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Abstract

Rapid urbanization poses huge challenges to people’s daily lives, such as traffic con-
gestion, environmental pollution, and public safety. Mobile Internet of things (MIoT)
applications serving smart cities bring the promise of innovative and enhanced public ser-
vices such as air pollution monitoring, enhanced road safety and city resources metering
and management. These applications rely on a number of energy constrained MIoT units
(MUs) (e.g., robots and drones) to continuously sense, capture and process data and images
from their environments to produce immediate adaptive actions (e.g., triggering alarms,
controlling machinery and communicating with citizens). In this thesis, we consider a sce-
nario where a battery constrained MU executes a number of time-sensitive data processing
tasks whose arrival times and sizes are stochastic in nature. These tasks can be executed
locally on the device, offloaded to one of the nearby edge servers or to a cloud data center
within a mobile edge computing (MEC) infrastructure. We first formulate the problem of
making optimal offloading decisions that minimize the cost of current and future tasks as a
constrained Markov decision process (CMDP) that accounts for the constraints of the MU
battery and the limited reserved resources on the MEC infrastructure by the application
providers. Then, we relax the CMDP problem into regular Markov decision process (MDP)
using Lagrangian primal-dual optimization. We then develop advantage actor-critic (A2C)
algorithm, one of the model-free deep reinforcement learning (DRL) method to train the
MU to solve the relaxed problem. The training of the MU can be carried-out once to
learn optimal offloading policies that are repeatedly employed as long as there are no large
changes in the MU environment. Simulation results are presented to show that the pro-
posed algorithm can achieve performance improvement over offloading decisions schemes

that aim at optimizing instantaneous costs.
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Chapter 1

Introduction

In the last few years, we have been witnessing the explosive growth of mobile user equip-
ment. Based on the latest Ericsson mobility report, the number of mobile subscriptions
totaled 7.9 billion globally up to the fourth quarter of 2019 [3]. The trend boosts the pro-
liferation of some newly-developed applications such as face recognition, automatic speech
recognition (ASR), virtual reality (VR) and augmented reality (AR). The services that
the traditional mobile network architecture satisfies are mainly social networking and web
browsing, and there are deficiencies such as small wireless bandwidth and large network
delay. For example, In order to let users experience the feeling of being immersive in VR
services, it is necessary to increase the existing 4k/90 frame rendering processing capacity
by 50 to 100,000 times, and the VR interactive delay must be within 20ms [1]. In addition
to the intensive computing process of video rendering, AR also needs to track user position-
ing and establish an environment model [5]. The above applications all need to complete
a large amount of calculation processing in a short time. At the same time, due to the
significant increase in energy consumption, the extremely high requirements are placed on

mobile devices’ computing power and energy efficiency.

On the other hand, the prosperous Internet of Things (IoT) technology has brought a
emerging concept smart city. With IoT-based smart cities, a large number of different IoT
devices run miscellaneous advanced services in all areas of city life. Recent advancements

in manufacturing smart devices (e.g., smart wearable devices, camera mounted drones and



autonomous environment sensing robots) have paved the way for developing a large number
of diverse mobile Internet of things (MIoT) applications in several domains including but
not limited to tourism, health care, public services and road safety [0]. Examples of these
applications are smart tourism, where moving robots in attraction sites can identify and
interact with tourists and their devices, and air pollution monitoring, where drones can
collect various air samples to test the air quality in a given area. Another example is smart
transportation, which can utilize traffic networks more efficiently and safety, where sensors
embedded to the vehicles, or cameras installed in the crossroad can help to offer optimized
route suggestions, economic street lighting, accident prevention, and autonomous driving
[7]. Other applications also include smart parking [¢] and automated gas and electricity
metering and maintenance. These applications rely on accurate sensing of the environment
and on the timely execution of a continuous stream of tasks on the collected data (e.g.,
object recognition, automatic speech recognition, and meter data analysis). Although
advanced IoT devices are becoming more powerful in terms of the number and speed of
their central processing units (cpus) and their memory and battery capacities, they may
still be incapable of concurrently processing a large number of computationally-intensive

tasks over a short period of time [9].

In response to the above contradiction, a feasible strategy is to offload these com-
putationally intensive tasks to a remote cloud, because the cloud can provide intensive
computing resources, which is the basic idea of Mobile Cloud Computing (MCC). How-
ever, MCC suffers from long communication delay and limited backhaul bandwidth due to
its centralized architecture. Concerning such challenges of MCC, Mobile Edge Computing
(MEC) shifts the services to the edge of the mobile network and use the servers deployed
at the edge of the network. With the aid of MEC, IoT devices are enabled to offload
computation tasks to MEC servers at the edge of pervasive radio access networks in close
proximity to end-devices, rather than using the servers in the core network [10]. Due to
the proximity of the edge servers to the MIoT devices, they can better satisfy the applica-
tions needs in terms of fast and interactive responses due to their low-service latency when

compared to distant cloud data centers.



1.1 Motivation

IoT-based smart cities are characterized by numerous services running over a large num-
ber of end IoT devices as well as applications hosted in remote servers [11]. The massive
amounts of data generated by the multiple services running on numerous IoT devices need
to be further processed by applications hosted on remote servers to enable rich intelligent
functionality. In this regard, computation offloading can effectively reduce the task ex-
ecution delay and extend the battery life of the terminal. However, although offloading
tasks to the servers can effectively utilize the computing resources on the server-side, the
quality of service (QoS) of the smart city services differs under different task offloading
and computation resource allocation strategies significantly due to the limited computing
resources on the server-side. The computation offloading strategy is not always effective,
and a bad computation offloading decision will result in higher processing delay and en-
ergy consumption. Given the large number of smart city services as well as their different
QoS requirements, the critical challenge for computing offloading in the MEC system is
rationally designing the task offloading strategy. It is also a big challenge for servers to
optimally allocate limited computation resources to all hosted applications. This concern

becomes even more stringent with the expansion of smart city scale.

The limited computing resources of the MEC system is a huge challenge facing increas-
ing computing needs. Over the last few years, the problem of mobile task offoading to
MEC infrastructures has received a considerable attention in the Literature [9, 12, 13 14].
The research literature on this issue can be roughly divided into two categories. The first
category is to adopt reasonable allocation of computing resources to make full use of limited
resources. The second category is to introduce auxiliary nodes to expand the computing
power of the MEC system. The introduction of auxiliary nodes can not only distribute the
computational load of the MEC server, but also make use of the resources that are idle.
These auxiliary nodes may be D2D (Device to Device) devices [15], remote clouds [11], and
MEC servers in adjacent areas. The above two ideas are not completely split. In the MEC
system with auxiliary nodes, the computation offloading and resources allocation strategy

also needs to be considered. However, the majority of existing offloading solutions work



under several limiting assumptions. The first is that the resources on the edge servers are
always available while the second is that the battery of the MIoT device may have sufficient
battery charge to serve or offload all incoming tasks. Furthermore, a large number of this
solution do not consider the effects of current offloading decisions on the performance on
the MIoT device’s remaining power or resource availability for tasks arriving in the future.
However, resources at the edge servers may still be limited compared to core data centers
and they must be shared by a large number of running smart city applications, in addition,

they are expected to be more expensive.

Furthermore, an application operator may want to ensure that a certain number of
tasks, or tasks arriving during a given time interval (e.g., working hours within a day)
must be served before the mobile device battery reaches the minimum charge needed to
reach a recharging station. The battery consumption of the MIoT devices determines
whether they will work reliably and independently for a long time. The high battery
consumption may result in added labor cost. For example, if a sensing robot runs out of
power before reaching the next charging station, the staff will have to manually move the
robot. Therefore, controlling the battery consumption of MIoT devices plays a vital role

on the long-term performance.

We envision that in order to reduce their task offloading costs and to guarantee the
performance of their services, MIoT application providers may opt to lease pre-configured
virtual machines (VMs) that can host offloaded tasks from a large number of their MIoT
devices. Each device’s tasks may run in isolation using containers [10]. Furthermore,
to ensure the execution of these tasks, additional VMs may also be reserved at the core
network. In view of this, the objective of the thesis is to improve the performance of
offloading and resource allocation decisions on the basis of the long-term performance of a

MEC system.



1.2 Contribution

In this thesis, we focus on the operation of a single MIoT unit (MU) that is executing
a number of tasks (e.g., image capture for object recognition, air sampling for pollution
control or meters reading for utility services) for a given period of time. The tasks arrive
at random intervals and have varying processing requirements both following stochastic
distributions. These tasks must be executed either at the MU or offloaded to containers
hosted on preassigned virtual machines on a multi-tier MEC. The first tier in the MEC
represents a number of edge servers adjacent to the base stations (BS) of the cellular
networks and the second tier corresponds to a cloud data center connected to WiF'i access
points (APs), located in the vicinity of the MU, through the backbone. We design a novel
advantage-actor-critic (A2C) learning scheme to generate near-optimal offloading decisions
and resources allocation strategies for each arriving task. The developed scheme not only
learns how to balance a desired tradeoff between the current cost, in terms of the incurred
delay and consumed device energy, and costs of future tasks, but also controls the battery
consumption to prolong the operational period before a battery recharge is required. More

precisely, the main contributions of this thesis can be summarized as follows [17],

e We describe a novel and more realistic scenario of MIoT roaming a predefined area
to sense their environments and execute their tasks. The MU has a limited bat-
tery and must recharge if it reaches a minimum threshold. In addition, application
provider purchase limited resources and preassigns VMs within the multi-tier MEC

infrastructure to the MU.

e We formulate the execution and offloading problem of the tasks generated by the
MU using a multi-tier MEC infrastructure as a constrained Markov decision pro-
cess (CMDP). In this model, the offloading action for each arriving task does not
only depend on the available resources at the time of the decision but also takes
into consideration concurrently running tasks (i.e., with the past decisions) and the
uncertainties in the execution costs of future tasks. Since these previously executed

actions have consumed part of the available battery since the beginning of the con-



sidered time period and for some concurrently running tasks some of the resources

on the MU and the VMs on the edge servers and the cloud might be occupied.

e To learn an optimal long-term offloading policy for the repeated operation of the MU,
we relax the CMDP problem using Lagrangian primal-dual optimization. We then
develop a novel advantage actor-critic (A2C) learning scheme where two deep neural
networks are designed to evaluate the actions and approximate the value function
for each state, respectively. We demonstrate through performance evaluation results
the efficiency of the proposed scheme when compared to instantaneous optimization

solutions.

1.2.1 Publication

Kaiyi Zhang and Nancy Samaan. Optimized look-ahead offloading decisions using deep-
reinforcement learning for battery constrained mobile iot devices. In 2020 IEEE In-

ternational Conference on Smart Cloud (SmartCloud), pages 181-186, 2020.

1.3 Thesis Outline

This reminder of the thesis is organized as follows.

e Chapter 2 gives a background of mobile edge computing and discusses the computa-
tion offloading problem with some relevant solutions. Then, A fundamentals of deep
learning and deep reinforcement learning is also introduced. Some common models

is also presented.

e Chapter 3 presents the system model and formulates the offloading problem as a

Constrained Markov Decision Process problem.

e Chapter 4 describes the proposed constrained deep reinforcement learning (CDRL)
algorithm to find near optimal ofoading decisions that reduce the offloading cost for

current and future tasks.



e Chapter 5 discusses the performance evaluation results.

e Chapter 6 gives the conclusion of this thesis and discusses a few possible future

research directions.



Chapter 2

Background and Literature Review

This chapter gives a literature review on the development and computation offloading
technologies on Mobile Edge Computing. Section 2.1 gives the background and explains
some fundamental concepts of Mobile Edge Computing area. Section 2.2 introduces the
computation offloading and some factors that may affect the offloading decision. Section
2.3 introduces the fundamentals of deep learning and some classic models. Section 2.4
introduces the fundamentals of deep reinforcement learning and some standard algorithms.
Section 2.5 gives some categories about the existing approaches that solve the computation

offloading problem.

2.1 Background

Over the last decade, with the rapid development of Internet of things (IoT), a tremendous
number of ubiquitous smart devices and objects (e.g., sensors, actuators, mobile phones
and laptop) can be built into every fabric of urban environment and connected with each
other [18]. The ToT-based smart city has received considerable attention and is becoming a
promising technology that integrates ubiquitous sensing, universal networking, intelligent
information processing and real-time control. The main goal of the IoT-based smart city
is to efficiently use public resources, thus providing a wide range of intelligent services,

including smart building, smart manufacturing, smart energy, and smart healthcare. In



the background of the IoT-based smart city, ubiquitous IoT devices are applied to monitor
the surroundings in people’s daily lives in real time by collecting and processing the local
sensed contents such as images, videos, and textual data [19]. In essence, the development
of smart cities inevitably will lead to a significant increase in the multimedia applications
and services [20]. However, the limited computation resources and battery capacity of [oT
devices have become huge constraints for guaranteeing the efficient computing in smart
cities. Therefore, the idea that transferring the computing tasks from IoT devices to

computationally powerful remote servers is proposed, which is called by cloud computing’.

2.1.1 From Centralized Clouds to Mobile Edges

To provide IoT devices with abundant computation resources, mobile cloud computing
(MCC) is proposed as a promising approach, which combines cloud computing, mobile
computing, and wireless communication networks [21]. By offloading the computation-
intensive task to remote resource-rich commercially cloud infrastructures such as Amazon
EC2, Alibaba Cloud and Google Cloud, the computation load on the device is transferred
to the cloud. Thus the energy consumption of IoT devices is reduced significantly, and delay
is decreased to some degree. Over the years, the cloud elasticity model has been widely
successful and an added value for both enterprises and cloud providers [12]. However,
some delay-sensitive applications are challenging the scalability and resiliency models of
the traditional mobile cloud computing with more rigorous demands in response latency
and data storage. One of the critical challenges is due to the long distance from IoT
devices to remote cloud platforms, and it may result in a huge transmission delay for
applications. Because users are very sensitive to delay, it would have a negative effect on
user experience. Additionally, if too many IoT devices choose to offload the tasks to the
cloud simultaneously, it is highly like to generate severe interference and thus decrease the
overall network performance [22]. Thus, it is hardly to satisfy the acceptable delays of

these applications.

To overcome this constraint, Satyanarayanan et al.[23] proposed the cloudlet based

MCC as a promising solution, which is illustrated in Figure 2.1. Instead of depending on



remote cloud servers, the cloudlet decreases delay by offloading the computation task to the
nearby computing server/cluster via a one-hop WiFi wireless access. The approach allows
mobile users to obtain the benefits of the cloud while avoiding the latency inherent to access
the cloud in a remote location. Nevertheless, the local cloud must be connected to a more
powerful distant cloud that provides additional resources. Cloudlets are envisioned as clus-
ters of multi-core computers with high Gigabit internal connectivity that are self-managed
in order to require little to no administration. However, there are three shortcomings that
cannot be ignored for the cloudlet: 1) due to limited coverage of WiFi networks (typically
available for indoor environments), cloudlet can not guarantee ubiquitous service provi-
sion everywhere; 2)because cloudlets are supposed to be mostly accessed by IoT devices
through WiFi connection, [oT devices have to switch between the mobile network and
WiFi whenever the cloudlet services are exploited [9]; 3) due to space constraints, cloudlet
usually utilizes a computation sever/cluster with small/medium computation resources,

which may not satisfy QoS of a large number of mobile users [21].

~
D

——_——— = .@ -~ > Q —
v [(wiF 9‘,
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-~
rd
. . Cloud datacenter

Figure 2.1: The general concept of a Cloudlet

In recent years, to address the above-mentioned challenge and improve the shortcom-
ings of the cloudlet, a novel concept, known as Mobile edge computing(MEC), has been
developed.
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2.1.2 Mobile Edge Computing

Mobile Edge Computing (MEC) has received extraordinary attention due to the increas-
ing number of emerging applications in recent years. Unlike the conventional mobile cloud
computing (MCC) where the computation resources are usually located at tens of kilo-
meters away, MEC is beneficial in terms of service delay due to its proximity to the end
devices. However, its computational resources are relatively limited compared to those of
the public cloud data centers due to the physical size constraint, which would significantly
limit the service capacity of the edge [25]. The concept of MEC was firstly proposed by
the European Telecommunications Standard Institute (ETSI) in 2014. It was defined as
a new platform that “provides I'T service environment and cloud-computing capabilities at
the edge of the mobile network, within the Radio Access Network(RAN) in close proximity
to mobile subscribers” [26]. By deploying MEC servers at the macro or micro base sta-
tions, MEC can improve the user experience by processing the user request at the network
edge with reduced latency and location-awareness, as well as alleviate the load over the
core network, as shown in Figure 2.2. MEC architecture can also be seen as the middle
layer between the cloud and [oT devices. Therefore, the infrastructure is derived as a
three-layer hierarchy—the cloud, MEC, and IoT devices. Together with network function
visualization (NFV) and software-defined network (SDN), MEC has been deemed as a key
enabling technology toward the 5G era [27]. In order to expand the influence of MEC
with heterogeneous access technologies, e.g., 4G, 5G, WiFi, and fixed connection, ETSI
officially extends the terminology of MEC from mobile edge computing to multi-access
edge computing in 2017 [23].

According to the ETSI introductory technical white paper [29], MEC can be charac-

terized by:

e On-premises: MEC is able to operate in isolated environments. In other words, MEC
can perform isolated from the other part of the network and has the right to utilize

the local resources.

e Proximity: MEC servers are usually positioned in close proximity to mobile users.

11
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Therefore, MEC can leverage readily useful information from mobile users for further

purposes such as big data analysis and processing.

e Lower latency: Service providers deploy MEC services at the nearest location to
user devices that avoids network data flow from the core network. Therefore, user

experience is assured of high quality with ultra-low latency and high bandwidth.

e Location awareness: Since the MEC server is near the mobile users, MEC can uti-
lize low-level signaling information received from end-users to estimate their precise
locations, which created several applications about location-based services, e.g., the

recommendation for nearby restaurants.

e Network contextual information: Due to the property of proximity, MEC can utilize
the real-time radio network data and local contextual information to optimize the
network and QoS. For example, real-time and contextual information can be used to

improve user experience by offering personalized services.

MEC is composed of servers or virtual servers distributed in different locations with built-in

12



smart services. These servers are implemented locally at mobile subscriber premises such
as parks, parking lots, and shopping centers. MEC may utilize cellular network elements,
such as the base station (BS), WiFi AP, or femto AP (i.e., low power cellular base station).
MEC may be deployed at a fixed location, for example, in an office space or on a mobile
device located in any moving object, e.g., car or bus. The network operators can deploy
MEC servers at various locations within RAN and collocated with different elements of the
network edge, such as BSs (aka eNB in 4G and gNB in 5G), optical network units, radio
network controller sites, and WiFi access points [21]. To drive intelligence at the base
station and to effectively optimize RAN services, MEC technology develops a dynamic
ecosystem and a new value chain that allows intelligent and smart services at nearby

locations to the mobile subscribers [30].

To summarize, the key value proposition of MEC is that it offers cloud computing by
driving cloud resources (e.g., computation, network and storage) to the edge of the mobile
network in order to fulfill application requirements that are compute-hungry (e.g., multi-
player game applications), latency-sensitive (e.g., AR applications) and high-bandwidth
demanding (e.g., mobile big data analysis).

2.2 Task OfHoading

Task offloading is a critical component of MEC to improve application performance, re-
sponse time, and energy consumption. Generally speaking, a vital part regarding compu-
tational offloading is to determine the location of execution of the mobile application, such
that the execution of the application leads to a lower cost. The offloading location gener-
ally refers to the MIoT device itself, the edge server, and the cloud server. However, since
multiple different types of servers or combinations exist, a diverse of offloading scenario
needs to be considered. The cost includes delay, energy consumption, monetary cost, or
a weighted sum of them typically. The cost has different metrics in different conditions
according to the type of application, the battery status, and the network environment. For

example, if the application is delay-sensitive, shorten the delay is primary concerns. If the

13



remaining battery capacity is low, the primary concern of the problem should be to extend
the battery life by minimizing energy consumption. If the MIoT device is charging, the

energy cost will not be a worth-noting problem.

In practice, according to the specific scenario considered and the assumptions made,
there are several definitions of the ofoading problem. For instance, the number of mobile
users and servers may vary in different scenarios. What’s more, even if we consider the
same scenario, the objective of the offloading problem may vary. On the one hand, delay
and energy consumption are the less the better. On the other hand, robustness and privacy

protection need to be maximized.

In the MEC framework, the energy consumption and delay of task offloading include
three parts. The first part is the transmission energy consumption and delay when MIoT
devices upload the task data to remote servers. Due to the dynamic wireless channel states
and the different sizes of the computation tasks, the transmission energy consumption may
vary among the MIoT devices. Furthermore, in the scenario where the radio resources are
shared by MIoT devices, severe interference may occur from time to time. The interference
will decrease the data transmission rates for the tasks, and hence lower the energy efficiency
of the MEC offloading [10]. The second part is the processing energy consumption and
delay caused by processing data. This amount depends on the computing capability of the
servers or the MIoT devices. The third part is generated when the remote servers return

the results to MIoT devices.

2.2.1 Generic Offloading Process

When modeling the offloading problem, two offloading modes can be considered, i.e., full
offloading and partial offloading. For full ofloading, the whole computation is offloaded
and executed by MEC servers. Whereas for partial offloading, a part of the offloading is
offloaded while the rest is executed locally. A MEC-based offloading process consists of

three relatively independent sub-tasks, i.e., profiling, partitioning, and decision-making.
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Profiling

For the IoT devices, after receiving an offloading request, the profiling module needs to col-
lect three aspects of information. The first one is the current task size and the requirement
of delay. The second one is the computing status of [oT devices and offloading resources,
i.e., the number of available VMs and the corresponding CPU speed. The last one is the
networking condition, which includes network bandwidth and wireless connection status.
Due to the nature of mobility, the offloading environment can change dramatically during
the offloading process. To maximize the benefits of offloading, it is necessary to update
the execution environment information during a specific interval, such that making the

real-time offloading decision.

Partitioning

This step is just for partial offloading. Application partitioning is to divide the task into
offloadable and non-offloadable components based on different information. For the non-
offloadable part, it must be executed locally on the IoT device because this part may involve
some equipment that is unavailable in the offloading location, such as camera, GPS, and
accelerometer. In addition, as noted by [31], considering some security issues, tasks involve

confidential information cannot be executed by third-party cloud services.

Decision-making

In order to make the offloading decision, the following four aspects need to be considered.
Firstly, for fine-grained tasks, we should decide which part of the task should be ofloaded
and which part should be executed locally. Secondly, we should find the right location
to offload. Thirdly, we should find the right time to offload, e.g., when the network envi-
ronment is good, when the amount of communication data is small or when the amount
of computation is large. Finally, we need to decide the transmission technique, e.g., us-
ing WiFi or cellular network. We summarize some factors that may have an influence on

offloading decisions in the next section.
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2.2.2 Factors Affecting Offloading Decisions

Table 2.1 illustrates some factors that impact the offloading decision. In the following,

some details about the factors are discussed.

Factor Value

Application type delay-sensitive, delay-tolerant

Wireless environments 4G;5G;WiFi

User preference Data confidentiality

Mobile device specification CPU speed, available memory, battery level
Server specifications CPU speed, available memory, load

Application specifications  Execution time constraints

Table 2.1: Factors affecting the offloading decision [I]

Classification of Applications

The relative importance of different types of applications to the two factors of delay and
energy consumption is different. The offloading decision need to consider the different

conditions to achieve the best performance. We present the two type of application.

e Delay-Tolerant Applications: for some mobile applications that process machine
learning model training and personal health analytics which are tolerable to maxi-
mum delays ranging from minutes to hours. Thus, a viable approach is to offload
these workloads to the powerful public cloud servers (e.g., Amazon EC2 and Mi-
crosoft Azure) for processing when the edge resources are limited or expensive [25].
Novel participatory sensing applications are an excellent illustration of data-intensive
yet delay-tolerant applications. With the help of the collected information from sen-
sors embedded in the user’s mobile phone, participants can monitor and document
health-related issues, such as diet behaviors, depression, and stress conditions [32].
Through the cellular network or any available WiFi, the collected data is uploaded
from a user’s phone to a back-end server. The submission to the servers may be
postponed until there is an energy-efficient network environment since the collected
information is not time-critical. Therefore, for delay-tolerant applications, response

time is not the primary concern, and reducing energy consumption is more relevant.
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e Delay-Sensitive Applications: for some delay-sensitive applications (e.g., natural lan-
guage processing, face recognition, virtual reality, vehicular communications), mobile
subscribers look forward to a fast response which is comparable to their cognitive ca-
pabilities. In some particular scenarios, minor time errors can also cause severe
security problems, e.g., the applications of driverless cars. Thus, for better user ex-
perience, the response time of these applications should be as much as possible low.

Therefore, for delay-sensitive applications, rapid response is the primary concern.

Heterogeneous Wireless Environments

Mobile devices often have multiple wireless interfaces with varying availability, delay, and
energy costs, such as 3G, 4G, 5G, and WiFi for data transfer. The difference between WiFi

and cellular networks is shown in Table 2.2.

e Data Rate: the achievable data rates for different access technology depends on the
environment and can vary significantly. For the 4G, long term evolution advanced
(LTE-A) can achieve 3Gbps in DL and 1.5Gbps in UL. For the 5G, using beam
division multiple access (BDMA) and non-and quasi-orthogonal or filter bank multi-
carrier (FBMC) access, the data rate can achieve 10-50 Gbps [33]. For the 802.11n
wireless local area network standard, the WiFi can reach 600 Mbps. With the intro-

duction of the 802.11ax standard, the maximal data rate can achieve almost 9.6Gbps

[34].

e Awvailability: cellular networks such as 3G and 4G, usually have much higher avail-
ability than WiFi, in particular, 4G has very high coverage in the present society.
There are generally WiFi hotspots at home, office, and public indoor places like cam-
pus and airports. However, the coverage of WiFi is limited. It is worth noting that
5G networks can implement a much faster transmission rate than conventional WiFi

but are still not widespread.

e Stability: In general, the 4G has a better stability than the WiFi. The number of

people connected to the same WiFi hotpot can make the transmission rate fluctuate.
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By contrast, the cellular has the more stable data transmission rate.

e FEnergy-FEfficiency: the energy consumption for transferring a fixed amount of data
can differ by order of magnitude or more [35]. In general, the WiFi interface is
more energy-efficient than the cellular interface. 5G consumes the most energy since
it utilizes ultra-high-frequency bands (e.g., millimeter-wave), which have narrower

beams and weaker diffraction capability [36].

Cellular WiFi

Delay High Low
Availability High Low
Stability High Low
Energy-efficiency Low High

Table 2.2: Comparison of WiFi and cellular network|2]

Not only the availability and quality of access points (APs) may vary from place to place,
but also the uplink and downlink bandwidths fluctuate frequently due to multiple factors
such as weather, mobility and building shield. Data transmission in good connectivity

consumes much less energy than that under bad conditions.

2.2.3 Resources Allocation

When a offloading decision is made, some offloading related actions also need to be consid-
ered. For example, a suitable amount of communication and computation resources have

to be allocated for the transmission and processing of each task.

Wireless Resources Allocation

Zhang et al. [10] investigate a multi-users computation offloading and radio resource alloca-
tion for MEC in 5G heterogeneous networks, where a Macro Base Station (MBS) equipped
with a MEC server, and besides the MBS, there is a Small Base Station which operates
in the same frequency band with MBS. The spectrum is divided into K channels of equal
bandwidth, and there is a backhaul between the MBS and the SBS. If two or more devices
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share the same channel, there will be interference with the transmission speed. Each user
chooses offloading decisions, i.e., the computation task is executed locally, transmitted
through the MBS or the SBS, respectively. At the same time, each user just selects one
channel for transmission. They propose an energy-efficient computation offloading (EECO)
scheme consisting of three stages, i.e., mobile device classification, priority determination,
and radio resource allocation. The simulation results show the EECO scheme can achieve

energy-efficiency improvement under latency constraints.

Computation Resources Scheduling/Allocation

In general, the computation performance of computing devices is controlled by the CPU-
cycle frequency f,,, (also known as the CPU clock speed). The state-of-the-art mobile CPU
architecture has adopted the advanced dynamic frequency and voltage scaling (DVES)
technique, which allows adjusting the CPU-cycle frequency (or voltage), resulting in grow-
ing and reducing energy consumption. To leverage the DVFS capability, Dinh et al. [37]
propose a semidefinite relaxation-based approach to computation offloading with coupled
DVEFS with task offloading by dealing with irregular granularity in offloadable data. Sim-
ulation results show the proposed scheme can greatly reduce the energy consumption and
execution delay when considering multiple edge devices and elastic CPU frequency. Mao et
al. [38] consider a scenario where an energy harvesting device is served by a MEC server.
DVFS and power control are applied to optimize local execution process and data trans-
mission, respectively. They proposed an online algorithm based on Lyapunov optimization
to decide the offloading decision, the CPU-cycle frequencies for local execution, and the

transmit power for offloading.

When multiple users offload their tasks to the same MEC server, they share limited
computation resources. The principle is that the total amount of computing resources
allocated to each user cannot exceed the total capacity, i.e., Y -, fu < fe, where f. denotes
the total computing capacity (in terms of the number of CPU cycles/s), and f, [cycles/s]
denotes the amount of computing resources that the MEC server allocates to user u. This

method of computation resource allocation is investigated in [39], where they consider
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a multi-users multi-servers MEC enabled wireless network. They formulate the problem
of joint task offloading and resource allocation as a mixed integer nonlinear program that
involves jointly optimizing the task offloading decision, uplink transmission power of mobile
users, and computing resource allocation at the MEC servers. The proposed approach
decomposes the original problem into a Resource Allocation (RA) problem with fixed task
offloading decision and a Task Offloading (TO) problem that optimizes the optimal-value
function corresponding to the RA problem. Then, the RA problem is solved by convex and
quasi-convex optimization techniques, and a heuristic algorithm is proposed to solve the
TO problem. The same allocation method is also applied in [10], where they developed an
iteration based algorithm to study the task offloading and computation resource allocation

problem in a software-defined ultra-dense network.

A comprehensive study on jointly optimizing offloading decisions, power control, and
communication and computation resources allocation is given in [11], where the high inter-
ference, multi-access property, and limited resources of small cell base stations are taken
into account. They propose a sub-optimal algorithm combined with the advantages of
genetic algorithm (GA) and particle swarm optimization (PSO). The experimental results
show that the proposed algorithm obtains better performance than GA algorithm, PSO

algorithm, and random method both in the large-scale and small-scale scenarios.

2.3 Deep Learning

The development of smart cities is closely related to intelligent IoT devices. Artificial
intelligence (AI) is the domain that introduce intelligence into the computation system.
For a dynamic MEC offloading environment, to make the IoT device become intelligent, we
rely on a smaller subset of AI methods, referred as Machine Learning. Machine learning-
based offloading frameworks have been studied in these literatures [12, 13, 11]. These
models achieve a success addressing smaller scale problems. Nevertheless, applying them
in larger scale problem is not easy. As the front runner of machine learning, deep learning

(DL) has achieved remarkable performance in handling large amounts of data. These
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Figure 2.3: Relationship between Artificial Intelligence, Machine Learning and Deep Learn-
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achievements not only depend on the evolution of DL but also inextricably associated with

growing data and computing power. In this section, we introduce several DL models.

2.3.1 Multilayer Perceptron

Multi-layer Perceptron (MLP) is a supervised learning algorithm that learns a function
f(-) : R™ — R™ by training on a dataset, where m is the number of dimensions for input,
and n is the number of dimensions for output. A MLP with two hidden layers is shown
in Figure 2.4. MLP can be consider as a subset of neural networks (NNs), and only NNs
with a sufficient number of hidden layers (usually more than one) can be regarded as ‘deep’

models, i.e., deep neural network (DNN).

For a given input vector x, a standard operation of a MLP layer is given as follows:

y = o(Wx +b) (2.1)

Where W and b denotes the weights and bias. y is the output of the perceptron and o(-) is
the activation function, which is proposed to improve the nonlinearity of the model. Here

we list some commonly used activation function [15]:

tanh(z) = %
et +e %
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1
sigmoid(z) = e (2.3)

Rectified Linear Unit (ReLU) [40],

ReLU(x) = max(z,0) (2.4)

Additionally, the softmax function is always employed in the last layer when outputting
the probabilities.

softmax (z;) = (2.5)

where n is the number of dimensions for output.

/ lnout L Hidden layers \
put ayer .

.

Figure 2.4: Structure of an MLP with 2 hidden layers

2.3.2 Recurrent Neural Network

Recurrent Neural Networks (RNN) are devised to deal with sequential data processing,
where sequential correlations exist between samples. Such network can memorize informa-
tion stored in previous nodes, and then apply to the current output process. Figure 2.5

shows the unfolded structure of the RNN structure.

Backpropagation Through Time (BPTT) can be used to train the traditional RNN.
However, gradient vanishing problem is frequently reported in traditional RNN, which make

them hard to learn. To deal with the issue, Long Short-Term Memory (LSTM) networks
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Figure 2.5: Recurrent Neural Network structure. z; denotes the input sequence, and .5;
denotes the state vector. h; denotes the hidden outputs.

are introduced in [17], which increases the ability of model long-term dependencies by
introducing a cell and three gates, e.g., forget gate, input gate, and output gate. The
cell aims at remembering values over arbitrary time intervals; hence the word memory in
LSTM. The forget gate controls how much information from previous cell state should be
forgotten by the current cell state. The input gate handles how much information from the
current input layer flows into the current cell state. The output gate controls how much
information from the current cell state would be conveyed into the current output layer.
Each of the three gates can be implemented by deep neural networks. The structure of an

LSTM is shown in Figure 2.6.
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Figure 2.6: The inner structure of an LSTM layer. C} denotes the cell outputs.
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2.4 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) is the combination of deep learning (DL) and rein-
forcement learning (RL), but it focuses more on RL and aims to solve sequence decision-
making problems. DNN plays the part of the agent and uses its powerful representation
ability to fit the value function or the direct strategy to solve the explosion of state-action
space or continuous state-action space problem (i.e., state space and action space are high-
dimensional). The training goal of the DNN is to optimize its parameters, such that it can

select actions that potentially lead to the best future return.

The goal of reinforcement learning(RL) is to enable an agent in the environment to take
the best action in the current state to maximize long-term rewards, where the interaction
between the agent’s action and state through the environment normally is modeled as a
Markov Decision Process (MDP). Figure 2.7 shows the structure of Deep Reinforcement
Learning. In this section, we present fundamental knowledge of Markov decision process in
the first place, and then introduce and discuss approximate dynamic programming (ADP)

and some common DRL algorithms.

Rewards

;/ Direct actio / Acﬁpn policy

« D

Action [

T

" _4

Environment

Observed state

Figure 2.7: Architecture of deep reinforcement learning. The agent is a neural network
model that approximates the required function.
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2.4.1 Unconstrained Markov Decision Process

Markov decision process (MDP) [18] is useful for studying optimization problems which
can be solved by dynamic programming and reinforcement learning techniques. A MDP
consists of six necessary elements, a set of decision epochs, a set of possible states S, a
set of allowable actions A, a reward function r, the transition probability P and discount
factor 7. By observing the current state s; € S, an agent makes action a; € A according to
a policy 7 at each decision epoch. Policy 7 is a mapping from a state to an action. After
that, the agent will receive a reward (cost if we are minimizing) r; = (s, a;), then the
state evolve to the next state according to the transition probability Pr(sii1|s¢, a;). For

simplicity, the transition probability is defined as P%, = Pr{s;11 =5 | st = s,a; = a}.

For a finite horizon MDP, the objective of the agent is to find a optimal 7 to maximize

the cumulative reward Ry, i.e.,

T
Rt:Tt+1+7”t+2+7’t+3+“'+7’t+T+1IZTHkH (2.6)
k=0

where T is the total number of decision epochs.

In the cumulative reward function, a discounting concept can be used to favor immediate
rewards over future rewards, i.e.,

T

Ry =1y + 97140 + 727“t+3 + - '7T7‘t+T+1 = Z 7krt+k+1 (2.7)
k=0

where v € (0, 1] denotes the discount rate. When + is close to 0, it means the agent is
more interested in immediate profits. When + is close to 1, it means the agent cares more

about the future rewards.

A fundamental property which is frequently used in MDP called Bellman equation
represents the recursive relationship of the value function. The state-value function V7 (s)

(the value of a state under a policy 7) is defined as the expected reward starting in state
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s and following policy m:
V™(s) =E.{R; | s = s}
Ex {Z Voresre | e = 5}
= {Tt+1 + 727 Terky2 | St = S} (2.8)

k=0

= ZW(S,G) ZP a) +vEx {Z’Y Tirkt2 | St41 = 8 }]
acA s'eS

= Zﬂ' s,a Z (s,a) + V7" (s
acA s'eS

where [E, denotes taking expectation according to the law induced by the policy 7w, and
7(s,a) denotes the probability of selecting action a in state s based on policy 7. A policy
is called an optimal policy 7* when it maximizes the long-term reward. The optimal value
function is one which yields maximum value compared to all other value function, and is

expressed as:

Vi(s) = max V™(s) (2.9)

2.4.2 Constrained Markov Decision Processes

In constrained MDPs (CMDPs), the system incurs an additional immediate cost function
C. Specifically, we augment the unconstrained MDP with m cost functions Cy,--- ,C,,,
where each cost function C;: § x A — R. Therefore, the infinite-horizon discounted-cost

of under policy 7 is defined as,

Z'y (s¢, a4 ] (2.10)

Let b; € R denotes a given constant which represents the corresponding constraint upper-
bound. In CMDP, the objective is to obtain a policy 7 that maximizes the long-term reward

while guaranteeing the constraints on the long-term costs C;(m) < b;,Vi € {1,...,m}.
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Therefore, we have the following problem,

max R(m) =E,

™

ZVtT (st, at)]

s.t. Oz(ﬂ') < bZ,VZ S {1, cos ,m}

(2.11)

Compared to unconstrained MDPs, it is more challenging to obtain a feasible and optimal
policy in CMDPs. Normally it requires extra mathematical efforts. By defining an appro-
priate occupation measure and constructing a linear program over this measure, CMDPs
can be solved. Another approach is to use a Lagrangian relaxation technique in which the
CMDP can be converted into a corresponding unconstrained problem. Specifically, the

Lagrangian function for the CMDP problem is:

L(m,A) = R(m) = > X (Ci(m) — dy) (2.12)
where A = (A, -+, Ay,) is the Lagrangian multiplier.
max min L(m,A) = max min R(m) — ZZ: i (Ci(m) — d;) (2.13)

and invoking the minimax theorem,

max min £(m, A) = minmax £(7, \) (2.14)
T A>0 A>0 9w

Then the constrained problem (2.11) can be converted to the following unconstrained
problem:

(7%, A") = arg min max £(m, A) (2.15)

A>0 welly

The optimal policy 7* and Lagrange multiplier A* admits the following saddle point prop-
erty,
LA m)> LA, 7)) > LA 7)), Vr,A>0 (2.16)

The right hand side of (2.14) can be solved on two-time scales: on a faster time scale

dynamic programming (model-based) or gradient-ascent (model-free) is performed on state
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values to find the optimal policy for a given set of Lagrangian variables, and on a slower

time scale, gradient-descent is performed on the dual variables [19, 50].

2.4.3 Approximate Dynamic Programming

Approximate dynamic programming (ADP) refers to a class of computational methods
that can be used to solve problems that are sometimes large and complex, and are usually
(but not always) stochastic when given a perfect dynamical model of MDP. It is always
introduced as a way to overcome the classic curse of dimensionality that is well-known
to plague the use of Bellman’s equation [51]. The first feature of ADP is to replace the
true value function with some sort of statistical approximation, which can be a multilevel
aggregation or the use of neural networks. The second feature is that instead of working
backward through time to calculate the value function, ADP steps forward in time. In the

following, two basic model-based methods are introduced.

Value Iteration

Value Iteration (VI) is the most widely used algorithm for solving Markov decision process
problems. VI needs perfect knowledge of the state transition probabilities and the rewards

for each transition. The update rule of VI is expressed as follows:

Vit1(8) = max Z P& r(s,a) + Ve (8)] (2.17)

a

S/

for all s € S, where subscript k denotes k-th iteration.

This technique requires a large number of iterations to converge to the optimal value

function until the value function calculated on two successive steps are close enough, i.e.,
max Vit1(s) — Vi(s)| < e (2.18)
S

where € is a predefined threshold parameter. The smaller the threshold, the higher the

accuracy of the algorithm. The steps of value iteration are shown in Algorithm 1.
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Algorithm 1 Value Iteration Algorithm
Initialization:

S: Set of possible states.

A: Set of possible actions.

P: The transition probability.

r: Reward Function.

e: A small positive threshold
Output:

Optimal value function array V

1: Arbitrarily initialize V(s) € R for every state s € S.
2: repeat
3: A<+—0
4:  for each state s € S do
5: v — V(s)
6: V(s) «— max, y_, P% [r(s,a) + vV ()]
7: A +— max(A, [v = V(s)])
8: end for
9: until A < 0
10: return Optimal value function array V

Policy Iteration

There is another way of finding optimal policies, is known as policy iteration (PI). Policy
iteration initializes a policy arbitrarily and once a policy 7 is given, it is feasible to examine
whether it is the best policy. If a new policy ' is better than a old policy =, it means
the value function V™ is greater than or equal to V™. Therefore, policy iteration performs
two steps: value evaluation and policy improvement. Value evaluation calculates the value
function of each state given the current policy. Policy improvement updates the current
policy if any improvement is possible. The algorithm terminates when the policy converges

[52]. The steps of policy iteration are shown in Algorithm 2.

2.4.4 Value-based Method

When applying policy iteration or value iteration to solve MDP problem, we must have
a perfect knowledge of the MDP, i.e., the transition probability of known. However, in
real life, the transition probability of a system is hard to know or not easy to calculate.

Therefore, some model-free models is developed.
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Algorithm 2 Policy Iteration Algorithm

Initialization:

S: Set of possible states.

A: Set of possible actions.

P: The transition probability.
r: Reward Function.

e: a small positive threshold

Output:

10:
11:
12:
13:
14:
15:
16:

17:

Optimal value function array V

. Arbitrarily initialize V(s) € R and a policy m(s) for all state s € S.

Step 1: Value Evaluation
repeat
A+—0
for each state s € S do
v — V(s)
V(s) «— max, y_, P% [r(s,a) + YV (5)]
A +— max(A, [v = V(s)|)
end for
until A < 6

Step 2: Policy Improvement
for each state s € S do
J +— m(s)
7(s) «— argmax, y_ ., P2, [r(s,a) + V™ ()]
end for
if 7 does not converge (i.e., J # m(s)) then
Return to Step 1.
end if

return optimal policy 7 and optimal value function array V
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Q-Learning

Q-learning [53] is a powerful algorithm to solve reinforcement learning problem, which
uses Q-value (also called action-value function) to iteratively improve the behavior of the
learning agent. Traditionally, the Q-value can be stored in a table, whose size is equal to

the dimensionality of the action space times the dimensionality of the state space.

Similar to (2.8), the action-value function Q7 (s, a) can be defined as:

Q"(s,a) =E,{R; | st = s,a; = a}

o
k
=K, E Ykl | St = s,a0 = a

k=0

oo . (2.19)
=K, Tt+1+727rt+k+2‘3tzsaat:a

k=0

=r(s,a) +72 P:,

s'eS

S (s a)Q" (s, a')]
a’'€A
If we have the optimal action value function Q*(s,a) for all state-action pairs, we can get

the optimal policy 7* by:

1 if a = argmaxQ*(s, a)
(s,a) = acA (2.20)
0 otherwise

Now, the problem is converted to find optimal values of Q-value, i.e., Q*(s,a), for ev-
ery possible state-action pairs, and this can be achieved by means of iteration processes.

Particularly, the Q-value is updated according to the following rule:
Qir1(s,a) = Qi(s,a) + oy |ri(s,a) + ymax Qi(s',a') — Qi(s, a) (2.21)

The essence behind this update rule is to calculate the Temporal Difference (TD) between
the predicted Q-value, i.e., 7(s,a) + ymax, Qu(s,a’) and its current value, i.e., Q;(s,a).
As shown in equation (2.21), the objective of the learning rate «; is to determine the

impact of new information to the current Q-value. The learning rate can be consider as a
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constant, or it can also decrease with the increase the number of iteration.

Deep Q-Network

An optimal policy can be efficiently obtained by using the Q-learning algorithm when the
problem with a small state space and action space. However, in real life, the system models
are more complex, and these spaces are usually large. As a consequence, the Q-learning
algorithm may not be able to find the optimal policy because it is infeasible to store
the value of every state-action pair in a table. Thus, Deep Q-Network (DQN) algorithm
is proposed to deal with this problem. Intuitively, instead of using a Q-table, a neural

network is implemented to approximate the value of Q*(s,a).

As stated in [51], when a nonlinear function approximator is used, the average reward
obtained by reinforcement learning algorithms may not be stable or even diverge. This
originates from the fact that small adjustment of Q-values may hugely influence the policy.
Therefore, the data distribution and the correlations between the Q-values and the target
values 74(s, a) + v max, Qi(s',a’) are diverse. Two mechanisms, i.e., experience replay and

target Q-network, are used to solve the problem.

e Faxperience reply mechanism: The algorithm first initializes a replay memory D, i.e.,
replay buffer, which is used to store transitions (s, a;, ¢, S¢41), 1.€., €experiences gen-
erated randomly through using e-greedy policy. Then, instead of feeding successive
transitions into a mini-batch, the algorithm randomly picks transitions from D, which
consists of a mini-batch to train the DNN. The Q-values obtained by the trained DNN
will be used to obtain new experiences. When the memory is full, new transitions
will replace the old ones. This technique makes the DNN trained more efficiently by
using both old and new experiences. Additionally, by making use of the experience
replay memory, the transitions are more independent and identically distributed, and

hence the correlations between observations can be solved.

o Fized target Q)-network: During the training, the action-value function will be shifted.

Therefore, the action-value function estimations have a high probability of being out
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of control if a constantly shifting set of values is used to update the deep Q-network.
This may result in the destabilization of the algorithm. To address this concern, the
target Q-network is used to update infrequently (every hundreds of iteration or so).
In this way, the target network stays constant for a period of time, thereby stabilizing

the algorithm. The DQN algorithm is summarized in Algorithm 3.

Algorithm 3 Deep Q-Network

Initialization:

action-value function ) with random weights 6
target action-value function () with random weights 6’
relay memory D

1: for episode in {1,2,..., M} do
2:  Initialize initial state sg
3: fortin {0,1,...,7} do
4: With probability e select a random action a;
otherwise select a; = arg max, Q(s¢, a; )
Execute action a; and observe reward r; and next state s;y;
Store transition (s, as, ¢, S¢y1) in D
Sample random mini-batch of transitions (s;, a;, r;, s;41) from D
{ Tj, if episode terminates at step 7 + 1
8: Set y; = A Py .
r; +ymaxy Q(si41,a’;0"), otherwise
9: Perform a gradient descent step on (y; — Q(s;, a;; 0))* with respect to the network
parameters 6
10: Every C step rest Q =Q
11:  end for
12: end for
Double DQN

The shortcoming of DQN is that they extremely slow down training and increase the

sample complexity. In addition, DQN still has stability issues. This is because the DQN

algorithm always performs badly by reason of the over-estimations of true action values.

These over-estimations result from the introduction of positive bias since Q-learning uses

the maximum action value as an approximation of the maximum expected action value [55]

as shown in Eq.(2.21). In particular, at the beginning of learning when Q-values are far

from the correct value, if an action is over-estimated and picked by the target network as

the next greedy action, the learned Q-value will also become over-estimated. Therefore, to
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address the over-estimation issue, the authors in [55] propose a solution using two Q-value
functions, i.e., Q; and Qs, to select and evaluate action values at the same time through

the loss function as follows:

aj+1

T'j + ’YQQ (Sj+1, arg max Q1<Sj+1, a/jJrl; 91), 62) — Ql (Sj, CLJ'; 91) (222)

It is worth noting that the selection of an action, in the arg max, is still due to online weight
f,. This indicates that, as in Q-learning, we are still giving the greedy action according
to the current values, as defined by #,. However, the second set of weights 5 is used to
give the Q-value of this policy. The second set of weights can be updated symmetrically
by switching the roles of §; and 6;. Motivated by this thought, the authors in [55] then

propose Double DQN model [56] with the loss function update rule as follows,
rj+79 (st, argmax Q(s;j41, aj41; 0); 0’) — Q(s;, a;;0) (2.23)
aj+1

where the weights of the second network 6, are replaced with the weights of the target

networks 6.

2.4.5 Policy-based Method

This subsection focuses on a particular family of reinforcement learning algorithms that use
policy gradient methods. Different from the previously introduced value-based method, a
map from states to actions is defined as policy 7y, which is characterized by parameter 6. By
using a parameterized function estimator, policy search methods directly learn to estimate
the policy mg. The objective of the neural network is to maximize an objective function rep-
resenting the return R(7) (sum of rewards) of the trajectories 7 = (sg, ag, s1, a1, - . ., St, ar)

selected by the policy my:

J(0) = Erpy[R(7)] = Erny

t=0

nytr (8¢, at, 5t+1)] (2.24)

where [E,.,, represents taking the mathematical expectation of the return over all
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possible trajectories. The likelihood that a trajectory is generated by the policy 7y is
noted py(7) and given by:

T
po(T) = po (S0, a0, .- ., 57, ar) = po (S0) Hﬂe (815 @) p (St41 | 815 1) (2.25)

t=0
where po(sg) denotes the probability that the initial state is sq, and p(s;11|ss, as) rep-
resents the transition probability. After having the probability distribution of the trajec-

tories, we can rewrite the objective function (2.24) in the form of integration:
J(0) = / po(F)R(7)dr (2.26)

Monte-Carlo (MC) sampling can be used to give an estimation of the objective function.

The core idea is to sample multiple trajectories {7;} and average the obtained returns:

J7(0) ~ %ZR(@) (2.27)

i=1

The gradient ascent method can be applied on the weights 6 to maximize J(6), what we
only need is the gradient VyJ(0) = a(J?_g%). Once a proper estimation of the policy gradient
is obtained, gradient ascent method is applied straightforward: 6 <— 0 4+ nV,.J(0), where n

denotes the learning rate.

Estimating the policy gradient

Introduced in [57], an effective estimation of the policy gradient is proposed. Considering

that the obtained return R(7) of one trajectory is not dependent on the parameters 6, the
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policy gradient can be calculated by the following way:

Vi J(6) zve/pg(T)R(T)dT
~ [ (Vapa() R(ryir (228)

T

- / po(T)Vglog po(T)R(7)dr

Here log-trick is used py(7)Volog pe(T) = po(T )W’J("( ) — Vypo(7). Therefore, we have the
following form of a mathematical expectation:
Vo J(0) = Ervp, [Volog po(T)R(7)] (2.29)

By equation (2.25), the log-likelihood of a trajectory is:

T T
log po(7) = log po (so) + » _logmy (s, ac) + > logp (et | 51, ar) (2.30)

Because log py and logp (sy11 | S¢,a¢) do not depend on the parameters 6, the gradient of

the log-likelihood is simply:

Vo log po(T ng log g (¢, ar) (2.31)

t=0

The policy gradient is then given by:

VoJ(0) =Ervp, | Y Vologm (s, ar) R(7)

| t=0

(2.32)

=Erp, ZVglogﬂg St, Q) (Z’y Tt+1>]

Now, it is straightforward to estimate the policy gradient using Monte-Carlo (MC) sam-
pling, which produces the REINFORCE algorithm, and the procedure of the algorithm is

summarized in Algorithm 4.

REINFORCE is a Monte-Carlo variant of policy gradients. The agent collects several
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trajectories {7;} using its current policy, and uses them to update the policy parameter.

Algorithm 4 REINFORCE:A Monte-Carlo Policy-Gradient Method
Initialization:
a differentiable policy parameterization m(als, ) and step size «
1: loop
2:  Using the current policy my to generate N episodes {7;} and observe the returns
{R(7:)}.
3:  Estimate the policy gradient as an average over the episodes
VoJ (0) = > Yoo Velog mo (se, ar) R (7;)
4:  Update the policy using gradient ascent. 0 <— 0 + aVy.J(0)
5: end loop

Policy Gradient theorem

The basic idea behind policy-based algorithms is to adjust the parameters 6 of the policy
in the direction of the performance gradient Vy.J(my). Sutton et al. [58] proposed that the
policy gradient can be estimated by substituting the return of the sampled trajectory with

the Q-function of the state-action pair, which results in the policy gradient theorem:

Vo J(mg) :/pﬂ(s)/ Vomo(als)Q" (s, a)dads
s A (2.33)
= Espm ammy {V@ log mp(als)Q™ (s, a)

where p™ is the distribution of states reachable under the policy 7. Since the actual return
R(7) is substituted with Q™ (s, a), the policy gradient can be calculated by taking expec-
tation over single transitions instead of complete trajectories, which allows bootstrapping

as in temporal difference (TD) methods [59].

Actor-Critic Methods

The major concern with the above REINFORCE algorithm is the high variance of the
policy gradient. In order to solve this limitation, the policy gradient theorem provides an
actor-critic architecture able to learn parameterized policies. If we can estimate the action-

value function Q(s, a) accurately and use it to guide the policy to update, and then there
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will be better results. Actor-critic architecture is composed of two parts: an actor and a
critic. The actor is responsible for giving the appropriate action based on the current state,
and the critic is responsible for estimating the Q-value function. In DRL, both the actor
and the critic can be represented by non-linear neural network function approximators.
The actor uses gradients derived from the policy gradient theorem to adjust the policy

parameters. Figure 2.8 shows the actor-critic architecture.

In order to reduce the variance further, subtracting a baseline function from the Q-value
function is a feasible approach. The value function V™ (s) can be regarded as the baseline
function. Therefore, we define the following advantage function which indicates whether

things get better or worse than expected.

A"(s,a) = Q"(s,a) — V"(s) (2.34)

Now the problem is that we have to estimate two functions : Q™(s,a) and V7(s). The

policy gradient can be rewritten as:
VoJ(m9) = Espr amm, | Volog ma(als)A™ (s, a) (2.35)
There are different methods can be used to estimate the advantage function:
o A(s,a) =r(s,a) +~yV(s') — V(s) is the TD advantage estimate or TD error.

o A(s,a) = S 1oV iins1 + 7" V(Stn1) — V(s) is the n-step advantage estimate.

o A(s,a) = G(s,a)—V(s) is the MC advantage estimate, the action-value function

is replaced by the actual return.

Deep Deterministic Policy Gradient

Although DQN algorithm can solve problems with high-dimensional state spaces, it can
only handle problems with discrete and low-dimensional action space. However, the ac-

tion spaces are continuous in many applications. The DQN algorithm is not able to be
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Figure 2.8: Actor-Critic architecture

straightforwardly applied to the system with continuous actions because they depend on
choosing the best action that maximizes the Q-value function. Especially, a full search in
a continuous action space to find the optimal action is often infeasible. In [60], the authors
introduce a model-free off-policy actor-critic algorithm that can learn policies directly in
continuous action spaces, which is based on the deterministic policy gradient (DPG) al-
gorithm proposed in [61]. The DPG algorithm utilizes a deterministic policy pug(s) with
parameter ¢ which deterministically map a state to a specific action. In the continuous
case, we naturally give that the gradient of the objective function is the same as the gra-
dient of the Q-value. Therefore, a unbiased estimate Q*(s,a) can change the policy ug(s)

in the direction of V4Q*(s, a), which results in an action with a higher associated return:

Vo (6) = Evny, | VoQ"(5,)|o ] (2:36)
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Figure 2.9: The principle diagram of the DDPG algorithm

where p,, denotes the distribution of states reachable by the policy. The chain rule is used

to expand the above gradient and we have:

VoJ(0) = Eqsep, |Vopa(s) x Vo Q¥ (s, a)l (2.37)

a=pg(s)

According to the update rule, the authors then propose Deep DPG (DDPG) algorithm,
which extended the DPG method with non-linear function approximators, i.e., DNN.
DDPG combines the idea of DQN and DPG. The critic ideas borrowed from DQN are
using an experience replay memory and target networks. The authors also found it is

better to update the target networks with slowly tracking on the learned networks, i.e.,

010+ (1—1)0 (2.38)

where 7 < 1. This means that the target values are always late with respect to the

trained networks. This technique enormously enhance the stability of learning process. It
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is worth noting that a major challenge of learning in continuous action spaces is exploration.
Therefore, an exploration policy p’ is constructed by adding noise samples from a noise
process N to the actor policy. The architecture of the DDPG method is outlined in Figure
2.9.

2.5 Existing Approaches

As introduced in the sections above, many state-of-art DRL research can be used to deal
with computation offloading problem. In the rest part of this chapter, we will review some

related works according to the technique used.

2.5.1 Use Cases of MLPs

Yu et al. [62] propose a Deep Supervised Learning model in fine-grained computation
offloading MEC framework to minimize the computation and offloading overhead. Their
problem is formulated as a multi-label classification problem and the offloading actions
taken by a mobile user consider the local execution overhead as well as varying network
conditions. They obtain an optimal solution by the exhaustive strategy and the optimal
solution can be used to train a DNN. The composite state of the MEC network is the
input of DNN, and the output is the offloading decision. Their method provides a pre-
calculated offloading solution which is employed when a certain level of knowledge about

the application and network conditions is known.

Huang et al. [63] study MEC networks where multiple wireless devices choose to offload
their computation tasks to an edge server by one wireless access point. They propose a
distributed deep learning-based offloading (DDLO) algorithm for MEC networks, where
multiple parallel DNNs with identical network structures are used to generate offloading
decisions, then, the offloading decision with the lowest system utility is chosen as the
output. They adopt a shared replay memory to store newly generated offloading deci-
sions. Specifically, all DNNs share the same memory, and each DNN randomly extracts a

batch of data samples from the memory to train and improve all DNNs. In [6], they apply
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DDLO to MEC networks with multiple edge servers, one cloud servers and multiple wireless
devices and further enhance the performance of DDLO by using heterogeneous DNN struc-
tures. The simulation shows that the heterogeneous DDLO achieves better performance
and consumes several less computation time than a linear programming Relaxation-Based

algorithm.

2.5.2 Use Cases of RNN

Miao et al. [65] propose a computation offloading and task migration algorithm based on
task prediction. They utilize LSTM to predict the feature of computation tasks and to
assist the estimation of delay. Based on the task prediction and multiple features of edge
computation nodes, a comprehensive evaluation is conducted to obtain optimal offloading

strategy.

Cui et al. [66] propose an LSTM-based availability prediction of base station to im-
prove the offloading performance. Empirical Mode Decomposition (EMD) is utilized to
decompose time series into sub-components, and the decomposition data is used to build
the corresponding LSTM prediction model. Finally, the sum of each sub-predicted data is

used to as the output of the whole model.

Zhao et al. [67] propose a multi-LSTM model to predict the real-time traffic of a small
base station (SBS). By using a Usage Detail Records data-set from one network operator,
they train the deep learning model using the traffic sequence of SBS and the number of
users as the input. Through the multi-LSTM model, the real-time traffic load can be
obtained, which can help controller better monitor the network environment and make the

offloading decision more intelligent.

2.5.3 Use Cases of Dynamic Programming

Shahzad et al. [08] present a novel heuristic offloading algorithm called ‘Dynamic Pro-
gramming with Hamming Distance Termination’ (DPH), which uses dynamic program-

ming combined with randomization. It also uses a hamming distance as a termination
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criterion.

Wu et al. [69] design a value iteration algorithm to maximize the total long-term reward
in a vehicular fog and cloud computing system, where the departure of occupied vehicles is
taken into account. The task offloading problem is formulated as an semi-Markov decision
process. The results demonstrate the proposed offloading scheme can achieve higher gains

than the common greedy method.

Lei et al. [0] study a computation offloading and multi-user scheduling problem in nar-
rowband (NB) IoT MEC system, where the special characteristics of the NB-IoT technol-
ogy is considered, and stochastic task arrival model is applied. The dynamic optimization
problem is formulated as an infinite-horizon average-reward continuous-time Markov deci-
sion process (CTMDP) model. They utilize the linear function approximation, Temporal-
Difference learning with post-decision state and semi-gradient descent algorithm, and de-
sign a semi-distributed algorithm. To reduce the complexity, uniformization is applied to
decompose the global value function into the sum of local value functions. Simulation re-
sults show that the proposed algorithm achieve a better performance than random method

and queue-aware method.

2.5.4 Use Cases of DRL
Value-based Method

Li et al. [70] investigate a multi-user and one edge server MEC scenario. They use a deep
Q-learning algorithm to jointly optimize the offloading decision and computation resource
allocation, so as to minimize the weighted sum cost of delay and energy consumption of
all user equipment. The simulation result shows that the proposed method can achieve
a significant reduction on the total cost of the system, as compared to fully-local, fully-

offloading, and vanilla Q-learning baseline methods.

Similarly, a multiple MEC servers scenario and one IoT device scenario is considered
in [71]. The authors propose a DRL-based offloading scheme for an IoT device with en-

ergy harvesting (EH). The computation offloading process can be regarded as an MDP.
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The IoT device selects the offloading location and the offloading rate based on the system
states composed by the present battery status, the previous radio transmission rate, and
the predicted amount of harvested energy. The DRL offloading scheme utilizes the trans-
fer learning method [72] to save the random exploration time at the initial state of the
offloading process. They also use a convolutional neural network (CNN) to compress the

state space and accelerates the learning speed.

Chen et al. [73] consider a MEC scenario where a mobile user in an ultra-dense sliced
RAN with multiple base stations. They propose a Double DQN-based online strategic
computation offloading algorithm with Q-function decomposition technique to maximize
the long-term utility performance. The problem of finding an optimal offloading policy is
modeled as a MDP, and the state includes the task queue length, the energy queue length
and channel qualities. The proposed algorithm survive the curse of high dimensionality in

state space and does not require a priori information of dynamics statistics.

All of the above work is based on the assumption that the perfect channel state infor-
mation is available. However, in practice, the ofloading agent may not have the perfect
knowledge of channel condition because of limited sensing capabilities of IoT sensors and
information loss [74]. Xie et al. [75] consider an IoT fog system with imperfect channel in-
formation, i.e., only the estimated channel state information can be observed in each block
fading. The IoT device estimates the channel state information for the sub-channels and
contend a subset to access. According to the information of access channels, the IoT device
decides the number of tasks that are executed locally and the number of tasks offloaded
to fog server. They formulate a partially observable Markov decision process (POMDP)
problem with the objective of minimizing the average energy consumption while guar-
anteeing the requirement on task processing delay. An offline algorithm based on deep
recurrent Q-network (DRQN) is developed to find the optimal offloading solution, which
is a combination of an LSTM and a DQN.
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Policy-based Method

To deal with the challenge of unavailable edge/cloud infrastructure in remote areas, cheng
et al. [76] use a deep Actor-Critic offloading approach to learn the optimal offloading policy
in a space-air-ground integrated network (SAGIN), where flying unmanned aerial vehicles

(UAVs) and satellites provide access to edge computing and cloud computing respectively.

Feng et al. [77] propose a computation offloading and resource allocation algorithm
based on Asynchronous advantage actor—critic (A3C) in a blockchain-enabled MEC envi-
ronment, where multiple actor-learners running in parallel makes the exploration process
more diverse. The blockchain technology ensures the reliability and irreversibility of data

in MEC systems.

A decentralized dynamic computing offloading strategy proposed in [78], which min-
imizes the long-term average computing cost in a multi-user MEC system. FEach user
only can obtain state information about its local observation, and make actions indepen-
dently from other users. The local observation of state includes the queue length of data
buffer, the feedback from BS conveying the last receiving signal-to-interference-plus-noise
(SINR), and channel vector. The framework is constructed with Deep Deterministic Policy
Gradient algorithm (DDPG), which is used to allocate the power of local execution and
offloading, and control the CPU speed due to DVFS techniques. Similarly, Ke et al. [79]
apply DDPG in a heterogeneous vehicular network where vehicles and roadside units can
offload computation tasks to MEC server. The Ornstein-Uhlenbeck (OU) noise vector is

added to the action space for more effective stochastic exploration.

However, the DDPG-based method has the instability and the slow convergence issue in
the offloading process because the actor network is highly correlated with the critic network.
To improve the DDPG algorithm, a algorithm named the Double-Dueling-Deterministic
Policy Gradients (D*PG) is proposed in [30], where a QoE model considering service de-
lay, energy consumption, and task success rate is proposed for edge-enabled IoT. For the
critic entity, they combine Dueling network with Double DQN to modify the manner of
estimating Q-value. The simulation results shows that the proposed algorithm achieve a

better QoE than other DRL algorithms.
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2.6 Summary

This chapter provided the background of Mobile Edge Computing and a brief introduction
of deep reinforcement learning (DRL). We first illustrated the development of MEC and
discussed the main issues of computation offloading. Then we introduced the common
used models in deep learning field, which includes MLP and RNN. Next, following the
basic idea of Markov decision process (MDP), two categories of methods are introduced,
i.e., the model-based methods and model-free ones. For the class of model-based methods,
it consists of value iteration and policy iteration. For the model-free methods, several well-
known algorithms are introduced, including DQN, double DQN, actor-critic, and DDPG.
Finally, based on the techniques used, the existing approaches for computation offloading
are summarized. Considering the advantages and disadvantages of previous works, we will
design a novel computation offloading strategy for a single MIoT to reduce the long-term

cost in the following chapters.
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Chapter 3

Proposed System Model

In this chapter, section 3.1 presents the overall system model. Section 3.2 formulates the

problem as a Constrained Markov Decision Process (CMDP).

3.1 System Model

In this section, we present the system model. MEC Network and Task Model describe
the details of the MEC environment and the features of tasks of MIoT devices. Commu-
nication Model, Computation Model and Monetary Cost Model show how delay, energy

consumption and monetary cost are calculated.

3.1.1 MEC Network and Task Model

As shown in Figure 3.1, we consider an MIoT unit (MU) m that is roaming within a specific
area (e.g., a city block) to gather and analyze data as part of a smart neighbourhood
application (e.g., air pollution monitoring, gas and electricity maintenance and metering
or for road safety). As the MU moves, it collects and processes the required data for the
application (e.g., taken pictures for object recognition, environment sensing data or meter
readings). We model each data processing task to be executed by the MU at time t; by

Uk = (ug,vy), where uy is the size of the data to be processed and vy is the required cpu
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cycles to complete the execution of Uy. The data is collected and processed at random
arrival times, to, ¢y, - -, that follow a Poisson distribution. In a given time period T' (e.g.,
an hour or a day), the MU is expected to process an average of K tasks arriving at different
time epochs tg,t1, -+ ,tx_1 < T. We assume that Uy is known only at ¢, but may not
change during offloading or execution. All tasks are critical and must be processed within

an acceptable time.

Each task Uy, can be executed locally or offloaded to one of I edge servers {ey, ..., e} via
a cellular network where each edge server is allocated adjacent to a base station (BS). The
task can also be offloaded to a cloud data-center ¢ through a cheaper WiFi connection to
access points (AP) connected to the cloud via a backbone. We use L={m, c}U{e, -+ ,e;}
to denote the set of all possible execution locations, where m refers to the MU itself.
To guarantee the efficient operation of the MU, the IoT application provider assigns a
specialized, service optimized, dedicated or shared virtual machine (VM) on each edge
server and on the cloud to processes the MU task. Denote by ¢5', e; € {e1,...,er} and
g5, the number of logical cpus dedicated to the MU on the VM, respectively, on e; and
on c. For simplicity of illustration, we also use ¢ to denote the number of logical cpus
on MU that are dedicated to data processing. We also use f™, f¢ and f¢ to refer to the
cpu processing frequency (i.e., cpu cycles per second), respectively, for m, the VM on e;
and on c. The MU can process several tasks concurrently, hence, portions of the local and
VM resources become occupied and freed continuously as new tasks are executed and older

ones are terminated.
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Figure 3.1: System Model

Let gi < g, ¢ € £, be the number of free cpus on location £ at each time ¢, when task
Uy is to be executed. At each tj, the MU must make a parameterized offloading decision
(action) which is represented by a tuple ay = (¢, xx). Here, ¢y € L represents the decided
execution location of Ug. The second parameter in the decision xj represents the number
of logical processors assigned on the MU or to a container hosted on the assigned edge or
cloud VM. For ¢, € {m} U {e1, e, -+ ,er}, xx cannot exceed the available resources q,l;’“.
However, since tasks must be executed immediately as they arrive, they can always be
offloaded to c¢. However, if the number of assigned and free logical cpus is not sufficient,
ie., zy > qp, the MU can offload U}, to ¢ but the application provider must pay for a new

VM with zj cpus.

The MU use a rechargeable battery and we measure its current status using its nor-
malized state of charge (SoC) by at ty [21]. More precisely, by € [0, 1] represents ratio of
current battery capacity to its nominal capacity B,. The nominal capacity is given by the

manufacturer and represents the maximum amount of charge that can be stored in the
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battery. Our main objective is to train the MU to make offloading decisions, aj, at each
time epoch tj, with the objective of minimizing a weighted sum of the overall delay, energy
consumption and monetary costs at t, as well as for all future tasks £ +1,--- K — 1.
The MU must operate while not exceeding the computational resources available locally
or on the edge servers. Offloading decisions must also satisfy the condition that the bat-
tery state of charge by at any time t; may not decrease below a minimum threshold b
that is required for the MU to reach its battery recharging station. Finally, we define sy
=(Uy, b, g, ¢°*, -+ , 4", q5) to represent the arriving task and the state of available local
and remote resources (battery and cpu) at t. In the following, we first derive the offloading
costs of a task k in terms of the transmission and execution delays, consumed energy and

monetary cost.

3.1.2 Communication Model

Let 5€tr) , and §ftr) . be the transmission delay and consumed energy, respectively, when task
k is executed at location ¢ € L. The offloading transmission rate of a device depends on
the wireless channel condition and the allocated spectrum. We assume that the channels’
condition remain unchanged during each offloading period. The achievable transmission
rates, r;’ and 7, between the MU and e; and ¢, respectively, at time ¢ can be calculated
as follows [32].

P(bk) % g1(di)

% = B logy(1+ S (3.1)
1

P(b) X g2

a3

r, = Bylogy(1l+

) (3.2)

Where B; and Bj represent the bandwidth of the BS connected to e; and that of the
nearest AP, respectively. Similarly, ¢;(d;) and go denote the channel gain between the MU
and, respectively, the BS for e; at distance d; from the MU and the nearest AP. The noise
at the BS and the AP, respectively, are denoted by o7 and o3. P(by) is the allowable
transmission power of the MU, which depends on the remaining SoC, by. Following [33],

we set P(by) = by X Ppas, where P, is the maximum transmit power when the battery
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is full, i.e., when b, = 1.

For a typical terrestrial wireless channel, the channel gain normally include the following
three effects. The first effect is the path loss, which is the power loss in the signal owing
to the distance it travels. The second effect is shadowing duo to attenuation or blocking
of the signal by large objects like buildings. The last effect is small-scale fading. This is
because constructive or destructive combining of signals arrive at the receiver at the similar
times, but taking different paths from the transmitter, and hence undergoing different

attenuations and phase shifts.

Let () (Sk, ax) be the transmission delay resulting from a decision a;, = (¢, z) on Uy,

at s, then we have

e
el
~
ol
o
S
o~
I
—_
~

.

knlg a-%m
+
|E

Seery (Sky ag) = . Uy =c (3.3)

<

[es}
~
>
I
3

The above formulation states that when Uy is transmitted to e;, it incurs only the uplink
transmission delay to transmit ui. On the other hand, if Uy is offloaded to ¢, the device
first transmits the data to a nearby AP which then forwards it to the cloud data center via
a backbone network, where R denotes the wired transmission rate between the AP and the
cloud data center. And finally, no transmission delay is experienced for a local execution.

In a similar manner, let q(sk, ax) be the consumed energy for data transmission, then

P(bk) X 5(tr)(sk, ak), gk = €;
g(tr)(‘skuak) = P(bk) X Z—g, ék =c (34)
0 ék =1m
Furthermore, we do not account for the cost of the energy consumed during the com-

munication between the WiFi AP and the cloud data center since our focus is to minimize

the cost incurred by the device.
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3.1.3 Computation Model

To calculate the task computational cost, let f, f¢ and f¢, be the processing rate, e.g.,
CPU cycles per second for one logical processor, respectively for the device, a VM hosted
on the edge e; and on c¢. Then the processing delay for an offloading decision ay, = (¢, z)

with Uy requiring vy cpu cycles is

v
Sors) (ks ar) = ﬁ €L (3.5)

The processing energy &rs)(Sk, ax) is also given by:

]Dloc X 5(prs)(5ka akz)a gk’ =m

0, ﬁk#m

g(prs) (Sk7 ak) — (36)

where P, denotes computational power of the MU.

3.1.4 Monetary Cost Model

As indicated before, if a task is offloaded to ¢ but there were no available cpus on the cloud
VM, an additional monetary cost is paid by the service provider to allocate the needed

resources.

Different cloud providers may offer different types of pay-per-use metered method. For
example, cloud providers can charge users based on the number of CPU cycles actually
consumed by the offloaded tasks. Another example is that the cloud provider can charge
users based on the number and the type of VMs their program use and how long they
use them. In our model, we use the second model. Therefore, the monetary cost can be

calculated by:

€c X T X O(prs)(Sk, ar), U = c and z > qf

C(sk, ar) = (3.7)

0, otherwise
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where €. denotes the base price charged for an extra unit of cpu on the cloud (i.e., the

monetary cost per computing resource per second).

3.1.5 The Weighted Cost Function

Then, similar to [841, 85], the total cost, g(sk,ax), of running Uy following an offloading
decision ay, = (¢, zx) given the resource availability state s can be calculated as a weighted

sum of the consumed energy, delay and monetary cost.

9(sk, ar) = on X W (8w (Sk, ar) + Oprs) (Sk, ar))
+ o X () (Sks k) + Eprs) (Sks ax)) (3.8)

+ az X ((Sk, ax)

where a;+as+as = 1, are constant coefficients that can be used by the application provider
to achieve the desired trade off for the delay, energy and monetary cost in g(sy, ax). Here,
W (-) denotes a general delay cost function which is defined to be increasing and convex
with respect to total delay. W(-) well depicts the intuition in practice that task execution
is commonly less sensitive to a small delay, but the delay cost grows significantly when the
delay continuously increases and becomes very large. The physical meaning of W(-) can

be interpreted as the cost resulted by the service dissatisfaction [30].

It is worth noting here that since, in general, the data resulting from the task execution
is much smaller than the task uploaded data itself and to simplify the illustration of
our scheme we do not consider the energy consumption and delay when the edge/cloud
transmit the results back to the MU. However, including this cost in the proposed model

is a straightforward extension.

3.2 Proposed CMDP Model

In this section, we formulate our finite horizon multi-epoch offloading sequential decision

problem as a finite horizon Constrained Markov Decision Process (CMDP) in which state
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transitions occur in irregular times. The fundamental elements for our CMDP can be
defined as: (S, A4,P,R,C). S is the set of the environment states and A is the set of
permissible actions or decisions. R and C represents the reward function and cost function
that measures the obtained reward and incurred cost when an action is selected given
a certain state. The transition probability between states is represented by P. In the

following, we define each of these elements.

3.2.1 States and Actions

The set of states S in our model represents the set of all possible s, € S, Vk € {0,1, ..., K'}.
With a slight abuse of notation, we redefine s, = (s}, s}) to describe the set of occupied
as well as free resources as follows. Here s}, = (Uy, b, 7", ¢i*, - -+, qi.", q5,) is used to reflect
the battery status along with the number of available cpus on the MU, the edge e; and
on c¢. Also, we use s} = (%;,Zi,f,ﬁ, e ,%,{Y,fo,ffj ) to describe the cpu occupancy state
by all running tasks at time t;. More precisely, let N < K be the maximum number of
tasks that is expected to be executed concurrently at any given time, then each triplet
(ty, ZZ, z),n € {1,--- ,N}) denotes the remaining execution time, the execution location,
and the occupied resources of n-th executing task. These running tasks are ordered as per

their earliest remaining running times 7,. Initially, at to, s is empty and a new triplet is

added to it whenever a decision a; is made to execute a task U, as will be shown next.

The set of allowable actions at each state si, Ay, can also be defined as,

3.2.2 State Transition

The state s, is updated right after an action a; is made and whenever a running task
terminates before t;.;. These events move s, into post-decision states until a new task
arrives at a random time #;,;. We note that when the execution of task Uj starts at

tr and x; resources are allocated at ¢, and the availability part of state s; moves into a
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post-decision state 5 = (U, by, a, ¢ty .47, 45, ), which is calculated as follows:

G = 4. — Tk 0=l z, < ¢, (3.10)
(Jf; fz@k207$k>qi€,

The transition of the remaining SoC is denoted by:

Bk = bk - b(sk, ak) (311)

where b(sy,ax) is the consumed SoC due to executing U, and is calculated using the

coulomb counting method [$1]. Combined 3.4) and (3.6), we have,
£k
(tr)k ’ E m
b(sp,ap) = { VB F 7 (3.12)
g(prs)k; g = m
VieeBn? K

where V;, and V. denote the transmission voltage and local processing voltage respectively,

and B, is the nominal capacity of the MU battery.

When a new task arrives at f;,,, we reach a new state sg,; with the new Uy, the
resources from the post-decision state, but only updates 7, 41 to reflect the remaining times

for the running tasks and ¢, 11 toreflect any resources freed by tasks terminating in (¢, tj41]:

- ty — (teyr —th) T >t — ta,
tk+1 — n (313)
0 b <l —tg

For the resource availability part of next state s;.1, we have:

G =G+ Y Tl =08 <ty —ty, (€L, (3.14)
J
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3.2.3 Reward Function and Resource Constraints

Our objective is to minimize a weighted sum of delay, energy consumption and monetary
cost, so the reward function should be negatively correlated with this weighted cost, which

is determined as:
_ o1 — g(Sk,ak)
G2

Where ¢, and ¢, are constants. The cost function C in our CMDP is given by the consumed

(S, ax) (3.15)

battery charge (3.12).

We aim to maximize the total reward while satisfying the constraints on the battery.
Our main objective is that at each time %, we can select a parameterized action a =
(ly, x1), that selects the offloading location ¢ and assigned resources xy, given the resource
availability described by s,. Therefore, we have the following CMDP formulation for the
offloading problem,

=

max E( (Sks ak)|80) (3.16)
agy.- A —1

st. ap € A, Vk=0,1,--- K —1 (3.17)

i

0

Er{zjb(sk,ak)} <(1-b), (3.18)

where E means taking expectation over all possible state trajectories starting from sq.
The first constraint (3.17) ensures that the action a; taken at each state allocate only
available resources to each task. On the other hand, the second constraint (3.18) ensure
that executing all K tasks may not reduce the battery state of charge (SoC) to a value
below the threshold b, which is the amount of charge that is sufficient to bring the IoT

device to a recharging station.

Clearly, an action ay selected at time ¢, will affect the remaining battery lifetime for
the MU and the computational resource availability. In other words, any decision at time

tr must take into consideration all future decisions in order to be optimal.
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3.3 Summary

In this chapter, a cloud-assisted MEC offloading infrastructure was proposed, where a
battery constrained MU executes a number of data processing tasks whose arrival times
and sizes are stochastic. The arrival tasks can be executed locally, or offloaded to one of
edge servers and a cloud data center. In contrast to existing models, we consider that the
transmission power can change as batteries deplete. Then, taking account of the battery
constraint and the limited computation resources, we formalized an optimization problem
of minimizing the weighted sum of delay, energy consumption and monetary cost of the

entire system as a CMDP.
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Chapter 4

Proposed Offloading Policy

As shown in the last chapter, because the remaining running time #, in s} is continuous,
it is difficult to enumerate all possible state transitions. Therefore, to solve the above
constrained optimization problem (3.16) without the need to explicitly obtain the state
transition probabilities, we develop a constrained deep reinforcement learning (CDRL) al-
gorithm to find the solution. We first relax the battery constraint using Lagrangian trans-
formation and then design a model-free Advantage Actor-Critic (A2C) learning module
that is executed on the edge to learn an optimal ofoading policy by repeated interactions

with the MEC environment.

4.1 Lagrangian Transformation

We first relax the constrained problem (3.16) and define a stationary policy m which
corresponds to a mapping from states to a probability distribution over actions, i.e.,
m(als) = P(ar = alsy = s) is the probability of selecting action a in state s. Then,

problem (3.16) can be transformed to find the policy ,
K-1
maXEW(ZT(sk,akﬂso) (4.1)
" k=0
where [E,; represents taking expectation according to the law induced by the policy .
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For a given initial state, we convert the primary problem into a Lagrangian dual prob-
lem by adding the battery constraint term to the original objective function, and the

corresponding Lagrangian can be defined as:

where n > 0 is the Lagrangian multiplier. L(m,7n) can be regarded as the total reward
of the policy m with the constrained reward function (s, ax) plus n(1 — b). For a given

Lagrangian multiplier n, n(1 — b) is a constant and policy 7 has no effect on it.

Further notice that, every fixed Lagrange multiplier n induces an unconstrained MDP
with the corresponding reward function for each decision epoch given by r"(sy, ax), there-

after referred to as TZ.

sk, ar) = (s, ax) — nb(sk, ax) (4.3)

From the above constrained reward function, we can observe that r not only depends on
the original reward function 7 (s, ax), but also on the battery consumption b(sg,ax) and
the Lagrange multiplier . This shows that the battery consumption is also a factor to
affect the action, which is something that the original reward function did not take into
account. The value of Lagrange multiplier n reflects the influence of battery consumption

on the decision of actions.

4.1.1 Primary Problem

We define a function with respect to ,

Op(m) = min L(m,n) (4.4)

n>0
Next this function is analyzed below in terms of whether 7 satisfies the constraint or not.

e We first consider that if 7 cannot satisfy the battery constraint,
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ie., Eﬂ[ L b(s, ak)l —(1—=10) >0, then

It can be easily observed that if Eﬂ{ f;ol b(sk,ak)} — (1 =5) > 0, making n —

400 can minimize 6p. Thus, when the constraint are not satisfied, fp tends to be

infinitesimal.

e Then we consider if 7 satisfy the constraint, i.e., E, {Zi:ol b(sr, ak)] —(1-0) <0,
then

0p(r) —minEW{K_lr(sk,ak)} - (]EW[KZ_Ib(sk,ak)} (1 —@))

n=>0

—minE, {K_l r(sk, ak)] (4.6)

n=>0

K-1

=E, [ > r(sk,ak)}

k=0

In this case, due to E, |:Z£(:01 b(sk, ak)} — (1 =10) <0, the value of n have to be 0 in

the process of minimizing 6p.
By analysing the above two cases, we can get:

E, {ZkK_Ol (s, ak)} , m satisfy the constraint
QP(ZL') =

—00, otherwise

Therefore, in the situation that the battery constraint is satisfied, we have

=

T n>0 r(sk, ak)l (4.8)

max fp(7) = maxmin £(7,n) = maxE, [

e
Il

0
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The above equation shows that max@p(7m) is equivalent with the original optimization
K

problem (3.16). We use max 0p(7) to represent the primary problem.

4.1.2 Dual Problem

Now we define the dual problem of the primary problem, and we define a function with
respect to n:

0p(n) = max L(,n) (4.9)

Then we consider the minimization of p(n). Therefore, the dual problem of primary

problem is as follows:

min 0p(n) = min max £(r, ) (4.10)

Because strong duality is known to hold for CMDP [19] and we invoke the minimax
theorem,

max Iglzlglﬁ(ﬁ,ﬂ') = min mgxﬁ(n, ) (4.11)

Therefore, we can solve the primary problem through the dual problem. The constrained

problem (3.16) can be converted to the following unconstrained problem:

min max £(m, n) (4.12)

n>0 w

Here we refer 7w as the primary variable and n as the dual variable. To solve the above
problem, a canonical approach is to use the iterative primal-dual method where in each
iteration we update the primal policy 7 and the dual variable 7 in turn until reach a saddle
point (n*,7*). n* denotes the optimal Lagrangian multiplier and 7* denotes the optimal

policy.
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4.2 Primal-Dual Optimization

Our CMDP problem can be solved using two-time scales; gradient-ascent is applied on a
faster time scale to find the optimal policy for a given Lagrangian multiplier, and dual
variable update is performed on a slower time scale [19]. Therefore, We can solve the

CMDP problem by solving the following two sub-problems.

e the inner maximization problem: With fixed 7, the minimization problem can
be viewed as a non-constrained MDP problem with instant reward r"(sg, ax). Let my
be a parameterized policy where the choice of actions is dependent on the parameter
6, and define .J(my) = L(mg,n = n™), where n™ denotes the Lagrange multiplier in

n-th iteration.

The optimality equation of this maximization problem can be given below,
V(sp) = maxEjes [r"(s0, a0) + V(j) (4.13)
L’

where E;cs denotes taking expectation over all possible next state j. V7(sg) is the

value function starting from the initial state s.

More generally, it should solve the following optimistic problem:
7(s) = argmax Eyes [r"(s, a) + V”(s’)] (4.14)

where 7*(s) denotes the optimal action at state s.

The advantage actor-critic (A2C) scheme can be adopted to find the optimal of-
floading policy with fixed Lagrange multiplier, where the actor searches for a local
maximum in J(7) within a set IIy of parameterized policies 7y by performing policy
gradient ascent with respect to the parameters . We will introduce details of the

specific DRL algorithm in the next subsection.

e the outer minimization problem: The outer minimization over the multiplier 7

is a linear programming problem and we can update the Lagrange multiplier using
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sub-gradient method. The updating process is given as follows,
n"™ = max{n™ + 8,(B — (1 —1b)),0} (4.15)

where n is the iteration number and B = ZkK:_Ol b(sk,ax). B, is the updating rate
which decrease with the increase of the iteration number. The Lagrange multiplier

will converge to the optimal value through the sub-gradient algorithm.

4.3 Advantage Actor-Critic Algorithm

Because of the use of simple function approximator, it is difficult for traditional reinforce-
ment learning to deal with large scale practical problems. To overcome this challenge, DRL

is developed successfully, which uses DNN to be the function approximator.

In this thesis, the advantage actor-critic (A2C) algorithm, one of the novel DRL method,
is applied to update the primal policy. The A2C method is composed of two components,
i.e., the actor network and the critic network, which combines the benefit of value-based
methods and policy-based methods. In the following, we describe the details of the imple-
mentation of A2C algorithm.

4.3.1 Actor Network

The actor network is responsible for outputting appropriate actions according to states.
Generally speaking, there are two kind of approaches to implement an actor using deep
neural network (DNN). The first one is to input all combinations of all actions and the
same state in turns to the DNN and output values of these combinations, then to select
action according to these values. Another approach is just to input the state to the DNN,
and the DNN output the probabilities of executing each action, and select action according
to the probabilities. The former approach requires several end-to-end network operations
according to the size of the action space, and the latter one only needs to calculate once

to get the execution probability of all actions in the action space. Therefore, in this thesis,
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we will use the latter approach to implement the actor network. The dimensionality of
input layer is same as the dimensionality of the state space. The dimensionality of output

layer is same as the dimensionality of the action space.

When we initialize an actor function, we use a set of random parameters 6. At the
beginning of the training, it is equivalent to a trial and error process that takes random
action, and we obtain the data through the iterative interaction with the environment,
and then updating the parameters according to the policy-gradient algorithm. For our
offloading problem, according to the policy gradient theorem introduced before (2.33), the

policy gradient can be written as:

VoJ(mg) = Er, | Vologme(als)Q"(s, a) (4.16)

where 7y (als) denotes the probability of selecting action @ in state s according to parameter
0, and Q"(s,a) is the Q-value obtained by taking the action a under state s via policy 7.
Equation (4.16) is the gradient used by the policy-gradient algorithm to update parameters.
For advantage actor-critic algorithm, we need to substitute Q"(s,a) with the advantage
function when updating the actor function, the advantage function will be introduced in

the next subsection.

4.3.2 Critic Network

Based on Eq.(4.16), like we introduced in Algorithm 4, Monte Carlo (MC) learning uses
accumulated reward starting from the current time step as an unbiased sample Q"(s,a)
to update parameter 6. Although MC learning is unbiased, the noise is relatively large,
which means that variance of MC is high. If the value of state can be estimated relatively
accurately and be used to guide the update of policy, better learning results can be achieved,
which is also the basic idea of actor-critic algorithm. By adding critic into this framework,

variance can be effectively reduced.

In order to better deal with the problem of high variance, the actor-critic algorithm can

be improved by using a baseline function. The basic idea is to subtract a baseline function

64



B(s) from the policy gradient. B(s) is only related to state but has nothing to do with
action, so it does not change the gradient. The characteristic of B(s) is reducing variance
while not changing the expectation of action values, which is also the main idea of the use

of advantage function.

In principle, any functions that are not related to action can be used as B(s). But
the best choice of baseline function B(s) is the state value function, i.e., B(s) = V"(s).
Therefore, the definition of the advantage function for our offloading problem is given as
follows:

A" (s,a) = Q" (s,a) — V" (s) (4.17)

The advantage function can estimates how much better the chosen action a for a given state
s is compared to the average action at that state. If the advantage function is positive, it
suggests that the tendency to select action a should be strengthened for the future, whereas
if the advantage function is negative, it suggests the tendency should be weakened. In the

following, we will show how do we estimate the advantage function.

According to [37], we introduce a parameter v to reduce variance further in obtaining
the advantage function and we define ¢, = 7! + YV (sp41) — V'(sy,), i.e., the Temporal
difference (TD) residual with discount 7, where V"(s;) is the value function of state sy.

Let us consider taking the sum of y of these ¢ terms, which we will denote by A,(gy) ,

AY =y, = =V (sp) + 1 + V" (S41)
A,(f) = U+ Yk = =V (i) + 1 + iy + 7V (Sk42) (4.18)
A;(Cg) = Uk + YWrr1 + V kg2 = =V (sp) + 1 + Vi1 + 727’Z+2 + VT (skes)
y—1
AP = Z Vs = =V sg) 1 ATV (sky) (4.19)
1=0

where the value of y ranges from 0 to K, and K is the maximum number of time steps

before updating.

We give two examples to illustrate the implementation of the above function. When

k= K — 1, i.e., the time point of the last action, the advantage function can be denoted
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by:
A](cy) = 7’771(—1 + ,-YVU(SK) — VH(SK_l) (420)
Here the value of y is 1.

When k = 0, i.e., the time point of first action, the advantage function can be denoted

by:
K-1
AP =7 A SV (si) = V(s0) (4.21)
i=0
In the situation, the value of y is K. Therefore, we can notice that in equation (4.19), the
value of y is dependent on the value of k, and the two variables satisfy k +y = K.

We use another DNN (critic network) with parameter w to estimate the state value
function, i.e., V"(sy) ~ V7(sy). Therefore, the estimated advantage function flfcy) can be

given as follows:

AP =3 A kg = =V (sk) 1l YV (k) (4.22)

We can consider /Al,(fy) to be an estimator of the advantage function. As a result, the

estimated policy gradient is given by:
VoJ () = B, | Vglog me(als)AY (4.23)
Therefore, the update of the policy my with respect to the parameters 6 can be given:
0" = 0°7 + aVyJ (my) (4.24)

where o > 0 is the learning rate for the policy update.

We use the advantage function as the prediction error and use the squared error function
as the loss function to update the parameters of the critic network. Loss function is given
as follows:

L(w) = [A4YP (4.25)



The loss function is a function that maps the network evaluation to a real number, rep-
resenting the squared difference between the actual value function and the expected value
function. The optimization of the network is the process to minimize the loss value by
tuning parameters w. Backpropagation is used to modify the neural network through a
method called chain rule, which adjusts each weight in the network in proportion to how

much it contributes to overall error.

Now we propose the optimal stationary offloading and resource allocation algorithm in

Algorithm 5 combining the DRL process and the sub-gradient process.

From the perspective of the policy updated, the Lagrange multiplier is treated as a
constant. Therefore, (4.13) can be regarded as the classic deep reinforcement learning for
the unconstrained MDP induced by a fixed Lagrange multiplier, with the corresponding re-
ward function given by (4.3). From the perspective of the Lagrange multiplier, the optimal
policy of the unconstrained MDP can converge quickly. By comparing the difference be-
tween the battery consumption of the current policy and the desired battery consumption,

the Lagrange multiplier can be adjusted gradually.

In general, when the state transition probability information is perfect, the CMDP can
be solved by model-based method, i.e., policy iteration and value iteration, which is an
offline approach. Our proposed approach not only can be applied to the offline setting but
also the online setting where the state transition probability is unknown. In addition, the
proposed algorithm can follow the non-stationary environment dynamics (i.e., the environ-

ment has small change) if the learning rate has not close to zero.
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Algorithm 5 Advantage actor-critic algorithm

Initialization:
Actor network with random weights 6
Critic network with random weights w
Clear replay memory D. set the maximum number of iterations Ny, and n = 0.
1: while n < N, do
2:  Obtain initial state s.

3: for kin {0,1,...,K — 1} do

4: Select a; according to .

5: Execute action a; and calculate reward TZ.
6: Observe the next state sjp.

7: Store (s, ag, 7)) in D

8: end for
9: R = VJ(SK)
10 forkin{K—-1,K-2,...,0}do

11: R« 1! +7R
12: update 0 by 0 ¢ 0 + o287k (B (5,))
13: update w by minimizing the loss function

L(w) = (R = V](s))?
14:  end for
15:  Update the Lagrange multiplier by Eq.(4.15)
16:  Clear D
172 n<4n+1

18: end while
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4.4 Summary

In this chapter, we presented a constrained deep reinforcement learning (CDRL) algorithm
based on primal-dual optimization. We first relaxed the CMDP problem into a regular
MDP using Lagrangian transformation. Then, a novel deep reinforcement learning algo-
rithm, i.e., advantage actor-critic method, was introduced to optimally select the offloading
location and allocate the computation resources. Specifically, the actor defines parame-
terized policy and is responsible for giving the action based on the current state. The
critic is used to evaluate and criticize the current action by processing the reward obtained
from the environment. In the next chapter, we will evaluate our proposed algorithm and

compare its performance against baseline methods.
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Chapter 5

Experimental Analysis

In this section, we use PYTHON simulation to evaluate the performance of our proposed
algorithm. The A2C algorithm is conducted by using Keras plus TensorFlow [3%], where
Keras is adopted to build DNN training model and TensorFlow supplies the background
support. Keras [89] is one of the leading high-level neural networks APIs built on Tensor-

Flow.

5.1 Parameter Setting

We evaluate the performance of our proposed algorithm where we have a single edge server
and a core cloud and we set initial state and we set initial state ¢g* = 6, ¢5 = 10, g5 = 4. The
number of tasks K is set as 200. The inter-arrival time is exponential distribution and the
mean value is A. The upload data size follow a normal distribution u; ~ A(250,10)MB.
The required CPU cycles vy is proportional to upload size, as vy = puy. Here p is 1000.
Satisfaction function is set as W(T') = 0.6T1%. We set the bandwidth for the BS B; =
2MHz, the bandwidth for WiFi AP By = 4MHz. If the task is offloaded to cloud and
use additional resources, we set x; = 2. The low battery threshold b is set as 0.73. We
set a1 = as = 0.3,a3 = 0.4. Table 5.1 shows the additional experiment configuration

parameters.
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Table 5.1: Simulation parameters setup
Parameter

Value

fm

1.2 x 10% cycles/s

fe 5 x 10% cycles/s
fe 2 x 10%0 cycles/s
B, 2500 mAh

P 0.9 W

P, 12 W

V., 2.1V

Vioe 2.8V

R 5 MB/s

o? and o3 1.5 x 1078

€c 60

N 0.95

5.2 Network Structure

The actor and critic networks share network parameters except the output layer during
the training process. For the hyper-parameter setting, both of them are three-layer neural
networks and the hidden layer has 128 neurons. ReLU function is used as activation
function for the hidden layer. The output layer of the actor network is activated by softmax,
which is introduced in Eq.(2.5). For the kernel initializer, we set it follows a normal
distribution A(0,0.01), which can guarantee the probability of selecting each action is
almost the same in the initial stages of training. This setting is to enhance the exploration.
The learning rate for actor and critic network is 0.0001 and 0.0005 respectively. The
simulations were performed on a PC with Intel Core i7-9750H processor @ 2.60 GHz CPU

and 16 GB of RAM.

5.3 Convergence Performance

Figure 5.1 illustrates the training curves with different learning rate in the first 1000 iter-
ations. The corresponding learning rate of critic network is five times as much as that of
actor network. As is shown, the convergence curve varies in different orders of magnitude

for learning rate. In fact, for all hyper-parameters of the training of DNN, learning rate is
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Figure 5.1: The total reward during the training process with different learning rates of
actor network (A = 4.5)

one of the important factors to have an affect on convergence performance. A small value
of learning rate will result in a slower convergence speed. However, blindly increasing the
learning rate can also make the training process divergent [90]. We can see that when the
learning rate is 0.01, the convergence is very bad and it shows a terrible performance. In
addition, the proposed scheme with learning rate 0.001 can reach the maximum reward
at some spots, however, a learning rate 0.001 is still too large to guarantee convergence.
Furthermore, a learning rate 0.00001 converges very slow and it does not reach the opti-
mum before 1000 iterations. Therefore, the order of magnitude of 0.0001 is an appropriate

choice for the learning rate.
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Figure 5.3: The Lagrange multiplier during the training process

We then increase the iteration to 4000 and Figure 5.2 depicts the total reward of the
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proposed approach during the training process with respect to different inter-arrival time.
It can be seen that the total reward received per episode converges to about 60 and 110
for A = 3.5 and A\ = 5.5, respectively. Both of them stabilize after around 1500 iterations.
The high variance attributed to two uncertainties in our model: the task arrival time and

upload data size.

Table 5.2: The number of episodes that exceed constraint tolerance during the training

process
Episodes A= 3.5 percentage A\ = 5.5 percentage

0-500 200 100% 200 100%
500-1000 500 100% 495 99%
1000-1500 479 95.8% 204 40.8%
1500-2000 95 19% 81 16.2%
2000-2500 51 10.2% 64 12.8%
2500-3000 38 7.6% 81 16.2%
3000-3500 32 6.4% 67 13.4%
3500-4000 43 8.6% 71 14.2%
4000-4500 35 7.0% o7 11.4%
4500-5000 41 8.2% 43 8.6%
5000-5500 27 5.4% 29 5.8%
5500-6000 33 6.6% 27 5.4%
6000-6500 38 7.6% 29 5.8%
6500-7000 28 5.6% 25 5.0%
7000-7500 23 4.6% 24 4.8%

We keep increasing the iteration to 7500 and what can be clearly seen in Table 5.2 is
the rapid decrease in the number of episodes that violate the battery constraint during
the training process. At the beginning of the training process, because the agent is still
in the process of exploration and the policy is almost equivalent to random policy, almost
every episodes cannot satisfy the battery constraints. After 1500 iterations, this number
decrease sharply. When the number of iterations is between 7000 and 7500, we can see the
percentage of unsuccessful episodes have been decrease below 5%. Figure 5.3 reveals that
there has been a steep increase for the Lagrange multiplier at the beginning of training
process. This is because the difference between the battery constraint and the actual
battery consumption is huge at the beginning of training. With the increase of iteration,
the increase trend becomes slow, because the policy is getting close to the optimal one

and the difference between actual battery consumption and the constraint becomes small.
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After almost 1500 iterations, the Lagrange multiplier remains stable, which is consistent

with Figure 5.2.

5.4 Performance Comparison

For comparison, we also trained an unconstrained actor-critic learning module within the
same environment. A random method baseline and a greedy method baseline are also used
for comparison. For the random method, the action is selected randomly from the set of
the allowable actions. For the greedy method, the agent always select the action with the

maximum reward from the set of the allowable actions.
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Figure 5.4 shows the battery consumption is maintained below the battery constraints
1 — b for our proposed CDRL algorithm. The random method has the highest battery
consumption. Figure 5.5 on the other hand, shows that the unconstrained DRL method
achieves a higher reward than the proposed Constrained Deep Reinforcement Learning
(CDRL) method. This is because in order to satisfy the battery constraint, sometimes
the scheme would choose an action which has a higher cost but with a lower battery
consumption. For example, when both the edge the cloud have no free resources but the
cpus at the device are free, our proposed scheme may choose to offload the task to cloud
and pay for additional resources at the cloud whenever the battery level is at a critical
point. This action can be justified by comparing the lower amount of energy consumed to

transmit the data compared to the energy needed for the local processing of the task.

From Figures 5.8 and 5.10, we can see that even though the greedy method has the
minimum delay, it incurs the maximum monetary cost. This is because the greedy method
always just considers the current task and ignores the requirement of future tasks. Nor-

mally, the greedy method always uses all available VM to execute the task and there is no
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reservation for next few tasks. This action has very low cost performance because it will
result in a large number of future tasks have to offload to the cloud and pay for additional
resources. That is the reason why the greedy method has the highest monetary cost. The
similar phenomenon can be found in Figures 5.11 and 5.13 where we fix the inter-arrival
time and show the relationship between corresponding performance and the average upload

data size for tasks.
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Figure 5.6: The average total reward versus the average task size
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Figure 5.6 shows the total reward received with respect to the average upload data size
of offloading tasks, where the inter-arrival time of tasks is 3.5. As shown in Figure 5.6, the
reward received of all methods decreases with the increasing average data size of offloading
tasks, because bigger data size leads to more delay and energy consumption and each task
will occupy VM for a longer time. Figures 5.11, 5.12 and 5.13 show there have been a
gradual increase in the average delay, energy consumption and monetary cost of each task
respectively. For the unconstrained DRL and proposed CDRL, when the average task size
is small, the two methods show the same performance. This is because in the training
process, the Lagrange multiplier will decrease to 0 since the battery constraints always can
be satisfied for each episode. Therefore, the two methods are equivalent when the average
task size is small. When the average task size becomes large, the reward received for
unconstrained DRL is a little bit higher than that for the proposed CDRL. This is because
the proposed CDRL method needs to consider the affect of battery constraint and to keep
the battery consumption below this constraint. From Figure 5.7, it can be seen clearly that

the proposed CDRL method satisfies the battery constraint well. The difference between
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the CDRL algorithm and unconstrained DRL becomes obvious when the average task size
is bigger than 200MB, which coincides with the corresponding reward curve in Figure 5.6.
We also can observe that the reward of the random and greedy method decrease much
more rapidly than the other two DRL methods with the increasing data size, which shows

that the bigger data size of tasks, the more profit we get from our proposed method.

Compared to our proposed scheme, the greedy and random methods show apparently
worse performance. These results demonstrate that the proposed primal-dual algorithm is
successful at learning how to minimize the cost and to approximately enforce the constraints

for the formulated CMDP.
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Figure 5.13: The average monetary cost of each task versus the average task size

5.5 Summary

In this chapter, we first evaluated the convergence performance of the proposed CDRL
algorithm. The convergence performance shows that the proposed algorithm and the La-
grange multiplier can converge well under a proper learning rate. Then we compared its
performance against the random method, the greedy method, and an unconstrained DRL
algorithm. Specifically, the random method shows the worst performance. The greedy
method can minimize the delay over other methods, but it generates the highest monetary
cost. On the other hand, although the proposed CDRL algorithm’s reward is not as high
as the unconstrained DRL method, the proposed algorithm can successfully satisfy battery

consumption requirements.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The offloading and computation resource allocation strategy in mobile edge computing ar-
chitecture can affect directly quality of service, so intelligent offloading algorithm renders
better user experience. In this thesis, we have presented a novel scheme for the efficient
location and resource selection for offloading tasks running on a mobile IoT unit using
a multi-access edge computing infrastructure as well as a cloud data center. In contrast
to existing schemes, we consider both the battery power limitation and the constraints
of pre-allocated virtual machines (VMs) on the edge and cloud data-center servers by
the application provider. We formulate the offloading and resource allocation problem as
a constrained Markov decision process (CMDP) problem. We then propose a novel con-
strained deep reinforcement learning (CDRL) algorithm based on primal-dual optimization
to find the near-optimal offloading policy. The proposed scheme can be used offline to train
the mobile unit which then only needs to store an approximate set of offloading policies
thereafter. Simulation results demonstrate that our proposed offloading and computation
resources allocation approach achieves better performance than other baseline solutions in
terms of the mobile unit cost savings while satisfying the battery consumption and VM

resource availability constraints.
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6.2 Future work

This thesis is based on specific scenarios and related assumptions, and there are many more
that can be studied in-depth and optimized. In addition, with the continuous development
of mobile edge computing technology, mobile edge computing offloading technology faces
many new scenarios and new challenges, which are worthy of further study. The short-

comings of the thesis and the future research work are summarized as follows.

Mbobility Prediction

The research content of this thesis assumes that the user is still or the range of motion is
not broad, but as a matter of fact, the user is inevitably moving. Especially in an ultra-
dense network, the offloading task failure or re-transmission phenomenon caused by the
user crossing the area will be more obvious. Moreover, the VM migration impose high load
on the backhaul and results in high delay, which makes it unsuitable for those real-time
applications. To establish an effective mathematical model, based on accurately predicting
the user’s movement trajectory, designing an effective computation offloading strategy to
reduce the task offload interruption is a challenge. Combined with some mobility predic-
tion techniques [91], pre-migrate the computation in advance has been considered as a

suggestion.

Multi-user Offloading Problem

In this thesis, we just consider a single user scenario. However, in real life, the multi-user
scenario is more realistic. For most existing works, they need centralized control to achieve
global optimal performance. In other words, existing work has a strong assumption that all
users should share their information, e.g., quality of network connection and preference on
energy efficiency [92]. However, users may be not willing to share the personal information
owing to security and privacy concerns. Moreover, users are always selfish and hope to
maximize their own performance. Therefore, to design a proper multi-user ofloading and

computation resource allocation algorithm is also a challenging problem.
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Delayed Control Problem

When applying DRL into offloading problems, we generally believe that when the agent
selects an action, it will be performed immediately, and a corresponding reward is obtained
instantly. However, in real life, there is a control delay between obtaining the state of the
environment and executing the action. This control delay always exists because it takes
time to transfer observing information to the agent and compute the next action [71]. To
better apply DRL, Katsikopoulos et al. [93] incorporate the past actions taken during
the length of the delay into the current state in formulating an MDP model, so that the
classical RL methods can be applied. This method focus on the constant delay problem.
However, the actual delay in the real world may be stochastic. Therefore, considering the

stochastic control delay when leveraging DRL in offloading problems is also an open issue.

Adaptation Problem

Although DRL can achieve very impressive results in simulations, there are two main chal-
lenges to applying DRL in the real-life offloading problem: generating training samples is
exceedingly expensive, and unexpected change of the environment causes the well-trained
model to fail in real-world application [94]. Dynamic changes include bandwidth varia-
tion, intermittent connectivity, resource provisioning, and workload management [95]. In
these cases, the agent may not give the optimal policy anymore, and the agent has to be
re-trained. Therefore, how to make the agent achieve online adaption in dynamic environ-

ments is a challenge for researchers.
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