2N%G . Y2NiG

Nr
F(wg) = F(u’) < (1= i) (F(wi1) = F(u)) + Y (A5 + Ao k) +

Br (3.15
2, p— 5e (3.15)
where € > 0, while the scalars A5, x and A¢ .k are specified by
2 2
) e,8k+(2to,kﬁk ”’UO _ ’Uo,k—1“2 _ M “UO _ 'UO,kH2 ,n=0 3.16
Sk = n kBE 2 SuPrtaniBy 2 (310
L TR
and
30‘3
—0 _ _—n=0
Ao = 2(2@2:§—3L0) (3.17)
) "= oo N

Using Lemma 3.3, we now assert the convergence of the FRPG algorithm.

Theorem 3.4 (Convergence of FRPG). If under Assumptions 3.1-3.4, the stepsizes are updated

as
S0(k+2)2+3Ly,n=0 2
=1 4 2 and B = - (3.18)
(k422 +Lyn=1,...,N +
FRPG converges as
A[F ~F(u*)+2 410K 2N2G
Fwg) - F(u) < [ (wo) (1; )+ o] | Ao ! +O(7 B ) (3.19)
(K +2) (K +2) 0
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3.3. Local Fault-Resilient Proximal Gradient

where K is the number of communication rounds, while scalars g and Ao are defined as

3 1 2 Gl 2
do = (gao + 5ao,l) i~ ol + 3 g o = vl (3.20)
and
_ 8YN2G+2107 O 702
/110 = 8(50 + £ 126” . (3.21)

As confirmed by the last term in (3.19), FRPG converges to a neighborhood of the optimum
with radius on the same order as that of RSA [51]. Besides, the convergence rate of FRPG is
0(1/K? +1/K), which is faster than 0(log(K)/VK) of RSA. This observation implies that FRPG
is more communication-efficient than RSA. Base on the last term of (3.19), we observe that the
radius increases with the number of faulty agents. Moreover, we can reduce the values of y
and G to improve convergence accuracy. Since each agent reports ¥V, pn(wox — Wy k) where
1V awo P (o, — wn,k)||2 < G, either y or G cannot be zero. Otherwise, the server cannot obtain
useful information from the agents. While achieving a faster convergence rate over RSA, FRPG
still requires the agents to communicate with the parameter server on each slot. Our LFRPG
algorithm developed in the next section reduces this overhead by skipping several communication
rounds.

However, two questions remain: what is the convergence rate of LFRPG, and how does the
convergence of LFRPG depend on the communication period between the agents and parameter

server? We answer these two questions next.

3.3 Local Fault-Resilient Proximal Gradient

3.3.1 Algorithm

To reduce the communication overhead, the LFRPG algorithm allows the server to update
periodically the model parameter wq[i] and the stepsizes @,[i] and B[i] at the start of frame i,
n=0,1,...,Ng (as shown in Fig. 3.4). Here, each frame i consists of T slots. With wug[i], wo[i],

and vg[i] denoting the server sequences in frame i, the model parameter at the server are updated
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1st sl Tthsl
y st slot ‘L v th slot J' R
Server Server | Server
b=
11
F
B
- I
, =
Agents | Agents C Agents | Agents
2 ith frame A4 "

Figure 3.4: LFRPG iteration, where the server broadcasts wq[i] at the beginning of frame i, and the agents
upload 77! Z£=1 gn.k 7] at the end of frame i, n=1,...,N.

as

ugli] = (1 = BliDwoli — 1] + Bli]vg[i — 1] (3.22a)
woli] = upli] — —— fo(uoli]) (3.22D)
aoli]
T N
So(voli = 1] = uo[i]) + Vfo(uoli]) + + ;1 21 Gn.k [i]
voli] = voli — 1] - 5 T ae AT k=lns (3.22¢)

where superscripts i and i —1 are indices of the corresponding frame in the sequences and stepsizes

Blil, apli]; while g, [i] is defined as

Gn k] := ¥V pn(woli] — wy k [i]). (3.23)

Accordingly, sequences at reliable agent n, slot k, and frame i are updated using stepsizes

an[i]. Bli], as

wnilil = (1= Bliwli = 1] + Blilvn -1 li] (3.24a)

wn i [i] = W) = prox ey {'wo [i] = wnx [i] + v (“"”; [i][lf]x””‘ ) } (3.24b)
5n n,k— ] - n ] V n ] ;Xn [ —Yn )

o] = 7] - 220t U= E) 9Tl KoL) 200t [
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3.3. Local Fault-Resilient Proximal Gradient

while the resultant gradient noise is given by

Cn,k [l] = Vf (un,k [l] ; Xn,k [l]) - an (un,k [l]) (325)

Based on (3.22) and (3.24), our proposed LFRPG algorithm is listed in Algorithm 2, where lines
6—13 show that the agents update local model parameter in parallel. To proceed with convergence

analysis of LFRPG, we need an assumption on the per-frame gradient noise too.

Algorithm 2 LFRPG Algorithm

1: Initialize: wo[0], vo[0], w, 1[0] and v, o[1] for n=1,..., N, and stepsizes as (3.34).
2: fori=1,...,1 do

3: The server updates ug[i] and wg[i] via (3.22a) and (3.22b)

4: The server broadcasts the model parameter wé
5: for k=1,...,T do > Local Iterations
6: parfor n=1,...,N do > Parallel Computation
7 if n=1,..., Ny then
8: Reliable agent n updates w, , via (3.24)
9: end if
10: if n=Ng+1,...,N then
11: Faulty agent n generates faulty parameter
12: end if
13: end parfor

14: end for

15: All agents upload % Z{zl Gn.k 7] to the server
16: The server updates v} via (3.22c)

17: end for

3.3.2 Convergence Analysis

Assumption 3.5 (Bounded Stochastic Noise). The gradient noise is zero mean; that is, Ex, [(a.x [i]] =

0, with bounded mean-square error: Bx, [|Cak[i]l1?] < 02, forn=1,...,N.

Lemma 3.5. Under Assumptions 3.1-3.3 and 3.5, eq. (3.22b) implies that

Nr
folwp) = foluo) < <Z gn.x Li] + Coelil, wo - wg> - (aom - %) llwoli] - wolill*  (3.26)
n=1

o] - [i]n—%lluo—uéllz (3.27)

where Coxlil = TN ne 1 Gnklil-
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3.3. Local Fault-Resilient Proximal Gradient

Lemma 3.6. Under Assumptions 3.1-3.3 and 3.5, eq. (3.24b) implies that

Jn ('wn Kl ]) fu(uy) < <Cn k1] = gn.k [l wn — wp i [l]> - (a’n [i] - %) ”'U'n,k[i] — Wn,k [l]”2
(3.28)
—p [l] <un,k [l] — Wp k [i]7 Up — Up k [l]> (3'29)

6n 112
_? “un — Up,k [l]” , Vy,.

Since ug[i] and wo[i] are updated at the start of frame i, we set wo[i] = wo r[i] and wy[i] =
wo i [i] with £ =1,...,7. Summing (3.26) and (3.28), it follows after straightforward algebraic

manipulations that the overall loss at wy [7] := vec(wo « [i], w1 i [7], - .., wn i [{]]) obeys

I|f llwo [i] = wo ]|l (3.30)

Nr
F(wgli]) - F(u) < Z (Cokli] = k[

—Z—Hun—unk alls —Zank (1 [] = Wi,k [i], wn = wn i [])

- Z(an il - %) laoli] - wol il
n=0
_<a,n[](u0 — woli )+Zgnk u6k>

Lemma 3.7. Under Assumptions 3.1-3.3 and 3.5, LFRPG obtains model parameter wy[i] that

satisfies

1 < 1 < ¥2N2G
= Y F(weli]) - Fuw') <(1= Bl = D" Flwi[i = 1]) = F(u") | + =2 Bli]
T e

- - (3.31)

+Z,3 (A1anli] + A15,0[0])
where A14.,[i] and A15,[i] are defined as
302+8y2N2G -0
Aianli] = 4 ZCelT-3Lopae T (3.32)
alil: ) .
Tn n= 1, ey NR

2(anlil-Ln)B2[i]’
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3.3. Local Fault-Resilient Proximal Gradient

and
e+agli]Bli] _ . So+ag[i]B[i] _
Aisali] = 2617 ’ voli 1]” 2671 | Uy — ” n=0 (3.33)
’ nli * . 2 On n i * 112
QQ—T[’] un—vn’T[z—l]” —% un—vn,T[z]H , n=1,...,Ng.

Lemma 3.7 leads to the convergence result for LFRPG.

Theorem 3.8 (Convergence of LFRPG). If Assumptions 3.1-3.3 and 3.5 hold, and stepsizes are

respectively updated as

2i+2)?+3Ly, n=0 9
anli] = and B[i] = 3 (3.34)
Boni+2)?+L,, n=1,...,N r+
then LFRPG obtains model parameter w[I] := T! ZLI wi [I] that converges
21 A7+ 12 NG
F(w[I]) - F(u") < 2+ L hl =~ +o(7 5 ) (3.35)
T(I+2) (I+2) &
where A1g, A17 and Adig are respectively defined as
Ngr ,
i :=Z an[1] ||, = v [0]]| (3.36)
n=1
3 2 4 r
A1z :={ 280 + 2a0[1] ] |Jufy - vo[0]]” + = ZF(fwk ) — 4F (u*) (3.37)
2 TT L
and
R 702 1102 +28y2N2G
dig = n Ot el (3.38)

i35, 5

We observe that the first term of (3.35) converges faster than that of (3.19), the second term
of (3.35) converges with same rate as that of (3.19), and the third term of (3.35) confirms that
the convergence accuracy of LFRPG is the same as FRPG. Therefore, eq. (3.35) reveals that
LFRPG outperforms FRPG in communication efficiency. Based on (3.35), we observe that a long
communication period of LFRPG can only reduce the first term of (3.35) and has no effect on
the second and the third terms of (3.35). In other words, the communication reduction brought
by the intermittent communication of LFRPG is diminishing with respect to the communication

period.
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3.4 Numerical Results

To validate our analytical results, we test the performance of FRPG and LFRPG numerically
on real datasets (USPS! [122], MNIST!? [123], and FMNIST!? [124]). In the USPS set, we use
8,000 data vectors of size 256 X 1 for training and 3,000 for testing. In MNIST, we use 60, 000
data vectors of size 784 X 1 for training, and 10, 000 for testing. In FMNIST, we use 60,000 data
vectors of size 784 x 1 for training, and 10,000 for testing. The top-1 accuracy is the ratio that
predicted labels match the correct labels in the test set of data samples. The predicted labels are
calculated by using the obtained model parameter at the server. The heterogeneity of datasets
was manifested as follows. Each pair of agents is assigned data samples with the same labels, and
50% of the data samples were removed. For example, the data samples with labels 6, 7, 8, and
9 are removed in half of the tests. We consider the Label-Flipping attack [44] and the Gaussian
attack [34] to verify the robustness of FRPG and LFRPG. For the Label-Flipping attack, the
original label y is skewed to 9 — y; while for the Gaussian attack the faulty gradient is set as
e X A(0,1) with ¢ = 1 x 10*. The numerical experiments are run on MATLAB R2018b with Intel
i7-8700 CPU @ 3.20 GHz and 16 Gb RAM.

The multinomial logistic regression was employed as the loss with regularizer (6,/2) |lw,l?.
At the parameter server, we set fo(wg) = (60/2) ||lwoll?>. Huber’s cost with smoothing constant
u =103 was adopted as the penalty function

1 2
m”wo —w,||%, [lwo —wy|| < u

pn(wo —wy) = (3.39)

[|wg — wy]| — % otherwise.
We considered a setting with N = 20 agents, Ny = 16 reliable ones, and weight y = 1.6. The
training data are evenly distributed across the agents. With faulty agents attacking by flipping
labels, the mini-batch size is set to 15; while for those adopting a Gaussian attack, the mini-batch

size is set to 10. To obtain a good top-1 accuracy convergence, we set the stepsizes for benchmark

I The USPS dataset contains grayscale images of postcodes that are automatically scanned from envelopes by
the U.S. Postal Service.

12The MNIST dataset contains grayscale handwritten digits, which range from zero to nine. The digits are
written by high school students and employees of the United States Census Bureau.

13The FMNIST dataset contains grayscale pictures for fashion products from ten categories, namely T-shirt /top,
trouser, pullover, dress, coat, sandal, shirt, sneaker, bag, and ankle boot. The pictures are collected by Zalando
Research.
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schemes to 3/\@. A strongly convex modulus with &, = 0.003 is chosen for n =0,1,...,N; while
the Lipschitz constants for the USPS, MNIST and FMNIST datasets are respectively set to 156,
295, and 524. The agents in LFRPG communicate with the server every ten slots.

We also test communication efficiency in comparison with Krum [43], GeoMed [42], and RSA
[51] benchmarks. To demonstrate the negative effects of different attacks, we employ SGD by
averaging the local gradients of agents heuristically. Figs. 3.5 and 3.6 show the convergence of
FRPG, LFRPG and RSA under Label-Flipping, and Gaussian attacks, respectively. After 4,000
communication rounds, FRPG and LFRPG converge faster than RSA, while LFRPG outperforms
FRPG for the same number of rounds. To reach the same loss value with the FMNIST dataset,
LFRPG takes about 400 communication rounds versus 800 required by FRPG under Label-
Flipping attacks.

MNIST FMNIST

SO 1013“:
g R

—+—RSA —+—RSA —+—RSA
—=—FRPG —=—FRPG —=—FRPG
—-¢——LFRPG —-¢——LFRPG

Loss value
Loss value

oo G x‘M -—e;

400 800 1200 1600 2000 2400 2800 3200 3600 400C 400 800 1200 1600 2000 2400 2800 3200 3600 4000 400 800 1200 1600 2000 2400 2800 3200 3600 4000
# of Communications # of Communications # of Communications

Figure 3.5: The loss values over the number of communication rounds under Label-Flipping attack and
heterogeneous datasets.

AN Ny e

USPS MNIST FMNIST
10* 10*
—+—RSA —+—RSA —+—RSA
—=5—FRPG —=—FRPG —=—FRPG
. ~% —LFRPG - - LFRPG ~9 ~LFRPG

Loss value
Loss value

400 800 1200 1600 2000 2400 2800 3200 3600 400C 400 800 1200 1600 2000 2400 2800 3200 3600 4000 400 800 1200 1600 2000 2400 2800 3200 3600 4000
# of Communications # of Communications # of Communications

Figure 3.6: The loss values over the number of communication rounds under Gaussian attack and hetero-
geneous datasets.

Figure 3.7 compares the top-1 accuracy with Krum, GeoMed and RSA, under Label-Flipping

attacks, respectively. With Label-Flipping, both FRPG and LFRPG converge faster than the

41



Top-1 Accuracy (x 100%)
o o o o o o o
P

IS

3.4. Numerical Results

benchmarks. FRPG and LFRPG also achieve better top-1 accuracy for the USPS, MNIST, and
FMNIST datasets, while Krum fails because it is designed for homogeneous datasets. When the
USPS dataset is used, we observe that the top-1 accuracy of FRPG reaches about 71% after
about 1200 communication rounds, and the top-1 accuracy of LFRPG reaches about 71% after
400 communication rounds. LFRPG allows agents to communicate with the parameter server
every ten slots, during which each reliable agent updates the local model parameter based on
the local dataset. Compared with FRPG, LFRPG has ten times the local computational cost.
Therefore, we conclude that LFRPG can reduce the communication overhead at the expense of
local computational cost. Besides, SGD requires 4000 communication rounds to reach the same
top-1 accuracy as FRPG and LFRPG. GeoMed and RSA require more than 4000 communication
rounds to achieve 71% accuracy. In other words, FRPG and LFRPG can reduce at-least 70%
and 90% of communication overhead when the USPS dataset is used. Besides, the reduction of
communication overhead can also be observed when the MNIST and FMNIST datasets are used.
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Figure 3.7: Top-1 accuracy over the number of communication rounds under Label-Flipping attack and
heterogeneous datasets.

Since Label-Flipping attacks do not change the magnitude of local gradients, their negative
effects on SGD are limited when heterogeneous datasets are used. For this reason, we considered
the more severe Gaussian attack. Fig. 3.8 illustrates that SGD fails in the presence of Gaussian
attacks. However, both FRPG and LFRPG converge faster and achieve better top-1 accuracy
than Krum, GeoMed, and RSA. Using Gaussian attacks and the FMNIST dataset, the top-1

accuracy of FRPG and LFRPG is 4.13% better than that of GeoMed, and 9.89% better than that
of RSA.
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Figure 3.8: Top-1 accuracy over the number of communication rounds under Gaussian attack and hetero-
geneous datasets.

3.5 Summary

Adopting Nesterov’s method, we have studied the fault resilience and communication effi-
ciency issues in the federated learning framework. We have proposed two fault-resilient federated
learning algorithms (FRPG and LFRPG algorithms) that can handle heterogeneous datasets.
We have derived the convergence rates of the proposed FRPG and LFRPG algorithms. Using
different practical datasets, we have performed numerical simulations to show the reduction in

communication overhead. We have obtained the following engineering insights.

e Compared with the RSA algorithm, the obtained convergence rates show that the proposed
FRPG and LFRPG algorithms can reduce the communication overhead from 0 (log(k)/Vk)

to 0(1/k? +1/k). Our numerical simulations also confirm the communication overhead over

the benchmarks.

e Information exchanging between the parameter server and agents are necessary. Therefore,
either ¥y or G cannot be set to zero. Besides, the convergence rate of LFRPG shows that
the overhead reduction resulted from intermittent communication diminishes with respect

to communication period.
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Chapter 4

Linear-Approximate Decentralized

Q-Learning

Motivated by the collaborative spectrum sensing and collaborative spectrum sharing problems
in SGPCSs, decentralized @-learning algorithms become a popular research topic. A potential
application scenario of a decentralized @-learning is discussed as follows. Several secondary BST's
collaboratively sense the spectrum bands of a primary BST, and exchange local sensing results
with its neighboring secondary BSTs. Each secondary BST is powered by renewable energy and
a smart grid, and consumes a certain amount of energy for spectrum sensing and exchanging
local sensing results. Here, the environment state includes a map of spectrum occupancy and the
renewable energy arrival at secondary BSTs. Each secondary BST decides whether to perform
spectrum sensing or energy trading. A secondary BST needs to choose the set of spectrum bands
for sensing if the secondary BST decides to perform spectrum sensing. A secondary BST needs
to determine the number of energy units that will be sold to (or purchase from) a smart grid
if the secondary BST decides to perform energy trading. The reward of each secondary BST
is the number of identified vacant spectrum bands in each slot. The exchanged information
between neighboring secondary BSTs is the local parameter that can characterize the statistics
(i.e., whether the spectrum bands of primary BST are vacant or occupied) for the spectrum bands
of primary BST.

Since the algorithmic and theoretical developments of decentralized @-learning algorithms are
limited, this chapter builds on this research front. In particular, a decentralized Q-learning is
based on a multi-agent MDP, where agents have private rewards and collaboratively optimize a
long-term global reward. Based on local behavior policy, each agent interacts with the environ-

ment and communicates with the other agents within its communication range (i.e., neighboring
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agents). Then, the joint actions of agents determine the state transition of the environment. While
current decentralized )-learning algorithms mainly focus on tabular setups, this chapter proposes
a decentralized ()-learning algorithm using LFA, called the linear-approximate decentralized Q-
learning algorithm. Besides, a finite-sample analysis is performed to quantify the convergence

rate of the linear-approximate decentralized @-learning algorithm.

4.1 Preliminaries and Problem Statement

To facilitate the study of MARL, we begin by introducing some background on the multi-agent
MDP, @-function, and Bellman operators. We refer the readers to sources [29, 38, 115] for more

details.

4.1.1 Collaborative Multi-Agent MDPs and the @Q-Function

Consider a collaborative N-user MDP denoted by a hextuple (S, {ﬂn}f:]: P, {rn}fl\’: 1»Y), where
agents form an undirected network, § is the state space of size ||, and 4, is the action space of
agent n. Moreover, we define the joint action space as 4 = 41 X --- X 4An. The set P = {[pi;sl] €
RISXIAls s € S,a = [a1,--- ,an] € 4} collects all action-dependent transition probabilities,
where pff’ = P(s’|s,a) is the probability of the environment transiting to state s’ when taking
joint action a € 4 at state s € §. Associated with a state transition, each agent n is given a
real-valued reward r,(s,a) that is assumed upper-bounded by ryax > 0, while 0 < v < 1 is the
discounting factor. In this model, we assume that current state s of the environment, its successor
state s’, and the joint action a can be observed by all agents, whereas the rewards {r, (s, a)}VILV: 1
corresponding to each transition are kept confidential for agent n. See Figure 4.1 for a depiction
of such a model.

Let u, : S — A4, denote the policy of agent n, which determines the probability of taking
action a, € 4, at state s € §. The joint policy of all agents is denoted by p = [u1,---, un], which
along with P dictates the state transitions, the trajectory, and the stationary distribution z of
the induced Markov chain {Si}r>1. The quality of policy p is measured by the expectation of

average discounted rewards of all agents given an initial state-action pair (s,a) € S X 4, while
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CEnvi ronment: Sci~ P(Ska=s’| Sk=s, Ak:aD
H il A Al L

@Transition: (S, AKD
| I 3 I |

A5,k| ||"5,k A4,k| Ir4,k AS,kI |r3,k Az,ki |rz,k Al,kl |r1,k
|l |
1

Figure 4.1: Illustration of a five-user MDP. In slot k, each agent n selects action A, i based on state Sk
following policy p,, the environment moves to state Sgi+1, and agent n receives reward ry, k.

following policy p to take future actions—that is, the so-called @Q-function

© N
1
0(s,a)=E ZZykrn,k|S1 =s5,A1=a (4.1)
where ry, k = r,(Sk, Ax), and Ax ~ p(Sk) with & > 1.

4.1.2 Bellman Equation, Function Approximation, and Projected Bellman

Equation

The goal is to obtain an optimal joint behavior policy p* such that the @-function in (4.1)
is maximized for the state-action pair (s,a) € S X 4. For finite-state MDPs, it is well known
[29, 74, 76] that there always exists an optimal deterministic policy p*, which gives rise to the

optimal @-function and satisfies the following Bellman’s optimality equation [61, 81, 82, 87, 125]
0*(s,a) =B[0*(s,a)],Y(s,a) e s x4 (4.2)

where the Bellman operator B[] is defined as

1

N
B[Q*(s,a)] := N Z ra(s,a) +vy Z pfl’s’[g,lzem;c 0 (s’,a)|. (4.3)

n=1 s’'eS
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It has been shown [76, 80, 81] that the Bellman operator B[-] is a contraction mapping with
respect to the fo-norm. In light of this fact, the optimal @-function Q*(s, @) can be asymptotically
found in a decentralized manner using stochastic approximation methods for solving (4.2) with
suitable stepsizes, such as the decentralized tabular Q-learning algorithm [61]. However, when
the state and action spaces become large, the explicit representation of ()-function for large state
and action spaces becomes computationally burdensome or even intractable due to the issue of
curse-of-dimensionality [38, 82]. To overcome this difficulty, a common approach is to combine
the tabular @-learning with parameterized function approximation, such as linear approximators
[82] or a deep neural network [39]. Even though deep neural networks could offer more powerful
approximations, the simplicity of reinforcement learning algorithms with LFA [83-87, 126] allows
us to analyze them in detail.

We focus on LFA of the Q-function. Specifically, the approximate @-function is defined as
Q(s,a) ~ {¢(s,a), w), where ¢(s,a) = [¢1(s,a), ..., da(s,a)]T € R is a basis vector, and w € R¢
is the unknown parameter vector to be estimated, and [|¢(s,a)|| < 1 for all pairs (s,a) € § X 4
[82]. Oftentimes, we have the number of unknown parameters d < |S§||4| required by tabular
Q-learning algorithms, thus offering scalability to deal with large state and/action spaces.

Upon fixing a canonical ordering on the elements (s,a) of $ X 4, we can define the feature
matrix by stacking up the ordered feature vectors as its rows, namely ® = [--- ¢(s,a) ---]T €
RII1AIXd  The induced linear subspace of feature matrix ® is given by Q = {®w|w € R4}. In
general, the optimal @Q-function may not belong to Q, so the exact solution of (4.2) cannot be
obtainable. In the collaborative MARL setting, we are motivated to seek the best approximation
of O*(s, a) in the linear subspace Q , which can be shown to satisfy the so-called projected Bellman
equation

0*(s,a) = proj, {B[Q*(s, a)]} . (4.4)

Due to the unknown transition probabilities and the unknown reward functions, the projected
Bellman equation (4.4) cannot be directly evaluated. Nonetheless, any irreducible and aperi-
odic Markov chain converges geometrically fast to its unique stationary distribution (e.g., [127,
Thm. 4.9]). Similar to the linear-approximate centralized @-learning, an equivalent form of the

projected Bellman equation (4.4) is first established that is amenable to deriving decentralized
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(Q-learning algorithms.
To that end, let X := (s, a,s’) denote a state transition consisting of current state s € §, joint
action a € 4, and the new state s’ € §. Define the centralized TD error that is found with all

local rewards
N

g(w; X) =% D (s @) +ymax ($(s', @), w) - ((s, @), w). (4.5)

n=1
It can be shown that for any irreducible and aperiodic Markov chain, the Q-function Q*(s,a) =
(¢(s,a),w*) evaluated at the fixed point w* € R of the next equation obeys (4.4) for all state-
action pairs (s,a) € $ X 4

Ex[Vf(w"; X)] =0 (4.6)

where VFf(w*; X) := g(w*; X) (s, a), m denotes the stationary distribution of the Markov chain. Please

see Appendix B.1 for a proof and detailed discussions.

Algorithm 3 Linear-Approximate Decentralized @-Learning

1: Input: Stepsize @y, features @, mixing matrix B

2: Initialize: Parameters {wn,l}r];\;r

3:fork=1,...,00do

4: forn=1,...,N do > Parallel computation
Based on current state S, k, agent n takes action A, x according to policy u,
agent n observes the state transition (Sg, Ak, Sk+1) and a local reward ry,
agent n receives parameters from its neighbors as {bn/nwn/’k}”:le

agent n finds estimated action A, 41 via (4.9), and the TD error via (4.8)
Each agent n updates w,, x+1 via (4.10)

10: end for

11: end for

4.2 Linear-Approximate Decentralized @-Learning

The goal is to develop a decentralized stochastic approximation scheme for finding the fixed-
point solution of (4.6) with multiple agents acquiring data along a trajectory of a multi-agent
MDP. Agents are allowed to exchange their local parameters with neighbors over a fixed commu-
nication network. The communication model is described by a mixing matrix B = [bnn] € RVXN
where by, ,» scales the information from agent n to n’. In particular, we extend the decentralized
tabular @-learning algorithm [61] to handle large state and action spaces by LFA. The resulting

linear-approximate decentralized @-learning algorithm is summarized in Algorithm 4.
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In slot k > 1, each agent n takes an action A, ; based on the current state Sy by following
its behavior policy u,, and the environment transits from current state S; to a new state Siii.
Meanwhile, agent n receives a private reward r,(Sk, Ax). Upon observing the state transition

Xy = (Sk, Ag, Sk+1), each agent n computes the local TD error

In.k = Gn(Wy i Xi) = ru(Sk, Ax) + Y max (d(Sk+1, @), Wy k) — (D(Sks Ak), Wn k) (4.7)

=Tk Y <¢nk wn,k> — (k. wy k) (4.8)

where we define r, x = r,(Sk, Ax), ¢k = ¢(Sk, Ax), and q?)n,k = ¢(Sk+1,An,k+1) for notational

convenience, with the estimated joint action An’k.'.l by agent n in slot k given by

An,k+1 = a‘rg max <¢(Sk+1= a‘,)’ wn,k> . (49)

a’eq

Subsequently, agent n updates parameter w, y via the local “stochastic gradient” V f(wy i; Xk) =

gn.k Pk With a stepsize ax > 0, and the parameters {bnf’nwnr,k}fl\le received from its neighbors, by

N
Wn,k+1 = Z bn’,nwn’,k + akgn,k¢k- (410)

n’=1

Similar to centralized @-learning, Algorithm 4 does not require any statistical information on
the multi-agent MDP, operates with fixed behavior policies of agents, and performs no projection
steps unlike that analyzed in [89]. In other words, the proposed linear-approximate decentralized
(Q-learning is a model-free, and off-policy algorithm, whose benefits are that the learning and
data sampling processes are decoupled; and learning process can be conveniently done through
collected data trajectories. Hereinafter, we investigate the convergence properties, especially the

statistical efficiency of Algorithm 4.

4.3 A Unifying Finite-Sample Convergence Analysis

The goal of this section is to analyze the finite-sample convergence performance of Algorithm 4
in a realistic setting where transitions are sampled along a trajectory of multi-agent MDP. For

completeness, learning with both decaying and constant stepsizes will be studied. To proceed, we
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4.3. A Unifying Finite-Sample Convergence Analysis

will need the ensuing assumptions on the communication network and the behavior policies.

Assumption 4.1. The communication network is undirected and connected. The miring matrix
B = [by, ] is non-negative and doubly stochastic, namely ZnNzlbn,n/ =1, Z,I:f:lbn,n/ =1, and

bn’n’ 2 O.

Assumption 4.1 is standard and has been commonly adopted in decentralized optimization
and learning; see e.g., [62, 63, 91, 92, 128]. On the other hand, it is well-known that @-learning
with function approximation can diverge in general [82, 129, 130]. This is mainly because Q-
learning implements off-policy sampling to acquire data, which may render expectation of the
Q-learning update (cf. (4.10)) diverge [131]. Under some regularity condition on the behavior
policy, asymptotic convergence properties of the linear-approximate centralized ()-learning have
been derived in [82]. Finite-sample performance guarantees have recently been provided in [86, 87,
89]. In light of those results, here we also introduce such a regularity condition for the collaborative
multi-agent @-learning on the joint policy w, which is key to perform finite-sample analysis of the

linear-approximate decentralized ()-learning algorithm in Algorithm 4.

Algorithm 4 Linear-Approximate Decentralized @-Learning

1: Input: Stepsize ay, features @, mixing matrix B

2: Initialize: Parameters {wn,l}fl\’:l.

3: fork=1,...,00do

4: forn=1,...,N do > Parallel computation
Based on current state S, x, agent n takes action A, x according to policy u,
agent n observes the state transition (S, Ak, Sk+1) and a local reward ry, 1
agent n receives parameters from its neighbors as {b,,f,,wn/,k}fl\f:l

agent n finds estimated action A, 41 via (4.9), and the TD error via (4.8)
Each agent n updates w, x+1 via (4.10)

10: end for

11: end for

Assumption 4.2. Assume that the Markov chain {Si}r>1 determined by the joint policy p and
the transition probability matrices in P is irreducible and aperiodic. Denote its unique stationary
distribution by m. Furthermore, assume that the joint behavior policy p guarantees the following

condition for all agents n with some constant 0 < cg < 1

V2 Ey g}g(gb(s',a'),wn)?] — Ex [($(s. @), wn)?] < —collw, 2. (4.11)
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4.3. A Unifying Finite-Sample Convergence Analysis

Concerning Assumption 4.1, note that the first part (i.e., the irreducibility and aperiodicity) is
a standard requirement for the theoretical analysis of reinforcement learning algorithms [81, 83—
86, 132]. The second part (i.e., (4.11) for the joint policy) essentially guarantees the stability
of our multi-agent, linear-approximate decentralized ()-learning algorithm, that resembles those
imposed for their single-user counterparts in [82, 87].

When d = |$]|4] and y? > 1/|4], there is no behavior policy satisfying Assumption 4.2 [87].
We consider another case that d < |$[|4]. Setting the left-hand side of (4.11) to be less than
zero, it holds that E[Y, 7°(y? maxaca (@(s,a’), wn)? — Tgca 1S (#(s,a), w,)?)] < 0. One can
employ the inequality ¥? < Yaca t (¢(s, @), wn)? /maxaea (@(s, a’), w,)?, where (¢(s,a), w,)
with @ € 4’ and s € S. Since w, € R? can be orthogonal to at most d — 1 basis functions, we
have |4’| = [4| —d + 1. The inequality on y? implies that the upper bound on y increases with
|4| — d. Thus, we can find a behavior policy satisfying Assumption 4.2 when d < |S||4| and
y%2 > 1/|4|. Therefore, the proposed algorithm aims at solving a category of problems, where
small dimensional feature vectors can represent the optimal Q-function (i.e., d < |5]|4]).

Now, we are ready to analyze the convergence properties of Algorithm 4. Let us concatenate

all local parameters {wn,k}fl\’: , and stochastic gradients {Vf (wp k; Xk)},’lvz | into vectors as follows

Vf (w1; X) f(wi; X)
Vf(w; X) := : and Vf(w; X) := : (4.12)

Vf(wn; X) f(wn; X)

where w = vec(wi, ..., wn), Vi(w,; X) = gu(w,; X)@(s,a) and f(w,;X) = g(w,; X)@(s,a)
based on the local and global TD errors in (4.8) and (4.5), respectively. Moreover, Vf(w) =
Ex [Vf(w; X)|, and it is evident from (4.6) that we have Vf(w*) = 0 with w* := vec(w}, ..., w}) €
RN, With these definitions, the decentralized @Q-learning update (4.10) can be compactly rewrit-

ten as follows

W1 = (B ® Ig) wi + ar Vf (wi; Xi) (4.13)

Our goal now boils down to derive finite-sample bounds on the mean-square error of iterates
wy generated by (4.10) from the fixed point w*. Since dataset {Xy}r>1 constitutes a trajec-

tory of the Markov chain induced by p, the resultant stochastic gradients {Vf(w; Xx)} asso-
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4.3. A Unifying Finite-Sample Convergence Analysis

ciated with {Xx}x>1 are biased estimates of the expected gradient in the limit, i.e., Vf(w) :=
limg 00 Ex, [Vf (w;Xk)], where expectation is taken over samples obtained from the stationary
distribution. This is known as the gradient bias in reinforcement learning algorithms that deal with
Markovian data, which has been the major hurdle challenging their non-asymptotic performance
analyses.

Let us introduce the average operator A = N 11wy ® I; € RNVY that first computes the
average of all local quantities and replicates it N times; and also the difference operator A :=
(In — N"'1yxn) ® 14, which subtracts the averaged quantity (e.g., parameter vector) over all
agents from each local one. Then, we can define the averaged parameter vector w := Aw, and the
difference vector Aw := w—w. Since the mixing matrix B is doubly stochastic, it can be verified

that A(B® 1) = Ing = (B ® I5)A. Then, pre-multiplying both sides of (4.13) by A yields
Wi1 = A(B ® Iy) wi + a AVF (wy; Xi) = Wy + apr AVS (wi; Xi) . (4.14)
Subtracting (4.14) from (4.13), the difference vector Awyg4; = Wg+1 — Wi+1 can be found as follows
Awpy1 = (B ® 1) Awy + ar AV (wy; Xi) . (4.15)

To gain control over the gradient bias, we consider the T-step iteration of (4.14) as
T+k-1 B
Wiar = Wy + A Z a; Vf (wi) + Cr(wi; Xgkar-1) (4.16)

t=k

where the residual (r(wy; Xg.x+7-1) is the T-step accumulated gradient bias.
Before characterizing the convergence properties of Algorithm 4, we begin by establishing

several lemmas.

Lemma 4.1. Fiz any w,w’ € RN4. For each transition X, then Vf(w; X) satisfies that
IVf (w; X) = Vf(w’; X)| < Lllw - w’|| (4.17)

and

IVf (w; X)II < L(Jlw — w”|| + G) (4.18)
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4.3. A Unifying Finite-Sample Convergence Analysis

where L=1+7, and G = ||w*|| + VNrmaxL ™.

Proof of Lemma 4.1 is deferred to Appendix B.2 for readability. Lemma 4.1 shows that the
stochastic gradient Vf(w; Xy) is Lipschitz-continuous in w, which will be useful for controlling

(i.e., upper-bounding) the accumulated gradient bias {7(wg; Xk.x+r-1) in (4.16).

Lemma 4.2. For any w,w’ € RNY, the following holds for f(w) with constant 0 < § < coL™'/2
(w—w', Vf(w) - Vf(w')) < —6L|jw - w'||. (4.19)

Proof of Lemma 4.2 is provided in Appendix B.3. This condition can be viewed as a strongly
monotone property of the nonlinear mapping Vf(w). Using Lemma 4.2, we develop upper bounds

on Cr(wy; Xg.k+7-1) conditioning on wyg.

Lemma 4.3. Let Assumptions 4.1 and 4.2 hold. For any non-increasing sequence of stepsizes

{ar = 0}r>1, the T-step accumulated gradient bias {r(wy; Xk.xe1-1) Satisfies
B [¢r(wi; Xear-D|wie]|| € ek LT[A1(T, k) +ax LTA2(T)](lwi — w*[| + G) (4.20)
where the expectation is taken over Xi.r+r-1, and

I¢r(wi Xesr-)II? < 3aZL2T?[3 + 22 L*T?A5(T) | |lwi — w*||* + 62 L*T*G?*[1 + af L*T?A5(T) |
(4.21)
where A1(T, k) = T™" Zf:kT_l 2c1p" with constants ¢c1 > 0 and 0 < p < 1 depending only on the

induced Markov chain, and Ao(T) = T2 ZtT:_11 t(1+aL)T 1

Proof of Lemma 4.3 is relegated to Appendix B.4. Lemma 4.3 essentially implies that the
accumulated gradient bias {7(wy; Xk.k+7-1) does not grow rapidly in ||wg—w?||, which is indeed the
key in developing our subsequent convergence rate. Noting that ||wi—w*|| < ||wg—wi||+||wr—w*||,
we will divide our analysis into establishing the convergence rate of each of the two terms on the
right-hand-side (RHS); that is, the multi-agent consensus error ||wy — wy||, and the parameter
average estimation error ||wi — w*||.

To start, we formally present the convergence results of ||Awg|| = ||wr — wg|| in the cases of

decaying and constant stepsizes in Lemma 4.4, whose proof is provided in Appendix B.5.
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Lemma 4.4. Consider the iteration (4.13) with non-increasing stepsizes {ax > O}r>1, and let
co € [0,1) denote the second largest singular value of the mizing matrix B. Under Assumptions 4.1

and 4.2, the following results hold true for any initialization w;.

i) When decaying stepsize ay = aL™ [k is used with @ < (1 — ¢2)/2, we have that

Qv N max
AW || < (o +2a)K|[Aw || + % (4.22)
where ¢3 > 0 is some constant defined in (B.42).
ii) When constant stepsize ay = aL™" is used with @ < (1 — ¢2)/4, we have that
2aVN
[Aw|| < (c2 +2@)" |Aw: || + M (4.23)
L(1-c¢9)

To establish the convergence rate of ||wg —w™||, we note from Lemma 4.4 that the T-step gra-
dient bias {r(wg; Xk:.k+7-1) in (4.20) is bounded. This motivates us to consider a T-step Lyapunov
function Cr x = % Zf:kT |, —w*||?, where T is a parameter chosen such that convergence can be

ensured. Before presenting the main results, we derive an upper bound on the drift of the T-step

Lyapunov function in Lemma 4.5.

Lemma 4.5. Let Assumptions 4.1 and 4.2 hold. For any mon-increasing stepsizes {ar = 0}rs1
with a1 < ae, there exist € > 0 and Te > 1 such that: 1) A1(Te, k) < T log(1+Te)5/2 — € for
decaying stepsize ay = aL™' [k with @ < (1 —c2)/2, or 2) 11(Te, k) < 6/2 — € for constant stepsize
ax =aL ™t with @ < (1 —cg)/4. Then, the drift of the Te-step Lyapunov function is upper bounded

by

E[Cr, ka1 — Cr. k| < —€ar LT E[||wy — w*|1?] + A3(Te, ax) E[[|Awg [|*] + 2ax LTe G*A4(Te, i)
(4.24)

where

A3(Te, ap) = 1807 L*TZ + 120 L*T2A5(Te) + 47 T2 [1 + AT (Te, k) + af L*T225(T) | (4.25)

A(Te,ar) = A1(Te, k) + 3arLTe + @ LTe A2(Te) + 32 LPT2A5(Te). (4.26)
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Proof of Lemma 4.5 is presented in Appendix B.6. At this point, two remarks come in order. By
means of carefully considering a multistep Lyapunov function, a unifying upper bound on the drift
of the Lyapunov function is obtained for both decaying and constant stepsizes. Moreover, the
bound in (4.24) couples drift, consensus error, and average parameter estimation error altogether.
The following two subsections will analyze the average parameter estimation error under decaying
and constant stepsizes separately. The convergence rates of linear-approximate decentralized Q-

learning will then be established for decaying and constant stepsizes.

4.3.1 Decaying Stepsize

When the decaying stepsize in Lemma 4.4 is used, we formally establish the convergence rate
of ||wr —w*|| in the following theorem, which relies critically on the results in Lemmas 4.1-4.5. Its

proof is provided in Appendix B.7.

Theorem 4.6. Let Assumptions 4.1 and 4.2 hold. Let € > 0 and Te > 1 satisfy 11(Te,1) <
T-'1og(1 +Te)8/2 — €. Choosing stepsize ay = aL™'/k with @ < min{La., (1 - c2)/2}. Then for

all k > 1, we have that
Zes

e (4.27)

1
SElll -] <
where c5 := max{E[CTs,l] ,(:46_1@_2Tg1 exp(2aTe)}, and c4 is a constant defined in (B.75).

Note that cg reflects the connectivity of the communication graph [133]. When c¢3 = 0, each
agent n can directly exchange local weight w, with the other agents in the system. When c»
increases from zero to one, each agent n can directly exchange local weight w, with less and less
agents in the system. When c9 = 1, each agent cannot talk with other agents. Based on Lemma

4.4 and Theorem 4.6, we have the following observations.

e Based on (4.4), we observe that smaller co leads to smaller c2 + 2@ given @, and thus the

first term on the RHS of (4.4) converges faster.

e As shown in (B.42), we observe that c3 is a monotonically increasing function of co. Given
@, we observe that a smaller value of ca can make the second term on the RHS of (4.4)

converge faster.
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e From (B.75), we observe that ¢4 is a monotonically increasing function of ¢3. Hence, the

term ||wy — w*||? converges faster with a smaller value of ¢y based on (4.27).

Based on the above three observations, we conclude that the linear-approximate decentralized
(Q-learning converges faster when each agent n has more agents to exchange directly the local
weight (i.e., smaller value of ¢3).

Since T reflects the mixing time of the N-agent MDP, we observe that the terms ]E[(DTE,]_]
and cqe '@ 2T ! exp(2aT,) are monotonically increasing with Te. If an initial state distribution is
close to the stationary distribution induced by a behavior policy g, the mixing time of the N-agent
MDP decreases. Thus, the convergence rate of the linear-approximate decentralized )-learning
is improved.

Given the fact that all stochastic gradients in (4.10) and the initialization w; are bounded, it is
evident that E[Cr, 1] = 3 X1_, lw, —w*||? is bounded. Using E[|lwy — w*||?] < 2E[|lwy — wi ] +
2]E[||1Dk - w*||2], and putting the results of Theorem 4.6 and Lemma 4.4 together, we can derive

the convergence rate for the linear-approximate decentralized ()-learning in Algorithm 4.

Corollary 4.7. Under the assumptions and conditions in Theorem 4.6, the following inequality

holds for all k > 1

1 . 2 - 25 20222 .«
N]E[llwk - w|?] < y(ca+ 22) B [||Aw1 ||*] + e k—?’g (4.28)

Corollary 4.7 characterizes the relationship between convergence rate of wj and iteration
index k. The first and the third terms on the RHS of (4.28) correspond to the convergence of
wy to wy at rate 1/k?; while the second term incorporates a gradient bias that vanishes at rate
1/k. Corollary 4.7 shows that Algorithm 4 with suitable decaying stepsizes enjoys a sub-linear
convergence rate of O(1/k). It is known that tabular @-learning converges at rate O(1/k) too
[81]. We conclude that the rate of our linear-approximate decentralized @-learning matches that
of tabular @-learning. Moreover, when compared with the finite-sample results of the centralized
linear-approximate (-learning in [87], our error bounds in (4.28) hold for all k > 1, whereas
those of [87] become available only after a mixing-time of updates. Moreover, our convergence

rate O(1/k) is tighter than the rate O(log(k)/k) provided in [87].
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4.3.2 Constant Stepsize
Leveraging Lemmas 4.1-4.5, we establish the convergence rate of ||wy; — w*|| with constant
stepsizes in Theorem 4.8. Its proof is provided in Appendix B.8.

Theorem 4.8. Let Assumptions 4.1 and 4.2 hold. Choose € > 0 and Te > 1 such that 11(Te,1) <

§/2 — €. Fiz any constant stepsize @ = L™ with @ < min{La, (1 — c3)/4}. Then, it holds for all

k >1 that

1 _ a2l o 2E[Cra] o 2 S o

NIE[llwk —w'|?] < — e sk =D+ s ;)(1+a/) ¢ (4.29)
where cg = 1 — el /ST 1+ @), ¢7 = LS(’%j;Z)Ag(TE,@L—l) + L2826 4 205(T,) + eal. +

6aTeA3(Te)] and

423(Te,aL™") [ck - (c2 + 20)* 1E[|Aw:|1?]  8ac1G?(ck - p*)

15(k) = Nleo — (cz +2077] " Neo—p)(T=p)

(4.30)

Again combining Theorem 4.8 and Lemma 4.4, the convergence rate of Algorithm 4 with

constant stepsizes can be summarized in the following result.

Corollary 4.9. Under the same assumptions and conditions in Theorem 4.8, it holds for all k > 1

that
1 , 2E|Cr, 2E ||| Aw; |2
—B[[lwe - w’||?] < Mc’g‘l +As(k—1) + M(c2 +22)20D 4 2geg  (4.31)
N N N
_ C7 Te_l —~\2T 4ér§1ax
where €8 = o1 Xrso (1+a) + ooy

Corollary 4.9 asserts that Algorithm 4 converges exponentially fast to a neighborhood of the
optimal vector w*, whose size can be made arbitrarily small by taking small enough a. Specifi-
cally, the first two terms in (4.31) are associated with the linear convergence of E[||wk - w*||2],
the third term captures the convergence of ]E[llwk —wk||2], while the last term defines the
neighborhood. We further observe that a smaller stepsize can increase the convergence rate of
E[llwk - wk||2] at the expense of sacrificing that of E[||wk - w*||2]. Different from the two-phase
convergence behaviors [84, 86, 87, 92], our results feature a single-phase convergence to an a-

neighborhood of the optimal vector w*.
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4.4. Numerical Results

4.4 Numerical Results

In this section, we present simulation results to demonstrate the performance of linear-
approximate decentralized @-learning. We consider a six-agent MDP, where the six agents can
talk through a predefined topology. The six-agent MDP has 20 states, and each agent can choose
three actions. For each state-action pair, the reward is generated by following the standard uni-
form distribution, and the feature vector is generated by cosine functions. Dimension of features
d, value of y and stepsize aj are respectively set as 30, 0.7, and @ = 77/L(k + 3 x 10%) where
L =1+y. For each action, the state transition matrix is set as %120)(20. The mixing matrix B

of the predefined topology is set as

—11 1-
330003
$ 33000
o 1 L 1 g ¢
3 3 3

ENE (4.32)
OOggg()
1 1 1
000333
1 1 1
3 000 3 3

Iterations “10° Iterations <10°
(a) y=0.5 (b) ¥=0.9

Figure 4.2: Convergence behavior of the proposed linear-approximate decentralized @-learning.

Figure 4.2 shows the convergence of the linear-approximate decentralized ()-learning under
different values of y. Given discounting factor y, we observe that a larger 77 leads to a faster

convergence. For example, Fig. 4.2(a) shows that it takes 6 x 107 iterations to convergence for the
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case 77 = 100, while extra 3x10° iterations are required by the case 7 = 60 to converge. Given 77, we
observe that a larger discounting factor y requires more iterations to converge. When comparing
Fig. 4.2(a) and Fig. 4.2(b), we observe that the case with 7 = 100 and y = 0.5 takes around
6 x 10° iterations to converge. When y increases to 0.9 given 7 = 100, it requires 8 x 10° iterations
to converge. This is because a larger discounting factor y requires the @)-function to store more

historical information, which slows down the linear-approximate decentralized @-learning.

4.5 Summary

In this chapter, we have addressed policy optimization in a collaborative MARL setting, where
agents cooperate to learn an optimal @Q-function in a fully decentralized manner allowing only
simple neighboring communications. We have proposed a decentralized @-learning algorithm.
Considering a single state-action trajectory of a multi-agent MDP, we have established the con-
vergence rates of the proposed algorithm for decaying and constant stepsizes. Our rate results
match the rates of tabular ()-learning, but improve upon those of existing linear-approximate

centralized ()-learning.
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Chapter 5

Grid-Energy Expenditure
Minimization in SGPCSs

Applying renewable energy to wireless communication systems is an effective way to reduce
the energy bills of wireless operators. When a BST is solely powered by renewable energy, the
unpredictable and intermittent arrival of renewable energy can result in power outages of BST.
Therefore, the BST needs to obtain electricity from the power grid and renewable resources.
While the harvest-store-use and harvest-use-store strategies suffer from the imperfections of stor-
age media, the harvest-use-trade strategy can avoid such imperfections (See Chapter 1). Besides,
the harvest-use-trade strategy can also generate revenue for wireless operators by selling surplus
harvested energy to the power grid by using the two-way energy-trading capability in SGPCS.
Therefore, this chapter aims at solving the TAEGEE minimization problem in a single-cell SG-
PCS by considering the random system states (e.g., CSI, ESI, and packet arrival) and long-term
communication QoS constraints. The decisions are dependent across different slots when optimiz-
ing a time-average expectation under long-term constraints. The analysis method of Lyapunov
learning is adopted to reformulate the TAEGEE minimization problem as per-slot subproblems.
Solving each subproblem, the BST can directly obtain beamforming vectors for each slot. Since
each subproblem is non-convex, two algorithms (i.e., SABF and ZFBF algorithms) are proposed
to obtain the suboptimal solution to each subproblem. The convergence behaviors of SABF and
ZF¥FBF algorithms are established, and the corresponding computational complexities are analyzed.

Besides, the properties of the obtained beamforming vectors are investigated.
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Grid Energy

Figure 5.1: An illustration of SGPCS with N UEs.

5.1 System Model and Problem Statement

Consider the downlink transmissions of an SGPCS with a BST and N UEs. The BST is
equipped with d antennas, and each UE is equipped with a single antenna. Fig. 5.1 shows
that the BST is powered by the smart grid and energy harvesters, such as photovoltaic panels
and wind turbines. The BST can obtain instantaneous CSI by exploiting channel reciprocity and
handshaking signals. The UEs receive information from the BST via beamforming in the downlink
period. The SGPCS operates in discrete-time mode with index k, k = 1,2,..., denoting a unit
duration; therefore, the term “power” and “energy” can be used interchangeably. We assume that
the channel fading and renewable energy arrivals follow the block-based model, where the channel
coefficient vectors and renewable energy arrival rate remain constant during each slot and vary
over different time scales. Specifically, the CSI changes over different slots, and the ESI varies
over several slots. This assumption is reasonable because the coherence time of the renewable
energy arrival is generally longer than the channel coherence time [134]. In this chapter, we do not
consider the storage of renewable energy; therefore, the BST can sell the surplus renewable energy
to (or purchase energy from) the power grid via a smart meter. Moreover, such an operation can

reduce the GEE of SGPCS.

61



5.1. System Model and Problem Statement

5.1.1 Signal Model

Allocating each UE n with a beamforming vector w,, the received signal at the UE n at slot

k is obtained as

N
H H
Ynk =l Wn i + E Ry c Wik + znk (5.1)
l#n

where z, x ~ CQ\C(O, 0'3) is the additive white Gaussian noise (AWGN) at UE n; w, & is the single-
stream beamforming vector for the UE n in slot k; and h, € C is the channel coefficient vector
of UE n in slot k, and each entry of h, x is a circularly-symmetric complex Gaussian (CSCG)
random variable with mean zero and variance w,!, where w, is the pathloss of UE n. Here, we
note that the vector h, ; captures the composite effects of multipath fading and pathloss. We
consider that the SGPCS operates in time-division-duplex mode. At the beginning of each slot,
each UE sends a pilot signal to the BST. After receiving the pilot signals, the BST estimates the
channel associated with each UE that sends the pilot signal. Since each UE facilitates each uplink
transmission with a pilot signal, the BST can exploit the uplink reciprocity to update periodically
the downlink CSI for BST-UE links.

The received signal-to-interference-plus-noise ratio (SINR) of UE n in slot k is given as

| w, k|
SINR,, = mk 7

. (5.2)
SN R w2 +o?

A certain amount of power is consumed to enable the information transmission [135]. In

particular, the power consumption of SGPCS is denoted by
1 N 2
PP = EZ |[w ||” + P (5.3)
n=1

where n is the efficiency of the power amplifier; the term P is the circuit power which is
calculated as [135]

PC™ = 0.87P5" + 0.1dPS" + 0.03d2PS° (5.4)

where the linear term of d in (5.4) represents power overhead of MISO pilots, and the quadratic
term of d in (5.4) stands for power overhead of MISO signal processing. Note that since our

objective is to minimize the energy expenditure for access links, we ignore the power consumed
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for backhaul transmission in this work.

5.1.2 Grid Energy Expenditure Model

Since the renewable energy arrival varies over several slots, we denote the renewable energy
arrival rate in slot k by E;"*V. Setting the price of purchasing (selling) a unit energy from (to)

the power grid as y;, > 0 (ys > 0), the GEE in slot k is calculated as
F(PEST) =y [PEST _ EIIjAV]’r — v [EII;IAV _ PEST]"' (5'5)

where [x]* = max[x,0]. To avoid the operator of SGPCS making non-justifiable profit, the

operator of smart grid should set y, > ys > 0.

5.1.3 Packet Rate and Traffic Queues

For the wireless data traffic, multiple modulation and coding schemes (MCSs) can be used
to achieve tradeoff between the data rate and the transmission reliability [136]. High order
modulation schemes, which allow more information bits to be transmitted per symbol, shorten
the Euclidean distance of the signal constellation points. Therefore, more errors occur in the
decoding process. Various coding schemes, accompanied with the modulation schemes, are used
to adapt to the channel variations. Decreasing the coding rate leads to a decrease in the effective
packet rate. Suppose that a packet has C information bits, and an error occurs when one of the

C information bits is erroneously decoded. Hence, packet rate of UE n in slot k is obtained as

C
con | [[1 = P(SINR,, 0] (5.6)

=1

where cg , is packet transmission rate of UE n in slot k, and P (SINR,, r) is the error probability
of rth bits for UE n in slot k. Using the approximation method developed in [137], we obtain the

correct packet reception rate as

Co,n
1+ exp(—c1,,[101logo(SINR,, £) — c2.4])

where c¢1,, and ¢z, are MCS specific parameters.

63



5.1. System Model and Problem Statement

Dividing the packet departure process and packet arrival process at UE n by cg ,, we obtain

the normalized packet rate as [20]

1
1+ exp(—c1.,[101og o (SINR, k) — ca.n])

T'n,k (5.8)

Given the fixed MCS and noise-free channel model, the BST-UE rate is determined by ¢, as
shown in (5.6) and (5.7). When noise and interference are considered, decoding errors may occur
for each bit of a packet. In our formulation, we consider that a packet can be correctly decoded
when each bit of the packet is correctly decoded. Therefore, the packet rate, its approximate
version, and its normalized approximate version are respectively shown in (5.6), (5.7), and (5.8).
In other words, the normalized packet rate is a sigmoid function of SINR as shown in (5.8) when
the joint impacts of data rate and decoding error are considered. Besides, the packet rate of UEs
are controlled by tuning adaptively the beamforming vectors of UEs as shown in (5.8).

The BST maintains N access queues to buffer the random arrival packets for the corresponding
to the N UEs. Denote the backlog of each access queue n in slot k by ¢, x. Thus, the backlog of

access queue n evolves as

+
Ay = (D = Tnk]” +vnk (5.9)
where v, ¢ € (0,1) is normalized packet arrival rate, which is assumed to be an independent and
identically distributed over different slots with mean value v, = E[vn,k].
5.1.4 Problem Statement

After obtaining the instantaneous CSI and ESI, the BST performs dynamic beamforming
to minimize the time-average expectation of GEE in the SGPCS with harvest-use-trade proto-
col. Based on the aforementioned description, the time-average GEE minimization problem is

mathematically formulated as follows.

e Access queue constraints:

~n=1,..., N, is mean rate stable. (5.10)

Traffic queue ¢
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e UEs’ SINR constraints:
SINR,x > yy"%n=1,...,N (5.11)

where v, " is required SINR of UE n. This set of constraints is used to guarantee that the

packet error probability of each WN is at an acceptable level in slot k.

e Transmission power constraint: Due to the circuit limitation, the transmission power is

limited by

N
Dl i* < e (5.12)
n=1
where P™®* is the maximum transmit power of BST.

Our objective is to minimize the time-average expectation of GEE under the constraints on
access queue (5.10), instantaneous SINR requirement (5.11), and transmit power (5.12). To in-
corporate the uncertainty of ESI, the objective function is defined as the time-average expectation
of GEE. Therefore, we can obtain the corresponding problem via a stochastic optimization model

as

K
1
min lim — Y E|F(PEST 5.13a
{Wn,k}n,k K—o K kZ:; [ ( k )] ( )
s.t. (5.10) — (5.12). (5.13b)

The optimization problem in (5.13) is a cross-layer optimization because it considers the effects

of CSI, ESI, and packet failure while designing the beamforming vectors.

5.2 Dynamic Cross-Layer Beamforming via Lyapunov Learning

Since the problem (5.13) includes the time-average objective function and time-average con-
straints in (5.10), it is challenging to solve the problem (5.13) via standard convex optimization.
Therefore, we leverage the Lyapunov learning technique to obtain a set of slot-by-slot subprob-
lems, whose solutions satisfy the time-average constraints in (5.10). Moreover, we also reveal a
tradeoff relation between the GEE and access delay of UEs.

We first construct a Lyapunov drift-plus-penalty function with respect to the time-average
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objective (5.13a) and constraints in (5.10) as
D(q) +VE.,  [F(P")la; ] (5.14)

where t1 ; = {hn,k,EEAstn,k},Ilvzl is the set of random sources; q; := [q7;,....qN ;]; and V >0

is an introduced control parameter. The one-slot conditional drift function D(q,‘:) is defined as

1

D(a) = 5Eu |latn | - lai I a2 | - (5.15)

Lemma 5.1. When the random sources in t1 i are independent and identically distributed over

slots, the upper bound of Lyapunov drift-plus-penalty function in (5.14) is derived as [30]

N
Dap) +VEw  [F(PEai] < N+ VE,, [F(PEDgE] + 3 4 i Buyy [y = ralal] . (5.16)

n=1

It can be shown that the minimizer to the right-hand side of (5.16) given the random set ¢ &
and backlog of access queues q; is also a feasible solution to the problem (5.13). Moreover, a
tradeoff relation between the GEE and the average backlog of the traffic queues will be revealed
in Theorem 5.2. The introduced control parameter V is used to control the tradeoff between the
GEE and the average backlog of the traffic queues. Thus, the RHS of (5.16) is useful in developing
the dynamic cross-layer beamforming algorithm.

We observe that the constant N and the term E,, , [vn, k |q,‘3] have no effect on the beamforming
vectors. Minimizing the conditional expectation IE,, , [VF(PEST) - ZnN:1 qﬁ’krn’k|q£] can be ma-
nipulated as minimizing VF (P}°") — ZnN:1 q,‘j’ .k after obtaining the random set ¢1 x and backlog
of access queues g; according to the principle of opportunistically minimizing an expectation [30,
Section 1.8]. Hence, we can simplify the original optimization problem (5.13) according to (5.16)

as

N

nin VE(PET) - A (5.17a)
n,Kk Jn,K n:l
sit. SINR, x 2 yp"%n=1,...,N (5.17b)
N 2
D i < P, (5.17¢)
n=1
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5.2. Dynamic Cross-Layer Beamforming via Lyapunov Learning

Note that the objective function of problem (5.17) is non-convex, which is still challenging to
be handled by standard convex optimization methods. Hence, we are motivated to obtain the
suboptimal solutions to the problem (5.17). Besides, different beamforming techniques induce
different feasible regions of problem (5.17). We will introduce the feasibility check methods for

the developed beamforming techniques.

Algorithm 5 Dynamic Cross-Layer Beamforming Framework

1: In slot k, the BST observes backlogs of access queues g, channel coefficient vectors {hn,k}fl\’: , and the
amount of harvested energy E}'4Y
if the optimization problem (5.17) is feasible then
The BST obtains GEE of slot k via solving suboptimally the optimization problem (5.17)
else
The BST obtains GEE of slot k via choosing randomly the beamforming vectors {wn,k}ﬁl\’= , under
the transmit power constraint (5.17¢)
end if
7: The BS updates backlogs of access queues q,‘? according to (5.9)

@

When the optimization problem (5.17) is feasible, we can apply the respective algorithm
to solve (5.17) as shown in line 3 of Algorithm 5. When the optimization problem (5.17) is
infeasible, the BST will equally allocate the transmit power to each UE and randomly generate a
beamforming vector as shown in line 5 of Algorithm 5. Following the procedures in Algorithm 5,
the beamforming vectors {w, i}, are updated per slot. Algorithm 5 achieves a tradeoff between

the GEE and access delay of UEs, and the quantified tradeoff relation is revealed in Theorem 5.2.

Theorem 5.2. Suppose the random sources in {t1 x }x are independent and identically distributed
over slots, and the initial expected backlog of access queues E[||q?||2] < oo, When the expected
traffic arrival rate v, is in the stable region of system for n=1,...,N, the proposed Algorithm 5

achieves the following properties.
1. Each access queue g , is mean rate stable [30] forn=1,...,N.

2. The time-average expected GEFE is upper bounded by

K

1 N

dim = > E[F(PF)] < AL (5.18)
k=1

FSOPT

where is the mazimum suboptimal value of GEE in (5.17).
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3. The average backlog of access queues is upper-bounded by

K N + V(FSOPT _ Fmin)
lim <
k=

Jim % D D Elan,] < - (5.19)

1 n=1
where F™ js the minimum GEE.

Following the Little’s law, the backlog of access queues is proportional to the access delay of
UEs (i.e., v, xdelay = average queue length). Therefore, we obtain two conclusions from Theorem
5.2: 1) the output of Algorithm 5 is a feasible solution to the problem (5.13), and 2) the tradeoff
between the GEE and access delay of UEs is quantitatively revealed. More specifically, the time-
average expected GEE of SGPCS is reduced by increasing the control parameter C at the expense
of increasing access delay of UEs, and vice versa. We also observe that the proposed Algorithm 5
does not have a limitation on the number of antennas for UEs; therefore, the proposed Algorithm

5 can be used to the multiple-input and multiple-output channels.

5.3 Design of Beamforming in Each Slot

We observe that the BST needs to consume a certain amount of power to guarantee the
instantaneous SINR constraints in (5.17¢). Since the transmit power of BST is upper-bounded
by P™#* the problem (5.17) can be infeasible under certain CSI and network scenarios when
{y,P[EQ}YILV: 1 is too high. Hence, the feasibility of (5.17) should be checked via solving the following

optimization problem

find {wn,k}yllvzl

st. SINR, x >y, "% n=1,...,N (5.20)

N
Z [wn x| < P
n=1

The optimization problem (5.20) can be solved by standard optimization techniques, such as
a second-order cone programming [138] and uplink-downlink duality based algorithm [139].
To deal with the non-convex terms {SINR, x}', in the objective function (5.17), we intro-

duce a set of auxiliary variables {/ll,n,k},llvz |- Performing several mathematical manipulations, the
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optimization problem (5.17) is recast as

N A
9,k
min VF(PEST) — i 5.21a
{wn ko dn i N, (i) ; 1+ exp(—c1,,[101ogo(SINRy, &) — c2,n]) ( )
s.t. SINRn,k >Apk-n=1,...,N (5.21b)
SINR,x > yr*%,n=1,...,N (5.21¢)
N 2

D il < P, (5.21d)

n=1

Note that the constraints in (5.21c) are active at each suboptimal point; otherwise, the ob-
jective function (5.21a) can take a strictly smaller value by increasing {/ll,n,k},]lvz ,- Based on this
observation, we can also conclude that each local optimal value of 1y, satisfies the following
inequality

Ak 2y hn=1,...,N. (5.22)

The major challenges in solving (5.21d) are two folds: 1) the sum-of-ratios component in the
objective function (5.21a), and 2) the non-convex constraints (5.21b) and (5.21c). We leverage
the Lagrangian duality theorem to deal with the sum-of-ratios component in (5.21a) and obtain

an equivalent form of problem (5.21), which is established in Theorem 5.3.

Theorem 5.3. If {wy i, d1,n i}, satisfy the Karush-Kuhn-Tucker (KKT) conditions of the op-

timization problem (5.21), we can conclude that there exist parameters

1
c = 5.23a
Sk = exp(—c1,,[1010g19(A1,n.k) — €c2.1]) ( )
qA
Coni = ok (5.23b)

1+ eXp(_Cl,n [10 loglo(/ll,n,k) - CQ,n])

such that an optimization problem has the same KKT conditions as in (5.21), which is shown as

N
min VF(PEST) + Z C3.n,kC4,n,k eXp(—Cl’n[lo 10g10(/11’n’k) — Cg’n]) (5.24&)
{wn,ka/ll,n,k },1:]=1 n=1
s.t. SINR,x > Ay pi,n=1,...,N (5.24b)
SINR,«x >y, n=1,...,N (5.24c¢)
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N
> wnl* < P, (5.24d)
n=1
We note that the GEE F(P®T) in (5.24a), can be reformulated as
F(PEST) = (yp — y5) [PEST = EFNV]" 4y, [PEST — EFAV] (5.25)

which is a convex function of {w,})V,. The second term of (5.24a) is a convex function of
{ﬂl,n,k},],vzl- Hence, the objective function (5.24a) is a convex function of {wn,k,/ll,n,k}flv:l. Intro-
ducing two constants c¢3 .k and c4 .k, Theorem 5.3 shows the equivalence between the problems
(5.21) and (5.24). Moreover, the objective function in (5.24) is strictly convex such that the
complexity of obtaining the solution to (5.24) is lower than that of (5.21). In the remaining part

of this chapter, the design of algorithm is based on the optimization problem (5.24).

5.3.1 Successive Convex Approximation Based Beamforming

To handle the non-convex constraints in (5.24b), we use the successive approximation tech-

nique. Introducing another set of auxiliary variables {A2,.x}” ,, we can reformulate the optimiza-

n=1’

tion problem (5.24) as

N
min_ VF(P®") + Z C3.n.kCank €Xp(—c1.n[1010g,0(A1.n.k) — C2.n]) (5.26a)
{yl,n,k },1:]:1 n=1
i 2
st > il < P (5.26b)

hg,kwn,k > ﬂz,n,k\//h,n,k,n =1,...,N (5.26(1)

O'n kwlk' <A pk.n = 1,...,N (5.266)
I#n

Tm(hf i) = 0,0 =1, N (5.26f)

where 9y = {Wn k> A1,n.k> A2.n.k} 18 the set of optimization variables, and the operator Im(x)
takes the imaginary part of a complex value x.

We justify the equivalence between the problems (5.24) and (5.26) based on the following
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two arguments: 1) forcing the phase of hg’ «Wn.k to zero does not change the value of the objec-
tive function since rotating the phase of w, x leads to the same value of |h;‘,kwn,k|, and 2) the
constraints in (5.26e) are active. See Appendix C.4 for detailed proof.

The remaining non-convexity of problem (5.26) comes from the constraints in (5.26d). We

recast (5.26d) into a quadratic-over-linear term as

) cwn il
ok TR /1% i, (5.27)
/ll,n,k T

which is a joint convex function of w, x and A , k, and has a liner lower bound as

Mk AT AT

o 2 7.H H H 2
B wnal? 2Re(w] thu kbl ywak) (IR w0 |
1,n,k 1,n,k

)Al,n,k,n =1,...,N. (5.28)

where T represents the iteration index.
Using (5.28), we obtain the convex approximation of the non-convex constraints in (5.26d)

successively in each iteration 7 as

AT A7

T,H H H 2
2Re(wn,k h"vkhn,kw"’k) 1y Wy ]
1,n,k 1,n,k

)Al,n,k 2 /lg’n’k’n = 1"'-’N- (529)

Finally, we obtain a convex approximation of problem (5.24) as

N
minN VF(PPY) + Z C3.n.kCan.k €Xp(—c1.,[1010g19(A1.n.k) — c2.n])
{9/1,n,k }n=1 n=1 (530)

s.t. (5.26b), (5.26¢), (5.26¢), (5.26f) and (5.29).

Using (5.23a), (5.23b) and (5.30), we summarize the procedures of the SABF algorithm in
Algorithm 6. The proposed SABF algorithm converges to a solution that satisfies the KKT
conditions of (5.21), and the proof is relegated to Appendix C.5.

5.3.2 Zero-Forcing Beamforming

The SABF algorithm incurs a high computational complexity since multiple auxiliary variables

are introduced. Therefore, we are motivated to investigate the low-complexity algorithm by using
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Algorithm 6 SABF Algorithm

1: Initialize: iteration index 7 = 0, stop threshold €, maximum number of iterations 77"**, and backlogs
of access queues q;*

2: BST obtains a feasible point {w? k}N , via (5.20)
3: BST respectively updates {19 . O {c3 . O, and {cf MY via (5.22), (5.23a), and (5.23b)
4: repeat
5: Te—T1+1
6: Via {w] ! AT nlk,cg nlk, . L 3., BST solves the problem (5.30), and obtains {wz,k,/limk}flv:l
T BST updates ‘the following parameters:
¢t = !
kT4 exp(—cl,n[lologlo(/lin,k) —ca.n])
A
c? _ qn,k
LT 1 exp(=c1,[1010g19(A] , ) = €2,n])
8: BST stacks cT’k = [cg LEs g,va] and cik = [cil,k, e ,CZ’N’k]

©

4kck
<e€orT>Tm¥
—

until <€ and Y—5—F"
|| 5 || |

the ZFBF technique, where the beamforming vectors are designed to null the interference among
UEs. However, to perform ZFBF, the number of transmission antennas should be equal to or
larger than the number of UEs (d > N).

To derive the ZFBF vector, we first decouple the power p, x from the corresponding beamform-
ing vector wy k, n = 1,...,N. Then, we define the channel coefficient matrix and beamforming
matrix as Hy = [h1,...,hny ] and Wi == [wi, ..., wn k]. One each choice of Wi that has

zero-interference is the pseudo-inverse of Hy as
Wi = Hy(H'Hy) ™. (5.31)

Since H,'W}, = I, we respectively obtain the ZFBF vector and receive signal-to-noise ratio
for UE n

wy k = Wi(:;,n) and SNR,, x =

Puk (5.32)

On

Using the beamforming vector w, x in (5.32), the effective channel gain of UE n is |Jw, ||~
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[140]. Based on (5.32) and effective channel gains {||wn,k||‘2}£]:1, we obtain

N
min VF(PPT) + Z 3. kCank €Xp(—c1,[1010g19(Prk0y2) = canl)

{pn,k }n:1

n=1
< 2 (5.33)
s.t. an,k [wn ] < P :
n=1
Puk = Y02 n=1,...,N.
Note that the feasibility check of (5.33) as a linear problem is
find {pn, i}y
N
56 Pk fonill < P (5.34)
n=1
Pk = Y02 n=1,...,N.
The corresponding c3 ,.x and cy4 .k reduce to
1
C3,n,k = ) (5.35a)
1+ exp(—c1,n[1010g1o(pn,k0 ") — c2,n])
qA
Cank = nek (5.35b)

1+ eXp(_Cl,n[lo loglo(pn,ko'r;% - cQ,n]) .

Based on the above analysis, we propose the ZFBF algorithm, the detailed procedures of which
are summarized in Algorithm 7, and the proposed ZFBF algorithm converges to a KKT point of
(5.24) with d > N.

5.3.3 Complexity Analysis

The major complexity of the SABF algorithm in slot lies in the iteration loop in lines 6-8.
Therefore, we focus on analyzing the computational complexity of the iteration loop. Moreover,
the major computational complexity in the iteration loop comes from solving problem (5.30)
via the interior-point method. Hence, we evaluate the worst-case computational complexity of
solving (5.30) via the interior-point method and multiply it by the number of iterations 7"**.
Problem (5.30) belongs to the class of second-order conic optimization. The number of second-

order cone with dimension dN is N + 1, and the number of linear constraints is 3N. Thus,
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Algorithm 7 ZFBF Algorithm

1: Initialize: iteration index 7 = 0, stop threshold €, maximum number of iterations 77"**, and backlogs
of access queues q;*
BST obtains a feasible point {p?l’k}flvzl via (5.34).
BST updates {cg,n’k}r]:’:1 and {cg’n’k}fl\lzl via (5.35a) and (5.35b)
repeat
Te—T1+1
Via {37!, ¢l Y | BST solves the optimization problem (5.33), and obtains {p? , }V |

3.,n,k’> “4,n,kIn=1’ ’
BST updates the following parameters:

1

S 1+ exp(—c1,,[10 IOgIO(p;,k0-n_2) —c2.n])

A
. qn,k

C =
LK L exp(—c1,n[1010g1(P]  0w2) = C2.0])

T
c3,n,k

. T o— T T T o— T T
8: BST stacks c3 = [03’1’]{, . ,c3’N’k] and Cip = [04,1’,(, . ..,c4,N,k]

T _T-1
€3,k %3,k

T-1

T _c‘r—l

€4k Cak
—

! ‘

Cak

until <€ and <e€eortT>Tm

©

the number of iterations to solve (5.30) is O(loge ' V4N + 1), where € is the required accuracy
[141, 142]. Since the number of variables is (d + 2)N, the computational complexity in each
iteration is 0((d + 2)N?[3 + d*>(N? + N) + (d + 2)°N]). The computational complexity of the
SABF algorithm is O(log 6‘1Tfnaxm(d +2)N?[3+d*>(N?+ N) + (d+2)?N]). Since the ZFBF
algorithm has N + 1 linear constraints and N variables, following similar arguments, we obtain
the number of iterations to solve (5.33) as O(log e 'WN + 1), and the computational complexity in
each iteration is O(N(N?+N+d?)). Therefore, the computation complexity of the ZFBF algorithm
is O(log E‘lTlm”X\/mN(N2 +N +d?)).

We observe that the ZFBF algorithm has a lower computational complexity than the SABF
algorithm. The next section will show that the SABF algorithm has a lower GEE than the ZFBF
algorithm. Hence, the proposed SABF and ZFBF algorithms provide the operators with flexibility

in balancing the performance and convergence.

5.4 Numerical Results

In this section, we present simulation results to evaluate the proposed dynamic cross-layer

beamforming framework with the SABF and ZFBF algorithms. The pathloss of UE # is calculated
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5.4. Numerical Results

as

wy, = 17.3+38.31log g kn +24.910g( f dB (5.36)

where «k, is the link distance of UE n, and carrier frequency f, = 2.1 GHz.
The BST is associated with three UEs and is equipped with six antennas. The distance between
BST and UE is set as 200 m, and it is a representative value for cell-edge UEs. The AWGN power

is set as 1 x 10710-7

mW. The power amplifier efficiency, maximum transmit power, baseband
processing power of BSTs are, respectively, set as n = 0.8, P™®* = 27 dBm and P5" = 20 dBm.
The minimum SINR requirement y;~* = 2 dB. The MCS related factors are set as c1, = 0.451
and ¢z, = 20. Unless otherwise specified, the purchasing and selling prices of a unit energy is
set as ¥, = 1.6 x 107 cents/slot/mW and y, = 0.6 x 107 cents/slot/mW. The average traffic
arrival rate is set as v, = 0.3 packets/slot, the arrival rate of renewable energy is 150 mW'4, and

the duration of slot is set as 1 ms. The value of control parameter V is empirically tuned to

demonstrate tradeoff between the GEE and access delay.
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Figure 5.2: Number of iterations for the SABF and ZFBF algorithms, obtained for 30 different channel
realizations with control parameter V = 0.001 and initial backlog of access queue as g, 0=5,n=1,...,N.

Figure 5.2 illustrates the number of iterations for the SABF and ZFBF algorithms obtained
for 30 different channel realizations. We select the initial point of the SABF algorithm as the
output of the ZFBF algorithm when the ZFBF algorithm is feasible; otherwise, we randomly select
a feasible point of SABF algorithm in the feasible region. Therefore, the number of iterations

for the SABF algorithm is counted as the summation of iterations for finding a solution to the

MFor notational convenience, milliwatt is used to measure the arrival rate of renewable energy. In our system
setup, 1 mW = 1 x 107 joules/slot.
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ZFBF algorithm and the local optimal solution. We observe that the SABF and ZFBF algorithms

can converge to the local optimal value within 30 iterations in most of the considered channel

realizations.
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Figure 5.3: An illustration of moving-average queue dynamics and GEE with window size 50.

Figure 5.3 illustrates the dynamics of access queues of each UE and the GEE over 1000 slots.
The prices of purchasing a unit of grid energy varies per 250 slots, and the prices are set as
1.6 x 107 cents/slot/mW, 1.9 x 107 cents/slot/mW, 1.3 x 107 cents/slot/mW and 1.8 x 107
cents/slot/mW. The dynamics of access queues demonstrates that combining the proposed dy-
namic cross-layer beamforming framework with the proposed SABF algorithm and ZFBF algo-
rithm can stabilize the access queues of SGPCS. We also observe that a larger control parameter
V leads to a larger backlog of access queues and a smaller GEE. We conclude that the access delay
of UEs increases with the control parameter V based on Little’s law. These observations confirm
that the proposed dynamic cross-layer beamforming framework can effectively control the average
transmission power via tuning V. We also observe that the GEE fluctuates at around the 250th,
500th, 750th, and 1000th slot, and the fluctuations come from the variation of the purchasing
price of grid energy.

Figures 5.4 and 5.5 show the tradeoff between the annualized average GEE and access delay
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Figure 5.5: The access delay of UEs under different power budgets P™® and required SINR y;"<.

of UEs under different transmit power budgets of BST P™2* and required SINR y;"?. Here,
the GEE is annualized by considering the duration of a slot as 1 ms. We observe from Fig. 5.4
that the annualized average GEE decreases monotonically with the control parameter V, and the
average access delay of UEs increases with the control parameter V. Therefore, the operator of
SGPCS can tune the control parameter to achieve the target GEE at the expense of access delay
of UEs. The SABF algorithm performs better than the ZFBF algorithm in the annualized average
GEE and access delay under different parameter settings. We also observe that the performance
gap in access delay increases with the control parameter V. For example, the gap of access delay
increases from 0.27 slot to 0.83 slot when the power budget of BST is 24 dBm. This is due to the
fact that a large control parameter V means a stringent demand for GEE and a loose requirement
for access delay. Moreover, a large power budget of BST P™#* gives the BST more flexibility

to allocate the transmit power over different slots such that the GEE decreases when the power
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budget of BST increases from P™** =24 dBm to P™®* =27 dBm.
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Figure 5.6 illustrates the impact of required SINR on the annualized average GEE and access
delay of UEs. We observe that a larger value of required SINR results in a larger GEE between
the SABF and ZFBF algorithms. This observation can be explained by the fact that more energy
needs to be consumed to satisfy the instantaneous SINR requirements. Increasing the value of
required SINR also diminishes the gap of access delay between the SABF and ZFBF algorithms.
This is due to the fact that the ZFBF algorithm can obtain a near-optimal solution in the high
SINR region, for example, y5~? > 6 dB in our setting. Fig. 5.7 shows that the annualized average

GEE monotonically decreases with the arrival rate of renewable energy. This observation confirms

that the application of renewable energy can reduce the energy bills of wireless operators. For
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example, the GEE can be reduced by 33.65% and 63.73% when arrival rates of renewable energy
are 150 mW and 300 mW with the control parameter V = 0.003. Besides, Figs. 5.6 and 5.7 also
confirm that the proposed SABF algorithm performs better than the ZFBF algorithm in GEE

and access delay of UEs.

5.5 Summary

We have developed cross-layer beamforming algorithms in the SGPCS using harvest-use-trade
strategy, where the BST can purchase electricity from the smart grid if the harvested energy
is insufficient and sell the surplus harvested energy to generate revenue. We have leveraged a
Lyapunov learning model to formulate the TAEGEE minimization problem. Reformulating the
TAEGEE minimization problem into a set of per-slot Lyapunov drift-plus-penalty minimization
problems, we have revealed a tradeoff between the time-average expected GEE and access delay
of UEs. For example, setting a large value of control parameter V, the GEE can be reduced at
the expense of large access delay of UEs. Therefore, the operators can set the control parameter
according to the arrival rate of renewable energy. Due to the non-convexity of per-slot Lyapunov
drift-plus-penalty minimization problem, two suboptimal algorithms, namely SABF and ZFBF
algorithms, have been proposed. The SABF algorithm outperforms the ZFBF algorithm in both

GEE and access delay of UEs at the expense of a higher computational complexity.
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Chapter 6

Joint Scheduling and Beamforming in
Multi-Cell SGPCS With Energy

Coordination

Chapter 5 investigates the application of renewable energy in a single-cell SGPCS and demon-
strates that using renewable energy can reduce long-term GEE. The present chapter develops
algorithms for integrating renewable energy into a multi-cell SGPCS. Besides, the present chapter
considers the local energy exchanging among BSTs. More specifically, user scheduling, beam-
forming, and energy coordination are investigated in the multi-cell SGPCS, where the BSTs are
powered by a smart grid and renewable energy resources. Heterogeneous energy coordination (i.e.,
energy merchandising with grid and energy exchanging among BSTSs) is considered in the multi-
cell SGPCS. On the one hand, users need to be rescheduled over several slots to avoid draining
users’ battery quickly (see discontinuous reception mode!® in LTE). On the other hand, beam-
forming and energy exchanging need to be performed to adapt the channel variations in each slot.
Therefore, a two time-scale resource allocation algorithm is required to minimize the long-term
GEE in the multi-cell SGPCS. While the proposed algorithms in Chapter 5 are designed for one
time-scale resource allocation, a practical two time-scale algorithm is required to schedule users in

16 and obtain the beamforming vectors and amount of exchanged renewable energy in

each frame
each slot. Base on the finite-sample analysis method, we prove that the proposed two time-scale
algorithm can asymptotically achieve the optimal solutions via tuning a control parameter. The

computational complexity of the proposed two time-scale algorithm is analyzed.

15https ://www.sharetechnote.com/html/Handbook_LTE_DRX.html
161n our system setup, each frame consists of several slots.
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6.1. System Model and Problem Statement
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Figure 6.1: An illustration of multi-cell SGPCS.
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6.1 System Model and Problem Statement

As shown in Fig. 6.1, we consider the downlink transmission of a multi-cell SGPCS with M
BSTs. Each BST is equipped with d antennas. BST m is associated with N, single-antenna UEs.
Therefore, the total number of UEs is N = 2%21 N,,. Each BST connects to the core network
and UEs via an optical-fiber link and wireless links, respectively. Moreover, each BST is powered
by renewable resources (e.g., solar and/or wind) and a smart grid. A two time-scale framework
is considered for scheduling UEs, design beamforming vectors, and exchange renewable energy.
Since the arrival rates of renewable energy and channel-coeflicient vectors vary at different time
scales in practice [134], the arrival rates of renewable energy and channel-coefficient vectors are
respectively updated over frames and slots. Here, each frame consists of T discrete slots. We
respectively denote the indices for the frame and slot as frame i and slot & with k =1,...,T and
i=0,1,...,00. Following Chapter 5, each slot has unit duration; therefore, the terms “energy”

and “power” are used interchangeably.

6.1.1 Signal Model

Let h! € C4 denote the channel-coefficient vector of link between UE n and BST m (or

m,n,k

the (m,n)th access link) in slot k of frame i. Each entry of hﬁn . follows CSCG with mean zero
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and variance w,,,,, where w,, , is the pathloss of the (m, n)th access link. We define the scheduled

m n»
UE indicator as a, ,[i] which equals to one when the (m,n)th access link is scheduled at frame
i; otherwise, it equals to zero. Hence, the received signal and SINR of the (m,n)th access link in

slot k of frame i are, respectively, denoted as

ym,n,k[] amn[]hmnk wmnk +Z\/am] mnk wmlk[]

Jj#n

+ZZ ar,jlilhy, g lilwj kil + Zmn il (6.1)

[#+m j=

and
am.nli] |h§1 n.k [i]wim n.k [i] |2

INTRA[] + INTER ] + 02 1]

SINR .1 [i] = (6.2)

where the term zp, [i] ~ CA(0, 02 ,) is the AWGN of the (m,n)th access link in slot k of frame
i 'wfn . is the single-stream beamforming vector for the (m,n)th access link in slot k of frame i;

and the intra-cell interference and inter-cell interference are, respectively, given as

I = am iRl 4 (11w i [0 (6.3)
J#n
and
NJ
INTER] = 3N g LRy g 1w L. (6.4)
l#m j=1

Hence, the data rate of the (m,n)th access link in slot k of frame i is given as rp, ,i[i] =
log(1 + SINR n x [{])-

Based on (6.1), the consumed power of BST m in slot k of frame i is denoted by

1 .
PRI == > llwl,, P+ Po® (6.5)

T wenieT i

where the circuit power consumption is defined as Po® := PSP (0.87 + 0.1d + 0.03d?) with PSF as
the consumed power on baseband processing of BST m [20]; and 7 is the power amplifier efficiency

of BSTs. Here, A(;°"[i] denotes the set of scheduled UEs of BST m in frame i.
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6.1.2 Energy-Coordination Model

As shown in Fig. 6.1, the BSTs have two options to perform the heterogeneous energy coor-
dination: 1) energy merchandizing via the on-grid power lines; and 2) energy exchanging via the
local power lines.

Energy merchandizing. Since smart meters enable BSTs to trade energy bi-directionally
with the smart grid, BSTs can purchase/sell energy when the renewable energy of the BSTs is
insufficient /surplus. Let ¥, and 7y, respectively denote the price of unit energy when the BSTs
purchase from and sell to the smart grid. Following Chapter 5, we set y, > ys = 0 to avoid the
redundant energy merchandizing.

Energy exchanging. Another way to share energy is leveraging the local power lines. Due
to the issues of regulation and resistive loss, the BSTs are partially connected as shown in Fig.
6.1. Let @y— i [i] and @i, i [i] respectively denote the amount of power delivered from BST
m to BST [ and vice versa in slot k of frame i. Two-way energy flow needs to be avoided in a

specific slot. Hence, we include the energy-flow constraints as
Wm—l,k [i] + Wi—m,k [i] = 0. (66)

The case @1k [i] = 0 indicates that the renewable energy is delivered from BST m to BST
[, and vice versa. Moreover, @,—m k[i] =0, m =1,2,..., M. We formulate the attenuation of
local power lines by considering the efficiency of local power line between BST m to BST [ as
Ym—t € (0,1) with y,—1 = xi—m. Let the set A(,,, be the neighbor BSTs who have one-hop local
power lines to BST m. The amount of net exchanged energy via the local power lines for BST m

in slot k of frame i is denoted as
Eelil= " max @i [il Ymor@morilil} (6.7)
leNm

The amount of net exchanged energy in (6.7) is calculated as follows.

e When the value of @, «[i] is positive, the energy is flowing from BST m to BST [ in
slot k of frame i. The net output energy of BST m and net input energy of BST [ are,

respectively, @, [7] and ym—i@m—ix[i]. Therefore, the net output energy of BST [ is
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—Xm—1Tm—i.k|i]. Recalling the energy-flow constraints in (6.6) and the fact x,u—; = x1—m,

the net output energy of BST [ is yi—m@i—m. « [i].

e When the value of @, «[i] is negative, the energy is flowing from BST / to BST m in slot
k of frame i. Following similar arguments, we respectively obtain the net energy outputs of

BST m and BST [ as xm—i@m—i.k[i] and @j_m k[i].

The wireline delivers electricity using electrons, and the electrons are uniformly distributed
in the wireline. When voltage increases between two ends of a wireline, the electricity can be
exchanged between two BSTs in real time. In practical system, changing the direction of electric
current can take some time (i.e., turnaround time). However, we assume the turnaround time to
be zero to exploit the upper bound of grid-energy saving when the renewable energy is used in
the multi-cell SGPCS.

Using energy merchandizing and exchanging, the GEE of BST m in slot k of frame 7 is

calculated as [20]

+
T Vs

. . L1 .
F(Poc i) = (v = ys) | Pl + Bl = 2B 1]

1
Pl + ETEL - ?E;‘;W[i] (6.8)

where EJAV[i] denotes the amount of harvested renewable energy of BST m in frame i. Since
arrival of renewable energy remains stable in a frame, the amount of harvested renewable energy
by BST m is 3 EZAV[i].

When the (m,n)th link has a larger inter-cell interference term, BST m will consume more
energy to guarantee a certain SINR requirement based on (6.2). Based on (6.5) and (6.8), the GEE
of BSTs is a function of BSTs’ transmit power and exchanged energy. To reveal the interaction
between exchanged energy and inter-cell interference, we assume the same renewable energy arrival
rates at the two BSTs. When inter-cell interference is zero, the renewable energy will flow from
the low-load BST to the high-load BST'7 for the compensation of energy usage. When inter-
cell interference increases, the energy exchanging direction will depend on the level of inter-cell
interference and traffic volume at the two BSTs. When the associated UEs of high-load BST

suffer more interference than UEs of low-load BST, the high-load BST will consume more energy.

7By comparing the traffic volume (i.e., backlogs in access queues), the BST with lower traffic volume than
another BST is termed as low-load BST; otherwise, the BST is termed as high-load BST.

84



6.1. System Model and Problem Statement

Therefore, the renewable energy flows from low-load BST to high-load BST.

6.1.3 Traffic Model

Access queue. At each BST, we consider that BST m maintains N, access queues for the
associated UEs. The dynamic equation for the nth access queue of BST m (or the (m,n)th access
queue) is given as

an,n,k.ﬂ [l] = qrAn,n,k [l] —VTm,n,k [l] + Vm,n,k [l] (69)

where g2

ke lil and g2 [i] are the backlogs of the (m,n)th access queue in slots k +1 and &

of frame i with q111\1,n,T+1 [[]] = q,‘;’n’l [i + 1]; Vink [i] and rp 0k [i] are, respectively, the arrival rate
and data rate of the (m,n)th access queue in slot k of frame i.

Processing queue. At each UE, we consider that UE n of BST m (or the (m,n)th UE)
maintains a processing queue (or the (m,n)th processing queue) for upper layer processing corre-
sponding to the (m,n)th access queue. The dynamic equation for the (m,n)th processing queue
is given as

qz’n’k+1 (i) = qz{,,n,k [i] - Sm,n,k [i] + "m,n,k [7] (6~1O)

where qz’n’kﬂ (i) and q}jm’k [{] are the backlogs at the beginning of slots k+1 and k of frame i with
q}jq,n,Tﬂ [i] = qi,nsl[i + 1]. We consider the constant processing rate of the (m,n)th processing
queue. Therefore, the processing rate s, ,«[i] = min{Em,n,qi’n’k[i]} where §,,, denotes the
constant processing rate of the (m, n)th processing queue.

Here, we consider that the (m,n)th UE is associated with an access queue g’ ’n’k[i] at the
BST m and a processing queue at the (m,n)th UE. The motivations can be justified as follows.
Since the transmit power of BSTs is finite, the data rate of the (m,n)th UE ry, , «[i] is limited.
Therefore, a buffer (i.e., access queue) is required at BST m to store the data that has not been
transmitted to the (m,n)th UE. When the (m,n)th UE has limited computational capability, a
buffer (i.e., processing queue) is required to store the unprocessed information bits that have been
received at the (m,n)th UE. Note that the system setup of access and processing queues can be
adopted to delay insensitive traffics (e.g., file transfer and hypertext transfer traffics).

In practical systems, the values of arrival rate v, .« [i], data rate ry, , i [{] and processing rate
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Sm.n.k [i] are bounded as

maX]

Vm,n,k [l] € [07 14

Ym,n,k [l] € [O’ rmaX] (611)

Sm,n,k [l] € [O’ smaX]

max

and s

where y™max,  pmax

are, respectively, the maximum arrival rate, maximum data rate and
maximum processing rate.

The average arrival rate of the (m,n)th access queue and the average processing rate of the
(m, n)th processing queue are, respectively, given as v, , := ]E[vm,n,k[i]] and 8, 1= E[sm,n,k[i]].
Moreover, the average arrival rate vector is given as ¥ = vec(vi1,...,Vm Ny, ), and the average

processing rate vector is given as § = vec(51.1, ..., 5M . Ny, )-

6.1.4 Problem Statement

Our objective is to minimize the time-average GEE via designing jointly the scheduled UE
indicators {am n[i]}mni in each frame and the beamforming vectors {wu, .k [i]}m.n.k,i and ex-
changed renewable energy variables {@,— [i]}m.1.ki in each slot. Due to the lack of knowledge
on stochastic arrival of renewable energy and variations of channel states, we consider the following

constraints in the time-average GEE minimization problem:

e Rate-limit constraints:
Pk [1) < g i lilin=1,... ,Nyandm=1,....M (6.12)

which guarantee that each BST does not transmit blank information in slot k of frame i.

e Dynamic proportional-rate constraints:

rmnk[i] qrAnnk[i] ACT[] ACT[] ( )
= ——— nenN il,j EXN il\m,l=1,....M 6.13
rijlil g, L " :

which guarantees that the UE with larger backlog obtains a better service rate in the

respective slot.
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e Slot-level power constraints:

D k] < PR m =1, M (6.14)

neNACT[i]
where P)** is the maximum transmit power of BST m.

e Queue-stable constraints:

1
1
lim sup 7 Z E[qfn’n’l [i] + G [i]] < o0,Ym,n (6.15)
i=1

I —oo
which guarantee that the data of UEs will be served in finite time.

As a result, the TAEGEE minimization problem is formulated as

I T M
1
min lim — E|F(PET[i 6.16a
{wm,n,k [i]’am,n [i]’wmﬂl,k [l] }m,l,n,k,i I—o0 IT ; ; ’; [ ( m,k[ ])] ( )
s.t. (6.6) and (6.12) — (6.15). (6.16b)

When the proportional ratios are not set according to the backlog at access queues as shown in
(6.13), certain BST's will waste some time slots. This observation can be justified by the following
three-UE case. Suppose that we have ql‘;’l,k [{] = 2 nats/slot/Hz, qrAn’Zk [{]] = 3 nats/slot/Hz,

and ¢*

m

3171 = 5 nats/slot/Hz. Setting the rate ratios of the three UEs as ry,1,k[i] : rm,2,k[i] :
rm3.kli] =1 :1:1. When the optimal rates are r, 1 x[i] = rm.2.k[i] = rm.3.k[i] = 2 nats/slot/Hz
in slot k, the BST cannot send information to the second and third UEs in slots k + 1 to T of
frame i based on the predefined ratio 7y, 1k [i] : rm2.k[i] : rm3.k[i] =1 :1: 1. Therefore, we use
constraints in (6.13) to allocate adaptively the transmission rate of scheduled UEs without wasting
time slots. Since the scheduled UE indicators are coupled with the beamforming vectors, the
TAEGEE minimization problem (6.16) is challenging to handle via classical convex optimization
methods. Therefore, we are motivated to use the Lyapunov learning technique to obtain a feasible
solution to the TAEGEE minimization problem (6.16). The optimality of a feasible solution is
analyzed. Moreover, we also investigate the tradeoff between the GEE and the end-to-end delay

of UEs.
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6.2 Tradeoff Between Grid Energy Expenditure and
End-to-End Delay

We construct a Lyapunov drift-plus-penalty function as

M
D(g*[il,q"[i]) +V > Buy, (o F(PETiD)] (6.17)
m=1

where V is an introduced control parameter; the operator I, ,[;j[-] is expectation over random
sources 2.k [i] = {Rm,n k[l ESN U] Vinon k [i]s Smon ik [ }mon; and @*[i] and q"[i] are respectively

obtained by stacking the backlogs of access queues and processing queues as
q*[i] := Vec(q[iLl [i],..., Q?LNMJ [i])
q’[i] :=vec(qy 11 [il, - @y vy, 1 LD
The one-frame drift function D(q*[i], g"[i]) is obtained as

1

D(q"[i].q"[i]) = 5Elg,k[i][llqA[i + 1017 = g G017 + g [ + 1017 = g  [111% @[], " i1] - (6.18)

When random sources in ¢g ¢ [7] are independent and identically distributed over different slots,

we obtain the upper bound of the Lyapunov drift-plus-penalty function in (6.17) as

M T
D(@*[il,q"[i]) +V > Y By [ F(PET[DIg* 1], gV [1]]

m=1 k=1
M T
<Ter+V ) Y B, [ F(PEX[)* [1], gV [i]] (6.19)
m=1 k=1
T * T
+ 3 Bl = relillg i) @* 1] + ) BT [relil - selillg” [11] gV[i]
k=1 k=1

where ¢1 = %[(smax)2+2(rmax)2+ (ymax)2] Znnle N,,. The traffic arrival, data rate, and service rate
vectors are obtained as v [i] := vec(vi 1 k[i], ... v Ny & [E]), Ti[i] := vec(ri 1.k [i], - - s rar Ny LE]),
and s[i] := vec(s1,1.kli], ..., Sm Ny k[i]), respectively. The proof of (6.19) is relegated to Ap-
pendix D.1.

Minimizing the RHS of (6.19) under the constraints in (6.6) and (6.12)-(6.14) gives us a
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feasible solution to the time-average GEE minimization problem (6.16). Due to the constraints

in (6.14), the GEE is bounded by

<F. (6.20)

M
D E[F(PELT)]
m=1

The properties of the obtained feasible solution is discussed in Theorem 6.1.

Theorem 6.1. Suppose the random sources in {t2 x[i]}r.; are independent and identically dis-

tributed over slots, and the initial expected backlogs of access queues and processing queues satisfy

E[llqA[l] ||2] < 00 andE[||qU[1] ||2] < oo. Suppose the resource allocation variables {wp n i [i], am.nli], Tmoi.x [i]}
satisfy

Uv+elyy <E[ri[i]] £5-€lyxa (6.21)

where € is a small positive constant.
When the above assumptions are satisfied, the minimizer to RHS of (6.19) under the con-

straints in (6.6) and (6.12)—(6.14) asymptotically achieves the optimal GEE F* as

1 T M
F* < lim — Z Z Z E[F(PET[i])] < F* + 671 (6.22)

when the control parameter V approaches infinity.

Moreover, the queue backlogs satisfy

c1+2VF

- (6.23)

I
) 1 . .
lim sup i ; ]E[q,’;’n’1 [i] + q}fw,l [l]] <

I—00

such that the constraints in (6.15) are satisfied.

Based on Theorem 6.1, we conclude that the set of minimizers to the RHS of (6.19) under the
constraints in (6.6) and (6.12)—(6.14) is a feasible solution to the TAEGEE minimization problem
(6.16). Based on (6.22), we observe that gap between the optimal GEE and obtained GEE
decreases with the control parameter as O(1/V). Here, 0(1/V) is a polynomial of 1/V. By Little’s
law and (6.23), we observe that the end-to-end delay of UEs is a linearly increasing function of the
control parameter V as O(V). When the control parameter V approaches infinity, the end-to-end

delay of UEs increases to infinity. Hence, we conclude that the time-average expected GEE can
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be traded for the end-to-end delay of UEs by tuning the control parameter. Besides, the proposed
analysis method in Appendix D.2 also explicitly defines the stable region of multi-cell SGPCS as

shown in (6.21).

6.3 Two Time-Scale UE Scheduling, Beamforming and Energy

Exchanging

Based on Theorem 6.1, we observe the elegance of a minimizer to the RHS of (6.19) under
the constraints in (6.6) and (6.12)—(6.14). In this section, we propose a practical two time-
scale algorithm that jointly designs the scheduled UE indicators {am, »[i]}m.n in frame i and the
beamforming vectors and exchanged renewable energy variables {wp, n.x [i], @m—i.k [[]1 }m.1.n in slot

k of frame i.

6.3.1 Optimal Scheduled UE Indicator in Each Frame

After some algebraic manipulations on the RHS of (6.19), we obtain the term related to

{rmnk[]}mn as

m

M N, T
Z Z(q’" n, 1l qm n, 1l ])EL2,k[i][Z rm,n,k[i]] . (6.24)

m=1 n=1 k=1

The term related to GEE in the RHS of (6.19) is denoted by

i F(PBST )] (6.25)

k=1

T
We observe that the terms Y| 7y, n.x[7] and Z F(PBST[ 1) are coupled via ap, ,[7]. In order to
k=1

minimize the RHS of (6.19), we obtain the optzmal scheduled UE indicator as

0, gmnlil — a1 [i] 20 0r g, 1 [i] =0
a, il = ’ e el (6.26)

1, otherwise.

The optimality of (6.26) is justified via contradiction. Based on the principle of opportunis-
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tically minimizing an expectation [30], the optimal scheduled UE indicators minimize

ViiF(PBST )+§:i§:(qmnl qmnl[])rmnk[] (6.27)

m=1 k=1 m=1 k=1 n=1
GEE Data Rates of UEs
_oF(PESTI) . . .
Since o 0 is based on the definition of F (P:;SE [i]) in (6.8), the GEE monotonically

increases with a,, ,[i]. Therefore, we have the following reasoning.

e Suppose that the (m,n)th UE is scheduled (namely @, »[i] = 1) when g, . [i]-q,, , ,[i] =0
or qm n. 1[i] = 0. In the case with qm n. il = qrAn’n’l[i] > 0, we observe that data rate of the
(m,n)th UE increases the value of (6.27). To minimize (6.27), the data rate of the (m,n)th
UE needs to be set to zero in frame i. The data rate of the (m,n)th UE with qfn,n,l[i] =0
needs to be set to zero following the similar arguments. The scheduled UE indicator of the
(m,n)th UE needs to be set as a,, ,[i] = 0 which contradicts the assumption. Therefore, we

conclude that @, ,[i] =0 when g, . [i] —q;, , ,[il 20o0r g}, . [i]=0.

e Suppose that the (m,n)th UE is not scheduled (namely a,, ,[i] = 0) when qmn Ny
qpmnalil <0and g, . [i] #0. Based on the previous reasoning, we obtain that the (m,n)th
UE is not scheduled when ¢, , [i] - qﬁ‘n’n’l[i] >0 or qfn n.1lil = 0. When the (m,n)th UE
will not be scheduled in the case qz’n’l[i] - qfn’n’l[i] < 0 and qmn 1[i] # 0, the backlog
of access queue q,’;’ .1 1i] will become infinite which contradicts the (m, n)th queue-stable

constraint in (6.15). Therefore, we conclude that a, ,[i] =1 when ¢}, il = q}ﬁl’n’l[i] <0

andqmnl[]¢0.

In our setting, the unscheduled UE is set into deep sleep mode!® such that the unscheduled
UE can save more energy than the traditional idle mode. It usually takes time to recover from the
deep sleep mode to the operation mode in practice. When the per-slot optimization is used, the
recovery time from deep sleep mode cannot be negligible compared the the duration of slot. Hence,
the obtained end-to-end delay by the per-slot optimization is inaccurate. Using our proposed two-

scale optimization framework, one can choose a frame duration such that the recovery time from

18Here, the deep sleep mode is similar to discontinuous reception model [143, Section 5.7].
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deep sleep mode is negligible. Therefore, the two-scale optimization framework obtains a more

accurate characterization of the end-to-end delay compared with the per-slot optimization.

6.3.2 Optimal Beamforming and Renewable Energy Exchanging in Each Slot

The arrival rates of renewable energy {E}*V[i]},, remain constant in frame i, and channel
states in {R,n.k[i]}mn are independent and identically distributed over slots. Based on the
principle of opportunistically minimizing an expectation [30], the optimal beamforming vectors
and exchanged renewable energy variables to RHS of (6.19) with the constraints in (6.6) and

(6.12)—(6.14) can be obtained by solving a per-slot optimization problem as

M
5/1211(11 Z Z(qm’n’l [i] - q,‘;’n’l [i])rm’n’k [i]+V Z F(P,is’z [l]) (6.28a)
' m=1n=1 m=1
5.6.(6.6) and (6.12) — (6.14). (6.28D)

where % ki = {Wm.n.k[i]l, @moi.k[i]}m.1.n is the set of optimization variables. Note that different

values {q,,

il = qﬁw’l [{]}m.n can lead to different relations between GEE Z,A,/le F(PB3T[i]) and

m,k
data rates ¥ Zgﬁ(qi’n’l [i] = gy, [ED Tk (7]

Solving the per-slot optimization problem (6.28) is challenging due to the non-convexity of
rate-limit constraints in (6.12) and the proportional-rate constraints in (6.13). To handle the
non-convex proportional-rate constraints in (6.13), we introduce an auxiliary variable 6,, , x[i]

such that rp, . x[i] = ¢ . [i]0x[i]. Hence, we obtain the proportional-rate constraints in (6.13)

m,n,k

as

hi,n,k [l] Wm,n,k [l] _ \/
(@, 10 [i]) - 1

DY L]+ YL + o2 pn € NL[il,m=1,....M  (6.29)

Im(hH [i]wm,n,k[i]) —0,ne N il,m=1,...,M. (6.30)

m,n, k

where the range of 6,, .k [i] is set as [0, 1] to guarantee the constraints in (6.12).
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Replacing 7y, n.x [{] by q,‘;’n’k [1]0m.n.x [{] in the objective function (6.28a), we obtain

. . L1 A
0B Imx 1] =V (75— 74) [P,‘?EE [i]+ EX7E L] - —EHAV[z]]

T m
: . 1 .
Ve PRI+ ES5EN - 250 (6.31)

b 0 (a5 [ = @ 1)@ 1110 ]

nenmCT i

where P,}fﬁz [{] is defined in (6.5), and E;P,‘f [{] is defined in (6.7).

Relaxing the constraints in (6.29), we obtain a convex optimization problem as

M
min OB m kil (6.32a)
92,k,i o
s.t. ZD'm_)l’k[i] + Wi m k [(]1=0,leN;pym=1,...,M (632b)

hl;ln’nyk [i]wm,n,k [l] S \/

[INTRA[] 4 [NTER[j] 4 02 ne NN [i],m=1,...,M (6.32c)
\/exp(qz’n’k [i16k[i]) - 1

m,n,k m,n,k

Im(h;n,k [ Whn i [i]) =0,n e NAT[i]m=1,...,M (6.32d)
Z lWon i [i1]1? < PR m=1,..., M. (6.32¢)
nenmCTi]

In slot k, the constraints in (6.32b)—(6.32e) constitute a convex hull of the constraints in (6.6),
(6.14), (6.29) and (6.30), when the values of 0 [i] and {@m n[i]}mn are fixed. Therefore, the
objective value of (6.32) is lower than that of (6.28). Since the constraints in (6.32c) are active
(see Appendix D.3 for a detailed proof), we conclude that the objective value of (6.32) is equal
to that of (6.28). Motivated by Proposition 2 of [144], the optimal 6; [i] can be obtained via
a one-dimensional search method. Therefore, the optimization problem (6.28) can be optimally
solved.

Based on (6.26), the scheduled UE indicators are updated in each frame. Performing a one-
dimensional search and solving the optimization problem (6.32), the beamforming vectors and
exchanged renewable energy variables are updated in each slot. Therefore, we summarize the two

time-scale UE scheduling, beamforming, and energy trading (TSUBE) algorithm in Algorithm 8.
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Algorithm 8 TSUBE Algorithm

1: In frame i, the core network estimates the harvested renewable energy as {EXAV[i]},,
2: In slot k of frame i, the core network obtains backlogs of access queues {¢g7 i [{]}m.n and processing

queues {g% [}

3: At the start of frame i, the core network updates the scheduled UE indicators {an, , [i]}m.n via (6.26)

4: repeat

5: In slot k of frame i, the core network estimates the channel-coefficient vectors {hm nx [{]}m.n

6: In slot k of frame i, the core network solves the optimization problem (6.32) based on {hu .k [i]}m.n
and {am,n [i]}m.n

7: In slot k of frame i, the core network performs one dimensional search for the optimal 6y [i]

8: until The optimal 6, [i] is obtained

9: At the end of slot k, the core network updates the access queues and processing queues according to
(6.9) and (6.10)

6.3.3 Complexity Analysis

For notational brevity, we assume that N = N,,, m = 1,...,M. The number of UEs in the
multi-cell SGPCS is MN. The complexity of scheduling UEs via (6.26) is calculated as MN at
the start of each frame.

The major complexity of the TSUBE Algorithm in each slot lies in the iteration loop in
lines 4-8. Hereinafter, we focus on analyzing the computational complexity of the iteration loop.
Moreover, the computational complexity of the iteration loop in lines 4-8 comes from solving
(6.32) via the interior-point method and the one-dimensional search. Hence, we evaluate the
worst-case computational complexity of solving (6.32) via the interior-point method and multiply
it by the number of points in the one-dimensional search to obtain the computational complexity
of the iteration loop in lines 4-8. We observe that the optimization problem (6.32) is second-order
conic programming. In the optimization problem (6.32), the number of second-order cones with
dimension dMN is M, and the number of second-order cones having dimension dN is M. The
number of linear constraints is co = MN + %Zl‘m/lzl |7 m|. The number of variables is c3 = dMN +

%Z%le |Am| in the optimization problem (6.32). According to [141, 142], an e-accurate solution

to (6.32) requires ¢4 = O(log e‘l\/MN+2M+ % Z,A;llzl |7 ;|) iterations, and the computational
complexity in each iteration is O((c3 + 1)csca + c3¢5 + cg) where ¢5 = MN(M + 1). Therefore, the
computational complexity of the iteration loop in lines 4-8 is O(TQmaXC46‘3((Cg +1)co +c5+ c%))

where T,"** is the number of points for a one-dimensional search.
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6.4 Numerical Results

In this section, we present simulation results to evaluate the proposed TSUBE algorithm. The

pathloss of the (m,n)th access link is calculated as

Wm.n = 17.3+38.31log g km.n +24.910go fo dB (6.33)

where &, , is the link distance of the (m,n)th access link, and carrier frequency f. = 2.1 GHz.

We consider a two-BST SGPCS, where each BST is associated with three UEs and is equipped
with six antennas. The multi-cell SGPCS operates in two time scales, where each frame consists of
five slots. The inter-BST distance is set as 400 meters. The UEs are deployed at the middle point
between the two BSTs such that the worst-case interference is considered. The AWGN power
is set as 1 x 107197 mW. The power amplifier efficiency, maximum transmit power, baseband
processing power of BSTs are, respectively, set as n = 0.8, Pln®* = 400 mW and P;; = 100 mW.
The efficiency of local power lines is set as y;u—; = 0.8. Unless otherwise specified, the purchasing
and selling prices of a unit energy are respectively set as y, = 1.6 x 107 cents/slot/mW and
ys = 0.6 x 1077 cents/slot/mW. The average arrival rate v,,, and constant processing rate §,, ,
are, respectively, set as 2.1 nats/slot/Hz and 8 nats/slot/Hz. The arrival rates of renewable energy
for the first BST and the second BST are respectively set as 300 mW and 200 mW. The duration
of a slot is set as 1 ms. The number of slots in each frame is set as 5. The value of the control
parameter V is empirically tuned to demonstrate the tradeoff between the end-to-end delay and
GEE. We consider two benchmarks, namely without local power exchanging (WOLPE) algorithm
and ZFBF algorithm.

Figures 6.2 and 6.3 show the moving-average annualized GEE and moving-average end-to-
end delay of UEs when the moving-average window is set as 10. We observe that the moving-
average GEE of the proposed TSUBE algorithm, the WOLPE algorithm, and the ZFBF algorithm
converge within 1, 000 slots. The moving-average end-to-end delay of UEs becomes stable after 400
slots. Note that the end-to-end delay is calculated according to Little’s law for the two cascading
queues. When the control parameter V is set as 0.01, 0.1 and 1, the GEE of the proposed TSUBE

algorithm are, respectively, 3.15%, 7.85% and 8.85% lower than that of the WOLPE algorithm,

95



6.4. Numerical Results

[N
o]
o

[iN
D
o

% 140

Q

= TSUBE, V =0.01
S 120 TSUBE, V=0.1
<] TSUBE, V=1

< 1 1 TR L N R WOLPE, V = 0.01
& 100 WOLPE, V=0.1
| e R A I WOLPE, V =1
o — — —ZFBF, V=001
- 80 ZFBF,V=0.1

2 — — —ZFBF,V=1

2 60

<

N
o

N
o

0 100 200 300 400 500 600 700 800 900 1000
Index of Slot

Figure 6.2: The moving-average GEE with window size = 10.
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Figure 6.3: The moving-average end-to-end delay with window size = 10.

and 37.67%, 48.12% and 41.82% lower than that of the ZFBF algorithm. This observation is due
to the facts that 1) the proposed TSUBE algorithm intelligently makes decisions on whether to
purchase grid energy or exchange renewable energy to avoid redundant grid energy transactions,
and 2) the WOLPE algorithm introduces redundant purchasing/selling of grid energy when the
multi-cell SGPCS has insufficient/surplus renewable energy; 3) the ZFBF algorithm prefers to
mitigate interference.

Figure 6.4 reveals the tradeoff between the average GEE and the end-to-end delay of UEs under
different average arrival rates of UEs in the second BST (i.e., v2,,). We observe that increasing the

control parameter induces a decrease in the GEE (as shown in Fig. 6.4(a)) and an increase in the
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Figure 6.4: The tradeoff between the average GEE and average end-to-end delay of UEs.

end-to-end delay of UEs (as shown in Fig. 6.4(b)). Therefore, the proposed TSUBE algorithm, the
WOLPE algorithm, and the ZFBF algorithm provide the operator with flexibility in controlling
the GEE while maintaining a satisfactory level of communication QoS. Moreover, we also observe
that the proposed TSUBE algorithm outperforms the WOLPE algorithm and ZFBF algorithm in
terms of the GEE. For example, when V = 0.1 and v3, = 1.5 nats/slot/Hz, the TSUBE algorithm
achieves 11.32% lower GEE than the WOLPE algorithm by sacrificing 3.86% the end-to-end delay
of UEs. When V =1 and vy, = 1.5 nats/slot/Hz, the TSUBE algorithm achieves 12.51% lower
GEE than the WOLPE algorithm by sacrificing 5.45% the end-to-end delay of UEs. Moreover, the
TSUBE algorithm outperforms the ZFBF algorithm in terms of GEE and end-to-end delay. For
example, when V = 0.1 and vy, = 1.8 nats/slot/Hz, the TSUBE algorithm achieves 35.08% lower
GEE and 7.41% lower end-to-end delay than the ZFBF algorithm. This observation is because
the local power exchanging introduces a new dimension of freedom to reduce the GEE when the
multi-cell SGPCS has a more stringent energy demand. When more renewable energy is traded
to reduce the GEE, the end-to-end delay of UEs increases.

Figure 6.5 shows that the GEE increases with the purchasing price of unit energy under various
control parameters. More specifically, the gap of GEE between the proposed TSUBE algorithm

and the WOLPE algorithm increases with the purchasing price ap. The reason is as follows.
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Figure 6.5: The average GEE versus the purchasing price ap.

A higher purchasing price a, motivates the BSTs to exchange renewable energy via the local
power line such that the GEE of the TSUBE algorithm increases slower than that of the WOLPE
algorithm. Compared with the WOLPE algorithm, the proposed TSUBE algorithm can reduce
the GEE by 9.07%, 9.71%, and 10.58% when the control parameters are respectively set as 0.1,
0.5 and 1. In other words, a higher control parameter induces a more effective GEE reduction
of the TSUBE algorithm than the WOLPE algorithm. Besides, we also observe that the GEE of
the TSUBE algorithm is lower than that of the ZFBF algorithm. This observation is because the
ZFBF algorithm requires the BSTs to consume more grid energy than the TSUBE algorithm to
guarantee the stability of multi-cell SGPCS.

Figure 6.6 illustrates the GEE as a function of the arrival rate of renewable energy for the
first BST under different control parameters. Increasing the arrival rate of renewable energy of
the first BST from 250 mW to 500 mW, we observe that the GEE of the proposed TSUBE al-
gorithm, WOLPE algorithm, and ZFBF algorithm decrease. Moreover, by increasing the arrival
rate of renewable energy, we also observe that the gaps of GEE between the proposed TSUBE
algorithm and WOLPE algorithm increase from 2.07 $/year/chn/BST, 2.18 §/year/chn/BST and
2.22 §/year/chn/BST to 8.25 §/year/chn/BST, 8.45 $/year/chn/BST and 8.40 $/year/chn/BST
when the control parameters are respectively set as V = 0.1, V = 0.5 and V = 1. These obser-

vations demonstrate that the proposed TSUBE algorithm outperforms the WOLPE algorithm.
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Figure 6.6: The average GEE versus the average renewable energy arrival rate of the first BST.

Moreover, the proposed TSUBE algorithm can reduce the GEE by 72.99% when the control pa-
rameter and the arrival rate of renewable energy are V = 1 and 500 mW. Since the arrival rate
of renewable energy at the second BST is 200 mW, we conclude that a more asymmetric arrival
rate of renewable energy induces a more frequent local energy exchange under symmetric data
rate. Therefore, the gaps in GEE between the proposed TSUBE algorithm and the WOLPE
algorithm can increase with the arrival rate of renewable energy of the first BST. Figure 6.6 also
shows that the proposed TSUBE algorithm outperforms the ZFBF algorithm when the arrival
rate of renewable energy increases. The gaps of GEE are as large as 42.64 $/year/chn/BST, 36.75
$/year/chn/BST and 30.89 $/year/chn/BST when the control parameters are respectively 0.1,
0.5 and 1. This observation indicates that the wireless operator can choose the ZFBF algorithm
for low computational complexity at the expense of GEE.

Figure 6.7 shows that the GEE increases with the average arrival rate of UEs in the second BST
under different control parameters. Fig. 6.7 also confirms that the proposed TSUBE algorithm

outperforms the WOLPE and ZFBF algorithms under different control parameters.

6.5 Summary

We have investigated the TAEGEE minimization problem with proportional-rate constraints

in multi-cell SGPCSs and proposed a TSUBE algorithm for multi-cell SGPCSs to allocate the
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scheduled UE indicators, beamforming vectors jointly and exchanged renewable energy variables.
We have leveraged the Lyapunov learning method to decouple the beamforming vectors and
scheduled UE indicators allocation. The scheduled UE indicators are optimally allocated at each
frame in order to avoid redundant scheduling/unscheduling UEs based on the proposed TSUBE
algorithm. The beamforming vectors and exchanged renewable energy variables are optimally
allocated to minimize the per-slot subproblems. When the control parameter approaches infinity,
the proposed TSUBE algorithm asymptotically achieves the optimal GEE. The tradeoff between
the GEE and end-to-end delay of UEs has been theoretically established when three sets of
resources (i.e., scheduled UE indicators, beamforming vectors, and exchanged renewable energy
variables) are jointly allocated. Numerical results have been presented to demonstrate that the
TSUBE algorithm outperforms the WOLPE and ZFBF algorithms in terms of GEE. Therefore,
the joint allocation of three-dimensional resources (scheduled UE indicators, beamforming vectors,
and exchanged renewable energy variables) helps to reduce GEE and yields a better tradeoff
between GEE and end-to-end delay of UEs compared with the joint allocation of two-dimensional

resources (scheduled UE indicators and beamforming vectors).
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Chapter 7

Conclusions and Future Works

This chapter concludes the thesis with some comments and discusses several extensions in the

future.

7.1 Concluding Remarks

In this thesis, we have investigated the convergence behaviors and applications of machine

learning algorithms in SGPCSs. In particular, the contributions are summarized as follows.

e Motivated by the applications in energy planning of SGPCSs, we have investigated the
issues in federated learning algorithms. In the presence of faulty UEs, the classical federated
learning algorithms (such as gradient descent and stochastic gradient descent algorithms)
may diverge. As a remedy, we have developed an FRPG algorithm by adapting Nesterov’s
acceleration [118, 120] and stochastic approximation for fault-resilient federated learning in
Chapter 3. To further reduce communication overhead, we have also developed an LFRPG
algorithm where the parameter server periodically communicates with UEs. We have proved
that LFRPG has a lower communication overhead than FRPG. We have established the
convergence rates for the proposed FRPG and LFRPG algorithms, which are challenging
to analyze when faulty UEs exist. Our theoretical results demonstrate that the FRPG
and LFRPG algorithms require lower communication overheads than existing fault-resilient

federated learning algorithms.

e When the agents are spatially dispersed, decentralized machine learning algorithms are
required to finish some tasks in SGPCSs, such as the collaborative spectrum sensing and
collaborative spectrum sharing tasks. Therefore, we have investigated the issues that are

related to decentralized @Q-learning algorithms. We have derived an equivalent form of the
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multi-user Bellman equation in Chapter 4, based on which the local vectors are updated. To
gain control over the gradient bias and variance present in each agent’s local updates, we have
performed a unifying finite-sample analysis of collaborative multi-agent )-learning with LFA
in a fully decentralized setting, by studying a multi-step Lyapunov function carefully. When
a decaying stepsize c¢/k is used, we have shown that the LFA based decentralized ()-learning
algorithm converges to the fixed point of Bellman’s optimality equation at rate O(1/k) under
an appropriate condition on the joint behavior policy. While gaining scalability, privacy,
and parallel computation to deal with large state and action spaces, the linear-approximate
decentralized @-learning converges as fast as the tabular @-learning [81]. Besides, our
obtained convergence rate improves upon that of centralized @-learning with LFA reported

in [87].

Considering the uncertainties of ESI and CSI, we have formulated the TAEGEE minimiza-
tion problem via Lyapunov learning in Chapter 5. Different from using a log-concave data
rate, we have considered the joint effects of packet failure and data rate of each UE while
designing beamforming algorithms. Therefore, the investigated optimization problem is a
cross-layer one. Using Lyapunov learning, we have reformulated the TAEGEE minimization
problem to per-slot subproblems. Moreover, each per-slot subproblem is non-convex and
challenging to handle. Two suboptimal beamforming algorithms have been proposed based
on SABF and ZFBF techniques. The convergence properties have been established, and the
corresponding computational complexities have been analyzed. By tuning the introduced
control parameter, the proposed algorithms allow the wireless operator to trade the GEE

for the access delay of UEs.

We have investigated the TAEGEE minimization problem in multi-cell SGPCSs via the joint
design of scheduled UE indicators, beamforming vectors, and exchanged renewable-energy
variables in Chapter 6. Beamforming and energy exchanging are physical-layer functions,
and user scheduling is a link-layer function. Hence, the investigated TAEGEE minimization
problem is a cross-layer problem. After transforming the TAEGEE minimization problem
into minimizing the upper bound of drift-plus-penalty function, we have decoupled beam-

forming and energy exchanging from user scheduling. Hence, the TSUBE algorithm has
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been proposed for beamforming and energy exchanging per slot, update the scheduled UE
indicators per frame. We have theoretically proved that the minimizer to the upper bound
of drift-plus-penalty function can be obtained via the proposed TSUBE algorithm. Based on
Lyapunov learning, we have revealed that the obtained minimizer can achieve the optimal

grid-energy expenditure via tuning a control parameter at the expense of end-to-end delay.

7.2 Future Works

The design of machine learning algorithms and their applications in wireless communications
are still hotspots of research communities. We briefly review several open problems, which are

extensions to the thesis.

e Robust decentralized learning algorithms with Byzantine adversaries: The pro-
posed FRPG and LFRPG algorithms in Chapter 3 still require a parameter server to collect
the local parameters of UEs. When the parameter server stops working, the FRPG and
LFRPG algorithms will fail. Therefore, decentralized robust learning algorithms are pre-
ferred. However, faulty UEs will have more severe effects by injecting multiple falsified local
parameters to their neighbors such that the introduced penalty functions in FRPG and
LFRPG algorithms cannot mitigate the negative effects of faulty UEs. Based on the recent
development of the adversary detection method in [48], we are motivated to investigate de-
centralized methods to detect the Byzantine adversaries. The statistical characteristics of
byzantine local gradients need to be revealed. Moreover, the convergence rates for (smooth)
convex and non-convex loss functions need to be investigated for the decentralized fault-

resilient algorithms.

e Finite-sample analysis for linear-approximate deep reinforcement learning: By
approximating the state-value function, action-value function, and policy gradient via deep
neural networks, deep reinforcement learning has many successful industrial applications
(e.g., AlphaGo and Atari 2600 games [39]). While the proposed finite-sample analysis
in Chapter 4 is for linear-approximate decentralized @-learning, the finite-sample analysis

for (decentralized) deep reinforcement learning is unknown. Moreover, the finite-sample
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analysis can also estimate the required data samples of an algorithm to achieve a certain
accuracy. Therefore, a finite-sample analysis of (decentralized) deep reinforcement learning

deserves a future investigation.

Lyapunov learning with time-correlated data samples: Using Lyapunov learning,
the proposed algorithms in Chapters 5 and 6 are based on the assumption that the random
sources are independent and identically distributed over different slots. When the random
sources are non-independent or non-identically distributed, the tradeoff between the grid-
energy expenditure and delay of UEs needs to be quantified. When the tradeoff does not
exist, algorithms are required to stabilize queues in the systems. Motivated by these facts,
the investigation of Lyapunov learning with non-independent or non-identically distributed

random sources is another interesting research direction.
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Appendix A

Related Proofs of Chapter 3

A.1 Proof of Lemma 3.1

Based on the strong convexity of fy, we obtain

Jo(wo) > fo(uo k) + (Vfo(uok), wo — uox) + 6—20 [|wo - uo,k”2

L 0
> fo(wo,x) — —0 [|wo.x — wo, k||2 +(Vfoluok), wo — wo k) + —0 [|wo — uo, k”2 (A.la)
=fo(wo,x) — 2a2 || o, k” + - ||u0 — uy, k” + <h0 K+ Zgn k= Zgn ks WO — W0,k
0,k n=1 n=1
(A.1b)
20,k — L 2 0 2
> fo(wo.x) + 27, [ho.x]|” + 50 [eo = wo i
< < < Hho k||
+{hox+ Zgn,k, Uo — U0k | — Z gn,k> Wo — W0,k Z (A.lc)
n=1 n=1 n=1

where (A.la) follows the Lipschitz continuous gradient of fp; the RHS (A.1b) uses the defini-
tion (cf. (3.6b)) hox = aok(wox —wo k) = Vfo(uok); while the RHS of (A.1lc) also relies on
(SN Gnrwox —wor) = (Y;k 1SN guillllhoxll. Substituting ho g into (A.lc) completes the

proof.

A.2 Proof of Lemma 3.2

Using the proximal operator definition, rewrite (3.8b) as

Wy, x = arg min {(Vf(un,k;xn,k), Up — W k)
Un

=P+ ypa(wok —wn)} . (A2)

Based on the update in (A.2), ¥V, pn(wox — Wy k) = —gnk, and the definition of gradient
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noise ¢,k in (3.9), we obtain

hn,k = n,k (un,k - wn,k) = Vf(un,k;xn,k) —9n,k (A3)

an (wn,k) = hn,k +3Gn,k — Cn,k- (A4)

Since f, is Lipschitz continuous, we deduce that

L
I (un,k) 2 fn (wn,k) _<an (un,k), Wn,k _un,k>_7n ”unk - 'wn,k||2

Ly
zfn(wn,k) - <an(un,k)e Wp k — un,k) - ﬁ ||h'n,k||2 . (A5)
n,k

Based on the strong convexity of f;,, we further obtain

fn(un) 2 fn (un,k)+<vfn (un,k), Up — un,k> + % ”un - un,k||2- (AG)

Summing (A.5) and (A.6), we arrive at

fa(uyn) — fn(wn,k) (A7a)
L 0
= <an(un,k), Un — wn,k) - —; ”hn,k“2 + ?n ”un - un,k”2 (A7b)
n,k
Ly 2 On 2
i <hn,k +39n,k — Cn,ka Un — wn,k> - ﬁ ||hn,k|| + 7 ”un - un,k” (A?C)
n,k
2an i — L S
a;—’akQ "R el” + > [t = i |F = (Cak = Gt Wn = W i) + (Pt = wn i) (A7d)
n,k

where the RHS of (A.7c) is due to (A.4), and the RHS of (A.7d) follows from (A.3).

Finally, substituting into (A.7d) completes the proof.

A.3 Proof of Lemma 3.3

With hg x as in (A.1b), construct a strongly convex function with modulus §g + @ Bk in slot

k, as
& 0o 2 @o,kPk 2
$o.k(wo) = {hok + Zgn,k, Uo — U0k |+ [|wo — wo k| + 3 [|wo = vo,x-1]" (A.8)
n=1
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According to (3.6¢), v§ is the minimizer of (A.8). Strong convexity implies that ¢o(vox) <

5 .
do.x (wo) — M l|vo.x - u0|| Thus, upon expanding ¢« (vo,x) and ¢ x(ug), we have

N
<h0k+Zgn ks WO — U0k>+—||uo—u0k||

n=1
0
> <h0’k * Z Gn.k> V0.k —~ Uo,k> + % ||u0 - ’vo,k“2 (A.9)
n=1
+ a/o,;/i’k vk = vor-1]” - ao’;ﬁk l[o = voia |-

Similar to (A.9), and with h, x as in (A.3), we obtain

0 0
<hn,ka Up — un,k> + ?n ”'U'n - 'u'n,k||2 = <hn,ke Un,k — un,k> + % ” n — vn,k”z (A]-O)
n,k Pk U,k Pk 2
9 ”vn,k - vn,k—l” - 9 “un - vn,k—l”
Substituting (A.9) and (A.10) into (3.13), we thus find
>
9n.k Ng Nr
= 2 - L A
Fwe) = F(u) <D g = > T2 P+ D 2ok (A.11)
n=0 2an,k n=0 ﬁk

NRr N NRr
+ Z (Cntes Wn — Wn k) + (Rok + Zgn,k, Ug,k — Vox ) + Z (Ponks Un,k = Vn k)

n=0 n=1 n=1

where A , x is defined as

an,kﬁi
2

an,kﬂi Onfk + a’n,kﬁ%

2

Ak = “un - vn,k—l” - ”un - 'Un,k” - ”vn,k - 'Un,k—1||2 . (A12)

Setting u = wy_1 in (3.13), and dropping the non-positive terms —%Hwn,k_l — wy i ||?, we arrive

at
N
21 an.k 20 k
F(wy) — F(wi-y) <7 |Po.i|| - Z = ||h || +Z<Cn ks Wy k=1 — Wh )
n=0 A 13)
N NRr
+ <ho,k + Zgn,k, Uok — Wo,k-1 ) + Z (P ks Wk — Wy k-1) -

n=1 n=1

Using (A.11) and (A.13), the convex combination By (F(wg) — F(w))+ (1 — Bx) (F (wy) — F(wg-1))
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is bounded as

F(wy) - F(u) — (1= Bi) (F(wi-1) - F(u))
N

Z gn.k 9 (A.14)
<=l h . k h + > A+ ) dojr+ » A
= @0k || O,k” ;) || nk” Z 1,n,k Z 2,n,k Z 3,n,k
where
A2t = (Cnkr Bethn + (1 = Br) Wy k-1 — Wa ) (A.15)
and
N
<ho,k + 2 Gn.k> o,k — Brvok — (1 _,Bk)'wo,k—1> ,n=0
/13,n,k = n=1 (Alﬁ)
(R ks Wk = BkVnk — (1= Br)wWnk-1),n=1,...,Ng.
Based on (3.8a), we obtain
(1 _ﬂk)’wn,k = Un,k _Bkvn,k’n:(), 1,..., Ng. (Al?)
Substituting (A.17) into (A.15), it holds for n =0,1,..., Ny that
2
Il
A2.n.k = Bk <Cn,k’ Un — Un,k—1> + <Cn,k’ Un,k — wn,k> < Bk <Cn,k’ Un — Un,k—1> + a—k “hn,k”
(A.18)
where (A.18) follows from Holder’s inequality [145].
Taking expectation on both sides of (A.18) for terms n =1,..., Ng, we obtain
||Cn k||
IE)Xn,lzK [/12,7,,1{] < EXn,LK B <Cn,k'u'n - vn,k—l) || n k” n,k” (Alg)

where the equality is due to the facts

< Ex ik \/Exn,K [”C"lkHQ] =0n (A.20)

B VGl
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and since Assumption 3.4 dictates Ex,, , [Cn,k] =0, we have

Exn,lzK [(C"’k’ Up — ’Uﬁ_l>] = ]EXn,l:K—l <]EXn,K [Cn,k]’ Up — v"’k—1> =0. (A-21)

Based on the Young’s inequality [145], 12,0« is bounded as

B B [[Co.x
ook < 57 Co.x* + =5 [luo — o || + o [[Ro.x| (A.22)

with € € (0, ).

Substituting (A.17) into (A.16), we obtain for n =1,...,N that

1 an. kB2
3.k = B (P k> Vn k-1 — Vn k) < 5 ||hn,k||2 +— B |vn,k-1 - Un,k”2 (A.23)
U,k 2
where the inequality is due to Young’s inequality [145].
Substituting (A.17) into 43,0k, we deduce
N
43,0,k =Bk <h0,k + Z Gn,k>V0,k-1 ~ 'UO,k> (A.24)
n=1
N 2 2
CVO,kﬁk 2
S20/o,k hoi + HZ:; k|| +—5 [vo.k-1 — vo
2
2 2 2 || @08 2
S3a’0,k ”hO,k” + a ;gn’k 5 Hvo,k—1 - 'UO,k”

where first inequality is due to Young’s inequality [145], and the second inequality is based on the

fact that

2 2

(A.25)

N
Z an,k

n=1

4
< g ||h0,k“2 +4

N
ho i + Z 9n.k
n=1

Substituting (A.12), (A.18) and (A.22)—(A.24) into the RHS of (A.14), we obtain

NRr N 2
Flwy) = F(u) = (1= BO(F(wi1) = F) < 3 (g +dsunid) + —— || @] + 25 o
n=0 @0,k n=1 2¢

(A.26)
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A.4. Proof of Theorem 3.4

where
.
o anlgn;:nco,kn o] - 2202525 1,
il = e sl 1.
and
o oo | T o = v0sl = S v n =0 (A2
h DB ot — 1|| — PEIB Nltyy — v |[*n =1, LN

Using the inequality —ax? + bx < % and the power of ||2,]:]:1 gn.kll + [Coxll in (3.14), we can

bound A4,k as
30’0 -0
2(2a0,x—3L )
el » (A.28)
m, n=1,..., N.

/14,n,k < /16,n,k =

Substituting (A.28) into (A.26) and setting u = u* lead to (3.15).

A.4 Proof of Theorem 3.4

Dividing both sides of (3.15) by ,Bi, we can write

1 Asnk + sk 2y°N?G  y*NiG
S (Flwy) ~ F) £ 2 PE (P - Fou)) + Z it T T (A29)
By =0 Bi @0,k 2ePr
Setting B = %, we can readily verify that
1- 1
L (A.30)
B; B;_
Summing (A.29) over k =1,...,K, it follows after straightforward manipulations that
y’NiG ﬁ1+0/0,1 . 2 B a1y 2
—(F(wk> - F(u")) <F(wo) - F(u’ )+Z sep gl wooll” + 3 =5 e onol
K-1 Ng K Nr
+ Z ATk + Z Z A8,n,k (A.31)
k=1 n=0 k=1 n=0
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A.4. Proof of Theorem 3.4

where
l(a _ e _ % x 2 _
5| @0.ke1 — @0k + 7 ) |y = voi||sn=0
A7nk = P P (A.32)
1 (5n * 2 —
§(a’n,k+1_a’n,k_/g_k)lun_vn,k” ,n=1,...,Ng
and
8y2N2G+302 n=0
2(2a0 . —3LVGB2> " T
Ny =] I (A5
— 9% u=1 N
2(an,k—Ln)ﬁ,§’n yeoos Ng.
To analyze the convergence of FRPG, we introduce the following constraints
50 €
N _ >0 A.34a
Br Bk ( )
50 €
-0 _ > @0 rs1 — @0k A.34b
Br Bk * ( )
@ 5[ <o +L (A.34c)
0,k = 5| =5 +Lo .
2\ B3
On
— 2 apk+1 — k. n=1,...,Ng (A34d)
Bk
Ung = 2t Lyn=1,...,Ny (A.34e)
k

where ¢, > 0 with n =0,1,..., Ng; and (A.34a) with B = % imply that € < %60. Without loss
of generality, we set € = %60. Based on (A.34b) and (A.34c), we have ¢ < %60. Hence, agx is
given by apx = %(k +2)? + 3Lo. From (A.34d) and (A.34e), we deduce that ¢, < £6,, which

implies that @, = 31‘1" (k+2)2+L, withn=1,...,N. As a result, we find

S0(k+2)2+3Lo,n=0
Wk = (k207 5ko (A.35)

3o (k+2)%+Lyn=1,...,Ny.
Based on (A.35) and € = 16, we simplify S Az ok as

2
(e dous) o -l =0 )
%an,l ||ufl - 'vn,0|| ,n=1,...,Ng.
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Using (A.35), Ag.n.k reduces to

7y2N25G0+%0'§ n= 0
(A.37)

A8 nk = A1o,n = o
3 I’l=1,...,NR.

Substituting Bx = 25 and (A.35)—(A.37) into (A.31), we establish the convergence rate of

FRPG as

Y2N2G

) (A.38)

Nr
Flwy) - Flu') < Flan) = F() + ) o + - 2)2 Z 0[5

4
(K +2)?

where O(x) represents a polynomial of x.

A.5 Proof of Theorem 3.8

Setting g = +2 so that 1'8'[8][;] < ﬁ[[l NEE summing (3.31) over i = 1,...,I; and, multiplying by

BlI1?, we obtain

1 T
;ZF(wk D)= F(u)
k=1

=)

Nr [ 1 2N2G
+B[1] Aaali) + 10012 Y L2
i & 2pli]

<p211] ;Zﬂwka)—F(u*)
k=1

Il
o

n

~
|

2 [ €+ @olL1BIT . > 15 L e 5o
+ﬂ [I](WHUO—UQ[O]” +§i:1(ao[1+1] —a’()[l]+ﬁ[i+1] _ﬂ[_l])

il

(A.39)

I-1

d s, —vn[0]||2+%Z(an[i+1] —anli] - ;['Z_])|

=

Based on (A.39), we introduce the following constraints in order to guarantee the convergence

of LFRPG
) €
% - ﬁ[ii 7 = aoli+ 11 - aol] (A.40D)
[%2a/n[i+1]—a/n[i],n=1,...,NR (A.40c)
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A.5. Proof of Theorem 3.8

aoli] = g(% " LO) (A.40d)
anli] = ﬁgfi] +L,,n=1,...,Nz. (A.40e)

Eq. (A.40a) implies that € < 34y, based on which we select € = £6y. Using (A.40b) and
(A.40d), we obtain ¢ < 570; and based on (A.40c) and (A.40e), we find ¢, < gén. Thus, we set

: i
the stepsize @}, as

20 +2)2+3Lg,n=0
anlil =4 . (A.41)
8 (j+2)2 + Ly,n=1,...,Ng.

We now can establish convergence of w[I] =T~} Z{:l wy[I] as

T
F(all) = F(uw) < 3 Flunli]) - )

) (A.42)
< 2416 N A7 N 1118 +O(7 NBG)
T(I+2)? (I+2)? (I+2)>* o
where A6, 417 and A;g are defined respectively as
Nr )
A6 =) an[1] [y, = va [0]]) (A.43)
n=1
3 2 4 r
A7 ;:(550 + 2a0[1]) [l — wolO]||” + = Z F(wi[0]) — 4F (u*) (A.44)
k=1
Nr 2 2 2772
7 1105 + 28y*N-G
Aig =) T T 720 . (A.45)

30n 0o

n=1
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Appendix B

Related Proofs of Chapter 4

B.1 Proof of Equivalence Between (4.4) and (4.6)

Before we proceed the proof, we introduce the definition of inner product of two functions. De-

note the any two functions fi(s,a) and fos, a), the inner product ot two functions is defined as

(s fodx = ), ) Al a) fils, a)m ulpy (B.1)

acq ses

Therefore, the X-induced norm is denoted by

If1llx = V{f fox- (B.2)

We investigate the equivalence between (4.4) and (4.6) where the projection is with respect

to the induced norm ||-||x. The projected Bellman equation in (4.4) is recast as
pron{]B[Q(s, a)] —O(s, a)} =0,s€Sand ac€ 4. (B.3)
Based on (B.3) and the definition of projection operator, we obtain

((j)d(s, a),IB[Q(s, a)] - 0(s, a))X =0,d=1,...,D. (B.4)
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B.2. Proof of Lemma 4.1

Using (B.1), we obtain the following derivations

(Bd(s,a), B[O(s,a)]

& D bds.a)n’y,

acq ses

N
D IDIPIA AR C a)(% D rals.a) +ymaxQ(s'.a’) ~ O(s, a>) =0

a€q seS$ s’eS n=1

- Q(S’ a))x =0
E
N =1

N
D rals.a)+y Y pi max0(s'.a’) - Os, a)) =0

n s'€S

1

@]EX N

Gdls, a)

N
D rn(s.a) +ymaxQ(s'.a) - Os. a))] =0

n=1

@EX

N
&(s, a)(% Z ra(s,a) + )/g}g,/‘)q(é(s” a') - Q(s,a))] =0
-1

n

where the expectation is taken over the triple X = (s, a, s”).

(B.5)

Since each agent n maintains a local estimation of Q-function as Q(s,a) = ¢ (s, a)w,, we

obtain (4.6) by substituting the approximate @-function into the last equation in (B.5).

B.2 Proof of Lemma 4.1

Let w and w’ be two vectors in RN, Recalling (4.12) and X; = (Sk, Ax, Sk+1), we obtain

F(w; Xe) = f (w'; X) as
F(wi Xe) = (@ X0 = |y (( bk w0n) = (B w1)) | = | x (b w0 — w0}

where G i = arg Maxy cq @7 (Sea1, @)Wy and = arg Maxyes @7 (Skat, a))w).

Based on (B.6), we obtain

1 w5 Xi) = F @' Xl < |||y (( Bk wn) = (B i) ||| +]|| 6 (b wn = 0,)

(B.6)

(B.7)

Recalling ¢y, x = arg max, ¢4 (@(Sk+1,@’), wy) and @y = arg maxg,eq (# Sks1,a”), w;,), the
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B.2. Proof of Lemma 4.1

upper and lower bounds of the term <¢A7n,k, 'wn> - (qf)n,k, 'w;,> are derived as

Iar,lg‘/}q{ <¢(Sk+17 a")a wn) - g}%fé <¢(Sk+17 G,N), w,;) S <¢(Sk+1a a,)5 wy — w;,) ’ a, €A (BS)
and
max (p(Sis1,a), wy) — max <¢(Sk+1, a’), wé) > <¢(Sk+1, a’),w, - w;> ,a" € 4. (B.9)

Based on (B.8), (B.9) and Cauchy-Schwarz inequality, we obtain

2
max (@(Skr1. @), wa) — max (¢(Ska1,a”).w),)| < [lwn - wi?. (B.10)
The power of the first term in (B.7) is upper-bounded as
2
R ' § N 2

7¢k(<¢n,kswn> - <¢n,k,w§,>) = ||¢k(<¢n k,’wn> (i, w ))” (B.11a)

n=1

N ~ ~

< 72 Z |<¢’n,k’ wn> - <¢n,k’ (Bllb)

n=1

N
<V D Jwn = wyl* =¥ lw - w'? (B.11c)

S
Il
—

where inequality (B.11b) follows from ||¢(s,,an)|| < 1, and inequality (B.11c) follows from (B.10).

Following similar arguments in (B.11), the power of the second term in (B.7)

2
b1 (b, wn —w)) ||| < llw - w'l?. (B.12)

Based on (B.11c) and (B.12), we conclude
I1f (w; X)) = f(w"; Xl < 1 +y) lw —w'|| == L|lw - w’. (B.13)
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B.2. Proof of Lemma 4.1

where L =1+1.
Using (B.13), we obtain

I1f (w; Xi)ll = 11f (w; Xie) = f (w”; Xpe) + fw"; Xe)|| < Lflw - w'|| + LG (B.14)

where G is the upper bound of || f(w; Xz)|| /L.

We obtain the upper bound of || f(w; Xi)|| as

1 s X0l = || e 7 + 7 (&,,,k,w;> - (¢1.w;)) (B.15a)
S | Dxrn ||| || Pk (7 <§£n,k"w;> - <¢k,’wZ>) (B.15b)
< Wrmax+(1+7) ”'UJ*H (B15C)

where the inequality (B.15b) follows from the triangle inequality, and inequality (B.15¢) follows
the fact that r,(Sk, Ax) < rmax, ||@k]l < 1, and ||<,‘Z)n,k|| <1,n=1,...,N. Therefore, we conclude
that G < VN(||w*|| + rmax/L)-

Following similar procedures and the fact Ex [ f(w*; X)] =0, we have
[Ex [£(w"; X)] - Ex[f(w" X)]|| < Lllw - w”| (B.16)

and

| f(w*; X)|| < Lllw-w*||+LG. (B.17)
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B.3. Proof of Lemma 4.2

B.3 Proof of Lemma 4.2

Recalling the vector f(w) = Ex[f(w; X)] is obtained as

f(w) =Ex| (s, a)g(wn; X) | - (B.18)
Then, we have
~ N
(w—w)" (f(w) - f(w")) = Z "(Ex[¢(s. a)g(wn; X)] - Ex ¢ (s, a)g(w}; X)]).
n=1
(B.19)

Therefore, we obtain the nth term on the right-hand side of (B.19) as

(wn —w;,) " (Ex [¢(s, @)g(wy; X)] - Ex [p(s, a)g(w); X)]) (B.20)

= (wn—

w) Ex ['ysb(s, a) (glg;; ¢ (5", a")w, — max pT (s, a”)w;) ~ ¢ (s,a) (wy — wé)]
= yEx| (wn - w}) 6(s, a) (max ¢7(s", @'Y, - max &7 (5", @Y, )| ~Bx [@7 (5. @) (w0, - w}) |

T 7y12 T( ¢’ ’ T( ¢’ 77 / 2
<y Ex 67 (5. @) (wy — wp) [ Ex [max 67 (s, @/, ~max 67 (5", " )uwy |
~Ex [0 (s.a) (w, —w})]’

2 2 2
< 7\/EX[¢T(S’ a)(w, —wy)] \/EX [l;ﬂgﬁ @T(s",a’)(wy - wé)] - Ex|[¢" (s, a)(w, —wy})]

2
VEx[67 (5. @) (uwn - w))]? VEx [max 7 (s ) (wn ~ w}) |~ Bx[#7 (5, ) (wn )]
< x [T (s, a)(w, —w,

2
o Tx s 675w —w)| B 075, ( — wi P
Y Ex [212;( ¢ (s",a") (w, — w;)]Q —Ex|[¢7 (s, a)(w, —w), )]2

n
<

yVEx[max,rcq ¢7 (s",a") (w,—w),) |
VEx[¢7 (s.@) (wn-w})]?

+1

C
5 = wi = -6, - |

where § = (Q—Lﬁ
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B.4. Proof of Lemma 4.3

Stacking the N terms on the RHS of (B.20), we obtain

(w - w)" (f(w) - f(w)) < -L5 |lw - w’||*. (B.21)

B.4 Proof of Lemma 4.3

To analyze the properties of accumulated gradient noise (7(wg; Xk.k+7-1), We introduce an

auxiliary function é’T(wk) such that

T+k

Wisr = Wi + A Z a; F(wi; Xp) + Cr(wi; Xgar—1)- (B.22)
1=k

Based on (4.14) and (B.22), we obtain the relation between {r(wyg; Xi.k+7-1) and Cr(wi Xerar—1)

as
T+k

Cr(wis Xerar-1) = Cr(wi; Xeekar—1) + A Z a: [ Fwi; Xo) — f(wp)] (B.23)
t=k

Taking expectation of (B.23) over the sample trajectory Xi.x+7-1 conditioning on wyg, we have

T+k

A Z @[ f(wi; X;) = f (wy) ]

t=k

E[¢r(wi; Xexsr-1)] = B + E[ér(wk; Xk:m_l)] (B.24)

Based on the triangle inequality, we have

T+k-1

A Z @[ f(wi; X;) = f (wi) ]
k

IE[Cr(wi; Xirer-D]Il < || E

+HE[CA'T(wk§Xk:k+T71)]H' (B.25)

B.4.1 The Upper Bound of the First Term of (B.25)

Recalling Markov chain {Sj}; is irreducible and aperiodic. = Based on [87, Lemma 3.11]
and [86, egs. (58) and (59)], we conclude that {Xi}r is an irreducible and aperiodic Markov
chain. Using the irreducible and aperiodic properties and taking expectation over Xg.r47-1, We

have the following derivations

E

T+k-1
A D o[ f(wiX) - f(wk)]w (B.26a)

t=k
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B.4. Proof of Lemma 4.3

T+k-1
= Z a: (E[Af(wi; X,)] - Ex, [Af (wg; X,)])H (B.26b)
t=k
T+k-1 B
= Z a; Z(P(Xt =X |wr) -’ ugpl’ )Af('wk; X) (B.26¢)
t=k X
T+k-1 B
< D0 oy [P = X Jwe) - | A F (s 0| (B.26d)
t=k X
T+k-1
< L{lwi - w'|+G] Y e ) |P(X, = X|wy) — n°ul ps* (B.26e)
t=k X
< ar LTA(T, k) [|lwx — w*|| + G] (B.26f)

where (B.26¢) follows that the random variable X is independent of wy and the fact A f(wy; X) =
Af(wg; X), the inequality (B.26d) follows the facts |jaw + bw’|| < |a] |w]| +|b] ||w’|| and ||A]] = 1,
the inequality (B.26e) follows (B.17) and ||A]| = 1, and (B.26f) follows from the decaying stepsize

and Theorem 4.9 in [127]. Moreover, A1 (T, k) is defined as

1 T+k-1 2C ,Ok
— 210 < — A (T k B.27
T g}; WS Ta ) (T, k) (B.27)

where ¢; > 0 and p € (0,1).

B.4.2 The Upper Bound of the Second Term of (B.25)
Setting T «— T + 1 in (B.22), we have that

k+T

WisT+1 = Wi + A Z @ f(wi; Xp) + Craa(wi; Xeorar)- (B.28)
t=k

Subtracting (B.22) from (B.28), we obtain

WisT+1 — Wiar = At AF (Wi Xear) + Cran(wi; Xeorar) — Cr(wie; Xeckar-1) (B.29)

Substituting the iteration (4.12) into (B.29) and performing several algebraic manipulations,

we obtain

Cr (Wi Xeokar) = Cr(wis Xierar—1) + @ ALF (Wit s Xiar) — F(wi; Xear)]- (B.30)
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B.4. Proof of Lemma 4.3

Based on the triangle inequality and the fact ||A| = 1, we have

HéTﬂ(wk; Xk:k+T)|| (B.31a)
< |[értws Xicrir )| + @xer 1 (wicers Xeor) = £ (wis X (B.31b)
< ”éT(ka Xk:k+T—1)” + st L ||wiesr — wiel| (B.31c)
. T+k-1 )
= ||CT(wk; Xk:k+T—1)|| +ager LA Z ar f (wi; X;) + Cr(wic; Xecksr-1) (B.31d)
t=k
R T+k-1
< (1+ g L) ||r(wis Xiorer || + o LY o 1w X (B.31e)
t=k
< (1+ arr L) |[érwis Xewer )| + e L2T o - w1 + G (B.31f)
< @2 L2T*5(T) [|lwy — w*|| + G] (B.31g)

where the inequality (B.31g) follows from the facts é 1(wy; X)) =0 and decaying stepsize a; with
WAT+1) =T23" t(1+a1L)" .

Therefore, the second term of (B.25) is upper-bounded by
HéT(wk;Xk:M_l)H < 2 L2T22AT) [|wy - w*| + G]. (B.32)
Substituting (B.26f) and (B.32) into (B.25), we have
ECr(wi; Xiksr-1) || < @k LT[A1(T, k)+ax LT A2(T)][||lwr — w*|| + G]. (B.33)

We obtain the power of {r(wy; Xx.k+7-1) as

I¢r(wi; Xecar-1) |17 (B.34a)
R T+k—1 ) 2
= [[Cr(wis Xewr 1) + A Y @ [F(wis X,) = Fw)] (B.34b)
t=k
K 9 T+k-1 2
<3 “CT(’wk; Xk:k+T—1)“ +3 Z a; f(wi; Xp)|| + 3@%L2T2||'wk - w*||2 (B.34C)
t=k
~ 2
<3 “CT(wk; Xk:k+T_1)“ + 302 L2T2[lwy — w*|| + G1* + 3a2 L2T2|wy — w*||? (B.34d)
< 302 LT3 + 202 LT A3(T) | lwy — w*||* + 622 L*T?G?[1 + a2 L*T?23(T) | (B.34e)
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B.5. Proof of Lemma 4.4

where the inequality (B.34c) follows the facts (B.16), decaying stepsize ey and (a+b+c¢)? <
3a® +3b? +3c?, the inequality (B.34d) follows from (B.17), and the inequality (B.34e) is obtained

by substituting (B.32) into (B.34d) and performing several algebraic manipulations.

B.5 Proof of Lemma 4.4
We recast the iteration (4.12) as
W1 = Wi + Ak AVS (wi; Xi) = wi + ax Vf (Wi Xi) + ax AV (wi; Xi) — ax VS (wy; Xi) . (B.35)

We derive the upper bound of the term AVf(wyg; Xy) — Vf (wy; Xi) as

IAVS (wi; Xi) — Vf (wi; X (B.36a)
< |AVF (wic; X)) = AVF (wi; Xio) |l + |AVF (wie; Xie) = VF (s Xie) (B.36b)
< L||lwi = will + IAVF (@i Xi) = Vf (wie; Xio) | (B.36¢)
< L ||wg — wi|| + VNrmax (B.36d)
= L ||Awi|| + VNFmax (B.36e)

where (B.36b) is based on triangle inequality, (B.36¢) is based on Lemma 4.1, and (B.36d) follows

from the following facts

AVf (wye; Xi) = Vf (wi; Xi) (B.37)

N N T N T
= |Gn.k [ﬁ 21 Fnk + (7¢n,k - ¢n,k) Wn,k] = Pk |Tnk + (7¢n,k - ¢n,k) wn,k]
n=

N
= ¢n,k[% 2 Tnk _rn,k] (B38)

n=1

with || & SN ra i = k]| < Fmax and ||@ai] < 1.
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B.5. Proof of Lemma 4.4

Subtracting (B.35) from (4.13), we obtain

Awpi1 = (B ® Ig) Awy + ax [Vf (wi; Xi) — VF (wr; Xi)] — ax [AVS (wi; Xi) — VF (wr; Xi)] (B.39)

B.5.1 Decaying Stepsize

Denote the second-largest singular value of B by cs. Based on ||[(B ® Iy) Awg|| < ¢ ||Aw]|,

(B.39) and Lemma 4.1, we have

[Awps]l < (ca + 20k L) [ Awi]| + @k VNFmax < (¢ + 201 L) [[Awg || + @k VNrimax (B.40)

where a1 > ay.

Telescoping the series in (B.40), we have

k-1

1AWl < (e + 201 L)* [[Awy || + VNFmax > (s + 201 L) (B.41a)
t=1

< (c2 + 201 L)* ||Aw1 || + ¢35 VN Fmaxex (B.41b)

where (B.41b) follows Theorem 2.8 in [146] with e; = max{ax, ((1 + ¢z +2a1L)/2)*} and positive
constant cs.

When the decaying stepsize ax = @L™1/k is used, we have (1 + cg + 2a1L)/2 < (1+co+2a)/2. We
set ¢ + 2@ < 1 such that the consensus error converges. To simplify (B.41b), we introduce the

following lemma.
Lemma B.1. There always exists a positive constant such that ¢’p* < ¢”’/k where p € (0,1).

Proof Define a function f(k) = log(cc—',’) —log(k) — klog(p). Setting the first-order derivative

of f(k) equal to zero, namely 9 f(k) = —% —log(p) = 0. We have k = Substituting

1
—log(p) "

k = #g(p) into f(k), we obtain the minimum value of f(k) as fiin = log(%})cﬂ log(%)). When
"> m and p € (0,1), we have f(k) > fmin > 0 and ¢’p* < CT

Based on Lemma B.1, there exists

1 1
€3 > C3max {— } (B.42)

L’ ¢ exp(1) log(1r253)
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B.6. Proof of Lemma 4.5

such that ¢3er < ayLcs.

Based on (B.42), we obtain

IAwi || < (ca + 21 L)% |Aw1 ]| + ax LYNFmaxcs < (ca + 2@)% |Aw: ]| + ax LYNFmaxCs.

B.5.2 Constant Stepsize

(B.43)

When the decaying stepsize ax = @L™! is used with @ < (1 — c2)/4, we obtain the convergence

rate of consensus error from (B.41a) as

Q&Wrmax

||Awk|| < (cq +2a)% ”Awln + Li-cy

B.6 Proof of Lemma 4.5

To perform the finite-sample analysis, we define a T-step Lyapunov function as

T+k-1

— 2
Dl - .

t=k

Cr =

N | =

Therefore, the drift of T-step Lyapunov function is obtained as

T+k-1 T+k-1

1 B . 1 _ N
Criwi=Cra=g5 p, lw—w?~5 ) llw —w|
t=k t=k
L 102 = Dy - w2
= — [|w —-w - = || — W
2 k+T 2 k
1 _ _ " _ _
=3 Wit — Wi || + (Wi — w*) " (Wesr — Wi)
T+k-1 ) 2
=3 A Z a; Vf (wy) + Cr(wi; Xik+r-1)
t=k

T+k-1
+ <'U_Jk —w", A Z a, f(wy) + Cr(wy; Xk:k+T—1)>
t=k
= 2
= a2 T? ||V (w) || +lI¢r(wi; Xear—1) 12

T+k-1

+ (Wi — w", Cr(wi; Xickar-1)) + Z a; (wi — w*, Vf (wy))
pr

(B.44)

(B.45)

(B.46a)

(B.46b)

(B.46¢)

(B.46d)

(B.46¢)

where the equality (B.46d) follows from (4.14), and (B.46e) follows from the facts (A, wx — w*) =
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B.6. Proof of Lemma 4.5

Wy — w*, (a+b)? < 2a% +2b% and decaying stepsize.

Based on (B.16), the first term of (B.46e) is upper-bounded by
— 2 B "
aiT? |VF (w)||” < @ LT |wr — w'||? . (B.47)

Given wy, we observe that the third term in (B.46e) is a function of joint observation trajectory
Xi.k+T-1- Taking expectation over Xj.x+r-1 conditioning on wy, the conditional expectation of

the third term in (B.46e) is upper-bounded by

E[(wx — w*)" ¢r(wi; Xeeksr-1)] (B.48a)
= (wg — w*) " B[{r(wi; Xkxsr-1)] (B.48b)
< 1wk — w* | IE[Cr(wi; Xikar-1] I (B.48¢)
< ap LT[A(T, k) + ap LT A2(T)] ||lwg — w*|| (Jlwg — w*|| + G) (B.48d)

= i LT[A1(T, k) + ap LT A2(T)] [lwi — w|| (|w — w”|| + G)

+a LT [A1(T, k) + ax LT A2(T)] |[wg — w™|| ||Awi]| (B.48e)
o AT, k) +a; L2T?A5(T) )
< ax LT[2ax LT + 221 (T, k) + 2a, LT A5(T)] ||wy — w*||* + e | Awg]|
+ axr LTG?[241 (T, k) + 2ax LT A5(T)] (B.48f)

where the inequality (B.48b) follows the Cauchy-Schwarz inequality for dot product, (B.48c) is

; : 2, b?
based on (B.33), and (B.48f) follows from the elementary inequality ab < a® + Z-.
Based on Lemma 4.2 and the fact Vf(w*) = Ex [Vf(w*; X)] =0, we obtain the upper bound

of the fourth term in (B.46e) as

T+k-1
Z a; (W — w*) VF (wy) (B.49a)
t=k
T+k-1 B B B B
= Z a; (wy = w") " [Vf (wi) = Vf () + VF (w0x) = Vf (w")] (B.49Db)
t=k
T+k-1 B B
< ai LT ||lwy — w’|| [|[Awk ]| + Z (g —w")" [VF (wy) - Vf (w")] (B.49¢)
t=k
T+k-1
< i LT |y — w’|| [Awil| = ) a: L6 [l —w|? (B.49d)
t=k
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T+k-1
— * 1 — *
< LT |y — w||* + 1 | Aw | > s |lwg - w? (B.49¢)
t=k

where (B.49c) follows from the Cauchy-Schwarz inequality, (B.49d) follows from Lemma 4.2, and

b2

. . 2
(B.49¢) follows from the elementary inequality ab < a® + Z-.

B.6.1 Decaying Stepsize

Using Riemann sum and the decaying stepsize ay = cL™!/k, we obtain the lower bound of

k+T -1
Dier  @p as

k+T -1

T
a; k k+T
> —dt =kl >1 1+7). B.50
;:k ak_‘/o K+t Og( X )—Og(+) ( )

Substituting (B.50) into (B.49e), we obtain

T+k-1
— * r — * 1 — *
>, (i —w) Vi (we) < af LT [y~ w'|* + 5 l1Awi|* ~ ax Lo log(1+7) e - w||.
t=k

(B.51)
Combining (B.34e), (B.47), (B.48), and (B.51) and taking expectation conditioning on wy,

we obtain
E[Cr, 141 — Cr. k] < ax LTALT, ) ||[0x — w||* + AT, o) ||Awy ||? + 204 LTG? AT, )  (B.52)

where A3(T, ar), A4«T, ar), and A¢(T, ax) are respectively defined as

1

AT, ap) = 1802 L*T? + 12a; L*T*A5(T) + el [1+23(T, k) + af L*T?25(T) | (B.53)
AT, ar) = A1 (T, k) + 3ax LT + ax LTA2(T) + 3a; L*T>A5(T) (B.54)
and
log(1+T
Ao(T ax) = 204 (T k) — 6284+ D) 2 LT [11 + A5(T) + 60> L2T2A3(T)]. (B.55)

Based on (B.27), we have 2Ay(T, k)—6T " log(1+T) = T~ [4c1p* (1-p) ™' —6 log(1+T)]. Moreover,
(B.27) is a monotonically increasing term of k. Therefore, there exist € > 0 and T, such that

log(1+T,) -

201(Te, 1) =6
1(6 ) Te

2e. (B.56)
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Given T¢, the third term of A¢(Te, ax) is a monotonically increasing function of a;. Hence,

there exists an @ > 0 such that
20, LTe [11+ A2(Te) + 62 L°T2A5(Te)| < € (B.57)

where ap < ac.

Combining the facts (B.56) and (B.57), we conclude A¢(Te, @) < —€. As a result, we obtain
_ » 2
E[Cr, k41 = Or k] < —eax LT |[wy — w’||* + AxTe, ax) |Aw!||” + 204 LT G*AuTe, ax).  (B.58)
Taking iterated expectation over wy, we have

E[Cr,_k+1 - Cr_x| < —ECYkLTeE[H?Dk - W*HQ] + Ay(Te, ) E[|Awy |I?] + 20k LT G*Au(Te, k).

(B.59)

B.6.2 Constant Stepsize

Using the constant stepsize ay = @L™!, we obtain the upper bound of the fourth term in

(B.46¢e) as
T+k-1 B 1
D, (i —w) VF (wy) < af LT iy — '[P+ o [|Awil]® ~ @ LT6 oy~ w'|[*. (B.60)
t=k

Combining (B.34e), (B.47), (B.48), and (B.60) and taking expectation conditioning on wy,

we obtain
E[Cr, k+1 — Cr, k] < ax LTA6(T, k) ||wy — w*||? + A3(T, ax) [|Aw || + 2ax LTG?A(T, ax) (B.61)
where A6(T, k) is obtained as
A6(T, k) = 221(T, k) — & + 2T [11 + Ao(T) + 6&°T>25(T)]. (B.62)

Based on (B.27), there exist €, Te and @ < @L such that 241(T¢,1) — § < —2€ and 2aT[11 +

Ao(Te) + 6&2T2/13(T5)] < €. Moreover, (B.27) is a monotonically increasing term of k. Therefore,
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we obtain

E[Cr, ko1 = Cr, k] < —eax LT[y - w'|?] + 24Te, 0) B[ lgwe || + 2k LT G*A(Te ).

(B.63)

B.7 Proof of Theorem 4.6

Based on the iteration (4.14), we obtain the relation between ||wg+r — w*|| and [|wy — w*|| as

lwisr = w*|| < (1 + ager—1 L) |Wpsr -1 — w*|| + @471 LG (B.64a)
< (14 aL) |[Wrsr-1 — w*|| + ax LG (B.64b)

T-1
< (1+axl)" ||we - w'l| +axLG ) (1+axL)" (B.64c)

7=0

where the inequality (B.64b) follows from ay47-1 < @k, and the inequality (B.64c) is obtained by
telescoping the iterates in (B.64b).
Based on the elementary inequality (a + b)? < 2a? + 2b2, we have

T-1

2
>.a +a/kL)T) . (B.65)

7=0

lDrsr —w*||* < 201 + ax L)?T ||lwy — w*|)* + 202 L2G?

Taking summation of (B.65) over T =0,...,T. — 1 and dividing both sides by two, we have

Te-1 Te-1(j-1
Cr. . < llwe —w'l* Y (1+axL)*™ +0PL*G? (2(1 + akL)T) (B.66a)
7=0 j=1 \7=0
Te-1 Te—1(Te-1 2
< |Jwg — w*||? Z (1+ax L) + a2 L2G? Z (Z (1+ a/kL)T) (B.66b)
7=0 j=0 \ 7=0

where the inequality (B.66b) follows from j < T.
Recalling the fact Wy = Awy and ||[Awy — w*||? < ||lwg — w*||, inequality (B.66b) also verifies

the boundedness condition of E[Cr, 1] as long as the term ||Jw; — w*||? is bounded.
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Based on (B.66b), we have

ElCri]  _ E[Cr.]

= (B.67a)
Sl +aD)? ~ 2t + arL)?"
2
Te—1 Te-1
_ )2 272 2Zj:0 (ZTZO (1+akL)T)
< Bl - wl?] + o3 126?70 - (B.6Th)
ZTE:() (1+axlL)
< B[l - w'|1?] + e} 12GT? (B.67c)

where the inequality (B.67¢c) follows from the elementary inequality (Z:i 61 x7)2 < T ZZE:BI x2

T°

Based on the fact 1 +x < exp(x), we have

T.-1 or,
1 L)“'¢ 2a1 LT,
S +ail)? < Ut l)7e  expaille) (B.68)
=0 a/lL a’lL
Substituting (B.68) into (B.67c), we have
9L Rlo ] < ]E[||1Dk - w*||2] + 2 L2T2G? (B.69)
exp(2a1LT,) ot k= e '

Substituting (B.69) into (B.59), we obtain

ea1a L?T,
]E[(DTG’]H.l] <|1- eXpl(QZ’TT:) E[CTE,k]'*‘/lB(Te’a’k)E[HA’wk||2]+€CY/3<L3T§G2+2Q’I<LT5G2/14(Te,CYk)-
(B.70)
Based on Lemma 4.4, we have
E[l[Awe ] < 2(c2 +20)* E[||Aw: [|?] + 2Ne3rd i L? (B.71a)
< 2(1,%L2(cg2)]E[||Aw1||2] + Nc%rlznax) (B.71b)

where the inequality (B.71b) follows from Lemma B.1 with cg > @~ exp(=1) log™! (—5=).

cot2a

Recalling the definitions of 1;(Te, k) in (B.27) and A4(Te, @) in (B.53). Using Lemma B.1, we

have

20, LT G*Au(Te, ar) < 20k LT G?[akLe1g + 3axLTe + axLTeAo(Te) + 3 L T225(Te)|  (B.72)
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where c1g is obtained as

W). (B.73)

c10 > @ texp(-1) log_l(
1

Based on (B.71b) and (B.72), we obtain the upper bound of the last three terms on the
right-hand side of (B.70) as

A(Te, ) Bl Awk |I?] + €@} L’T3G? + 2 LT G* AT, ay) (B.74a)
< 202 12( B[ I|Aw1 ] + Nedrl, o) + eof LTEG? (B.74b)
+2a LT G*[axLcig + 3ax LTe + axLTedo(Te) + 3a; L*T2A5(T) | (B.74c)

< ;L [2c3E[|Aw1 [I?] + 2Nc3r2 o + €k LT2G? + 2010Te G? + 6T + 2T AATe) + 6ax LT2AN(Te) |

max

(B.74d)
< ail’cy (B.74e)
where ¢4 is obtained as
ca = 23 [||Aw |1*] + 2Ne3r2 . + €aT2G? + 2c10Te G? + 6T + 2T AATe) + 6aT2AYTe).  (B.75)

max

Substituting (B.74e) into (B.70) and setting a; = @L~'/k, we obtain

ea’T, ca

E|C <|1-—=—|E|[C + —. B.76
Croan] = |1 iy Bl + B.1)
Recalling the facts @ < min{La,, 1_7‘?} and € is a small positive constant, we have % <

1. Based on Lemma 2.3 in [146], we conclude that

_ 12 k 2¢5
]E[||wk —w| ] <2E[C) ] < 2 (B.77)
where c5 is obtained as
exp(2aTe)c
Cy; = Imax {E[CTEJ] . I)G(TTG)ZL} . (B78)
€
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B.8 Proof of Theorem 4.8

Based on (B.44), constant stepsize ax = L' and @ < (1 — ¢2)/4, we obtain

SNa? rmax

E[l|Aw|?] < 2(ca +2a)* E[||Aw [[*] + L2(1 - c)

(B.79)

Following similar arguments in Appendix B.7, there exist € and T, satisfying 241(Te, k) —

—2¢e such that

z)E[HAwkn?] +ead’T3G? + 2cTEG2/14(T€, %) (B.80)

E[Cr, k+1] < ¢ E[Cr, k] +/13(Te, 7

where cg is obtained as

eaT,

cg = —_—
s+ a)

(B.81)

Substituting (B.79) into (B.80) and performing several algebraic manipulations, we have

a 2 _\2k 4&C1G2 k _9
E[@Te,lﬁ.l] < CﬁE[CTE’k] + 2/13(T€, Z)E[”A’wl” ] (62 + 201) Tp +a“Ncy (B.82)
where c¢7 is obtained as
8r2 a\ T3G? ~
= ﬁ@(n, Z) + =< (64 202(T0) + €aTe + 6eTeA3(T)|. (B.83)

Using (B.82), we obtain the upper bound of Te-step Lyapunov function as

E|Cr, k+1]

k k 4ac1G

k —t 2(t-1) -t t-1 —2

SCGE[CT€’1]+2;C (co +2a) /13( L) | Awn || +;c 0 NC7Z

Te-1 _\27 k

‘v (1+a cy — (co + 2 dac1 G2
< KB[Cr )+ 20 U DT Gy, 8T )2 224(Te., “)]E[||Aw1||2] f 6P daey

€Tc cg — (ca +2a) L -p l1-p
< ckE[CL ] + —/15(k) + - Z (1+a)*eq
(B.84)
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(B.85)

where A5(k) is obtained as
2500) = AA3(Te, YE[Aw %] [ck = (c2 +2a)*|  8ac1G?(ck - p¥)
T Nlc — (cz +2a)?] N(cs=p)(1=p)’
Since %E[llwk —w*|?] < E[Cr, k], we have
QE[CTEJ] _ aN Tt _\27
Tc’g Ly Ak —1) + T TZ:; 1+a)¥cr (B.86)

Ll o
Bl - w|?] <
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Appendix C

Related Proofs of Chapter 5

C.1 Upper Bound of Lyapunov Drift-Plus-Penalty Function

Substituting (5.9) into (5.15), we have

1
D(gy) =5, [qu’?+1||2 - [lg Iq;‘?] (C.1a)
1 N
Sﬁz L.k ”sk+r3,k|qk ank l1k[vnk I'n k|qk] (C.1Db)
n=1 n=1
1 N
=N+3 Z:; Eoy[ynk =raxlac] (C.1c)

where (C.1b) follows from the fact ([a — b]* +¢)? < a® + b? + ¢® + 2a(c — b) with a,b,c > 0, and

(C.1c) follows from the facts (5.8) and v, x € (0, 1).

C.2 Proof of Theorem 5.2

The major steps follow the proof of [30, Theorem 4.2], and we will only sketch the proof for our
formulated optimization problem. The optimization problem (5.17) is non-convex; therefore, we
are motivated to seek a suboptimal solution to problem (5.17) within the feasible region. Recalling

Lemma 5.1, we have the following inequality

N
Dap) + VEo  [F(PENay] < N+ VE,  [F(PEDgE] + 3 4 i Buy [y = rarlal] - (C2)

n=1

Note that g; is independent of the random sources in ¢1 &, we can simplify (C.2) as

D(q}) +VE,, , [F(PP")] < N+VE,,  [F(PF")] + ank o [Vnk = o] (C.3)
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When the traffic arrival rate vector [vy,...,Vn] is in the stable region of system, and the
random sources in ¢ x = {hn,k,EfAV,vn,k}flV: , is independent and identically distributed over

slots, we have

E, [F(PZE")] <F%°" +e€ (C.4a)

E, . [r,,yk] >V, +€ (C.4b)

where F5°'T is the maximum suboptimal value of (5.17), and € can be chosen arbitrarily close to
zero [30, Appendix 4.A].

Due to the minimum requirement of SINR, the expected GEE is lower-bounded as
E[F(PFET)]| > F™™. (C.5)
Substituting (C.4) into (C.3) and setting g — 0, we obtain
N
D(q;) +VE, , [F(PET)] < N+ VFOT—e " g . (C.6)
n=1

In order to prove the first part of Theorem 5.2, we first take the iterated expectation over
endogenous (i.e., g) and exogenous (i.e., t1,x) random sources and perform some algebraic ma-

nipulations of (C.6) as
N
E[D(q})] < N+V(F'" ~E[F(PFEN)]) - € Y Elg) ] (C.7a)
n=1

Recalling the definition of drift function in (5.15), we have

N
38 {latal] - SEfladl | <y +viEor -BlFEED] - Y Bla] (s
SN+ V(FOTT - prin) e i Elq?,] (C.8b)
n=1

where (C.8b) follows from (C.5).

Taking telescope summing of (C.8b) over k =0,...,K —1 and dropping the nonnegative term
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qpsn=1,...,N, we have
B|lazF| < 26N+ v(Forr - )] 4 g (C.9)

Since E[llg} 112 - E*[lg3[l] = 0 and g} ¢ < [lg} |l we have

Elqs ] <E[lal] < \/QK[N +v(Fsorr - prin)| 4 B lgg . (C.10)

Based on (C.10), we observe that the backlog of each access queue increase at a rate of 0(VK). There-
fore, we conclude that access queues are mean rate stable.
Taking telescope summing of (C.8a) over k = 0,...,K — 1 and perform several algebraic

manipulations, we have

K-1
1% Z E[F(P")| < KN + KVF°'" + %]E[Hqgn?] . (C.11)
k=0

Dividing both side of (C.11) by KV and setting K — oo, we obtain (5.18).
Taking telescope summing of (C.8b) over k =0,...,K — 1, we obtain
K-1

N
€ Z E[q:,k] <KN +Kv(FSOPT _ Fmin) N

1
E[lg} 1] - SE[lax 1]
k=0 n=1

(C.12)
E[llgyl?] -

N = N

<KN + KV(FSOPT _ Fmin) +

Dividing both side of (C.12) by €K and setting K — oo, we obtain (5.19).

C.3 Proof of Theorem 5.3

Introducing a set of auxiliary variables c¢3 , x > 0, we obtain an equivalent form of the opti-

mization problem (5.21) as

N
min VF(PP") - Z g5 1C3n.k (C.13a)
{Wn, ks A1, C3 1 oy =
5.6. SINRyg = Appgon=1,...,N (C.13b)
SINR,x > yn"%n=1,...,N (C.13c)
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N 2
D Mol < P (C.13d)
n=1

sk |1 +exp(—c1,,[1010g1o(SINR, k) — c2.n])] < Ln=1,...,N. (C.13e)

The KKT conditions related to the proof are listed as

cank(csni|l+exp(—c1,,[10logo(SINR, &) — c2u])] -1) =0,n=1,....N (C.14a)
ok |1 +exp(—c1,n[1010g19(SINRu k) = con])| —qp , =0n=1,....N (C.14b)
cank20,n=1,...,N. (C.14c¢)

Based on (C.14b), we obtain the expression for ¢4, x as

‘12 k
= d > 0. C.15
ek A exp(—c1.n[1010g10 (SINRy, ) — c2.n]) (C.15)

Hence, we can obtain the expression of y, from (C.14a) as

1
1 +exp(—c1,,[1010g1o(SINR,, k) — c2.n])

C3,n,k = (016)

Using (C.15) and (C.16), we obtain the following optimization problem

N
min Z cank(cani|l+exp(—c1,,[101ogo(SINR, &) = c2,])| = 1) + VF(PE") (C.17a)

{wn,k»/ll,n,k }n 1 n=1

s.t. SINRx = Ay pson=1,....N (C.17b)
SINR,x > Y™™ n=1,...,N (C.17¢)
Z o i[* < P (C.17d)
n=1

Together with (C.15) and (C.16), the optimization problem (C.17) shares the same KKT

conditions with the optimization problem (5.21).
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C.4 Activeness of Constraints in (5.26)

Recalling the fact in (5.22), we only need to discuss the relation between (5.26d) and (5.26¢). Let

/l*

Lk 2 n k} be the set of optimal solution. Suppose that some of the constraints in

{w? 1,

(5.26e) are inactive, and denote the set of indices of inactive constraints by

IDX = n! o-n

wlk /l;’n’k,n: 1,...,N¢. (C.18)

I#n

2

H *
hn,kw

*
Ik /lg,n,k/CS,n,k,

Re-

Then, there is a positive constant cs , x > 1 such that \/0',2, + Zf\;’tn

n € I'DX. To keep corresponding constraints in (5.26d) unchanged, we set A x < c?)’n KAk

’an > A

calling the fact c5,x > 1, 2 Lok

Then, the term ¢, A* achieves a smaller
) n,k’"1,n,k

5,n,k 5,

objective value of (5.26a), which contradicts optimality of A7 . Hence, we conclude that the

constraints in (5.26e) are active.

C.5 Convergence Property of SABF Algorithm

The successive approximation procedures are used in Algorithm 6. Let #7 and OBJ7 respec-

tively denote the approximate feasible region and optimal objective value of problem (5.30) in each

Tl/‘l‘[‘l ‘rl ‘rl

iteration 7. Based on lines 6-8, the solution {w; 1k C3mk Chnk

1 is in the feasible region

/lf ct cT r]1V=1 is a minimizer to

-
of next iteration 7, namely #7. Since the solution {w? nk? €3k Chon

n,k’

problem (5.30) in the feasible region ¥ 7, we obtain
0BJ* <0BJ" L. (C.19)

Since the maximum transmission power of BST is P™®*, the objective value of (5.30) is lower-

/17'

Lk €3 Chn, k}ney that con-

bounded. Thus, Algorithm 6 generates a set of solution {wn "

verges as T goes to infinity. Since the objection function of (5.30) is convex, we obtain that the

convergent solution {w®, A ey is a KKT point of the problem (5.30) via sim-

n,k>"1,n,k’ 3nk’ 4nk}

ilar arguments in [24, Proposition 3.2]. Based on Theorem 5.3, we conclude that the solution

{wy A7, k}flvzl is a KKT point of the problem (5.21).
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Appendix D

Related Proofs of Chapter 6

D.1 Upper Bound of Two Time-Scale Lyapunov

Drift-Plus-Penalty Function

Taking the telescoping summation over k = 1,...,T for the (m,n)th access queue in (6.9), we

obtain the one-frame dynamic equation of the (m, n)th access queue as

T T
Dy [+ 1] =y [+ D Vi [i] = ) il (D.1)

k=1 k=1

Based on (D.1), the one-frame drift of the (m, n)th access queue is upper-bounded as

[Vm,n,k [i] = rimn.k [l]] (D.2)

M)~

%[(qﬁz,n,l 1) = ahn [i])Q] < ; s gl

=~
Il

1

where the inequality holds due to the facts in (6.11).
Following a similar argument, we obtain the upper-bound of the one-frame drift of the (m, n)th

processing queue as

2 2 max\2 max 2 T
%[(qz’n’l[z#l]) ~ (abnalil) ] < ) ;(F 748 11 [ k1] = mni 1] (D.3)
k=1

where the inequality holds due to the facts in (6.11).
Based on (D.2) and (D.3), we obtain the upper-bound of one-frame Lyapunov drift-plus-

penalty function conditioning on ¢*[i] and ¢"[i] in (6.19).
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D.2. Proof of Theorem 6.1

D.2 Proof of Theorem 6.1

*

Let {w;, ,  [il.ap 4[i]. @, _;  [i1}m.1nk,i denote minimizer to RHS of (6.19) under the con-
straints in (6.6) and (6.12)—(6.14). Let {Wm n.k[i], dm.nli], @m—ik[i]}m.inki denote the set of
feasible resource allocation variables such that v + €l < E,, ;) [7[i]] < 5 - €l.

Substituting the minimizer {wy, [il.a;, ,[il. @, [{)}m.in.k.i into the RHS of (6.19), we

m,n m—l,k
obtain
M T
D@ (i), q"[i1) +V D > Byl F(PEL D) [1], gV [i]] (D.4)
m=1 k=
o k=1
<Ter+V ) Y B 0 F(PERL)g* (1], g"[1]]
m=1 k=1
T
+ZEW velil - rilillg* (1] @ [i1 + ) B [reli] = selillgV [i1] g"[i] (D.5)
k=1
sTc1+vZZElg,k[,-][F<P,'ifgz[i]>|q*‘[i],qU[i]] — €T}y [@" [K] + g"[K]] (D-6)
m=1 k=1

where the inequality (D.6) follows the fact that {w?  [il,a;, ,[il.@ _; ; [{]}mink.i is a feasible
solution under the constraints in (6.6) and (6.12)—(6.14).
Note the endogenous (i.e., g*[i] and g"[i]) and exogenous (i.e., t2x[i]) random sources are

independent. Rearranging (D.6) and taking iterated expectation over all random sources, we

obtain an upper bound of the one-frame Lyapunov drift function as
E[D(g*[i],q"[il)| < Tc1 +2TVF - €T1;, 5., E[q*[i] + q"[il] (D.7)

based on the bounded GEE (6.20).
Taking telescoping summation over i = 0,1, ...,I—1 for (D.7) and performing several algebraic

manipulations, we obtain the upper bound of queue backlogs as

I
eT Z 1TE[g"[i] +¢"[i]] (D.8a)
<2 E[la* 0111 - lg* 111 + g [011” ~ llg" [711P] + ITey + 207V E (D.8b)
% [g* (011 + llg" [0111%] + IT¢s + 2UTVF (D.8¢)
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D.2. Proof of Theorem 6.1

where (D.8c) is due to the nonnegative term ||g*[I]]|% + |lq" [1]]|%.
Dividing both sides of (D.8c) by eIT, we obtain
L c1+2VF
17 U : 2 U 2
Y ATB[g M+ ali1] < S v B [lgM Ol + g [0]17]. (D.9)

i=1

Note that the initial queue backlogs ¢*[0] and q"[0] are fixed. Setting I — oo, we obtain

2VF
lim sup ~ Z 1"E[q*[i] +¢"[i]] < ct2vF < o0, (D.10)

€
>0 -1

The backlogs of access queues and processing queues are nonnegative due to the constraints in
(6.12) and queue dynamic functions in (6.9) and (6.10). Based on the nonnegative queue backlogs

and (D.10), we conclude that

c1+2VF

! Ef < —/—— D.11
ll}n_ilolp lzll qmnl[]+qmn1[]]_ . < 00 ( )

such that the constraints in (6.15) are satisfied.
Now, we prove the inequalities in (6.22). Based on (D.10), we obtain that the nonnegative

queue backlogs of access queues and processing queues satisfy

c1+2VF
hIIn_)s;lp ZlMNXl Ml < —) < (D.12)
and
2VF
lim sup — Z 1ynaElg"[i] < arrl . (D.13)
I—00 €

Based on (D.12), (D.13), and Theorem 2.8 in [30], we conclude that the access queues and
processing queues are mean-rate stable. Furthermore, the necessary conditions for mean-rate

stable access queues and processing queues are obtained as [30, Theorem 2.5]

I T
1
n < limsup EZZE ok LI < Smon- (D.14)
I—0e0 i=1 k=1
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D.2. Proof of Theorem 6.1

Hence, we obtain a relaxed time-average GEE (R-TAGEE) minimization problem as

1 T M
1
F*= min — E[F Pl D.15a
{wmnk[l] amnlil, wm—>lk[l]}m1nkth T;kz:;r; ( ] ( )
5.t. (6.6), (6.12) — (6.14) and (D.14) (D.15b)

where F* is the optimal value of the R-TAGEE minimization problem.
Since the constraints in (6.16b) are a subset of the constraints in (D.15b), the optimal value
of TAGEE minimization problem (6.16) is lower-bounded by the optimal value of R-TAGEE

minimization problem (D.15) as

iT D BFPELLD)] .- (D.16)

i=1 k=1 m=1

Therefore, we establish the first inequality in (6.22).
Based on the arguments in [30], when the random sources in ¢ ¢ [i] are independent and identi-
cally distributed over different slots, there is an optimal solution {w; ,  [il.4a;, ,[il.@) _,  [i]} to

R-TAGEE minimization problem (D.15) that almost-surely satisfies {w” . [i]. d, ,[i]. @ [7]}

m—l,k

*

is a function of current random sources ¢ [i] and {w; mon (il ap i), @, i .k, guaran-
tees that v, < K., , 1 [rm,n,k[i]] < Smp and F* = ZM 1 IE)[F(PBST[ ])]
Note that {w; [il,d, [, @ (] }m.1.n.k.i 1S not a minimizer to the RHS of (D.5). Substi-

m—l,k

tuting {w;  , [il.ay, ,[i], @ _,  [i1}mink: into (D.5) and taking iterated expectation, we obtain

M T
E[D(¢"[i], ¢"[i])] +VZ Z]E F(PETi))] (D.17a)
m=1 k=1
T T
<Tey+V ) Blwelil - rlil] + ) Blreli] - silil] (D.17b)
k=1 k=1
<Tcy +TVF* (D.17¢)

where the value of left-hand side (D.17b) is obtained by {wm n. (il ap i), @, L]}t ki

m—l,k
and the inequality (D.17c) is based on the two facts: 1) {w},  ,[il.ay, ,[i]. @ _,  [i}mink is a

function of current random sources tg x [i]; and 2) {'I.b;’n’k [i], ay, o li], @),

sl k [{1}m.1.n.k.i guarantees
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D.3. Proof of the Activeness of Constraints in (6.32c)

that Vs < Buy 1] [Frnk []] < Spn and F* = ¥ E[F(P;jfg [i])].
Taking telescoping summation over i = 0,1,...,I — 1 over (D.17¢) and dividing both sides by
ITV, we obtain

1 Shehs BST A 2 2 « C1
ﬁ;;;E F(PYLiD] - 2ITV” ] 21TV”q ) < F* + <. (D.18)

Letting I — oo, we obtain the second inequality of (6.22) due to the fixed backlogs g*[0] and

q"[0].

D.3 Proof of the Activeness of Constraints in (6.32c)

Let {'wm ok [i], @, _,, [i]} denote the set of optimal beamforming vectors and exchanged NRE

variables given 0y [i]. Suppose that the (m,n)th constraint in (6.32¢) is inactive, i.e.,

hH [[]w?* D
n,k k o2
m nA m,n, \/111111\1213;:; + IINTER[ ] + - ( 19)
\/exp(qm,n,k[ ) -1

Hence, we introduce an auxiliary variable cg ., such that

R lilwr (i
m,n,k [l]wm,n,k [l] \/IsjﬁRkA[ ] IINTER[ ] + O-m n- (D20)
(@, 10k [i]) - 1

Ym,n

Based on (D.19) and (D.20), we obtain ¢, < 1. Setting a new solution {w?  , [i], @ [i]}

m—l,k
such that Wy, , k[i] = co.m n'wm n. ([i] and wm_d (il = wm_ﬂ li]. The new solution satisfies all
the constraints in (6.32b)-(6.32e). Moreover, the new solution {w} , [i],@ _, ,[i]} obtains a

smaller objective value than that of {w; . [il,@, , [i]} since cmn < 1. This observation

contradicts with the assumption. Hence, we conclude that the constraints in (6.32c) are active.
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