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Abstract

Distributed computing devices, including smartphones and edge micro-servers, gather and
analyse data near users, presenting significant opportunities for enhancing service responsive-
ness and system efficiency. The constrained processing capabilities of edge nodes and the fluctu-
ating nature of service requests pose considerable challenges in the management and orchestra-
tion of distributed services. This thesis investigates intelligent strategies for optimising decision-
making in edge computing (EC) settings to improve Quality of Service (QoS), minimise latency,
and ensure system flexibility under resource limitations.

The first part of the thesis introduces a time-efficient decision-making framework groun-
ded in Optimal Stopping Theory (OST), tackling the dilemma of whether edge nodes ought to
replicate unavailable services (pull action) or delegate tasks to neighbouring nodes (push ac-
tion). This system adjusts dynamically to variations in service request patterns and resource
availability. The OST-based solution exhibits enhanced performance over conventional service
management methods in synthetic experimental settings motivated by smart city applications.

The second part presents a cost-aware service orchestration model that enhances the OST
method by including time-sensitive service demand patterns and system-level restrictions. This
paradigm guarantees the provision of edge services in a resource-efficient and timely manner,
reducing both over-replication and superfluous task offloading. It is assessed in several dynamic
contexts to illustrate its practical efficacy in enhancing edge resource allocation.

The third part presents the initial study of Experts with Gradient Bandits (ExpGradBand)
and addresses the important problem of node selection in Edge Computing settings. Through
gradient-based decision-making and lightweight contextual experiments, it introduces ExpGrad-
Band, a novel node-selection technique that extends the conventional Multi-Armed Bandit (MAB)
framework. This part provides preliminary evidence of the algorithm’s effectiveness through
controlled, small-scale experiments with sparse contextual data. ExpGradBand outperforms
baseline techniques in terms of convergence speed and cumulative regret, demonstrating ad-
aptive decision-making under constrained experimental settings. These findings provide initial
evidence of the framework’s ability to support intelligent node selection in real time.

The fourth part builds on that initial research by providing a broader empirical validation
of the same framework within a more comprehensive sequential learning setting that incorpor-
ates deep-learning expert models into the Multi-Armed Bandit (MAB) architecture. In uncertain
and diverse edge contexts, this framework supports asynchronous, lost, and delayed feedback,
enabling reliable and scalable decision-making. By adding expert-driven predictors, includ-
ing Long Short-Term Memory (LSTM), Feedforward (FNN), and Recurrent (RNN) networks,



il

the ExpGradBand framework improves node-selection accuracy and strengthens adaptation to
large-scale, real-world scenarios. This part therefore provides a broader experimental and ana-
lytical assessment of ExpGradBand, demonstrating its cross-scenario generalisation, scalability,
and resilience in dynamic edge computing systems.

The fifth part extends the thesis by addressing dynamic assignment problems under strict
budget constraints through a pure-exploration sequential learning framework. This chapter in-
troduces a Thompson Sampling-based Recursive Block Elimination approach that efficiently ex-
plores large or continuous action spaces without requiring exhaustive sampling. By discretising
the action space and recursively eliminating sub-optimal blocks using confidence-driven cri-
teria, the proposed method enables reliable identification of near-optimal actions within limited
budgets. The framework is evaluated on dynamic pricing and federated learning pruning scen-
arios, demonstrating strong performance in terms of misidentification probability and simple re-
gret, and highlighting its scalability and effectiveness in resource-constrained decision-making
environments.

The thesis closes by underscoring the need for adaptive, feedback-oriented orchestration sys-
tems in edge computing. This study advances the development of self-optimizing, resilient edge
computing infrastructures by integrating Optimal Stopping Theory, cost-aware service model-
ling, and intelligent node selection algorithms, enabling the provision of efficient services within

real-world operational limitations.
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Chapter 1

Introduction

1.1 Overview & Contributions

1.1.1 Motivation and Thesis Statement

The extensive use of end-user devices and the emergence of latency-sensitive, data-intensive
applications—such as video analytics, smart city services, and intelligent surveillance—have
necessitated computing paradigms that position processing nearer to data sources. Edge Com-
puting (EC) has arisen as a remedy for the escalating issues associated with centralised pro-
cessing, such as communication latency, network congestion, and data privacy problems [1].
By performing services and activities in proximity to data-generating devices, Edge Computing
(EC) improves Quality of Service (QoS) by minimising latency, enhancing responsiveness, and
facilitating localised decision-making.

Nonetheless, EC systems are intrinsically resource-constrained, functioning under constraints
of computational power, storage capacity, and bandwidth. The limits are exacerbated by the dy-
namic and unexpected nature of service needs, since not all services can be pre-deployed on
every node owing to capacity limitations [2]]. In practical edge contexts, such as smart cities,
service availability often falls short of demand, necessitating that nodes swiftly and judiciously
choose how to manage incoming task requests in the absence of locally available services. The
difficulty involves determining whether to reproduce the absent service at the local node (pull-
action) or to outsource the duty to a neighbouring node or the cloud (push-action) [3]].

This thesis presents a time-optimized sequential decision mechanism informed by Optimal
Stopping Theory (OST) to resolve the decision-making conundrum. This methodology con-
ceptualises service replication as a stopping problem, whereby an edge node monitors incom-
ing requests and seeks to ascertain the optimal moment to intervene—either by duplicating the
requisite service or by postponing action. The decision aims to optimise cumulative reward
while reducing reaction time and replication expenses. This approach enables edge nodes to

operate independently and adaptively in situations with variable service needs. The solution is
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implemented via a one-stage look-ahead (1-sla) stopping rule, which assesses the current and
prospective value of waiting compared to taking action [4]. Experimental assessments across
several synthetic scenarios motivated by smart city applications indicate that the OST-based
methodology substantially surpasses baseline solutions by attaining near-optimal service avail-
ability, minimising offloading delays, and enhancing resource efficiency. This challenge forms
the basis for the first research question, RQ1 (I.2.1)), which investigates how edge nodes can
autonomously make intelligent decisions between service replication and task offloading, based
on demand patterns and time sensitivity. The proposed solution is described in S1 and
explored in detail in Chapter

In addition to personal choices about work delegation or service duplication, edge computing
settings necessitate the strategic orchestration of resources across time, particularly in response
to fluctuating demand circumstances [5]]. A primary problem in this context is managing de-
clining service demand rates attributed to factors such as user mobility, network variations, and
fluctuating computational workloads. In Mobile Edge Computing (MEC) systems, the volume
of tasks received at a certain node may diminish with time; yet, the timing of replication or
offloading decisions significantly influences system efficiency and resource utilisation. This
thesis presents a unique technique for cost-aware sequential decision-making, termed DOST
(Cost-based discounted sequential decision-making) [6]. The methodology is founded on
Optimal Stopping Theory (OST), enhancing previous research by integrating the temporal
decay of task arrivals, represented through exponential decline. DOST, in contrast to previous
models that operate under a constant request rate, dynamically adjusts to diminishing task re-
quest patterns by assessing when to replicate services (pull-action) based on a trade-off between
anticipated reward and the cost of delay. The decision-making process is mathematically artic-
ulated, representing task arrivals as a Poisson process with diminishing rates. The MEC node
monitors the total number of service requests over time and uses a /-stage look-ahead (1-sla)
strategy to ascertain the ideal stopping time #* that maximizes the anticipated return. If no
choice is made by the deadline 7', the model defaults to task offloading (push-action), ensur-
ing task continuance. Comprehensive simulations juxtapose the DOST methodology with the
preceding COST model, demonstrating that DOST consistently attains superior payoffs, partic-
ularly in contexts characterised by variable or diminishing task demand. The findings validate
that DOST surpasses baseline methods in both average performance and decision robustness,
providing consistent payoffs and stopping behaviour despite fluctuations in capacity and de-
mand degradation. This research forms the basis for the second research question, RQ2 @D
which asks how EC nodes can make cost-sensitive service orchestration decisions under non-
stationary demand. The proposed DOST-based solution is outlined in S2 and discussed
in detail in Chapter 3]
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Although node selection in Edge Computing (EC) has garnered significant attention, several
existing solutions either depend on set heuristics or presume a static or stochastic environment,
neglecting the dynamic and frequently hostile characteristics of actual edge deployments. In
edge computing systems, the operational conditions of edge nodes such as availability, pro-
cessing load, and communication quality can change rapidly, rendering effective, real-time task
allocation a hard challenge. This complexity is increased by delayed, noisy, or absent feedback
signals that undermine the reliability of conventional node selection algorithms. This thesis
presents an enhanced feedback-driven node selection method that utilises gradient-based de-
cision mechanisms and deep learning-based expert models within the Multi-Armed Bandit
(MAB) framework to overcome these restrictions. The proposed method, designated ExpGrad-
Band, augments the traditional Multi-Armed Bandit (MAB) approach by incorporating sev-
eral autoregressive expert oracles, including Feedforward Neural Networks (FNNs), Recurrent
Neural Networks (RNNs), and Long Short-Term Memory (LSTM) networks, to deliver pre-
dictive insights regarding system state based on historical feedback signals, such as heartbeat
and resource utilisation data [/]. In contrast to traditional methods, ExpGradBand employs a
dual-layer selection process: it initially identifies the most promising expert based on historical
predicted accuracy, followed by the implementation of a gradient bandit updating mechanism
informed by the chosen expert’s advice. This allows the system to adjust to both current per-
formance feedback and changing contexts, thus optimising task allocation in real-time, even in
hostile and non-stationary settings. Moreover, by utilising continuous-valued reward functions
instead of binary outcomes, ExpGradBand provides enhanced precision in node evaluation and
selection. A thorough experimental assessment utilising synthetic autoregressive system models
reveals that ExpGradBand routinely surpasses leading methods such as Thompson Sampling,
Exp3, Exp4, and fundamental Gradient Bandits. It attains the lowest cumulative regret, exhibits
the steadiest convergence behaviour, and demonstrates resilient performance despite incomplete
or noisy feedback. This contribution addresses the third research question, RQ3 (I.2.3), which
seeks to understand how expert-driven, sequential learning mechanisms can enhance node selec-
tion under uncertainty and dynamic system states. The proposed ExpGradBand-based solution
is presented in S3 (1.2.3)) and elaborated in Chapter

In edge computing (EC) systems, where computation is delegated from end devices to prox-
imate nodes, a significant difficulty is the selection of suitable edge nodes for task execution.
This difficulty stems from the inherent heterogeneity of edge nodes, which vary in computa-
tional capacity, availability, load, and network conditions. Conventional node selection tech-
niques—relying on static heuristics or historical optimization—are inadequate for the require-
ments of dynamic, real-time systems. Specifically, these traditional methods lack the flexib-
ility required to accommodate varying network circumstances, feedback delays, and changing
task demands. This thesis examines sequential, feedback-driven learning processes for node

selection in dynamic, non-stationary environments to address this gap. It presents ExpGrad-
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Band, an innovative algorithm that incorporates expert-driven contextual reasoning into the
Multi-Armed Bandit (MAB) framework [8]. In contrast to previous studies that presume sta-
tionary distributions or neglect feedback delays, ExpGradBand is specifically engineered for
non-stochastic and adversarial contexts, characterised by unpredictable variations in node beha-
viour, availability, and load conditions. ExpGradBand utilises contextual feedback, including
heartbeat signals and task performance metrics, and employs deep-learning time series predict-
ors—such as Feedforward Neural Networks (FNNs), Recurrent Neural Networks (RNNs), and
Long Short-Term Memory (LSTM) models—as experts to inform the decision-making process.
The system dynamically chooses both an expert and a node by integrating gradient-based learn-
ing and preference modelling, allowing for swift adaptation to feedback signals despite delayed
or absent context. ExpGradBand has markedly reduced cumulative regret relative to previous
bandit algorithms, as evidenced by comprehensive experimental assessments under diverse feed-
back settings, including delayed, absent, and noisy signals. It has notable resilience during initial
operations and attains exceptional long-term adaptability, rendering it extremely appropriate for
practical EC implementations where decision consistency and flexibility are crucial. This invest-
igation forms the basis for the fourth research question, RQ4 (1.2.4), which asks how edge nodes
can be selected effectively under dynamic and uncertain conditions using real-time contextual
feedback. The proposed solution is detailed in S4 and elaborated in Chapter [5]

In large-scale decision-making problems, particularly those arising in edge computing and
distributed systems, identifying optimal actions under strict budget constraints poses a signi-
ficant challenge. This difficulty is exacerbated when the action space is large or continuous
and exhaustive exploration is infeasible. Traditional pure-exploration bandit algorithms typic-
ally require sampling all actions at least once, rendering them unsuitable for such constrained
settings. This thesis addresses this limitation by investigating budget-aware, pure-exploration
learning strategies for dynamic assignment problems. It introduces a Thompson Sampling-
based Recursive Block Elimination framework that enables efficient identification of near-
optimal actions without exhaustive exploration. The proposed approach combines Bayesian pos-
terior sampling with confidence-driven block elimination to progressively discard sub-optimal
regions of the action space while focusing exploration on promising areas. By discretising and
clustering actions recursively, the framework achieves effective learning under limited budgets.
Extensive experimental evaluations on dynamic pricing and federated learning pruning scen-
arios demonstrate that the proposed method significantly reduces misidentification probability
and simple regret compared to state-of-the-art elimination-based bandit algorithms. This invest-

igation underpins the fifth research contribution of the thesis and is detailed in Chapter [0
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1.2 Research Questions & Solution Overview

The thesis centres on creating intelligent, adaptive decision-making systems for effective service
management and task execution in Edge Computing (EC) environments. It specifically tackles
the difficulties of executing time-sensitive decisions for service replication and task offloading,
cost-efficient orchestration amidst fluctuating demand patterns, and optimal node selection in
uncertain conditions. This section delineates the principal research enquiries examined in the

thesis and articulates the proposed resolutions for each.

1.2.1 RQ1: How can an edge node autonomously decide whether to rep-
licate a missing service or offload a task when the requested service

is unavailable locally?

S1: This method presents a sequential, payoff-optimized technique grounded on Optimal
Stopping Theory (OST) to inform the choice between duplicating a service (pull) and offload-
ing a task (push). The technique simulates request observations across time and employs a
1-stage look-ahead (1-sla) strategy to optimise system rewards and minimise replication delays,

resulting in enhanced and autonomous service management at the edge (detailed in Chapter [2).

1.2.2 RQ2: How can EC nodes make cost-aware service orchestration de-

cisions under conditions of declining or time-varying demand?

S2: This system offers a dynamic service management strategy based on the DOST model.
It integrates time-decaying service request rates to ascertain the most cost-effective timing for
service replication prior to transitioning to task offloading. The method adjusts to variations in
request frequency and decision urgency, enhancing resource utilization and long-term benefits
(detailed in Chapter [3)).

1.2.3 RQ3: How can expert-based bandit models further improve task
placement accuracy in real-time EC systems with noisy, incomplete
feedback?

S3: This method presents an initial, reduced-scale implementation of the ExpGradBand frame-
work, evaluated through preliminary contextual-bandit experiments. It enhances the basic Gradi-
ent Bandit algorithm by integrating lightweight autoregressive expert predictors (FNNs, RNNs,
LSTMs) into the MAB selection process. It employs gradient bandit optimisation to integrate
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expert knowledge with real-time adjustment, enabling robust yet small-scale node selection val-
idation under controlled conditions. The technique exhibits faster convergence and lower cumu-
lative regret in a simplified experimental setup, offering preliminary evidence of the framework’s
potential (detailed in Chapter [4).

1.2.4 RQ4: How can edge systems select the most suitable node for ex-

ecuting a task under dynamic and uncertain feedback conditions?

S4: This solution extends the preliminary ExpGradBand study into a comprehensive, large-
scale investigation. It builds on the ExpGradBand framework introduced in Chapter 4, This
gradient-based multi-armed bandit (MAB) method is augmented with delayed, lost, and asyn-
chronous contextual feedback as well as deeper expert architectures. The approach works in
adversarial and non-stationary EC contexts, using past signals and acquired patterns to adapt-
ively choose optimal nodes across heterogeneous and dynamic edge environments, even when
feedback is noisy or incomplete. Compared with Chapter [} this extended study introduces
broader datasets, longer horizons, and advanced analyses, validating ExpGradBand’s robustness
and scalability (detailed in Chapter [3)).

1.2.5 RQS: How can dynamic assignment problems be solved efficiently

under strict budget constraints in pure-exploration settings?

SS:  This solution investigates budget-aware pure-exploration learning strategies for large-scale
and continuous action spaces, where exhaustive exploration is infeasible. It introduces a Thompson
Sampling-based Recursive Block Elimination framework that combines Bayesian posterior
sampling with confidence-driven elimination to progressively discard sub-optimal regions of
the action space. The proposed approach enables efficient identification of near-optimal actions
under limited budgets by recursively clustering and eliminating action blocks. Extensive exper-
imental evaluations on dynamic pricing and federated learning pruning scenarios demonstrate
significant improvements in misidentification probability and simple regret compared to state-
of-the-art elimination-based bandit algorithms. The full methodology and analysis are presented

in Chapter [6]

1.2.6 Academic Contributions to the Research Community

The work presented in this thesis is primarily derived from published research conducted by the
author in collaboration with other researchers. The chapters and the corresponding papers on

which these chapters are based are listed below.

1. Chapter 2: Time-Optimized Sequential Decision Making for Service Management in

Smart City Environments
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» Saleh ALFahad, Christos Anagnostopoulos, Kostas Kolomvatsos, "Time-Optimized
Sequential Decision Making for Service Management in Smart City Environments."
Journal of Smart Cities and Society, vol. 1, no. 4, 2022, pp. 277-299.

2. Chapter 3: Task Offloading in Mobile Edge Computing Using Cost-Based Discounted
Optimal Stopping

* Saleh ALFahad, Qiyuan Wang, Christos Anagnostopoulos, Kostas Kolomvatsos,
"Task Offloading in Mobile Edge Computing Using Cost-Based Discounted Optimal
Stopping." Open Computer Science, vol. 14, no. 1, 2024, article 20230115.

3. Chapter 4: Gradient Bandit Experts for Node Selection in Edge Computing

» Saleh ALFahad, Shameem Puthiya Parambath, Christos Anagnostopoulos, "Gradi-
ent Bandit Experts for Node Selection in Edge Computing." Proceedings of the 45th
IEEE International Conference on Distributed Computing Systems (ICDCS), 1IEEE,
2025.

» This paper received the Best Poster Paper Award at the 45th IEEE Interna-
tional Conference on Distributed Computing Systems (ICDCS 2025), held in
Glasgow, United Kingdom.

4. Chapter 5: Node Selection Using Adversarial Expert-Based Multi-Armed Bandits in Dis-
tributed Computing

* Saleh ALFahad, Shameem Puthiya Parambath, Christos Anagnostopoulos, Kostas
Kolomvatsos, "Node Selection Using Adversarial Expert-Based Multi-Armed Ban-
dits in Distributed Computing." Computing, vol. 107, article 85, 2025.

5. Chapter 6: Thompson Sampling-based Recursive Block Elimination for Dynamic Assign-

ment under Limited Budget in Pure-Exploration

* Shameem Puthiya Parambath, Christos Anagnostopoulos, Saleh ALFahad, "Thompson
Sampling-Based Recursive Block Elimination for Dynamic Assignment under Lim-
ited Budget in Pure-Exploration." Data Mining and Knowledge Discovery, vol. 39,
no. 1, article 7, 2025.

1.3 Thesis Structure

The thesis is organised into seven major chapters. The Introduction outlines the research motiv-
ation, main contributions, and research questions that guide the thesis. Chapters 2] [3| 4] [5] and [§]
form the main body of the thesis. Chapter [2{delineates a sequential decision-making framework

based on optimum stopping theory for the replication of intelligent services and the offloading
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of tasks. Chapter [3|presents a cost-efficient service orchestration methodology using a discoun-
ted optimum stopping model to address fluctuating demand. Chapter [ expands this concept
by including a gradient-based bandit strategy augmented with deep expert predictors to provide
resilient task allocation in the presence of noise. Chapter[5|addresses node selection in uncertain
and dynamic environments, using adversarial multi-armed bandits with expert input. Chapter [6]
introduces a Thompson Sampling-based Recursive Block Elimination framework for dynamic
assignment problems under limited budget constraints in pure-exploration settings. The chapter
proposes a confidence-driven block elimination strategy and evaluates its effectiveness on dy-
namic pricing and federated learning pruning scenarios. Chapter [/| culminates the thesis by
summarising major results, delineating present limits, and exploring future research avenues in

intelligent edge service management.

1.4 Thesis Roadmap

To make the thesis logic immediately visible, Table [I.1I] provides a compact roadmap that links
each research question (RQ1-RQ5) to its corresponding solution (S1-S5), the chapter where
it is developed, and the main type of evaluation evidence used to validate it. This mapping
clarifies how the thesis contributions progress from problem formulation to algorithmic design
and empirical/theoretical validation, and it enables the reader to directly trace each claim to the
strongest supporting result.

The roadmap is aligned with the “Research Questions & Solution Overview” section, and it
highlights where each contribution is introduced and how it is evidenced in the thesis.

As shown in Table [I.I] Chapters [2H6] each correspond to one core research question and
provide a dedicated solution with supporting evidence, while Chapter 7 consolidates the results

and outlines limitations and future directions.
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Item Description
RQI1 Service replication vs. task offloading using Optimal Stopping Theory (OST).
S1 OST-based sequential decision model (pull vs. push action).

Chapter 2 || Time-optimized service management with theoretical OST framing and
simulation-based evaluation.

RQ2 Cost-aware service orchestration under time-varying and declining demand.

S2 Discounted Optimal Stopping Theory (DOST).

Chapter 3 || Discounted OST model validated via comparative simulations and sensitivity
analysis.

RQ3 Expert-assisted node selection under noisy and limited feedback (proof-of-
concept).

S3 Reduced-scale ExpGradBand with lightweight expert predictors.

Chapter 4 || Preliminary contextual-bandit experiments demonstrating convergence and
regret gains.

RQ4 Robust node selection in adversarial and non-stationary environments.

S4 Full-scale ExpGradBand with delayed and lost feedback handling.

Chapter 5 || Large-scale experimental validation under adversarial feedback conditions.

RQ5 Efficient pure-exploration under strict budget constraints.

S5 Thompson Sampling-based Recursive Block Elimination.

Chapter 6 || Experimental evaluation on dynamic pricing and federated learning pruning
scenarios.

Table 1.1: Thesis roadmap mapping research questions to solutions, chapters, and validation
evidence



Chapter 2

Time-optimized Sequential Decision
Making for Service Management in

Smart City Environments

2.1 Introduction

As a result of the fast growth of the Internet of Things (IoT), smart cities are replete with linked
sensors and computing devices used for information collection and processing [9]. Various col-
laborative services (e.g., smart medical assessment, smart university, elderly support) emerge as
a result of the right processing and utilization of the huge data created by the Internet of Things
[10]. On the basis of integrated services, it is likely that the smart city will be able to increase
the Quality of Experience (QoE) of people while reducing the use of resources. Furthermore,
smart cities are endowed with a robust capacity to observe, analyze, and adapt to their residents
[11]. Nevertheless, because of the rapid growth of data and the limited processing capacity of
endpoints, it is challenging to develop joint services that are typically time and latency-sensitive
when depending purely on IoT devices. To increase the QoE in smart cities, it is essential to use
additional computational resources [12]. As a result, Edge Computing (EC), which leverages
computational resources at the network edge and can meet real-time demands, has been pro-
posed as an effective paradigm to resolve the issue of inadequate computing resources in smart
cities [13]]. Figure [2.1]illustrates a typical edge computing environment, including IoT devices
and users, local edge nodes, neighbouring edge nodes, and cloud data centers.

The expansion of IoT and edge computing has enabled a large number of devices and pro-
cessing nodes to be located close to end users, supporting ubiquitous and pervasive services [14].
In recent years, we have also seen the introduction of several mobile devices and applications,
such as drones and Vehicular Networks (VN), each with its own unique set of capabilities.
The development of this technology has made it possible for computing and sensing devices to

launch applications such as Augmented Reality (AR), predictive analytics activities at the edge,

10



2.1. INTRODUCTION 11

Edge Computing (EC) Environment
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Figure 2.1: Illustration of an edge computing environment with IoT devices, edge nodes, and
cloud data centers.

intelligent vehicle control, traffic management, and interactive applications [I5]. These types
of services are given in response to the need for processing data being gathered by 10T devices
and, then, being sent to edge nodes [16]]. A range of IoT applications may provide end users
with more precise and detailed network services [17]. In this situation, an increasing number
of equipment and sensors are being networked through IoT technology, and this equipment and
these sensors will create vast amounts of data that need additional processing, therefore deliver-
ing service providers and end users with intelligence. In the traditional Cloud computing setup,
all information must be transferred to centralized servers, and after processing, the outcomes
must be sent directly to the requestors, e.g., sensors or other devices. This procedure places sig-
nificant stress on the network, particularly in terms of bandwidth and resource requirements for
data transmission [[18]. Furthermore, as data volumes increase, bandwidth demand increases,
and network congestion intensifies.

This paradigm has been suggested to address the aforementioned difficulties [[19]], [20]. The
fundamental goal is to increase the processing capabilities at the network edge; specifically,
computing [21]], bandwidth [22]], and storage resources [23] are relocated nearer to IoT systems
in order to minimize core data traffic and response delay and to support resource-intensive loT
applications. In comparison to Cloud [25]], edge nodes have limited storage and computing
capabilities. Nonetheless, they are able to host a number of services that make it easier to

carry out a variety of processing tasks [26]. These kinds of activities are often presented in the
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form of assignments that ‘request’ the processing of data (e.g., predictive analytics, explanatory-
driven models). The integration of IoT and edge computing to facilitate the implementation of
collaborative activities in which nodes can collaboratively complete the tasks that have been
requested is an intriguing development [27]]. For instance, nodes share services or data and they
even offload processing duties onto peers in certain circumstances. Because of their reduced
capability for storage and computing, edge nodes are only able to host a (sub-)set of the total
accessible services and the data that has been obtained. The collected data can be reported
by stream monitoring e.g., the evolution of a certain phenomenon [28], [29], [30] and streams
generated by autonomous nodes (e.g., unmanned vehicles) [31]. Upon these streams, we can
support the extraction of knowledge, the detection of events, or any other processing according
to the application requirements [14].

Services are essential in order to perform the processing responsibilities that have been del-
egated by applications or users in the form of tasks. As a result, the demand for services is
always adjusting to accommodate the dynamic requests of various activities/tasks. This indic-
ates that a task can be asking for a service that may or may not be available locally. Then, nodes

have two options:

* Option 1: They can perform a service replication (pull-action) from their edge neighbors

or the Cloud, but only if the service is suitable for their computing capabilities;

e Option 2: They can delegate the responsibility (push-action) to the peers/Cloud that

presently host the service(s).

The aforementioned options deal with deciding where to transfer service in order to keep the
Quality of Service (QoS) at a high level. Because of the nature of the edge environment and
the non-static behavior of end users, it is difficult to provide an ideal migration/replication plan
that can be implemented. Moreover, due to the situations that make the local authority of the
user complex, offloading tasks involves sending them to peers or the Cloud for processing. For
instance, the node that is assigned the duty of processing as the receptor of a task could have a
high load, and as a result, it might not be able to guarantee an effective completion within the
permitted time interval that may be specified by the requester. A strategy for the migration of
services was presented in [32]; its purpose is to satisfy the service latency requirements of EC
while keeping migration costs and trip times to a minimum. Furthermore, in [33]], the authors
recommended using a reinforcement learning-based model to solve the service migration issue.

In this chapter, we focus on the pull-action leaving the initiative to edge nodes to enhance
their autonomous nature, and suggest that services’ replication may be optimized and controlled
in the edge environment by adopting the principles of Optimal Stopping Theory (OST) [34].
In this case, these nodes must decide locally when it is the best time to replicate the service in
order to maximize its ability to carry out the requested tasks. The service-replication decision

is made independently by each edge node, in accordance with the requirements of the incoming
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tasks and the current state of the node. This chapter addresses the first research question of the
thesis (RQ1), namely how an edge node can autonomously decide whether to replicate a missing
service or offload a task when the requested service is unavailable locally. The rest of this chapter
is organized as follows. In Section [2.2] we provide a summary of the prior work as well as the
rationale and our contribution, while Section [2.3] delves into the specifics of the proposed OST-
based decision-making model. The outcomes of our performance and comparative assessment
are presented in Section and Section draws the conclusion of this work and indicates

potential avenues for further research.

2.2 Related Work & Contribution

2.2.1 Related Work

The majority of approaches for task offloading at the edge depend on the selection of whether
or not the task should be processed locally or should be offloaded to peers or the cloud. The
time in execution latency [35] and the amount of energy used should both be reduced as much
as possible. These are the two primary goals. The work presented in [36] provides a framework
for offloading computation workloads from a user device to a server hosted in EC. Our approach
is different from that due to the fact that our time-optimized decision primarily considers the
actual benefit of payoff which indicates the current users’ requests for specific service. In [36],
the User Equipment (UE) choice on whether to offload computing tasks with the highest CPU
availability for a certain application is driven by the radio network information service (RNIS),
according to the current value of round trip time (RTT) between the UE and the edge node. In
our method, the offloading choice ideally relies on the number of users’ requests for specific
service as well as the cost of delay. Therefore, the decision of offloading is made when the
dedicated time of the required service by users is finished which indicates the required service
is not worth being hosted. As a result, this avoids unnecessary service hosting and improves
resource utilization at the edge.

The work in [37] presents a method for optimizing the decision-making process that an
Unmanned Aerial Vehicle (UAV) uses to choose whether or not to do the compute task locally
or to offload it to an edge server. The decision is made based on a series of interactions that take
place between the UAV and IoT systems. During these interactions, the UAV receives feedback
on the state of the network and EC server, which enables an estimation of the remaining amount
of time needed to complete the task. As a result, the UAV uses this information to solve an
optimization problem with the purpose of decreasing a weighted sum of delay and energy costs
as much as possible. In our work, EC chooses the ideal moment that has a high payoff to
perform a service replication (pull-action) from their edge neighbors or the cloud. The approach

described in [38] analyses the present state of the node’s resources, which are modeled as a
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Markov Decision Process utilizing Q-learning for training, in order to identify which portion
of the application ought to be offloaded and then moves on with an offloading decision. The
primary objective is to reduce the delay experienced by offloaded applications while taking into
account whether computation should be offloaded to a nearby fog node, i.e., an intermediate
computing resource located between end devices and the cloud, or to the cloud. In our work,
we examine a scenario in which the edge node only performs service replication (pull-action)
from neighbouring edge nodes or the cloud, since the node is static and makes this decision with
minimal delay under realistic operating conditions.

The work in [39] focuses on reducing processing delay and energy consumption at the edge
device by optimizing task allocation and the central processing unit (CPU) frequency. In con-
trast, our study focuses on decision-making based on the popularity of the requested service
in order to determine whether service replication or task offloading should be performed. The
authors of [40, 41] investigate task-offloading decisions in multi-user and multi-edge environ-
ments. By contrast, our approach considers a single-user setting and focuses on determining the
pull-or-push action for an edge node or a peer, which is more suitable for low-capacity settings.
The study in [42] considers task execution under a time-division multiple access protocol, where
edge users may execute tasks locally or offload all or part of them to the access point (AP), with
the objective of reducing the AP’s overall energy consumption. In contrast, our proposed solu-
tion is guided by service popularity and an OST-based stopping rule that determines the action
with the maximum payoff. Finally, [43]] addresses task offloading in ultra-dense networks with
the aim of reducing latency while preserving the battery life of user equipment. Unlike this line
of work, our method determines the optimal pull-or-push decision for service migration between
neighbouring edge nodes or peers.

The work in [44] and [45]] primarily formulate the decision-making of offloading based on a
resource scheduling factor. However, in our approach, we develop the decision of (push or pull -
action ) w.r.t accumulation of the newly received tasks and cost incurring. A state-action-payoff-
state-action (RL-SARSA) method is introduced in [46]] to tackle the resource management issue
at the edge server and make the best offloading option for reducing system cost. Moreover,
the work in [47]] aims to make the offload decision based on minimizing the cost. However,
our work emphasizes making the decision with the greatest payoff, considering the expense
cost each time that we do not make the decision of (push-action). In the study presented in
(48], [49], the issue of offloading computation for many users in a wireless environment with
uncertainty is investigated. Nevertheless, the goal of our work is to provide the single-edge
user with the best possible time in which to make a decision (push or pull - action). In [50]
[51]], the authors examine the challenge of partial offloading scheduling and resource allocation
for edge computing systems with various independent activities. The objective is to reduce the
weighted total of processing latency and energy usage while satisfying the tasks’ transmission

power limitations. Nevertheless, our approach enables the edge user to choose the optimal
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(pull-action) solution. Since the service has previously been hosted, the wait for future tasks
will be reduced. The work in [52] and [53]] investigate energy-efficient task offloading in edge
computing. The goal is to reduce the amount of energy required for task offloading. However,
our method focuses on making the choice at the optimal moment to host the most popular tasks,
hence optimizing the edge’s capacity resource utilization.

Migration of data and services may be used to fill ‘gaps’ in the local knowledge base of a
processing node. In [54], the interested reader may obtain a survey of related initiatives. When
migrating services, it will be efficient to meet processing demands locally; nonetheless, a list
of factors must be considered. To minimize overburdening the network, service migration may
be accomplished in phases; service components should be "hooked up" to the hosting infra-
structure swiftly, easily, and automatically. One of the technologies used for these reasons is
Machine Learning (ML). ML may serve as the foundation for producing models that predict the
movement of users and provide a proactive procedure for services migration [S5]. Reinforce-
ment learning may improve agent behavior while determining the optimal action to take [56]],
[S7]. The difficulty in depending on supervised machine learning technology is identifying the
appropriate representative training data set. As a result of the raised degree of uncertainty in
the corresponding decision-making, it is challenging to gather data that includes all alternative
node statuses. The service migration model may alternatively be expressed as an online queue
stability issue [58]. The issue may be addressed using either a Lyapunov optimization or a multi-
objective optimization scheme [59], [60], and the Pareto optimum solution can be determined.
In the past, efforts have mostly focused on minimizing delay within the restrictions of energy
usage in EC settings. However, the bulk of research efforts that aim at a user-centric service mi-
gration model is ’affected’ by the extra time required to address the optimization issue, except
if a list of assumptions is made or approximate solutions can be accepted. Using Markov chains
is also a possible solution to settle the issue. Using a modified policy-iteration algorithm, the
authors of [61]] provide a solution to a finite-state Markov decision process. A technique based
on Thompson sampling is suggested in [62] to facilitate dynamic service migration choices.
The authors of [63]] describe a service allocation module for networked automobiles powered
by Cloud-based services. The objective is to increase the amount of autonomy of automobiles
capable of picking nearby automobiles to share adopted services. The authors of [35] suggest
a proactive system for determining the effective administration of services and tasks that are
present/reported at EC nodes. The suggested model monitors the demand for existing services
and rationalizes their management, i.e., their local presence/invocation when the demand is mod-
ified by the desired processing operations. To proactively achieve the strategic objectives of the

envisioned model, a statistical inference process is initiated for each incoming task.
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2.2.2 Rationale & Contribution

Figure illustrates in a simplified way the problem of deciding whether to perform a service
replication (pull-action) from their edge neighbors or the cloud or offload (push-action) it to
the cloud service to make the necessary computation to complete the required task. Let us
assume that the starting time of recording the number of requests for a task is # = 0 and the
end time period, hereinafter referred to as deadline is 7 > 0, where a decision should be made.
Figure [2.2] shows two decisions against time. Specifically, in Figure [2.2] (a), we observe the
scenario of making the pull-action decision at an early time t* (and before the deadline T') since
we are expecting receiving more tasks requesting a specific service. This denotes that there is
a relatively high demand for this service, thus, it is advisable to decide on pulling the service
locally to the node. In Figure[2.2](b), we observe the scenario in which we delayed the decision
making in light of increasing our confidence that there is no high demand of the service. Once
the deadline elapses and we have not decided on a pull-action, which indicates that the service
request rate was relatively low, then, the node decides on offloading the service requests (push-
action) either to its peers or the Cloud. In other words, this implies that there was not a large
volume of tasks requesting the specific service, thus, offloading these tasks is necessary. Assume
the case where we made the decision to download/pull the service earlier enough, and then
after a while, we realized that the service was requested only by a small number of users. We
would have consumed additional cost of resources without benefiting from the download/pull
service. As a result, it would have been more efficient to delay our decision until the end of
the dedicated time and then perform the action of offloading as it is shown in Figure [2.2] (b).
On the contrary, if we had decided to send/offload the request to the Cloud at an early time,
then, we would not have high confidence whether this request was highly requested on the node,
thus, this decision would not be efficient. The reason is that this service would have been highly
requested in the future, thus, the push-action would not be appropriate. However, if after a while
we realize that the service demand has significantly increased, then an early push-action results
in overloading the network with offloading tasks to other peers or the Cloud unnecessarily. Thus,
an appropriate process is to delay the decision in a principled manner and monitor the history
of task requests over time before performing service replication (pull-action) from neighbouring
nodes or the cloud to the local node at the optimal time ¢*, as illustrated in Figure a). The
dotted horizontal line in the figure denotes an illustrative popularity threshold used to visually
distinguish high-demand and low-demand cases, while the decision itself is determined by the
observed request history and the stopping criterion evaluated over time. Hence, the problem is to
identify the optimal decision time ¢* so that resources are utilized efficiently while balancing the
trade-off between task offloading and service replication. A fundamental solution is therefore
proposed to ensure that the appropriate decision is taken at time ¢* while accounting for delay
Ccosts.
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Figure 2.2: Illustration of the observed task request rate over time for distinguishing between (a)
high-demand and (b) low-demand service popularity cases. The dotted horizontal line denotes
an illustrative popularity threshold, while the decision is determined by the observed request
history and the stopping criterion evaluated over time.

Contribution: Our approach is adaptable to applications that use offloading decision-making

algorithms in EC environments. Our major technical contribution is:

* We provide a time-optimized intelligent method that enhances the likelihood of making
the decision of service replication (pull-action) of the service with the greatest payoff.
This is reflected by the cumulative sum of the number of task requests to the node under

consideration taking into account the incurred cost.

» We provide theoretical analysis of the optimality of our model based on the principles of

the Optimal Stopping Theory.

* We report on a detailed comparative evaluation of our OST-based method against the
Ideal Decision ruLe (IDL), which produces the actual maximum payoff, and a heuristic

Deterministic Rule (DR).

* A comparative assessment is provided comparing our results with the related work in [64],
which is based on the Secretary Optimal Stopping Time problem.
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Figure 2.3: Sequential decision-making diagram on either task offloading (push-action) or ser-
vice replication (pull-action) at the best time t* < T by the edge node.

In addition, Figure[2.3]illustrates the decision process of the proposed mechanism. Specific-
ally, it shows how the node monitors incoming requests over time in order to identify the optimal
decision time for either service replication (pull-action) or task offloading (push-action). Before
either terminal action is taken, the node remains in its current steady state, continues handling
incoming requests, and re-evaluates the decision at the next time instance. The decision is there-
fore influenced by the observed request history for a specific service at each time instance ¢.

The rationale is as follows. The node receives a number of incoming task requests Y; at every

time instance t < T. Then, the node has two options:

* If the number of received requests is high enough, the decision will be to pull the service
atatimer <r*<T.

e Otherwise, the node reconsiders its decision at the next time ¢ + 1, where new service

requests are COIIliIlg.
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If the deadline T elapses, then the decision will be to push the task to a peer or the Cloud for
further processing. To the best of our knowledge, this is the first study to formulate sequential
pull/push decision-making as an OST problem in edge computing environments. The overall
goal is to increase the possibility of making the decision of service replication (pull-action) with
the greatest payoff. Moreover, since the nodes are located among the servers that have been
distributed at the edge of the network, our approach will be applied to EC applications such as
Virtual Networks (VN) [[65], UAV [15]], and data mining applications [14].

Smanrt City

nnnnnnnnnn

Smart Street
Lights

Figure 2.4: Example of the two actions: pull and push in a Smart City environment.

2.3 System Model & Problem Formulation

In Section [2.3.1] we begin by providing an overview of the system model, and then in Section
[2.3.2] we discuss the problem definition. In Section [2.3.3] the Optimal stopping rule problem
is introduced. Finally, in Section [2.3.4] we will give full details about cost-based sequential

decision-making.

2.3.1 System Model

As seen in Figure 2.4] a smart city is increasingly establishing vast IoT networks with widely
distributed 10T devices that provide vast amounts of services. In light of the vast size and ex-
tensively spread nature of IoT networks, EC has become a strong and efficient paradigm for
providing processing capabilities to 10T devices at the network’s edge [66]. In EC, IoT services
may be executed on EC, which offers low delay and reduces the bandwidth load. Nevertheless,
it remains difficult to enhance the entire EC execution performance, for instance, resource util-

ization, EC energy usage, and load balance. However, we believe that the environment of the
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network is made up of a global cloud data center and an EC system [67]] [68]. The EC system is
composed of N base stations, as defined in Table [2.1] where each base station is associated with
one or more EC servers. In this model, the base stations provide connectivity to nearby edge
devices, whereas the associated EC servers provide the computational and storage resources
required for service execution. Together, a base station and its associated EC servers form an
EC node. Accordingly, we will refer to the set of EC nodes as .4 = [1,2,...,N]. Our general
assumption is that multiple service providers would deploy their own applications on each EC
node. Each edge device has the ability to delegate tasks to an EC node that is equipped with
appropriate computing services. In addition, edge devices have the capability of offloading tasks
to a global cloud, presuming that the global cloud has all of the required services and a decent
amount of computing resources [69]]. Edge devices make the decision of task service replication
(pull-action) in accordance with the maximum payoff value. The time is segmented into frames
denoted by the notationt = 1,2,...,7T. A decision of service replication (pull-action) is determ-
ined by the edge device at some moment in time ¢*, depending on local information (e.g., task
information like the number of services that have been received). We rely on the assumption
that the location of the edge device and the network environment remain the same throughout
each time instance. This allows us to guarantee that the task of replication (pull-action) decision

will be effective at the same time instance t.

2.3.2 Problem Definition

In the task model, we assume that task requests arrive according to a Poisson process with rate A.
Let Y; denote the number of task requests observed at time instance ¢ [[70]]. Since the edge device
is assumed to remain stationary, the set of EC nodes within its sensing and communication
range remains unchanged during each time instance f. Accordingly, the cumulative number
of task requests up to time ¢ is computed over the requests received by the edge device. The
service replication (pull-action) decision is determined by the threshold 6, which represents the
number of task requests used by the OST-based model to trigger the decision. The cumulative

distribution function of the Poisson distribution can be expressed as in (2.1

Y oAk
PY <=y;A) = Z i
k=0 :

2.1

We define the cumulative number of requests R, for 0 <t < T, as:

t
Ri=) Y (2.2)
k=0
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Here, the Poisson model gives the probability of observing y task requests at a given time
instance under arrival rate A. Based on these observations, the cumulative number of requests
R; is monitored over time, and the decision is taken so as to stop as close as possible to the
threshold 6 without exceeding it; otherwise, task offloading (push-action) is triggered when
waiting longer is no longer beneficial.

The objective is to stop at a time when the cumulative number of observed requests is as
close as possible to the threshold 6 without exceeding it. If R, > 6, the observation is immedi-
ately terminated and the service offloading scenario is activated, since the cumulative number of
requests has exceeded the target threshold. The second scenario is not itself undesirable; how-
ever, exceeding the threshold represents an outcome that the decision mechanism aims to avoid.
Therefore, when R; > 0, a penalty is applied by assigning zero payoff, which encourages the
decision to be made before the cumulative number of requests exceeds 6. However, we may
include a penalty for the increased latency caused by receiving one more task before stopping.
Each time we do not stop, hence not triggering the service replication (pull-action) scenario,
we incur a cost greater than zero. This cumulative cost up to ¢ requires the procedure to decide
whether to stop or continue with another observation by evaluating the trade-off between extend-
ing the observation for potentially more usable data and the extra latency required to activate the
service offloading scenario. This price may reflect the urgency of a monitoring application that
demands a service offloading option in near real-time. Alternatively, if the application requires
very precise service offloading option outcomes, a (limited) delay must be permitted.

Based on the above interpretation, we define the following payoff function H;(R;), which
involves (i) the task threshold 6, and (ii) the delay cost per monitoring step C > 0, where C is a

constant cost parameter.

H(R) = R —C-t ifR, <8 03
Y o ifR >0 '

Note that the payoff function may become negative when the accumulated delay cost ex-
ceeds the observed number of requests (i.e., when C -t > R;). This reflects that continuing the
observation is no longer beneficial. The payoff is evaluated only up to the stopping time. Once
the cumulative number of requests exceeds the threshold (i.e., R; > 0), the observation process
is terminated, and no further payoff is accumulated.

The rationale behind this payoff is that we desire the rate of service demands per time ¢,
taking out the delay cost to be significantly increasing. This expresses the likelihood that the
pull-action is stochastically a better decision than the push-action. This is because we increase

our confidence that in the (near) future, we are expecting more requests for a service in a node.
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Therefore, we aim at maximizing this payoff and, hence, the corresponding likelihood. Our goal
is to attain 6 by maximizing the number of received tasks. If R; is greater than 6, then the return
is zero since the mechanism should have triggered the service offloading scenario. Therefore,
any additional delay was of no benefit.

It is mandatory to have a base result to be compared with our fundamental approach (OST).
Therefore, we define the Ideal Decision rulLe (IDL), which measures the cumulative sum of the
received tasks from users to the node. However, each time instance ¢, the expected cost C - must
be taken into account. As a result, the instance time ¢ that has the maximum payoff that results
from IDL is the best time ¢* instance for making the decision (pull or continue). Moreover, we
can express the IDL best time instance ¢* as (2.4):

t*:{0§t<T:mtaxiYk—C-k,s.t. iYkSG} 2.4)
k=0 k=0

Here, Y} denotes the number of task requests observed at time instance k, which follows the
Poisson arrival process defined earlier. The objective is to determine the time instance ¢* that
maximizes the cumulative reward Z;c:o Y, — C - k, while ensuring that the cumulative number of
requests remains below the stopping threshold 6. In general, these decision rules determine the
appropriate time to trigger the service offloading action.

The Deterministic Rule (DR) is introduced as a heuristic baseline for determining when
service replication should be performed. At each time instance ¢, the node observes the number
of received requests ¥; and calculates the cumulative number of requests as Ry = Y _o Y.

DR triggers service replication (pull-action) when either the cumulative number of requests
exceeds the threshold 6 or the deterministic time condition ¢ > ocg is satisfied. If neither condi-
tion has been satisfied when the final deadline T is reached, the node performs task offloading

(push-action). Accordingly, the stopping time is defined as

« . . 0
t m1n{0§t<T.kZ6Yk>60rt>aC}. (2.5)
Both stopping conditions in Equation trigger the pull-action. The push-action is triggered
only when the final deadline 7 is reached without either stopping condition having been satis-
fied. The pseudo-code is provided in Algorithm 2]
Moreover, the proposed OST approach has been compared to the work in [64]. Their ap-
proach is based on choosing the stopping time using SECPRO model. The stopping time de-

cision in [64]] was based on choosing the highest value of the received requests per time instance:

Y* = max(Y)), (2.6)

t
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by the edge node during the period ¢ € {0, %}, where e is Euler’s number. Furthermore, taking
into account calculating the cumulative sum of the number of the received tasks (R;) and the
cost C. Then, the node will resume receiving tasks during the period of {%, T} where the first
value Y; > Y™ is the preferred stopping time of this theory. If the first value is detected, it
stops immediately. This time is considered the stopping time for this theory. Also, we would
like to emphasize that during the period {%, T} the cumulative sum of the received tasks (R;)
is calculated beside the value of the cost as shown in (2.7). The pseudo-code is provided in
Algorithm 3]

T t
" =min{— <7 <T: suchthat } ¥, <6@andY, >Y*} (2.7)
¢ k=0
As a result, the findings demonstrate the effectiveness of the proposed OST approach. This
is what we will explain later in Section[2.3.3]

2.3.3 Sequential Decision Making based on Optimal Stopping Theory
2.3.3.1 Optimal stopping Rule Problem

The concept of optimal stopping [71]] addresses the issue of selecting a time instance to conduct a
specific action. The measure is taken to minimize an anticipated loss (or maximize an expected
payoff). A stopping rule problem is characterized by: (i) a set of stochastic variables, whose
joint distribution is presumed to be known, and (ii) a set of loss functions (S;(y1,...,yr))1<s
or payoff functions (H;(yi,...,y:))1<; that rely exclusively on the observed values yi,...,y
of related random variables. An optimal stopping rule problem is expressed as follows: We
are monitoring the series of (¥;);<,, and at each time instance 7, we decide whether to stop
monitoring or proceed. If we cease monitoring at instance ¢, we incur loss S; or gain payoff H;.
We would like to pick a stopping rule or time that reduces our estimated loss or, equivalently,
optimizes our expected payoff.

Definition 1: The optimal stopping time * minimises the expected incurred loss E|[Sy] =

info<;<7 E[S;]. In the case of payoff, * maximises the expected payoff, i.e.,

E[H+] = Oi?ETE[H,]. (2.8)

Note that 7 may be o. The information accessible up to time ¢ is a series F; of values of the
random variables Yy, ...,Y;, which is also known as filtration.

Definition 2: The 1-stage look-ahead (1-SLA) stopping rule (time) is defined as:

= inf{t >0:H, > E[H+|F]}. (2.9)
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This means that t* requires stopping at the first time instance ¢ where the payoff H; for stopping
at ¢ is as large as the anticipated payoff of proceeding to the next time instance ¢ + 1 and then

stopping.
Definition 3: Let B; denote the event

B, = {H, > E[H, 11 | F]}.
A stopping rule problem is monotonic if
BoCB|C...

almost surely. The set B; represents the set of states for which the 1-SLA rule requires stopping
at time instance ¢. The condition B; C B, indicates that if the 1-SLA rule requires stopping
at time ¢, then it will also require stopping at time ¢ 4 1, regardless of the value of ;1. More
generally, the condition

B CBi1CBpC...

states that once the 1-SLA rule requires stopping at time #, it will continue to require stopping at

all future times, regardless of future observations.

Theorem 1. The 1-SLA rule provides the optimal solution for monotonic stopping problems.
Proof. See [[72] L]

The edge device is required to complete making the decision of service replication (pull-
action) of the service of the number of tasks y; that it has received. Because of this, the primary
goal is to increase the payoff attached to the decision of service replication (pull-action). The
edge node is actively monitoring a continuous sequence of received task requests. These tasks
are being accumulated with those that have been received in the past with respect to performance
criteria, which is denoted by the current delay cost C per time . At each newly received task, the
node should decide whether to make the decision of service replication (pull-action) or not. The
challenge arises from the fact that the node wants to establish a service replication (pull-action)
policy that will increase the chances of making the decision of service replication (pull-action)
with a high payoff. As a result, the node needs to go for the optimal decision time that maximizes

the payoff, which is globally rated as being the same as or near to the actual (ideal) payoff.

2.3.4 Cost-based Sequential Decision Making (COST)

Problem 1. Given the tolerance threshold 0 and delay cost C > 0, determine the optimal stop-
ping time t* such that sup, -, E[H;] is attained. The greatest expected return is then E [H;+].
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Problem I]is addressed by establishing an OST-based model. Consider that the starting time
t = 0 and the deadline is 7', with t < 7. Our OST model aims to stop receiving more tasks
when the cumulative sum of the received task R; is near to 0, taking into account the cumulative
delay cost up to that point . We provide a 1-SLA stopping rule based on the optimal stopping
principle stated in Theorem [I} whereby we stop at the first time # such that:

H[(R[) Z E[Ht+1 (Rt-i-])lE]? with the event {R[ S 9} c E (210)

That is, any further received tasks at time ¢ + 1 would not contribute to maximizing the payoff.
When the difference E[H,.1(R,+1)|F;] — H;(R;) is constant non-increasing with R, the 1-SLA

rule is optimal.

Theorem 2. Given a series of payoff random variables Ry,...,R;, the optimal stopping rule #*
for Problem [I}is provided in Equation (2.T1).

0—R,
=inf{t>0: Y (R+y)—C(t+1)-P(Y =y) <R —C-1} (2.11)
y=0

Proof. Given that R, < 0, the conditional expectation E[H;1(R;+1)|R; < 0] is given by:

E[Hi+1(Ri11)|R <0] = Ey[H1(Ri+Y)R <O0,R+Y <OP(R,+Y <0)

Ey (RH—Y) C(t+1)|Y <6 —-R]P(Y <0 —R))
6—R;
Z (Ri+y)—C(t+1)-P(Y =y).

Therefore, the mechanism terminates at the first time 7, where R; is such that E[H, 1 (R,+1)|R; <
0] <R —C-t. O

The 1-SLA rule is optimal because it stops at the first time at which stopping yields at least
as much expected payoff as continuing for one more step. In particular, when R; < 0, the rule
compares the immediate payoff with the expected payoff of continuing, and stopping is triggered
as soon as the former is no smaller than the latter. Under the monotonicity condition, once this
inequality holds, it continues to hold at all later times. A high-level description of the provided
Theorem @ is that, it is always better to stop at the first time ¢ rather than at # 4 1, because the
current payoff at that # will be bigger than the payoff at the next time instance ¢ + 1, and any
other time 7 4 7 with 7 > 1. This is the principle of 1-SLA rule, where our problem falls into this
category. Moreover, the difference of the payoff at the optimal time 7 and # + 1 is always positive.

However, that difference tends to decrease with the time . This indicates that at the very first
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Algorithm 1: Time-optimized Sequential Decision Making (OST)
Input: Tolerance threshold 6; observation cost C > 0
Output: Optimal stopping time ¢*

1 Stop < False

2140

3 Ry+0

4 repeat

5 observe number of requests Y;

6 R, <R, _+Y, // update the cumulative sum of requests

7 if criterion in is satisfied then

8 Stop < True

9 1<t // activate service replication (pull-action)
and start the new task service

10 return ¢*

11 else

12 L t+t+1 // continue with the next received task

B untilt >T
14 if Stop = False then
15 | trigger push-action

time ¢t where the payoff is bigger than the future expected payoff, then it is always beneficial
to stop at that ¢ and not at any other future time, since the difference of the consecutive payoff
values is always decreasing. Therefore, the 1-SLA rule in Theorem [I] is optimal; OST with
fixed 6 and taking into account the delay cost C may ensure that the anticipated cumulative
sum of the received tasks based on the stopping criteria is as near as possible to 8, however, no
other stopping rule can make such a claim. Based on the cost C, OST is adaptable for handling
and controlling the latency and freshness of the service replication (pull-action) and offloading
decision’s variables. OST is concerned with the delay cost of monitoring and assumes that all
received tasks are current for the application that uses the service replication (pull-action) and
offloading decision. In this case, the OST is forced to terminate receiving new tasks to prevent
waiting for an extended period of time, particularly when A is very small. Therefore a large

number of tasks are necessary to sum up to 6. The pseudo-code is provided in Algorithm I}

2.4 Experimental Evaluation

2.4.1 Experimental Setup

In our experiments, we evaluate four different models: (i) the proposed OST model; (i1) the
heuristic DR model, which depends on the heuristic factor . In the DR model, according
to Equation (2.5), the pull-action is triggered when either the cumulative number of requests
satisfies R, = Y4 ¥x > 0 or the deterministic time condition 7 > a% is satisfied. If neither
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Algorithm 2: Heuristic decision-making model (DR)

Input: Tolerance threshold 6; observation cost C > 0; heuristic factor @ € [0, 1]
Output: Decided stopping time ¢*
1 Stop < False

2140

3 Ry+0

4 whiler <T do

5 observe number of requests Y;

6 R, <R, _+Y, // update the cumulative sum of requests

7 if criterion in is satisfied then

8 Stop < True

9 r* <t // trigger pull-action and start the new task
service

10 break

11 else

12 Lt%t—kl // continue with the next received task

13 if Stop = False then
14 L trigger push-action

condition is satisfied before the final deadline 7 is reached, the push-action is triggered; (iii) the
SECPRO approach introduced in [64]. SECPRO measures the current payoft when the decision
is made using the OST criterion in (2.7); (iv) the IDL, which represents the real expected payoff
(H) given in (2.4). This serves as the ground truth used to compare all the methods.

In the performance evaluation, we investigate the performance of the OST, DR, and IDL
models. The parameters A, ¢, and 6 are varied across different experiments. Specifically, we
set A € {3,10,30} and 6 € {50,200,600}. The experiments are conducted in three scenarios:
the first experiment uses A = 3 and 6 = 50, the second experiment uses A = 10 and 6 = 200,
and the third experiment uses A = 30 and 6 = 600. These parameter values were selected to
represent low, moderate, and high task arrival scenarios under the Poisson request model.

Furthermore, the observation cost C is assigned a range of values for each experiment. In
particular, the cost values are defined as C = (0.01,0.05,0.1,0.3,0.5,0.9) - A, which allows us to
analyze different monitoring cost intensities relative to the request arrival rate. In addition, the
heuristic factor ¢ is varied across the range (0.01,0.05,0.07,0.09,0.1,0.3,0.45,0.6,0.9) for all
experiments, as shown in Table [2.2] in order to examine the sensitivity of the DR model under
different decision aggressiveness levels.

Moreover, to obtain statistically reliable results, each experiment is repeated 1000 times, and

the mean values of the obtained results are reported.
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Algorithm 3: Secretary-based OST Model (SECPRO)
Input: Tolerance threshold 6; observation cost C > 0
Output: Secretary problem’s optimal stopping time #*
1 Stop < False
2140
3 Ry+0
4 Y"+0
// observe task requests in the interval [O,g
5 fort:Otogdo
6 observe number of requests Y;
7 if Y* <Y, then
8 | Y ey,
9 R +—R,_+Y, // update the cumulative sum of requests
// observe task requests in the interval (L,T]
10 fort:%—l—ltono
1 observe number of requests Y;
12 if R, > O then
13 | trigger push-action
14 R+ R, _+Y, // update the cumulative sum of requests
15 if criterion in is satisfied then
16 Stop < True
17 1t // activate service replication (pull-action)
and start the new task service
18 break
19 else
20 L t+t+1 // continue with the next received task

21
22

if Stop = False then
| trigger push-action

In our comparative assessment, we evaluated all four models, namely OST, DR, IDL, and

SECPRO. The experiments were designed to analyse the behaviour of the models under differ-

ent request arrival conditions and stopping thresholds. Specifically, the arrival rate was set to

A € {3,30}, the heuristic factor was fixed at o = 0.1, and the stopping threshold was varied

according to two different ranges: 6 € {50,100, 150,200} and 6 € {600, 1200, 1800,2400}.

The experiments were conducted in two stages. The first stage (Experiment 4) was con-
figured with A = 3, & = 0.1, and 6 € {50, 100, 150,200}. This experiment aims to evaluate the

behaviour of the competing models under relatively low request arrival rates and moderate stop-

ping thresholds. The second stage (Experiment 5) was configured with A = 30, @ = 0.1, and
6 € {600, 1200, 1800,2400}. This experiment aims to investigate the scalability and robustness

of the models under significantly higher request arrival intensity and larger threshold values.
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Table 2.1: Notations of parameters

NOTATIONS Definition
N Set of EC nodes.

T Deadline.

t Time instance.

t* Optimal stopping time.

Y; Number of tasks received at time 7.
A

0

C

Ry

Arrival rate of tasks Y.

Tolerance threshold.

Cost of the decision delay.
Accumulation of number of tasks

Y;.
a Heuristic factor in DR model.
H, Payoff at time instance ¢.
Notation || Parameter Value/Range

Deadline 100.

Arrival rate of tasks | {3,10,30}.

Tolerance threshold | {50, 100, 150,200,600, 1200, 1800, 2400}.
Delay cost {0.01,0.05,0.1,0.3,0.5,0.9}.

Heuristic factor {0.01,0.05,0.07,0.09,0.1,0.3,0.45,0.6,0.9}.

RO D>

Table 2.2: Experimental Parameter Setting.

Each experiment was repeated 1000 times, and the mean value of the results was reported.
The objective of this comparative evaluation is to examine the overall behaviour of the models
under different parameter settings rather than the variability of individual runs. Therefore, the
mean value is used as the primary summary statistic, as it provides a stable and representative
estimate of the expected performance over a large number of repetitions, enabling a consistent
comparison between the evaluated models. A summary of the experimental settings and their
objectives is provided in Table [2.3]
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Experiment || Parameter Setting Objective

Exp.1 A=3,0=50 Evaluate model behaviour
under low task arrival rate.

Exp.2 A =10, 6 =200 Evaluate model behaviour
under moderate task arrival
rate.

Exp.3 A =30, 6 =600 Evaluate model behaviour
under higher task arrival rate.

Exp.4 A=3,a=0.1,0 € {50,100, 150,200} Compare OST, DR, IDL, and
SECPRO under low-demand
conditions.

Exp.5 A =30, a=0.1, 8 € {600, 1200, 1800,2400} | Evaluate scalability and ro-

bustness under high arrival

rate.

Table 2.3: Summary of experimental scenarios and objectives.

2.4.2 Performance Evaluation

All experiments follow the same evaluation setup. In each experiment, the parameters A and 6
define the request arrival intensity and the stopping threshold, while the performance is mainly
influenced by the cost parameter C and the heuristic factor &. The experiments measure both the
obtained payoff and the time at which the decision is made. Three models are evaluated through-
out the experiments: the IDL model, which serves as the baseline reference, the proposed OST
model, and the heuristic DR model. It should be noted that the SECPRO model was not in-
cluded in Experiments 1-3. The purpose of these experiments was to evaluate the behaviour
of the proposed OST approach against the baseline optimal reference (IDL) and the heuristic
rule (DR) under different request arrival rates. Therefore, these experiments focus primarily on
validating the effectiveness of the OST decision mechanism and its ability to approximate the
optimal behaviour represented by IDL. The SECPRO method is introduced later in the compar-
ative assessment experiments (Experiments 4 and 5), where the objective is to provide a broader

comparison between different sequential decision-making approaches.

2.4.2.1 Experiment 1

The settings for Experiment 1 are A = 3 and 6 = 50, representing a low service demand rate.
Figure [2.5]illustrates the effect of the cost parameter on the three models and presents the cor-
responding payoff results. The results show that the proposed OST approach performs much
closer to the IDL baseline than the DR model.
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Figure 2.5: (Experiment 1) The expected payoff vs delay cost with low service demand rate
A =3 and tolerance 0 = 50 for OST, DR and IDL models.

2.4.2.2 Experiment 2

The settings for Experiment 2 are A = 10 and 6 = 200, corresponding to a moderate service
demand rate. This experiment examines how the competing decision models behave under in-
creased task arrival intensity compared with Experiment 1. Figure [2.6]illustrates the effect of

the cost parameter on the three models and presents the corresponding payoff results.
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Figure 2.6: (Experiment 2) The expected payoff vs delay cost with medium service demand
rate A = 10 and tolerance 8 = 200 for OST, DR and IDL models.
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2.4.2.3 Experiment 3

The settings for Experiment 3 are A = 30 and 6 = 600, representing a high service demand
rate. This experiment evaluates the behaviour of the models under substantially higher request

intensity and larger stopping thresholds. Figure[2.7]illustrates the effect of the cost parameter on
the three models and presents the corresponding payoff results.
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Figure 2.7: (Experiment 3) The expected payoff vs delay cost with high service demand rate
A =30 and tolerance O = 600 for OST, DR and IDL models.

Figure [2.7) shows the different effects of the cost all over the three models and shows the
result of payoff and how our approach is as close as IDL compared with DR.
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Figure 2.8: Expected payoff vs tolerance 6 for diverse delay cost values with low service de-
mand rate A = 3 and tolerance 6 € {50,100, 150,200} for DR, OST, IDL and SECPRO models.

The results of Experiments 1-3 lead to several important observations. First, the proposed
OST model consistently achieves performance that is very close to the IDL baseline, which rep-
resents the optimal expected payoff. Second, the heuristic DR model exhibits larger deviations
from the IDL reference, indicating that heuristic-based decisions are less effective in balancing

the monitoring cost and the accumulated number of task requests. Third, the performance of
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the OST model remains stable as the arrival rate increases from low to high demand scenarios.
These results demonstrate that the proposed OST-based framework provides a reliable and robust
decision mechanism for determining the appropriate stopping time under different task demand

conditions.

2.4.3 Comparative Assessment

The settings for the comparative assessment experiment 4 are: A =3, 6 € {50,100, 150,200}
and C = (1%,10%,30%) - A (low service demand rate). We performed the experiment with
the defined A and a = 0.1. Our experiment is mainly affected by different values of 6 and
C. Furthermore, the experiment measures the payoff V* and the time ¢* that decision has been
made. Moreover, the experiment was performed over four models. The first model is IDL which
is being chosen to be the baseline. It used to be compared with the other three models. The
second model is our fundamental approach which is OST. Then, the third model is DR. Finally,
the fourth model is SECPRO. The experiment tested four different models. Figure[2.8|shows the
different effects of 8 over all four models. Moreover, Figure shows that the payoff achieved
by OST is closer to the IDL baseline than the payoffs achieved by DR and SECPRO.
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Figure 2.9: Expected payoff vs tolerance 6 for diverse delay cost values with high service
demand rate A = 30 and tolerance 0 € {600, 1200, 1800,2400} for DR, OST, IDL and SECPRO
models.

The settings for the comparative assessment experiment 5 are: A =30, 6 € {600, 1200, 1800,2400}

and C = (1%,10%,30%) - A (high service demand rate): Here, we performed the experiment
with the defined A and o = 0.1. Our experiment is mainly affected by different values of 6 and
C. Furthermore, the experiment measures the payoff V* and the time ¢* that decision has been
made. Moreover, the experiment was performed over four models. The IDL model is used as
the baseline and is compared with the other three models. The second model is our fundamental
approach which is OST. Then, the third model is DR. Finally, the fourth model is SECPRO.
The experiment tested four different models. Figure [2.9 shows the different effects of 6 over all
four models. Moreover, Figure [2.9|shows that the payoff achieved by OST is closer to the IDL
baseline than those achieved by DR and SECPRO.
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Figure 2.10: Expected payoff vs cost and delay for OST, IDL (low service demand rate A = 3
and tolerance 6 = 50).
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Figure 2.11: Expected payoff vs cost and delay for OST, IDL (medium service demand rate
A =10 and tolerance 6 = 200).

The first three experiments evaluate the performance of the proposed OST method by com-
paring its results with IDL and DR. The models were tested under different parameter settings,
ranging from low to moderate and high request-arrival intensities. The results indicate that the
proposed OST method achieves performance close to the IDL baseline across the evaluated set-
tings. As shown in Figures 2.10} [2.11} and [2.12] Figure corresponds to the setting A = 3
and 6 = 50, while Figure 2.11] corresponds to A = 10 and 6 = 200. Similarly, Figure cor-
responds to A = 30 and 6 = 600. Each figure contains three graphs illustrating the relationships

between cost and payoff, cost and stopping time, and delay versus payoff.

Figure [2.10[shows that the payoff achieved by OST is close to that of the IDL baseline in the
cost-versus-payoff results. When the cost exceeds 0.5, a small difference appears in the cost-

versus-stopping-time results. For cost values of 0.5 or less, OST achieves a shorter decision
delay than IDL.

Figure presents the results for A = 10. The cost-versus-payoff graph shows close agree-
ment between OST and the IDL baseline. For cost values above 0.5, the difference in decision

delay decreases, while the stopping-time results of OST remain close to those of IDL.

Figure presents the results for the high request-arrival setting, where A = 30. The
results show that OST maintains performance close to the IDL baseline when the cost exceeds
0.5, particularly in the cost-versus-stopping-time and delay-versus-payoff graphs. The cost-

versus-payoff graph also shows close agreement between OST and IDL.
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Figure 2.12: Expected payoff vs cost and delay for OST, IDL (high service demand rate A = 30
and tolerance 6 = 600).
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Figure 2.13: Expected delay (time to decision) vs tolerance 6 for diverse cost values (low
service demand rate A = 3 and tolerance 6 € {50,100, 150,200}).
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Figure 2.14: Expected delay (time to decision) vs tolerance 0 for diverse cost values (high
service demand rate A = 30 and tolerance 6 € {600, 1200, 1800,2400}).

Moreover, Experiments 4 and 5 evaluate the performance of the proposed OST method by
comparing it with IDL, DR, and SECPRO under low and high request-arrival settings. The
results indicate that OST achieves performance close to the IDL baseline under the evaluated
parameter settings. Figure[2.13| presents the results for A = 3, 6 € {50,100, 150,200}, and C =
(1%,10%,30%) - A, whereas Figure[2.14]presents the results for A = 30, 6 € {600, 1200, 1800,2400},
and C = (1%,10%,30%) - A. Each figure contains three graphs illustrating the relationship
between the decision time ¢* and the tolerance 0 under different cost values.
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2.5 Conclusions

We provide a superior decision-making approach for users in EC that is based on the Optimal
Stopping Theory. When using and adopting the OST in time-optimized decision-making for
a service replication (pull-action) in EC environments, we offer a comprehensive review of
the process. Based on the results of our experimental assessments, the OST model performs
more effectively than the other approaches, which are suitable for use in Edge nodes, and do
not require a significant amount of resources. Moreover, the highest payoff is obtained by our
models, which outperform alternative baseline solutions. In further work, our aim is to analyze
how the characteristics of mobile applications and data timeliness affect our OST models and

build new ones that take these limitations into account.



Chapter 3

Task Offloading in Mobile Edge
Computing Using Cost-Based Discounted
Optimal Stopping

3.1 Introduction

Advancements in the Internet of Things (IoT) have significantly influenced several application
domains, such as smart homes, smart agriculture, manufacturing, and healthcare. To support
these applications, a growing number of heterogeneous IoT devices are connected to provide
real-time monitoring and actuation capabilities. These devices generate massive volumes of
data that are typically transmitted to the cloud for processing, often referred to as big data.
However, centralized processing in the cloud is unsuitable for many IoT applications for several
reasons. First, latency-sensitive applications cannot tolerate the delays introduced by centralized
cloud-based deployment [73]. Second, centralized architectures increase the likelihood of data
loss and network failures [[74]]. Third, continuously uploading data to the cloud may significantly
reduce the battery life of IoT devices [75]]. Finally, some applications require tightly coupled
request-response interactions [76].

To address these challenges, several computing paradigms have been proposed to bring
cloud-like resources closer to end devices. In particular, mobile edge computing, fog computing,
and cloudlets have attracted considerable attention. These approaches are commonly grouped
under the broader concept of edge computing platforms. Mobile Edge Computing (MEC) rep-
resents a network architecture paradigm that places computing and storage resources at the edge
of mobile networks [77]]. By operating in close proximity to end users, MEC can provide a ser-
vice environment with reduced latency, higher bandwidth, and direct access to real-time network

information [[78]].

37
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Mobile Cloud Computing (MCC) was initially proposed to support computation offloading
by relying on mobile devices and centralized cloud servers [79]. However, since cloud servers
are typically distant from mobile devices, offloading operations may introduce additional latency
and communication overhead [[80]. MEC was therefore introduced to mitigate the latency limit-
ations associated with MCC by bringing computational capabilities closer to end users [81]. As
a result, MEC can provide significantly lower transmission and computation delays compared
with traditional cloud-based offloading approaches [[82]. Despite these advantages, storage and
processing capacities at MEC nodes remain limited. Nevertheless, MEC nodes can support
essential computational services required to execute various processing tasks [35]. In many
scenarios, such tasks are issued as service requests that must be processed by the available edge
resources [83]. Moreover, nodes may offload tasks to neighboring peers by sharing services or
data when necessary. However, edge nodes can host only a subset of the available services and
data [27].

Consequently, a task may request a service that may or may not be locally available depend-
ing on the current service placement [35]. As discussed in [4], nodes have two possible actions

in this situation:

1. Nodes may perform service replication (pull-action) from the cloud or neighboring edge

peers when the service is required and compatible with their computational capabilities.

2. Nodes may offload the task (push-action) to peers or cloud resources that currently host

the required service.

In the previous chapter, we applied Optimal Stopping Theory (OST) to regulate service
replication decisions in an Edge Computing (EC) environment, enabling EC nodes to increase
their operational autonomy. In this framework, each EC node determines locally when it is
appropriate to replicate a service in order to support incoming tasks efficiently. Each node makes
this decision independently according to the observed task requests and the node’s current state.
In this chapter, we extend this analysis by considering scenarios where the number of received
tasks may vary, particularly when it decreases due to MEC mobility. In such situations, MEC
nodes must determine individually when it is optimal to replicate a service in order to maximize
the opportunity to execute incoming tasks efficiently. By applying the principles of Optimal
Stopping Theory [84], the proposed approach enables MEC nodes to monitor service demand
and determine the appropriate moment for service replication based on their local observations.

The remainder of this chapter is organized as follows. Before presenting the details of the
proposed OST-based decision-making model in Section [3.3] we provide an overview of the re-
lated work, rationale, and novelty in Section[3.2] Section [3.4]presents the results of the perform-
ance and comparative evaluation, while Section [3.5] concludes the chapter and outlines possible

directions for future work.
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3.2 Related Work

3.2.1 Related Work

It is advisable to start comparing our current work with the previous work [4]], as the strengths
that encouraged us to embark on this work will be evident from the comparison. The work
in [4] focused on decision-making in Edge Computing (EC) devices, which are mainly static.
Through this, EC devices receive a fixed average number of requested tasks, and then a decision
on service replication is made. In contrast, our current work carries the advantage of supporting
MEC devices in making the appropriate pull-action decision for the required services. Moreover,
in this study, we consider scenarios where the number of received task requests may decrease
over time. This situation may occur due to the mobility of MEC nodes or users, which changes
the set of nearby devices generating requests. In practice, the request rate may also decrease due
to variations in workload patterns or service demand. As a result, MEC devices use the proposed
method to make the most appropriate replication decisions individually based on the observed
request dynamics.

In [85]], the authors examine the possibility of offloading tasks in a dynamic MEC frame-
work. They propose a hybrid energy supply strategy in which energy-collecting technology
is included in 10T devices. In order to reduce the overall system cost, the authors coordinate
the optimisation of local processing and offloading time. Moreover, they provide a randomised
optimization-based online dynamic task offloading technique for MEC using a hybrid energy
supply. This technique is able to offload tasks based on system cost and queue stability. How-
ever, our strategy is distinct from that one because our methodology focuses mainly on the actual
advantage of the reward, which reflects the requests existing users have made for a particular
service. Offloading decisions are basically formulated in [44], [45] on the basis of a resource
scheduling factor. However, our technique determines whether to decide on a push-pull action
based on the total number of newly assigned tasks and the associated costs.

The work presented in [86]] provides a task offloading strategy that takes into consideration
both the categorization of tasks and the selection of offloading nodes. The objective of that study
is to minimize the completion time of each task. However, their approach focuses on task of-
floading decisions based on task classification and node selection. In contrast, our work focuses
on determining the appropriate decision for service replication based on the observed demand
for services at the edge nodes. In [87], the authors offer a dependent task offloading architec-
ture for multiple MEC environments. MEC devices may offload their compute-intensive duties
within this framework to the MEC-Cloud system while maintaining dependent restrictions. In
order to provide a better experience for the client, it is able to delegate offloaded tasks to the
MEC and the cloud dynamically. Since the approach presented in the previous chapter handles
limited-capacity scenarios more effectively than the approach in [87]], our method focuses on

determining whether to perform a pull or push action for a single user at an edge node or a peer.
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The authors deal with offloading decisions in [88]] based on energy and task causality limit-
ations because of channel oscillations and the arrival of dynamic tasks over time. They do so by
jointly improving the transmission power allocation at the energy transmitter (ET) for wireless
power transfer (WPT) and the task allocation at the user for local computing and offloading over
a particular finite horizon. This allows them to reduce the total transmission power used at the
ET while maintaining the successful task execution of the user. This is accomplished over a
particular finite horizon. However, the implementation of our solution may vary based on the
level of demand for the service and the point of making the decision at the maximum reward.
The approach in [46] copes with the problem of resource management at the edge server and as
a means of determining the most effective offloading decision to lower overall system costs. In
addition, the work occurring in [47] tries to make a choice to offload based on reducing costs
to the absolute minimum. Our work, on the other hand, focuses on selecting the route that will
result in the most significant reward while also taking into account the extra cost incurred if we

skip over the option of push-action.

3.2.2 Rationale & Contribution

In Figure [3.1] we provide a simplified representation of the problem when the rate of incoming
tasks decreases over time and a node must decide whether to replicate a service (i.e., pull-action)
from its neighbours on the network edge or from the Cloud and handle the processing locally
or to offload the task to the Cloud provider (i.e., push-action) and let it handle the processing.
Suppose that the time when the number of task requests begins to decrease is ¢ = 0, and that the
task must be completed by a deadline 7 > 0. Two choices with limited time are shown in Fig-
ure In this illustration, ¢t denotes a discrete observation interval rather than an instantaneous
point in continuous time. The variable Y; represents a single aggregate value corresponding to
the number of task requests observed during interval . Therefore, each observation interval is
associated with one request-count value, while the connecting line is used only to illustrate the
temporal trend in service demand.

The situation shown in Figure [3.1] (a) is one in which the pull-action choice is made early
in time t* (and before the deadline 7') due to the expectation of getting no deep decrease of
received tasks seeking the specified service. This indicates that there is a sufficiently large
number of tasks interested in this service, suggesting that pulling the service locally to the node
is a good option. Moreover, one can observe what would have happened if we postponed making
a decision with the help of our growing assurance that interest in the service is low, as shown in
Figure[3.1](b). Assuming that the service request rate was insufficient, the node has the option to
offload the requests (push-action) to its peers or the Cloud after the deadline has passed without
a pull-action being agreed upon. This means that offloading is required since there was a low
amount of tasks seeking the specified service. Let us assume that the node made the decision

to download (pull) the service early on, and then, after some time, we discovered that only a
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Figure 3.1: Illustration of the number of task requests observed over successive discrete time
intervals. Each point represents one aggregate request-count value Y; for interval ¢, while the
connecting line illustrates the temporal trend. Subfigure (a) indicates high service popularity,
whereas Subfigure (b) indicates low service popularity.

tiny percentage of users actually wanted it. If we had not performed the pull service action,
we would have wasted more resources. Therefore, as shown in Figure @ (b), it would have
been beneficial to postpone our decision until the completion of the specified time frame and
then carry out the offloading action. However, if the node had chosen to offload the request
to the Cloud at an earlier moment, the node would not have had sufficient confidence that this
request was frequently demanded at the node, which could lead to unnecessary communication
overhead and increased latency. This service might still be requested in the near future. In such
a situation, immediately adopting a push-based decision may lead to unnecessary offloading and
increased communication delay. Therefore, the node should delay the decision until sufficient
evidence about the service demand is observed, allowing a more informed choice between the

pull-action and push-action alternatives.
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An early push action may offload tasks to other peers or the Cloud prematurely, leading to
unnecessary communication overhead if the node later determines that the service demand has
not significantly decreased. Therefore, as illustrated in Figure [3.1(a), the node postpones the
decision until a suitable stopping time ¢* is reached. During the observation period 0 <t < t*,
incoming requests are temporarily buffered at the node while the demand for the service is
monitored. Once the decision time ¢* is reached, the node performs a pull-action to replicate the
service locally and then processes the buffered requests. Finding the optimal balance between
task offloading and service replication in the scenario of receiving a decreased number of tasks is
the challenge we face now that we know it has been formulated as #*. Taking into consideration
the latency costs, a creative solution has been provided that guarantees the right option is made
at time ¢*.

Contribution: Our methodology is flexible enough to be applied to applications that make
use of offloading decision-making algorithms in MEC circumstances. The primary technolo-

gical contribution that we make is:

* In the event that the number of tasks received decreases, we present a unique adaptive
approach that increases the possibility of making the choice of service replication (pull-
action) of the service with the highest (maximal) return. This is shown by a total cumulat-
ive of the total amount of task requests to the node that is being considered while taking

notice of the cost that has been got.
» Using the concepts of OST, we theoretically analyse the superiority of our approach.

* We provide a comprehensive analysis of how our OST-based approach compares to our

prior work [4]], which generates the true optimum reward.

Figure illustrates the decision-making process for determining whether to replicate a
service (pull-action) or offload a task (push-action). The aggregate number of task requests
observed during each discrete interval ¢+ < T is a significant factor in this decision. The justific-
ation is as follows. During each discrete observation interval ¢, the node observes one aggregate

request-count value ¥;. The node then has two choices:

* It needs to decide to perform service replication (pull-action) at a time ¢* such that 0 <

t* < T, if the number of requests is sufficiently large.

* Or, the node will re-evaluate its decision at time ¢ 4 1, if there are incoming service re-

quests.

If the deadline T is reached before a pull-action is triggered, the task(s) are offloaded (push-

action) to a peer MEC node or to the cloud for further processing.
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Figure 3.2: A diagram illustrating the sequential decision-making process for determining the
optimal time t* < T for either task offloading (push-action) or service replication (pull-action)
by the MEC node.
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Figure 3.3: Example of MEC environment.

3.3 Problem Fundamentals

Firstly, we provide an overview of the system model and then in Section [3.3.2) we explore the
description of the problem. In Section [3.3.3] we introduce our cost-based sequential decision-

making with respect to maximizing the rate of return.

3.3.1 System Model

The considered network environment consists of a distant cloud data centre and a set of Mobile
Edge Computing (MEC) base stations [67]. Figure [3.3]illustrates the MEC environment con-
sidered in this work. In the figure, each dotted circular region represents the coverage area of a
MEC base station, which is equipped with a MEC server that provides computing and storage
resources at the network edge. Mobile devices (illustrated in the figure by the user icons carrying
smartphones) generate computational tasks that must be processed by the MEC infrastructure.
These mobile devices are referred to as MEC devices in this work. The tasks generated by these
devices can either be processed locally at the associated MEC server or offloaded to neighbour-
ing MEC servers or to the distant cloud data centre when required [[89]]. Table summarises
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the notations used in this work. The set of MEC nodes is denoted by .4 = {1,2,...,N}, where
each MEC node corresponds to a MEC server deployed at a MEC base station. Multiple ser-
vice providers may deploy their applications on these MEC nodes in order to serve incoming
computational tasks.

Each MEC device generates task requests that are initially directed to its associated MEC
node. If the required service is available locally, the MEC node can process the task directly.
Otherwise, the node must decide whether to replicate the service locally (pull-action) from
neighbouring MEC nodes or from the cloud, or to offload the task to another computing en-
tity that already hosts the required service. Time is divided into discrete intervals denoted by
t=1,2,...,T. At a certain stopping time ¢*, the MEC node makes a decision based on locally
observed information, such as the number of received service requests. The decision determines
whether service replication (pull-action) should be performed in order to process the tasks loc-
ally. The mobility of MEC devices may cause variations in the number of task requests received
by a given MEC node. The red arrows shown in Figure [3.3]illustrate the possible movement of
mobile devices between the coverage areas of different MEC base stations, which may lead to
fluctuations in the observed service demand at each node. Consequently, the decision process

must adapt to these variations in task arrival patterns.

Notation || Definition
N Set of MEC nodes.

T Deadline.
t Time instance.
t Optimal stopping time.
Y; Number of tasks received at time ¢.
A
0

Arrival rate of tasks Y.

Tolerance threshold.

Cost of the decision delay for the DOST model.
c Cost of the decision delay for COST model.

R; Cumulative sum of the number of tasks ¥; up to 7.

Table 3.1: Notations of parameters

3.3.2 Problem Definition

The task model assumes that the number of requests for a particular task at a given time instant,
denoted by Y;, follows a Poisson distribution with rate A [70]. Since MEC devices are mobile,
the number of task requests observed by a given MEC node may vary over time as devices move

between the coverage areas of different MEC base stations. To capture this behaviour, we as-
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sume that the expected number of task requests decreases over time according to an exponential
decay model. Specifically, the number of tasks received after time ¢ follows a Poisson distribu-

tion with mean pg'~!

, where ¢ 1s the decay factor (0 < g < 1) and u represents the initial mean
arrival rate.

Accordingly, the cumulative number of requests observed up to time 7 is used to evaluate the
demand for the service and to support the decision-making process at the MEC node. We define
the cumulative distribution function of the demand rate at ¢ as:

Y oM _‘uqu(l—l)

PY<=ydA) = Y T
k=0 :

(3.1)

Here, the parameter A represents the overall arrival rate of task requests in the system. How-
ever, due to the mobility of MEC devices, the effective demand observed at a MEC node may

t—1

decrease over time. Therefore, the parameter (g’ ~" is used to model the time-varying mean

demand at time ¢, where y denotes the initial mean arrival rate and ¢' -1

captures the temporal
decay in the observed demand.

Consider now the cumulative sum of the reduced number of requests R;, 0 <t < T as:
1
Ri=)Y Y (3.2)
k=0

Problem 2. Find a stopping rule t* that maximises the expected rate of return per time instance
tin (3.3), where Ry =Yo+ ...+ Y

E[R, — b]

1 (3.3)

t* = argmax

Let b > 0 denote a fixed cost associated with the pull-action decision. Our objective is to
determine the optimal stopping time #* that maximises the expected rate of return defined in
Equation (3.3).

The rationale behind Problem [2] lies in the fact that we expect the rate of service requests
over time ¢, excluding the latency cost component, not to decrease significantly. Therefore, this
exemplifies the possibility that the pull-action will prove to be stochastically a more advantage-
ous option than the push-action would be. This is due to the fact that we have become more
certain that in the (not-too-distant) future, we will be receiving a sufficient number of requests
for a service in a node despite the fact that the number of requests is continuing to decrease.

Because of this, our goal is to maximise this rate of return.
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3.3.3 Cost-based Discounted Sequential Decision-making (DOST)

In order to discover a solution to our problem in maximizing (3.3]), we first derive a stopping
rule that maximises E[W; — AD;|, where W; = R, —b and D, =t + 1, with rate A > 0. We first
check whether the one-stop look-ahead policy (1-SLA) is the optimal one. Specifically, if we

quit after a period of time ¢, the corresponding reward rate is:

Ri—b—A(t+1) (3.4)

Moreover, if we proceed to the next time instance # 4+ 1 and then stop, we would anticipate that

we will have gained:
R +E[Yi1] —b—A(t+2) =R +uq —b—A(t+2). (3.5)

The difference between the reward obtained by stopping at time ¢ and the expected reward ob-

tained by continuing to time ¢ + 1 is
(Ri—b—A(t+1)— (R +uqd —b—A(t+2)) =A—udq. (3.6)

Since 1qg' decreases monotonically with time 7 for 0 < g < 1, the quantity A — (g’ increases
monotonically with ¢. Therefore, there exists a first time at which stopping becomes preferable
to continuing, and the optimal policy is the one-step look-ahead (1-SLA) rule. In particular,

stopping becomes optimal when

1> udg. (3.7)
Solving this inequality for ¢ gives
1 A
> log(u/2) (3.8)
log(1/q)

This leads to the following theorem.

Theorem 3. The OST rule at which a MEC node stops for the first time 77 [[72], and which
maximizes (3.3), is given by:

T1:min{t>0:7Lz,uqt}:min{t>0:t2 (3.9)

log(u/l)}
log(1/q) J
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Proof. The 1-SLA policy in Theorem [3]is the optimal criterion that can maximize the rate of
return. We proceed with estimating this time 77 as follows. We can re-write the 1-SLA given

the initial mean u as [90]:

T h {m:1 ifA = p (3.10)
| = m, where oe(u/l) . :
"= 10gg((‘i§61)) ifA<p

V(L) = ERn—b—A(m+1)]= (3.11)
= u(l+g+-—+g" H—b—2A(m+1)
_ A=g") o
= 0y b—A(m+1)

To obtain the optimal value of A corresponding to the stopping time m, we set V(1) =
E[Ry —b— A(m+1)] equal to zero, since this condition represents the point at which the ex-
pected accumulated reward E[R,, — b] is balanced by the corresponding time-dependent term
A(m+1). The resulting value of A is then iteratively updated together with m, as described

below, until convergence to the optimal solution is achieved.

p(l—¢™
7[, _ (1-9) b

i T (3.12)

In practice, the parameters (1 and g are treated as input quantities and can be estimated from
historical observations of task arrivals before running the decision procedure. Based on a A value
from (3.12), we iteratively substitute it into (3.10) to obtain an updated value of 7; = m, where m
is initialized as a feasible positive integer with m > 1. This updated value is then substituted back
into to obtain a new value of A. The recursion continues until convergence is achieved.
The outcome is the optimal (maximal) expected rate of return A along with the optimal stopping
time m, where a MEC node should stop within the horizon {1,...,T} in order to maximize the
rate of return in (3.3). O

The proposed cost-based decaying sequential decision-making procedure is summarized in
Algorithm 4]
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Algorithm 4: Cost-based Decaying Sequential Decision-making (DOST)
Input: Initial mean rate u; decaying factor 0 < g < 1; delaying cost b > 0
Output: Optimal rate and stopping time ¢*

1 Stop < False

2140

3 Ry+0

4 repeat

5 observe the number of requests Y;

6 R, <R, _+Y, // update the cumulative sum of requests

7 if criterion in is satisfied then

8 Stop < True

9 1<t // activate service replication (pull-action)
and start the new task service

10 return ¢*

11 else

12 L t+t+1 // continue with the next received task

B untilt >T
14 if Stop = False then
15 | trigger push-action

3.4 Experimental Evaluation

3.4.1 Experimental Setup

We test two distinct models in our experiments that show evidence of our approach: (i) The
DOST model, which is determined by the initial rate t; 0 < g < 1 incurred cost b > 0. In our
proposed model, the decision to perform a pull-action is made if the accumulation value, R;, at
the time instance, ¢, meets the criteria outlined in (3.10). (ii) The COST model in [4]], which
calculates the cumulative total of the received tasks R; based on the stopping criterion is as close
as feasible to a budget threshold 6. After this, it makes the choice of which service replication
(pull-action) will result in the biggest reward while also taking into consideration the cost that
will be incurred ¢ for each time instance ¢, as shown in @[) In every other case, the decision
to offload is taken if the deadline elapses.

In the experiments that were designed to provide a comparative analysis in Section (3.4.2}
we conducted the test using both the DOST and the COST models. In addition, we determ-
ine the values for each of the variables u, ¢, and 8, as well as the cost b and cost-per-time
c¢. Furthermore, we adjusted 4 = 10, ¢ = 0.1, and b = 0.1u. Moreover, we split the experi-
ments into two groups. The first group included an unchanged value for budget 8 = 50. After
that, we conducted the comparative tests with respect to the payoff of the DOST and COST
for ¢ € {0.5,0.6,0.7,0.8,0.9,0.99}. Finally, we analysed the results of the experiments. Fur-

thermore, our assessment involves fixing a value for ¢ € {0.7,0.8,0.9} and running comparison
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experiments between the payoff of DOST and COST for various values of 8 € {10,30,50,100}.
All parameters are defined to simulate different scenarios that examine the models in different
restrictions, for instance, capacity that is denoted by 6 and decay factor g. In the second group,
we carried out experiments where we compared the amount of time required to stop the DOST

and COST models along with the amount of time required to stop with the associated payoff.

3.4.2 Comparative Assessment

Choosing the moment to stop and maximizing cumulative reward using OST is the foundation
of the strategy proposed in [4]], which we term here as Cost-based Sequential Decision Mak-
ing (COST). The goal is to prevent more tasks from being accepted when the cumulative total
of those tasks, denoted by the variable R;, is getting close to a value 6, which represents the
tolerance threshold (budget). In addition to that, taking into consideration the total amount of
incurred cost ¢ > 0 due to delays up to that moment z. As a result, the optimal stopping rule with

the highest payoff achieved in [4] is provided in (3.13)) for reasons of completion:

t*=inf{r >0: Gft(Rt +y)—C(t+1)-P(Y=y) <R —C-t} (3.13)
y=0

The COST model is compared with our proposed DOST approach. The many effects that g
has on both models in terms of payoft are shown in Figure[3.4] Also, from Figure [3.4] we notice
that there are different values for the g, which means that g = 0.5, there is a sharp decline in the
number of tasks received, and as the value of ¢ increases, the decrease in the number of tasks
received decreases. In this scenario, we notice the red line, which represents the value of payoff
across the different g values of the COST model. On the other hand, we also notice the blue line,
which represents the value of the payoff for our new approach, the DOST model. Furthermore,
it is noted that the DOST model has a high return on payoff compared to our previous work
COST, regardless of the severity of the decline in the number of requests received. However,
our previous work was clearly affected by the sharp drop in the number of tasks received, as it
shows a low value of payoff compared to our DOST model, and these payoffs improve as the
value of g increases. Despite that and on all g values, the effectiveness of the performance of
our DOST model has a higher return of payoff than our previous work COST model, and this
demonstrates the strength of the principle that we have chosen to work with the challenge of
decreasing the number of tasks within the specified time 7. It should be noted that the DOST
formulation assumes 0 < g < 1. Hence, the rightmost point in the figure represents a value of ¢
approaching 1, not the exact case g = 1. Therefore, the results at that point should be understood

as representing the near-limiting behaviour of the model rather than the exact behaviour at g = 1.
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Figure 3.4: (i) Expected payoff vs ¢ for fixed delay cost value c&b = 0.1 x u for COST and
DOST models; (i1) Expected payoff vs 0 for fixed g = 0.7 value for COST and DOST models;
(ii1) Expected payoff vs 0 for fixed g = 0.8 value for COST and DOST models; (iv) Expected
payoff vs 0 for fixed g = 0.9 value for COST and DOST models.

For all comparisons shown in Figure [3.4] the common parameters were set to u = 10, ¢ =
0.1y, and b = 0.1u. In the first plot, 8 was fixed at 50, while ¢ € {0.5,0.6,0.7,0.8,0.9,0.99}
was varied. In the second, third, and fourth plots, 6 € {10,30,50, 100} was varied, while g was
fixed at 0.7, 0.8, and 0.9, respectively. For ¢ = 0.7 and g = 0.8, the DOST model maintains a
relatively stable payoff as 0 increases, whereas the payoff of the COST model decreases more
noticeably. The DOST payoff at ¢ = 0.8 is higher than that observed at g = 0.7, reflecting the
slower decay in the number of received tasks. At smaller values of 8, COST may be comparable
to or outperform DOST; however, as 0 increases, DOST generally achieves a higher and more
stable payoff.

Furthermore, we set ¢ = 0.9, as shown in Figure [3.4] In this case, the red line represents
the COST model and the blue line represents the DOST model. The results indicate that the
DOST model preserves a stable payoff over a wide range of 0 values, whereas the COST model
exhibits a decreasing payoff as 0 increases. Since ¢ = 0.9 corresponds to a relatively mild decay
in the number of received tasks, both models achieve better payoff values at smaller values of 6.
Even so, the proposed DOST model consistently outperforms the earlier COST model for most

values of 0, particularly in scenarios involving MEC devices with greater service capacity.
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The parameters used for the second group of the comparative assessment experiment are
u=10,c=0.1u, and b = 0.1u. In this group, the decay factor was fixed at ¢ = 0.9, while the
threshold 6 was varied over the range {10,30,50,100}. The experiment evaluates the stopping
time ¢* at which the highest expected payoff is achieved. Figure presents the relationship
between stopping time and 6 for the COST and DOST models. The red line corresponds to
the COST model, while the blue line represents the DOST model. The results show that the
stopping time of the COST model varies significantly as 6 increases.

In contrast, Figure [3.5b]illustrates the relationship between stopping time and expected pay-
off for the two models. The results indicate that the DOST model maintains a relatively stable
stopping time across different values of 8, whereas the COST model tends to delay the stopping
decision as 0 increases. Since g = 0.9 corresponds to a mild decay in the number of received
tasks, both models achieve favourable payoff values at smaller values of 6. Nevertheless, the
proposed DOST model consistently achieves better performance than the earlier COST model,

particularly in scenarios involving MEC devices with greater service capacity.
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Figure 3.5: Performance comparison of DOST and COST models for ¢ = 0.9.

3.5 Conclusions

We propose a time-optimized decision-making strategy for MEC systems based on Optimal
Stopping Theory (OST) to maximise the rate of return. This decision-making technique is par-
ticularly useful in situations in which users receive tasks with variable demand rates. We provide
a full evaluation of the procedure when it comes to utilizing and implementing the DOST mech-
anism for service replication (pull-action) in MEC systems. According to the findings of our
experimental evaluations, the performance of DOST outperforms COST, a related OST-based
approach. These results are appropriate for use in MEC nodes and are not influenced by the
total amount of resources that are available. Furthermore, the best results are achieved by our

model, which is superior to baseline solutions in terms of payoff.
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In the future, our goal is to develop a new model that adopts Al-driven techniques for select-

ing the best set of MEC nodes to offload the tasks relying on multi-armed bandits algorithms.



Chapter 4

Gradient Bandit Experts For Node
Selection In Edge Computing

4.1 Introduction

The node selection issue in edge computing entails determining the most appropriate edge nodes
for task offloading, taking into account their constrained computational capacity, memory, and
storage. Various tasks exhibit distinct requirements, making node selection a broad process with
a significant impact on performance. The heterogeneity of hardware, software, and network
connectivity further contributes to the selection challenge, as these elements influence task exe-
cution effectiveness. Although selecting robust nodes in proximity to the data source is typically
advantageous, it is not always practical due to resource constraints and variable network condi-
tions. Additionally, the dynamic characteristics of edge environments result in fast alterations
in computational and network infrastructure, impacting node accessibility and reliability. Con-
sequently, optimizing node selection is vital to ensure effective task execution and maintain the
overall performance of the edge computing ecosystem.

Different machine learning methods have been devised for node selection in edge computing
[91-99]. Nonetheless, the majority assumes a static environment, ignoring real-time feedback
signals from edge nodes. In applications such as autonomous vehicles, healthcare monitoring,
and industrial automation, rapid and accurate node selection is crucial for prompt processing
and responses. Several systems are capable of gathering real-time feedback, including response
time and computational load, to evaluate node conditions. Despite this, the majority of current
methodologies depend on predetermined configurations. In dynamic situations, integrating real-
time feedback is essential for enhancing decision-making and assuring optimal node selection

in edge computing systems.

53
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This study presents a multi-armed bandit (MAB)-based technique for node selection in
edge computing, enhancing the Gradient Bandit algorithm with expert guidance. To improve
decision-making, we incorporate autoregressive deep learning models trained on historical data
as expert predictors. MAB is a feedback-oriented sequential learning framework that balances
exploration and exploitation to improve real-time decision-making [[100, [101]. In the context
of node selection, each action corresponds to selecting a candidate edge node, while the reward
reflects the observed performance of that node after executing the assigned task, such as re-
sponse time, resource utilization, or successful task completion. MAB-based approaches have
been applied in several domains, including node selection in edge computing [98] 99], web-
based news recommendation systems [[102], and online advertising [[103]. In this chapter, our
approach is compared with existing node-selection methods in edge environments. Classical
MAB algorithms typically assume stochastic environments; however, edge computing systems
often exhibit non-stationary behaviour where node performance may change over time due to
variations in workload, network conditions, or resource availability. Consequently, the node-
selection problem can resemble an adversarial or dynamically changing setting in which node
performance may depend on prior system states. While this chapter focuses on contextual ban-
dit experiments, Chapter [5] extends the analysis by considering delayed and missing feedback
conditions.

The remainder of this chapter is organized as follows. Section .2]reviews the related work
and outlines the main contributions. Section4.3|presents the proposed node selection algorithm.

Section .4 reports the experimental results. Finally, Section d.5| concludes the chapter.

4.2 Related Work

Node selection for service placement and task offloading is a well-studied problem within the
edge computing and related domains.

Lately, numerous machine learning-based models have been suggested for node selection in
edge computing [91-94]. The vast majority of these methodologies examine various architec-
tural and data division techniques to enhance the conventional supervised learning paradigm,
hence improving performance metrics such as latency and immediate response time. Given
the continuous communication between edge devices and edge nodes via various feedback and
heartbeat signals, it is rational to store and train a model utilizing this characteristic data. The
system can initially commence the collection of diverse datasets from edge devices and edge
nodes, including node-specific and task-specific data regarding CPU and memory utilization,
energy consumption metrics, and network information. The past information can be refined,
annotated, and utilized for training with cutting-edge machine learning techniques such as Deep
Learning [91]. In [92], the authors examine computation division algorithms that leverage both

node and device resources to enhance latency, energy efficiency, and data center throughput in
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intelligent applications. The research, encompassing resource-intensive applications in com-
puter vision, speech, and natural language processing utilizing cutting-edge Deep Neural Net-
works (DNNs), demonstrates that a fine-grained, layer-level division strategy provides substan-
tial benefits over the conventional cloud-only processing method regarding latency and energy
efficiency. [93] introduced Distributed Deep Neural Networks (DDNNs) intended for deploy-
ment within a distributed computing framework that includes nodes and end devices. DDNNs
facilitate localized and efficient inference by executing shallow segments of the network at the
edge and end devices while permitting more extensive processing in the cloud. The decentral-
ized architecture of DDNNs improves sensor fusion, system fault tolerance, and data privacy.
Through the mapping and concurrent training of neural network segments inside this hierarchy,
DDNNSs reduce communication expenses and resource consumption while enhancing feature
extraction efficiency. The suggested DDNNSs can utilize geographical sensor variety to enhance
object detection accuracy and substantially decrease transmission costs. [94] presented a ma-
chine learning-based energy consumption model specifically designed to address energy utiliz-
ation in edge computing during service placement. The authors offer an innovative offloading
technique utilizing a Self-adaptive Particle Swarm Optimization algorithm integrated with Ge-
netic Algorithm operators. This method improves the decision-making process for DNN layer
offloading by optimizing layer division, hence decreasing the computational burden and enhan-
cing execution performance. [104]] suggested a two-stage machine learning-based approach for
node selection aimed at real-time task offloading in highly dynamic edge computing environ-
ments for autonomous driving. The program initially forecasts the success or failure of work
offloading through a classification model, subsequently employing a regression model to estim-
ate service time. The methodology exhibits substantial enhancements in task failure probability
and service durations by efficiently distributing computational weighs across edge and cloud
resources, rendering it exceptionally useful in addressing the challenges of edge computing in
autonomous vehicle systems. These works fundamentally contrast with ours, as these models are
trained using historical data and lack consideration for the dynamic nature and rapid feedback
signals from the environment.

More recently, bandit and reinforcement learning methodologies have been utilized for node
selection in edge computing [95-99, 105H107]. For example, [105] introduced a deep Q-
network to acquire optimal offloading strategies that reduce system latency and energy usage.
This system adeptly allocates bandwidth and takes edge nodes to optimize performance in gen-
eral. [106] examined the particular scenario of sub-task offloading in a game-theoretic structure,
framing the issue as a multi-agent partially observable Markov decision process. They sugges-
ted a decentralized methodology utilizing deep reinforcement learning through policy gradient
and differential neural network approaches. Likewise, [[107] presented a deep reinforcement
learning methodology for the online placement of services and allocation of computational re-

sources in edge computing contexts. Their approach employs a parameterized deep Q-network



4.2. RELATED WORK 56

to concurrently optimize service placement and resource allocation, aiming to minimize overall
task latency. Although these methods utilize feedback signals for training, they fail to account
for quick feedback. The training data comprises feedback signals from past interactions among
nodes, devices, and environments. In the Multi-Armed Bandit (MAB) framework, [[108]] intro-
duced an MAB-based edge reputation management system for identifying the optimal node for
data trading in autonomous vehicle management. A significant difficulty in privacy-preserving
autonomous vehicles is the prohibition on uploading sensitive and confidential user data collec-
ted by onboard sensors to edge servers. The research examined encrypted information trading;
in contrast to open-access data trading, encrypted data trading mitigates confidentiality and se-
curity issues while motivating contributors to share their knowledge. The suggested reputation
management system assists edge servers in managing reliable and accessible vehicles, while it
incurs a cost in data exchange. The MAB methodology enables edge servers to identify automo-
biles with excellent ratings for data exchange. A strategy of encapsulation is utilized to maintain
the privacy and rights of the edge server while attaining the required degree of communication
security.

In [98], the authors introduced multiple enhancements to established bandit algorithms, in-
cluding the renowned Exp3 algorithm. Furthermore, [99] enhanced the widely-used bandit al-
gorithm, Thompson Sampling, to address the multi-interface channel allocation issue against un-
certainty. This study especially addresses the issue of bandwidth allocation across devices when
an edge node communicates with numerous edge devices. Nevertheless, the authors considered
binary feedback signals from the environment, which may not accurately reflect real-world con-
ditions. Our problem setting markedly diverges from that of other bandit-related studies, which
generally consider a stochastic environment and binary feedback signals. Conversely, our meth-

odology is engineered to be robust in non-stochastic settings.

Notation || Definition
N Set of edge nodes.
T Time horizon.
Tig Reward of node n; at time .
U; Cumulative reward up to time 7.
Di Selection probability of node n;.
h; Preference value of node n;.
& Noise term.
R(T) Regret after 7 rounds.
St 1 if optimal node selected at ¢, else 0.

Table 4.1: Notations of parameters
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4.3 Preliminaries & Algorithm

The MAB problem is a single-state reinforcement learning issue wherein a finite array of re-
sources must be allocated among rival alternatives to optimize anticipated rewards. In the con-
text of EC node selection, these possibilities signify the accessible nodes, presenting the issue as
a bandit game between a decision-making algorithm (the node selection mechanism) and the en-
vironment. The environment illustrates the dynamic and frequently non-random characteristics
of the EC nature.

Assume a discrete time domain ¢z € {1,2,..., T} with a limited horizon T > 0, within an EC
ecosystem comprising .#” nodes. Upon the generation of a new task by an EC application, the
node selection process is activated to determine the most appropriate node for execution within
the specified time frame 7.

Let r;; denote the reward acquired by a node n; € .4 at time ¢t. Furthermore, let I; € .4
denote the node chosen by the node selection process at time ¢. The objective of the method
is to choose nodes in a manner that maximizes the cumulative reward U; up to time ¢ over the

selected nodes {/I1,...,L},i.e.,

4
Uy=max Y ri,c 4.1)
=1

4.3.1 Evaluating Rewards in Edge Computing Configuration

Reward estimation is essential to any MAB-based algorithm, directing the selection process
to prioritize high-reward actions. In conventional MAB configurations, rewards are generally
binary feedback from the environment, signifying success or failure. Nonetheless, in EC node
selection, such binary feedback is impractical. In EC node selection, continuous-valued feed-
back is employed as rewards rather than binary signals. We presume that this input reflects the
existing condition of the node, including the quantity of active tasks and response time. In prac-
tice, such information can be obtained through periodic node-status updates, which we refer to
here as heartbeat signals [109} 110].

4.3.2 ExpGradBand Algorithm for Node Selection

The ExpGradBand algorithm is proposed as an initial hybrid approach that integrates gradient-
based adaptation with expert-weighted selection. The pseudo-code for the suggested Expert
based Gradient Bandit (ExpGradBand) is presented in Algorithm [5] It utilizes a preference-
based probability distribution to choose nodes, assigning weights w to experts according to

their predictive ability. The preference matrix H represents the tendency of each expert to re-



4.3. PRELIMINARIES & ALGORITHM 58

commend a particular node. Based on these preferences, a probability distribution over the nodes
is constructed using the softmax function. The algorithm first selects an expert according to the
expert weights and then applies the Gradient Bandit mechanism to select a node and update the
preferences according to the observed reward r;.

The algorithm commences by initializing the preference matrix H for each expert—node pair,
the expert weights w, the average rewards r, and the counters n; for each node. At each time
step, it gathers recommendations from the expert set &, computes their mean value, and nor-
malizes the expert weights. An expert e is then sampled according to the weight distribution w.
Using the preferences of the selected expert, a probability distribution P over the nodes is com-
puted, and a node ; is selected from this distribution. The reward r; obtained from the selected
node is then used to update the average reward estimate and the preference values according to
the gradient bandit update rule. Experts whose recommendations align better with the observed
rewards gradually receive higher weights, allowing the algorithm to improve node selection over
time.

The final three steps update the expert weights. First, 8 forms a probability-adjusted feed-
back signal using the mean expert advice v and the node-selection probabilities P, . of the se-
lected expert. The inner product 8’ = (E, 6) then measures how closely each expert’s recom-
mendation aligns with this signal. Finally, the multiplicative update w = wexp(n6’) assigns
relatively larger weights to better-aligned experts, increasing their probability of being selected
in subsequent iterations. Since P, . is adapted through the reward-based Gradient Bandit update,

the expert-weight update interacts indirectly with the observed reward.
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Algorithm 5: Experts with Gradient Bandits (ExpGradBand)

Parameters: Set of Experts &, Number of Nodes &, Time Horizon T, learning rate c,

Initialize
Initialize
Initialize

Initialize

expert update rate N

tH;j=0 Vi=1...|&|,Vj=1...k
rwi=1 Vi=1...|&

;=0 Vi=1...k

tn;=0 Vi=1...k

1 forr=1,2,...T do

2

3

4

10

11

12

13

14

15

16

17

18

E = get expert advice() // collect recommendations from experts

v =mean(E)

= g

e = sample(w) // select an expert according to weights
o _ _exp(Hij) . .

Pl?j—ZL]eXP(Hi,Z) VZ—llg’,VJ—lk

I; =sample(P,.) // select node using probability vector of
expert e

observe reward r; from I

ny < nj+1

B, =8 + 5 (=)

fori=1...kdo
if i = I; then
t H,j=He i+ o(r; —7p,)(1 —Pe,)
else
t H.;=H.;—ox(ri—F;)*P.;

6=1 v // construct a probability-adjusted feedback

IR
signal
0’ = (E,0) // compute an alignment score for each expert
w =wexp(no) // increase the relative weights of

better-aligned experts

Method Pipeline Overview

The proposed ExpGradBand framework follows a structured decision-making pipeline. First,

a set of expert predictors generates performance estimates based on historical contextual feed-

back, such as resource utilization and heartbeat signals. Second, an expert selection mechanism

identifies the most reliable predictor according to past prediction accuracy. Third, the selected

expert’s advice is integrated into a gradient bandit update rule, which adjusts node preferences
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in an online manner. Finally, a decision step selects the target edge node for task execution.
This pipeline enables ExpGradBand to combine predictive intelligence with lightweight online
learning, allowing fast adaptation to changing edge conditions. The overall decision-making

process is illustrated in Figure d.1]

LContextual Feedback}

h

Expert Predictors
(FNN /RNN/LSTM)

h

[ Expert Selection }

{Gradient Bandit Update}

b

[Node Selection Decision}

Figure 4.1: Decision-making pipeline of the ExpGradBand framework.

4.4 Experiments

Our purpose in this section is to evaluate the performance of the proposed ExpGradBand in
comparison to the most advanced MAB-based node selection algorithms currently available.
We produce synthetic non-stochastic data for experimental purposes. Given that system
states progress as time series affected by preceding states, we represent them by a basic Autore-
gressive (AR) process. AR models forecast future values utilizing historical observations, pro-
posing that past data holds significant predictive insights. The fundamental concept of the
autoregressive model is that the present value of a time series is linearly dependent on its pre-
ceding values (lags). This model proposes that historical values of the series include significant
information regarding future behavior, therefore enabling predictions of future points from the
analysis of past data. An autoregressive model is technically denoted as AR(q), where ¢ indic-

ates the quantity of lagged observations incorporated in the model. In a formal manner:

G=ct+ 01z 1+¢Py 2+ + ¢th—q + &, 4.2)
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Table 4.2: Hyperparameters of the edge nodes

# (Pl (])2 mean

1 0.25 -0.25 exp (1.50)
2 -0.45 0.25 exp (0.50)
3 -0.35 0.40 exp (0.55)

where z; represents the current value of the time series, and z; 1,22, ...,2—4 denote the g pre-
ceding values (lags). The constant term c represents the intercept, whereas ¢y, ¢, ..., ¢, denote
the coefficients (weights) that quantify the influence of each lagged value on the current value.
& denotes the error term, which encapsulates the randomness or noise that remains unexplained
by preceding values.

In order to produce the data for the research we are conducting, we make use of a straightfor-
ward AR(2) model. We model a scenario with three edge nodes and six interconnected devices.
At each time interval, the nodes transmit heartbeat signals that encode their current condition.
We propose that the heartbeat signals convey the system state value such that higher values in-
dicate more favorable nodes for selection. The various parameters for the nodes are presented
in Table 4.2]

4.4.1 Baselines

We use the following four baseline algorithms to compare our proposed approach.

Thompson Sampling (TS) TS is a lightweight and comparatively straightforward MAB al-
gorithm grounded in the Bayesian principle. TS regulates the exploration-exploitation trade-off
by sustaining a probability distribution for each node’s prospective reward and then sampling
from these distributions to guide decision-making. The prior distribution is continually revised
according to observed rewards. In our research, we employed non-negative rewards in accord-

ance with the formulas presented in [[111]].

Gradient Bandits The Gradient Bandit (GB) evaluates the preference value of each node,
which affects selection, by utilizing feedback rewards [112]]. Considering that the observed
rewards of the presently selected nodes fluctuate, it is clear that the associated preference value
likewise varies. A GB algorithm is designed to prioritize nodes with higher rewards over those
with lesser rewards. This prioritization is accomplished by progressively modifying particular
rules according to the observed rewards and the current likelihood of selecting the designated
node. The concept of GB dictates that nodes with elevated preference ratings possess a greater

likelihood of being selected.
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Exponential-weight for Exploration & Exploitation (Exp3) Exp3 is designed to address
situations where the distribution of rewards is variable and may fluctuate over time [[113,/114]. In
our scenario, the node selection mechanism utilizing Exp3 monitors the probability distribution
of all nodes. This distribution is utilized for selecting the most suitable node at time ¢. The
probability of selecting each node is modified based on the rewards acquired from the chosen
nodes up to time . Nodes that previously received relatively high rewards are awarded more
weights, impacting future selection decisions. The weight of each node is adjusted based on the

observed reward in an exponential fashion.

Exponential-weight Exploration and Exploitation using Expert advice (Exp4) The Exp4
algorithm operates by integrating recommendations from various experts. The method initiates
by allocating uniform weights to all experts, presuming that their reliability is equivalent. In each
round, the experts offer advice in the shape of probability distributions across the nodes. The
system integrates these recommendations into a weighted probability distribution and selects the
node based on this aggregated advice. The program adjusts the experts’ weights subsequent to
reward observation. Experts providing excellent advice, resulting in substantial benefits, experi-
ence an increase in their weights, whereas those proposing ineffective activities face a reduction
in their weights [[113]].

4.4.2 Expert Oracles

In our analyses, we employ deep learning-based time series predictors as experts. We employed
three distinct deep-learning models: (i) Feedforward Neural Network, (ii) Recurrent Neural
Network, and (iii) Long Short-Term Memory Network.

4.4.3 Protocol & Metrics

We provide a data stream that reflects 30 minutes of operation, with heartbeat signals transmitted
every second. The initial 15 minutes of data are utilized for training experts, while the last 15
minutes are employed to evaluate the performance of all algorithms. The accuracy of various
algorithms is assessed using per-round regret analysis.

In the multi-armed bandit literature, regret measures the performance loss of a learning al-
gorithm compared to the optimal decision that could have been made with full knowledge of the
environment [[100, [1I01]]. In other words, regret quantifies how much reward is missed due to
imperfect decisions during the learning process.

After T rounds, the per-round regret of an algorithm is defined as follows:

_ T_Zthl St

R(T) -

4.3)
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Here, s; is a binary variable that equals one if the optimal node is chosen at round ¢, and zero

otherwise.

4.4.4 Performance Evaluation & Discussion

The results of our study are presented in Figure d.2] The Exp4 algorithm exhibited lower per-
formance relative to non-contextual bandit algorithms. While it exceeded Exp3, its total per-
formance was markedly worse than that of GradBand and ExpGradBand.

Figure[d.2]illustrates that the cumulative regret of Exp4 (blue line) stabilizes at a higher level
compared to the other approaches except for EXP3, signifying its ineffectiveness in mitigating
regret. Conversely, ExpGradBand (cyan line) attains the minimal cumulative regret, illustrating
its enhanced flexibility. GradBand (magenta line) and Thompson sampling (green line) surpass
Exp4, demonstrating quicker convergence. Exp3 (black line) exhibits the poorest performance,
underscoring its weaknesses in the present scenario.

Exp4’s subpar performance arises from two principal issues. Reward scaling concerns im-
peded its learning process, as the method presumes rewards fall within the [0, 1] range. In
our configuration, rewards occasionally surpassed this threshold, resulting in incorrect weight
updates that impeded optimal node selection. This misalignment impeded the elimination of re-
gret, rendering Exp4 less competitive. Furthermore, the selection of experts and the precision of
predictions were essential. Exp4 allocates weights to experts according to historical accuracy;
nonetheless, our results indicated that the LSTM-based expert consistently predicted system
states accurately across all nodes. The uniform precision resulted in an equitable probability
distribution among nodes, leading Exp4 to commonly choose subpar nodes. The system failed
to distinguish between different node characteristics, resulting in heightened cumulative regret.

ExpGradBand achieves the lowest regret among the evaluated approaches because it can
dynamically modify expert contributions while enhancing node selection. This adaptive learn-
ing technique enables quick decision refinement, resulting in expedited regret minimization.
GradBand demonstrates effective performance, indicating that gradient-based updates alone can
substantially improve selection techniques.

Thompson sampling initially varies but ultimately stabilises at a reduced regret level, illus-
trating its efficient exploration-exploitation balance. Exp4 encounters difficulties with expert-
based weighting; nonetheless, Exp3, which avoids expert reliance, performs much more poorly
due to its absence of contextual adaptation. Its regret decreases at a much slower rate, reaffirm-

ing its inefficiency in this scenario.
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These results underscore the benefits of combining expert instruction with adaptive learning.
ExpGradBand and GradBand substantially surpass conventional approaches, with ExpGrad-
Band achieving the best performance among the evaluated approaches. The findings indicate
that the efficient integration of knowledge from experts enhances decision-making efficiency,
especially in dynamic contexts requiring adaptive learning. These results serve as preliminary
evidence of the algorithm’s potential. Next, Chapter[5|will examine its robustness under delayed,

lost, and asynchronous feedback conditions across heterogeneous edge nodes.
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Figure 4.2: Experiments with Contextual Data over all MAB methods.

4.5 Conclusions

By formulating the node selection problem as a Multi-Armed Bandit (MAB) task, this chapter
presented an enhanced decision-making strategy for edge computing environments. The pro-
posed ExpGradBand methodology combines bandit-based exploration and exploitation with
expert guidance to improve task offloading decisions. The experimental results indicate that
ExpGradBand performs better than the considered baseline methods in terms of efficiency and
resource utilization. These results suggest that the improvement arises from the interaction
between adaptive bandit learning and expert-based prediction, rather than from any single com-
ponent alone. Further analysis of the contribution of individual expert models will be presented
in Chapter [5] where the evaluation is extended through additional experimental settings and

performance metrics.



Chapter 5

Node Selection using Adversarial
Expert-based Multi-armed Bandits in
Distributed Computing

5.1 Introduction

5.1.1 Motivation

Edge Computing (EC) is a distributed computing paradigm that brings computation closer to
data sources, such as sensors, Internet of Things (IoT) devices, and micro data servers, rather
than relying on centralized data centers or cloud [115]. In the EC ecosystem, distributed edge
nodes, hereinafter referred to as nodes, are dispersed at the network boundary, providing im-
mediate collection of data from devices and exploration via local computing and interaction
with other nodes. EC improves the quality of service and user experience by reducing response
times, saving bandwidth, enhancing security, and ensuring reliability and privacy through data
processing at the network edge. By processing data closer to where they are generated, EC sig-
nificantly reduces latency, making it an ideal environment for applications requiring real-time
processing, such as autonomous vehicles, augmented reality, and latency-sensitive smart-home
services, including security surveillance, intrusion detection, and emergency response systems.
EC offers flexibility in scaling by leveraging nodes to adapt to demand fluctuations while evenly
distributing the computational load.

Recent developments in EC focus on improving node selection strategies for offloading tasks
to nodes for execution. Nodes are used for (near) real-time events and data-driven computations
required by, e.g., autonomous vehicles, wearable cognitive assistants, and IoT applications. In
such scenarios, end-users demand highly efficient services with stringent time constraints, ne-
cessitating that tasks be completed within time limits. However, EC infrastructures are prone to

failures, and a poorly designed infrastructure greatly impacts performance and service reliability.
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This poses significant challenges during the prompt selection of the most appropriate nodes for,
e.g., task offloading, delegation of tasks, or service requests [116]. Different tasks have different
requirements for resources like computational power, memory, storage, and latency. This makes
the selection of the most appropriate node a non-trivial decision-making process with significant
implications for downstream operations. Moreover, the inherent heterogeneity of nodes in hard-
ware, software, and network connectivity impacts the performance of tasks and consequently the
decision of node selection. For instance, while selecting computationally powerful nodes that
are physically closer to data sources can often be advantageous, it is not always feasible due to,
e.g., node unavailability or overloading of node capacity. Therefore, the node selection problem

becomes a crucial factor that directly impacts the overall efficiency of an EC environment.

5.1.2 Node Selection in Distributed Computing Environments

Before elaborating on node selection in EC, we discuss several application domains where EC
infrastructure employs node selection mechanisms. Consider an EC environment comprising
distributed edge devices (e.g., smart home appliances and autonomous vehicles) and edge nodes
such as micro-data servers, base stations, or roadside units that host edge computing capabilities.
Consistent with the definition introduced earlier in this thesis, edge nodes refer to resource-rich
computing entities deployed near end devices to process tasks and support latency-sensitive ap-
plications. Therefore, computationally intensive tasks are executed through collaboration among
devices and nodes [6]]. In smart home environments, smart TV applications offer a seamless
experience by streaming high-definition content and providing real-time interactive features,
e.g., interactive gaming. Smart home infrastructure employs node selection mechanisms to
choose the most appropriate node for offloading real-time video processing and analytics, en-
suring optimal performance and user experience. In such settings, smart TVs typically act as
end-user devices, while computational tasks may be dynamically offloaded to nearby edge re-
sources, such as home gateways, local micro-servers, or ISP edge nodes that provide additional
processing capacity. In addition, smart climate control systems in large-scale office buildings
use a network of sensors and actuators to maintain optimal temperature, humidity, and air qual-
ity. Such systems leverage EC to locally process data, enabling real-time decision-making while
ensuring a comfortable and energy-efficient environment. The climate control system selects the
most suitable node for data processing, analytics, and communication with weather forecasting
nodes in the smart city. The primary goal of node selection is to minimize decision-making
latency. In practice, selecting nodes with lower response times often indirectly contributes to

distributing workload across available nodes and maintaining reliable system operation.
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Smart healthcare systems deployed in large-scale hospital units support healthcare ser-
vices like remote patient monitoring, real-time diagnostics, and robotic-assisted surgery. Such
systems rely on nodes distributed across hospital units to locally process and analyze data, ensur-
ing low-latency and high-reliability services crucial for patient care (e.g., real-time monitoring,
treatment planning, coordinated care, and predictive analytics). The smart healthcare system se-
lects the most appropriate node for processing different types of medical data (e.g., vital signs),
processing medical imaging data, or supporting robotic surgery.

Moreover, autonomous vehicles are equipped with various sensors (e.g., LIDAR, cameras,
and radars) that generate massive amounts of data. Such data need to be processed in real-
time for tasks like object detection, obstacle avoidance, and lane-keeping. These vehicles rely
on a network of roadside nodes/units (RSU) that process real-time data, such as sensor inputs,
traffic conditions, and vehicle-to-vehicle (V2V) communications. The goal is to ensure safe,
efficient, and low-latency decision-making for tasks like navigation, collision avoidance, and

traffic management.

5.1.3 Node Selection Strategies

Node selection methods are essential and widely used across various applications beyond EC
to e.g., optimize resource allocation, enhance system performance, and improve efficiency. In
Wireless Sensor Networks (WSNs), such methods are introduced to select the most appropriate
cluster of sensor nodes for data aggregation [117]. In Peer-to-Peer (P2P) networking, node
selection methods are used for engaging the most appropriate peers for relatively fast and reliable
data transfer [[118]. Additionally, node selection methods in social networking are used for
influence maximization and community detection [119].

In the EC context, strategies for tackling the node selection problem can be broadly classi-
fied into the following categories: (i) heuristic methods [120], (ii) optimization-based methods
adopting evolutionary algorithms and linear and/or integer programming [121]], (ii1) supervised
learning methods [91], and (iv) reinforcement learning-based methods [97]. In our context, EC
deals with real-time applications like healthcare monitoring and industrial automation, where
prompt and accurate node selection is essential for timely processing and responses. In many
of these scenarios, applications can obtain feedback signals that provide insights into the state
(context) of each node, such as response time, computational load, and other relevant metrics.
Most of the node selection mechanisms found in the literature are designed for static environ-
ments. Such approaches typically rely on a fixed, predefined EC setup, employing methods like
heuristic and optimization algorithms to obtain static solutions or building predictive models

based on historical data, as seen in supervised learning approaches.
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In dynamic EC settings, where the context of edge nodes is time-varying due to changes in
workload, response time, connectivity, and resource availability, a node selection mechanism
based on real-time decision-making is deemed necessary along with incorporating immediate
feedback signals from the nodes to be taken into account in selection decisions.

Under this context, Multi-armed Bandits (MAB), introduced earlier in Chapter ] provide
a suitable framework for feedback-driven sequential decision-making in node selection prob-
lems. MAB addresses the trade-off between exploration and exploitation when selecting actions
(nodes) based on observed feedback signals [[101]. In this setting, actions correspond to selecting
candidate nodes, while rewards correspond to feedback signals derived from node observations
(e.g., contextual information such as node load or connectivity latency).

MAB algorithms have been applied in various domains including node selection in EC, web-
based recommendation systems, and online advertising [[103[]. Classical MAB formulations of-
ten assume stochastic environments where system performance follows an unknown probability
distribution [98]]. However, EC environments are frequently non-stochastic and dynamic. Node
performance may depend on recent workload conditions, connectivity variations, or unexpected
system events such as node failures or resource throttling [[122, |123]]. Therefore, node selection
mechanisms must adapt to contextual feedback and evolving system conditions.

In this chapter, we investigate the applicability of the MAB framework for node selection
in EC environments and study its behavior under challenging operational conditions where con-
textual feedback may be delayed or partially lost. Building on the ExpGradBand algorithm
introduced in Chapter 4, we evaluate its effectiveness and compare it with state-of-the-art bandit
algorithms for node selection under different feedback configurations.

The remainder of this chapter is organized as follows: Section provides an overview of
related work and reports on our contribution. In Section [5.3] we introduce the real-time node
selection as a bandit problem discussing different bandit algorithms. Based on our experimental
results, Sections and [5.5| present the application and evaluation of the previously introduced
Experts with Gradient Bandits (ExpGradBand) algorithm under different operational condi-
tions. Furthermore, we compare ExpGradBand with state-of-the-art bandit algorithms for node
selection found in the literature in different configurations including delayed and lost contextual
feedback. Finally, Section [5.6] concludes the chapter with future directions of research in this

area.
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5.2 Related Work & Contribution

While a broader discussion of node selection literature was provided in Chapter ] particularly
in Section [4.2] this section presents a concise summary of the most relevant approaches for the
purposes of this chapter. This section examines the main methodologies addressing the node
selection challenge in edge computing, encompassing heuristic, optimization-based, machine
learning, and reinforcement learning techniques as shown in Table [5.I] We recognise the lim-
itations of these approaches in dynamic settings and emphasise our contributions, focusing on

contextual data, immediate feedback, and expert-informed decision-making.

Table 5.1: Comparative Analysis of Node Selection Techniques in EC

Method Main Focus Technique Used | Key Differentiators
Heuristic Ap- || Static node se- | Greedy Assumes static
proaches lection strategies, environments, lacks
proximity-based | adaptability
selections
Optimization- | Optimize Mixed-integer NP-hard, requires
Based Meth- || capabilities programming, relaxations, focuses
ods and minimize | meta-heuristic on  computational
latency algorithms  like | constraints
GA, PSO, ACO
Machine Improve Supervised learn- | Requires historical
Learning latency and | ing, data parti- | data, not suited for
Models response time | tioning dynamic feedback
Reinforcement || Minimize Deep reinforce- | Trained on historical
Learning latency and | ment learning, | feedback, lacks im-
Techniques energy gradient policies, | mediate adaptability
decentralized RL
ExpGradBand || Dynamic EC | Contextual Uses real-time
(Our Ap- || environments | MAB contextual info and
proach) feedback, improves
decision accuracy
in dynamic envir-
onments

We summarize the contribution of this chapter: (i) Utilizing Contextual Information:
Our approach integrates contextual information from current and past nodes, facilitating better-
informed decision-making. This differs from previous MAB algorithms that often exclude past
and contextual information, therefore enhancing the precision of node selection. (ii) Immedi-
ate Feedback Integration via Expert Pool: We provide a feedback-driven method that uses
a group of experts to analyze instant feedback. This expert-driven technique guarantees fast

adaptability to evolving circumstances in the EC environment, making our solution more re-



5.3. BACKGROUND & PRELIMINARIES 70

sponsive than traditional MAB tactics. (iii) Comparative Performance Analysis: We provide
comprehensive comparison assessments of our methodology versus current MAB techniques,
demonstrating that our solution attains enhanced performance in dynamic EC situations. This

demonstrates the efficacy and usefulness of our methodology in real-world situations.

Notation || Definition
N Set of available nodes.
T Finite time horizon.
t Time instance, 7 € {1,2,...,T}.
A Node selected at time ¢.
Fit feedback of node n; € .4 at time ¢.
U; Cumulative reward up to time ¢.
Di Selection probability of node n;.
h; Preference score of node #;.
n Learning rate parameter.
Wi Weight assigned to node n; at time ¢.
Y Exploration—exploitation parameter.
%t System state at time ¢.
O1, 02 AR(2) coefficients for system state evolution.
& Noise term in the AR model.
R(T) Per-round regret after 7 rounds.
St Indicator variable: 1 if optimal node selected at round ¢, else 0.

Table 5.2: Notations of parameters

5.3 Background & Preliminaries

In this section, we present the essential concepts and formal definitions necessary for compre-
hending the node selection problem in edge computing. We present the multi-armed bandit
(MAB) framework as a reinforcement learning methodology to conceptualize the problem and
delineate essential components, including the system model, rewards, and feedback mechan-
isms. This context establishes the foundation for the suggested approach, which utilises contex-
tual feedback and adaptive modifications in adversarial settings.

The MAB problem is a single-state reinforcement learning problem where a fixed limited
set of resources must be allocated among competing choices to maximize the expected gain. In
our context of EC, the choices correspond to available nodes, where the node selection problem
can be viewed as a bandit game between a decision-maker (node selection algorithm) and the
environment. The environment captures the dynamic non-stochastic elements of the EC ecosys-
tem. Formally, let us consider a discrete time domain ¢ € {1,2,...,T} with finite horizon T > 0.

We assume an edge network of nodes represented by the graph ¢ (.47, &), where .4~ denotes
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the set of nodes (vertices), as defined in Table and & denotes the set of edges. Nodes n;
and n; directly communicate bilaterally if there exists an edge e;; = ej; € &. When a new task
is received from an EC application, then the node selection mechanism starts off to seek and
finally select the most suitable node to execute the task within the finite horizon 7.

The mechanism decides on selecting a node from .4 at time ¢ and receiving a reward (which
will be elaborated later). Let us define with r;, the reward of a node n; € .4 at time ¢. Let also
I; € ./ be the node selected by the mechanism at time 7. The objective of the mechanism is to
sequentially probe nodes’ signals from .4 at every time ¢ such that the cumulative reward U; up

to time ¢ is maximized over the selected nodes {/1,...,1},i.e.,

t
U; = max Z Lot (5.1)
=1

We then formulate the node selection problem as follows.

Problem 3. Consider a set of available nodes A and an incoming task in an EC environment.
At every time t, 1 <t < T with finite horizon T > 0, find the best node I, € N such that the
cumulative reward Uy defined in Equation is maximized.

It should be emphasized that, in our case, we make no statistical assumptions about the
nature of the node selection process generating the reward feedback signals {rl-,t}tT:1 from all
the nodes n; € .#". Rather than assuming a well-behaved stochastic process with a fixed but
unknown distribution, we consider that each node n; is assigned to an arbitrary and unknown
sequence of rewards, potentially dependent on past rewards. These rewards r;; < o are chosen
from a bounded real interval, which vary with each time step ¢. Each time ¢, a node /; is selected.
Then, the mechanism receives the corresponding reward 7y, ; from the sequence assigned to that
node.

In standard MAB settings like online news recommendation and advertising, feedback re-
ward signals like user clicks can be easily obtained. The rewards serve as a guide in the selec-
tion mechanism, enabling it to continuously improve its performance by prioritizing actions that
regularly provide higher rewards. Typically, rewards are assumed to be the binary feedback sig-
nals, e.g., r; € {0, 1} reflecting reactions obtained from the environment for failure or success,
respectively, given a chosen action. In our node selection problem, binary feedback is not prac-
tical. Instead, we should use continuous feedback values in the rewards. In general, feedback
can be e.g., heart-beat signals obtained from the nodes that can give the current state of the node
in the network. For instance, the reward can reflect the percentage of the offloaded tasks a node
is currently performing, or the percentage of CPU load, or the ratio of response time out of the
required time limit [[109, 110].
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In this work, we assume the feedback reward model using heart-beat signals as in [[124].
Our proposed method assumes that the nodes follow standard distributed system protocols and
communicate using heart-beat signals [109]. This heartbeat signal encodes the system state
as represented using performance measures load, number of active tasks, memory usage, etc.
Deviating from standard MAB formulations with binary feedback, our feedback rewards are
positive real values r, > 0. Moreover, as mentioned in Section [5.1] the system state evolves
sequentially which at any point in time might depend on the system state at immediate past
time. Such a sequential nature stipulates auto-regressive models to model feedback rewards [7,
125].

5.4 Bandit Mechanisms for Edge Node Selection

This section offers adaptations of multi-armed bandit (MAB) algorithms designed for node se-
lection challenges in edge computing contexts with non-stochastic feedback rewards, where
reward signals obtained from node observations (e.g., latency, load, or connectivity quality) are
not assumed to follow a stationary probabilistic distribution but instead depend on the current
system state and recent operational conditions. We concentrate on non-stochastic bandit mech-
anisms, encompassing adaptations of Thompson Sampling (TS), Gradient Bandits (GB), and the
Exponential-weight for Exploration and Exploitation (Exp3) method. Each method is examined
with its formulation, algorithmic specifics, and significance to the dynamic, feedback-oriented
characteristics of the challenge at hand.

We firstly propose extensions of standard MAB algorithms for our Problem [3] under non-
stochastic feedback rewards. As we focus on non-stochastic MABs, we exclude the extensions
of the popular stochastic algorithms like UCB and e-greedy proposed for node selection in EC
[98]]. Instead, we focus on probabilistic bandit algorithms in non-stochastic settings.

5.4.1 Node Selection with Thompson Sampling under non-binary Rewards

Thompson Sampling (TS) is a lightweight and relatively simple MAB algorithm based on the
Bayesian principle. TS manages the exploration-exploitation trade-off by maintaining a prob-
ability distribution for each node’s potential reward and then sampling from these distributions
to steer the decision-making. The prior distribution is continuously updated based on observed
rewards.

We leverage the randomized selection strategy used in TS adversarial environments [126].
Specifically, in our case, given that the rewards are positive real numbers, we follow the prin-
ciples of extending TS to accommodate non-negative rewards [7]. Therefore, we model the
rewards for each node using a log-normal distribution, since rewards are strictly positive and

their logarithmic transformation enables a Gaussian likelihood. This, in turn, allows the use
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of Gaussian-Gamma conjugate priors for tractable Bayesian updates of the mean and precision
parameters. For the conjugate priors of the mean and the precision (inverse of the variance)
of the underlying normal distribution, we define the following modeling distributions for the
reward:

\% 1 V;
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where 7; ; and U; , represent the estimated precision and mean sampled from Gamma and Gaussian

distributions after the observation of the rewards for the node n; at time ¢, respectively. Moreover,

v; represents the number of times the node n; is selected by the mechanism up to time ¢, while

o, B, and u are fixed known constants (elaborated later). In addition, the ‘logarithmized’ re-

ward u;; = In(r;,) derives from the reward r;; associated with node »; at time ¢. The term i,

corresponds then to the empirical mean of logarithmized rewards {u; 1,...,u;,} calculated up to

time 7. Hence, the sum of squared errors SSE in is defined as SSE = 22:1 (Ui — I/—t,'7k>2.
Given the prior mean vector U, = [l ,. .., uKJ]T and precision vectors T; = [Ty 4, ..., ’L'K7t]T

for all the nodes n; € .4/, all the rewards r, = [ru, ... ,rKJ]T in TS at time ¢ are sampled accord-

ing to:

£l 1,71~ LogNormal (i, /L) (5.4)

The TS mechanism for node selection Problem [3|is provided in Algorithm [6] At every time
t, the mechanism chooses the node I; with the highest posterior reward value for potentially ex-
ecuting the required task or service. The mechanism then retrieves the reward r;, ; of the chosen
node /; and updates the corresponding mean and precision values of its reward distribution ac-
cordingly. At the end of horizon T, the mechanism returns the best node maximizing (5.1)). The
values of the constants (a,8,ug) are set to (K, le — 3,0.05), respectively based on [125]. To
encourage initial exploration by optimistic initialization, the initial values of the mean are set to

log?2 and for precision to ().]ﬁ as suggested in [112,|125].

Algorithm 6: TS Mechanism for Node Selection
Parameters: Number of nodes K, horizon 7.
Initialize :p;; =1log2, 71 = 5ps.Vi=1,...,K.

1 forr=1,2,...,T do

2 sample node /; = argmax; LogNormal <,u P15 4 /%)
3 select node /; and observe node’s reward ry, ;
4 update node’s 77,41 and Hy ;41 Wt 1| and ll
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5.4.2 Node Selection with Gradient Bandits under non-binary Rewards

Gradient Bandit (GB) estimates the preference score of each node, which will influence the
selection, using feedback rewards [112]. Given the fact that the observed rewards of the cur-
rently selected nodes vary, then evidently, the corresponding preference score also varies. A GB
algorithm learns to prioritize nodes with increasing rewards over those with lower ones. This
prioritization is achieved by incrementally updating specific rules based on the observed rewards
and the present probability of choosing the selected node. The GB’s principle is that nodes with
higher preference scores have a higher probability of selection.

Recent studies have shown that GB algorithms are robust to noises while being able to find
a global optimal dynamic allocation strategy faster with constant learning rates [127]]. Further-
more, GB algorithms inherently guarantee “weak exploration” in which the chance of selecting
each node does not degrade too rapidly. This condition guarantees that all nodes are sampled in-
finitely often with probability 1 and, in situations where choices have to be made in a sequential
fashion, as in our context, GB algorithms are significantly efficient [128].

In our adoption of the GB sequential learning paradigm as a node selection mechanism, we
use the widely applied softmax function to ‘transform’ the preference scores into probabilities.
This guarantees that nodes with higher levels of preference have a greater chance of being selec-
ted while permitting the exploration of less preferred nodes. We introduce the GB mechanism in

Algorithm[7] As in TS, the GB mechanism input is the number of nodes K and time horizon T

The mechanism starts by initialising the preference vector h = [hy, ..., hk] and empirical reward
mean vector i = [iy,...,ig] to zero. At every time ¢, the mechanism estimates the probability
distribution p = [p1,..., pk| over the nodes using the preference score, which is transformed

to a probability (using softmax function over h). The mechanism randomly selects a node I;
following the estimated probability distribution p at time ¢. Then, the mechanism incrementally
updates the corresponding mean reward of the selected node along with the preference values of

the selected and non-selected nodes at time ¢ (lines 5-13) having learning rate n € (0, 1).

5.4.3 Node Selection with Exponential-weight for Exploration & Exploit-

ation

The MAB algorithm Exponential-weight for Exploration & Exploitation (Exp3) is proposed
to deal with scenarios in which the distribution of rewards is not fixed and might vary over
time [113, [114]. In our context, the node selection mechanism based on Exp3 keeps track
of the probability distribution of all nodes. This distribution is used for choosing the most
appropriate node at time ¢. The likelihood of choosing each node is adjusted according to the
rewards obtained from the selected nodes up to . Nodes with previous relatively high rewards

are assigned to higher weights influencing future selection decisions. The weight of each node
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Algorithm 7: GB Mechanism for Node Selection
Parameters: Number of nodes K, horizon T
Initialize :h;=0,i; =0

1 forr=1,2,....T do

____exphi; .
2 plyt——zéexphm,Vl—l...K

3 sample node I; ~ sample(p;)

4 select node /; and observe node’s reward ry,

5 v, < v, +1

6 | update mean reward i, = iij, + %(71, — i)
t

for node n; € .4 do

8 if n; = I, then

9 node n; is selected

10 update preference h;; = hj; + 1 (r;, —ig,) (1 — piys)
11 else

12 node n; is not selected

13 update preference h;; = hj; — 1 (r;, — i) pis

w; 1s updated depending on the observed reward r;, in an exponential manner with exponent y €
(0,1). The exponential weighting guarantees that it places a greater priority on nodes that have
been successful (w.r.t. high reward values) while still preserving a certain degree of exploration
in order to identify potential nodes in the future that may be of greater potential [[129].

The Exp3 mechanism for node selection is provided in Algorithm [8| At every time ¢, the
selection probability distribution p; = [p1y,...,pk,] is updated based on nodes’” weights. The
weight of the selected node I; depends on the current reward 7y, ; and the associated probability
of selection py, ;. For the rest of the nodes, which have not been updated, their weights are not

updated at time 7.

5.5 Node Selection based on Contextual Data

In practice, one could make use of the contextual data (side information) to improve the effi-
ciency of the bandit algorithm. Context data can improve the bandit algorithms as it provides
an easy way to obtain full information, with uncertainty, regarding the actions [101} 130]. De-
pending on the application settings, one could make use of different kinds of contextual data. In
the case of online advertisement, this can be the information associated with the customers and
ads. In the edge computing model, since the nodes only communicate with heartbeat signals,
we can consider the past heartbeat signals as the context data. The idea is to make use of the
past data to train a supervised oracle to predict the future values of the nodes. In the past expert
based MAB strategies are proposed that make use of historical data to train supervised oracles

that the decision-maker can rely on [113} |131]. So far, expert based algorithms are not tested
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Algorithm 8: Exp3 Mechanism for Node Selection
Parameters: Number of nodes K, horizon 7', exponent y
Initialize : K-dimensional weight vector w; =1

1 forr=1,2,...,T do

2 selection probability p;; = (1 —7) Z:‘szz + %,‘v’i =1,...,K
3 sample node I; ~ sample(p;)

4 select node /; and observe node’s reward 7y, ;

5 for node n; € . do

6 if n; = I, then

7 node n; is selected

po T

8 Fig Pit

9 else

10 node n; is not selected
11 Piy=0
12 exponential weight update w1 = w;;exp (%)

for node selection in edge computing. As expert-based algorithms have access to both current
and past values, one would expect it to perform better compared to non-expert-based MAB al-
gorithms. In this section, we propose an extension to the popular contextual algorithm, namely
Exponential-weight algorithm for Exploration and Exploitation using Expert advice (Exp4), for

node selection and propose a variant of the Gradient Bandits that makes use of contextual data.

5.5.1 Exponential-weight algorithm for Exploration and Exploitation us-

ing Expert advice (Exp4) for Node Selection

The pseudo-code for the Exp4 algorithm for node selection is given in Algorithm 9] The Exp4
algorithm works by combining advice from multiple experts. The algorithm starts by assigning
equal weights to all experts, assuming they are equally trustworthy. In each round, the experts
provide advice in the form of probability distributions over the nodes. The algorithm combines
this advice into a weighted probability distribution and chooses the node based on this combined
advice. The algorithm updates the weights of the experts after observing the rewards. Experts
who gave good advice (leading to high rewards) get their weights increased, while those who

suggested poor actions have their weights reduced [113]].
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Algorithm 9: Exp4 Algorithm for Node Selection
Parameters: Number of experts N, Number of nodes K, horizon T, exploration
parameter y € (0, 1]

Initialize :w;;=1fore;=1,...,N
1 forr=1,2,....T do
2 | Getexpert’s advice vectors {&!,...,EN}, each vector &; is a distribution over K
nodes
3 | fornoden;c .4 do
wi &l
|| = -nE g
5 sample node /; according to p;, and receive reward ry, ;

6 for node nj € .4 do

. . N 1(nj=1
7 Calculate unbiased estimator of reward, 7; ; = W
(- 5]
8 for expert e; € % do
9 Calculate estimated expected reward y; ; = &/ - 7
10 Update expert’s weight w; 1 = w;,exp (3:)

5.5.2 Experts with Gradient Bandit

This section examines how contextual data, including historical heartbeat signals, can improve
the efficacy of bandit algorithms in edge computing. We suggest enhancements to current con-
textual algorithms, including the Exponential-weight method for Exploration and Exploitation
utilising Expert advice (Exp4), and build on the variant of Gradient Bandit that integrates con-
textual information introduced in Chapter ] These strategies utilise historical data and expert
predictions to enhance decision-making and adaptation in dynamic contexts.

We build on the extension to the Gradient Bandits algorithm that incorporates contextual
data to enhance decision-making. Our approach revolves around decoupling the accuracy of
expert predictions from the performance of the nodes. To achieve this, we maintain two distinct
distributions: one over the experts and another over their predictions. We utilize a preference-
based probability distribution estimation technique for choosing the nodes, similar to the original
GradBand method. Meanwhile, the experts are weighted based on their prediction accuracy, al-
lowing us to give more importance to experts who have demonstrated better performance. As
in the Exp4 algorithm, we train supervised oracles to predict outcomes. However, instead of
selecting a node at random, we first sample an expert and then apply the GradBand algorithm
based on that expert’s advice. We refer to this method as Expert based Gradient Bandit (Exp-
GradBand), following its original introduction in Chapter @ The pseudo-code of the algorithm
is provided earlier in Algorithm 3]
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Table 5.3: Hyperparameters of the edge nodes

# (1)1 (Pz mean

1 0.25 025 | exp(1.50)
2 -0.45 025 | exp(0.50)
3 -0.35 040 |  exp(0.55)
4 0.25 030 | exp(0.75)
5 -0.25 030 | exp(0.25)

5.5.3 Experimental Results

In this section, we compare the performance of different algorithms for node selection problem.

To carry out experiments, we generate synthetic non-stochastic data. As we argued in the
introduction [5.1] a system state can be seen as a time series that depends on the immediate past
states. Hence we use a simple Autoregressive (AR) process to model the system state. An
Autoregressive (AR) model is a statistical model used for analyzing and forecasting time series
data. The core idea behind the autoregressive model is that the current value of a time series
depends linearly on its previous values (lags). This model assumes that past values of the series
hold important information about future behavior, so by looking at past observations, we can
predict future points. An AR model is mathematically represented as AR(q), where ¢ is the

number of lagged observations included in the model. Formally:

G=CctQu 1+ ®y 2+ O g T &, (3.5)

where z; is the current value of the time series and z;_1,7;_2,...24 are the g previous values
(lags). The constant term c is the intercept, and @1, @2, ..., 9, are the coefficients (weights) that
describe how much influence each lagged value has on the current value. & represents the error
term, which accounts for randomness or noise that is not explained by the past values. The
AR model is considered a linear regression model but applied to time series data, where the
predictors are the past values of the series itself. It is especially useful when the data shows
dependencies over time but does not have strong seasonal patterns or trends that require more
complex modeling. We assume that the future system state is linearly dependent on the two
immediately preceding states and thus use a simple AR(2) model.

We simulate a controlled setting involving five edge nodes and ten connected devices. This
experimental scale is appropriate for the purpose of this study, as it allows a clear and tractable
evaluation of the node selection mechanism and its response to dynamic heart-beat feedback.
At every time interval, the nodes send heart-beat signals that encode their current state. We
assume that these heart-beat signals encode the system state in such a way that higher values
correspond to more suitable nodes for selection. The different parameters for the nodes are
given in Table[5.3] Evaluating the effect of larger network scales, with more nodes and connected

devices, remains an important direction for future work.



5.5. NODE SELECTION BASED ON CONTEXTUAL DATA 79

In our experiments with contextual bandits, we use deep learning-based time series predict-
ors as experts. We used three different deep-learning models: (i) Feedforward Neural Network

(ii) Recurrent Neural Network and (iii) Long Short- Term Memory Network.

Feed Forward Network A Feedforward Neural Network (FNN) is the simplest form of neural
network used for time series prediction. It is a uni-direction network where the data is passed
from input nodes, through hidden layers, to output nodes—without looping back. FNN can be
used as an autoregressive model by predicting the next value in a sequence based on previous
inputs. In this setup, the FNN takes a fixed-length window of past values from a time series
as inputs and outputs the next predicted value in the sequence. In our experiments, we set the

window size to 16 and two hidden layers.

Recurrent Neural Network Recurrent Neural Networks (RNNs) are designed to model se-
quential data by capturing temporal dependencies. Unlike feedforward networks, RNNs have
connections that allow information to persist by using loops, enabling them to maintain a hidden
state that can process inputs over time. This makes RNNs particularly well-suited for tasks in-
volving time series, where the order and context of input data are important. In our experiments,

we used the same model configuration as in the case of FNN.

Long Short-Term Memory Long Short-Term Memory (LSTM) is a type of RNN designed
to capture long-term dependencies in sequential data by using memory cells to retain important
information over time. We used LSTM as an autoregressive model to predict the next value in
the time series by learning patterns from previous data points. In this setup, the LSTM processes
a series step-by-step, using its memory cells to track and store relevant past information while
forgetting irrelevant details. At each time step, it predicts the next value in the sequence, and this
prediction can be fed back into the model as input for future predictions. This autoregressive
approach allows LSTMs to be highly effective in time series forecasting, speech generation,
and text generation, where capturing both short- and long-term dependencies is crucial. In our

experiments, we used the same model configuration as in the case of FNN.

5.5.4 Protocol & Metrics

We generate a data stream corresponding to two hours of operation with heartbeat signals sent
every second. We use the first hour of data to train experts, and the last hour of data is used to
compare the performance of all algorithms. The performance of different algorithms is evaluated
using the per-round regret. Formally, regret is defined as the loss suffered by the algorithm
relative to the optimal strategy. After 7' rounds, the per-round regret of an algorithm is defined

as: T
_ T— Zz:l St

R(T) =

(5.6)
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where s; is the binary variable which is equal to one if the optimal node is selected at round ¢
and zero otherwise. The hyper-parameters used in the experiments for all algorithms are given
in Table

Table 5.4: Hyperparameters of different algorithms

GradBand | Exp3 Exp4 ExpGradBand
a=0.01 | y=0.01 Y=0.01,71 =0.01 a=0.01,1=0.01

5.5.5 Experimental Evaluation under Delayed Feedback

In EC environments, the feedback might not be processed immediately due to various runtime
constraints. In the delayed feedback experiments, we try to quantify the impact of this delay
through simulations. The feedback is received only after a fixed time unit and this delay is
applied consistently across all evaluated algorithms. The per-round regret for a delay of five
time units is illustrated in Figure

The efficiency of algorithms designed for dynamic and hostile contexts, like those in edge
computing, is significantly impacted by the amount of tardy feedback. ExpGradBand is vul-
nerable to issues highlighted by Figures and[5.2] which show the influence of delayed input
on various algorithms. Figure illustrates the performance of several bandit algorithms, in-
cluding the newly suggested ExpGradBand, across many rounds in terms of cumulative regret
per round. GradBand demonstrates a constant, gradual decrease in cumulative regret over time,
while ExpGradBand, which depends on immediate feedback, has more pronounced issues. The
detrimental effect of postponed feedback on ExpGradBand is evident, as it consistently under-
performs GradBand even after several iterations. ExpGradBand, which relies on timely feedback
for adaptive modifications, has a drawback when feedback arrives late, resulting in increased cu-
mulative regret.

Figure[5.2]offers a complementary perspective by showing how the cumulative regret changes
with different levels of delayed feedback. Unlike Figure[5.1] where the delay is fixed and the cu-
mulative regret is observed over the rounds, here we vary the number of consecutively delayed
feedback observations and report the corresponding cumulative regret. In this instance, Ex-
pGradBand is substantially more impacted by delayed feedback compared to GradBand and
Thompson Sampling. ExpGradBand’s efficiency suffers from the unpredictability and latency
of postponed feedback, in contrast to GradBand, which maintains a more constant and smaller
cumulative regret. Both Figures [5.1] and [5.2] show how decisions are sometimes taken without
immediate feedback due to these postponements. When weighed against GradBand in situations
with delayed input, ExpGradBand regularly performs worse, highlighting this weakness in both

its initial and long-term performance.
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Figure 5.1: Per-round Regret when five consecutive feedback signals are delayed.
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Figure 5.2: Regret as a function of delayed feedback.

5.5.6 Experimental Evaluation under Lost Feedback

In this setup, we simulate the setting where the feedback signals are lost. We plot the per-round
regret of different algorithms for a setting where five consecutive feedback signals are lost after
every five time intervals in Figure[5.3]

Algorithm performance is severely affected by missing feedback; feedback signals are cru-
cial for fine-tuning methods and achieving better results over time. Lack of input makes it harder
for algorithms to fine-tune their performance, which in turn leads to less-than-ideal outcomes.

The offered figures aid in demonstrating the significance of missing feedback and its effects
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on various algorithms, ExpGradBand included. Figure [5.3]illustrates cumulative regret among
algorithms, offering a comprehensive perspective on their overall performance in the context of
feedback loss. It displays the cumulative regret per round for several bandit algorithms, such
as ExpGradBand, GradBand, and Thompson Sampling, over a significant number of rounds.
ExpGradBand is especially vulnerable in the early phases when input is absent. In the first 700
iterations, ExpGradBand has difficulties in matching the performance of GradBand. This period
of fragility and subsequent recovery demonstrates the robustness of ExpGradBand, especially its
capacity to ultimately surpass competing algorithms despite initial challenges. After about 700
iterations, ExpGradBand surpasses the other algorithms, including GradBand, suggesting that it
finally learns and utilizes its dynamic modification skills more efficiently. The current phase of
recuperation demonstrates the capability of ExpGradBand to thrive in difficult circumstances,

as long as it has the time to adjust.
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Figure 5.3: Per-round Regret when five consecutive feedback signals are lost.

Figure 5.4 offers a more in-depth examination of the initial rounds, where the effect of non-
existent feedback is most evident. ExpGradBand has an excellent start, as seen by its initial per-
formance, which is superior to that of both GradBand and Thompson Sampling from the begin-
ning. GradBand, on the other hand, surpasses ExpGradBand as the rounds proceed. Thompson
Sampling tends to exhibit the highest cumulative regret across most of the examined settings,
although its performance becomes closer to the other methods at higher levels of lost feedback.
Despite originally being in the lead, ExpGradBand soon encountered difficulties but was still
able to perform effectively. The resilience exhibited by ExpGradBand in response to feedback
variability highlights its strength and the efficacy of its adaptive mechanisms, which may be es-

sential for implementation in settings where feedback consistency is not assured. In conclusion,
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the absence of feedback is a substantial difficulty in dynamic scenarios such as edge computing,
especially for algorithms that rely on real-time input. These statistics emphasize both the early-
stage weaknesses of the algorithm as well as its potential for recovery and adaptability as time

goes on.
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Figure 5.4: Regret as a function of lost feedback.

5.6 Conclusions

Using the Multi-Armed Bandit (MAB) online learning paradigm, we provide an enhanced
decision-making approach for node selection in Edge Computing. We introduce ExpGradBand,
which dynamically balances exploration and exploitation in order to optimize node selection.
ExpGradBand performs much better than other MAB approaches and baseline solutions in terms
of efficiency and resource utilization, as shown by the results of our experiments. In addition,
the ExpGradBand model is advantageous for deployment in edge nodes since it is capable of
achieving the maximum reward values while incurring the least amount of processing overhead.
Our research agenda includes studies on how ExpGradBand is affected by the peculiarities of
mobile applications and timeliness of data, with the end goal of developing improved node se-

lection mechanisms in mobile computing environments that take into account these aspects.



Chapter 6

Thompson Sampling-based Recursive
Block Elimination for Dynamic
Assignment under Limited Budget in

Pure-Exploration

6.1 Introduction

It is common for online business providers to market different variants of an entity. Here, the
term ‘entity’ is used in a very generic sense, referring to any application-specific object such as a
service, product, or even a machine learning model. Instances of such online business practices
can be observed in various domains, including logistics, mobility management, e-commerce,
and big-data management systems, among many others. In logistics, it is very common for
users to choose from different delivery services for the same source-destination pair. For ex-
ample, DHL provides express and economy services, while UPS offers standard and express
services. Mobility management service providers like Bolt, Lyft, etc., allow customers to select
from different variants of ride services, such as standard or shared. Similarly, in e-commerce,
it is common to find different variants of the same product available for purchase, such as a
pack of five or ten chocolate bars. Many standard problems that arise in data management and
machine learning systems can also be interpreted through the same lens, namely, as the selec-
tion of the most suitable variant among multiple alternatives under resource and performance
constraints. In Federated Learning (FL), pruning techniques are used to compress global pre-
dictive models for different compression (pruning) ratios. These compressed models are then
distributed among edge nodes (e.g., end-user devices) [[132] for different prediction tasks. These
compressed models can be considered as variants of the global model. Another closely related
problem is finding the optimal hyperparameters of a machine learning model during the training

phase, as introduced in [133]].

84
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A recurring problem across these aforementioned application domains is the challenge of
finding the optimal values to be assigned to different services/products to maximize expected
rewards or revenues. In logistics operations, including mobility management and e-commerce,
this problem is akin to determining the optimal prices for different variants of services (e.g.,
standard vs. express) to maximize revenue. In the case of FL pruning problem, the optimal
pruning ratio varies for different nodes due to the heterogeneity of the edge nodes and network
infrastructure. The objective here is to find pruning ratios that minimize communication and
computational costs [132]. The primary challenge in these problem settings is that the demand
curve for services and products or the data distribution at the networked nodes is not known to the
decision-maker (algorithm) in advance. Nonetheless, the decision-maker has the flexibility of
continuously changing the assigned values (e.g., pruning ratios or prices) and often randomizing
those changes to ‘learn’ the optimal values. Historically, multi-armed bandit (MAB) algorithms
have been employed to learn optimal assignment values adaptively. In practical settings like
logistics and e-commerce, price experiments are conducted using the principle of “learn, then
earn” to estimate optimal prices. In contrast, MAB algorithms provide the flexibility of “learn-
while-earn” [[134]], which enables faster data-driven decision-making and enhances the overall
experimental design. MAB-based adaptive learning algorithms have been proposed for dynamic
pricing [134+137]], as well as for determining optimal pruning ratios in federated learning [|132].

A Multi-armed bandit (MAB) is a feedback-driven sequential learning framework that mod-
els the trade-off between exploration and exploitation over a sequence of actions [100, 101].
In the MAB framework, the decision-maker sequentially explores the set of actions to find the
action with the optimal reward. In the past, MAB-based algorithms have been employed in
web-based news recommendation systems [[102] and online advertising [138]. In the classical
stochastic reward MAB model, the focus is on the exploration-exploitation trade-off. This in-
volves exploring the action space to estimate rewards and exploiting the most rewarding actions
from the explored set to minimize cumulative regret. In this work, we consider the problem of
optimal dynamic assignments in pure-exploration settings. Unlike in classical settings, in the
pure-exploration setting, there is no explicit trade-off between exploration and exploitation. In
the pure-exploration setting we consider, the goal is to find the best-performing action within a
given fixed but limited budget 7. That is, after exploring the actions for a relatively small num-
ber of rounds, often much smaller than the number of actions &, the decision-maker recommends
an action that it considers the best one. Importantly, this recommended action need not be the
same as the action played at the end of the exploration. Next, we argue that the pure-exploration
setting aligns closely with the problem settings we discussed above.

It has been established that online prices do not change frequently and exhibit relatively
long spells of fixed prices [[139]]. Moreover, the majority of online users are price-sensitive [[140,
141]; consequently, evaluating revenues is costly due to the high sensitivity of users to price

changes: lower prices may result in losses, while higher prices could lead to non-purchases.
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The same cost considerations also arise in computational settings such as federated learning,
where different pruning ratios correspond to different variants of the global model. In such
scenarios, computational and communication costs directly impact the performance of down-
stream application systems. Consequently, evaluating the computational and communication
costs for every possible pruning ratio combination becomes infeasible and may even lead to
operational failures [[132]. Therefore, to avoid such shortcomings, a strategy that explores the
action space for a fixed but limited budget, while estimating optimal values such as pruning ra-
tios or prices, is deemed appropriate. In this context, instead of framing the dynamic assignment
as an exploration-exploitation trade-off, one can explore the actions exhaustively within the con-
straints of the given budget to adaptively learn the demand curve or data distribution and then
exploit the most promising action based on the acquired knowledge. In the problems discussed
above, the budget is limited, and refers to the number of users exposed to a particular price or
the number of pruning ratio combinations attempted. These quantities are directly linked to T,
the number of trials (rounds) in the MAB framework, as the number of users or pruning ratio
combinations can be adjusted by setting 7. In summary, MAB in pure-exploration provides
the advantage of the “learn-while-earn” paradigm, allowing the identification of optimal prun-
ing/price regions dynamically while respecting the budget constraints.

The three main characteristics of the problems we study here are:

* The action space is infinite, as actions correspond to assignment values spanning a given

range (e.g., pruning ratios in the range (0,1))

* The reward shows structural properties, based on the observation that similar actions result
in similar rewards. This is assumed in various problems, including continuous Multi-
Armed Bandits (MABs) [142].

e The budget is limited, meaning the number of rounds 7" is much smaller than the number
of candidate actions k that would arise from discretizing the continuous action space. This
constraint is crucial, as the number of possible actions is prohibitively large to evaluate

even a representative subset within the available budget.

It is already established that classical Multi-Armed Bandit (MAB) algorithms may per-
form poorly when applied in pure-exploration settings [143]. Pure-exploration algorithms have
been historically employed for best-arm identification [143-146] and outlier detection prob-
lems [[147-149]]. However, applying such algorithms directly to dynamic assignment problems
with a limited budget is challenging, as they require testing all action combinations at least
once. Moreover, these algorithms assume a finite and relatively small action space [[144, 146~
149]. Most infinite or continuous-armed bandit algorithms leverage the structural properties
of the action space (e.g., Lipschitz property) and discretize the action space to derive efficient

algorithms [150} [151]. Unfortunately, these algorithms, often based on the popular Upper Con-
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fidence Bound (UCB) algorithm [152], also require sampling each discretized action at least
once. Given the impracticality of evaluating revenues or estimating network costs by enumerat-
ing all combinations, and considering the high cost associated with these evaluations, sampling
all actions even once becomes unfeasible.

A possible workaround is to use coarse-grained discretization to limit the number of ac-
tions. However, such an approach might result in the optimal action or nearly optimal action to
be excluded from the discretized action set. An orthogonal approach relies on action elimina-
tion, where potentially sub-optimal actions are removed during exploration based on an estim-
ated confidence value (146, 153 154]. To the best of our knowledge, all the elimination-based
Multi-Armed Bandit (MAB) algorithms proposed in the literature so far either require sampling
each action at least once [153, |154] or involve sampling only a representative action, such as
the most densely connected one [146]. In this chapter, we contribute a novel block elimination
MAB algorithm. Our approach is distinct from previous elimination-based pure-exploration
algorithms, as the decision-maker recursively eliminates blocks of actions by estimating a con-
fidence score over the blocks. Our algorithms are based on Thompson Sampling, a simple yet
competitive heuristic for Multi-Armed bandit problems with a provable optimality guarantee
[155H157]]. Traditionally, Thompson Sampling has been used in classical settings, with the top-
two sampling version of Thompson Sampling often employed in pure-exploration settings [158|,
159]]. In addition to the vanilla Thompson Sampling-based schemes, we also propose top-two
variants of the block elimination strategy we develop. Unlike previous approaches, our mech-
anism does not necessitate sampling all actions before deciding whether an action should be
eliminated or not. This enhances the feasibility and applicability of our algorithm in dynamic
assignment problems with limited budgets. Additionally, all the pure-exploration Thompson
Sampling based schemes are designed for fixed-confidence pure-exploration problem (ref Sec-
tion[6.2)) [I58H160], and their empirical analysis has been limited to binary rewards. We extend
Thompson Sampling for fixed-budget pure-exploration with non-binary rewards.

The remainder of this chapter is organized as follows: Section [6.2] provides an overview of
related work and discusses our contributions. This section covers past work on infinite or con-
tinuous Multi-Armed Bandits (MABs), structured bandits, pure-exploration MAB algorithms,
and MAB algorithms for finding optimal pruning ratios and dynamic pricing. Section |6.3|elab-
orates on the proposed recursive block elimination algorithm, discussing different confidence
score estimation techniques. We also introduce the top-two variants of our proposed algorithm.
Section[6.4]reports on our experimental results based on two different dynamic assignment prob-
lems: dynamic pricing in logistics and dynamic pruning in FL. We also conduct a sensitivity

analysis of the proposed algorithms. Finally, Section[6.5|concludes this chapter.
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6.2 Related Work

In this section, we discuss studies related to different aspects of the problem and the application

settings we consider in this chapter.

Structured MAB with Infinite Arms Many algorithms for continuous-armed (infinite arms)
bandits have been proposed in the past. Multi-Armed Bandit (MAB) problems become challen-
ging when the arm set is very large or infinite. However, in such scenarios, the expected rewards
often exhibit structural properties that we can exploit when designing efficient algorithms. Many
such algorithms assume that the reward function is Lipschitz continuous. In [150], the authors
proposed a Lipschitz bandit algorithm that discretizes the continuous space and uses a UCB-
based algorithm. However, this approach is not feasible in our case, as discretization may still
result in many arms compared to the budget. Another variant of the proposed algorithm makes
use of adaptive discretization, gradually zooming in on the more promising regions of the action
space. Unfortunately, that algorithm also requires sampling every action at least once. In [161]],
continuous-armed bandits in a one-dimensional metric space were considered, whereas [162]]
considered continuous-armed bandits in generic metric spaces, assuming that the mean-payoff
function is a Lipschitz function with respect to some dissimilarity measure defined in the space.
The proposed “zooming” algorithm achieves essentially the best possible regret bound in a min-
imax sense with respect to the environments studied. Inspired by the zooming algorithm, [151]
adopted it to non-stochastic bandit settings where the rewards are assumed to be generated by an
oblivious adversarial environment. Algorithms based on tree partitions were also proposed for
problems with infinite arms. [142] proposed a tree-based optimization algorithm that recursively
partitions the space. While this work is similar to ours, there are significant differences. The
above works do not clearly mention how the action space is discretized to sample the actions.
Moreover, these works consider bandits in the exploration-exploitation setting rather than the
pure-exploration setting. Most crucially, these algorithms do not eliminate suboptimal blocks

from future exploration.

Pure-Exploration Algorithms In the last decade, numerous algorithms for pure-exploration
bandits have been proposed. The majority of these algorithms are based on the popular UCB
algorithm [[152]. The pure-exploration bandit problem is studied from two standpoints: (i) fixed-
confidence settings and (ii) fixed-budget settings.

In the fixed-confidence setting, the objective is to minimize the number of rounds to find the
action with the given probability confidence with respect to the best action. In the fixed-budget
setting, the goal is to find the best action using, at most, the given number of rounds. Fixed-
confidence algorithms optimize the budget for a given confidence level, whereas fixed-budget
algorithms focus on minimizing the number of trials needed to achieve a fixed confidence level.

The general consensus is that the fixed-budget setting problem is significantly harder [163]].



6.2. RELATED WORK 89

Since our work is in the fixed budget setting, we will discuss literature pertaining to fixed-
budget pure-exploration bandit algorithms only. Interested readers can refer to [144} 145] 147,
154,163 and the references therein for a detailed overview of fixed-confidence pure-exploration
algorithms.

It has already been shown that elimination-based algorithms are better suited in fixed-budget
settings as they can find the optimal actions provably [163]]. The crux of any elimination-based
algorithm is to iteratively eliminate suboptimal actions from the action set until a unique action
or near-optimal action is left.

In the classical paper [144]], the authors proposed the successive reject algorithm. The al-
gorithm divides the trial budget into k — 1 elimination phases and successively removes the arm
with the lowest empirical mean at the end of each phase. One of the main drawbacks of this
algorithm is that it requires every action to be sampled at least once and thus cannot be used
in a situation where the action set is very large compared to the budget. Another main draw-
back is that the successive rejection algorithm requires prior knowledge of a problem-dependent
parameter.

Sequential Halving (SH) [153] algorithm is similar to the successive reject algorithm. Like
in the successive reject case, in SH, the given budget is split evenly across log, T elimination
phases where T is the budget. Within each round, actions are sampled uniformly to update the
empirical mean values. At the end of the elimination round, the worst-performing half of the
actions, in terms of empirical mean, are eliminated. Like in the successive reject algorithm, SH
requires every action to be sampled at least once and thus cannot be used when the action set is
larger than the budget.

In [146], authors propose a block elimination-based algorithm named Sequential Block
Elimination (SBE). The algorithm also splits the budget evenly across the elimination phase,
and in each elimination phase, instead of a single action, a block of action is removed. The
algorithm is based on using the side information of the actions. The side information is util-
ized by forming action blocks and sampling the central action in each round. This is based on
the assumption that the central arm is the most connected action in each block. At the end of
each elimination phase, the worst-performing block, in terms of the empirical mean reward of
the central action, is removed. The important thing to keep in mind is that this algorithm uses
block elimination, but it plays only the central action from each block and makes the elimination
decision based on the mean reward of this action.

Recently, the authors in [164] proposed the variance-based rejects (VBR) algorithm. The
algorithm is similar to the successive reject and sequential halving algorithm. The algorithm
proceeds in phases, and in each phase, all the non-eliminated actions are sampled for a fixed
number of rounds to estimate the corresponding empirical mean reward and standard deviation.

The main difference between VBR and other algorithms is that the elimination criterion is based
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on a confidence score on the empirical mean rewards, not solely on the empirical mean reward.
All the actions whose upper bound is lower than the current maximal lower bound are eliminated
after each elimination phase. This algorithm also cannot be scaled into the problem settings

where the action set is much larger than the budget.

Bandits for Dynamic Assignment Problems The majority of the previous work in the dy-
namic assignment is restricted to the dynamic pricing problem due to its application in e-
commerce. In dynamic pricing, a company is trying to automatically optimize the prices of
some services/products to maximize revenue. The user arrives sequentially, and the decision-
maker sets the price. The user will only purchase the product if the price is lower than their
intrinsic valuation. The decision-maker will never observe the true valuation of the product, but
only the revenue from the set price.

Thompson sampling is a simple yet efficient heuristic based on randomly sampling actions
according to its success probability of being optimal. Recent studies showed that Thompson
sampling can significantly outperform UCB-style algorithms in the classical MAB settings [[155,
157]. In the past, top-two variants of the Thompson sampling algorithm were proposed for dy-
namic allocation in pure-exploration settings [[158, [159]]. These variants will also be considered
later in this chapter. These algorithms are not elimination based, and at each round, the al-
gorithm has to choose an action from the entire action set, irrespective of the suboptimality of
many actions.

In [[134], authors proposed a UCB-inspired dynamic pricing algorithm. Like in the UCB
algorithm, the proposed algorithm starts by sampling all the price points to construct partial
demand information for different prices. This demand is used to select the next price point to
sample. Since this algorithm is a UCB-style algorithm, it can not be used in our settings due
to the reasons outlined earlier. [135]] proposed a linear contextual bandit algorithm. The work
considers dynamic pricing when the number of products is too large to be handled by standard
bandit algorithms. They consider slightly different settings where the product demands are
assumed to follow a linear model where the time-varying dynamics of the price-demand relation
are captured using a positive semi-definite matrix. The setting is very different from what we
consider in this chapter. The algorithm is specifically designed for the exploration-exploitation
trade-off with the assumption that the underlying model evolves over time. This algorithm also
requires all price points to be sampled at least once. Recently, many contextual dynamic pricing
algorithms have been proposed. [1635]] proposed an extension to the famous EXP4 algorithm
[113]]. In [166], authors extended the UCB algorithm to consider context information. The

algorithm assumes the user’s valuation to be a linear function of the contexts and carries out
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exploration to estimate the parameters to employ UCB-style price recommendations. Both these
approaches make use of context information and are designed for the case when the action set
is smaller compared to the budget constraint. In this work, we consider the settings when the

budget is very limited, and the number of actions is large.

Contributions: Our main technical contributions are:

B We propose a recursive block elimination method that utilizes Thompson Sampling to
address dynamic assignment problems. This approach incorporates a confidence-score-
based elimination strategy to improve the decision-making accuracy. Furthermore, we
explore an extension of this method by integrating a top-two sampling strategy. This ex-

tension aims to further improve efficiency by leveraging additional probabilistic insights.

B Our proposed method extends Thompson Sampling to fixed-budget pure-exploration, in
contrast to the more common fixed-confidence pure-exploration framework (ref Section[6.2).
Additionally, departing from conventional binary reward settings used in Thompson Sampling,
we extend Thompson Sampling to non-binary reward values. This is significant because,
in practical dynamic assignment problems, rewards such as revenue or computational gain
are naturally real-valued rather than binary, and preserving this richer feedback enables
more informative learning and finer discrimination between competing actions under lim-
ited budgets.

B We introduce two distinct techniques for estimating confidence scores, drawing inspiration
from popular confidence estimation schemes widely used in MAB literature. These meth-
ods adapt classical approaches to provide a more precise measurement of uncertainty in
each round of decision making, catering specifically to the dynamic and stochastic nature

of the environments.

B Through comprehensive experiments conducted on two distinct problem settings (dy-
namic pricing and dynamic pruning), we substantiate the superior performance of our

algorithm compared to state-of-the-art algorithms found in the literature.
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6.3 Thompson Sampling based Recursive Block Elimination

Framework

6.3.1 Preliminaries

Notations Throughout this chapter, we use bold lowercase letters to denote vectors; for ex-
ample, 1 represents the mean vector. The individual elements within these vectors are indicated
using indexed regular font. For instance, y; refers to the i’ element of the mean vector u. We
use calligraphic letters to represent sets, such as A, representing the set of actions. Addition-
ally, superscripts are employed to denote time rounds, allowing for temporal tracking of values.
For example pu' and p/ specifically refer to the values of u and its i"" element at the ' round,

respectively.

Background & Definitions A stochastic Multi-Armed Bandit (MAB) problem is character-
ized by the number of actions k, the budget or number of rounds 7', and k probability distributions
Vi,...,V; associated with the actions &/ = 1,... k. These distributions, representing the un-
known reward probabilities, are undisclosed to the decision-maker. At eachroundt =1,...,T,
the decision-maker selects an action /; from the action set </ and receives a reward z;, drawn
from the probability distribution linked to action /;. It should be noted that the received reward
is independent of past actions and observations. The consideration here is in the context of
the general pure-exploration setting, as introduced in [133]. In this setting, after each round
t, the decision-maker commits to an action denoted as J;, which minimizes the expected loss
(maximizes expected reward) with maximal confidence. It is essential to note that, although the
decision-maker observes the reward for the action /; played in round ¢, the evaluation is solely
based on the recommendation J;, distinguishing it from the classical MAB setting.

In the pure-exploration setting, the metric known as simple regret is employed as the loss
measure. Simple regret is calculated as the difference between the mean reward of the optimal
action and the mean reward of the recommended action. Let py,..., U, represent the means of
the respective distributions vi,..., V¢, where i* = argmax; ,, it; and u* = ;. The simple regret
for the decision-maker at round ¢ is defined as r; = u* — ;. It is important to note that the
simple regret is closely related to the misidentification probability, which signifies the probab-
ility that the recommendation is not optimal, denoted as P(J; # i*). An insightful observation
from [144]] establishes that the misidentification probability serves as an upper bound for the ex-
pected simple regret, i.e., E[r;] < P(J; # i*). This pivotal result holds true across a spectrum of
scenarios where the rewards are bounded, irrespective of their values, provided that appropriate
adjustments are made for the range and scale of these rewards. Moreover, this relationship un-
derscores the significance of the misidentification probability in understanding the performance

of the decision-maker in the pure-exploration context.
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In the fixed budget pure-exploration setting, the decision-maker operates within a given
budget of T rounds. The primary objective is to maximize the probability of correctly identi-
fying the optimal action within these 7 rounds, effectively minimizing the misidentification
probability. Notably, in situations characterized by a limited budget, the number of available
actions (k) is often substantially larger than the allocated budget, i.e., k > T. This discrepancy
is particularly evident in our specific applications, where the number of pruning ratios and price
combinations far exceeds the available budgeted rounds (7). The ultimate goal is to determine
the action (such as pruning ratio or price) that maximizes the reward while adhering to the con-
straints of the fixed budget of T rounds. In the context of dynamic pruning, the reward is gauged
in terms of computational and communication gains, while in dynamic pricing, the focus shifts
to revenue optimization.

We assume smooth reward functions, specifically Lipschitz continuous functions, following
the approach in [[150, 151, 162]]. Accordingly, our problem can be framed as a Lipschitz bandit
problem within an /-dimensional metric space, where the metric is induced by the Lipschitz
condition [162]. In this context, 2 represents the /-dimensional metric space of actions, char-
acterized by an unknown reward function satisfying the Lipschitz condition. In each round of
the bandit process, the decision-maker selects an action (point) denoted as x € 2~ and receives
a reward from the associated reward distribution linked to x. The overarching objective is to
identify the action with the highest expected reward. Importantly, in the application settings
under consideration, the parameter / corresponds to the number of variants or distinct features

of the products or services.

Remark 1. We acknowledge that assuming Lipschitz continuity may seem like a strong condi-
tion. However, it is important to note that, to our limited knowledge, all works on continuous-
armed bandits depend on some form of smoothness and boundedness assumptions. It should
also be noted that Lipschitz continuity is a weaker assumption compared to continuous differ-
entiability or convexity. Specifically, in our cases, if the clusters are predefined, local Lipschitz

continuity should be sufficient.

Thompson Sampling is a Bayesian heuristic for solving multi-armed bandit problems. At
each time step, the decision-maker employs Thompson Sampling by sampling the parameters
of the reward distribution from a specified prior distribution. The chosen action is then determ-
ined based on the posterior probability of being the optimal action. In the specific scenario of
Bernoulli-distributed binary rewards, Thompson Sampling has demonstrated superior perform-
ance compared to UCB-based algorithms, even when there is a mismatch with the prior (it is
noteworthy that the conjugate prior of the Bernoulli distribution is the Beta distribution). In our
case, given that the rewards are positive real numbers, we adopt a Normal-Gamma prior distri-
bution to model the mean and precision (the inverse of variance) of these rewards. Consequently,
the posterior distribution of the non-negative rewards, given the observed data, follows a log-

normal distribution.
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Atround ¢, precision (/) and mean (u/) of the action i is sampled from Gamma and Normal

priors, respectively, as follows:
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In the expressions provided in Equation (6.1)), &, B, and & are fixed constants. The variable nﬁ
represents the number of times the action i is selected up to round 7. Additionally, y; = In(zy,),
where z;, denotes the reward associated with the action played at round ¢, I;. The term yj,
corresponds to the empirical mean of y; calculated over the rounds up to round ¢. The sum
of squared errors for an action i, denoted as SSE, is defined as the summation of the squared

differences between y; and the empirical mean y;. Mathematically, this is expressed as follows:
3 2
SSE(i) = Y (yi—3)°[la == 1]
a=1

Given the prior mean (') and precision (7") vectors, the rewards are sampled according to:

1
z, |y, 7" ~ LogNormal <,u’, \/ ;) : (6.2)

It should be noted that we use z;,z; to indicate the actual observed reward and the sampled

reward from the posterior distribution for action i, respectively.

6.3.2 Block Elimination Mechanism

Our pure-exploration Multi-Armed Bandit (MAB) algorithm is based on the sequential elimin-
ation of actions. The algorithm begins by discretizing the continuous action space, a common
practice in Lipschitz bandits to apply stochastic MAB algorithms like UCB [ 150, 151]]. Previous
methods for finding optimal pruning ratios [132] and dynamic pricing [[134] have also adopted
discretized action sets. The granularity of the discretization is a key factor that controls the num-
ber of final actions to be sampled. Since our method does not require all actions to be sampled,
we propose a fine-grained discretization. In our cases, we discretize all different ratio/price val-
ues independently into equal numbers so that they can be clustered (creating blocks of actions)
in subsequent steps. As in other elimination-based approaches [146, 153, [164]], our algorithm
runs in phases. The pseudo-code for our proposed block-elimination approach is given in Al-
gorithm The algorithm takes as input the action space (Z°), budget (), the number of

rounds in each phase (k) and the number of clusters c. In each phase, we sample the actions for
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K rounds to collect the rewards associated with those actions. After the end of every phase (k
rounds), the algorithm calculates the confidence scores and eliminates action blocks based on
these scores. The exact details of how block confidence scores and rewards for the non-played
actions are calculated are given in the following sections.

In parallel with block elimination, our method introduces a ’zooming’ mechanism that re-
cursively clusters actions, thereby decreasing the size of blocks (i.e., the number of actions in
each block) after each phase. The zooming is achieved by further clustering all remaining blocks
into ¢ clusters after the elimination round. This approach streamlines the exploration to focus
on the most promising actions among the non-eliminated actions. Finally, when the number of
actions becomes too few to cluster, the algorithm shifts to eliminating individual actions based
on confidence scores. This process continues until the budget is exhausted or only one action
remains. After each round, our algorithm returns the action with the highest mean as the recom-
mended choice.

The means and precisions of the rewards for all discretized actions are initialized using the
optimistic initialization technique (ref Section: [6.3.2.1) [167]]. In line [§] the decision-maker
selects the action with the highest sampled reward based on the current prior estimations of
the mean and precision of the rewards. Afterward, the actual reward from the chosen action is
observed, and the mean reward and count variable for the chosen action are updated accordingly
in line [0} The new mean reward and count variables are used to sample next prior values.
After the x-th round, the decision-maker invokes procedure E1liminate to eliminate actions
or blocks of actions based on the calculated confidence scores and then zooms further.

The pseudo-code for Eliminate is provided in Algorithm [IT} This procedure takes the
discretized action set A, the observed mean reward vector u’ and the current round 7 as inputs.
Initially, it checks whether the set of non-eliminated actions is large enough to be clustered
or not. In each invocation of E1iminate, the algorithm reduces the block size, if possible,
to zoom into the promising non-eliminated actions. To cluster actions, one can employ tree-
based space-partitioning as in [[168] or simple distance-based clustering algorithms like K-means
[169]]. In line 2] of E1iminate, the decision-maker calculates the lower and upper confidence
bounds on the mean reward for each cluster. The bound estimation procedure estimates the lower
and upper bounds of each cluster when there are multiple clusters, and for each action when only
one cluster is present. A visual demonstration and worked-out example of the proposed blocking
algorithm are given at the end of this section.

Our elimination is based on the observation that the algorithm will not benefit by exploring
actions whose potential mean rewards are lower compared to alternative actions with high re-
wards. Based on this observation, we devise an elimination rule: we eliminate the blocks whose
upper confidence bound on the mean reward value is lower than the maximum of the lower

confidence bounds on the mean reward.
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Algorithm 10: Recursive Block Elimination
Input : 2. T,x, ¢
1 A =Discretize(Z)
a=1,B=1,£=1
C=cluster(A,c)
Initialize(u") // initialise mean reward vector, e.g. 2.5
Initialize(°) // initialise precision vector, e.g. 2
sample /.LO&‘L'O according to Equation: (6.1)
forr=1,2,...,T do

8 I; = argmax; LogNormal <u,~t_l, \/ ﬁ)

N S B A WN

9 play arm I; and observe reward gz,

10 update mean reward and count for I
u | if (t%x ==0) then

12 L Eliminate(C,u’,t)

13 sample u'& 1 according to Equation: (6.1)

14 return action with highest mean

Algorithm 11: Eliminate Process

1 u=|C|

2 (Ibs,ubs) = GetConfidenceBounds(C,u) // estimate lower and
upper bounds

3 maxlb = max(lbs)
4 for§ € Cdo

5 if (u ==1) then

6 if (|§| == 1) then

7 | return §

8 foric & do

9 if (ubs[i] < maxlb) then

10 | eliminate action i from §

1 | return §

12 | if (ubs|S] < maxlb) then

13 L C=0C\S // eliminate action block & from C

14 return cluster(C)

6.3.2.1 Optimistic Initialization

In bandit algorithms, an effective heuristic to foster exploration involves setting initial values that
are optimistically high, rather than starting at zero or a minimal number. For instance, consider
a scenario where the rewards are modeled as coming from a zero-mean Gaussian distribution
with a unit standard deviation; here, an initial value of 0.5 is significantly optimistic. This

approach of setting higher initial values proactively encourages the algorithm to sample actions
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that have not yet been explored. The rationale is that the initial high estimates make unexplored
actions appear more attractive compared to those that have already been tested, which may have
accumulated actual reward data that lowers their estimated values. To implement this strategy
effectively, we initialize the mean and precision of the rewards with values that are tailored to
the specifics of the problem at hand, ensuring that the exploration is both broad and aligned with

the underlying reward distribution dynamics.

6.3.2.2 Updating Rewards of Non-observed Actions and Blocks

At each round, the decision-maker can only observe rewards from the action that was actually
played. This limitation might lead to a biased sampling of actions since the mean and precision
of actions that have never been played remain unchanged. To address this challenge, we begin
by calculating the mean and precision for each block, based on the rewards of actions that have
been played within that block. Subsequently, we adjust the mean and precision of the never-
played actions within each block to match those of the block they are part of. For blocks where
no actions have been played, we maintain the mean and precision at their initially set values,
following the optimistic initialization technique described earlier. We ensure to update the mean
and precision of all blocks at the end of each round to reflect the most recent data accurately.
This method helps mitigate bias and promotes a more equitable representation of all actions in

a block, irrespective of their play history.

6.3.2.3 Confidence Bound Estimation

In Algorithm|[IT] we estimate the maximum lower bound at line [3]and subsequently evaluate the
upper bounds for each block or action. This process leads to the removal of blocks or actions
that yield the least reward. A critical challenge in this approach is that once a block or action
is eliminated, it is not reconsidered; thus, each elimination decision must be made with a high
degree of confidence. To address this, we implement two confidence estimation schemes, each
designed to ensure that eliminations are both justified and irreversible, minimizing the risk of
prematurely discarding potentially valuable actions or blocks. Additionally, in our implementa-
tion, we apply a strict threshold of five samples from each cluster before deciding on confidence
estimation and elimination. This means that any block of actions with fewer than five samples
is automatically excluded from consideration for elimination. This threshold ensures that our
confidence estimates are based on a robust sample size, and every action block is considered

with equal importance.

Standard Error-based Bound Estimation: In [164], the authors proposed a standard error-
based elimination given in Algorithm The 7y is a constant that measures the confidence. We

set Y = 2 in our implementation, achieving ~ 90% confidence interval.
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Algorithm 12: Error-based Bound Estimation

Input :C,u,t

Initialize: y
1 for § € Cdo
2 Us =meanreward(c,i) // mean reward of block or action &
3 0 = stderror(8,u) // standard error
4
5

lbsg =us—v-0o // lower confidence
ubsg = Us+7y-o // upper confidence

6 return lbs,ubs

Algorithm 13: Hoeffding’s Inequality-based Bound Estimation

Inmput :C,u,t
1 for § € Cdo
2 Us =meanreward(S,u) // mean reward of block &
3 o= 21;’%9 // Hoeffding’s Bound
4 lbsg = us —o // lower confidence
5 ubsg = s+ 0 // upper confidence

6 return lbs,ubs

Hoeffding’s Inequality-based Bound Estimation: This estimation technique is based on
Hoeffding’s inequality, which is the basis for the UCB algorithm. The pseudo-code is given
in Algorithm[I3] where N is the number of observed samples from the block & € C.

6.3.2.4 Top-two Sampling Extension

In the Top-Two probability sampling policy, the decision-maker randomly selects either the ac-
tion deemed most likely to be optimal or the second most likely optimal action, based on the
current posterior probabilities. This approach introduces a structured randomness into the se-
lection process, allowing for a balance between exploring less certain options and exploiting
the actions believed to offer the highest potential reward. By alternating between these two top
choices, the policy aims to refine the accuracy of the estimated rewards while mitigating the
risk of local optima, thus enhancing the overall strategy for decision-making within stochastic
environments. A top-two extension to Thompson sampling has been proposed in optimal al-
location problem settings with strong theoretical guarantees [158] [159]. We also consider the
top-two version of our proposed algorithm given in Algorithm [I0] In the top-two version of
our algorithm, we replace the original sampling scheme (line[§)) with equations: (6.3), (6.4) and
(6.5). The rest of the algorithm remains the same.
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Figure 6.1: Visual demonstration of the proposed algorithm. (i) initial blocks of actions and
the remaining block after the elimination and (ii) visual representation of the upper and lower
bounds of different blocks

1
J1 = argmax LogNormal (.Ui,zh p > (6.3)
i it—1
1
Jo» = argmax LogNormal | t; 1, (6.4)
i#J) it—1
Iy ~ with probability 6 sample from {Ji,/>} (6.5)

In Eq: and Eq: (6.4)), the algorithm finds the most likely optimal action and the second
most likely action under the current posterior values, respectively. In Eq: (6.5)), the algorithm
randomly samples one of these actions, either the most likely optimal action or the second most
likely option, with a probability of 6. The value of 0 is often defaulted to 0.5, indicating equal
probability for both actions.

6.3.2.5 Worked Out Example

To facilitate a better understanding of our algorithm, we provide a detailed illustrative example.
In this scenario, we consider an action space represented in a two-dimensional plane as shown
in Figure [6.I] As outlined in the algorithm description, we begin by discretizing the action
space. The discretized actions are denoted by x symbols in Figure We assume four clusters
and organize the actions into four blocks, represented as square blocks divided by bold white
lines in the figure. We then sample 32 actions from the action space (for illustration we made
the sampling evenly spanning across all clusters), selecting eight actions from each block. The
played actions are highlighted in cyan (Block 1), green (Block 2), purple (Block 3), and red
(Block 4) colors. The rewards associated with these 32 actions are detailed in Table [6.1]
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Blocks || Sample | Sample | Sample | Sample | Sample | Sample | Sample | Sample
1 2 3 4 5 6 7 8

1 10.1 10.3 9.8 10.5 10.8 11 10.9 11.2

2 12.5 12.8 13.8 13 13.6 13.4 12.4 13.9

3 11.1 10.8 104 10.2 10 9.8 10.2 10

4 9.8 94 8.4 8.2 8.3 7.8 7.8 7.7
Table 6.1: Sampled revenues for the visual explanation of our algorithm

Blocks | Mean | s.e | LB | UB

1 10.575 0.171 10.233 10.917

2 13.175 0.206 12.763 13.587

3 10.313 0.206 09.901 10.725

4 8.425 0.274 07.877 08.973

Table 6.2: Mean, Standard Error, Lower and Upper Bounds of the four blocks

For elimination purposes, we calculate the empirical mean and standard error for each block,
as described in Section The mean and standard error of a block are calculated as the
mean and standard error of all the rewards in that block, respectively. Subsequently, we compute
the lower and upper bounds (in this example, we only consider standard error-based confidence
score estimation, assuming Y = 2, as described in Section@). The empirical mean, standard
error, lower bound (LB), and upper bound (UB) of each block are provided in Table This
information is also visually represented in plot (ii) of Figure[6.1] According to our elimination
rule, we eliminate all blocks with an upper bound lower than the maximum lower bound. The
red dotted line in the plot signifies the maximum lower bound, and all blocks whose maximum
upper bound lies below this line will be eliminated. Since the upper bounds of all blocks are
lower than the maximum lower bound of 12.763, corresponding to Block 2, we eliminate all
blocks except Block 2.

We then repeat the same procedure with the non-eliminated blocks. These non-eliminated
blocks of actions are further clustered into four clusters, and sampling is continued to estimate
the mean rewards. This process is repeated until the end of the trials or until there are not

enough actions available to cluster. The plots in Figure illustrates the further clustering of
the non-eliminated blocks.
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Remark 2 (Theoretical Analysis). We intend to investigate the theoretical properties of our al-
gorithm in future work. Intuitively, the proposed block-elimination mechanism reduces the ef-
fective search space by eliminating groups of actions rather than individual actions, which may
improve scalability in large action spaces. We also expect that sampling over k rounds before
elimination yields more reliable block-level estimates and helps avoid premature elimination of
promising actions. Establishing such guarantees, however, requires new analytical tools beyond

those used in existing elimination-based approaches.

6.4 Experimental Evaluation

In this section, we conduct a rigorous evaluation of our approach within real-world problem con-
texts. We focus on two dynamic assignment problems: (i) establishing optimal pricing strategies
for parcel shipment services within logistics operations, and (ii) determining the most effective
pruning ratios for Federated Learning (FL) applications. To accurately simulate these scenarios,
we utilize synthetic datasets that are meticulously constructed based on real-world data. Our
comprehensive evaluation involves a comparative analysis with leading elimination-based pure-
exploration algorithms. Performance is assessed using metrics such as simple regret and the
probability of misidentification. These synthetic datasets are intentionally designed to emulate
the complexity and unique characteristics of the specific problem environments we are investig-
ating.
In the logistics experiment, we consider the case / = 2, referring to two variants of a product/service.

In the FL pruning experiment, we consider the case / = 3, referring to three variants of the
product/service. In both cases, we used the K-means distance-based clustering [169]. The res-
ults strongly suggest that our block elimination algorithm is preferable to other sequential arm
elimination algorithms in cases of a limited budget. We discuss the baselines and provide an

in-depth analysis to verify the performance of our algorithm.

Note: The source code for the algorithms and data generation scripts can be found in the project

pagehttps://github.com/shampp/tsrbe/l

6.4.1 Performance Metrics & Baselines

Pure-exploration algorithms are compared using simple regret, while the misidentification prob-
ability is considered as an upper bound for the expected simple regret. The precise definitions
of simple regret and misidentification probability can be found in Section [6.3.1] To gauge per-
formance, we utilize per-round regret and misidentification probability as our key performance

metrics. The per-round regret at round ¢ is defined as the ratio of the cumulative simple regret to
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the round. Mathematically, at round ¢, it is given as follows:

1 t

- Y ri, (6.6)
j=1

where r; is the simple regret at round j. We compare our algorithm against three state-of-

the-art elimination-based algorithms: (i) Sequential Halving (SH) [[153], (ii) Sequential Block

Elimination (SBE) [[146], and (iii) Variance Based Rejects (VBR) [[164].

Sequential Halving (SH) Sequential Halving [153]] assumes a discrete action set. The al-
gorithm operates by estimating the mean rewards for all actions in phases, with each phase
comprising a fixed number of rounds. At the conclusion of each phase, the SH method incre-
mentally eliminates actions from the set until only one remains. Within each phase, actions are
uniformly sampled from the remaining non-eliminated actions to estimate empirical mean val-
ues. The elimination criterion at the end of each phase involves removing the worst half of the

actions based on empirical mean values.

Sequential Block Elimination (SBE) [146] proposed SBE algorithm. The SBE algorithm op-
erates in phases, wherein blocks of actions are eliminated at the conclusion of each phase. SBE
initiates the process by creating blocks of actions and sampling the central action of each block
in every round. This design is grounded in the assumption that the central action represents the
most connected action within each block. After the elimination round, the block with the lowest
empirical mean reward for its central action is removed. While both SBE and our algorithm are
block elimination methods, a fundamental distinction lies in SBE’s approach of sampling only
the central action from each block and making elimination decisions based solely on the mean

reward of this action.

Variance Based Rejects (VBR) The VBR algorithm [164] eliminates actions based on upper
and lower bounds on the mean rewards, following a similar procedure to that of SH and SBE
algorithms. At the conclusion of each phase, the algorithm estimates the bounds and eliminates
all actions whose upper bound is lower than the maximal lower bound. In the VBR algorithm,
actions are uniformly sampled within each phase, and the bound estimation scheme aligns with

the approach outlined in Algorithm[12]

Our algorithm variant is named ReBEIl, which stands for Recursive Block Elimination. The
Top-Two sampling variant of this algorithm is referred to as ReBEI (TT). To distinguish between
different confidence score estimation schemes, we use the specific estimation technique as a sub-

script. For instance, ReBEl utilizing the Standard Error-based confidence estimation technique
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is denoted as ReBElg, and the version using Hoeffding’s Inequality-based technique is referred
to as ReBEly,;. This nomenclature allows for clear differentiation and easy reference within dis-

cussions and analyses following below.

Remark 3 (Limited Budget Setting). In the existing literature, all pure-exploration algorithms
mandate that each action be tried at least once. Consequently, for demonstration purposes, we
display the results for 7 > k in the initial experiment. This condition ensures that the total
number of trials 7" exceeds the number of actions k, aligning with the core requirements of pure-
exploration methodologies and allowing us to effectively demonstrate the performance of our

approach.

6.4.2 Case I: Dynamic Pricing for Logistics Operations

We initiated our evaluation by comparing the performance of our algorithm against baseline
algorithms in a dynamic pricing scenario for logistics operations. The primary objective here
was to determine the optimal prices for two variants of a logistic service to maximize total
revenue. Specifically, we considered two types of logistic services (I = 2): (i) Standard and
(ii) Express. For the Standard service, the minimum and maximum prices were set at 10 and
50, respectively. In contrast, the Express service prices ranged from 30 to 70 (in a specified
monetary unit). We simulated the pricing dynamics of these ‘standard’ and ‘express’ shipping
services using models based on real data from our industrial partner [170].

To address the dynamic pricing problem, we discretized the 2-dimensional action space into
256 distinct actions and utilized K-Means clustering to create action clusters, thereby facilitating
the block elimination process. The revenue, or reward, is modeled as a joint function derived
from the proportion of customers purchasing services at given price pairs (standard, express).
This revenue function is nonlinear, depending on the proportions of customers who opt for the
services at specified price levels. Each price pair is transformed into probability scores using the
standard logistic function. We then randomly sample the proportions of customers purchasing
the corresponding services. To foster a positive initial bias and encourage exploration, we set
the initial mean rewards u® = 2.5 and the initial precision to t° = 2. This optimistic initializ-
ation helps in initially guiding the exploration towards potentially underexplored yet profitable

actions.

Revenue function The revenue function for the dynamic pricing experiment is modelled based

on a recent study using real data [7,|171] and is defined as:

r=pii +pao, (6.7)
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Figure 6.2: Per-round regret and misidentification probability of different algorithms for the
dynamic pricing problem.

where p; represents the probability of choosing the standard option, and p; is the probability
of opting for the express service. Additionally, A; and A, denote the numbers of customers
who chose options standard and express, respectively, based on the probabilities p; and p;. The

probabilities are further defined as follows:

1
2= 1 4+ e(—92a2—2)
1
—(1— 6.8
m = (1—u) 1 4+ e(—=¢r1a1—vn) (68)
S and _
P P T

In the above, ¢; = —0.05, ¢, = —0.05, y; = —0.5, and y, = 2 are constants, whereas a
and a, denote the prices associated with the Standard and Express delivery services, respectively,
with a; € [10,50] and a; € [30,70].

6.4.2.1 Results & Analysis

In Figure@, we present the results of our first experiments (Case I). Figure@ (1) & (i1) illus-
trate the average per-round regret and the misidentification probability of all algorithms over 50
random executions with a budget 7' = 500, respectively. For this experiment, we set the cluster
size (¢) to 16, the number of actions k = 256, and the number of rounds for the elimination
K = 1.5 x ¢ = 24. Our strategies exhibit a lower misidentification probability compared to other
methods. Specifically, ReBEl, ReBEl; TT, and ReBEly; achieved the lowest misidentifica-
tion probabilities and per-round simple regret. It is notable that among our proposed strategies,

ReBEl, performed marginally better than ReBEly,;. This suggests that standard error provides
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a slightly more reliable confidence score than Hoeffding’s inequality for this set of price distri-
bution data. However, this is not universally the case, as will be demonstrated in our second set
of experiments. As highlighted by theoretical studies such as those by [[158]] and [[159]], Top-Two
sampling achieved results that were marginally better than the conventional approach. Similar
to the case of different confidence score estimation techniques, the significance of this result is
not pronounced. This indicates a need for further experimentation to understand the nuances of
these methods under varying conditions.

Among the block elimination strategies, it is clear that the performance of Sequential Block
Elimination (SBE) does not match that of our proposed algorithms. The effectiveness of SBE
is significantly influenced by the number of clusters and the geometry of the optimal region. In
the dynamic pricing experiment, the performance of SBE notably benefits from a lower number
of clusters, as demonstrated in the sensitivity analysis presented in Section [6.4.4] This improve-
ment is primarily due to the substantial influence the geometry of the optimal region has on the
overall performance of SBE. The optimal or near-optimal price region of logistic revenue dis-
tribution is relatively expansive, meaning that a smaller number of clusters ensures that optimal
or near-optimal prices are close to the center of each cluster. Conversely, a larger number of
clusters may lead to a fragmentation of this optimal region, resulting in degraded performance.
This dynamic can be visualized and further explained using the contour plot shown in Figure[6.3]

In this contour plot, the shipping price revenue function displays a smooth gradient, leading
to only minor changes in revenue values around the optimal points, depicted by the innermost
yellow ellipse. The color intensity exhibits minimal variation when moving from the inner
ellipse to the outer ellipses. In our experiment, we initially utilized SBE with 16 clusters, which
resulted in considerable time spent estimating optimal rewards due to the wide dispersion of
price points within each cluster. Once the optimal region was accurately identified, SBE began
recommending optimal actions, as indicated by the decreasing per-round simple regret starting
around round 300. However, our findings suggest that for our specific set of pricing data, SBE
achieves better performance with fewer clusters (see Section [6.4.4). This configuration allows
SBE to more swiftly locate the optimal prices, although it still underperforms compared to our
newly proposed methods. This analysis underscores the need for careful cluster selection based
on the characteristics of the pricing distribution to optimize the efficiency and effectiveness of
the SBE strategy.

As anticipated, both SH (Sequential Halving ) and VBR (Variance Based Rejects) exhibited
poor performance in our experiments. This outcome is largely due to the significant number
of rounds these strategies devote to exploring sub-optimal arms before deciding to eliminate
them. The results underscore that in scenarios with a limited budget, strategies that attempt to
try all actions are sub-optimal. Instead, block elimination strategies have proven more effective.

Among our three proposed block-elimination strategies- ReBElge, ReBEl;e TT and ReBEly;-
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Figure 6.3: Contour map of the action space and the running snapshot of ReBEl. (1) & ReBEly;
(i1) after the end of 100 rounds (Dynamic Pricing problem).

the optimal action is identified within fewer than 100 rounds of the allocated budget. This
efficiency contrasts sharply with that of SBE, which required close to 300 rounds, and other
elimination strategies such as SH and VBR, which took over 500 rounds to locate the optimal
action.

These findings highlight the efficiency of block elimination strategies in quickly converging
to optimal actions, particularly in settings where resource constraints necessitate rapid decision-
making. This comparative analysis clearly illustrates the advantages of the block elimination ap-
proach over more traditional methods, emphasizing its utility in optimizing performance within
limited experimental budgets.

In addition, we present contours and snapshots of ReBEl, and ReBEly; after the comple-
tion of a hundred rounds (7 = 100) in Figure [6.3] These visuals effectively illustrate how our
algorithms manage to eliminate sub-optimal blocks of actions, regardless of the size and shape
of the optimal region, in comparison to baseline strategies. Specifically, the plots showcase
the ground truth optimal pair of solutions and the achieved optimal solution by ReBElg, and
ReBEly,; after the conclusion of 100 rounds, i.e., the budget. Actions that are marked in cyan
colour represent those that have been eliminated, while those marked with a ’+” symbol indicate
actions that have been played. Notably, both ReBEl;, and ReBEly; are successful in eliminat-
ing most suboptimal actions within the 100-round budget and consistently recommend actions

that are closest to the optimal solution. Furthermore, these visuals provide insights into the per-
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formance of SBE. With only 16 clusters in this instance, the centroids often lie distant from the
optimal region, contributing to the performance degradation of SBE. The sensitivity analysis
further reveals that SBE performs better with a reduced number of clusters. The overall results
underscore that, in scenarios with limited budgets where the budget is small compared to the
number of actions (7 < k), our algorithm consistently outperforms state-of-the-art algorithms.
This demonstrates the robustness and efficiency of our block elimination strategies in optimizing

the selection process under resource constraints.

6.4.3 Case II: Dynamic Pruning in Federated Learning

In our second experiment, we evaluated the performance of our algorithms against baseline
methods in a three-dimensional problem setting focused on determining the optimal pruning
ratios in Federated Learning (FL). FL techniques are instrumental in addressing privacy regu-
lations and communication bandwidth limitations, facilitating distributed model training from
decentralized data sources [172]. In FL, data are collected at edge nodes (e.g., smartphones)
and used to update local models, which are then sent to a central server node for aggregation
into a global model. This global model is subsequently shared among the edge nodes [172].
Given that typical deep learning models consist of millions of parameters, distributing, storing,
or processing these models in their entirety at individual nodes is impractical. A prevalent ap-
proach in FL is to distribute a pruned version of the global model among the nodes to alleviate
these challenges [173]]. The heterogeneity of the nodes in FL—varying in computational power,
storage capacity, and network connectivity — means that the optimal pruning ratio differs across
nodes. Dynamic pruning, therefore, aims to tailor the pruning ratios to the specific needs and
capabilities of each node to optimize performance and efficiency [132,|173].

In our simulation of the Federated Learning (FL) scenario, we structured a network that
includes a server node and three heterogeneous nodes connected to the server. With [ = 3 (rep-
resenting the three client nodes), our experimental actions are modeled in the three-dimensional
space [0, 1], reflecting a range of possible pruning ratios for each node. The computational and
communication gains from each node in this network are quantified using a joint distribution
model, where the gains for individual nodes are described by Poisson distributions based on the
number of successful packets processed by the nodes. Each experimental round computes the
mean of twenty-five samples, which correspond to taking twenty-five samples of the commu-
nication and computational gains for the same set of pruning ratios. This approach parallels
the methodology used in our dynamic pricing experiment (Case I), where the parameter repres-
ented the number of customers. In the sensitivity analysis, we delve into how this parameter
— the number of samples per round—affects the performance of our proposed algorithms. In
this experiment, we aim to demonstrate that our algorithms can adaptively optimize the pruning
ratios in real-time, leading to significant improvements in both communication efficiency and

computational workload distribution across the nodes.
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We discretized the action space into 4096 action triplets in the 3-dimensional plane and ap-
plied K-Means clustering to create 32 clusters. Considering the significant increase in the num-
ber of potential actions in this experiment compared to the dynamic pricing setup, we adapted
our methodology to employ block elimination algorithms with a budget of 7 = 1000. Although
this budget is notably larger than that of the previous experiment, the action space remains large
relative to the available budget, with k =4096 and T = 1000. As a result, non-block-elimination-
based strategies such as SH and VBR were not included as baselines for this experiment. These
methods require a proportionally higher budget relative to the number of actions to be effective,
making them less suitable under the budget constraints of this experiment. As in the dynamic
pricing experiment, the results we present are based on averages over 50 random executions to
ensure robustness and minimize the impact of outliers or anomalous runs. To initiate the ex-
periment under conditions that favor optimistic exploration, we set the initial bias parameters
to u® = 1.3 and 7 = 2. These values were selected empirically to encourage optimistic ex-
ploration and were kept fixed across all runs to ensure a consistent experimental setting. These
parameters influence the initial degree of optimistic exploration and therefore have their greatest
effect during the early rounds of the algorithm. As additional reward observations are collected,
the influence of the initial prior is progressively reduced by the data-driven parameter updates.
Since 1° and ° were kept fixed throughout the experiments, the thesis does not make an em-
pirical claim regarding sensitivity to alternative prior values; instead, the reported comparisons

evaluate all algorithms under the same initial prior conditions.

Reward Function Like in the dynamic pricing experiment, we model the reward function

based on a recent study [7,|171]. The reward function is defined as follows:

. Mpi+(1=p2)p1da+ (1= p3)(1 = p2)p1 A3

6.9
pi+(L=p2)p1+(1—p3)p2 ©9)

In Equation (6.9), 41,4, and A3 are the Poisson distributed random variable sampled according
to the probabilities py, po» and p3, respectively. The probabilities are defined as functions of

pruning ratios:

P1 = 0.6 — |Cll —0.6|
D2 = |a2 —0.7| (6.10)
p3 =laz —0.5]

In Equation (6.10), a;,a, and a3 are the chosen action triplet, i.e., the pruning ratios for nodes
1, 2 and 3, respectively.
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Figure 6.4: Per-round regret and the misidentification probability of different block-elimination
algorithms for the 3D dynamic pruning problem

6.4.3.1 Results & Analysis

The results of our pruning experiments in the context of FL are detailed and visualized in Fig-
ure [6.4] In this figure, (i) illustrates the per-round regret, and (ii) depicts the misidentification
probability. The curves correspond to the average per-round regret computed over 50 independ-
ent runs; no additional smoothing was applied. The different hyperparameters are set as follows:
the number of actions at k = 4096, the number of clusters (c) at 32, and the number of rounds
for elimination Kk = 1.5 X ¢ = 48.

Observing the plots, it is evident that despite the relatively large action space compared to
the budget (4096 against 1000), the block elimination strategies successfully eliminated sub-
optimal actions and frequently recommended optimal or near-optimal actions. Notably, in this
experiment, the Hoeffding’s inequality-based elimination strategy outperformed the standard
error-based elimination strategy, though marginally. As in the case of dynamic pricing, the Top-
Two sampling version demonstrated better performance than the vanilla version. The observed
performance improvement, though marginal, with the Top-Two sampling version in both the
dynamic pricing and the FL pruning experiments underscores a significant trend. This trend
suggests that the Top-Two sampling strategy consistently outperforms any vanilla probabilistic
sampling approaches in scenarios focused on pure exploration. This observation is in line with
the theoretical underpinnings.

It is noteworthy that ReBElg,, ReBEls TT, and ReBEly; consistently resulted in lower per-
round regret and misidentification probability compared to SBE. While the performance of SBE
is better than in the dynamic pricing experiments, particularly in the initial rounds, its superiority
diminishes as the number of rounds increases. As depicted in the per-round regret plot, our

proposed algorithms start yielding superior results after around 200 rounds.
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The noticeable improvement in the performance of SBE in this experiment can indeed be
attributed to the increased number of clusters and the specific characteristics of the optimal re-
gion. Our sensitivity study highlights that the effectiveness of SBE is significantly influenced
by the number of clusters it utilizes. A larger number of clusters allows for finer segmentation
of the action space, which can be particularly beneficial when the optimal region is narrow, as
it increases the likelihood that one of the clusters is closely aligned with this optimal region.
Additionally, the influence of the shape of the optimal region on SBE’s performance is critical.
As illustrated in the contour plot of the 2D projected action space in Figure [6.5] the optimal
action region in this experiment is relatively narrow, especially when compared to the broader,
more dispersed optimal regions observed in the logistics experiment. In such settings, where
the optimal region is narrow, having a larger number of clusters ensures that the central action
within each cluster is more likely to be near the optimal actions. This proximity can significantly
enhance the ability of the algorithm to zero in on the most promising actions quickly. This con-
figuration — larger number of clusters combined with a narrowly defined optimal region—helps
explain why SBE performed notably better in this scenario. It effectively demonstrates how the
structural aspects of the problem, such as the distribution and granularity of the action space,
can directly impact the suitability and success of different baseline strategies.

As previously mentioned, SH or VBR were not engaged in this experimental setting, as
these algorithms require at least the same number of rounds as the number of actions. Our focus
here is specifically on cases where the budget is very limited. The results strongly reinforce the
notion that in limited budget cases, where the budget is small compared to the number of actions
(T < k), our algorithm consistently outperforms state-of-the-art algorithms.

In addition, we have included snapshots of ReBEls. and ReBEly; after the completion of
200 rounds (7 = 200) in the contour plot of the 2D projection of the original problem, (see
Figure [6.5)). Both algorithms successfully recommended the optimal action within the allocated
budget of 200 rounds. The snapshots vividly illustrate the elimination strategies employed by
each algorithm. ReBEly; efficiently eliminated the entire region of sub-optimal actions lying to
the left of the optimal action, while ReBElg, eliminated both the left and bottom halves.

6.4.4 Sensitivity Analysis

In this section, we carry out the sensitivity analysis of the algorithms against two hyper-parameters
of the proposed algorithms and the number of samples collected in each round. The two hyper-
parameters of the algorithms are: the number of clusters ¢ and the number of rounds to the
elimination phase k. The number of clusters impacts the performance of all block elimination-
based algorithms: ReBElg,, ReBEl; TT, ReBEly;, and SBE, whereas the number of rounds to
the elimination phase k affects only ReBElse, ReBEl. TT, and ReBEly;.
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Figure 6.5: Contour map of the action space, and the running snapshot of ReBEle (1) & ReBEly;
(i1) after the end of 200 rounds (2D projection of the original dynamic pruning problem).

In the initial sensitivity analysis, we examine the impact of varying the number of clusters
on misidentification probability, an upper bound on simple regret. This relationship is illustrated
in Figure [6.6] where Figure [6.6] (i) depicts the performance of the dynamic pricing experiment
and Figure [6.6] (ii) depicts the performance of the dynamic pruning experiment. In the context
of logistic services, the performance of our proposed algorithms—ReBEl., ReBEls TT, and
ReBEl,;—demonstrates minimal variation with an increase in the number of clusters. It is
noteworthy that for smaller cluster sizes, specifically when the number of clusters equals 4
and 8, there is a slight decrease in misidentification probability compared to scenarios with
larger numbers of clusters. This increment is marginal but indicative of the sensitivity of the
algorithm to cluster size at lower levels. Surprisingly, further increases in cluster size from 16 to
32 and 64 do not result in substantial improvements in misidentification probability. This trend
can be attributed to the limited size of the action set, which suggests that the algorithms are
capable of identifying the optimal action from a relatively small set of clusters. Consequently,
there is no significant advantage in augmenting the number of clusters beyond a certain point.
These findings are consistent with those observed in the original dynamic pricing experiments,

suggesting that our algorithms are robust across different cluster configurations.
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The misidentification probability plot for the SBE algorithm clearly indicates that its per-
formance is significantly influenced by the number of clusters, even when the action set is small.
Notably, with a smaller number of clusters (e.g., 4, as illustrated in the plot), the misidentifica-
tion probability for SBE is on par with that of our proposed methods. However, as the number
of clusters increases, the performance of SBE deteriorates markedly, with the misidentification
probability approaching one. This outcome is primarily due to the geometric characteristics
of the optimality region specific to this problem instance. In the scenario of dynamic pricing,
where the optimality region tends to be smoother and larger, having a smaller number of clusters
is advantageous. This smaller cluster configuration ensures that the centroid action, which rep-
resents the average position of the actions within a cluster, is likely to be closer to the optimal
region. Consequently, fewer clusters can be more effective for ensuring that SBE performs near
optimally, as it reduces the complexity and variability within the action set, facilitating closer
approximations to the optimal action.

A similar trend is evident in the dynamic pruning experiment, where the ReBEly; algorithm
outperforms both ReBEl, and ReBEl TT, even with a smaller number of clusters. A critical
observation from the plot in Figure [6.6] is that the performance of SBE aligns with that of the
ReBEl, algorithm as the number of clusters increases. This differs from the trend observed in
the dynamic pricing results, where the performance of SBE deteriorated with more clusters. The
key to understanding this variance lies in the geometry of the optimality region. In the dynamic
pruning scenario, the optimality region is relatively small, and increasing the number of clusters
enables SBE to better approximate the optimal action, enhancing its performance. Essentially,
the effectiveness of the SBE algorithm is closely linked to the geometry of the optimality region
and the number of clusters involved. In contrast, our proposed methods—ReBEly;, ReBEl,
and ReBEl;, TT—exhibit a robust performance that is less influenced by these factors. This
resilience highlights their suitability for a broader range of scenarios where the shape and size
of the optimality region may vary significantly.

In the second sensitivity analysis, we investigated the robustness of the algorithm against
the number of rounds in the elimination phase, denoted as k. We plotted the misidentification
probability against k in Figure[6.7] Figure[6.7](i) depicts the performance of the dynamic pricing
experiment, while Figure[6.7](ii) depicts the performance of the dynamic pruning experiment. In
both experiments, we set the number of rounds in the elimination phase to be a multiple factor of
the initial number of clusters (c). In the case of dynamic pricing, we set the number of clusters
to 16, and in the case of dynamic pruning, we set the number of clusters to 32. Since x does not
impact the performance of the SBE algorithm, we exclude SBE from this set of experiments.

The analysis reveals that the misidentification probability does not follow a specific trend as
a function of the k value. This observation suggests a nuanced relationship between elimination
rounds and algorithm performance. Our hypothesis posits that keeping the number of rounds to

the elimination phase too small is not recommended, as this premature elimination can degrade
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Figure 6.6: Misidentification probability as a function of the number of clusters in (1) Dynamic
Pricing & (i1) Dynamic Pruning experiments.

the performance of all elimination-based algorithms because a limited number of samples might
not provide sufficient information to make accurate decisions about which actions to eliminate.
An elimination decision based on very few samples can result in the elimination of potentially
‘good’ blocks. Conversely, excessively extending the number of rounds in the elimination phase
does not notably enhance performance. This is because prolonging the elimination process tends
to include too many suboptimal or ‘bad’ actions, leading to inefficiencies in the algorithm.

For algorithms like ReBElge and ReBEl TT, we observe that misidentification probabil-
ity initially decreases as the number of samples in the elimination phase increases. This trend
continues up to a certain threshold, beyond which the misidentification probability begins to
increase. This pattern aligns with our hypothesis and underscores the existence of an optimal
balance in the number of samples required during the elimination phase to maximize perform-
ance effectively. In the case of the ReBEly; algorithm, no consistent trend is discernible in terms
of k value adjustments. However, in general it appears that setting the k value to approximately
1.5 to 2 times the initial cluster size tends to yield the best results.

In our final sensitivity analysis, we examine how the number of samples collected in each
round impacts the performance of the proposed algorithms. This study is critical in understand-
ing the reliability of the estimates, which directly influences the effectiveness of the algorithms

in identifying optimal actions and eliminating suboptimal actions.
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Figure 6.7: Misidentification probability as a function of the number of rounds in the elimination
phase in (1) Dynamic Pricing & (ii) Dynamic Pruning experiments.

In the dynamic pricing scenario, each round involves presenting prices to 100 customers. The
revenue generated from each price pair during that round is averaged to estimate the revenue for
that particular price setting. It is reasonable to suggest that increasing the number of customers
per round would enhance the reliability of the revenue estimation. A larger sample size tends
to reduce the variance in the estimate, thereby providing a more accurate reflection of the true
mean revenue. This enhanced accuracy can significantly aid the algorithm in swiftly identifying
the most lucrative price points and discarding less profitable options.

In the dynamic pruning case, pruning ratio triplets are tested 25 times on the same network
in each round, with the average network gain being calculated subsequently. Similar to Case I,
increasing the number of trials per round would presumably lead to a more accurate estimation
of the mean network gains. This is because a greater number of trials diminishes the impact of
anomalies or outliers on the average gain, leading to a more stable and reliable estimation.

In both cases, a higher number of samples per round allows for a more robust and accurate
estimation of mean rewards, which is vital for the algorithms’ efficiency. More reliable estimates
help the algorithm distinguish more effectively between the performance of different blocks or
actions, facilitating faster identification of the optimal blocks and more accurate elimination of
the suboptimal ones. This can be observed in the plots in Figures [6.8] (i) and (ii), where the
misidentification probability is plotted against the number of customers (dynamic pricing) and

the trials per round (dynamic pruning), respectively.
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Figure 6.8: Misidentification probability as a function of the number of customers/trials sampled
per round in (i) Dynamic Pricing & (i1) Dynamic Pruning experiments.

6.5 Conclusions

We propose a class of Thompson sampling-based recursive block elimination algorithms for
dynamic assignment in a pure-exploration setting with a limited budget. Our algorithm be-
gins by discretizing the continuous action space into a set of finite discrete actions, followed
by the recursive elimination of suboptimal action blocks. Additionally, we implement a zoom-
ing mechanism that further clusters these action blocks recursively and eliminates suboptimal
blocks. This elimination process involves calculating confidence bounds over the blocks. We
have proposed two distinct techniques for estimating these confidence bounds. Moreover, we
have explored variants of the proposed algorithms that employ top-two sampling. We conducted
extensive experiments across two problem settings, demonstrating that our approach achieves a
lower misidentification probability compared to state-of-the-art algorithms. We also examined
the sensitivity of the algorithms to various hyperparameters. Our sensitivity analysis indicates
that the proposed algorithms are robust across a range of hyperparameter settings.

For future work, we plan to conduct a regret analysis of the proposed algorithms and explore

their extension to adversarial settings.



Chapter 7
Discussion and Conclusions

This thesis analyses the opportunities and challenges associated with intelligent and adaptive
decision-making for service management in Edge Computing (EC) settings. The traditional
paradigms of centralised computing are facing increasing constraints as the creation of data
moves closer to the devices used by end users and as the desire for low-latency, high-efficiency
systems increases. This study provides decision-theoretic and learning-based frameworks as a
solution to this challenge. These frameworks enable edge nodes to make timely and autonom-
ous decisions about service replication, task offloading, and node selection. These choices are
made without relying on central control or static heuristics. Furthermore, this thesis emphasises
the need to connect theoretical models with real deployment difficulties. The study advances
the understanding of how edge systems might achieve resilience, scalability, and robustness un-
der unpredictable and challenging settings by offering adaptive frameworks that can learn and
change in real time. The proposed approaches may also be applied in various distributed sys-
tems besides EC, such as automobile networks and 6G architectures, making them extremely

adaptable.

7.1 Key Contributions

The contributions of this thesis address five research problems that are interconnected with one
another. Each of these questions focuses on a different difficulty that is present in decentralised
edge configurations. Together, these contributions constitute a cohesive pipeline of decision-
making intelligence for EC nodes. From replication and offloading to orchestration and adapt-
ive node selection, this thesis shows how theoretical ideas from decision theory and machine

learning can be implemented systematically to real-world EC problems.
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7.1.1 Time-Optimized Decisions for Service Replication and Offloading

This is the first contribution that addresses the topic of how an edge node may independently
determine whether to replicate a service that is absent or to offload a task. This decision is
made despite the uncertainty in future demand. The suggested solution refers to a framework
for sequential decision-making that is founded on the concept of Optimal Stopping Theory
(OST). This framework approaches service replication as an issue that involves time. A 1-
stage look-ahead rule is used by the edge node in order to monitor the arrival of requests and
ascertain the most appropriate moment to take action. The results of experiments conducted in
synthetic settings motivated by smart city applications suggest that the model has the capability
to decrease the amount of time it takes for replication to occur, improve service availability, and
increase overall system responsiveness.

In addition to enhancing latency and availability, the OST-based strategy provides a mechan-
ism for balancing trade-offs between early replication (with likely resource waste) and delayed
replication (with potential service degradation). This balance allows the framework to be used
in a wide range of applications, including video streaming, emergency response services, and
real-time data analysis, all of which need accurate timing. The model’s adaptability implies that
it might be used in combination with predictive caching or proactive service placement strategies

in the future.

7.1.2 Cost-Aware Orchestration under Time-Varying Demand

Concerns about the orchestration of edge services in contexts where the volume of task requests
decreases over time were the subject of the second significant difficulty. This thesis presents the
Discounted Optimal Stopping (DOST) framework, which combines decaying arrival patterns
and delayed offloading costs. This framework is in contrast to standard models, which use static
or uniform demand assumptions. Through the description of arrival rates as Poisson processes
that decrease exponentially, DOST makes it possible for edge nodes to dynamically alter their
judgments in response to an ever-changing demand. The results of simulations demonstrate that
DOST is superior to other methods in terms of properly managing resources in non-stationary
situations and maximizing long-term reward. Another feature of DOST is its ability to accom-
modate different cost structures across diverse nodes. By prioritising services with higher de-
mand and reducing unnecessary service replication and task offloading, the proposed approach
may also contribute to reducing overall system energy consumption and monetary expense. Fur-
thermore, DOST’s flexible nature makes it suitable for sectors with fluctuating demand and
limited resources, such as loT-enabled agriculture, industrial automation, and energy-sensitive

sensor networks.
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7.1.3 Expert-Driven Task Placement with Robust Performance Guaran-

tees

By including an expert-driven selection process into the MAB framework, this contribution
improves the accuracy of decision-making. This improvement is achieved by building upon the
previous node selection technique. In the above procedure, each expert is represented by a deep
learning model—specifically, Feedforward Neural Networks (FNN), Recurrent Neural Net-
works (RNN), and Long Short-Term Memory (LSTM) networks—that serve as autoregress-
ive oracles predicting node behaviour based on historical system feedback, such as heartbeat
signals and resource usage.

The technique that has been provided takes into account the historical accuracy of each ex-
pert in order to determine which model is the most trustworthy at any given moment. Gradient
bandit learning is then used in order to update the probability of node selection appropriately. By
using this dual-layer selection technique, the system is able to successfully adjust to variations
that occur in real time while simultaneously preserving steady convergence. The extended Exp-
GradBand model delivers reduced cumulative regret and quicker convergence in a range of ad-
versarial, non-stationary, and noisy situations. This is in comparison to typical MAB algorithms
such as Thompson Sampling, Exp3, and Exp4, which are traditional MAB algorithms.

This work highlights the advantages of combining model-based and model-free learning. By
employing deep learning specialists while keeping an active adaptation layer, the architecture
strikes a compromise between predictive strength and flexibility. This hybrid approach may be
applied to additional scenarios involving several predictive oracles, such as traffic forecasting,

healthcare monitoring, and predictive maintenance in industrial systems.

7.1.4 Node Selection in Dynamic and Adversarial Environments

In contexts where edge nodes vary in capacity, availability, and feedback dependability, the
fourth research question concerns task allocation. In order to solve this issue, the thesis presents
ExpGradBand, which is an innovative expansion of the Multi-Armed Bandit (MAB) archi-
tecture that incorporates contextual learning and gradient-based adaptation. It is possible for
the system to react in an adaptive manner even when feedback signals are delayed, noisy, or
nonexistent, since ExpGradBand dynamically picks both a node and a decision method based
on real-time observations. This method dramatically reduces the amount of cumulative regret
and improves the resilience of decisions, making it suitable for highly dynamic decision-making

environments.
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The experimental evaluation also assesses the performance of ExpGradBand in terms of
per-round regret under dynamic and adversarial settings, providing empirical evidence of its
effectiveness across a range of scenarios. Moreover, ExpGradBand adds flexibility by allowing
decision-makers to inspect how the system balances various tactics over time. This opens up
the possibility of expanding the concept to federated or cooperative edge systems, where nodes

might share partial information to improve dependability even further.

7.1.5 Pure-Exploration under Budget Constraints

The fifth research topic addresses dynamic assignment problems under strict budget constraints,
where exhaustive exploration of large or continuous action spaces is infeasible. To this end,
Chapter [6]introduces a Thompson Sampling-based Recursive Block Elimination framework that
efficiently balances exploration and confidence-driven elimination. By recursively partitioning
the action space and discarding sub-optimal regions, the proposed approach concentrates the
available sampling budget on promising areas while maintaining probabilistic guarantees on
identification accuracy.

This framework is particularly well suited for resource-constrained decision-making scen-
arios, such as dynamic pricing and federated learning pruning, where only a limited number
of evaluations can be afforded. The experimental results demonstrate reduced misidentification
probability and improved simple regret compared to state-of-the-art elimination-based methods,

highlighting the scalability and practical relevance of the proposed solution.

7.2 Broader Implications and Limitations

Through the incorporation of autonomy, flexibility, and foresight into EC nodes, the solutions
that are offered in this thesis contribute to the advancement of the frontier of edge intelligence.
The study offers a realistic approach for allowing low-latency, decentralized, and resource-
efficient service delivery in situations such as smart cities, industrial Internet of Things, and
autonomous networks. This is accomplished by utilizing ideas from sequential decision-making
and online learning.

There are still a number of restrictions, however. When applied to real-world deployments,
the models use the assumption that the agents are rational and that they have complete observab-
ility of previous feedback. On top of that, while the simulation-based validations are substantial,
it is possible that they do not adequately depict the intricacies of large-scale, heterogeneous EC
platforms. In the future, research should investigate hybrid models that include the prediction of

user behaviour, assessment of uncertainty, and methods for multi-agent cooperation.
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Another disadvantage is the dependence on synthetic datasets and controlled situations,
which may not adequately reflect unforeseen occurrences like large-scale failures, security breaches,
or user-generated abnormalities. Energy consumption is not explicitly included as an optimisa-
tion objective in the current frameworks and is therefore identified as a direction for future
work. Future additions may include cross-layer optimisation throughout the network stack, and
the incorporation of trust and privacy-preserving methods to enable safe collaborative decision-

making among varied stakeholders.

7.3 Future Directions

Looking ahead, the study of node selection in edge computing brings up an extensive number of
possible research directions that can considerably improve the flexibility, resilience, and useful-
ness of bandit-driven algorithms. The fast development of edge computing applications in areas
such as autonomous mobility, industrial automation, and immersive services requires decision-
making frameworks that are not only accurate but also scalable and resource-efficient. Future
research ought to attempt to exceed the limits of present algorithms to function in settings that
are bigger in scale, more heterogeneous, and more volatile in behaviour. One preferred path is
to incorporate greater types of contextual information into the node selection process. While
existing frameworks mostly rely on task-level and system-state feedback, future designs may
incorporate multi-modal signals such as user mobility, traffic patterns, and service-level agree-
ments to make more informed judgements. Incorporating such multi-source data requires elab-
orate fusion techniques and could lead the way for more customised node selection strategies,
in which judgements are adjusted to specific application requirements or user desires.

Another important research direction is the incorporation of sustainability and environmental
awareness into node selection mechanisms. As the energy cost of edge infrastructures becomes a
global concern, algorithms may need to consider energy consumption and environmental impact
alongside traditional performance metrics. Integrating such considerations into the incentive or
reward structure could influence how nodes are evaluated and selected, encouraging greener
computing solutions without compromising system performance. Furthermore, security and
trust are becoming critical considerations in distributed edge ecosystems. Future algorithms may
include trust scores, anomaly detection, or adversarial resistance in their selection procedures to
maintain consistent performance even in adversarial or unreliable settings. This research may

tie together multi-armed bandit theory, cybersecurity, and distributed consensus.
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A closely related future direction is the systematic analysis of adversarial attacks against
bandit-driven node selection mechanisms. In practical EC environments, malicious nodes may
attempt to manipulate feedback signals, inject misleading contextual information, or imperson-
ate trustworthy nodes in order to influence selection decisions. Investigating the robustness of
the proposed algorithms under such adversarial conditions, and developing attack-resilient vari-
ants of the frameworks presented in this thesis, represents an important avenue for future work.

Finally, the practical implementation of these ideas in real-world experiments that range
from smart cities to vehicle networks will be a crucial milestone. Such implementations will
enable researchers to confirm assumptions, assess real-time scalability, and fine-tune algorithms
under actual restrictions. On the basis of the existing study, there are a number of interesting

routes that may be investigated:

* Multi-Agent Coordination: Extending the models that have been developed to cooper-
ative situations, in which numerous edge nodes coordinate service choices via the use of

game-theoretic frameworks or decentralized consensus.

* Robustness to Uncertainty: It is possible to manage partial observability and unreliable

input data by including probabilistic inference and resilient optimisation methods.

* Real-World Deployment: Making the transition from simulation to field testing in smart
city or campus-wide testbeds in order to confirm assumptions and increase model gener-

alization.

7.4 Final Remarks

By laying the foundations for robust and intelligent edge computing systems that can operate
under uncertainty and resource constraints, this thesis contributes to their development. By
combining the concepts of optimal stopping theory, contextual bandits, and expert learning, it
makes a contribution to the development of a unified and practical toolkit for making decisions in
real time at the edge. Not only do these contributions push the bounds of theoretical possibilities,
but they also offer substantial promise for practical implementation in distributed systems of the

future generation.
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