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Lay Abstract

Mobile devices (MDs) such as smartphones are currently used to run a wide variety of ap-
plication tasks. An alternative to local task execution is to arrange for some MD tasks to
be run on a remote non-mobile edge server (ES). This is referred to as mobile computa-
tion offloading (MCO). The work in this thesis studies two important facets of the MCO

problem.

1. The first considers the joint effects of communication and computational resource as-
signment on task completion times. This work optimizes task offloading decisions,
subject to task completion time requirements and the cost that one is willing to incur
when designing the network. Procedures are proposed whose objective is to mini-

mize average mobile device power consumption, subject to these cost constraints.

2. The second considers the use of digital twins (DTs) as a way of implementing mobile
computation offloading. A DT implements features that describe its physical system
(PS) using models that are hosted at the ES. A model selection problem is studied,
where multiple DTs share the execution services at a common ES. The objective is
to optimize the feature accuracy obtained by DTs subject to the communication and
computation resource availability. The thesis proposes different approximation and

decomposition methods that solve these problems efficiently.
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Abstract

Mobile computation offloading (MCO) is a way of improving mobile device (MD) perfor-
mance by offloading certain task executions to a more resourceful edge server (ES), rather
than running them locally on the MD. This thesis first considers the problem of assigning
the wireless communication bandwidth and the ES capacity needed for this remote task ex-
ecution, so that task completion time constraints are satisfied. The objective is to minimize
the average power consumption of the MDs, subject to a cost budget constraint on com-
munication and computation resources. The thesis includes contributions for both soft and
hard task completion deadline constraints. The soft deadline case aims to create assign-
ments so that the probability of task completion time deadline violation does not exceed a
given violation threshold. In the hard deadline case, it creates resource assignments where
task completion time deadlines are always satisfied. The problems are first formulated as
mixed integer nonlinear programs. Approximate solutions are then obtained by decompos-
ing the problems into a collection of convex subproblems that can be efficiently solved.
Results are presented that demonstrate the quality of the proposed solutions, which can
achieve near optimum performance over a wide range of system parameters.

The thesis then introduces algorithms for static task class partitioning in MCO. The
objective is to partition a given set of task classes into two sets that are either executed

locally or those classes that are permitted to contend for remote ES execution. The goal
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is to find the task class partition that gives the minimum mean MD power consumption
subject to task completion deadlines. The thesis generates these partitions for both soft and
hard task completion deadlines. Two variations of the problem are considered. The first
assumes that the wireless and computational capacities are given and the second generates
both capacity assignments subject to an additional resource cost budget constraint. Two
class ordering methods are introduced, one based on a task latency criterion, and another
that first sorts and groups classes based on a mean power consumption criterion and then
orders the task classes within each group based on a task completion time criterion. A
variety of simulation results are presented that demonstrate the excellent performance of
the proposed solutions.

The thesis then considers the use of digital twins (DTs) to offload physical system
(PS) activity. Each DT periodically communicates with its PS, and uses these updates to
implement features that reflect the real behaviour of the device. A given feature can be
implemented using different models that create the feature with differing levels of system
accuracy. The objective is to maximize the minimum feature accuracy for the requested
features by making appropriate model selections subject to wireless channel and ES re-
source availability. The model selection problem is first formulated as an NP-complete
integer program. It is then decomposed into multiple subproblems, each consisting of a
modified Knapsack problem. A polynomial-time approximation algorithm is proposed us-
ing dynamic programming to solve it efficiently, by violating its constraints by at most a
given factor. A generalization of the model selection problem is then given and the the-
sis proposes an approximation algorithm using dependent rounding to solve it efficiently
with guaranteed constraint violations. A variety of simulation results are presented that

demonstrate the excellent performance of the proposed solutions.
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Chapter 1

Introduction

1.1 Overview

Mobile devices (MDs) such as smartphones are increasingly used as a platform for running
a wide variety of applications including those involving gaming, virtual reality and natu-
ral language processing (Abolfazli et al. (2014); Wang et al. (2015); Wang et al. (2018)).
Based on the Ericsson Mobility Report 2020 (Ericsson (2020)), smartphone usage is pro-
jected to reach approximately 8.9 billion by 2025, representing a significant growth from
the current subscription level of 8.1 billion. The diversity of supported applications tends
to stress MD capabilities in terms of data processing, storage, and battery lifetime (Kumar
and Lu (2010)).

Mobile computation offloading (MCO) can be used to improve MD performance by
running computational tasks on a remote cloud server rather than executing them locally
(Noor et al. (2018); Kwon et al. (2016); Ba et al. (2013)). Since the energy needed for task
execution is incurred by the cloud server, a reduction in MD energy consumption can often

be obtained. During MCO, wireless communications is used by the MD to communicate
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with the cloud server. This interaction incurs MD energy use that would not otherwise exist
if the task were executed at the MD. MCO also incurs added latency due to the time needed
for the MD to interact with the cloud server (Alameddine et al. (2019); Liu er al. (2021)).
An edge server (ES) located close to the network base stations (BSs) is typically used to
reduce this additional delay and energy use by providing high interconnection bandwidth
between the BS and the ES (Huawei Inc. (2016)). These networks are referred to as wireless
edge networks. It has been estimated that tens of billions of network edge devices will be
deployed in the future (Mao et al. (2017)).

A key issue in MCO deals with the question of whether a given task should be executed
locally or offloaded. This offloading decision is not a trivial one for many reasons (Chen
et al. (2021)). For example, the increased use of MCO may create competition for the
limited ES computational capacity that is used for the remote task execution (Mufioz ef al.
(2015); Nath and Wu (2020)). Offloading decisions are also more problematic when the
MD interacts with the ES over wireless transmission channels that may change randomly
during the computation offload. For these reasons, it is important to incorporate the tempo-
ral evolution of the system into the offloading decision making process (Yue et al. (2022);
Hekmati er al. (2020)). This includes the latencies incurred due to the queueing delays
experienced by offloaded tasks as they wait for ES execution.

Prior work has also considered the question of how to configure system resources so
that MCO is best accommodated (Mufioz et al. (2015); Du et al. (2018); Yang et al. (2019);
Zhang et al. (2018); Chen et al. (2020b); Nath et al. (2020)). These are the issues that are
considered in the thesis and involve the tradeoffs between wireless communication and
edge server capacity assignment and how these affect the delay performance experienced

by the MDs. The wireless and execution capacity assignment problem in MCO can be



Ph.D. Thesis — H. Chen McMaster University — ECE

informally stated as follows. A network leaseholder (NL) purchases both wireless channel
capacity and edge server execution services, subject to a cost budget constraint. The leased
resources are then used to provide MCO to a large set of MDs (Yi ef al. (2021)). In this
case, the NL simply purchases services from the network owner (NO), who prices the cost
of unit wireless channel and computational resources.

The acceptable delay for task execution is often tightly constrained for many applica-
tions, such as those involving gaming, virtual reality, and object recognition (Chen et al.
(2020a)). Task execution deadline constraints significantly increase the difficulty of the
problem compared to prior work without completion time requirements or that uses mean
delay alone as the performance criterion (Deng et al. (2020); Zaw et al. (2021)). The vari-
ability in acceptable delay for different classes of tasks further complicates MCO decisions.
This is especially true when offloaded tasks contend for wireless channel and computational
resources in an uncontrolled fashion, and may impair the advantages of MCO, since it is
easy to see that minimizing the used energy and satisfying the task delay constraints are
competing objectives, i.e., in an effort to satisfy tight latency constraints, costly energy-
wise MCO decisions may be necessary. Thus, the problem of task scheduling so that delay
constraints are satisfied and energy consumption is minimized, becomes a difficult prob-
lem for MCO. The thesis studies the use of task class partitioning (TCP) to address this
problem.

As an application of MCO, physical systems (PSs) need to offload the task of running
their digital twins (DTs) to a more powerful server than running the DTs on themselves.
For this, state-related data should be periodically uploaded to the server that hosts the DTs
in order to keep real-time synchronization between the two. DT has attracted a lot of at-

tention from both industry and academia since it was proposed over a decade ago. A DT
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is a virtual representation of a PS that can represent both the static and dynamic behavior
of the PS (Vaezi et al. (2022)). In order to maintain real-time synchronization between the
PS and its DT, the PS periodically sends state-related data to a server that hosts the DT.
At the server, the data is processed so that PS features can be provided by the DT to other
objects on its behalf (Lu ez al. (2021)). In order to maintain tight synchronization between
the two, the DTs of the PSs are often placed at the ES that is located within the same wire-
less network as the PSs in wireless edge networks. By taking advantage of the resources
available in the digital space, DTs have proven to be beneficial in various application areas,
such as predictive maintenance and optimization in industrial manufacturing (Talkhestani
and Weyrich (2020)) and intelligent network resource management (Dai and Zhang (2022);
Lu et al. (2021)).

A DT implementation is considered fully functional if it can provide sufficient informa-
tion of the PS required by an application in terms of age of information (Aol) (Vaezi et al.
(2023)) and/or level of accuracy (Barricelli et al. (2019); Vaezi et al. (2022); Tang et al.
(2022); Shen et al. (2021)). A real PS usually has a large number of features. The level of
accuracy of each feature that should be supported by its DT depends on the requirements
of the applications that interact with it (Stegmaier et al. (2022); Yiping et al. (2021); Lu
et al. (2020)). Different DT feature accuracies are defined by different DT models, which
describe how PS inputs are processed so that the feature can be generated. As one would
expect, features with higher levels of accuracy will typically use models that require more
input data from the PS and higher levels of computation at the DT (Paldino et al. (2022);
Wang et al. (2020)). In the wireless edge networks, communication between the PS and its
DT involves wireless transmission. Hence, the quality of a DT feature is affected by both

the wireless transmission quality and the computational capacity of the ES that hosts the
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DT. For an edge network that supports DTs for a large number of PSs, an issue is how to
provide the best DT feature accuracy under limited wireless channel and edge computing

resources. This is one of the problems that this thesis considers.

1.2 Contributions and Thesis Organization

This work considers the problem of resource management for mobile computation offload-
ing and digital twins in wireless edge networks. The contributions in the thesis are summa-
rized below.

This thesis first considers the problem of assigning the wireless communication band-
width and the ES capacity used for the task execution, so that task completion deadline
constraints are satisfied. The thesis includes contributions for both soft and hard task com-
pletion deadline constraints. The soft deadline case aims to create assignments so that the
probability of task completion time deadline violation does not exceed a given violation
threshold. In the hard deadline case, it creates resource assignments where task comple-
tion time deadlines are always satisfied. This is done by incorporating concurrent local
execution (CLE) into the problem formulations. The objective is to minimize the average
power consumption of the MDs, subject to a cost budget constraint for obtaining the com-
munication and computation resources. The problems are first formulated as mixed integer
nonlinear programs. Approximate solutions are then obtained by decomposing the prob-
lems into a collection of convex subproblems that can be efficiently solved. Results are
presented that demonstrate the quality of the proposed solutions, which can achieve near
optimum performance over a wide range of system parameters.

The thesis then introduces algorithms for static task class partitioning (STCP) in MCO
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in order to further improve the performance of computation offloading under task comple-
tion time constraints. The objective is to partition a given set of task classes into two sets
that are either executed locally by the MD or those classes that are permitted to contend for
remote ES execution. The goal is to find the task class partition that gives the minimum
mean MD power consumption. The thesis generates these partitions for both soft and hard
task completion deadlines. Both basic static task class partitioning (BSTCP) and joint static
task class partitioning and network resource allocation (JSTCP) problems are introduced.
In the former, STCP is applied for a network with preallocated resources, while in the latter
STCP is jointly studied with network resource allocation subject to an additional resource
cost budget constraint. The proposed partitioning algorithms are based on heuristic class
ordering methods. The thesis introduces two class ordering methods, a simpler one based
on a task latency criterion, and an hierarchical version that first sorts and groups classes
based on a mean power consumption criterion and then orders the task classes within each
group based on a task completion time criterion. A variety of simulation results are pre-
sented that demonstrate the excellent performance of the proposed solutions for both given
and optimized network resource assignments.

Finally, the DT model selection problem is studied in the third part of the thesis, where
the DTs of multiple PSs are hosted at an ES in a wireless edge network. Each DT pe-
riodically communicates with its PS, and uses these updates to implement features that
reflect the real behaviour of the PS. A given feature can be implemented using different
models that create the feature with differing levels of system accuracy. The objective is to
maximize the minimum feature accuracy for the requested features by making appropri-

ate model selections subject to wireless channel and ES resource availability. The model
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selection problem is first formulated as an NP-complete integer program. It is then de-
composed into multiple subproblems, each consisting of a modified Knapsack problem.
A polynomial-time approximation algorithm is proposed using dynamic programming to
solve it efficiently, by violating its constraint by at most a given factor. A generalization
of the model selection problem is then given and the thesis proposes an approximation al-
gorithm using dependent rounding to solve it efficiently with guaranteed small constraint
violations. A variety of simulation results are presented that demonstrate the excellent
performance of the proposed solutions.

The rest of the thesis is organized as follows. Chapter 2 gives a brief background on
MCO and DTs in wireless edge networks. In Chapter 3, the wireless and service allocation
for MCO with task deadlines is investigated. Then, Chapter 4 introduces algorithms for task
class partitioning in MCO. Both BSTCP and JSTCP problems are introduced and studied
in the soft and hard class deadline cases. In Chapter 5, the digital twin model selection
for feature accuracy under constrained resources in wireless edge networks is studied. The
thesis is concluded in Chapter 6 with suggestions for possible future work.

The work in this thesis has resulted in the following publications.

e H. Chen, T. D. Todd, D. Zhao and G. Karakostas, “Wireless and service allocation
for mobile computation offloading with task deadlines,” Early access in IEEE Trans-

actions on Mobile Computing, 2023. (doi: 10.1109/TMC.2023.3301577)

e H. Chen, T. D. Todd, D. Zhao and G. Karakostas, “Joint wireless and ser-
vice allocation for mobile computation offloading with job completion time
and cost constraints,” In 2022 IEEE Wireless Communications and Network-
ing Conference (WCNC), Austin, TX, USA, 2022, pp. 1278-1283. (doi:
10.1109/WCNC51071.2022.9771792)



Ph.D. Thesis — H. Chen McMaster University — ECE

* H. Chen, T. D. Todd, D. Zhao and G. Karakostas, ‘“Task class partitioning for mo-
bile computation offloading,” Early access in IEEE Internet of Things Journal, 2023.

(doi: 10.1109/J10T.2023.3294887)

* H. Chen, T. D. Todd, D. Zhao and G. Karakostas, “Digital twin model selection for

feature accuracy,” Submitted to IEEE Internet of Things Journal, July 2023.

* H. Chen, T. D. Todd, D. Zhao, and G. Karakostas, “Digital twin model selection
for feature accuracy in wireless edge networks,” Accepted for publication in 2023
IEEE 34rd Annual International Symposium on Personal, Indoor and Mobile Radio

Communications (PIMRC), Toronto, ON, CA, 2023, pp. 1-6.



Chapter 2

Background

2.1 Introduction

This chapter provides a brief background on mobile computation offloading (MCO) and
digital twin (DT) concepts in wireless edge networks. First, we start with a brief intro-
duction of mobile edge computing (MEC), its characteristics and advantages. Then, we
overview mobile computation offloading, discussing its challenges. Following this, we in-
troduce digital twins, their applications and advantages. We then discuss DTs for wireless
edge networks and some challenges that arise from their use in this application. Finally,

related resource management issues in wireless edge networks are discussed.

2.2 Mobile Edge Computing

With the rapid development of wireless communication technology and intelligent end user
devices, the use of mobile devices (MDs) as a platform for running a wide range of appli-

cations has increased dramatically. This includes those involving gaming, virtual reality,
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face recognition, and natural language processing. Many of these applications impose
strict demands on computation resources, leading to high MD energy consumption. How-
ever, due to their physical size limitations, MDs are inherently resource-constrained and
possess limited computation capacities and short battery lifetimes. The conflict between
computationally-intensive applications and the lightweight MDs with limited resources
poses a challenge for the development of next-generation networks (Guo et al. (2018)).
Mobile cloud computing (MCC) was once regarded as a promising way to relieve this con-
flict by providing convenient access to a shared computational resource pool in the remote
internet cloud. For latency-sensitive applications however, the long transmission distances
between mobile devices and the remote cloud often makes MCC infeasible (Jiang et al.
(2021a)).

To address this issue, mobile edge computing (MEC) was proposed as a way to inte-
grate cloud computing functionalities into radio access networks (RANs) by having edge
servers (ESs) located close to the base stations (BSs), as shown in Figure 2.1. This was first
proposed by a European Telecommunications Standards Institute Industry Specification
Group (ETSI ISG) in December 2014. Compared to MCC, MEC can help reduce traffic
congestion by offloading computation-intensive tasks to the ESs close to the MDs. In addi-
tion, MEC can reduce the end-to-end latency and MD energy consumption since the energy
consumed for task execution is incurred by the edge server (Wang et al. (2017); Mach and
Becvar (2017)). The main characteristics of mobile edge computing are summarized as

follows.

* Localization deployment: In practical designs, it is often convenient to have the ESs
located close to the wireless base stations (Taleb ef al. (2017); Porambage et al.

(2018)). The deployed servers can operate independently and provide computing

10
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Figure 2.1: Architecture of MEC

services to the MDs. At the same time, the co-located ESs can have access to local

data and resources.

* Proximity: Thanks to the deployed ESs in close proximity to the MDs, an ES can
leverage user information based on the privacy protection mechanisms and analyze
user behavior patterns in order to provide customized services to the users, thereby
enhancing the quality of experience (QoE) (Tran et al. (2017)). Additionally, due to
the reduction of the physical distance, the wireless transmission power of the MDs

can be reduced, resulting in MD energy savings and extended device battery life.

11
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* Reduction of latency: The execution of computational tasks is performed at the wire-
less edge networks in close proximity to the MDs, which avoids the transmission of
task requests over backhaul links and the core internet. This enables MDs to experi-

ence low latency and high bandwidth services.

2.3 Mobile Computation Offloading

Mobile computation offloading (MCO) is an emerging technology to improve MD perfor-
mance by allowing MDs to offload its computation-intensive tasks to a more resourceful
server rather than executing them locally (Noor et al. (2018); Kwon et al. (2016); Ba et al.
(2013)). This can help speed up task execution and help save the energy usage of the MDs.
Since the energy needed for task execution is incurred by the computing server, a reduction
in MD energy consumption can often be obtained (Gu et al. (2019); Zhang et al. (2017);
Shi et al. (2018); Zhou et al. (2019)). Wireless communications is used by the MD to
communicate with the computing server during MCO, which incurs wireless energy use
that would not otherwise exist if the task were executed locally. MCO also incurs added
latency due to the time needed for the MD to interact with the server (Alameddine et al.
(2019); Liu et al. (2021)). Considering the emergence of numerous latency-constrained
applications, offloading to servers located at the network edge is preferred, since it helps
reduce this added latency.

In general, a complete MCO offloading cycle includes three time periods: 1) the up-
loading time of the input data needed for the execution of the computation; 2) the execution
time of the task in the computing server; and, 3) the download time to return the execution
results to the MD. In MCO, the task completion time is often dependent on the uploading

time, since task execution times may be very short due to the powerful execution capability

12
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of the server. The time needed to download the results to the MD may also be fairly short.
Therefore, the data transmission rate and wireless channel conditions may have a signifi-
cant impact on MCO performance (Masoudi and Cavdar (2021); Chen et al. (2020a)).

The question of whether a given task should be offloaded or not is crucial. Further-
more, there is the question of how much of the task should be offloaded (Mach and Becvar

(2017)). In general, MCO decisions may result in the following three cases:

* Local execution: The complete execution of the task is performed locally at the MD.

* Full offloading: The complete task is offloaded by the MD and the execution of the

task is performed at the server.

* Fartial offloading: A portion of the task is executed locally while the rest is offloaded

and executed at the server.

There are several key challenges in mobile computation offloading (Dab et al. (2019);
Sheng et al. (2020); Du et al. (2018); Yang et al. (2019); Zhang et al. (2018); Chen et al.

(2019b)), which are summarized as follows.

* An offloading decision for a given task should be made by considering not only how
it will affect the MD, but also how it will affect other MDs that may also be using

MCO.

* Since the offloading performance can be significantly affected by wireless channel
conditions and capacity, an appropriate allocation of wireless channel bandwidth is
needed when there is contention for this capacity. The random nature of wireless

channel conditions should also be taken into account.

13
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* Since the computing capability of an ES is typically lower than that of an internet
cloud server, an efficient allocation of the ES computing resources may be needed

when there is contention for these resources.

2.4 Digital Twins

A digital twin (DT) is a virtual representation of a real physical system (PS), which can
represent and extend the system’s behavior when interacting with other objects (Vaezi
et al. (2022)). This enables applications to interact with the DT, rather than having them
each communicate with the PS directly. By maintaining synchronization with the PS over
time, a DT can also provide information and enable features that use historical PS data,
which would typically be unavailable otherwise (Lu et al. (2021)). There are many prac-
tical use cases for DTs, including those in industrial manufacturing such as in system
reconfiguration, predictive maintenance, optimization, and consistency checking. These
illustrate the benefits of the DT concept throughout the entire product life cycle (Talkhes-
tani and Weyrich (2020)). DTs have also been successfully applied in many other areas,
such as aviation (Glaessgen and Stargel (2012); Barricelli ef al. (2019)), healthcare and
telemedicine (Wickramasinghe et al. (2021); Erol et al. (2020); Ricci et al. (2021)), smart
homes (Chakrabarty et al. (2020); Cascone et al. (2021)), and smart cities (Lee et al. (2020);
Raes et al. (2021); El Marai et al. (2020)).

Digital twins can provide features that are derived from, and reflect the behavior of its
PS (Barricelli et al. (2019)). When one of these features is made available to an external
application, there is an associated level of accuracy compared to what would be possible
in the ideal case (Vaezi et al. (2022); Shen et al. (2021)). This deviation is referred to

as similarity or accuracy, which is an important performance indicator (Barricelli et al.
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Figure 2.2: An illustration of digital twins

(2019); Vaezi et al. (2022); Tang et al. (2022); Shen et al. (2021)). When feature accuracy
is the highest, a feature is indistinguishable from the best that would be ideally possible.
In practical situations, however, it is often difficult or expensive to realize this level of
similarity. Examples of this is where a “noisy” version of PS state information may be
used as DT input, or when the feature generation includes approximations to reduce DT
computation, so that real-time performance is improved (Vaezi et al. (2022)).

Different DT feature accuracies are defined by different DT models, which describe
how PS inputs are processed so that the feature can be generated. As one would expect,
features with higher levels of accuracy will typically use models that require more input
data from the PS and higher levels of computation at the DT (Stegmaier et al. (2022); Yip-
ing et al. (2021); Lu et al. (2020); Paldino et al. (2022); Wang et al. (2020)). For example,
the work in (Stegmaier et al. (2022)) proposes a DT approach that enables Accuracy-as-a-
Service for resistance-based electrical sensors. In order to reduce costs, DT models with
differing feature accuracy are used in the control of a production system where the sensors

are used.
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The DTs of PSs are commonly hosted at the servers that the PSs are associated with,
as shown in Figure 2.2. Each DT communicates with its associated PS, so that updates in
the PS state can be incorporated into the features provided by the DT. This communication
typically happens periodically and is referred to as synchronization (Han et al. (2022)).
When a synchronization update occurs, the updating process involves uploading of the
transferred data and processing at the server so that any features can be updated and made
available to the requesting applications. As mentioned above, the amount of processing
needed, and the amount of data transferred when synchronization occurs is a function of

the level of accuracy associated with the model and the feature that is being provided.

2.4.1 Digital Twins in Wireless Edge Networks

Synchronization between a PS and its DT is essential for the DT to provide the required
features to the requesting applications. Therefore, appropriate networking support is a crit-
ical component for the DT implementation. In order to keep tight synchronization between
the two, a DT should often be placed at an edge server that is located within the same
wireless network as the PS (Tang et al. (2022); Jiang et al. (2021b)). This helps to reduce
the time needed to interact with each other, compared to placing a DT at a remote cloud
server. A growing amount of work has considered the issues arising from DTs in wireless
edge networks (Dai and Zhang (2022); Lu et al. (2021); Zhou et al. (2022)).

In wireless edge networks, the quality of a DT feature is affected by two main factors,
i.e., the wireless transmission quality between the PS and the ES and the computation
capacity of the ES that hosts the DT. The random nature of wireless channel conditions
and the limited channel bandwidth resources affect the wireless transmission quality and

the data transmission rate from the PS to the ES. Furthermore, since multiple DTs may
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be co-located at the same ES, the synchronization update processing must share the ES
computation capacity, and this can limit the achievable accuracy of the provided features.
It is important to investigate how to provide the best DT feature accuracy under limited
wireless channel and edge computing resources, for a wireless edge network that supports

DTs for a large number of PSs.

2.5 Resource Management

With the rapid development of mobile communications, the number of mobile devices has
dramatically increased, and the requirements for applications running on mobile devices
are also becoming increasingly demanding. Hence, good management of the limited re-
sources is important in order to provide the required MD quality of service (QoS) (Shen
et al. (2022)). In particular, in wireless edge networks, the computation capacity of the ES
located at the BS is typically small, compared to a powerful cloud server. The wireless
channel bandwidth provided to the MDs is also constrained based on a cost budget. For an
edge network that serves a large number of MDs, an issue is how to take the most advantage
of the limited resources (Zhang et al. (2018); Nath et al. (2020); Li et al. (2022a)).

There are several key aspects of resource management that this thesis considers for

MCO and DTs in wireless edge networks, which are listed below.

» Wireless channel allocation: The wireless data rate depends on the wireless chan-
nel conditions. However, the radio resources may be very limited and therefore an
efficient and effective wireless channel allocation is needed in order to satisfy the

stringent QoS requirements of the MDs.
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* Computing resource allocation: In wireless edge networks, a potentially large num-
ber of MDs may need access to ES computing resources in order to meet application
demands. As a result, there may be a significant competition for these limited com-
puting resources. The question of how to allocate the ES computing resources is an

important one.

Note that the mentioned aspects of resource management can be jointly considered
in order to provide better performance (Y1 et al. (2021); Chen et al. (2020a); Zaw et al.

(2021)).
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Chapter 3

Wireless and Service Allocation for

MCO with Task Deadlines

3.1 Introduction

This chapter addresses the problem of assigning computational and wireless channel re-
sources for mobile computation offloading (MCO), subject to task execution completion
time deadlines. It includes formulations for both soft and hard task completion deadlines.
In the hard deadline case, the completion time deadline given for every task must always
be satisfied, i.e., each task must be uploaded and executed by the time that its associated
deadline expires. This is a very stringent requirement, which is accomplished by including
concurrent local execution (CLE) (Hekmati et al. (2020)) into the problem formulation. In
CLE, local execution of the task may be initiated while offloading is ongoing, so that the
task completion deadline is always met. In the soft deadline case, task completion times
are permitted to violate their given deadlines, but the probability that this happens must

be below a given violation threshold (Park ef al. (2016); Li et al. (2022b)). Soft deadlines
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use a statistical deadline constraint and depending on the chosen threshold, the deadline
violation probability can be set as permissively as desired. In the remainder of the chapter,
we define multiple task classes, with class-specific deadlines and constraint violation prob-
abilities. Note that one can view the hard deadline case as a special case of soft deadlines,
where the deadline violation factor is set to zero, meaning that no task deadlines can be
violated. However, the hard deadline formulation requires CLE, which is not needed in the
soft deadline case. As a result, the solution methods in the soft and hard deadline cases are
different.

The inclusion of task deadline constraints significantly increases the difficulty of the
problem compared to that of prior work with no completion time requirements or that uses
a mean delay criterion (Deng et al. (2020); Zaw et al. (2021)). In order to obtain solutions
to the problem, a queuing model is used to obtain the delay distribution experienced by
tasks that are offloaded to the edge server (ES) (Yue et al. (2022); Zaw et al. (2021)). This
model is incorporated into the resulting optimization problems, which are formulated as
mixed integer nonlinear programming problems (MINLPs) that are computationally hard
to solve exactly. Approximate solutions are obtained by decomposing the non-convex non-
linear formulation into a collection of convex subproblems that can be solved efficiently,
and then picking the best of these solutions.

A variety of results are presented that characterize the tradeoffs between task dead-
line violation, average mobile device (MD) power consumption and the cost budget. The
results show the quality of the proposed solutions, which can achieve close-to-optimum
performance for a wide range of system parameters. The results also show that with CLE,
the proposed solution not only guarantees to respect all hard task completion deadlines,

but does so with only slightly higher MD power consumption when compared to the soft
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task completion deadlines solution with a small deadline violation probability. On the
other hand, this chapter shows that there is an apparent trade-off in the case of soft task
completion deadlines between the average power consumption and the deadline violation
probability. Namely, the average MD power consumption of our solution is significantly
reduced when a higher deadline violation probability is tolerable.

The main contributions of this chapter are summarized below.

* This chapter addresses the problem of assigning computational and wireless channel
resources for MCO, subject to task execution completion time deadlines. The work
is the first that generates joint resource assignments for both soft and hard task dead-
lines using very general system modelling assumptions compared to prior work. The
soft deadline case aims to create assignments so that the probability of task comple-
tion time deadline violation does not exceed a given violation threshold. In the hard
deadline case, the work is also unique in that it creates resource assignments where
task completion time deadlines are always satisfied. This is done by incorporating
CLE into the problem formulations. For this reason, this is the first work that ob-
tains system resource assignments for MCO that ensure that task completion time

deadlines are always satisfied.

* Modeling both soft and hard job completion time targets significantly increases the
difficulty of the problem compared to prior work with no completion time require-
ments or that uses a mean delay criterion (Deng et al. (2020); Zaw et al. (2021)). In
both deadline cases, the chapter addresses this by incorporating an ES queueing sys-
tem into the problem formulation that models the delay distribution experienced by
arriving tasks. The assignment problem is addressed by numerically inverting the es-

timated probability generating function of task completion time and incorporating the
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resulting probability density function (PDF) into the optimizations. These resource
assignments are obtained under very general modeling assumptions, where the wire-
less channels are modeled as arbitrary base station (BS) specific sets of Markov pro-

cesses and task execution times have a general probability distribution.

* The problems are first formulated as MINLPs, with integral decision variables for
the number of wireless channels reserved, and a continuous decision variable for
the portion of ES reserved. Even the relaxations of these MINLPs are difficult to
solve, since they are non-convex. Hence, instead of following the common practice
of solving the relaxation and rounding the fractional solution, we break the original
non-convex MINLPs into collections of convex subproblems, that can be solved ef-
ficiently. This is achieved by the discretization of the continuous variable and the
replacement of the discrete channel variables by approximate functions of the con-
tinuous blocking probabilities. Our solutions are approximate, and their accuracy
depends on both the discretization granularity and the approximation functions used
for blocking probabilities. On the other hand, they are based on very general as-
sumptions, i.e., the existence of convex upper bound approximations of the inversion
of blocking probabilities. The more restricted the system model is, the better these

approximations are.

The rest of this chapter is organized as follows. In Section 3.2 the prior work most
related to this chapter is reviewed. The system model and problem formulation is then
described in Section 3.3. In Section 3.3.1, the general design problem is first considered
assuming soft task completion time deadlines, where the probability of deadline violation is
bounded. Following this, in Section 3.3.2 a formulation is described when task completion

times are subject to hard deadlines. The problem formulations in both cases are non-convex
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and difficult to deal with directly using conventional optimization approaches. In Section
3.4, approximation solutions are proposed where the original problems are decomposed
into convex subproblems that can be efficiently solved. Both the soft and hard deadline
cases are considered in Sections 3.4.1 and 3.4.2. Section 3.5 then introduces some common
system assumptions used in the remainder of the chapter when solving the optimizations.
Both the soft and hard deadline cases are then treated in detail in Sections 3.5.1 and 3.5.2.
In Section 3.6 simulation results that demonstrate the proposed designs are given. Both the
single class and multiple classes of tasks cases are considered in Sections 3.6.1 and 3.6.2.

Finally, we present a summary of this chapter in Section 3.7.

3.2 Related Work

A large amount of prior MCO work considers the problem based on system state inputs
sampled at task generation times, i.e., the models assume that the system is static through-
out the offload period (Mufioz et al. (2015); Du et al. (2018); Yang et al. (2019); Zhang
et al. (2018); Chen et al. (2020b); Nath et al. (2020); Chen et al. (2019b); Mu et al. (2020);
Dab et al. (2019); Chen et al. (2020a); Geng et al. (2018); Chen et al. (2018); Masoudi and
Cavdar (2021); Apostolopoulos et al. (2023)). Instead, the work in (Yue et al. (2022); Deng
et al. (2020); Zaw et al. (2021); Li et al. (2022b)) considers that the wireless channels may
change randomly during the offload.

When considering task offloading completion time, a latency minimization problem
is investigated in (Ren et al. (2018)), average delay of task completion is considered in
(Deng et al. (2020); Zaw et al. (2021)), a user satisfaction utility function is optimized in
(Apostolopoulos et al. (2023)) based on the desired and actual task completion time and

energy consumption. When tasks have hard delay constraints, the system may become
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Table 3.1: Related Work Summary

References

Joint channel and
computation
resource

Soft task
deadlines

Hard
task
deadlines

Resource
expense

Temporal
evolution

assignment

Chen et al.
(2020a); Chen
et al. (2019b);

Mu et al. (2020);
Masoudi and
Cavdar (2021)

Chen et al.

(2020b); Ren v
et al. (2018)
Yi et al. (2021) v v
Deng et al.
(2020); Zaw v
et al. (2021)
Yue et al. (2022) v
Li et al. (2022b)
This chapter

NEN
S ENENEEEN

infeasible (Chen et al. (2020a, 2019b); Mu et al. (2020); Geng et al. (2018); Yue et al.
(2022); Masoudi and Cavdar (2021)) and tasks can be dropped (Yue et al. (2022)) when
the required hard task completion time cannot be satisfied.

Instead of considering a flow of tasks with random arrival times, as in this chapter, (Li
et al. (2022b)) makes offloading decisions for tasks in the current time slot, where task
offloading with statistical quality of service (QoS) guarantees (i.e., tasks are allowed to
complete before a given deadline with a probability above a given threshold) is considered.

Besides task completion time, reducing energy consumption is another common ob-

jective in mobile computation offloading. Examples of this include minimizing the total
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energy consumption of all MDs (Mu et al. (2020); Geng et al. (2018)), minimizing the en-
ergy consumption of the entire MCO system (Chen et al. (2019b)), or optimizing a utility
function that is a weighted sum of task completion time and energy consumption (Chen
et al. (2020b); Nath et al. (2020); Chen et al. (2018)).

Prior work has considered the optimization of communication and computation re-
sources to improve MCO performance (Munoz et al. (2015); Du et al. (2018); Yang et al.
(2019); Zhang et al. (2018); Chen et al. (2020b); Nath et al. (2020)). The work in (Chen
et al. (2019b); Mu et al. (2020); Chen et al. (2020a); Masoudi and Cavdar (2021); Yi et al.
(2021)) focuses on the effect of radio resource allocations on offloading decisions. More
specifically, task uploading decisions are jointly optimized with wireless channel assign-
ments (Chen ef al. (2020a, 2019b); Yi er al. (2021); Masoudi and Cavdar (2021)), channel
transmission time scheduling (Mu et al. (2020); Yi et al. (2021)), and MD transmission
power allocations (Chen et al. (2020a); Masoudi and Cavdar (2021); Yi et al. (2021)) for
the task uploading. Comparing to binary offloading decisions, where an MD either offloads
the entire task to the edge server or executes the task locally, partial offloading provides
more flexibility in MCO (Chen et al. (2020b); Apostolopoulos et al. (2023); Peng et al.
(2021); Feng et al. (2021); Cao et al. (2019); Mu et al. (2019)).

Table 3.1 summarizes the work described above that is most related to this chapter, and

compares it to this chapter on five key properties:

Joint channel and computation resource assignment: The column denotes work where
channel and computation resource assignments are jointly generated. Our work dif-
fers from the rest in that we assign aggregate channel resources from the network
operator to each BS so that it can support its associated mobile device population,

1.e., we do not allocate channel and computation resources of each BS and ES to
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individual MDs.

Soft task deadlines: The work selected in this column considers some form of soft (i.e.,
statistical) task deadlines. However, the models we use in this chapter are quite dif-
ferent with more general underlying assumptions. Since our soft deadline model
aims to set bounds on the probability of task deadline violation, we model the com-
plete delay distribution experienced by executed tasks. This includes the BS channel
delay (which is modeled by BS specific Markov processes) and the queueing delay

experienced at the ES, where execution times can have a general distribution.

Hard task deadlines: Although there is other work selected in this column, a significant
difference exists compared with this chapter. Our work always satisfies all hard task
deadlines by incorporating the CLE mechanism into the modeled system. The related
work, instead, considers the existence of hard deadlines as a problem constraint that

may result in problem infeasibility, which can never happen in our case.

Resource expense: This column denotes work where the resources provided to the MDs
are charged by a third-party (e.g., network operator). The work selected considers
computational resource expense but not on the wireless BS side. A network profit
maximization problem is studied where an expense budget is not considered, unlike

the case in our work.

Temporal evolution: Temporal evolution means that the offload periods may include
stochastic changes to the wireless channels and the ES, so that this information must
be modeled in the problem formulation, as in our work. The randomness modeled in

the selected work has different underlying assumptions compared to our work.
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3.3 System Model and Problem Formulation

As shown in Figure 3.1, we consider a network that consists of N BSs that are owned and
operated by a network owner (NO). The set of BSs is denoted by N' = {1,2,..., N} and
indexed by n € N. The network also contains an ES. Tasks generated by an MD can be
offloaded through the wireless network and executed on the ES.

The NO permits a network leaseholder (NL) to rent wireless communication and ES
computational capacity that the NL can use for mobile computation offloading for its MDs.
When this is done, for each BS n, there are up to K, available channels that can be selected
by the NL. The cost of renting a channel from BS n is set by the NO to «,,. When a channel
is included in the agreement, the NO agrees to provision its network so that sufficient
resources are available to allow the traffic generated on the channel to be carried to the ES
with an acceptable delay with a high degree of certainty. Since the ES is located at the edge
of the network, we focus on the dominant sources of delay, i.e., wireless access at the BSs
and task execution at the ES (Huawei Inc. (2016)).

In order to use the computing resources at the ES, the NL must also lease CPU resources
at the ES. The cost (based on the number of CPU cycles per second) for leasing on the CPU
resource is denoted by 3. The maximum available CPU speed for rental is f© CPU cycles
per second.

When an agreement is made between the NO and NL, z,, is defined as the number of
channels from BS n that are included, and y € [0, 1] is defined as the fraction of maximum
CPU speed at the ES that is included, i.e., the CPU speed available for the NL will be 3/ f.

It is assumed that the NL has a cost budget, denoted by B™**. Accordingly, the total rent
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Edge Server (ES)

Figure 3.1: System Model

must satisfy the following constraint:
Sonly Qny + By fC < BUeX, (33.1)

There are J classes of tasks generated by the MDs, which may need to be offloaded to
the ES. Let 7 = {1,2,..., J} be the set of task classes. The class j of a task is defined by
parameters s;, g;, and d;, where s; is the input data size in bits, g; is the computation load
in number of CPU cycles, and d; is the deadline of the task in seconds. In what follows,
d; = |d;/7] is the task deadline rounded down to time slots of the same duration 7 as the
wireless transmission time slots (see below). The probability of a task generated by an MD
belonging to class j is denoted by ch; we assume that this probability is known, e.g., by

observing the past history of offloading requests.
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Our objective is to create a NO/NL contract for MCO. In MCO, tasks generated by an
MD can be executed either locally (at the MD itself) or offloaded through the network and
executed on the ES. We focus on two goals, each depending on how hard the task deadline
constraint is. Our first goal is to accomplish this so that the mean mobile power consump-
tion is minimized subject to the cost budget constraint and such that the probability that
task execution deadline violation is bounded, i.e., the deadline constraints can be violated,
1.e., deadline constraints are soft. Our second goal is to create a power-efficient, budget-
respecting assignment that respects all task deadlines, i.e., deadline constraints are hard;
for that purpose we will employ CLE (Hekmati et al. (2020)).

We model the wireless channels between the MDs and the BSs as discrete-time Markov
processes. It is assumed that there are /,, channel models for BS n, which are a function of
the radio propagation environment that the MDs experience at that BS. Z,, = {1,2,...,I,,}
is the set of all wireless channel models in BS n. For each of the channel models, the
Markovian transition probabilities are defined in the usual way, i.e., given the channel state
in the current time slot, there is a probability associated to its transition to another state
in the next time slot. The time slot duration is defined to be 7 seconds. A class j task,
offloaded to BS n by the MD, encounters channel model £ with probability PTS 1> as with
task generation probabilities ch above, we assume that this probability is also known, e.g.,
by observing the past history of offloading requests.

To obtain the design, the decision to offload the execution of a task is made using a
local execute on blocking (LEB) mechanism as follows. When an MD in BS n generates
a class j task, the MD offloads the task if at least one of the x,, channels is available for
immediate use. Otherwise, the MD executes the task locally. When a channel is available,

the MD begins the offload by uploading the s; task bits needed for execution on the ES.
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The LEB mechanism is useful in that either local execution or remote offloading is initiated
immediately at task release time, which may be advantageous when task deadlines are tight.
It also provides a simple mechanism for assessing when the current level of local congestion
is high, which would suggest that local execution is beneficial.

Tasks arrive at BS n according to a stationary process with average arrival rate \,, tasks
per second. According to the LEB mechanism, a new task is blocked from BS channel
access if all the z,, channels are busy with uploading other tasks. We denote the task
blocking probability at BS n by Pg,,(x,,), which is a function of z,,. For the sake of notation
simplicity, we use Pg, in the rest of the chapter. Let p" be the power needed in the MD to
process tasks. When a class j task is blocked from offloading and executed locally, the local
execution time is given as L; = ¢;/f, where f is the MD’s execution speed in number of
CPU cycles per time slot'. Define L as the average local execution time of tasks. Since the
task blocking is caused by channel access, which is the same for all task classes, we have
L= Z}]:1 PjCLj. The average energy consumption for executing a task locally is given by
p* L. Consider all the tasks that are generated in BS n and blocked from offloading in one

second, then the mean energy for executing these tasks locally is
Eyy(2n) = Pandap"L, (33.2)

which is the average power consumption of the MDs.
The wireless upload transmission time ¢’ ;1 of a jth class task in BS n when the wireless

channel model is k, is measured in time slots. The mean wireless upload transmission time

v

njk for jth class tasks in BS n according to channel model % can be calculated, since

! L; is normally measured in CPU cycles, but in order to apply CLE and to simplify the system, we round
it up to a multiple of 7.
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PrtWV.

njx = || can be computed for all / from channel model k. Moreover, the mean wireless

transmission time #\" for BS n is

J In
=2 D PUPG (3.3.3)

=1 k=1

Under the stated assumptions, the aggregate mean task arrival rate A at the ES is given
by
A=300 (1= Poa) . (3.3.4)

As is normally the case for stability in a single server queueing system, the following
constraint must always be satisfied,

A< u®, (3.3.5)

where 1© denotes the mean service rate at the ES, i.e, u© = yf¢/ ijl chqj. As will
become clear later, we can relax this constraint to A < yf¢/ Z}le PJ-qu without affecting
our proposed solutions.

Let tf; ;1 be the delay (including both queueing and execution time) experienced by a
7th class task from BS n at the ES, under wireless channel model k. It takes continuous

values, and Pr[tS ., < t], forany ¢ > 0, is a function of \ and x©. In what follows, fg,jvk is

n,j,k
the discretization of tfi ik measured in time slots; its distribution is calculated by
< br] — Pr[t¢

Prity . = b] = Prlt;, < (b—1)1] (3.3.6)

n,j,k n,j,k —

for any number of time slots b > 0.
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3.3.1 Problem Formulation with Soft Deadlines

We consider the distribution of total delay for an offloaded task, which is the sum of the

data upload delay t ;. and the task execution at ES delay t¢ ., for BS n, task class j, and

n,j,k
channel model k. Note that both delays are random variables. As mentioned earlier, the
data transmission delay from the BS to the ES is negligible. In addition, in this chapter we
consider the case of a very small amount of data returned once the execution is completed,
and, therefore, we consider only uploading delays between MD and BS.

We now give a formal definition of soft task deadlines. Following common practice

(e.g., Park et al. (2016)) in modelling soft deadlines along the lines of QoS requirements, a

jth class task in BS n under wireless channel model £, must have a total delay satisfying
Pr [tn]k+tnjk<d] 1 —¢j, (3.3.7)

where 0 < g; < 11s the (given) tolerated probability that the completion time of a class j

task exceeds its deadline.? Note that tVV,

n.j.1; takes discrete values (number of time slots), ¢

’ n g,k
takes discrete values (number of CPU cycle periods), while d; is continuous (in seconds),
so (3.3.7) assumes that all quantities are first converted to secs. Its LHS is a function of

Tns Y.

The joint probability distribution of total delay is

lmax

Prity  + 15, < ZPrtwk—l Prtl,, < d; — 7], (3.3.8)

where Iy = | (d; — q;/yf€)/7] is the maximum value that [ can take, since ¢, /yf© is the

execution time at the ES without queueing.

2The case €; = 0 corresponds to the case of hard deadlines, and will be dealt with in the next section.
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The average power consumption of MDs in BS n to upload tasks that are granted chan-

nels for offloading is

EX(z,) = (1 — P,)\p"t), (3.3.9)

where p! is the transmission energy per time slot used by the MD for uploading the task
bits. Therefore, the expected average power consumption of the MDs for uploading and
executing tasks arriving at BS n is EX(z,) + EX (z,).

Our objective is to create an allocation that minimizes E-(x,) + EJ (z,,) under the
cost budget and deadline constraints (4.7.1) and (3.3.7). The problem can be formulated as

follows:

N

min » [E}(z,) + Ej (z,)] st (3.3.10)
Y n=1
N
> ana, + BfCY < B™™ (3.3.11)
n=1
Prity  +ty < dj] >1—¢;, Vn,j,k (3.3.12)
J
(f9/ > PCq)y > A (3.3.13)
j=1
1, €{0,1,...,K,}, VneN (3.3.14)
0<y<lL. (3.3.15)

Constraints (3.3.11) and (3.3.12) are constraints (4.7.1) and (3.3.7). Constraint (3.3.13) is
the (relaxed) queue stability requirement for ES; it is equivalent to (3.3.5), since equality
leads to infinite mean queueing delay, which is never optimal. The optimization prob-
lem (3.3.10)-(3.3.15) is a MINLP problem. Constraint (3.3.14) ensures that the number of

channels assigned does not exceed the maximum number available in each BS. Even the
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fractional relaxation of MINLP problem (3.3.10)-(3.3.15) is non-convex, due to its objec-
tive and constraints (3.3.12), and, as a result, it is computationally inefficient to solve it

exactly. Hence we are going to propose approximate solutions for it.

3.3.2 Problem Formulation with Hard Deadlines

For the case of hard deadline constraints, i.e., when the task deadline must be respected, we
employ CLE (Hekmati et al. (2020)). In CLE, local execution of the task may be initiated
while offloading is ongoing, so that the task deadline is always met, even if offloading fails
to finish in time due to the stochastic nature of the wireless channels. Guaranteeing task
completion before its deadline may incur additional costs (due to potentially simultaneous
local and remote execution of the same task).

When CLE is employed, and in order to ensure that the local execution of a task from

class j finishes by its deadline, the latest feasible starting time for local execution is
ty =d; — L+ 1. (3.3.16)

The expected wireless transmission power is still given by (3.3.9). However, due to
the overlap of offloading and local execution because of CLE, there is an extra mean power
consumption due to a (potential) overlap with local execution. This expected overlap power

consumption is

ES 1 (@n,y) = (1= Paa)Ay - Z ZPrtmk NPiC =t — 1] - p(t — 1% + 1),

ttL =1

g, t-T ]

(3.3.17)
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where t is the number of time slots needed to complete the offloaded task, and (¢ — t]L +1)

is the offloading and local execution overlap. Note that Pr[tC ., =t — [] is a function of x,,

n,g,k
and y.
In case the task offloading goes beyond the finish of the local execution of a task, there

is an extra power consumption incurred, whose expected value is

=[]
+00 yf
EY p(@ny) = (L= Pa)ha- Y > Prty,, =1PrffS,, =t —p"L;. (3.3.18)
t=d;+1 =1
Hence, the expected power consumption of MDs for offloaded tasks in BS n in one second
is

In

ES(zn,y) = EX (2, +ZZPCP CRES k(@ y) + EP (e y)],  (33.19)

7=1 k=1

and the expected power consumption of MDs for tasks arriving at BS n in one second is
Ey(x0) + B (2n, y)-
As before, our objective is to minimize the total expected power consumption of the

MDs for uploading and executing the tasks that are generated in one second, but now
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subject to hard deadline constraints. The problem is formulated as follows:

N
min Y "[E}(z,) + Ey (20, y)] s.t. (3.3.20)
Y n=1
N
>z, + Bf% < B™ (3.3.21)
n=1
J
(f9/ PPa)y > A (3.3.22)
j=1
1, €{0,1,...,K,}, VYneN (3.3.23)
0<y<l. (3.3.24)

3.4 General Approximate Allocation Solutions

In this section, we propose approximate solutions for optimization problems (3.3.10)-
(3.3.15) and (3.3.20)-(3.3.24), by decomposing them into convex optimization subprob-

lems which can be solved efficiently.

3.4.1 Approximate Solution for Soft Deadlines

In this subsection, we propose an approximate solution for the optimization problem
(3.3.10)-(3.3.15) by decomposing it into several convex subproblems that can be solved ef-
ficiently, solve them, and then keep the best solution. More specifically, we discretize vari-
able y € [0, 1] by breaking [0, 1] into Y equal segments, so that y takes values y, = a/Y,
fora = 0,1,...,Y. With y fixed, we show that the relaxation of (3.3.10)-(3.3.15) can be
approximated by a convex optimization problem, which can be solved in polynomial time.

The resulting (fractional) z,,’s are then rounded to integer values (and this is another source
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of suboptimality for our solution method). After solving the resulting Y + 1 problems, we
output the minimum solution z*, y*. Obviously, the quality of the approximation depends
on the discretization parameter Y .

We consider the relaxed version of problem (3.3.10)-(3.3.15), i.e., constraint (3.3.14)
has been replaced by z,, > 0,Vn. With y fixed, we show that the non-convex problem
(3.3.10)-(3.3.15) can be transformed into an equivalent convex optimization problem with

the Pg,,’s as the decision variables.

Lemma 1. When y is fixed, constraints (3.3.12), (3.3.13) can be replaced by constraint

N
D (1= Paa)h SN (3.4.1)

n=1

Proof. Note that Pr[tnw,j,k: + tgm < d;] is a monotonically decreasing function of the ag-
gregate mean task arrival rate \. Hence, by binary search in the range [0, 37 f©/ Z;}:l chqj],
we can approximate within any desired accuracy the maximum possible value of A that sat-

isfies constraints (3.3.12) for all n, j, k. Let \* be this maximum value (note that \* < .,

so stability is ensured). Using (3.3.4), the lemma follows. L]

Next, we note that the blocking probability Fg,, is monotonically decreasing in z,,. Let

PRin be the blocking probability when x,, = K,,. Then we have the following

Lemma 2. When y is fixed, constraints (3.3.14) can be replaced by the equivalent con-

straints
PRt < Pp, <1, Vn €N, (3.4.2)

Constraint (3.3.11) is the only remaining constraint with an explicit dependence on the
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xy’s. Since Pp, is a function of z,, one could potentially use its inverse to replace x,,
with a function of Pg,,. However, such an inversion function may not exist explicitly (and
even if it does, it may be non-convex). In its stead, we can use a convex upper bound

approximation F’ of the inversion of blocking probability, so that

Zn < F(Pg,), Yn € N. (3.4.3)

Hence, the new convex optimization problem that approximates the original one when ¥ is

fixed, is the following:

N

min [EY(Ppy) + Ef (Pn)] s.t. (3.4.4)
B

n=1

N
>, F(Py,) < B™ — BfCy (3.4.5)

n=1

N
D> (1= Paa)hy <N (3.4.6)

n=1
PRin < Py, <1, Vn € N. (3.4.7)

After solving (3.4.4)-(3.4.7) and obtaining the Pg,,’s, we can compute the largest integral
x* which achieves a blocking probability equal to or bigger than Pg,, for alln € N.

Algorithm GCASD (cf. Algorithm 1) codifies the solution method described above.

Theorem 3. Algorithm GCASD runs in O(Y (L +log %C + N log Kyax)) time, where O(L)

is the running time for solving convex program (3.4.4)-(3.4.7).

Proof. Line 4 of the algorithm applies binary search in [0, 4] in order to get a \* within e of
the optimal and takes time O(log %) Line 5 solves the convex problem (3.4.4)-(3.4.7) in

time O(L), e.g., by interior point methods (cf. Ch. 11 of Boyd and Vandenberghe (2014)).

38



Ph.D. Thesis — H. Chen McMaster University — ECE

Algorithm 1 General Case Approximation for Soft Deadlines (GCASD)

Input: )\napTvpL7 O,y Kn7 67 fLa fcv Y7 S35 d]a qj, €5, -PJC7 Pncj:'j,k’ PDFs of twv tc
Output: resource assignments z*, y*

1: cost®™ = o0

2: foralla=0,...,Y do

3: y=a/Y

4: Obtain \*, the upper bound of ), by binary search in [0, 1.¢]
5: [Pg, cost| = [solution, objective] of (3.4.4)-(3.4.7)

6 Ziny = Max integral x with blocking probabilities > Py

7 if cost < cost* then

8: T = T, Y* = y; cost™ = cost

9: end if
10: end for

11: return z*, y*

Line 6 takes time O(N log K.« ), by applying binary search in the range [0, K.y for each
Tn,n = 1,2,..., N (recall that K, is the largest K,). Hence every iteration of the for-
loop of lines 2-10 runs in time O(L + log % + N log Kpnax), and there are O(Y) iterations

(recall that Y is the granularity of y). The theorem follows. [

3.4.2 Approximate Solution for Hard Deadlines

In this subsection, we use a similar approach in order to solve (3.3.20)-(3.3.24). Here we
decompose the original problem into several subproblems by discretizing both variable y
as before, and A. Then, for every possible (fixed) pair (y, A), the non-convex problem
(3.3.20)-(3.3.24) can be transformed into a convex optimization problem with Pg,, as its
decision variables, which can be solved in polynomial time. By calculating the pair (y*, \*)
whose subproblem achieves minimum average power consumption, integer values z; for
the original optimization problem are obtained from Fp,,.

In more detail, we discretize y € [0, 1] by breaking [0, 1] into Y equal segments, and
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then we discretize A € [0,yf¢/ Z}]:1 P{q;] by breaking interval [0,y f¢/ Z}]:1 PP
into A equal segments. At iteration (m, i) of this discretization, y = y™ and A = \(

are fixed. Then Pr[t¢

mik =1t — [] can be calculated directly for any ¢ and [, and the original

optimization problem (3.3.20)-(3.3.24) becomes

N
min Y [E}(z,) + Ey ()] s.t. (3.4.8)
n=1
N
D any < B — By (34.9)
n=1
N
(1= Pgo)A, < AV (3.4.10)
n=1
r, €{0,1,...,K,}, Yn e N. (3.4.11)

This is still a non-convex non-linear integer program, which cannot be solved efficiently.

As in Section 3.3, and by using (3.4.2)-(3.4.3), it becomes

N
min » _[E;(Pa) + Ey (Pa)] st (3.4.12)
B
n=1
N
> anF(Pgy) < B™ — BfCytm (3.4.13)
n=1
N
> (1= P, <AV (3.4.14)
n=1
PEin < Py, <1, Vn e N. (3.4.15)

Problem (3.4.12)-(3.4.15) is a convex program and can be solved efficiently. Hence, we
can obtain the optimal blocking probabilities P, , corresponding to a pair (™, \)). We

can compute the largest integral x7, which achieves blocking probabilities no smaller than
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Algorithm 2 General Case Approximation for Hard Deadlines (GCAHD)

Input: X,,p",p" o, Ko, B, %, f€,Y, 5;,d;, 45, A, Pf, Py . PDFs of tW ¢
Output: resource assignments z*, y*
1: cost* =00, y=0,A=0
2: while y < 1do
3 while A < yf€/>>7 | PCq; do
4 [Pg, cost] = [solution, objective] of (3.4.12)-(3.4.15)
5: Tiny = max integral x with blocking probabilities > Py
6
7
8

if cost < cost* then
T = T, Y* = y; cost™ = cost
end if

J  pC
yfc/z'zl P; Qj
9: A=A+ -

10: end while
1 y=y++
12: end while

13: return z*, y*

P, for all n € NV, by using binary search based on the fact that the Pg,,’s are decreasing
functions of the z,,’s. After collecting the solutions for all iterations (m,7), we output the

minimum cost one x*, y*.

Algorithm GCAHD (cf. Algorithm 2) codifies the solution method described above.

Theorem 4. Algorithm GCAHD runs in O(Y A(L + N log Kax)) time, where O(L) is the

running time for solving convex program (3.4.12)-(3.4.15).

Proof. Line 4 solves convex problem (3.4.12)-(3.4.15) in time O(L£), e.g., by interior point
methods (cf. Ch. 11 of Boyd and Vandenberghe (2014)). Line 5 takes time O(N log Kax),
by applying binary search in the range [0, Ky,.,] for each z,,n = 1,2,... N (recall that
K hax 18 the largest K,,). Therefore, an iteration of the inner while-loop (lines 3-10) takes
time O(L + N log Kp.ax), for a total of A iterations, while the outer while-loop (lines 2-
12) runs for a total of Y iterations (recall that Y and A are the granularity of y and A

respectively). The theorem follows. [
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3.5 Task Arrival and Offloading Assumptions

In the remainder of this chapter, we assume that tasks arrive from the MDs at BS n ac-
cording to a Poisson process with mean arrival rate \,,. The Poisson process assumption
is commonly made in this type of situation, since the number of mobile devices in a given
coverage area is typically quite large, each contributing to a small fraction of the total load
(Khintchine (1932)). In this case, we can invoke the insensitivity property of the Erlang B
formula, to compute the probability of blocking at each BS (Burman (1981)). Note that,
typically, the Erlang B result is derived using the M /M /N/N Markovian queue, which
assumes exponentially distributed channel upload (i.e., service) times (Daley and Servi
(1998)). Due to insensitivity, the result holds for any service time distribution with the

same mean. Therefore, the blocking probability for a task arriving at BS n is

Tn Tn T -1
nGAEG) e
where 1. denotes the mean service rate, which can be calculated by ;" = 1/{%. Function
(3.5.1) is convex in x,, (Messerli (1972)).

Note that due to the Poisson process task arrival assumption, the channel state sampled
by arriving tasks is given by the steady-state equilibrium probability distribution of the
Markovian channel at that MD. This follows from the PASTA rule (Wolff (1982)).

We assume that the aggregate task arrival process at ES is Poisson (Shanbhag and Tam-
bouratzis (1973)), and, therefore, arriving tasks sample the asymptotic equilibrium state
distribution of ES. This approximation is justified due to the mixing of arrivals at ES from

BSs operating independently. In this case, ES can be modeled as an M /G /1 queue, whose

waiting time is given by the random variable w®. Given A and knowledge of the data
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upload distribution, the distribution of w® can be obtained by numerical inversion of the
probability generating function of system waiting time for M/ /G /1 (Khintchine (1932)). In
this case, the execution time of a task at the ES depends only on which class it belongs to,
ie., t,cwk = tJC, for all n and k, and tjc = w® + ¢;/yfC. Thus, Pr[tmyk + tjC < d;] can be
easily obtained.

When applying algorithms GCASD (Algorithm 1) and GCAHD (Algorithm 2) in this
case, the upper bound F' used in problem (3.4.4)-(3.4.7) and (3.4.12)-(3.4.15) becomes

Berezner et al. (1998):

An
< —(1—-P —_— . 5.2
3.5.1 Approximation with Soft Deadlines
In this case, problem (3.4.4)-(3.4.7) becomes:
N
min [EX(Pg,) + EX(Pg,)] s.t. (3.5.3)
B
n=1
A 1
n max C
;an<ﬁ<1 = Poa) + ) < B - B[y (3.54)
N
> (1= Paa)dy <N (3.5.5)
n=1
Pyin < Py, <1, VnenN. (3.5.6)

Problem (3.5.3)-(3.5.6) is convex, and Algorithm 1 can be implemented efficiently accord-

ing to Theorem 3.
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3.5.2 Approximation with Hard Deadlines

In this case, problem (3.4.12)-(3.4.15) becomes

N
min > [5,;(Psn) + B, (Psa)] st (3.5.7)
B
n=1
Yoo 1
n(—v (1 — Pan < pmax — gfOytm) 3.5.8
2 a1 = Fon) ) < By (3.5.8)
N
D (1= Pay)h, <AV (3.5.9)
n=1
PN < Py, <1, VneN. (3.5.10)

Problem (3.5.7)-(3.5.10) is convex, and Algorithm 2 can be implemented efficiently ac-

cording to Theorem 4.

3.6 Simulation Results

In this section, we present simulation results to demonstrate the performance of our pro-
posed algorithms GCASD (Algorithm 1) and GCAHD (Algorithm 2). We adopt the two-
state Gilbert-Elliot channel model (Gilbert (1960)), i.e., the channel states change by fol-
lowing a Markov chain with two states, “Good” (G) and “Bad” (B). This model is com-
monly used to characterize the effects of burst noise in wireless channels, where the chan-
nel can abruptly transition between good and bad conditions (Blazek and Mecklenbriauker
(2018)). The Gilbert-Elliot channel is a difficult one for computation offloading algorithms
to deal with compared to those where there is much more correlation in the channel quality
as the offloading progresses. Let B, and By, respectively, be the data transmission rate

when the channel is in the G and B states. We consider that all channels have the same B,

44



Ph.D. Thesis — H. Chen McMaster University — ECE

and B, values but differ in their state transition probabilities that result in different propa-
gation models. The transition probabilities for propagation model & in BS n are denoted as
PSS PA3. PP, and PP, In each time slot, the channel state Markov chain transitions
in accordance with these probabilities. Denote 7TS: . and 7r,li 1> Tespectively, as the stationary
probabilities of a channel in BS n for propagation model & being in the G and B states.
Two sets of simulations are performed with set 1 for single class of tasks and set 2 for
multiple classes of tasks. Default parameters used in the simulations are summarized in
Table 3.2. The parameter settings that we use were taken from the references (Yi et al.
(2021); Masoudi and Cavdar (2021); Yue et al. (2022)). These references summarize pa-
rameter settings for various types of applications including those that are inherently delay
sensitive, such as gaming, face recognition and healthcare use. We intentionally use a wide

range of parameter values based on the referenced ranges so that we can make conclusions

that apply in general settings.

Table 3.2: Default Parameters

Parameter Value in set 1 \ Value in set 2

T 1s
- 250 mW
pr 2.5 mW
An 11, 13, 15 tasks/s
K, 15, 15, 20
o, ,1,1$
3 0.3x107°$ 025x107°%
fC 75M cycles/s 200M cycles/s
f IM cycles/s 2M cycles/s

Bmax 140 $ 90 $

Bg, By | 2M, 0 bits per time slot | 5M, 1M bits per time slot
55 2M bits 5M, 10M, 15M bits
d; 45 6,11,16s
q; 3M CPU cycles 10M, 20M, 30M CPU cycles
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3.6.1 Simulation set 1: single class of tasks

In this subsection, we will assume that all the tasks generated at the MDs have the same
data size s and same computation load ¢, i.e., s; = s and g; = ¢ for all j. When the channel
is in the G state, the transmission rate of the wireless channel allows a task to be uploaded
within one time slot; while when the channel is in the B state, the data transmission rate
is zero. Since there is only one class of the tasks, subscript j can be dropped from the
notation.

Let t}zk be the time needed for uploading a task in BS n with channel model k. The
probability that one task in BS n with channel model &k can be uploaded in [ time slots is
given as follows

T when | = 1
Prlty, =1 =q (3.6.1)
’ B PBBT2PBG when | > 2
The mean wireless transmission time of a task in BS n uploaded through a channel with
propagation model & can be calculated as follows
PSP

. . (3.6.2)
PP+ PIS PR

BV = 1Pty =1 =1+
=1

Based on this, the mean wireless transmission time of the tasks in BS n is fxv =
In P Y., where P7, is the probability that a task in BS 7 is uploaded through a
channel with propagation model k.

With a single class of tasks, the ES server becomes an M/D/1 queueing system,
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tC

n

k= t© for all n, j and k, and the distribution of delay is given by Franx (2001)

o .

Pr[tC < ] = (1 - ic) WZJ wff“f‘”f’ (363)
L g z!

where ¢ = yf¢/q.

For comparison, we also run a discrete event simulation (DES) of the system using the
x,’s and y solutions obtained from the proposed algorithms to validate our model assump-
tions, and these solutions are denoted as DESSD and DESHD, respectively, for the soft
deadline (SD) and hard deadline (HD) cases. In addition, we simulate a DES-based OPT
scheme for each proposed algorithm as follows. For GCASD, we first obtain all the possi-
ble combinations of x,,’s under constraint (3.3.14); for a given combination of x,,’s, we can
obtain the solution of y based on (3.3.11) and (3.3.15), and then check if constraint (3.3.13)
is satisfied based on the current set of x,,’s and y. If not, we go to the next set of x,,’s and
repeat this procedure. If it is satisfied, we use this set of x,,’s and y to run the DES for the
system, and then check if (3.3.12) is satisfied. If not, we proceed to the next combination
of x,,’s and repeat the above procedure. If the constraints are satisfied, we save the obtained
average power. After going through all the possible combinations of z,,’s, we obtain the
minimum average power and the corresponding x,,’s and y. For GCAHD, we first obtain
all the possible combinations of x,,’s under constraint (3.3.23); for a given combination of
T,’s, we can obtain the solution of y based on (3.3.21) and (3.3.24), and then check if con-
straint (3.3.22) is satisfied based on the current set of z,,’s and y. If not, we go to the next
set of x,,’s and repeat this procedure. If it is satisfied, we use this set of z,,’s and y to run
the DES for the system. Then, we save the obtained mean power consumption. After going

through all the possible combinations of x,,’s, we obtain the minimum average power and
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the corresponding x,,’s and y.

In the simulation, we consider a cellular network consisting of 3 BSs. There are two
propagation models at each BS with transition probabilities Py'* = 0.9, PY5 = 0.7,
PPP = 0.1, and PP} = 0.3 for n = 1,2,3. The probabilities of the different channel
models in BS 1 are Plcfl = 0.8 and PSZ = 0.2; and those in BSs 2 and 3 are Pf’l = 0.5,
Py = 0.5, Py, = 0.2, and Py}, = 0.8.
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Figure 3.2: Average power consumption versus cost budget (Single class of tasks)

Figures 3.2a and 3.2b show the average power consumption of MDs versus B™** for
the SD and HD cases, respectively. In Figure 3.2a, when the tolerable violation of latency
€ is 1%, the average power consumption of MDs is a constant for all the solutions. This
is because all the tasks are executed locally regardless of the cost budget, since the tight
delay constraints cannot be satisfied if a task is offloaded. When ¢ is 3% or 5%, some tasks
are allowed to be offloaded, and the average power consumption of the MDs decreases
with B™#* for all the solutions. This happens since, when the cost budget is small, the

optimization is constrained by the cost budget, which limits the number of offloaded tasks;
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and with the increase of B™*, more channel and ES resource is available, leading to more
MDs offloading their tasks. When B™# is large, the budget constraint is loose, and the task
offloading completion is mainly affected by the changing wireless transmission conditions.
Figure 3.2a also shows that the average MD power consumption decreases with ¢ for all the
solutions, since larger ¢ makes it easier to meet the latency constraint through offloading,
which results in more offloaded tasks and saves power in the MDs.

By comparing the average MD power consumption for ¢ = 3% and ¢ = 5% in Fig-
ure 3.2a, it is seen that the gap is small when the cost budget is small. The gap then increases
as the cost budget increases, and finally becomes constant when the cost budget is suffi-
ciently large. When the cost budget is low, the number of channels is small, which forces
most tasks to be executed locally, regardless of the value of €. As the cost budget increases,
more channels are available, and the offloading decisions are determined by both ¢ and the
available channel resources. When the cost budget is sufficiently high, the offloading deci-
sions are mainly determined by the value of €. The figure also shows that the average MD
power consumption using GCASD is almost the same as using DESSD, which validates
the model and approximations used in designing GCASD. The performance of GCASD is
also close to DESSD-based OPT, which further shows good performance of the former.

By comparing Figures 3.2a and 3.2b, it can be seen that the average MD power con-
sumption for the HD case is slightly higher than that for the SD case with ¢ = 3% and
much lower than that for the SD case with ¢ = 1%. For the SD case, when ¢ = 1%, the
tight (soft) delay constraint forces all the tasks to be executed locally, which results in the
highest average power consumption of the MDs; and the power consumption decreases as
¢ increases and more tasks are allowed to be offloaded. Without having to use CLE, the

SD solutions result in lower average MD power consumption than the corresponding HD
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solutions. However, this is at a price that up to € of the tasks do not meet their completion
deadlines. On the other hand, using CLE in the GCAHD only incur slightly higher power
consumption of the MDs compared to GCASD when ¢ = 3% For the HD case, the total
average power consumption of the MDs decreases with B™** when B™%* is small and be-
comes a constant when B™* becomes larger for all schemes, which is the same as that of

the SD case with ¢ = 3% and 5%.
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Figure 3.3: Average power consumption versus mean arrival rate (Single class of tasks)

Figures 3.3a and 3.3b show the average power consumption versus A, (same for all
BSs) for the SD and HD cases, respectively. The figures show that the power consumption
increases linearly with A, for all schemes, since both the local execution power and the
uploading transmission power are proportional to the mean task arrival rate. The average
MD power consumption using GCAHD is close to that using GCASD with ¢ = 3% but
much lower than that using GCASD with ¢ = 1%. This demonstrates that the use of CLE
in GCAHD is minimized, while always ensuring the HD of the tasks. Figure 3.3a shows

that the performance of GCASD is very close to DESSD and DESSD-based OPT; and
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Figure 3.3b shows that the performance of GCAHD is very close to DESHD and DESHD-
based OPT. These observations are consistent with the ones from Figures 3.2a and 3.2b.
This further demonstrates the good performance of GCASD and GCAHD and validates the

model and approximations used in designing the proposed algorithms.
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Figure 3.4: Average power consumption versus available ES capacity (Single class of
tasks)

Figures 3.4a and 3.4b show the average power consumption of the MDs versus f©,
which is the ES capacity, for the SD and HD cases, respectively. For the SD case with
e = 1%, all tasks are executed locally; and when ¢ = 3% and 5%, offloading is possible
for some tasks, and the number of tasks that can be offloaded increases with the ES capac-
ity, resulting in lower power consumption of the MDs. As the ES capacity is sufficiently
high, the average power consumption of MDs becomes a constant, since the offloading
decisions are determined by the cost budget which limits the number of wireless channels
for uploading tasks. Note that the slight increase in average power consumption when f©

is between 60 and 80 is caused by the discretization errors of variable y in algorithms 1
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and 2. Increasing the Y values in the algorithms helps reduce the discretization errors but
significantly increase the amount of time for running the simulations. Comparing the av-
erage power consumption of the HD and the SD cases shown in Figures 3.4a and 3.4b, we

have consistent observations as in previous figures.

3.6.2 Simulation set 2: multiple classes of tasks

In this subsection, tasks have multiple classes. The two-state Gilbert-Elliot channels are
considered. Let B, and By, respectively, be the data transmission rates when a channel is
in the G and B states.

Given the channel state transision probabilities, the distribution of wireless transmission
time ¢V '« for uploading a class j task in BS n through a channel with propagation model &
can be calculated from (Hekmati et al. (2020)).

At the ES, the system of serving the uploaded tasks becomes an M/G/1 queueing
system. Let B be a random variable representing the execution time of the tasks. We have

Pr[B = ch, then the probability density function of B can be written as

0o i) ). e

and the Laplace-Stieltjes transform of f B(i)) is given by

yfc]

J y
= Z PJ.CG_WS_ (3.6.5)
j=1

The Laplace-Stieltjes transform of the probability density function of queuing time w© is
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given by the Pollaczek-Khinchine transform (Khintchine (1932)) as

(1 — \b)s

Wi(s) = — =g (3.6.6)

where b is the mean of B. The distribution of w® can be obtained by numerical inversion
of (3.6.6).

In the simulation, we consider a cellular network consisting of 3 BSs, 3 task classes, and
2 channel propagation models. The channel state transition probabilities are PfflG = 0.9,
PP = 0.1, PY§ = 0.6, and PP} = 0.4 for n = 1,2, 3. The probabilities of accessing
channels with different propagation models in BS 1 are Pl(?l = 0.8 and Pl% = (0.2; those in
BSs 2 and 3 are Pfl = 0.5, PQ% = 0.5, Pfl = 0.2, and PfQ = 0.8. The probabilities of a
task belonging to different classes are PC = 0.6, PS° = 0.3, and PS = 0.1.
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Figure 3.5: Average power consumption versus cost budget (Multiple classes of tasks)

Figures 3.5a and 3.5b show the average power consumption of MDs versus B™** for
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the SD and HD cases, respectively. In Figure 3.5a, when ¢ is 0.5%, all the tasks are exe-
cuted locally regardless of the cost budget, since offloading cannot satisfy the tight delay
constraints. When ¢ is 1% or 6%, the average power consumption of MDs decreases with
B™** and then becomes a constant. By comparing the power consumption of the MD in the
SD and HD cases, we can see that the average power consumption of MDs for the HD case
is slightly higher than that for the SD case with ¢ = 1% and much lower than that for the SD
case with ¢ = 0.5%. Figures 3.6a and 3.6b show the total average power consumption of
the MDs versus f©. All the results show that our GCASD and GCAHD solutions achieve
the average power consumption performance that is very close to DES-based OPT, and the

observations in the multi-class simulations are consistent with the single-class simulations.
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Figure 3.6: Average power consumption versus available ES capacity (Multiple classes of
tasks)
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3.7 Summary

In this chapter, we have studied joint communication and computation resource manage-
ment for mobile computation offloading. The objective is to minimize the average power
consumption of the mobile devices subject to the completion time requirements of appli-
cations and a cost budget for the network resources. Our results show good performance
of the proposed solutions. This work will be extended in the next chapter by taking into
consideration the service requirements of the tasks in different task classes when making
the offloading decisions in order to further improve the average power consumption of the

mobile devices.
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Chapter 4

Task Class Partitioning for Mobile

Computation Offloading

4.1 Introduction

This chapter studies the use of task class partitioning (TCP) for mobile computation of-
floading (MCO) to address the problem of task scheduling so that delay constraints are
satisfied and energy consumption is minimized. Class partitioning can be used in cases
where mobile device (MD) tasks belong to one of a given set of task classes that can
each be executed locally or offloaded. Each traffic class definition includes the data up-
load and execution requirements of the class and its execution deadline, i.e., the time by
which task execution should be completed. Class partitioning is motivated by the follow-
ing simple example: An offloaded traffic class with high computational needs and a loose
execution delay constraint may unduly occupy the edge server (ES), thus preventing more
time-constrained tasks from using MCO. In this case, it may be beneficial to pre-assign

certain task classes to local execution so that others can more successfully exploit remote
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offloading. In TCP, the task classes are therefore partitioned into two sets, those task classes
to be executed locally and those that may be offloaded for remote execution. Depending
on the adaptability of class definition, TCP can be either static, when the task classes are
pre-defined and their definition does not change throughout the lifetime of the system, or
dynamic, when the class definition can adapt to a changing environment. It is clear that
the dynamic TCP is a sequence of static TCP instances, each corresponding to a period
of stable environment parameters. In this chapter, we study the static version of TCP, i.e.,
STCP.

In STCP, the number of possible task class partitions is clearly exponential in the num-
ber of task classes. A way to overcome this is to prioritize the classes based on the ad-
vantages that they provide and their MCO compatibility with other classes. The chapter
proposes two class partitioning approaches. In the first, task classes are prioritized accord-
ing to their delay constraints. The second approach uses a hierarchical ordering that first
prioritizes task classes according to power consumption, and then prioritizes task classes
within groups of similar power demand according to task delays. We show that the hierar-
chical algorithm produces significantly better solutions than the first one. Both are easily
implementable and computationally efficient. As a result, making the offloading decisions
requires little communication and computation overhead and the delay introduced by wait-
ing for the offloading decisions is low, which is advantageous when task deadlines are tight.

The chapter considers two different design problems. In the Basic Static Task Class
Fartitioning (BSTCP) problem, the wireless channel capacities at each base station (BS)
and the ES computational capacity are given beforehand. The problem in this case is to
create the task class partition that minimizes the average MD power consumption while

satisfying the task execution deadline constraints. We show that the proposed static class
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partitioning algorithms can significantly reduce the MD power consumption without vi-
olating task delay constraints. The second problem is where the channel and execution
resources are not given, and the algorithms not only partition the task classes as before, but
determine the channel and execution resource assignments, subject to a cost budget con-
straint, as well. This is referred to as the Joint Static Task Class Partitioning and Network
Resource Allocation (JSTCP) problem.

Due to the static nature of the partitioning, the proposed algorithms are intended for
use in situations where the set of task classes remain relatively stable over the time peri-
ods of interest. This is not a strong assumption, since although the mixture of tasks may
continuously change, the classes in which these tasks belong may not do so. When task
class partitioning is combined with resource allocation in JSTCP, the problem is inherently
one of static resource allocation. The static assignment of wireless channel bandwidth and
computational capacity is subject to a cost budget and resources are not re-allocated dur-
ing network operation. In a design scenario using our algorithms for example, a network
designer could assign resources based on their knowledge (or prediction) of the character-
istics of the traffic flow that would be impinging on the resulting network. In a practical de-
sign, this would likely be done using worst-case traffic assumptions (e.g., anticipated “busy
hour” statistics.). The algorithms in this chapter could easily be adapted to more quasi-
static situations, where resource assignments are updated periodically based on evolving
worst-case (busy-hour) traffic conditions. Overall, static TCP is a natural first step towards
more sophisticated settings, e.g., dynamic TCP, which we leave for future work.

The main contributions of this chapter are summarized below.

» STCP is proposed as a way of improving the performance of computation offloading

under task execution time constraints.
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* Two main task class partitioning algorithms are proposed. The simpler algorithm
uses a latency-based task class ordering. The more sophisticated hierarchical algo-
rithm first sorts the task classes into sets based on their mean power consumption,
and within each set, the task classes are further ordered using a task completion time

criterion.

* The design algorithms consider both soft and hard task deadlines. In soft deadlines
(SDs), the probability of task completion deadline violation is upper bounded by a
class-specific value. Since the soft delay constraints are based on satisfying statistical
bounds, the chapter models the detailed delay distribution of the tasks. The models
permit arbitrary task upload and execution time distributions with any set of Marko-
vian channel models. In the hard deadline (HD) case, task deadlines must always be
respected. This is done by including Concurrent Local Execution (CLE) (Hekmati
et al. (2020)) in the algorithms. The chapter provides the only known mechanism for

class partitioning that always achieves this goal.

* Both BSTCP and JSTCP problems are introduced. In the former, STCP is applied
for a network with preallocated resources, while in the latter STCP is jointly studied
with network resource allocation. Both BSTCP and JSTCP are studied in the soft

and hard class deadline constraint cases.

* A variety of simulation results are presented that demonstrate the good perfor-
mance of the proposed algorithms. In the JSTCP case, our algorithms perform well
compared to both a state-of-the-art no-partitioning algorithm and the optimal no-

partitioning algorithm.

The remainder of the chapter is organized as follows. In Section 4.2, the prior work
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most related to this chapter is reviewed. The system model is then described in Section
4.3. In Section 4.4, the general task offloading decision problems for both SD and HD
are formulated. Following this, in Section 4.5, the partitioning algorithms are proposed. In
Section 4.6, the partitioning algorithms are used to obtain solutions of the BSTCP problem.
In Section 4.7, the JSTCP problem is formulated under a resource cost budget for both SD
and HD cases. In Section 4.8 simulation results that demonstrate the proposed designs are

given. Finally, we present a summary of this chapter in Section 4.9.

4.2 Related Work

This section reviews the most recent literature that relates to our work. In MCO, task com-
pletion time and MD energy consumption are two important performance metrics. In terms
of task completion time, some work considers tasks with hard completion deadlines under
static wireless channel conditions (Li et al. (2020); Ren and Xu (2021); Tan et al. (2022)),
in which case the fixed channel gains make it possible to predict the wireless transmission
time for an offloaded task. When the channel conditions vary with time, the uncertainty in
future channel condition results in uncertainty in the completion time of offloaded tasks.
In this case, an offloaded task may be discarded if it is not completed before the required
deadline (Yue et al. (2022)). Given the difficulty to satisfy hard completion deadlines
for offloaded tasks, some work considers mean delay performance of tasks in MCO, such
as (Wu et al. (2020); Wu and Wolter (2018)), and other work makes offloading decisions
to achieve a certain statistical delay bound (Qu et al. (2021); Li et al. (2022b)). In addi-
tion to the time-varying wireless channel conditions, the random task arrival process also
causes uncertainty in the future network conditions, which affects the MCO performance

and makes it difficult to support tasks with strict completion time requirements. In (Deng
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et al. (2020); Zaw et al. (2021)), offloading decisions for tasks are made by considering the
statistic information of task arrivals and the mean completion time of the tasks. Different
from the existing work, we study MCO with both time-varying wireless transmission chan-
nels and random task arrivals, and consider both hard and soft task completion deadlines.

Offloading decisions in MCO are often jointly considered with network resource allo-
cations to improve the offloading performance. For example, in (Zeng et al. (2022); Fang
et al. (2022)), no constraints are specified for task completion time. Instead, the objective
is to optimize a cost or utility function that is defined as a weighted sum of the MD en-
ergy consumption and average task completion time by jointly coordinating the co-channel
interference and the task offloading decisions. In (Tan et al. (2022)), orthogonal channel
allocations are jointly optimized with the task offloading decisions in order to minimize the
MD energy consumption subject to hard task completion time under static channel condi-
tions.

For tasks with strict completion time requirements, making the offloading decisions
should take the minimal amount of time upon the task arrival. To make the offloading
decisions, communication time may be required to collect input information needed for
making the decisions and deliver the decisions, depending on the specific algorithms, and
computation time is needed to run the decision making algorithms (Wu et al. (2020); Wu
and Wolter (2018)). However, most existing work ignores the decision making time upon
the task arrivals. In our work, the class partitioning is performed offline; and upon a task
arrival, if the task class is in the set that is allowed to offload, the MD only needs to check
if a channel is available in order to decide whether the task can be offloaded. The response
time to make the offloading decision is low.

An offloading decision can be binary, which means that a given task is either entirely
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executed at the MD or offloaded to an ES. Instead, in partial offloading, different portions
of a task are allowed to be executed simultaneously at both the MD and the ES (Mu et al.
(2020)) or at multiple ESs (Wu et al. (2018)). The additional flexibility of partial offloading
helps reduce the task completion time, while saving energy for the MDs. In networks with
highly dynamic topology, such as vehicular networks, partial offloading allows an MD to
offload different portions of a task to different computing devices in order to take advantage
of the short connection time to these computing devices (Wang et al. (2021, 2018)). Also,
a task can be divided continuously (Mu et al. (2019, 2020); Wu et al. (2018)), or it can be
modelled as mutually related subtasks and a binary offloading decision is made for each
subtask (Wu et al. (2019); Wang et al. (2021, 2018)). Different from partial offloading and
individual task partitioning, our work considers task class partitioning (TCP), which parti-
tions task classes into two sets for either remote or local execution. TCP can be combined
with partial task offloading. However, in order to focus on the benefit of TCP, we do not
apply partial offloading for individual tasks, i.e., after we partition task classes into locally
executed or offloaded, each task belonging to the latter is either entirely offloaded (if a
channel is available for data uploading) or executed locally (when no channel is available).

We leave the study of the combination of TCP with partial task offloading to future work.

4.3 System Model

This chapter considers the problem where wireless channels at a set of base stations and
ES capacity is leased for computation offloading. Let N be the total number of BSs, N' =
{1,2,..., N} be the set of BSs and x,, be the number of wireless channels that are used in
BS n. Since the ES is located at the edge of the network, we focus on the dominant sources

of delay, i.e., wireless access at the BSs and task execution at the ES (Huawei Inc. (2016)).
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Tasks generated by an MD can be offloaded through the wireless network and executed on
the ES. Let f© be ES capacity (in the number of CPU cycles per second) and a fraction 7,
0 <y < 1, of the capacity is used.

There are J classes of tasks generated by the MDs. Let 7 = {1,2,...,J} be the set
of task classes. A class j task is defined by parameters s;, ¢;, and d;, where s; (in bits)
is the input data size needed for processing the task, ¢; (in number of CPU cycles) is the
computation load, and d; (in seconds) is the task deadline. A class j task may be executed
locally, in which case TjL = ¢;/f* and pLTjL, respectively, are the amounts of time and
energy needed to process the task, where fU is the local processing speed in number of
CPU cycles per second and p" is the local processing power in Watts. We assume that
TjL < d; for all 7 € J so that the delay requirement can always be satisfied if a task is
executed locally.

A task may be processed remotely at the ES. Let tSEF be the total amount of time for
offloading a class j task generated by an MD in BS n, then t5F = ¢V, 415, where ¢, and
tjc, respectively, are the amount of time for uploading the task to the ES and the amount of
time the task experiences at the ES before the completion of its execution. Note that tXYj
is a function of s; and the wireless data transmission rate. We consider fixed transmission
power at each MD and it adapts its transmission rate according to the current channel
conditions. In this case, the amount of time needed to upload the s; bits in order to offload
a class j task is determined by the channel conditions.

All the offloaded tasks from different BSs and in different classes are processed at
the ES according to a first-come-first-served queueing discipline. For a class j task, the
execution time at the ES is ch = ¢;/(yf°). In addition to execution time, queueing at the

ES may incur additional latency. Let \¥S be the mean aggregate task arrival rate at the ES
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of all traffic classes from all BSs. The queueing delay of the offloaded tasks at the ES w®

)\ES

is a function of , and its statistics are the same for all tasks belonging to all classes and

generated at all BSs. Since t§ = w® + T, we have t)"" = ¢V +w® + T Both ", and

wC® are random due to the randomness of the link gain of the wireless channel and the task

2fOFF

N is also random.

arrival process at the ES, respectively. Therefore

4.4 Problem Formulation

The objective of this work is to minimize the mean power consumption of the MDs used
for processing their tasks, when the latter can be either executed locally by their MD or be
offloaded to the ES for execution, and under task delay constraints.

Both soft and hard delay constraints are considered. In the soft delay constraints case,
the delay requirements of tasks are achieved with a predefined probability, i.e., 1 — ¢; with
g; € (0,1). Hence, our goal is to minimize the mean mobile power consumption such
that the probability that task execution deadline violation is bounded, i.e., the deadline
constraints can be violated, albeit rarely.

In the hard delay constraints case, the latency requirements of all the tasks should be
always satisfied. Due to the random wireless channel conditions and task arrival process,
guaranteeing the hard delay constraints is difficult for offloaded tasks. In (Hekmati et al.
(2020)) we proposed to use concurrent local execution (CLE) when it is uncertain that an
offloaded task can be completed before its deadline. More specifically, for an offloaded
task, if it is not completed before time 5" = d; — T}, the MD starts to execute the task
locally and in parallel to the MCO. CLE aborts if the ES completes the task before d; in
order to save the energy consumption of the MD. Again, the goal is to make power efficient

offloading decisions which respect all task deadlines.
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task class in ©

Task arrival
Start offloading

[ Local execution

Figure 4.1: Offloading Decision Making Process

We extend the notion of a task class to the notion of a BS-class tuple as follows: (n, j) €
N x T is the set of class j tasks arriving at BS n. Note that this allows us to distinguish
between the same task classes submitted to different BSs, so that the same task class may
be treated differently at different BSs. In both soft and hard delay constraints cases, we

adopt a two-step process in making the offloading decisions, as shown in Figure 4.1:

1. Class set partitioning: In this step, we partition the set ' x 7 into subsets © and
(N x J) \ ©. Tasks in BS-classes (N x J) \ © are always executed locally at
the MDs. Offloading decisions for tasks from the BS-classes of © are made in the

second step.

2. Local execution on blocking (LEB): This step applies only to tasks belonging in
BS-classes of ©. Upon the arrival of a class j task at BS n with (n,j) € O, if at
least one of the z,, channels is available for immediate use, the MD reserves a free
channel and starts uploading the task; otherwise the task is blocked from offloading
and is executed locally at the MD. Note that LEB treats tasks from different task

classes the same, and, therefore, within the same BS, the same blocking probability
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applies to tasks of any class in 7.
Observations:

* The class set partitioning of the first step is performed offline, as preprocessing to
MCO, and does not cause any additional delays to task processing. On the other
hand, the LEB decision for a task is made immediately upon the task arrival. LEB
requires minimal communication and computation overhead, and can be made with
nearly zero additional delay. Overall, the extra delay introduced to the offloading

decisions is negligible.

* Class set partitioning introduces a pre-offloading stage of ‘task filtering’, which will
‘filter-out’ tasks that would burden the offloading process due to their combination
of parameters. For example, if tasks of class j have large data size s; and very tight
deadline d;, then the tasks should not be offloaded, since they require a long channel

uploading time and have a high probability of missing their deadlines.

» With this two-step process for making the offloading decisions, either local execution
or remote offloading is initiated immediately at task release time, which may be
advantageous when task deadlines are tight. It also provides a simple mechanism for
assessing the ES workload at the MD. That is, when more wireless channels are used
for uploading tasks, a higher computation load is at the ES, in which case executing

tasks locally at the MDs is beneficial.

The problem formulation is presented first for soft completion deadlines, and then for

hard completion deadlines.
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4.4.1 Soft deadlines

With the soft delay constraints of the tasks, the power consumption of the MDs includes

« EPL, which is the mean power consumption of the MDs for executing tasks belong-

ing to classes in (N x J)\ O,

» B, which is the mean power consumption of the MDs for executing tasks belonging
to classes in © locally (these tasks are blocked for offloading due to no wireless

channels upon their arrivals), and

» B, which is the mean power consumption of the MDs for uploading tasks belonging

to classes in O.

The objective of class partitioning, together with the allocations of wireless and compu-
tation resources in case the latter are not given beforehand, is to minimize the mean power

consumption of the MDs, i.e.,

N
min EMP = EPY 4+ BV + ET =Y " (EPV + EL + E)) (4.4.1)
n=1
where EPL is the portion of EPY consumed by the MDs in the nth BS, E¥ is the portion
of E" consumed by the MDs in the nth BS, and E is the portion of ET consumed by the
MDs in the nth BS. These “BS n portions™ are given below.

Let A, ; be the mean arrival rate of class j tasks in BS n. The local energy consumption

of the MDs in BS n for processing class j tasks with (n, j) ¢ © generated in one second is

EPL — > A Tp". (4.4.2)
J:(n,J)ENXT)\O©
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Since this is the mean energy consumption for tasks generated in one second, it is equivalent
to the mean power consumption of the MDs for processing the tasks over a long term.
Similarly, £~ and ET given below are also the mean power consumption of the MDs.

For BS n, let PP be the task blocking probability for all tasks with (n,j) € © due to
no channel being available upon their arrival. Recall that all tasks are treated the same at
a BS for accessing a channel, and therefore, the blocking probability does not depend on
task class j. How to find P2 is given in Section 4.6.2. The mean power consumption of all

the MDs at BS n for processing these tasks is

Ey= > PI\,Tip" (4.4.3)
j:(n,j)€EO
The unblocked tasks in O are offloaded through the wireless channels to the ES. The mean

power consumption of the MDs in BS n for uploading these tasks is

Ef= Y (1=P)X\,tp" (4.4.4)

ji(n,j)€O

W
Tl/,j’

where EXV j is the mean of ¢ and can be calculated based on the statistics of the channel
conditions as shown in Section 4.6.1.
In the soft task deadlines case, the objective of minimizing the mean MD power con-

sumption is subject to the delay constraints
PritsF < dj] =Prfty; + w® + T7 < dj] > 1 —¢; (4.4.5)

for all n and j. Finding the distribution of ¢3%"

is given in Section 4.6.4.
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4.4.2 Hard deadlines

The objective of minimizing the mean power consumption of the MDs can be written as
min FMP = EPY + Et 4+ ET 4 FCLE (4.4.6)

where the expressions for £EPY, B, and £ are same as in the soft deadline case. When
the task deadlines are hard and must be respected, CLE Hekmati et al. (2020) is used, i.e.,
the local execution of a task belonging to class j is initiated at t§"* = d; — T}, if offloading
is still ongoing.

The additional power consumption of the MDs incurred by CLE is

E = N (EQ,+EY)), (4.4.7)
(n,5)€©
where E,g ; 1s the amount of local execution power when offloading is completed before the
task completion deadline and Efi ; 1s the amount of local execution power when offloading
continues beyond the task deadline.
When ¢95F < d;, the local execution time incurred by CLE is tQFF — t91F because the
CLE stops as soon as the offloading is completed; and when tggF > d;, the local execution

time incurred by CLE is 7. Based on these two cases, E); and E} ; are

dj
ED = (=P 0" / B ) P = 1] dt, (4.4.8)
t:tj LE
Ep; = (1= P Ao Ty /d Pr [t95F = ¢] dt. (4.4.9)

J

69



Ph.D. Thesis — H. Chen McMaster University — ECE

4.5 Class Partitioning

One of the main contributions of this work is the development of class partitioning algo-
rithms that lead to the efficient implementation of the two-step computational offloading
decisions described in Section 4.4. Specifically, the algorithms determine to partition the
set (N x J) into sets © and (N x J)\ O, so that tasks belonging to class j in BS n proceed
to the second step of offloading decisions if (n, j) € ©, while other tasks are automatically
executed locally.

Instead of going through all 27/ + 1 subsets of A/ x J in order to find the best O,
we first sort the NJ (n, j)-tuples in N x 7 into an ordered list 1,73, . . .,y according
to a certain criterion, and then partition this list into subsets © = {n,79,...,79} and
N x T)\ O ={ngs1,M42,---,nn}, where & = |O|. The rest of the section introduces

sorting criteria and methods to determine 6.

4.5.1 Partitioning based on delay constraints (PDC)

The first (and simpler) method orders task classes according to the delay constraints (4.4.5).
The intuition behind it is that if there is a class of tasks with extremely tight deadline, they
should not be allowed to offload, since it will most likely require too many resources to sat-
isfy their deadline constraint, assuming the deadline can indeed be satisfied by offloading.
As a result, the system will offload fewer tasks (with the rest executed locally on MDs).
Even if such tasks are offloaded (possibly at great cost), there is still a high probability that
offloading will fail to satisfy their tight delay constraints due to the stochastic nature of the
service system.

The PDC method includes two algorithms, PDC-S for SDs given in Algorithm 3 and

PDC-H for HDs given in Algorithm 4.
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Soft deadlines

Let AP be the aggregate mean task arrival rate at the ES. We notice that
PrtY; 4+ w® + Ty’ < d;] in (4.4.5) is a decreasing function of ™. Let 1S be the num-
ber of class j tasks that the ES can process in one second, i.e., pjc = # If one assumed
that all offloaded tasks arriving at the ES come from a single BS n and belong to a single

task class j, binary search in the range [0, ,uf] can be used to determine the maximum A5

that would satisty delay constraint (4.4.5) in this case. Namely,
Ay = max{A™ : Pr [t +7 < ;] = 1 -5}, (4.5.)

Note that although the values S\E%, calculated by (4.5.1), correspond to the simple scenario
of one BS and one task class, they can be used as an indication about the possibility that
tasks belonging to different classes can meet their delay constraints if offloaded. Therefore,
we use them in the general setting below when making class partitioning decisions.

If S\ESJ = 0 for a given (n, j)-tuple, tasks in class j from BS n are executed locally,
i.e., these (n, j)-tuples will not be included in ©. This direct assignment to local execution
makes sense, since the delay constraints for these tasks cannot be satisfied, even if they
were the only kind of tasks offloaded to the ES. Next, a set R is formed to include all
(n,j)’s with S\ES] > ( as shown in line 2 of Algorithm 3, where R = |R|. The task classes
in set R are ordered in decreasing values of S\ES] (line 3), since the smaller S\EE is, the tighter
the corresponding delay constraint is. The algorithm employs a linear search process for
the best 0, starting from 0 and going up to R. For a given 6, © is the set of the first 6 (n, j)-

tuples in the ordering of R. Note that when 6 = 0, no tasks are allowed to offload; and

when 6 = R, all the tasks with 5\53 > () are allowed to offload. The algorithm compares
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the resulting mean MD power consumption for each ¢, and returns the © corresponding to

the 6 that achieved the minimum mean MD power consumption.

Algorithm 3 PDC-S
Il’lpllt: )\n,j,pT,pL, PE), fL7 fc, Sj, dj, 45,5, PDFs of tw, U)C
Output: task class partition ©* = {m,m2, .. e}

: Find AL®, for all n and j, from (4.5.1)
R={(nj): N5 >0hR=|R|
Sort classes in R in decreasing order of A

N =

ES:letn1, s, . .., nr be the resulting ordering

n7J ’

(O8]

0* = 0; Emin =
forall0 =0,1,2,..., Rdo
© = {n,m2,....m0}
Find mean MD power consumption
if EMP < E_ ., then
Epin = EMP; 0% =0
10: end if
11: end for
12: return O* = {1y, M2, ..., Mp=}

EMD

R NS

Hard deadlines

While (4.4.5) is an explicit constraint in the problem formulation for soft deadlines, the
hard deadlines formulation does not contain such a constraint, since CLE guarantees the
task completion before its deadline. However, (4.4.5) (and (4.5.1)) can still be used to
obtain an ordering of the (n, j)-tuples. The basic procedure is as follows. Starting from
O =N x J and g; = ¢ = 1 for all j, the common ¢ is reduced in steps of size w. For
every reduction, we calculate values S\SSJ exactly as in the SD case by using the current € in
constraints (4.5.1). For each (n, j) with S\ES] = 0, we remove (n, j) from ©. This process
continues, until # classes remain in ©. Algorithm PDC-H (Algorithm 4) implements this

process. Note that in Algorithm 4, 6 decreases from N J down to 0 (instead of increasing
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from 0 to N.J), because this allows us to calculate our solutions for different # with only

one swiping decrease of € down from 1.

Algorithm 4 PDC-H

Input: A, ;, p*,p% P2 f¥ fC s;,d;,q;, PDFs of tV, wC
Output: task class partition ©*

1: @:NXJ;Emin:OO

2eg;=e=1,VjeJ

3: foralld = NJ NJ—1,...,2,1,0do

4: while |©| > 6 do

5: forall (n,j) e N x J do

6: Find AES from (4.5.1)

7: if A = 0 then

s 6 =0\ {(n))}

9: end if

10: if |©] = 0 then

11: break;

12: end if

13: end for

14: e=e—wyegj=cforallje J
15: end while

16:  Find mean MD power consumption £MP
17: if EMP < E_ ., then

18: Frin = EMP; 0 = 0

19: end if
20: end for

21: return O*

4.5.2 Hierarchical partitioning (HP)

Unlike the PDC algorithms, the hierarchical partitioning algorithm takes into account both
the mean power consumption and the task deadlines when ordering the tasks. This is imple-
mented in two phases. In the first phase, task classes are ordered and grouped according to

an estimated power consumption criterion. In the second phase, classes within each group
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are further ordered using a second criterion that takes task deadlines into account. This
partitioning method is given in Algorithm 5, where ¢ is the index of the current group of
(n, j)-tuples and h is the index of the first (n, j)-tuple in the current group.

In the first phase of ordering, we prefer to offload the tasks that can save more power by
offloading than by executing locally. Thus, the sorting criterion is the difference between
power consumption of the MD for offloading the task and executing it locally, which is

defined as

oL — T BSJ' - pMTE, (45.2)
n,J
where B, ; is the expected wireless transmission rate of class j tasks in BS n with the
expectation taken over the random channel conditions. An example is provided in Section
VIIL The (n,j)-tuples of N' x J are ordered in increasing values of @EJ. After this
initial ordering, the (n, j)-tuples whose (IDE, ; values differ by at most ¢ (for some parameter
0 < ¢ < 1) are grouped together (lines 2-9).
Within the same group, the (n, j)-tuples are further ordered according to a second set
of values defined as follows:
si/Bug +a;/Wf) _ s

@5’3 - — = + q]

) (4.5.3)
dj ijdj nydj

That is, @E’ j is a ratio between the minimum mean offloading time (sum of mean wireless
transmission time and ES execution time) over the deadline of class j tasks. Note that @),
does not consider any queueing delay at the ES. This is because the ES service system has
a single queue for all offloaded tasks, so that all task classes experience the same mean

queueing delay, and as a result, queueing delay does not affect the task class ordering.
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Within each group, the (n, j)-tuples are sorted in increasing values of @7% (lines 10-13).
Parameter ¢ regulates the trade-off between the effects of delay constraints and power

consumption on class ordering. When ¢ = 0, there is one and only one BS-class in each

E
n,j’

group, and the sorting is based only on @, ., i.e., the second phase does not have any effect.
When ¢ = 1, all the BS-classes belong in one group after the first phase, and the sorting is
solely based on (IJB ; in the second phase.

Finally, lines 15-22 find the partition that achieves the minimum MD power consump-
tion.

Running times: Let 7 be the running time of finding the mean MD power consumption

in line 7 of Algorithm 3, line 16 in Algorithm 4, and line 18 in Algorithm 5.

 For PDC-S given in Algorithm 3, line 1 takes time O(N J log %) where MC is the
maximum of /LJC and e is the desired accuracy of the binary search, and line 3 takes
time O(N Jlog N.J). The running time of PDC-S is O(N J log % + NJlog NJ +
NJT).

* For PDC-H given in Algorithm 4, within the for loop between lines 3 and 20,
the running time of lines 4-15 is O(ZN.J log %) The running time of PDC-H is
O(L(NJ)2log 2 + NJT).

1
w

* For HP, the running time of Algorithm 5 is O(N Jlog(NJ) + NJT).

Observation: In line 7 of Algorithm 3, line 16 of Algorithm 4, and line 18 of Al-
gorithm 5, finding the mean MD power consumption EMP requires specific information
regarding the task classes, wireless channel statistics, resource availability of the network,
etc. In the following two sections, the mean MD power consumption is found for two sce-

narios, one with fixed x,,’s and y, and the other with a cost budget that limits the total cost
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Algorithm 5 HP

InPUt3 )\n,japTapL7 Pf? fL> fC’ 54 dja 4j, Bn,ja 6’ PDFs of twa wC

Output: task class partition ©* = {1}, 7}, ..., 7).}

: Sort the (n, j)-tuples in AV X J in increasing order of (I)E,ﬁ let 1,72, - -+ ,nn s be the
resulting ordering

3: for ) =2to NJ do

E _&E
o

—_—

4: if | —“2—"| < { then
h
5: gg = gg U {771'}
6: else
7 9=9+1Lh=7j G, ={m}
8: end if
9: end for
10: £ = null > L is a list of (n, j)-tuples
11: for g =1to G do
12: Sort the (n, j)-tuples in group ¢ in increasing order of @E} ; and append the ordered
tuples to £
13: end for

14: Let L =n},n5,- -+ , 1y, be the ordered (n, j) list
15: 0* = 0; Emin =0

16: for 6 = 0to NJ do

172 O ={m,m,...,m}

18:  Find mean MD power consumption P
19: if EMP < E_.. then

20: Epin = EMP: 9* =0

21: end if

22: end for

23: return O* = {0}, nh, ..., mp}

of the wireless channels and ES computing resources.

4.6 Preallocated Network Resources

In this section, we consider the BSTCP problem, i.e., the case where the available resources

for the network have been preallocated, i.e., z,,’s and y are fixed and given. We assume that
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the arrival process of class j tasks at BS n follows a Poisson process with mean arrival
rate A\, ;. The assumption is a common one, and justified by the large number of MDs that
generate the tasks (Khintchine (1932)). As a result, and because of the PASTA rule (Wolff
(1982)), the ES service system can be modeled as an M /G /1 queue. We model the wireless
channels between the MDs and the BSs as discrete-time Markov processes. The time slot
duration is denoted by 7 in seconds. The Markovian transition probabilities are defined in
the usual way, i.e., given the channel state in the current time slot, there is a probability
associated to its transition to another state in the next time slot. These probabilities are
functions of the radio propagation environment that the MDs experience at the BS. Let
K, ={1,2,..., K,} be the set of different possible Markovian wireless channel models

of BS n, and let K,, = |IC,,|.

4.6.1 Distributions of tm

Define Pncf ;. as the probability that a class j task, offloaded by an MD in BS n, encounters

channel model k. The distribution of ty’j is given as

=Y Prfty, =1PS (4.6.1)

k:e’C’IL

where tm,k (in number of time slots) is the amount of time for uploading a class j task
in BS n when the channel follows propagation model k. Given the Markov channel state
transition probabilities, the distribution of tij,k is given in (Hekmati et al. (2020)). The

mean of tyj can be found as
— Z I Pr[% =1]. (4.6.2)
1=0
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4.6.2 Computing PP

PB is channel blocking probability for tasks in BS n with (n, j) € ©. For BS n, the mean

task arrival rate for all classes with (n, j) € ©is ). An.j» and the mean service time

(n,j)€O

(uploading time through wireless transmissions) of the tasks is

W Z] (n,4)€O )‘”Jtnj

n — . (4.6.3)
Zj:(n,j)é@ )\n,j

Given that the task arrivals follow a Poisson process, the Erlang-B formula can be used
to find P? even for non-exponentially distributed task uploads, as in (Chen et al. (2023)).
This is referred to as the insensitivity property of the formula (Burman (1981)). Thanks
to this property, the Erlang-B result holds for any service time distribution with the same

mean.

4.6.3 Distribution of w®

The aggregate task arrival process at ES is Poisson (Shanbhag and Tambouratzis (1973)),
and the service system at the ES is an M /G /1 queue. As arriving tasks sample the asymp-
totic equilibrium state distribution of the ES, the statistics of the queueing time experienced
at the ES by tasks in different classes and from different BSs are the same. The queueing
time distribution depends on the mean aggregate task arrival rate at the ES and the distri-
bution of the execution time of the tasks.

The mean task arrival rate at the ES is

= > Ay(l=PP). (4.6.4)

(n,j)€O
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Let 7¢ be a random variable representing the execution time of a task arriving at the
ES. The probability that TC = ch is equal to the probability that a class j task arrives at

the ES. Since

> ningyeoll — PP\,

the probability density function of 7€ is
fre(®) = S Pr[1°=1C]5 (6 _ ch) , (4.6.6)
j:(n,j)€EO
and the Laplace-Stieltjes transform of frc(b) is given by
g(s)= Y PrT¢=TFle 7" (4.6.7)

j:(n,j)€EO
For the queuing time w®, the Laplace-Stieltjes transform of its probability density func-
tion is given by the Pollaczek-Khinchine transform (Khintchine (1932)) as

(1 — ABSTC)s

W) = S T g

(4.6.8)

where T is the mean of 7°. The distribution of w® can be obtained by numerical inversion

of (4.6.8).

4.6.4 Distribution of )"

Given the distribution of t}ﬁ’j and w®, we can find the distribution of t,?gF = thJ + w® +

T{. Note that ¢,"; and w® are independent since the wireless channel uploading time is
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independent of the ES service time.
In the soft deadline case, the joint probability distribution of total offloading delay tSEF

18

PrtdtF < dj) = Prfty, + w® + TF < dj] = Prty, + w® < d; — T}
[(d;=TO)/7)

= ) Py, =1Prfw® <d; - T7 —I7]. (4.6.9)

=1

In the hard deadline case, in order to calculate the power consumption of MDs based
on CLE, time-related variables are discretized into multiples of 7 with a be the discretized
version of a. For d; and T, their discretized versions are given as d; = |d;/7| and
ch = F—f-‘ . Note that the discretization of d; takes the floor of d; /7 while that of ch takes

the ceiling of ch /T in order to respect the task delay constraint. With this, the distribution

of the discretized version of £ is
Pr [£0%F = Z Prty, = | Prjw® =t — T - 1]. (4.6.10)

) 0 B
4.6.5 Computing £, and £

With the discretization of time, the integrals in (4.4.8) and (4.4.9) become summations as

follows:

EQ; = (1—PP)\u; pLZ — L D) Pr[idfF =], (4.6.11)
t= tCLE
EB. = (11— PR\, p" T" N Pr [{OFF = 4.6.12
n,j_(l n) ngj P 14j Z r[tn:j _t}’ (4.6.12)
t:d~j+1
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where £5F is the discretized value of ¢$* in number of time slots, i.e., 5" = [t§VF /7.

In (4.6.11) and (4.6.12), Pr [{2%F = ¢] is given by (4.6.10).

4.7 Joint Task Class Partitioning and Network Resource
Allocation

In this section we consider the JSTCP problem, i.e., solving TCP in a system similar
to (Chen et al. (2023)). Instead of having a fixed number of channels from each BS and a
fixed amount of computing resources at the ES, the considered network can lease channels
from different BSs and computing resources from the ES, provided the total cost is within
a predefined budget B,... Note that this budget is normalized to the monetary cost for a
given time period, such as a day or a month. There are up to M,, channels at BS n, that can
be selected. The cost of renting a channel from BS n is «,. In order to use the computing
resources at the ES, CPU resources must also be leased at the ES. The cost (based on the
number of CPU cycles per second) for leasing on the CPU resource is denoted by 3. The
fraction of available CPU speed for rental is y € [0, 1], i.e., the CPU speed available is y f©.
Both z,,’s and y are normalized to their respective monetary cost for the same time period

as Bpax. In this case, the following constraint should be satisfied:
S O, + ByfC < B, @4.7.1)

In this system, X = [z, 7, ..., 2] and y are decision variables, P2, w®, and t,?gF all be-
come functions of x, y, and the task class partitioning, which complicates the calculations

and the problem becomes joint task class partitioning and resource allocations.
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Algorithms PDC-S and PDC-H require the computation of values S\ESJ, given by (4.5.1).
We make the simplifying assumption that the task distributions in each BS are all the same,
i.e., the probability that a task arriving at a BS belongs to a certain class task 7 € 7 is the
same for all BSs. We also assume that this probability is known, e.g., by observing the past
history of offloading requests.

Under these assumptions, criterion (4.5.1) is simplified as follows. We first calculate
the values ;\ESJ as in (4.5.1), and then define

\ES _ i \ES
A _mnm/\n,j’

4.7.2)

for all j € J, as the values used for ordering the task classes. In addition, the criteria used

E

in the HP algorithms will be changed from @7 ; and ) ; to ®7 and ®?, respectively. As a

result, in what follows we will be considering .7 instead of N” x 7, and © C 7.

4.7.1 Soft Deadlines

For the soft task deadline case, we rewrite the mean power consumption of the MDs

in (4.4.1) as
EMP = Eg® + EQV, (4.7.3)

where E§P is the MD power consumption for the tasks belonging to classes in O, i.e.,

EYP = EX+ ET, and E?%@ is the local processing power consumption of the MDs for the
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tasks belonging to classes in J \ ©, given by
N
ERe=>_ > M\Tip" (4.7.4)
n=1;eJ\0

The general formulation of the joint class partitioning and resource allocation problem with

soft deadlines is the following:

min Eg" + Ej s.t. (4.7.5)
0,x,y
N
>, + BfY < B™™ (4.7.6)
n=1
Prit)tF < dj] > 1—¢;,Vn, j (4.7.7)
r, €{0,1,...,M,},¥Yn=1,2,...,N (4.7.8)
0<y<l1 (4.7.9)
ecJg (4.7.10)

Note that x and y do not affect E?I\J@. In general, problem (4.7.5)-(4.7.10) is computa-
tionally hard to solve exactly over all possible values of x, y, ©. Instead, we would like to
obtain an approximate solution, based on limiting © to the J + 1 subsets for a single task
classes ordering.

Different y values may result in different orderings of task classes. Therefore, Al-
gorithm PDC-S (Algorithm 3) and Algorithm HP (Algorithm 5) need to be incorporated
into the approximation algorithm proposed in (Chen et al. (2023)) for computing a good
solution x,y. More specifically, the algorithm of (Chen et al. (2023)) discretizes vari-
able y € [0, 1] by breaking [0, 1] into equal segments. For each y, we use Algorithm

PDC-S or Algorithm HP to obtain an ordered task class list. For each such O, line 7

83



Ph.D. Thesis — H. Chen McMaster University — ECE

of Algorithm PDC-S (Algorithm 3) and line 18 of Algorithm HP (Algorithm 5) become
EMP = BN + E§P*, where E§P* is the minimum mean power consumption of all MDs
for task classes in ©. The algorithm of (Chen et al. (2023)) is used to find an x close to the
minimum power consumption Ey P *, i.e., for every y and every © of the ordering induced
by y, a good x is computed. The details are briefly summarized as follows: The original
problem (4.7.5)-(4.7.10) can be relaxed, by relaxing variables 0 < z,, < M,. With y
and O fixed, the original relaxation is transformed into a convex program, by noticing that
Pr[tgﬁF < d;] is a monotonically decreasing function of the aggregate mean task arrival
rate A\PS. Therefore, binary search in the range [0,y fC/q], where q is the average compu-
tation load of a task that can be easily computed, can be used to approximately calculate

the maximum possible value \* that satisfies constraints (4.7.7) for all n, 5. Using (4.6.4),

constraints (4.7.7) can be replaced by constraint

> Ag(l—PEy < x. 4.7.11)
(n,j)€O©
Next, we note that the blocking probability P2 is monotonically decreasing in z,. Let

PB

n,min

be the blocking probability when x,, = M,,, then the relaxation constraints 0 <

xn, < M, can be replaced by the equivalent constraints

B
P n,min

<PP<1,VneN. (4.7.12)

Finally, z,, in constraint (4.7.6) can be replaced with any convex upper bound F(PP)

under the assumptions of Section 4.6, e.g., the one in (Berezner et al. (1998)): z, <
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(X jinyeo Ang)tn (1= P2)+1/Pp, ¥n. After solving the new convex optimization prob-
lem on variables PP that approximates the original one when y and © are fixed, and obtain-
ing the P2’s, we can compute the largest integral z* which achieves a blocking probability
equal to or bigger than P2, for all n € N In the end, the algorithm outputs the combination

x*, y*, ©* that achieves the minimum mean power consumption.

4.7.2 Hard Deadlines

The mean MD power consumption in the hard deadline case can be written as in (4.7.3),
and the general joint resource allocation and class partitioning problem with hard deadlines

is the following:

min EMP = Eg® 4+ EQl sit. (4.7.13)
N

> ana, + Bfy < B™™ (4.7.14)
n=1

r, €{0,1,...,M,},¥n=1,2,...,N (4.7.15)

0<y<1 (4.7.16)

ocyg (4.7.17)

where E)\ is the same as in (4.7.4), and E§P = E¥ 4 ET + E°MF.

Algorithms 4 or 5, together with the solution method of (Chen et al. (2023)) are used in
this case in the similar way as in the soft deadline case, to produce good approximate so-
lutions. More specifically, in addition to discretizing y we also discretize A € [0,/ /q]

/\ES

by breaking interval [0,y f°/q] into A equal segments. For each fixed ¥, and O, prob-

ability Pr [{Q¥" = ¢] can be calculated directly for any ¢. By using (4.7.12) and F(PP),
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the resulting convex program can be solved efficiently. Hence, we can obtain the optimal
blocking probabilities P2* and compute the largest integral z* which achieves blocking
probabilities no smaller than PT]?*, for all n € N, based on the fact that the Pf’s are de-
creasing functions of the x,,’s. After collecting the solutions for all subproblems, we output

the minimum average power consumption with x*, y*, ©%,

4.8 Simulation Results

In this section, we present simulation results that demonstrate the performance of our al-
gorithms. Although our algorithms can be applied to any set of Markovian channel mod-
els, for our results we use a two-state Gilbert-Elliot channel model (Gilbert (1960)), i.e.,
the channel states change by following a Markov chain with two states, “Good” (G) and
“Bad” (B). This model is commonly used to characterize the effects of burst noise in wire-
less channels, where the channel can abruptly transition between good and bad conditions
(Blazek and Mecklenbriuker (2018)). Since the channel can make these abrupt transitions
in quality, computation offloading decisions may be more difficult compared to cases where
the channel states are more consistent as the channel offloading progresses. Let B, and B,
be the data transmission rates when the channel is in the G and B states, respectively. It is
assumed that all channels have the same B, and B, values but differ in their state transition
probabilities, which result in different propagation models. The transition probabilities for
propagation model % in BS n are denoted as PO¢, PP, PP, and P’p. In each time slot,

the channel state Markov chain transitions in accordance with these probabilities. Denote

G B
T, and 7

k> Tespectively, as the stationary probabilities of being in the G and B states for

a channel following propagation model k£ in BS n. The average wireless transmission rate
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of jth class tasks in BS n as
Kn
By =Y P u(miBy +m)By). (4.8.1)
k=1

Given the channel state transition probabilities, the distribution of wireless transmission
time tnw’j’ .. for uploading a class j task in BS n through a channel with propagation model k&
can be calculated from (Hekmati et al. (2020)).

We consider a network with 3 BSs. Within each BS, there are two (Markovian) channel
propagation models with transition probabilities Pf’f = 0.9, PE’QG = 0.6, P,]f]f = 0.1, and
P,EQB = 0.4forn = 1,2, 3. We consider that for given n and £, P% ;. values are the same for
all j € J. That s, the probability of accessing the channels with a given propagation model
in a given BS does not depend on the task class. Therefore, P%j 1 can be reduced to Pfk by
dropping the subscript j, and their values are given as P{’; = 0.8, P, = 0.2, Py} = 0.5,
PfQ = 0.5, Pfl = 0.2, and P?Sg = 0.8. Other default parameter values are summarized
in Table 4.1. These parameter values are similar to those used in (Yue et al. (2022); Pham
etal. (2021); Li et al. (2022c); Alameddine et al. (2019)) and varied during the simulation.
We intentionally use a wide range of parameter values based on the referenced ranges so
that we can make conclusions that apply in general settings. In addition, we chose different
sets of parameters for the task classes in order to examine the performance of the proposed

solutions.

4.8.1 Task class ordering criteria

Before looking at performance of the proposed class partitioning algorithms, we first ex-

amine the performance of the different class ordering criteria used in these algorithms. For
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Table 4.1: Default Parameters

Parameter Value

T 10 ms

pt 0.5W

pr 0.1W

Anj 0.4 tasks/s
Qay, 1 /channel
I} 2 /GHz

fr 200M cycles/s
€ 3%
& 40 %

Bg, B, | 3M, 0.5M bits per time slot

Table 4.2: Task class parameters, set 1

s; Mbits) | 4 | 8 [12]16]24[28[32[46]50 54
¢; (M CPU cycles)| 54 |50 [46 |32 (28 |24 |16 (12| 8 | 4
d; (ms) 300[250/250/ 160|200/ 160|250(300|500|500

both PDC-S and PDC-H, the ordering of task classes are based on S\SSJ’S which are cal-
culated based on the delay constraints. For HP, the ordering is based on both MD power
consumption (®}; ;) and task delay constraints (P}, ;).

We first consider preallcoated network resources with z,, = 15 in all the BSs and the ES
capacity i f¢ = 25G CPU cycles/s. There are 10 task classes and their parameter values are
given in Table 4.2. In order to reflect the heterogenous nature of the classes, we consider 3
categories of task classes. The first 4 classes have relatively small input data sizes and large
computational loads, the next 3 classes have moderate input data sizes and computational
loads, and the last 3 classes have relatively large input data sizes and small computational
loads. For each of the class ordering methods, after the task classes have been ordered, the

set O includes the first ¢ classes in the class list, and the average MD power consumption

based on this partitioning is collected and shown in Figure 4.2.

88



Ph.D. Thesis — H. Chen McMaster University — ECE

Table 4.3: Task class parameters, set 2

10 classes
s; (M bits) 213169 130(32|35(70]75]|80
q; M CPU cycles)| 40 |42 45|47 2123|252 |4 | 6
d; (ms) 200{230(250/250{200{230|250{500{500(550

Table 4.4: Task class parameters, set 3

20 classes
s; (M bits) 11213 (5]6)|8([10[31]|33]35
q; M CPU cycles)| 79 | 72 | 69 | 67 | 65 | 64 | 62 | 39 | 38 | 38
d; (ms) 400(400(400(400|350|350{350{250{250{250
s5; (M bits) 3513713914061 {63[65]65|76|78
q; M CPU cycles)| 36 {35(34 (33|10 8 | 6 | 5 | 3 |1
d; (ms) 250(280(280|280|300({300{500{500{600{600

Next, we consider that the available amount of network resources is optimized based
on task class partitioning, class completion deadlines, and resource cost budget. That is,
for each of the class ordering methods, after the classes have been ordered and the first 6
classes are included into the set ©, the average MD power consumption is minimized by
optimizing z,,’s and y subject to a cost budget. We consider two sets of task classes with
the parameter values given in Tables 4.3 and 4.4, respectively. For the case with 10 task
classes given in Tables 4.3, the total number of wireless channels in each BS is M,, = 20,
the total ES capacity is f© = 20 G CPU cycles/s, and the resource cost budget is 100. For
the case with 20 task classes given in Tables 4.4, the total number of wireless channels in
each BS is M,, = 25, the total ES capacity is f¢ = 40 G CPU cycles/s, and the resource
cost budget is 220. These parameter settings are similar to those in (Pham et al. (2021);
Liu et al. (2020); glapak et al. (2021)). The mean MD power consumption is shown in
Figure 4.3 for different 6 values.

Both figures show that when 6 is relatively small, increasing  helps reduce the mean
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Figure 4.2: Average power consumption versus ¢ (BSTCP)

MD power consumption; furthermore, the power consumption decreases much faster using
the hierarchical ordering than the delay-based ordering. However, as 6 keeps increasing
and beyond a certain value, the mean MD power consumption using both ordering crite-
ria starts increasing, and the hierarchical ordering may result in much higher MD power
consumption than the delay-based criterion. The figures demonstrate that for both class or-
dering criteria, allowing too many task classes to offload can increase the mean MD power
consumption. This demonstrates the importance of task class partitioning. For example,
Figure 4.2 shows that, for the delay-based class ordering, when 6 is 28 or larger, all tasks
are processed locally; and for the hierarchical class ordering, when 6 is 19 or larger, all
tasks are processed locally. Meanwhile, the figures also show that for each class ordering
criterion, there is an optimum value of # that minimizes the mean MD power consumption;

and the minimum achievable MD power consumption using the hierarchical ordering is
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Figure 4.3: Average power consumption versus ¢ (JSTCP)

much less than that using the delay-based ordering.

4.8.2 BSTCP

In this subsection, we examine BSTCP, i.e., the proposed task class partitioning algorithms
with preallocated network resources. There are 10 task classes with their parameter values
given in Table 4.2. Figure 4.4 shows the average MD power consumption versus z,, (same
for all BSs) when yf¢ = 25 G CPU cycles/s. For comparison, we include the case of no
class partitioning, i.e., all tasks can be offloaded, provided a channel is available upon the
task arrival and the delay constraint can be satisfied (for SD only) (Chen et al. (2023)),
which is an example of the state of the art that considers the computation offloading prob-
lem without class partitioning but with both the same hard and soft deadline definitions.
Without class partitioning, the average MD power consumption is a constant for the SD
case, since all tasks are executed locally based on the simulated parameter setting. For the

HD case and without class partitioning, when z,, increases, the average power consumption
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Figure 4.4: Average power consumption versus z,,

decreases first and then increases and finally becomes constant as x,, is sufficiently large.

By partitioning the task classes, both PDC and HP help significantly reduce the average
MD power consumption for both SD and HD cases. For all the offloading solutions, pro-
vided offloading is possible, the mean MD power consumption decreases with the number
of channels and then increases and finally keeps constant. This is because at first, increas-
ing number of channels helps more tasks to offload, which reduces the MD power con-
sumption; however too many offloaded tasks increases the queueing delay at the ES server,
which increases the MD power consumption due to CLE (for HD) or results in more local
executions (for SD). However, since the task arrival rates are fixed in the simulation, the
maximum amount of traffic load at the ES stops increasing when z,, is sufficiently large,
and therefore, the MD power consumption stops increasing with x,,.

Figure 4.5 shows the average MD power consumption versus y, where z,, = 25 for

all n. Both PDC and HP help decrease the MD power consumption, and HP achieves
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lower power consumption than PDC. When v is relatively small, the average MD power
consumption using both PDC and HP decreases with y; and y is sufficiently large, the
average MD power consumption becomes constant for both PDC and HP. This is because
as y is sufficiently large, the queueing delay at the ES becomes almost zero, and further
increasing y does not change the offloading performance. However, the y values at which
the power consumption stops decreasing for PDC is much smaller than that for HP. This
is an indication that HP allows more tasks to be offloaded, and therefore, achieves lower
mean MD power consumption than PDC.

Figures 4.4 and 4.5 together indicate that for a given y value, there is an optimum
number of channels to minimize the MD power consumption; and for given z,, there is

a minimum value of y that achieves the minimum MD power consumption. Next, we
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examine the performance of joint task class partitioning and network resource allocations.

4.8.3 JSTCP

Table 4.5: Task class parameters, set 4

s; (M bits) 318 |10[16]46|51|59|82]90|99
q; M CPU cycles)| 86 | 83 | 85[92 415056 (18| 2 |11
d; (ms) 440(500/520{580(320|380{430/520{700|780

Table 4.6: Task class parameters, set 5

10 classes
s5; (M bits) 21416 |7 8 |10|32(35]139] 75
q; M CPU cycles) |78 74| 72 68| 65 | 60 | 39 | 35| 31 | 2
d; (ms) 60[80(100({60(120(120|500{500{500 1000

Table 4.7: Task class parameters, set 6

15 classes
s5; (M bits) 213168 | 10| 31 |33 |35
q; M CPUcycles)| 72 1 69 | 65 | 64 | 62 | 39 | 38 | 38
d; (ms) 60 | 80 | 40 {120 120 | 200 | 280 {280

s; (M bits) 37140 162 63| 65 | 76 | 77

¢; M CPUcycles)| 3533 |10 | 10 | 8 2 1
d; (ms) 2801280 (400|400 1000|1000 | 1000

We consider two sets of task classes with the parameter values given in Tables 4.3
and 4.4, respectively. Default parameters used in this subsection are as follows. For the
case with 10 task classes given in Tables 4.3, the total number of wireless channels in each
BS is M,, = 20, the total ES capacity is f© = 20 G CPU cycles/s, and the resource cost

budget is 100. For the case with 20 task classes given in Tables 4.4, the total number of
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Table 4.8: Task class parameters, set 7

20 classes
s; (M bits) 21416 [30]313233|33]| 34 | 35
q; M CPU cycles)| 80 | 70 | 60 | 40 | 39 | 38 | 38 | 37 | 36 | 35
d; (ms) 60 | 60 | 80 [250|500|500|500|500| 500 | 500

s; (M bits) 35136 |37 (38383940 |60| 70 | 80
q; M CPU cycles)| 35 | 34 | 33 | 33 |32 |31 |30 | 8 5 2

d; (ms) 5001500 |500]250|500|500|500|500|1000|1200
850 ‘ i ‘ ‘ 1200
~ -0~ PDC-H —O6— HP, SD
—8—PDC-S o — -+~ PDC-H

)

=]
S
S

— == — no partitioning in (Chen et al. (2023)), HD

— ~ tioning i B <~ —5— PDC-S
% N e partiioning in (Chen ef al. (2023)), SD B AN — % — no partitioning in (Chen et al. (2023)), HD
z A Tl ) s 9004 — & no partitioning in (Chen et al. (2023)), SD
S AN Te = O
2 R - = N
3 “m. e 4 800 =
: . NSNS e
7} N 2]
c S g
8 600 . S g 700 Bome A
g \ B g = 5 N
3 . s 600
2 550 0 s
o) N o S
£ 500 N & 500 o

450l . 400 F O

oo mm———— O - ____4 T ~_
400 | 300 - ~e
350 . . | L 200 L L L
30 50 70 90 110 130 60 100 140 180 220
Cost budget Cost budget
(a) 10 classes (b) 20 classes

Figure 4.6: Average power consumption versus cost budget (sets 2 and 3)

wireless channels in each BS is M,, = 25, the total ES capacity is f© = 40 G CPU cycles/s,
and the resource cost budget is 220.

Figure 4.6 shows the average MD power consumption versus B™**, which shows that
the proposed joint class partitioning and resource allocation solutions can greatly reduce
the average MD power consumption, compared to the no class partitioning achieved in
(Chen et al. (2023)). When the cost budget is relatively small, the power reduction is small

due to the limited amount of resources that limits the number of offloaded tasks. Note that
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Figure 4.7: Average power consumption versus ES capacity (sets 2 and 3)

all the tasks are executed locally for the SD case when there is no class partitioning. For all
the other offloading cases, the cost budget increases, the average MD power consumption
reduces, while using HP results in much lower average MD power consumption. When
the cost budget is sufficiently high that results in negligible channel blocking probability
and ES queueing delay, further increasing the cost budget does not help reduce the power
consumption.

Figure 4.7 shows the average MD power consumption versus ES capacity, f©. It is
seen that when the ES capacity is relatively low, the difference of average MD power con-
sumption between partitioning and no partitioning (Chen et al. (2023)) and between PDC
and HP is small. The small amount of computing resource limits the number of offloaded
tasks (without class partitioning) or task classes (with class partitioning), and as a result,
most tasks are executed locally. As the ES capacity increases, the joint class partitioning

and resource allocation solutions result in much lower average MD power consumption
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than the solutions without class partitioning. When the ES capacity is larger than a certain
value, further increasing it will not reduce the MD power consumption since the offloading
performance is limited by other factors such as cost budget. By comparing PDC and HP,
it is seen that HP can take better advantage of the ES capacity to reduce the MD power
consumption.

Next, we use a different set of the task class parameters as given in Table 4.5. We also
add another set of comparisons with the optimum resource allocation obtained by exhaus-
tive search for the no class partitioning case (Chen et al. (2023)). In this no partitioning-
OPT case, the optimum resource allocation is obtained by exhaustive search without class
partitioning. Figures 4.8 and 4.9 show the average MD power consumption. In Fig-
ure 4.8, the ES capacity is f© = 30 G CPU cycles/s; and in Figure 4.9, the cost budget

is B™* = 100. In both figures, the number of available wireless channels in each BS
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is M,, = 20. Different from the results shown in Figures 4.6 and 4.7, the new task class
parameters allow some tasks to be offloaded even for the SD case without class partition-
ing. However, the observations are consistent with before in terms of the effect of using
the proposed joint class partitioning and resource allocation solutions on the average MD
power consumption. In addition, our proposed algorithms can achieve significantly lower
power consumption for the mobile devices than the optimal power consumption without
class partitioning. This further demonstrates the importance of task class partitioning even
when it is only static, and verifies the good performance of our proposed algorithms.
Finally, we consider the effect of parameter £ in Algorithm 5. We consider three sets
of task class parameters as given in Tables 4.6, 4.7, and 4.8. Other parameters used in
the simulation include z,, = 20 for all BSs and ES capacity 3¢ = 40 G CPU cycles per

second. The results are shown in Figure 4.10. For each set of the task classes, the average
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MD power consumption is higher when ¢ is 0 or 1. In another word, in order to reduce the

average MD power consumption, the classes should not be ordered by @Eyj only (¢ = 0)

or (1357 ;only (§ = 1). Although finding the optimum value of ¢ that minimizes the average

MD power consumption is not straightforward, we did notice that for each set of task class

parameters, there is a relatively large range of ¢ values during which the average MD power

consumption is the minimum.

4.9 Summary

This chapter proposed using class partitioning to distinguish user applications when mak-

ing MCO offloading decisions. The proposed static class partitioning solutions help to

greatly reduce the MD power consumption while satisfying the application completion
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time requirements. In the next chapter, we consider supporting digital twins as a special
application in edge computing network. Unlike the scenarios in Chapters 3 and 4, all end
devices periodically upload their feature-related data to a shared edge server for process-
ing. We study the feature quality at the DTs by taking into consideration the shared data

transmission channels and edge server computing resources.
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Chapter 5

Digital Twin Model Selection for Feature

Accuracy

5.1 Introduction

In this chapter, we consider the use of digital twins (DTs) in edge computing networks. The
DT of a physical system (PS) is used to provide features on behalf of the PS, that can be
accessed by other objects. A given feature is created using a data processing model that uses
periodic updating from the PS to the DT as input. DT model selection accuracy problem
is considered, where multiple PSs communicate with their DTs at an edge server (ES) that
is located close to the PS’s serving base station (BS). Each DT communicates with its
associated PS, so that updates in the PS state can be incorporated into the features provided
by the DT. We assume that this communication happens periodically and is referred to
as synchronization. When a synchronization update occurs, the updating process involves
processing at the ES so that features can be updated and made available to the requesting

applications. The amount of processing needed, and the amount of data transferred when
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synchronization occurs is a function of the level of accuracy associated with the model and
the feature that is being provided. Since multiple DTs may be co-located at the same ES,
the synchronization update processing must share the ES execution capacity, and this can
limit the achievable accuracy of the provided features.

The objective of this chapter is to provide the best level of accuracy for a given set of
feature requests by selecting an appropriate set of DT models. This is referred to as the digi-
tal twin model selection problem and is done using a max-min criterion, i.e., the objective is
to maximize the minimum provided feature accuracy among the requested features, subject
to the synchronization and ES execution constraints. We first formulate the problem as an
integer program, which is reduced to an NP-complete feasibility problem. We then decom-
pose it into multiple subproblems and show that each subproblem is a modified Knapsack
problem. A polynomial-time approximation algorithm is proposed using a dynamic pro-
gramming fully polynomial time approximation scheme (FPTAS) to solve it efficiently, by
violating its constraints by a known factor. A generalization of the model selection problem
is then given and an approximation algorithm using relaxation and dependent rounding is
proposed to solve the problem efficiently with guaranteed small constraint violations. A
variety of simulation results are presented that demonstrate the excellent performance of

the proposed algorithms. The main contributions of this chapter are summarized below.

* A digital twin model selection problem is introduced. The objective is to make model
selections that maximize the minimum provided accuracy among the requested fea-
tures, subject to the PS/DT synchronization uploading and execution requirements.

The problem is shown to be NP-complete.

* The model selection problem is decomposed into multiple subproblems, each con-

sisting of a modified knapsack problem. A polynomial-time approximation algorithm
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is proposed using dynamic programming (FPTAS) to solve it efficiently by violating

its constraints by at most a given factor.

* A generalization of the model selection problem is given and an approximation al-
gorithm is proposed using relaxation and dependent rounding to solve it efficiently

with guaranteed small constraint violations.

* A variety of simulation results are presented that demonstrate the excellent perfor-
mance of the proposed algorithms. It is verified that our proposed FPTAS algorithm
is highly efficient when the system size is large. The approximate solution can be
obtained efficiently by violating its constraints by no more than a given factor. We
found that the proposed solution to the generalization achieves close-to-optimum
feature accuracy and its constraint violation can be reduced by running additional

rounds of the dependent rounding.

The remainder of the chapter is organized as follows. In Section 5.2, the prior work
most related to this chapter is reviewed. The system model and problem formulation is
then described in Section 5.3. Following this in Section 5.4, the polynomial-time approx-
imation algorithm using dynamic programming (FPTAS) is proposed. In Section 5.5, a
generalization of the model selection problem is given and an approximation algorithm
using relaxation and dependent rounding is proposed. In Section 5.6 simulation results
that demonstrate the proposed solutions are given. Finally, we present a summary of this

chapter in Section 5.7.
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5.2 Related Work

An increasing amount of work has considered the feature similarity/accuracy provided by
a DT as an indicator of DT performance (Barricelli ef al. (2019)). For example, the work
in (Yiping et al. (2021)) proposes a method for DT-driven defect class recognition using a
two-level deep learning architecture to detect and recognize novel classes. This includes
a lifelong learning strategy to upgrade the recognition model. The proposed method has
been shown to have a higher recognition accuracy for new defect classes compared to other
pre-trained DT models. In order to realize DT-driven defect recognition, i.e., real-time de-
fect recognition exploiting the real-time data collected by DT, the recognition model has
to be updated (i.e., synchronized) in real-time. It can be seen from this work that different
DT models created by different twinning methods can provide different accuracy levels
for defect recognition. Reference (Lu et al. (2020)) gives an exploratory analysis of the
geometric accuracy of digital twins generated for existing infrastructure using point clouds
in the system operation and maintenance stage, especially for structural health monitor-
ing purposes. A level of geometric accuracy (LOGA) is introduced as a measure of the
twinning quality of the resulting digital twins. This work provides prospective twinning
methods and deviation analysis for DT-driven structural health monitoring and indicates
that the twinning method and LOGA strongly depend on the application and what kind
of metadata is required. The work discussed above motivates the feature model selection
problem considered in this chapter.

The work in (Paldino ef al. (2022)) investigates a digital twin approach for improv-
ing estimation accuracy in dynamic thermal rating of transmission lines. Compared to

existing physics-based standards, the estimation accuracy can be improved by adopting a
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data-driven digital twin using machine learning for the physical sensor data and the con-
ductor temperature. The DT is trained using a machine learning model on the measured
data. After the training phase, the DT then acts as a complete virtual equivalent. The work
in (Paldino et al. (2022)) also suggests another advantage of the DT, i.e., dimensionality
reduction. The proposed approach considers which sensor measurements have a significant
role through feature selection (Guyon and Elisseeff (2003)), which provides the system op-
erator with meaningful information in terms of sensor importance. This is shown to reduce
the amount of data collected without negatively impacting the model performance. This
work also provides motivation for digital twin model selection based on feature accuracy
that is considered in this chapter.

The work in (Dai and Zhang (2022)) integrates digital twins with vehicular edge com-
puting (VEC) networks to implement adaptive network management and scheduling. It
further proposes a DT empowered VEC offloading problem to minimize the total offload-
ing latency, subject to deadline requirements and ES computation constraints. This is used
to make offloading decisions and computational resource assignments. Reference (Lu et al.
(2021)) proposes a wireless digital twin edge network framework and formulates the adap-
tive edge association problem considering the placement and migration of DTs. The work
in (Zhou et al. (2022)) proposes a secure and latency-aware digital twin assisted resource
scheduling algorithm for a 5G edge computing-empowered distribution grid. It develops
a federated learning-based DT construction framework and formulates the DT-assisted re-
source scheduling problem to jointly optimize access scheduling, power control, and com-
putational resource allocation. In the above work, the DTs of network elements are used for
network management and resource allocations. Although the quality of the DTs directly

affects the service quality to network users, the amount of network resources required to
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Figure 5.1: System Model

maintain the required quality of DTs has not been well studied. Unlike this work, in our
work we study the best DT feature accuracy obtained using model selection, subject to

resource constraints.

5.3 System Model and Problem Formulation

This chapter considers a wireless edge network where an ES hosts the DTs of multiple
PSs, as shown in Figure 5.1. As is typical for DTs, each PS collects its own status data and
periodically uploads the data to the DT, which then processes the data so that the different
features implemented at the DT are synchronized with the PS state.

Let NV be the total number of the PSs in the system and K be the total number of the
features. Define 5, € {0,1} as a binary variable representing the demand of PS i for
feature k: if 3, = 1, PS i requires feature k, otherwise 3;, = 0. Let T} be the data
refreshing period for feature k£ of PS i. There are M models that can be used at the DT to
obtain the state of feature £, each requiring different amounts of input data from the PS and

computation load at the ES, and resulting in different accuracy to reflect the feature status
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of the PS. Let Z, IC, M, be the sets of PSs, features, and models for feature k, respectively.

Let @, 1 ,,, be the achieved accuracy for feature k of DT 7 when it is realized using model
m, s; i,m the corresponding amount of input data for the model, and 7; ;, the period that PS
i uploads its feature-k related data to the ES. Let x; ., € {0,1} be the decision variable
indicating whether the DT of PS 7 chooses to use model m to realize feature k. Note that
Zikm = 01f §; ; = 0. We assume that a DT can choose one and only one model to realize

a given feature, i.e.,

M,
> Tigm =1, Vik: B =1 (5.3.1)
m=1

When feature k is implemented by the i-th DT (i.e., 3;, = 1), the achieved accuracy for

this feature is

My,
ik =Y Tikm®ism- (532)
m=1

Our objective is the maximization of the minimum accuracy for all features of all DTs, i.e.,
max, ming j.s, , =1 W; x, while respecting computational and data transmission constraints,
as well as the periodicity of DT updates.

More specifically, when the i-th PS uploads data to the ES, the data transmission rate R;
should be at least the amount required for the timely transmission of the input data needed

by all the feature models, i.e.,

K
Ri= 3N . (5.3.3)

Let F' be the computation capacity of the ES in number of CPU cycles per second and

fi.km denote the number of CPU cycles needed by the i-th DT in order to process feature

107



Ph.D. Thesis — H. Chen McMaster University — ECE

k using model m. The following capacity constraint must hold:

My,

N K
ZZZ ”“” o < F. (5.3.4)

=1 k=1 m=1

As a result of the discussion above, we obtain the following integer programming (IP)

formulation of the problem where x5 = [z; ., Vi, k,m and (; = 1]:

max min W, s.t. Ip)
xXg  i,k:B k=1
Z Tigm = 1, Vi k: Bip =1 (5.3.5)
K My
szk’m .
> Z Tigm < R, Vi (5.3.6)
k=1 m=1 Z’

N K M

Zzzf”““ Tikm < F (53.7)

i=1 k=1 m=1

Tigm € {0,1}, Vi, k,m (5.3.8)

108



Ph.D. Thesis — H. Chen

McMaster University — ECE

Equivalently, the problem can be formulated as follows:

max 7 S.t.

Xﬁ,’T

m=1
K Mg
ZZ xzkmSRm
k=1 m=1
N K Mg
ik
DD T i S F
i=1 k=1 m=1 )
l’zkmE{O 1}
T2>0

(IP%)
Viok: Bk =1
Vijk: Bk =1
Vi
Vi, k,m

We observe that (5.3.2) implies that given ¢ and k, the optimal W, ;. can take one of the

®; ..m values, where m = 1,2,..., M. Therefore, the optimal 7 can take one of at most

N, M, values. Hence, in what follows we will assume that we have already ‘guessed’

(i.e., we try all possible values of) 7, which is the optimal 7. Given 7, we set z; i, ,, := 0 for

all ¢, k, m that correspond to ®; ;. ,,, < 7, and reduce problem (IP”) to the following simpler
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feasibility problem:
max 0 s.t. (FIP)
Xﬁy{—
My,
> Tikm =1, Vi k: Bip =1 (5.3.9)
m=1
K My,
SN e < 1, Vi (5.3.10)
R Ty 7 —
k=1 m=1 ’
N K Mg

>0 %’Zka <1 (5.3.11)

Tipm € {0,1}, Vi, k,m (5.3.12)

where Xg > = i gm, Vi, k,m, B =1and O, ,,, > 7].
Theorem 5. Deciding whether problem (FIP) is feasible is NP-complete.

Proof. 1t is straight-forward to see that (FIP) is in NP. To prove it is NP-complete, we
reduce the KNAPSACK problem to it. Recall that the input to KNAPSACK is a set of n items,
each item £ with a value v, and a weight wy, a value V' and a capacity W. KNAPSACK
outputs ‘yes’ iff there is a subset of items of total value at least V' and total weight at most
W. Given an instance of KNAPSACK, we construct an instance of (FIP) as follows: We set
1 =1 (i.e., we consider a single DT) and each feature corresponds to an item (i.e., K = n).
Each feature has two models, say 1,2, where x;,; = 1 corresponds to picking item £,
while 12 = 1 corresponds to not picking it. We set By := W, F = Y} _ v, — V,
and T = 1,811 = Wi, S1k2 = 0, fig1 := 0, fire := vx Vk. Then it is clear that
constraint (5.3.9) will either pick or not pick item k, constraint (5.3.10) requires that the
picked item have total weight no more than W, and constraint (5.3.11) requires that the

total value of the items not picked is at most > ;_, v;, — V. Hence, (FIP) is feasible iff the
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KNAPSACK instance is a ‘yes’ one
Since there are no prospects of solving (FIP) in polynomial time, we will propose an

approximation algorithm. Before presenting the proposed algorithm, we observe that (FIP)

can be transformed into the following optimization problem

S B (OIP)
ey FT,, tokm St
i=1 k=1 m=1 b
k
> ik =1, Vi k: Bip =1 (5.3.13)
m=1
K My s
ZZ ik < 1, Vi (5.3.14)
z zk
Tigm € 10,1}, Vi, k,m (5.3.15)

and the feasibility of (FIP) is equivalent to achieving an objective value smaller than 1 in

(OIP). In turn, (OIP) can be decomposed into /N subproblems, with the ¢th one given as

follows
(OIP;)

K M,
min szfmm S.t.
Fﬂkxzkm

X
PPt =1 m=1

My,
Vk : ﬁi,kz =1

E Tikm = 17

m=1
K My

Z Z ;%;;77; Tikm S 17
t4 i,

k=1 m=1
Li k,m € {07 1}7 Vk7m7

> 7], and the feasibility of (FIP) is

where X5 +; = [Tigm, Yk,m, Bip = 1 and ®; 1,
equivalent to checking that 37" opt(OIP;) < 1.
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To summarize, solving problem (IP) is reduced to the following steps:

. Sort {®; 4., Vi, k,m} in decreasing order as O = {®y, Oy, @3, .. .}.
. Starting with ®4, set 7 equal the current element of O.

. Set T g = 0if D4, < 7 0r B = 0.

. Solve (OIP;) for all .

If ZZ]\; opt(OIP;) < 1 then return 7, else (i.e., if one of the (OIP;)’s is infeasible, or

Zfi 1 opt(OIP;) > 1) let 7 equal the next element in O, or return Infeasible if the

latter does not exist.

The general structure of our method is given in Algorithm 6.

Algorithm 6 General solution method

Input: N, K, My, ®; km, Sikms Jikms Tiks Fs Riy Bik

Output: model selection x and minimum feature accuracy 7 or Infeasible
1: Sort {®; s, Vi, k, m} in decreasing order as O = {®;, Oy, @3,. ..}
2: for 7 = q)17q)27 (I)3, ... do

3: for all 2, k, m do

4: if q)i,k,m <7V ﬂ@k = ( then

5: Tikeom = 0

6: end if

7: end for

8: Solve (OIP;) for all ¢

9:  if (OIP,) feasible Vi A S, opt(OIP;) < 1 then

10: return solution x, 7

11:  endif > 3i :(OIP;) infeas., or Y. | opt(OIP;) > 1
12: end for

13: return Infeasible
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5.4 An FPTAS for the problem

Since solving problem (IP) or (IP”) is NP-complete (Theorem 5), we propose a polynomial-
time approximation algorithm, that will guarantee a solution 7, of (IP”) with 7, > 7,,,
where 7,,; is the optimal solution, but by violating constraint (5.3.7) by a factor of at most
(1+¢).

We show that subproblem (OIP;) is a modified Knapsack problem, which can be ap-
proximately solved by a polynomial time algorithm using Dynamic Programming (DP).

We transform the subproblem (OIP;) into the following modified Knapsack problem:

TYPED KNAPSACK

Input: K types of items, with M, items of type k = 1,2,..., K, weight wy ,
and value vy, ,,, for each item m of type k, number V.

Output: Pick exactly one item of each type, so that their total weight is at most

W and their total value is minimized.

Note that TYPED KNAPSACK differs from the typical Knapsack problem in its types re-
quirement and the minimization of its total value (as opposed to maximization). Let

Mmaz = Imaxpg Mk

5.4.1 FPTAS for TYPED KNAPSACK

We give a solution for TYPED KNAPSACK, based on a recursive definition of the minimum
weight of items that can achieve a total value exactly equal to a given value V. We abuse
notation a little and denote by M, the set of items of type k.

Let OPT(k, V') be the minimum weight of items from types 1, ..., k that yields value
exactly V/, when we pick exactly one item of each type. Then OPT (k, V) is defined by

recursion (5.4.1). In (5.4.1), cases 1 and 2 are the base cases when there is no item to
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pick. In case 3, if all items of type k have values greater than V', then OPT(k,V') = oc;
otherwise, in case 4, OPT(k, V') picks the item of type k achieving the minimum total

weight. Note that if OPT'(k,V) = oo, then it is infeasible to achieve value exactly V'

using exactly one item from types 1,2, ..., k.
(
0 ifk=0,V =0,
00 itk=0,V >0,
OPT(k, V)=
00 if k>0, min vy, >V,
meMy
' PT(k—-1,V— if k i <
\ meMI,?}J?,mgv {wi,m+OPT( JV—vpm)} ifk >0, mIrel}&lk Vkom <V,

(5.4.1)
A Dynamic Programming (DP) algorithm that solves TYPED KNAPSACK is given in

Algorithm 7, where V., = Zle MaX;e M, Vk,m-

Algorithm 7 DP algorithm for TYPED KNAPSACK problem
Input: K, My, Vinax, Wkm, Vkm, W
Output: minimum total value V'* or Infeasible
1: Find OPT (k,V) for0 < k < K and 0 <V < V},.x using DP by following (5.4.1)
2: V¥ =00
3: for V=0: V. do
4: if OPT(K,V) < W then
5: V* = min{V* V}
6
7
8
9

end if
: end for
. if V* = oo then
: return Infeasible
10: else
11: return V*
12: end if

Unfortunately, the DP algorithm that solves TYPED KNAPSACK exactly is pseudo-
polynomial, since it runs in time O(K My Vinax) and Vi is pseudo-polynomial on the

size of the input. However, we can apply the well-known value-scaling of the classical
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Knapsack problem to derive a Fully Polynomial-Time Approximation Scheme (FPTAS)
(Garey and Johnson (1979)) that produces a solution which exceeds the optimal total value

by a factor of at most (1 + ¢), for any constant € > 0.

Algorithm 8 FPTAS for TYPED KNAPSACK problem
InplIt: K7 M]f: Wk,ms Vk,m, VI/’ €
Output: minimum total value V* or Infeasible

I: Opm = [Vkm/0] forall k,m

2. V* = 00

3: fork’=1: K do

4. form' =1: M, do

5: Vmax = @k’,m’

6: Vpm = o0 for all k, m with Uy, ,,, > Vax
7: Run Algorithm 7 using oy, for all k, m, which returns V*
8: V* = min{V* V*}

9: end for
10: end for
11: if V* = oo then
12: return Infeasible
13: else
14: return V*
15: end if

The FPTAS algorithm for solving the TYPED KNAPSACK problem is given in Algo-
rithm 8, where 6 = cvp,,/ K is defined as the scaling factor and ¢ € (0, 1] is the precision
parameter. In line 1, the approximation algorithm rounds all item values up into integers
lying in a finite range [0, [ K/<]], then it runs the DP algorithm on the rounded instance,
and finally returns the optimal solution of the rounded instance, which is the near optimal
solution to the original instance. We assume that we have “guessed” the largest value vy,.x
used by the optimal solution. The “guessing” is performed by exhaustive enumeration of
all items m for all types k as the “maximum-valued” item (given in the double for-loop

in the algorithm), and running Algorithm 7 for each choice (line 7), excluding all items of
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value greater than the guessed maximum item value (line 6); then we keep the solution of
minimum total item value. This exhaustive enumeration increases the running time of our
algorithm by a factor of O()_, M) = O(K Mynax). The obtained optimal solution to the

rounded instance is the near optimal solution to the original instance.

Theorem 6. For any given constant € > 0, the algorithm returns a feasible solution (when
one exists) of total value at most (1 + )OPT, where OPT is the optimal solution value,

and runs in polynomial time O(K*M?2 /).

Proof. Let O be an optimal solution to TYPED KNAPSACK when we use the original val-
ues, and vy, the maximum item value used in O (which we have guessed). Let O be the
optimal solution obtained by the DP algorithm when run on the rounded-up values instance.
Let my,, 11, be the items of type k picked by O, O, respectively. Let |O], |O| be the values
achieved by these solutions when the original item values are used, i.e., |O]| = ), v,,,, and

0| = > & Urn,.- Note that |O] > vy,,4,. Then we have:

0] <60 i, (5.4.2)
k
<O i, (5.4.3)
k
< v, + KO (5.4.4)
k
< O] + Ve < (14 ¢)|0], (5.4.5)

where (5.4.3) is due to the fact that O is an optimal solution for the rounded values. Al-
though vy, 1s unknown, the algorithm exhaustively tries all possibilities for vy, and re-
turns the solution that results in the smallest total value. Therefore, the returned solution

also satisfies (5.4.5).
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For the running time of the algorithm, first note that all rounded values are integers
in the range [0, [K/e]]. Therefore 0 < Vix < K?/e, and the running time of the DP
algorithm for a single ‘guess’ of Vyax 18 O(K> M., /€). Adding over all possible choices
for the vy, item, we get a total running time of O(K*M?2,_/¢), which is polynomial on

the size of the TYPED KNAPSACK input. [

5.4.2 Mapping of subproblem (OIP;) to TYPED KNAPSACK

The mapping of subproblem (OIP;) for a given PS-DT pair ¢ to TYPED KNAPSACK is

straight-forward: Each feature k defines a type, and the models in M, are the items of

fi,k,m
FTi*

Sik,m

RT; &

type k. Item m of type k has weight wy,,, = and value vy, = Finally,
we set W = 1. After the mapping, we run the FPTAS algorithm on the resulting TYPED
KNAPSACK instance, and that provides us with an approximate solution of subproblem
(OIP;), according to Theorem 6. Algorithm 6 is modified, so that line 8 uses the approxi-
mation algorithm for (OIP;), and the condition Zf\il opt(OIP;) < 1 in line 9 is modified to

SV opt(OIP) < 1 +¢.

1=

5.5 Generalization with model upper & lower bounds

In this section, we will give a generalization of the model selection problem for DTs for-
mulated in section 5.3 and propose an approximation algorithm to solve it efficiently with
guaranteed small violation of constraints.

We introduce limitation constraints on the utilization of the models for the demanded

features of DTs, i.e., integer lower and upper bounds L™", ;1 on the times a model m for
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feature k can be used by different DTs, i.e.,
N
Ly <> " i < L9 (5.5.1)

As special cases, when L™" = (), model m may not be selected by any features; and when
L7 = oo, model m may be selected by all features. These extra constraints capture model
accuracy requirements, such as “the high-accuracy model m € M}, must be used by at least
two sensors (i.e., L™ = 2)”, or “computationally-heavy model m € M, can be used by
at most one camera (i.e., L' = 1)”.

Introducing the new constraints to the original problem (IP) results in the following

more general one:

i \I]i S.t. GIP
A iy i s
M,
> ikm =1, Vi k: Big =1 (5.5.2)
m=1
N
> ik > LN, Yk, ¥m € M, (5.5.3)
=1
N
D Tikm < LY, Yk, Vm € M, (5.5.4)
=1
K My
Sik,m .
SN ik < Ry Vi (5.5.5)
Tig 77
k=1 m=1 ’
N K Mg f
SN i S F (5.5.6)
; iy
i=1 k=1 m=1 ’
Tigm € 10,1}, Vi, k,m (5.5.7)

Using the same procedure of problem transformation for (IP) in section 5.3, with given
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7, the problem can be transformed to the following feasibility problem:

max 0 s.t. (GFIP)
Xﬁﬁ—
My,
> Tikm =1, Vi k: Bip =1 (5.5.8)
m=1
N
> ik > LI, VEk,Vm € My (5.5.9)
=1
N
> g < LI, VEk,Ym € M, (5.5.10)
=1
K Mg
SN R < 1, Vi (5.5.11)
RT; -
k=1 m=1
N K My f
ZZZ ”“mmmgl (5.5.12)
i=1 k=1 m= 1
ik € 10,1}, Vi, k,m (5.5.13)

Note that the added constraints are hard, i.e., we cannot violate them. In addition, the
equivalence to TYPED KNAPSACK does not hold anymore, and, therefore, the approxima-
tion algorithm of section 5.4 does not work in this case. Hence, we will propose a different
approximation algorithm in order to solve (GFIP) approximately in polynomial time, but
with a worse approximation guarantee, which is not surprising since we are solving a more

constrained problem.

551 An O(lhf NN) approximation Algorithm

In this subsection, we present a polynomial-time approximation algorithm, that will guar-
antee a solution 7, with 7, > 7,,;, where 7,,; is the optimal solution, by respecting exactly

constraints (5.5.8) (5.5.9) (5.5.10), but by violating constraints (5.5.11), (5.5.12) by a factor
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of at most O ({25,

We note that by relaxing constraints (5.5.13) in (GFIP) to z; . ,,, > 0, Vi, k, m, problem
(GFIP) becomes a linear programming (LP) problem. This LP-relaxed problem is referred
to as Relaxed-(GFIP). When lines 8-11 in Algorithm 6 are applied to Relaxed-(GFIP)
instead of (OIP;), the algorithm returns solution 7y > 7,,, unless the relaxed problem is
infeasible (and therefore, the original problem is also infeasible).

Let x4 be the optimal fractional solution of Relaxed-(GFIP) achieving 7, computed
in polynomial time by an LP solver. Our approximation algorithm will use the dependent
rounding of (Gandhi et al. (2006)) to round the fractional components of x; to values 0 or
1 with the required guarantees. The rounded solution cannot have a 7 value smaller than
7¢, since Algorithm 6 guarantees that x; ., = 0 when ®; ., < 7; (lines 3-7), and the
rounding does not change this fact.

First, we give a high-level description of the dependent rounding procedure of (Gandhi
et al. (2006)). Assume we are given a bipartite graph (11, V5, E') with bipartition (V7, V5)
and a value z; ; € [0, 1] for each edge (7, j) € E. Initialize y; ; = x; ; for each (i, j) € E.
Values y; ; will be probabilistically modified in several (at most |E|) iterations such that
y;; € {0, 1} at the end, at which point we will set X ; := y; ; forall (i, j) € E, where X ;
are the (randomly) rounded final values for edges (i, j) € F.

The iterations that modify y proceed as follows: We call an edge (i, j) floating if its
value y; ; is not integral (i.e., y; ; € (0,1)). Let E C F be the current set of floating edges.
If E = (), the process terminates by setting X, ; =y  forall (,7) € E. Otherwise, find a
simple cycle or maximal path S in the subgraph (V;, V3, E) in O(|V4| + |V4|) time running

depth-first-search (DFS). Partition the edge-set of .S into two alternating matchings A and

120



Ph.D. Thesis — H. Chen McMaster University — ECE

B. We define

a:=min{y>0:(3(4,j) €Ay +vy=1) V(3(,j) € B:yi; —y=0)} (55.14)

fri=min{y>0:(3(,j) € Ay, —y=0) V(3(,j) e B:yi; +7v=1)}. (55.15)
Then we execute the following randomized step:

* With probability 5/(a+0) sety; ; ==y, j+aV(i,j) € A, y;j = vyi;—aV¥(i,j) € B,

and
* with probability o/ (a+ ) sety; ; == v ;—BV(i,7) € Ay, = vi;j+6V(i,j) € B.

In either case, at least one edge (i,7) € E will stop being floating, i.e., y; ; € {0,1}, and,
therefore, after at most | E| iterations or O(| E|(|V1| + |V|)) time, all values y will become
integral and the rounding process terminates. Algorithm 9 codifies the dependent rounding
procedure. Note that dependent rounding is a randomized algorithm, and the final rounded
solution X are random variables.

We apply this framework to the fractional solution of Relaxed-(GFIP), that can be
obtained in polynomial time. The fractional solution corresponds to a bipartite graph
G = (N, W, E), with Vi = {(i,k) : Bix = 1}, Vo = {m € My, Yk}, and
E={((i,k),m) : 0 <z pm < 1}.

Property (P2) of Dependent Rounding in (Gandhi et al. (2006)) states the following:

Theorem 7 (Degree-preservation). For a vertex u € Vi3 U Vs, let d, = Zv( cp Tuw be

(u,v)

the fractional degree of u. Then, if X,,,, is the rounded value of ©,,,, X, € {|d,], [d,]}.

Theorem 7 ensures that the rounded solution will satisfy constraints (5.5.8), since these

are constraints on the fractional degree d; ;. of the vertices (i, k) € V; and d;, = 1. Also,
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Algorithm 9 Dependent rounding

Input: Bipartite graph (V3, Vs, E), z; ; € [0, 1] for each edge (i, ) € E
Output: X;; € {0,1} for each edge (4,j) € E

10:

11:

12:
13:
14:
15:
16:
17:
18:
19:

ST EANEA

Yij = Tig, \V/(Z,j) S E, E=F
for all (i,7) € E do

if y;; € {0,1} then

E:=E\{(i,j)}

end if
end for
while £ # () do

Simple cycle or maximal path S = DFS(V;, Va, ) S = AU B for alternating
matchings A, B

Obtain « and 3 from (5.5.14) and (5.5.15)

With probability 5/(a + 5), vi; = vij + o, ¥(i,j) € A, and y;; = y;; —
a, ¥(i,j) € B

With probability o/(a + ), yi; = vi; — B, ¥(i,j) € A, and y;; == y;; +
B, V(i,j) € B

for all (i, j) € E do
if yivi c {0~7 1} then
E:=E\{(i,})}
end if
end for
end while
Xij=vij V(i,j) €E
return X@j

it ensures the satisfaction of constraints (5.5.9) and (5.5.10), since these constraints imply

Lmin < d, < L™ and L™ M2 are integers.

It remains to study by how much constraints (5.5.11), (5.5.12) are violated. If

[ k.m, Vi, k, m] is the fractional solution of Relaxed-(GFIP), let

N K My

=YY ke,
— i, k,m
FT Zv ’
i=1 k=1 m=1 ik

K My

RLP Zzggﬂ;xlkm, 1.
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The application of part (i) of Theorem 3.1 of (Gandhi et al. (2006)) (proved by (Panconesi

and Srinivasan (1997))) on the (randomly) rounded values X, implies the following

Chernoff-type bounds:
Theorem 8.
N K Mg f e
P B e > (1 L — 5.5.16
LT ez e S 0
KM S ]\766
Pr |3 SR X > (1 <— 5.5.17
r[ Z ;ml RiTy (el = (1+e)t+e G210

Proof. Note that 0 < f bk, ’”7 }Sg;m <1, Vi, k, m, since, otherwise, the optimal LP solution

sets T;rm = 0. Also, assuming the solution of (GFIP) does not result in infeasibility,

ie, D' < 1and RF < 1 Vi for some 7, the properties of dependent rounding imply

N K M
that E[>. 3 2 Frn ¥, km] = D'P < 1 and E[z z HA X m] = RIT < 1, Vi

i=1k=1m=1 k=1m=1

Hence, given that properties (P1), (P3) of (Gandhi et al. (2006)) (extended by Theorem 4.4

of (Saha and Srinivasan (2018))) of Dependent Rounding hold, the conditions of Theorem
3.1 of (Gandhi et al. (2006)) are satisfied, and we have the inequalities of the theorem

statement. ]

As in Theorem 3.2 of (Gandhi et al. (2006)), setting ¢ = O(hﬁ IfVN) guarantees a Vvi-

olation of (5.5.11), (5.5.12) by at most a factor O(lrllrllIfVN) with probability larger than a

constant. By repeating the experiment, i.e., dependent rounding, a constant number of
times, the probability of success can be made bigger than any constant, e.g., 0.75.
As a result, with high probability the available resources need to be augmented only

by small amounts in order to render our solutions feasible for the system. Also, note that

In N
Inln N

although the upper bound of O( ) for resource augmentation is guaranteed with high

123



Ph.D. Thesis — H. Chen McMaster University — ECE

probability, the randomized nature of our algorithm suggests that we can have better results

if we run it a few times and keep the best solution.

5.6 Simulation Results

In this section, we present simulation results to demonstrate the performance of the pro-
posed solutions for both the original problem and the extended problem. For comparison,
we also obtain the optimum solutions using exhaustive search. We consider all the PSs
are uniformly distributed in the circular coverage area of a BS, which has the maximum

coverage of 150 m. The ES is located at the BS and hosts a DT for each of the PSs. The

Plgi
o2

transmission rate between PS ¢ and the BS is R; = wlog,(1 + ), where w is the wire-
less channel bandwidth, P and g; are the wireless transmission power and the link gain
from PS i to the BS, respectively, and o2 denotes the noise power at the BS receiver input.
Distance-based path loss is used for the link gains and the path loss exponent is 3. Default
parameters used in the simulation are summarized in Table 5.1, where U|a, b] denotes the
uniform distribution between a and b. These parameter values are similar to those used in
(Lu et al. (2021); Dai and Zhang (2022); Zhou et al. (2022)), and varied during the simula-

tion. We intentionally use a wide range of parameter values based on the referenced ranges

so that we can make conclusions that apply in general settings.

5.6.1 FPTAS for the Original Problem

In the first set of simulation, there are 6 PSs, the number of features (/) for each PS is
varied during the simulation, and each feature has 6 models. The simulations are performed

on a server with Ubuntu 18.04.6 LTS, Intel(R) Xeon(R) CPU E5-2640 v2 @ 2.00GHz
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Table 5.1: Default Parameters

Parameter Value
Ti,k U[la 5] S
Si km U[30, 150] M bits
fikm U150, 500] M CPU cycles
D; om Ul0.7,1]
F 2 GHz
PZ-T 0.1W
w 10 MHz
o’ -120 dBm

and 196 GB memory. Table 5.2 shows the running time of the proposed approximation
solution and the optimum solution. As K increases, the size of the problem increases, and
the running time of both solutions increases. For the optimum solution, the running time
increases exponentially and quickly becomes prohibitively long, e.g., more than 24 days
when K = 10. Although the running time of our proposed solution is sometimes longer
than the optimum solution (but still short) when K is small (e.g., K = 4), it increases
much slower and is significantly shorter than the running time of the optimum solution
when K = 10. This demonstrates that our proposed solution is highly efficient when the

system size is large.

Table 5.2: Comparison of running time

Number of features (K)| 2 4 6 8 10
Proposed solution 0.05s [ 0.15s | 2.18s | 5.12s | 13.34s
Optimum solution 0.06s | 0.09s | 32.5s | 16236s | 24 days

In the second set of simulation, we compare the minimum achieved accuracies using
the proposed FPTAS solution and the optimum, respectively. Due to the long running time
of the optimum solution, the comparison can only be performed for small size systems.

In the simulation, there are 3 PSs, each PS requires 5 features, and each feature can be
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Figure 5.2: Minimum achieved accuracy versus ES computation capacity (original case)

implemented by using one of the 4 models (with different accuracy). The simulation results
are averaged over 100 independent experiments, each of which is for one set of randomly
generated PS locations and feature and model parameters.

Figure 5.2 shows the minimum achieved accuracy of features versus the ES CPU ca-
pacity F'. First of all, the minimum achieved feature accuracy increases with the ES CPU
capacity in general. The increase is more significant when F' is relatively small and grad-
ually becomes saturated as the wireless transmission rates eventually become the perfor-
mance bottleneck. It is also seen that the minimum achieved accuracy using the proposed
approximate solution can be higher than the optimum one, and the approximate solution
achieves this at the price of violating constraint (5.3.7), i.e., ES CPU capacity constraint,
by a factor of at most (1 + ¢). Besides, we can see that when the ES CPU capacity is

relatively small, the minimum achieved feature accuracy with € = 10% is higher than that
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Figure 5.3: Minimum achieved accuracy versus wireless channel bandwidth (original
case)

with ¢ = 5%, since the approximate solution can achieve a better minimum accuracy by
violating the ES capacity constraint more. However, as the ES CPU capacity becomes large
enough, the minimum achieved accuracies using the proposed solution is the same as the
optimum solution when the proposed solution does not violate the constraints.

Figure 5.3 shows the minimum achieved accuracy of features versus the wireless chan-
nel bandwidth w. The observations are similar as in Figure 5.2. The minimum achieved
feature accuracy increases with the wireless channel bandwidth in general and gradually
becomes a constant as the bandwidth is sufficiently large and the ES computation capacity
eventually becomes the performance bottleneck. It can be seen that the minimum achieved
accuracy using the proposed approximate solutions is always higher than the optimum one.

It is because the ES computation capacity used in this simulation is relatively small, i.e.,
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Figure 5.4: Minimum achieved accuracy versus ES computation capacity (generalized
case)

1.2 G CPU cycles/s, the ES CPU capacity constraint is always violated by a factor of at

most (1 + ¢) in the approximate solutions.

5.6.2 Approximate Solution for the Generalization

In this subsection, we consider there are 5 PSs in the coverage of the BS, each PS requires
5 features, and each feature can be implemented by using one of the 4 models (with dif-
ferent accuracy). The input data s, ,,’s are randomly generated from U[2,200] M bits.
The needed CPU cycles f;x,’s are randomly generated from U[5,500] M CPU cycles.
In this case, we assume the model with the highest accuracy of the first feature has to be

used at least once. The models with the lowest accuracy of the first and the third features
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Figure 5.5: Constraint violation versus ES computation capacity

have to be used at most 4 times. The link gains include both the path loss and small-
scale fading given as g; = 1073p;%d; 3, where d; denotes the distance between PS i and
the BS and p; represents the additional channel small-scale fading which is assumed to be
Rayleigh distributed (Ju and Zhang (2014); Chen et al. (2019a)). Thus, p;* is an exponen-
tially distributed random variable with unit mean. Note that a 30 dB average signal power
attenuation is assumed at a reference distance of 1 m. The simulation results are averaged
over 100 independent experiments, each of which is for one set of randomly generated PS
locations and feature and model parameters.

Figure 5.4 shows the minimum achieved accuracy of features versus the ES CPU ca-
pacity F', where the proposed approximate method is applied by running one round of

dependent rounding. The figure shows that the minimum achieved accuracy using the

proposed approximate solution is very much close to the optimum. The gap is slightly
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Figure 5.6: Minimum achieved accuracy versus wireless channel bandwidth (generalized
case)

higher when the wireless channel bandwidth is smaller. Meanwhile, Figure 5.5 shows the
corresponding constraint violation resulted from dependent rounding in the proposed ap-
proximate solution. Both the wireless channel bandwidth constraints (i.e., (5.5.5)) and the
computation capacity constraint (i.e., (5.5.6)) are considered. For the computing constraint,
the violation is calculated as percentage changes to the right-hand value after running the
algorithm. For the bandwidth constraints, the percentage change to the right-hand value is
calculated for each of the IV constraints and then the maximum is taken. The figure shows
that as I’ increases, the computation constraint violation decreases in general. When F' is
sufficiently large, there is no violation in the computation constraint. Note that the results
of the dependent rounding are random, and therefore, the change of the constraint viola-

tion is not monotonic. The changes in bandwidth constraint violation are mainly due to
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Figure 5.7: Constraint violation versus wireless channel bandwidth

the random effect of the dependent rounding. Figure 5.5 shows for both the bandwidth and
computation constraints, running additional rounds of the dependent rounding helps reduce
the constraint violation. Running additional rounds of the dependent rounding also helps
bring the approximate solution closer to the optimum. However, the results after running
five rounds of dependent rounding are not shown in Figure 5.4 because the approximate
solution after running the dependent rounding for one round is already very close to the
optimum.

Figure 5.6 shows the minimum achieved accuracy of features versus the wireless chan-
nel bandwidth w, when one round of dependent rounding is run in the proposed approxi-
mate solution. It is seen that the minimum achieved feature accuracy using the proposed
approximate solution is very much close to the optimum, although the gap is slightly larger

when the computation capacity is smaller. Figure 5.7 shows the constraint violation as the
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wireless channel bandwidth changes. As the channel bandwidth increases, the bandwidth
constraint violation decreases in general. When w is sufficiently large, there is no violation
in the bandwidth constraint. Increasing the channel bandwidth, the computation constraint
violation decreases in general, which is significantly smaller compared to the bandwidth
constraint violation. However, increasing the number of rounds of running the dependent

rounding helps reduce the violation in both types of constraints.

5.7 Summary

We have studied the model selection problem for optimizing feature accuracy of DTs in
an edge computing network. A different feature model requires a different amount of data
from the PS to the ES and a different amount of computation load at the ES. The objective
of the feature model selection is to optimize the feature accuracy, subject to the periodic
updates of the features and the network resource availability. Together with the previous
two chapters, we have seen that joint communication and computation resource manage-
ment results in some complicated optimization problems that require creative methods in

order to solve them efficiently.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This thesis investigated resource management for mobile computation offloading (MCO)
and digital twins (DTs) in wireless edge networks under limited communication and com-
putation resource availability. The work consisted of three parts.

In the first part of the thesis, we studied joint wireless network and task service allo-
cation for mobile computation offloading. The objective is to minimize the average power
consumption of mobile devices (MDs) while satisfying the delay constraints of tasks and
the cost budget for network resources. The formulations presented included both soft and
hard task completion time deadlines. The designs were formulated as mixed integer non-
linear programs (MINLPs) and approximate solutions were obtained by decomposing the
formulations into convex subproblems. Simulation results were presented that characterize
the performance of the system and show various tradeoffs between task deadline violation,

average mobile device power consumption and the cost budget. Results were presented that
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demonstrate the quality of the proposed solutions, which can achieve close-to-optimum per-
formance over a wide range of system parameters. The optimum allocation was obtained by
doing exhaustive search-based discrete event simulations for assigning the wireless chan-
nels from each base station (BS) and edge server (ES) capacity.

In the second part of the thesis, we introduced algorithms for static task class partition-
ing in MCO. The algorithms are given a set of task classes that must be partitioned into two
sets, each containing task classes that are either executed locally by the MD or those classes
that can contend for remote ES execution. The objective is to find the task class partition
that gives the minimum mean mobile device power consumption subject to task comple-
tion time constraints. Algorithms for both soft and hard task completion time deadlines
were presented. The algorithms consider two different variations of the problem. In the
first, the wireless and computational resource capacities are given beforehand and the algo-
rithms determine the task class partitioning. In the second variation, the resource capacities
are not given, and the algorithms generate both capacity assignments and the partitioning
subject to a resource cost budget constraint. Two basic algorithms were introduced, the
first one uses latency based task class ordering, and the second orders the task classes in
an hierarchical way by first grouping task classes with similar mean power consumption
and then ordering the classes within the same group based on task completion time. A
variety of simulation results were presented that demonstrate the excellent performance of
the proposed class partitioning algorithms for both given and optimized network resource
assignments.

In the third part of the thesis, considered DTs, that provide features that represent the

real behavior of their associated physical systems (PSs). This is done using models that
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yield differing levels of system accuracy. In this thesis, we considered the DT model se-
lection problem where the DTs of multiple PSs are hosted at the same ES in a wireless
edge network. The objective is to maximize the minimum achieved accuracy among the re-
quested features by making appropriate model selections subject to communication channel
and ES resource availability. This problem was first formulated as an NP-complete integer
program. The thesis then reduced it to a feasibility problem and decomposed it into mul-
tiple subproblems that each consists of a modified Knapsack problem. A polynomial-time
approximation algorithm was proposed using dynamic programming fully polynomial-time
approximation scheme (FPTAS) to solve it efficiently by violating the constraint by at
most a given factor. A generalization of the model selection problem for DTs was then
introduced. A polynomial-time approximation algorithm using relaxation and dependent
rounding was proposed that finds approximate problem solutions that provide an asymp-
totic bound on constraint violation. A variety of simulation results were presented that
demonstrate the excellent performance of the proposed algorithms. It was verified that our
proposed FPTAS is highly efficient when the system size is large. The approximate solu-
tion can be obtained by violating its constraints no more than a given factor. The proposed
solution to the generalization achieved close-to-optimum feature accuracy and its violation

of constraints can be reduced by running additional rounds of the dependent rounding.

6.2 Future directions

There are several possible directions for future extensions of our work. Unlike assigning
aggregate channel resources from the network operator to each BS to support its associated
mobile device population in the first part of the thesis, a possible future research direction

is to allocate specific amount of wireless channels and computation resources of each BS
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and ES to individual MDs based on the task requirements, which may improve the MCO
performance.

An obvious future research direction is the study of dynamic task class partitioning and
the development of online task class partitioning algorithms. In addition to ideas presented
in this thesis, machine learning and deep learning techniques could also be used, in response
to quickly changing environments.

Another future research direction is the combination of task class partitioning with par-
tial task offloading. This adds the extra complication of dividing application tasks into
sub-tasks and the assignment of sub-tasks to a set of sub-classes that will have to be par-
titioned according to task class partitioning, possibly with the requirement that sub-task
precedence constraints are also satisfied.

For the DT work, a potential future research direction is the joint optimization of the
DT model selection and network resource allocations. Instead of sharing the entire ES
computation capacity and using fixed transmit power and equal channel bandwidth for
PSs, allocating a specific amount of network resources to each pair of PS and DT could
improve the DT performance, e.g., feature accuracy, based on its quality of service (QoS)

requirements.
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