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Abstract

The evolution of wireless and hardware technology has led to the rapid
development of a variety of mobile applications. Common to these appli-
cations is that they have low latency and high computational requirements
that often cannot be fulfilled by individual devices due to their insufficient
computational power, memory and battery capacity. An emerging approach
to meet increasing user demand for delay sensitive and computationally in-
tensive applications is mobile edge computing. The core paradigm of mobile
edge computing is to bring computing and storage resources close to the end
users and by doing so to relieve devices from computationally heavy work-
loads while meeting delay requirements of applications. However, the overall
performance of edge computing systems is determined by the efficiency of the
joint allocation of wireless and computing resources. The work in this thesis
proposes decentralized algorithms for allocating these two resources in edge
computing infrastructures.

In the first part of the thesis, we consider the resource allocation and
computational task scheduling problem in an edge computing system in which
wireless devices can use cloud resources and the resources of each other with
the objective to minimize their own perceived response times. We develop a
game theoretical model of the problem, prove the existence of equilibrium task
allocations and propose an efficient decentralized algorithm that computes an
equilibrium based on average system parameters.

In the second part of the thesis, we consider the joint resource allocation
and computational task assignment problem in an edge computing system
that consists of an edge cloud that can be accessed by devices through multiple
wireless links. We model the problem as a strategic game, in which each
device aims at minimizing a combination of its response time and energy
consumption. We prove the existence of equilibrium task allocations, and use
game theoretical tools for designing polynomial time decentralized algorithms
with a bounded approximation ratio. We then extend the analysis to a system
with periodic tasks, and show that equilibrium task allocations still exist.
Furthermore, we propose a polynomial complexity decentralized algorithm
and characterize the structure of equilibria computed by the algorithm.

In the third part of the thesis, we consider the joint resource allocation and
computational task assignment problem in an edge computing system that
consists of multiple edge clouds and wireless links managed by a single network
operator. We model the interaction between the operator and devices that
aim at minimizing their response times as a Stackelberg game. We express
the optimal resource allocation policies in closed form, prove the existence of
Stackelberg equilibria and propose an efficient decentralized algorithm with a
bounded approximation ratio. Finally, we consider the same edge computing
system under network slicing, and based on a game theoretic treatment of the
problem we develop an approximation algorithm for assigning tasks to slices
and managing the resources across and within slices.

By providing constructive equilibrium existence proofs, the results in this
thesis provide low complexity decentralized algorithms for allocating edge
computing resources in a variety of edge computing infrastructures.
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Sammanfattning

Teknologiska framsteg inom trådlös teknik och hårdvara har lett till en snabb ut-
veckling av en rad olika mobilapplikationer. Mobilapplikationerna behöver ha låg
latens och hög beräkningskraft vilket ofta inte kan uppfyllas av enskilda enheter
på grund av bland annat bristande minne och batterikapacitet. En växande trend
för att möta den ökade efterfrågan på applikationer med höga krav på latens och
beräkningsförmåga är så kallad ”mobile edge computing”. Grunden i mobile ed-
ge computing är att placera beräknings- och lagringsresurser nära slutanvändarna.
Detta befriar enheter från krävande beräkningar och uppgifter samtidigt som de
uppfyller applikationernas latenskrav. Den totala prestandan för mobile edge com-
puting bestäms dock av effektiviteten av den gemensamma tilldelningen av trådlösa
resurser och beräkningsresurser. Den här avhandlingen föreslår decentraliserade al-
goritmer för att fördela dessa resurser i infrastruktur för mobile edge computing.

I den första delen av avhandlingen behandlar vi resursfördelning och sche-
maläggning av beräkningsuppgifter i ett edge computing system, där trådlösa en-
heter kan använda både molnresurser och varandras resurser för att minimera sina
upplevda svarstider. Vi utvecklar en spelteoretisk modell av problemet, bevisar att
jämviktsuppgiftstilldelningar finns och föreslår en effektiv decentraliserad algoritm
som beräknar en jämvikt baserad på genomsnittliga systemparametrar.

I den andra delen av avhandlingen behandlar vi resursfördelning och tilldelning-
en av beräkningsuppgifter i ett edge computing system som består av ett edge cloud
som kan nås av enheter via flera trådlösa länkar. Vi modellerar problemet som ett
strategiskt spel, där varje enhet syftar till att minimera en kombination av dess
responstid och energiförbrukning. Vi bevisar att jämviktsuppgiftstilldelningar finns
och använder spelteoretiska verktyg för att designa polynomiska decentraliserade
tillnärmningsalgoritmer. Vi utvidgar sedan analysen till ett system med periodiska
uppgifter och visar att jämviktsuppgiftstilldelningar fortfarande finns. Vidare före-
slår vi en decentraliserad algoritm med polynomisk komplexitet och karakteriserar
strukturen för jämvikter som beräknas av algoritmen.

I den tredje delen av avhandlingen angriper vi problemet av resursfördelning och
tilldelningen av beräkningsuppgifter i ett edge computing system som består av fle-
ra trådlösa länkar och flera edge clouds som hanteras av en enda nätoperatör. Vi
modellerar interaktionen mellan operatören och enheter som syftar till att minimera
deras responstider som ett Stackelberg-spel. Vi formulerar de optimala resursfördel-
ningspolicyerna i sluten form, bevisar att Stackelberg-jämvikter finns och föreslår
en effektiv decentraliserad algoritm med ett begränsat tillnärmningsförhållande.
Slutligen analyserar vi samma kantberäkningssystem under nätverksskivning, och
baserat på en spelteoretisk behandling av problemet utvecklar vi en tillnärmnings-
algoritm för att tilldela uppgifter till olika delar och hantera resurserna både mellan
och inom delar.

Genom att visa konstruktiva bevis på jämvikt ger resultaten i den här avhand-
lingen decentraliserade algoritmer med låg komplexitet för fördelning av edge com-
puting resurser i en rad olika infrastrukturer för edge computing.
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Chapter 1
Introduction

1.1 Background

The number of wireless devices including smartphones, tablets, sensors, and other
portable devices, has been rapidly increasing over the past years. According to a
recent estimate by Cisco, the number of mobile devices and connections will grow
to 13.1 billion by 2023 at a compound annual growth rate (CAGR) of 8% between
2018 and 2023 [Cis20]. At the same time, this widespread availability of affordable
wireless devices has given rise to a variety of Internet of Things (IoT) applica-
tions such as video surveillance, tracking, healthcare monitoring and autonomous
vehicles [Cis20; Cis17].

Despite steady improvement in the capabilities of the hardware components
(e.g., computing units (CPU, GPU, NPU), battery and memory), the individ-
ual wireless devices are still not capable of fully supporting the requirements of
the emerging computationally intensive and delay sensitive applications [Kum+13;
Sat15]. This is due to several factors, including the following two main constraints.
The first constraint is related to the fact that battery technology has still not been
able to meet energy consumption requirements without limiting the clock speed of
processors; doubling the clock speed approximately octuples the energy consump-
tion [KL10b]. The second constraint is related to the users’ requirements for light
and small devices, which puts additional limitations on the achievable capacity of
wireless devices’ hardware components [SLS03].

A promising approach to closing the gap between the limited computing ca-
pabilities of wireless devices and high computing requirements of the emerging
applications is computation offloading [Cue+10; WZL12]. Computation offloading
was first introduced as a promising paradigm for augmenting the computing capa-
bilities of devices by allowing them to use remote cloud servers for performing their
computational tasks. Computation offloading to remote cloud servers may indeed
accelerate the execution of computational tasks, but due to high communication
delays it may not be able to meet the requirements of latency sensitive applica-
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2 Chapter 1. Introduction

tions. In order to meet the extremely low latency requirements of emerging delay
sensitive applications, novel paradigms of computation offloading propose bringing
computing and storage resources closer to the end users, that is, to the network
edge. The key idea of these novel paradigms is to build edge computing systems by
equipping the existing mobile network components (e.g., base stations and wireless
access points) with computing resources and by allowing the end users’ devices to
perform the computational tasks of each other in a collaborative way [ETS; Hu+15;
CZ16; Bon+14].

1.2 Challenges

Edge computing systems would likely consist of heterogeneous communication and
computing resources and heterogeneous wireless devices (e.g., devices that differ in
terms of computing capabilities, battery states and types of computational tasks).
In this context, there are three major problems that need to be addressed be-
fore deploying computation offloading paradigms. First, there is a need for efficient
task placement algorithms that will take into consideration diverse characteristics of
computational tasks and heterogeneity of communication and computing resources.
Second, there is a need for efficient management of heterogeneous communication
resources that will be used for data exchange between the end users’ devices and
the external computing resources. Finally, there is a need for efficient management
of heterogeneous computing resources that will be used for executing the computa-
tional tasks offloaded by diverse wireless devices. These three problems need to be
addressed jointly, which is an inherently challenging task in highly heterogeneous
edge computing systems.

1.3 Thesis Structure

The structure of this thesis is as follows. In Chapter 2, we present a general model
of an edge computing infrastructure and we discuss the characteristics of the con-
stituent communication and computing resources. In Chapter 3, we discuss different
models of computational tasks, introduce performance metrics for evaluating edge
computing systems and provide a general formulation of the joint task placement
and resource allocation problem. In Chapter 4, we categorize works on task place-
ment and resource allocation in edge computing systems, and we discuss their main
contributions. In Chapter 5, we provide a summary of the papers included in this
thesis, and in Chapter 6 we conclude the work and discuss potential directions for
future research.



Chapter 2
Edge Computing Infrastructure and

Resources

The paradigm of bringing computing and storage resources close to the end users
is known under multiple names and its precise definition is a subject of ongoing
debate. The three most widespread names are cloudlet-based edge computing, fog
computing and multiple-access edge computing (MEC). Cloudlet-based edge com-
puting was introduced in 2009 and defined as a computing system with "a 3-tier
hierarchy: mobile or IoT device-cloudlet-cloud", where "a cloudlet can be viewed as
a data center in a box whose goal is to bring the cloud closer" [Sat+09]. Fog comput-
ing was introduced by Cisco in 2012 and defined as "a highly virtualized platform,
which provides storage, computation, and network services between smart devices
and cloud servers, typically but not exclusively deployed at the edge of the net-
work" [Bon+12]. Finally, MEC was introduced by European Telecommunications
Standards Institute (ETSI) in late 2014 and defined as "a technology that pro-
vides an IT service environment and cloud-computing capabilities at the edge of
the mobile network, within the Radio Access Network (RAN) and in close proxim-
ity to mobile subscribers" [Hu+15]. These definitions, however, do not specify the
geographic span of an edge computing system.

A general model of an edge computing infrastructure compliant with the above
three definitions consists of three layers, in the following referred to as fog, edge
and remote layers.The fog layer is geographically closest to the end users and it
consists of the end users’ devices referred to as fog nodes. The edge layer consists
of multiple heterogeneous edge clouds installed in base stations and small cell access
points and it is considered as the second closest layer to the end users. Finally, the
remote layer consists of computationally rich remote clouds that are geographically
distant from the end users.

Fog, edge and remote computing components are connected with each other
through variant types of communication resources and they together form a 3-layer
edge computing infrastructure that allows fog nodes to perform their computational
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edge cloud computing
resources

remote cloud 
computing resources

communication
resources

remote layer

edge layer

fog layer

Figure 2.1: An example of a 3-layer edge computing infrastructure.

tasks locally or to offload them to each other, to edge clouds or to remote clouds. In
Figure 2.1 we illustrate this model of 3-layer edge computing infrastructure, which is
conceptually most similar to the model introduced in [Sat+09]. However, different
from the concept proposed in [Sat+09], this general model considers that devices
in the fog layer can offload the computation to each other and it also considers
that the edge layer consists of multiple edge clouds with heterogeneous computing
resources. In this chapter, we discuss the main characteristics of communication
and computing resources from the point of view of an edge computing system.

2.1 Communication Resources

The computing components such as fog nodes, edge and remote clouds can be
connected by wireline or wireless communication resources.

Wireline communication resources: In a traditional mobile network, the com-
ponents such as base stations and access points are typically connected by high
speed wireline links (e.g., optical fiber), and it is customary to model these links
as having infinite bandwidth, and locally no latency, unless in switches. Since edge
clouds are planned to be installed in the existing mobile network components, it is
reasonable to assume that the edge clouds will also be connected through wireline
communication resources. This, however, may become impractical and expensive
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in the case of densely deployed edge clouds [Ryu+19; Pha+19a], and thus there
is a need for an alternative way of connecting the computing components in edge
computing systems.

Wireless communication resources: Wireless communication has been consid-
ered as an additional way of connecting mobile network components, and thus it
can be considered as an alternative way of connecting edge clouds [Sio+18; Sid+15].
Furthermore, wireless communication is the main technology for connecting the end
users’ wireless devices with each other and with the mobile network components.
Unlike wireline communication models, wireless communication models usually as-
sume that the communication may suffer from high latency and scarce bandwidth
problems.

The scarcity of bandwidth resources is one of the most important problems
facing wireless communication and one can identify two different approaches to
cope with this problem. The first approach is to reuse existing bandwidth resources
by using device-to-device (D2D) communication [Mar09; Shi+12a; Jan+17] and
the second approach is to manage the bandwidth resources used for device-to-
infrastructure (D2I) communication in a more efficient way. From the perspective
of an edge computing system, the first approach allows fog nodes to communicate
directly without the involvement of wireless network infrastructure [Bon+14] and
the second approach is especially relevant for the communication between fog nodes
and edge clouds [Fry17].

The potential for implementing wireless bandwidth management depends on
the wireless medium access protocol [Giu+18; Kek+18; Rez+18]. In general, one
can consider two different types of wireless bandwidth management mechanisms.
According to the first one, the bandwidth of an access point a∈A is shared equally
among a set Na of devices connected to the access point. In this case, the uplink
rate ωi,a of device i ∈ Na depends on the specific set Na of devices sharing the
access point and it can be expressed as

ωi,a = fa(Na),∀a ∈ A,∀i ∈ Na. (2.1)

Wireless bandwidth management described by (2.1) can be implemented in the
CSMA/CA based protocols. For example, (2.1) can be used for modelling dis-
tributed coordination function (DCF) medium access mechanism [Bia00; Heu+03].

According to the second type of wireless bandwidth management mechanism,
the uplink rate ωi,a of device i ∈ Na does not depend on the specific set Na of
devices sharing the access point, but it may depend on the total number |Na| of
devices sharing the access point. In this case, the uplink rate ωi,a of device i ∈ Na

can be device specific, and it can be expressed as

ωi,a = fi,a(|Na|),∀a ∈ A,∀i ∈ Na. (2.2)

Wireless bandwidth management described by (2.2) can be implemented in the
TDMA and OFDM based medium access protocols [Jos+08; Bia+09]. For example,
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(2.2) can be used for modelling proportional-fair scheduling (PFS) algorithm that
has been used in 3G networks [LZL11].

2.2 Computing Resources

The sources of computing resources in an edge computing system may be diverse,
from the fog nodes to the edge and remote clouds (c.f. Figure 2.1).

Fog nodes: Common to the fog nodes is that they may have at disposal limited
computing resources when considered alone, but by pooling their resources through
collaboration they can form a computationally rich distributed computing platform
that makes use of the D2D communication [Mao+17; Wan+17; OEY11; Shi+12b;
Mti+13]. Two big challenges facing the fog computing layer are how to integrate
heterogeneous devices into a common computing platform, and how to efficiently
distribute the computational tasks among numerous devices [BD14].

Edge clouds: By providing significant amount of heterogeneous computing re-
sources close to the end users, edge clouds have the potential to provide low com-
munication delays [ETS; RVM16]. Yet, the computing resources provided by the
edge clouds may not be scalable with the number of wireless devices offloading their
tasks, and thus the edge clouds may suffer from high execution times. Therefore,
one of the biggest challenges facing the edge computing layer is how to efficiently
manage limited computing resources [Sab+19a; Sab+19b].

Remote clouds: By providing abundant heterogeneous computing resources that
scale with the number of devices, remote clouds ensure low execution times of
computational tasks [Gro17; De16; Loe11]. However, remote clouds are typically
located far away from the end users, and thus the computation offloading to re-
mote clouds may suffer from high communication delays [Ost+09; He+10; Jac+10;
Ios+11]. For this reason, remote clouds are usually considered as optional compo-
nents in edge computing systems that through providing additional storage, mem-
ory and computing power have the potential to support the computation offloading
in cases when the fog nodes and the edge clouds are overly congested.

As discussed above, computing components such as fog nodes, edge clouds and
remote clouds may have different computing capabilities and they also may have
different computing architectures. Consequently, the computing components in an
edge computing system may differ from the perspective how fast they can execute
the same computational task. One way of capturing the heterogeneity of comput-
ing resources in a system that consists of a set C of computing components is to
introduce the notation for the clock frequency F c for every computing component
c ∈ C and the notation for the coefficient kc

i ∈ [0, 1] that indicates how suited the
computing architecture of component c is for executing task ti. Along with the het-
erogeneity of computing components, it is also important to model the congestion
that may occur when a set Kc of computationally intensive tasks is assigned for
the execution on a resource-poor computing component c. Using the introduced
notation, the actual frequency F c

i at which component c can execute task ti ∈ Kc
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can be expressed as

F c
i = fi,c(F c, kc

i ,Kc),∀c ∈ C,∀ti ∈ Kc. (2.3)

Equation (2.3) allows for flexibility in modeling diverse computing resource man-
agement mechanisms. For example, (2.3) can be used for modeling scheduling algo-
rithms that in practice approximate an ideal generalized processor sharing (GPS)
scheduler [LBH09].

2.3 Network Slicing

The main driver of network slicing is the need for creating a flexible infrastructure
that is capable of meeting the requirements of numerous types of IoT applications
in many different domains such as autonomous vehicles, smart homes, healthcare,
automated industry and surveillance [All15; Ord+17; Red+19]. Network slicing
is about creating multiple isolated and customized logical networks with tailored
capabilities for specific requirements of a variety of IoT applications. These log-
ical networks, referred to as slices, can be vertical or horizontal [All15; Mav17;
Ban+19]. Vertical slices are dedicated to serving a specific industry (e.g., health,
automotive, home or energy) and horizontal slices are dedicated to serving specific
classes of applications (e.g., streaming visual analytics, real-time control or media
delivery). Vertical and horizontal slicing together appear as an attractive solution
for providing services in edge computing systems in an isolated manner [Mav17].





Chapter 3
Computational Tasks in Edge

Computing Systems

In this chapter we focus on the system performance of an edge computing system
from the point of view of the end users. In this regard, we discuss different models
of computational tasks, introduce the main performance metrics that can be used
to measure the overall efficiency of an edge computing system, and we provide a
general formulation of the joint task placement and resource allocation problem.

3.1 Computational Task Modeling

Computational tasks can be partitioned into subtasks at different granularity lev-
els [AGH16]. In this regard, they can be divided into atomic tasks and tasks
divisible into multiple subtasks that can be executed in parallel or in series or in
a mixture. Some of these subtasks must be performed locally and some of them
can be both performed locally and offloaded to the external computing resources.
In Figure 3.1 we illustrate this classification of computational tasks.

In general, one can characterize a task by two parameters. The first parameter
is the size Di of the input data and the second parameter is the complexity Li that
is defined as the number of CPU cycles required to perform the computation. The
relation between the size Di of the input data and the task complexity Li can be
expressed as Li = DiXi [MN10], where Xi is the number of CPU cycles per data
bit, which can be estimated from measurements by applying the methods described
in [LS01; YN06; Cue+10; Net+18; Chu+11].

3.2 Performance Metrics

The two main metrics for assessing the performance of edge computing systems
are the task completion time and the energy consumption. The factors that affect

9
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Input data

...

...

...

...

Output data

... ...

... ...

Remote and 
local execution

Input data

...

Output data

Input data

Output data

(a) Atomic task model (c) Sequential task model (d) General task model

Only local 
execution

Input data

Output data

(b) Parallel task model

...

...

Figure 3.1: Typical examples of computational task modeling.

these performance metrics depend on which computing resources are used to exe-
cute a task. In the following we define the task completion time and the energy
consumption both in the case of local computing and in the case of computation
offloading.

Task completion time
When a task <Di, Li> is executed locally on the device it was generated at, the
time T l

i needed to complete the task is the time needed for its execution using local
computing resources,

T l
i = Li

F l
i

, (3.1)

where F l
i is the actual frequency at which device i can execute a task and it can be

defined by (2.3).
On the contrary, when a device offloads its task <Di, Li> to external computing

node, the task completion time consists of three parts. The first part is the time
T t

i,a needed to transmit the amount Di of input data through an access point a ∈ A,
which can be expressed as

T t
i,a = Di

ωi,a
, (3.2)

where ωi,a is the uplink rate of device i at access point a, which depends on the
bandwidth sharing mechanism (e.g., defined by (2.1) or (2.2)).
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The second part is the time T exe
i,e needed to execute the task using external

computational resources,
T exe

i,c = Li

F c
i

, (3.3)

where F c
i is the actual frequency at which the external computing node c can

execute a task generated by wireless device i and it can be defined by (2.3).
The third part is the time needed to transmit the result of the computation from

the external computing node to the wireless device. For many applications (e.g.,
applications that require object, face and speech recognition), the size of the result
is much smaller than the size Di of the input data, and thus the third part can
be neglected [HWN12; KL10a]. Therefore, in the case of computation offloading, a
simple linear model can be used to model the task completion time,

T c
i,a = T t

i,a + T exe
i,c . (3.4)

Energy consumption
When a task <Di, Li> is executed locally, the energy consumption El

i of wireless
device i is the energy needed to execute the task using local computing resources
at frequency F l

i . According to the measurements reported in [WZL12; MN10], the
energy consumption per CPU cycle is linearly proportional to the square of the
frequency, and it can be expressed as

El
i = c(F l

i )2Li, (3.5)

where the constant c ∼ 10_11 according to reported measurements.
On the contrary, when a wireless device i offloads its task <Di, Li> to external

computational resources through an access point a, the energy consumption Ei,a

is the energy spent to upload the amount Di of the input data. According to
measurements reported in [Ba09], the energy spent to upload the data over the
cellular network consists of three parts. The first part is the energy spent to scan
available wireless connections, the second part is the energy spent to transmit
data, and the third part is the energy spent to keep the interface up during the
transmission period.

When a task is characterized by a large size Di of the input data, it is reasonable
to consider that the energy spent to transmit data dominates the energy spent to
scan available wireless connections and the energy spent to keep the interface up
during the transmission period. Consequently, given that wireless device i transmits
the data through an access point a at rate ωi,a, the energy consumption Ei,a can
be expressed as

Ei,a = DiPi,a

ωi,a
, (3.6)

where the transmit power Pi,a that wireless device i uses to transmit the data
through an access point a can be determined using an algorithm as the ones pro-
posed in [SMG02; XSC03].



12 Chapter 3. Computational Tasks in Edge Computing Systems

3.3 Cost Model

Wireless devices are heterogeneous in terms of computational capabilities, battery
states, types of computational tasks and the rate at which they generate the tasks.
This multi-level heterogeneity of wireless devices makes it reasonable to consider
that different devices may have different preferences over introduced performance
metrics (i.e., task completion time and energy consumption). This heterogeneity
can be captured by introducing two parameters, 0 ≤ γT

i ≤ 1 and 0 ≤ γE
i ≤ 1, which

characterize the preferences of device i over the completion time and the energy
consumption, respectively. Given these parameters, the cost of wireless device i can
be formulated as a function of the completion time and the energy consumption,

local execution: Cl
i = f(γT

i T
l
i , γ

E
i E

l
i), (3.7)

offloading: Cc
i,a = f(γT

i T
c
i,a, γ

E
i Ei,a), (3.8)

where T l
i , El

i, T c
i,a and Ei,a are given by (3.1), (3.5), (3.4) and (3.6), respectively.

Equations (3.7) and (3.8) can be used for expressing different cost functions,
such as completion time, energy consumption, throughput or a combination of
these. Furthermore, they allow for a model in which each device can dynamically
adjust its objective to the specific task requirements, and to its current battery
state by changing the values of the parameters γT

i and γE
i .

3.4 Joint Task Placement and Resource Allocation Problem

A general formulation of the joint task placement and resource allocation problem
can be provided by considering a general model of an edge computing system that
consists of a set N of devices, |N | = N , a set A of communication resources,
|A| = A, and a set C of computing resources, |C| = C. Task placement matrices
for communication and computing resources are then given by X ∈ {0, 1}N×A

and Y ∈ {0, 1}N×C , respectively. Furthermore, the policies according to which
communication and computing resources are managed can be defined as PX : X→
RN×A

[0,1] and PY : Y→ RN×C
[0,1] , respectively.

Since the edge resources are in general shared among many devices, it is rea-
sonable to consider that the system cost C(X,Y,PX,PY) is a function of task
placement matrices X and Y, and the resource allocation policies PX and PY.
For example, in an end-user-oriented model of an edge computing system, the cost
C(X,Y,PX,PY) can be defined as a function of the end users’ costs (3.7) and (3.8),
which may depend on the congestion on the shared resources. The introduced no-
tation allows us to define the joint task placement and resource allocation problem
as the following mixed-integer optimization program,
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min
X,Y,PX,PY

C(X,Y,PX,PY) (3.9)

s.t. gi(X,Y,PX,PY) ≤ θi,∀i ∈ N , (3.10)
h(X,PX) ≤ θa,∀a ∈ A, (3.11)
q(Y,PY) ≤ θc,∀c ∈ C, (3.12)
∑

a∈A

∑

c∈C\{i}
xi,ayi,c + yi,i = 1,∀i ∈ N , (3.13)

X ∈ {0, 1}N×A, (3.14)
Y ∈ {0, 1}N×C , (3.15)
PX : X→ RN×A

[0,1] , (3.16)

PY : Y→ RN×C
[0,1] . (3.17)

The function gi(X,Y,PX,PY) takes into account sharing both communication
and computing resources, and thus constraint (3.10) can be used to ensure that the
task completion time or the energy consumption of each device i ∈ N is lower than
the threshold specified by θi. Functions h(X,PX) and q(Y,PY) take into account
sharing only one type of resources, that is, the communication and computing
resources, respectively. Hence, constraints (3.11) and (3.12) can be used thus to
enforce a limitation on the amount of communication and computing resources that
can be provided to the devices, respectively. Constraint (3.13) enforces that each
device i ∈ N either performs the computation locally (xi,a = 0, yi,i = 1, yi,c =
0,∀a ∈ A,∀c ∈ C \ {i}) or it offloads the task to computing resource c using
communication resource a (xi,a = 1, yi,c = 1, xi,a′ = 0, yi,c′ = 0,∀a′ ∈ A\{a},∀c′ ∈
C \{c}). Constraints (3.14) and (3.15) specify that the task placement decisions are
integer variables, and constraints (3.16) and (3.17) describe policies for allocating
communication and computing resources, respectively. Finally, solving the problem
(3.9) − (3.17) may be impractical in realistic edge computing systems, because it
involves searching a large solution space.

It is important to note that (3.9)-(3.17) can be easily used for formulating
different problems that may be of interest in diverse edge computing systems. For
example, (3.9)-(3.17) can be easily reduced to the completion time minimization
problem by defining cost C(X,Y,PX,PY) as a sum of costs (3.7) and (3.8) and
by setting the completion time parameter γT

i = 1, and the energy consumption
parameter γE

i = 0, for all wireless devices. With this in mind, in the following
we consider different versions of problem (3.9) − (3.17), and we discuss the most
important results from the literature.





Chapter 4
Task Placement and Allocation of

Edge Resources

Works on task placement and resource allocation in edge computing systems can
be categorized according to four criteria:

1) Design objective: The common design objectives are minimization of the com-
pletion time, of the energy consumption, joint minimization of the two and the
maximization of the throughput. The objective design choice is mostly deter-
mined by the characteristics of computational tasks. For example, completion
time minimization is a suitable design objective in the case of delay sensitive
tasks, while energy consumption minimization is a suitable design objective in
the case of computationally intensive tasks. Finally, multi-objective optimiza-
tion, such as joint minimization of the completion time and the energy consump-
tion, is a suitable design objective for both delay sensitive and computationally
intensive tasks.

2) Information availability: The second criterion is related to the amount of in-
formation available for optimization. In the case of offline optimization, the
assumption is that there is complete knowledge of system resources and the
tasks to be allocated. In the case of online optimization, information is in-
complete, e.g., due to stochastic task arrivals, and the objective is to optimize
the long-term system performance (e.g., the system throughput, the long-term
average task completion time and the long-term average energy consumption).

3) Edge computing system components: The main edge computing components
are end users’ devices, edge clouds and remote clouds. Depending on which
of these components are available for performing computational tasks, we can
distinguish between multiple edge computing infrastructures. The simplest edge
computing infrastructure consists of one or multiple edge clouds. More complex
edge computing infrastructures support computation offloading not only to edge
clouds, but also to remote clouds and to nearby end users’ devices.

15
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Table 4.1: Classification of works according to the types of shared resources.
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[Mes+17] X

[XHS19] X

[Che15] X

[Che+16] X

[Guo+16] X

[Hua+18] X

[Zhe+18] X

[CC17] X

[Yan+13] X

[XSM18] X

[Zhu+18] X

[Zho+18] X

[BZ18] X

[CH18] X

[Liu+18] X

[SL18] X

[Yan+15] X

[CL17] X

[CL19] X

[Zen+16] X

P
ap

er

C
om

m
un

ic
at
io
n
re
so
ur
ce
s

C
om

pu
ti
ng

re
so
ur
ce
s
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[Ge+12] X
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[Cha+17] X

[CZ17] X

[SW18] X

[Rah+15] X

[WLP13] X

[Car+16] X

[XLX13] X

[Hu+19] X

[Yan+17] X X

[Gao+19] X X

[Ren+19] X X

[Zha+18] X X

[Guo+19] X X

[EDF17] X X

Paper D [JD19b] X X

Paper E [JD20b] X X

P
ap

er

C
om

m
un

ic
at
io
n
re
so
ur
ce
s

C
om

pu
ti
ng

re
so
ur
ce
s

[You+16] X X

[TL17] X X

[Bar+16] X X

[SSB15] X X

[AlS+17] X X

[ZF19] X X

[Yan+19] X X

[Pha+19b] X X

[TP18] X X

[Lyu+16] X X

[Zha+17] X X

[CLD18] X X

[Du+18] X X

[EL19] X X

Paper B [JD19c] X X

Paper C [JD20a] X X

[Tär+17] X X

[Yan+18] X X

[LOD18] X X

[Lyu+17] X X

[Aya+19] X X

4) Management architecture: Task placement decisions and resource allocation
policies can be implemented in centralized, decentralized and distributed man-
ners. Centralized management architecture is considered as a suitable choice
in systems with an entity that has full information about the system. Decen-
tralized management architecture is considered as a suitable choice in systems
with a centralized entity that based on full or partial knowledge about the
system coordinates multiple other hierarchically lower entities in making task
placement decisions or resource allocation policies. Finally, a distributed man-
agement architecture is considered as a suitable choice in systems in which the
task placement decisions and the resource allocation policies can be made by
multiple hierarchically equal entities with or without information exchange.

Table 4.1 shows a summary of the research papers that addressed the task place-
ment and the resource allocation problems in edge computing systems with shared
communication, computing, and both communication and computing resources, re-
spectively. In what follows we discuss the most important results from these papers.
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Table 4.2: Classification of works that model the congestion on communication
resources.

Paper Design Information System Management
objective availability components architecture
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[Zha+16] X X X X

[Mes+17] X X X X

[XHS19] X X X X X X

[Che15] X X X X X

[Che+16] X X X X X

[Guo+16] X X X X X

[Hua+18] X X X X X

[Zhe+18] X X X X X

[CC17] X X X X X

[Yan+13] X X X X

[XSM18] X X X X

[Zhu+18] X X X X

[Zho+18] X X X X

[BZ18] X X X X

4.1 Allocation of Communication Resources

Works that modeled the congestion on communication resources and assumed the
elasticity of computing resources are relevant in the case of computationally rich
edge computing infrastructures and the tasks that are computationally light, but
require the transmission of a large amount of data. Only a few works from this
category addressed the problem of minimizing the energy consumption [Zha+16;
Mes+17]. On the contrary, majority of the works addressed the problem of joint
minimization of the task completion time and the energy consumption [XHS19;
Che15; Che+16; Guo+16; Hua+18; Zhe+18; CC17]. Finally, some of the works
focused on the problem of maximizing the system throughput [Yan+13; XSM18;
Zhu+18; Zho+18; BZ18]. A summary of works is shown in Table 4.2.

Energy consumption minimization
A simple model of an edge computing system consists of a single edge cloud and
multiple devices, each of them with a computational task, which can be performed
locally or can be offloaded to the edge cloud through one or multiple wireless
links [Zha+16; Mes+17]. In [Zha+16] the authors assumed that devices can ac-
cess the edge cloud either through a small or a macro base station, both of them
operating in the same frequency band divided into a set of identical channels. They
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formulated the problem as offline minimization of the sum of devices’ energy con-
sumptions under constraints on the completion times of the tasks and the number
of available wireless channels. The authors then proposed a centralized heuristic for
assigning the tasks and allocating radio resources to offloading devices. In [Mes+17]
the authors considered that devices can offload the computation through a single
wireless link and they used game theoretical tools to address the offline computation
offloading problem. The authors formulated the problem as a congestion game in
which the devices aim at minimizing their own energy consumption while meeting
constraints on the completion times of their tasks. The authors then showed that
the game has a pure Nash equilibrium and proposed a decentralized algorithm for
computing an equilibrium of offloading decisions.

Completion time and energy consumption minimization
A widely adopted model of the cost is a linear combination of completion time and
energy consumption both in the case of local execution and in the case of com-
putation offloading [XHS19; Che15; Che+16; Guo+16; Hua+18; Zhe+18; CC17].
In [XHS19] the authors considered offline optimization of the joint task placement
and bandwidth allocation problem in a system that consists of an edge and a remote
cloud. Taking into account constraints on the total available bandwidth, the au-
thors proposed a centralized algorithm for computing the optimal task assignment
and bandwidth allocation vectors. They showed that the best and the worst case
complexity of the proposed algorithm is quadratic and exponential in the number
of devices, respectively.

Several works focused on developing decentralized solutions to offline com-
putation offloading problems [Che15; Che+16; Guo+16]. The works presented
in [Che15; Che+16] used game theoretical tools to model and analyze the interac-
tion among multiple devices that aim at minimizing their own costs in a system
with a single edge cloud. They modeled the congestion on communication re-
sources as a strategic game in which the devices may offload their tasks to the
edge cloud through a single and multiple wireless links, respectively. In [Che15] the
authors provided an algorithm for computing a pure strategy Nash equilibrium of
offloading decisions and established a bound on the price of anarchy of the game.
In [Che+16] they showed that the same results hold in the case of multiple identical
wireless links. The algorithms proposed in [Che15; Che+16] can be implemented in
a decentralized manner by letting devices compute their offloading decisions asyn-
chronously based on the information provided by a central coordinator located in
the edge cloud. The authors in [Guo+16] considered a system that consists of a
single edge cloud that can be reached through a base station or a small access point.
They assumed that a task of each device can be modeled as a directed acyclic graph
with the same number of subtasks and they formulated the problem of minimizing
the sum of costs of all devices under constraints on the task completion times and
the subtask dependencies. The authors then decomposed the original problem into
two problems that can be solved in a decentralized manner. The first problem is
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solved by each wireless device based on the information provided by a network op-
erator; wireless devices decide where to execute their subtasks, at which CPU clock
frequency to perform the local executions and at which transmission rate to offload
their subtasks. The second problem is solved by the operator that uses the subgra-
dient method to compute the Lagrangian multipliers associated with constraints on
the task completion times and the subtask dependencies.

Finally, a few works used machine learning techniques to develop distributed
solutions to the task placement and radio resource allocation problems that may
exist in the systems in which devices can either perform their tasks locally or offload
them to a single edge cloud [Hua+18; Zhe+18; CC17]. In [Hua+18] the authors
considered that the cloud can be accessed through a single wireless link. They
formulated the problem as an offline minimization of the system cost under the
constraint on the total available bandwidth. The authors then proposed a deep
learning-based solution that deploys multiple parallel deep neural networks. Each
neural network has the function of an offloading actor that computes the candidate
task placement and resource allocation vectors, exchanges the computed vectors
with the other actors, and based on the exchanged information selects the best
candidate solution for updating the input to its own deep neural network. The
authors in [Zhe+18] considered a system with stochastic task arrivals and a single
wireless link. They formulated the online task placement problem as a stochastic
game and proved the existence of an equilibrium task allocation. The authors pro-
posed a stochastic learning algorithm that can compute an equilibrium of offloading
decisions in a distributed manner without any information exchange. In [CC17]
the authors considered a time-slotted communication system with multiple wire-
less links and CSMA based protocol according to which devices experience random
transmission rates over time slots. They modeled the interaction among the devices
as a noncooperative game in which each device aims at maximizing its own reward
function and proved that the game has a pure strategy Nash equilibrium. Based on
stochastic learning automata, the authors proposed a fully distributed algorithm
that devices can use for computing their equilibrium offloading decisions without
exchanging the information with each other.

Throughput Maximization
The simplest model of an edge computing system consists of a single edge cloud, a
single wireless link and multiple wireless devices that can perform their computa-
tional tasks locally or offload them to the edge cloud [Yan+13; XSM18; Zhu+18;
Zho+18; BZ18]. The authors in [Yan+13] modeled a computational task as a di-
rected acyclic graph with multiple subtasks and formulated the load scheduling
problem as an online bin packing problem. They proposed a genetic based cen-
tralized algorithm for assigning the subtasks for the execution while taking into
consideration constraints on the amount of available bandwidth. Another central-
ized solution was proposed in [XSM18], where the authors assumed that offloading
decisions of devices are known. Under this assumption, they formulated the prob-
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lem as offline maximization of the total system throughput under constraints on
the allowed transmission powers and acceptable interference levels. The authors
derived a closed-form expression for the optimal transmit power allocation policy.
In [Zhu+18] the authors used game theoretical tools to address the offline problem
of allocating communication resources. They first formulated the problem as a bar-
gaining game in which the objective is to optimize the assignment of transmission
powers and the allocation of wireless subchannels to wireless devices. The authors
then relaxed the original problem to consider the optimization of time-shares of the
bandwidth resources and by solving the relaxed version of the problem they pro-
posed a heuristic for solving the original problem. The proposed algorithm can be
implemented in a decentralized way, by letting devices compute their transmission
powers and the central coordinator to allocate bandwidth resources.

A few works considered offline optimization of computation offloading in edge
computing systems in which the wireless devices are equipped with energy har-
vesting capabilities [Zho+18; BZ18]. The authors in [Zho+18] considered a system
with an unmanned aerial vehicle (UAV) that transmits energy to the devices and
provides computing services. The authors formulated the problem of maximizing
the amount of computation that can be offloaded to the UAV under constraints on
the computing and battery capacities of devices, constraints on the amount of avail-
able bandwidth and constraints on the feasible UAV trajectories. They considered
partial and binary computation offloading problems in which the computational
tasks can and cannot be partitioned, respectively. In both cases, they decoupled
the problem of optimizing the trajectory of the UAV from the problem of optimiz-
ing devices’ CPU frequencies, offloading times and transmit powers. For a given
trajectory of the UAV, the authors derived closed-form expressions for the latter op-
timization problem and proposed two-stage and three-stage iterative algorithms for
solving partial and binary computation offloading problems in a centralized manner,
respectively. The authors in [BZ18] considered a system with a single access point
that can transmit the energy to the devices and it can also execute computational
tasks offloaded by the devices. The authors assumed that the wireless power trans-
mission and the task offloading are performed in the same frequency band. Under
this assumption and constraints on computing capabilities and battery capacities
of the devices, the authors formulated the offline computation rate maximization
problem. They decoupled the original problem into the task assignment problem
and the problem of optimizing the devices’ CPU frequencies, transmission powers
and bandwidth allocations. Based on a coordinate decent method they proposed a
heuristic for solving the original problem in a centralized manner.

4.2 Allocation of Computing Resources

There is a significant body of works that considered the congestion on computing
resources without taking into account the congestion on communication resources.
These works are relevant for edge computing systems with abundant bandwidth
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Table 4.3: Classification of works that model the congestion on computing re-
sources.

Paper Design Information System Management
objective availability components architecture
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[CH18] X X X X

[Liu+18] X X X X X

[SL18] X X X X X X

[Yan+15] X X X X X

[CL17] X X X X X X

[CL19] X X X X X

[Zen+16] X X X X

[XCZ18] X X X X X

Paper A [JD19a] X X X X X

[Ge+12] X X X X

[XLL15] X X X X

[Den+16] X X X X X

[Cha+17] X X X X

[CZ17] X X X X X X

[SW18] X X X X X X

[Rah+15] X X X X X X

[WLP13] X X X X X

[Car+16] X X X X X

[XLX13] X X X X X

[Hu+19] X X X X X

resources and computationally heavy tasks that require the transmission of a small
amount of data. Majority of the works from this category considered the prob-
lem of minimizing the completion time of computational tasks [CH18; Liu+18;
SL18; Yan+15; CL17; CL19; Zen+16; XCZ18]. Minimization of the energy con-
sumption [Ge+12; XLL15; Den+16; Cha+17] and the joint minimization of the
task completion time and the energy consumption [CZ17; SW18; Rah+15; WLP13]
received considerable attention in the literature. Finally, few works from this cate-
gory addressed the problem of maximizing the system throughput [Car+16; XLX13;
Hu+19]. A summary of works is shown in Table 4.3.

Completion time minimization
Solving the completion time minimization problems in a centralized manner re-
ceived significant attention for systems with limited computing resources [CH18;
Liu+18; SL18; Yan+15; CL17; CL19; Zen+16]. The authors in [CH18] considered
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a system that consists of a single macro and multiple micro base stations equipped
with computing power. They formulated the offline problem of joint task assign-
ment and computing resource allocation with the objective to minimize the sum of
completion times of all devices under their energy consumption constraints. The
authors then provided a closed form solution for the optimal computing resource
allocation policy and solved a relaxed version of the task assignment problem.
In [Liu+18] the authors considered an edge computing system that consists of mul-
tiple edge clouds and a single remote cloud. They considered a set of augmented
reality users and formulated the offline problem of minimizing the overall service
latency and maximizing the total object recognition accuracy. The authors then
considered a relaxed version of the problem and proposed a centralized algorithm
according to which the network orchestrator assigns users to the clouds and decides
about the frame resolutions. In [SL18] the authors considered a system with a single
remote cloud and a finite number of computationally limited local processors that
may be located in edge clouds or peer wireless devices. They considered that the
task of each device consists of multiple subtasks, whose dependency can be modeled
as a directed acyclic graph, and they defined a cost of performing a subtask as a
linear combination of the processing time and the transmission price (if any). The
authors proposed a heuristic for solving the offline task placement problem in which
the objective is to minimize the sum of costs of devices under constraints on the
dependency among subtasks, the task completion time deadlines and constraints
on the amount of available computing resources.

The authors in [Yan+15] considered a set of tasks generated during a fixed time
period and modeled a task as a sequence of subtasks that can be either processed
locally or can be offloaded to a cloud that has a limited number of processors. The
authors formulated the average task completion time minimization problem under
constraints on the dependency among subtasks and constraints on the amount of
available computing resources. They considered a system with known and unknown
release times of the future tasks and proposed two heuristics for addressing the
corresponding offline and online versions of the problem, respectively. The authors
in [CL17] considered a system that consists of a set of clouds (edge and remote)
with known and unknown processing times, respectively. They formulated the
problem of minimizing the completion time of the last task, that is, the makespan
of a given set of computational tasks. For the case when the processing time
is unknown for only one of the clouds, the authors proposed a constant-factor
semi-online approximation algorithm for scheduling the tasks. They extended the
analysis to the case of multiple clouds with unknown processing times, and in this
case they proposed an online heuristic algorithm. In [CL19] the authors considered
a system that consists of a set of identical edge clouds and a single remote cloud
with unknown processing times. They assumed that the offloading costs are known
a priori for each task and they formulated a semi-online task scheduling problem
with the objective to minimize a weighted sum of the makespan and the offloading
cost. Similarly to their work in [CL17], the authors assumed that the task execution
can be restarted multiple times and they proposed a constant-factor approximation
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algorithm for scheduling the tasks.
There are several works that considered online computation offloading prob-

lems in edge computing systems with Poisson task arrivals [Zen+16; XCZ18].
In [Zen+16] the authors considered the joint optimization of task allocation and
task image placement in a system that consists of a set of storage servers and a set
of computation servers. The authors formulated the problem as a mixed-integer
linear program in which the objective is to minimize the maximum average task
completion time under constraints on the system stability and the computing ca-
pacities of servers. They decoupled the original problem into task placement and
task scheduling problems and proposed a heuristic for solving the original prob-
lem. The authors in [XCZ18] considered an edge computing system that consists
of a remote cloud and multiple base stations equipped with computing resources.
They assumed that each base station offers specific computing services and decides
what portion of the requests to serve locally and what portion of the requests to
offload to the remote cloud. The authors addressed the problem of minimizing the
average long-term completion times of tasks under long-term constraints on the
storage capacity and the energy consumption and short-term constraints on the
task completion time deadlines and energy consumption. Based on the Lyapunov
optimization technique, the authors proposed an online service caching and task
offloading algorithm that iteratively optimizes the vectors of offloading and caching
decisions of each base station. The algorithm is designed for a distributed imple-
mentation that requires information exchange between neighbouring base stations.

Our work presented in Paper A [JD19a] falls into the class of works that consider
online completion time minimization problems. We addressed the task placement
problem in an edge computing system that consists of a single edge cloud and
multiple heterogeneous devices, which may process the tasks of each other. We
considered that devices use dedicated bandwidth resources to communicate with
each other and with the cloud. We modeled the task arrival process of each device as
a Poisson process and used queuing theory to capture the contention on dedicated
communication resources and to model sharing of computing resources. We denoted
by T c

i,j(pi,j) the mean time needed to complete the task generated by device i ∈ N
using the computing resources of node j ∈ N ∪ {0}, where 0 corresponds to the
edge cloud. Finally, we defined the system cost C̄(P) as the average system delay

C̄(P) =
∑

i∈N

∑

j∈N∪{0}
pi,jT c

i,j(pi,j), (4.1)

where P ∈ [0, 1]N×(N+1) is a task assignment matrix and pi,i, pi,0 and pi,j indicate
the probability that device i executes its task locally, offloads the task to the cloud,
and offloads the task to device j ∈ N \ {i}, respectively. Given the set P of all
task assignment matrices that ensure the stability of the queuing system, our task
placement problem can be formulated as the following online optimization problem
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min
P∈P

C̄(P) (4.2)

s.t.
∑

j∈N∪{0}
pi,j = 1,∀i ∈ N . (4.3)

Since devices in edge computing systems are expected to be autonomous [VR14],
in Paper A instead of solving (4.2) − (4.3) we defined the problem as a strategic
game, in which each device plays a mixed strategy and aims at minimizing its own
cost. We used game theoretical tools to prove the existence of an equilibrium task
allocation in static mixed strategies. We proposed a decentralized algorithm that
allocates tasks according to the computed mixed strategy profile, and thus it relies
on average system parameters only. By performing simulations, we compared the
performance of the proposed algorithm with the performance of an algorithm that
allocates tasks according to the optimal static mixed strategy (i.e., to the solution
of (4.2) − (4.3)), and with the performance of a greedy algorithm that relies on
global knowledge of the system state. We showed that the proposed algorithm
achieves good system performance close to that of the performance of the optimal
static mixed strategy and even close to the performance of a greedy algorithm.

Energy consumption minimization
One way of addressing the task placement problem with the objective of minimizing
the energy consumption is to model and analyze the interaction among multiple
devices using game theoretical tools [Ge+12; XLL15]. In [Ge+12] the authors con-
sidered a system with multiple clouds that serve multiple devices, each of them with
a single computational task to be performed. They modeled the offline task place-
ment problem as a congestion game in which each device partitions its task into a
part for offloading and a part for local computing and it also decides to which cloud
server to offload each part of its computation. The authors defined the objective
function of each wireless device as a weighted sum of the energies consumed for ex-
ecuting the two portions of its task. They proved the existence of a task placement
equilibrium and proposed a decentralized algorithm for computing an equilibrium
based on the information provided by a central coordinator. In [XLL15] the au-
thors considered a system in which the objective is to minimize the total energy
consumption of multiple wireless devices that can execute each others’ tasks in a
collaborative way. They assumed that the full knowledge about the system state
is available and formulated the offline energy minimization problem as a coalition
game. The authors then proposed a distributed coalition formation algorithm that
requires information exchange between neighbouring devices.

A couple of works considered systems with stochastic task arrivals and focused
on developing solutions to the online computation offloading problems [Den+16;
Cha+17]. In [Den+16] the authors addressed the task assignment problem in a
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system that consists of a set of cloud servers and a set of fog devices that are located
close to the end users. The authors formulated the problem of minimizing the energy
consumption of the system while meeting the end users’ constraints on the average
task completion times. They proposed an approximate centralized solution based
on the decomposition of the original problem into three subproblems: optimization
of the amount of locally executed workload for each fog device, optimization of the
traffic rate for each device-to-cloud pair and joint optimization of the amount of
workload assigned to each cloud, the number of active processors in each cloud and
CPU frequencies of the active processors. In [Cha+17] the authors considered an
edge computing system in which devices can perform their tasks locally or they
can offload them to an edge cloud through a single wireless link. The authors
assumed Poisson task arrivals and formulated the problem of finding the optimal
transmission powers and offloading rates of the devices that aim at minimizing their
average energy consumptions under constraints on the average task completion
times. They proposed an iterative algorithm that sequentially updates local and
global decisions made by the devices and a central cloud coordinator, respectively.
The algorithm can be implemented in a decentralized way by letting devices make
their local decisions and the cloud coordinator to make global decisions while taking
into consideration devices’ preferences specified by their local decisions.

Completion time and energy consumption minimization

The common multi-objective optimization function is defined as a linear combi-
nation of the task completion time and the energy consumption [CZ17; SW18].
In [CZ17] the authors assumed that each device can execute the computation lo-
cally, offload its task to a neighbouring device or to an edge cloud. They assumed
that the edge cloud has a limited number of virtual machines, each of them capable
of hosting a single task per time. Under this assumption, the authors developed
a centralized algorithm for solving the offline task placement problem, which they
defined as the minimum weight matching problem over the three-layer graph. The
authors in [SW18] considered an edge computing system in which each device can
perform its task locally or offload it to an edge or to a remote cloud. The au-
thors modeled the offline task placement problem as a strategic game for which
they proved the existence of a pure strategy Nash equilibrium. They proposed
an algorithm that can compute an equilibrium of offloading decisions in a decen-
tralized manner and used the price of anarchy to establish a bound on the cost
approximation ratio of the proposed algorithm.

Multi-objective optimization of the computation offloading can be defined with
respect the task completion time, the energy consumption and the monetary cost
[Rah+15; WLP13]. In [Rah+15] the authors considered a system in which a set of
computing services is provided by multiple edge and remote clouds. The authors
described the mobility patterns of devices by space-time trajectories and modeled a
computational task as a space-time workflow. They presented workflows as directed
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acyclic graphs in which each node is associated with a certain type of computing
service. The authors defined a single device utility as the minimum of price, delay
and energy consumption needed for performing a task. Finally, they proposed a
centralized heuristic that aims at minimizing the sum of devices’ utilities through
mapping their space-time workflows with the available cloud computing services.
Different from the above works, the authors in [WLP13] used game theoretical
tools to capture the interaction between multiple wireless devices that generate
computational tasks according to a Poisson process. Each device can decide whether
to process its tasks locally or to offload them to a cloud that consists of multiple
homogeneous servers. The authors provided a two stage game-based formulation
of the problem in which the players are the devices and the cloud controller. In
the first stage of the game, each device determines the size of the task portion that
it offloads with the objective to minimize a linear combination of its average task
completion time and the corresponding energy consumption. In the second stage
of the game, the cloud controller implements the optimal task dispatching and
the resource allocation policies that maximize its profit. The authors proved the
existence of a subgame perfect equilibrium and proposed a decentralized algorithm
according to which devices make their decisions based on the information provided
by the cloud controller.

Throughput Maximization

A general model of an edge computing system consists of multiple wireless devices,
an edge cloud and a remote cloud [Car+16; XLX13]. The authors in [Car+16]
assumed that the task arrival process at each device can be modeled as a Poisson
process and that each task can be offloaded or performed locally. They modeled the
cost of a single device as the expected number of its unfinished tasks in the system
and assumed that each device aims at minimizing its own cost under energy con-
sumption constraints. The authors addressed the online task placement problem
using game theoretical tools and showed the existence of a mixed strategy equi-
librium task allocation. They developed a decentralized algorithm for computing
equilibrium offloading strategies under the assumption that the information about
the system load is provided to the devices by the cloud coordinator. In [XLX13]
the authors considered a system with stochastic task arrivals and assumed that
the tasks are either processed by an edge cloud or forwarded to a remote cloud.
They addressed the online request admission problem in a centralized way with
the objective to maximize the system throughput under constraints on computing
capabilities of the edge cloud. According to the proposed admission control algo-
rithm, the edge cloud decides which computational requests to accept and which
requests to send to the remote cloud.

Different from the above works, the authors in [Hu+19] considered offline opti-
mization of the joint task placement and computing resource allocation in a system
in which each device can either perform its task locally or offload the task to one of
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multiple edge clouds. Assuming the underlying correlation between task execution
times under different computing architectures, the authors first proposed a low-
rank learning algorithm for estimating task execution times. Given predicted task
execution times, the authors formulated the problem of maximizing the number
of completed tasks under constraints on the limited edge cloud resources (CPU,
memory and hardware) and constraints on the maximum allowed task completion
times. They showed that the problem is NP-hard and proposed an algorithm with a
bounded approximation ratio. The authors showed that the worst case complexity
of the proposed algorithm is quadratic in the number of tasks and they discussed
its centralized and decentralized implementations.

4.3 Allocation of Communication and Computing
Resources

Most of the recent works considered edge computing systems in which multiple
wireless devices share both communication and computing resources when offload-
ing their tasks. These works provide general models of sharing edge computing
resources and thus the results obtained in these works can be easily extended to
simpler models in which only one type of the resources is shared. Minimization of
the task completion time [Yan+17; Gao+19; Ren+19; Zha+18; Guo+19; EDF17]
and minimization of the energy consumption [You+16; TL17; Bar+16; SSB15;
AlS+17; ZF19] received significant attention in the literature. Majority of the
works from this category considered the joint minimization of the task completion
time and the energy consumption [Yan+19; Pha+19b; TP18; Lyu+16; Zha+17;
CLD18; Du+18; EL19]. Finally, the problem of maximizing the system throughput
received considerable attention [Tär+17; Yan+18; LOD18; Lyu+17; Aya+19]. A
summary of works is shown in Table 4.4.

Completion time minimization
There is a significant body of works that proposed centralized solutions to the
offline [Yan+17; Gao+19; Ren+19] and the online [Zha+18; Guo+19; EDF17]
completion time minimization problems, respectively. In [Yan+17] the authors ex-
tended the model from [Yan+15] to consider not only the allocation of computing,
but also the allocation of communication resources and by following the approach
proposed in [Yan+15] they provided a heuristic for the task placement problem.
The authors in [Gao+19] considered an edge computing system that consists of
multiple edge clouds. They formulated the joint offline network selection and ser-
vice placement optimization problem with the objective to minimize the long-term
average task completion times under constraints on the available communication
and computing resources. The authors decomposed the problem into a sequence
of one-shot problems, for which they provided the NP-hardness proof. They pro-
posed an iteration-based algorithm for solving the sequence of one-shot problems
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Table 4.4: Classification of works that model the congestion on communication and
computing resources.
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[Yan+17] X X X X

[Gao+19] X X X X

[Ren+19] X X X X X

[Zha+18] X X X X

[Guo+19] X X X X X

[EDF17] X X X X X X X

Paper D [JD19b] X X X X

Paper E [JD20b] X X X X

[You+16] X X X X

[TL17] X X X X X

[Bar+16] X X X X X X

[SSB15] X X X X

[AlS+17] X X X X

[ZF19] X X X X

[Yan+19] X X X X X

[Pha+19b] X X X X X

[TP18] X X X X X

[Lyu+16] X X X X X

[Zha+17] X X X X X

[CLD18] X X X X X X

[Du+18] X X X X X X

[EL19] X X X X X X

Paper B [JD19c] X X X X X

Paper C [JD20a] X X X X X

[Tär+17] X X X X

[Yan+18] X X X X X

[LOD18] X X X X X X

[Lyu+17] X X X X

[Aya+19] X X X X

and they proved that the proposed algorithm has a bounded competitive ratio. The
authors in [Ren+19] considered a system in which the communication resources are
shared according to TDMA protocol. They assumed that the task of each device
can be split into two parts that can be executed in an edge and a remote cloud,
respectively. The authors formulated the problem of minimizing the completion
time of all tasks under constraints on the overall communication and computing
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resources. They then decomposed the original problem into the problem of allocat-
ing communication resources and the joint computing resource allocation and task
splitting problem. The authors provided closed form solutions for the decomposed
problems and proposed a resource allocation algorithm that can be implemented in
a centralized manner.

The authors in [Zha+18] considered a single edge cloud computing system with
limited communication, computing and storage resources. They assumed that the
computational tasks can be executed locally or can be offloaded to the edge cloud;
in order to execute a task, the edge cloud needs the task specific content (e.g.,
program code) that can be either stored locally in the edge cloud or requested from
the Internet through the backhaul link. The authors modeled the popularity of
the requested contents as a Zipf distribution and formulated the joint computation
offloading, content caching, and resource allocation problem. Based on the gen-
eralized benders decomposition, they proposed an iterative polynomial complexity
algorithm for solving the problem. The authors in [Guo+19] considered a three-tier
edge computing system that consists of an edge cloud with a single server and a
remote cloud with abundant computing resources. They considered the problem of
joint optimization of the task placement and the allocation of uplink and downlink
communication resources. The authors transformed the original problem into a
piecewise convex problem and proposed an algorithm that minimizes the average
completion times of the tasks. The authors in [EDF17] considered a system that
consists of multiple sensors capturing periodically a sequence of frames that can be
divided into multiple slices intended for offloading to the multiple processing nodes.
The authors proved that the considered multi-sensor completion time minimization
problem is NP-hard and they proposed centralized, decentralized and distributed
solutions to the problem. The proposed centralized solution has a bounded ap-
proximation ratio and it allows a central entity to decide how the frames should be
sliced and where the slices should be assigned for processing. According to the pro-
posed decentralized solution, a central coordinator periodically optimizes the frame
slicing and the slice placement decisions and the sensors are allowed to update only
the frame slicing decisions. Finally, according to the proposed fully distributed
solution, each sensor uses its local information to decide how to slice its own frames
and where to process the slices.

Our work presented in Paper D [JD19b] and Paper E [JD20b] falls into the class
of works that consider offline completion time minimization problems. In Paper D
we considered an edge computing system that consists of a set of access points, a
set of edge clouds and multiple wireless devices that can either perform their tasks
locally or offload them to an edge cloud through a single access point. In Paper E
we considered the same edge computing infrastructure under network slicing.

We used A, |A| = A to denote the set of access points, C, |C| = C to denote the
set of edge clouds, and S, |S| = S to denote the set of slices. In both papers we
considered the joint task placement and resource allocation problem, which can be
formulated as the following mixed-integer program
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min
X,Y,PX,PY
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s∈S
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i∈N
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)
(4.4)
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∑

a∈A

∑

c∈C
xi,a,syi,c,s

)
= 1,∀i ∈ N , (4.5)

X ∈ {0, 1}N×A×S , (4.6)
Y ∈ {0, 1}N×(C+1)×S , (4.7)
PX : X→ RN×A×S

[0,1] , (4.8)

PY : Y→ RN×(C+1)×S
[0,1] , (4.9)

where the constraint (4.5) enforces that each device either performs the computa-
tion locally or it offloads the task through an access point to an edge cloud in a
single slice, constraints (4.6) and (4.7) specify that the task placement decisions
are integer variables, and constraints (4.8) and (4.9) describe policies for allocating
communication and computing resources, respectively.

In both papers we considered that communication and computing resources
are managed by a single network operator that decides about resource allocation
policies. In Paper D we considered that the selfish devices make their own offloading
decisions based on the information provided by the network operator that has a
function of a central coordinator. Hence, in Paper D instead of solving (4.4)-(4.9)
we used game theoretical tools to model and analyze the interaction between the
network operator and the devices in the case of a single slice. We formulated the
problem as a Stackelberg game in which the devices are leaders and the network
operator is a follower and proved that the game has a subgame perfect equilibrium.
We provided closed form solutions for the resource allocation policies, proposed a
decentralized algorithm for computing the offloading decisions of the devices and
proved that the algorithm has a bounded approximation ratio. In Paper E, we
extended the model to consider a system with multiple slices and proved that the
problem (4.4)-(4.9) is NP-hard. We provided closed form solutions for the inter-slice
and intra-slice resource allocation policies and proposed an efficient approximation
algorithm for solving the problem. The proposed algorithm can be implemented
in a centralized manner in accordance with the proposed implementation of the
network slicing technology [Ord+17; Red+19].

Energy consumption minimization
A large body of works addressed offline minimization of the energy consumption
in a variety of edge computing infrastructures [You+16; TL17; Bar+16; SSB15;
AlS+17; ZF19]. The authors in [You+16] considered a system that consists of
an edge cloud that can be accessed through a single base station. They assumed
that each task can be partitioned into a part for the local execution and a part
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for offloading and they formulated two joint task partitioning and resource alloca-
tion problems for TDMA and OFDMA protocols, respectively. The authors first
addressed the problems under the assumption that the system performance is in-
dependent of the congestion on edge computing resources. Under this assumption,
they provided an optimal and a heuristic solution for minimizing the sum of energy
consumptions of devices in the case of TDMA and OFDMA protocols, respectively.
The authors then extended the model to consider the congestion on computing
resources as well, and in the case of TDMA protocol they proposed a heuristic
algorithm. In all cases, the proposed algorithms are designed for a centralized im-
plementation. The authors in [TL17] considered an edge computing system in which
each device can perform the computation locally or can offload it to an edge cloud
or to a neighbouring device. They formulated the joint computation offloading and
resource allocation problem under constraints on the latency and the amount of
available communication and computing resources. Based on the successive convex
approximation method, the authors proposed a centralized algorithm that finds a
local optimal solution to the original problem by iteratively solving the sequence
of approximated convex subproblems. In [Bar+16] the authors considered an IoT-
cloud system that consists of multiple computing nodes that can be end users’
devices, access points or edge clouds, possibly distributed across different hierarchi-
cal layers. They modeled the entire system as a directed graph and formulated the
problem of minimizing the energy consumption of the system under constraints on
the shared communication and computing resources and constraints on the latency,
the reliability and the battery life time of the devices. The authors used linear pro-
gramming to develop a centralized solution for splitting service flows over multiple
paths.

Several works considered that devices cannot perform their tasks locally and
that each device is associated with exactly one among multiple base stations [SSB15;
AlS+17; ZF19]. In [SSB15; AlS+17] the authors considered that base stations are
connected to the common edge cloud and they formulated the problem of optimizing
the transmit powers of devices under delay constraints. They proposed an iterative
algorithm for finding locally optimal allocations of communication and computing
resources. The algorithm can be implemented in a decentralized manner and it
requires limited signaling between base stations and the cloud. In [AlS+17] the
authors extended the model from [SSB15] to consider not only the transmissions
between devices and base stations, but also the transmissions between base stations
and the cloud and they used the same approach as in [SSB15] to solve the extended
version of the problem. The authors in [ZF19] considered that each base station is
equipped with computing resources and assumed that each device is associated to
the base station with the best signal-to-noise ratio. They formulated the problem of
minimizing the sum of transmission powers of all devices under constraints on the
minimum data rate requirements of devices and constraints on the available com-
munication and computing resources. Based on the decomposition of the original
problem, the authors proposed an iterative algorithm for computing optimal vec-
tors of transmission powers and shares of communication and computing resources.
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The algorithm can be implemented in a distributed way and it requires limited
information exchange between the base stations.

Completion time and energy consumption minimization
Many works that considered offline optimization of computation offloading defined
the optimization objective as a linear combination of two functions that are de-
fined with respect to the task completion time and the energy consumption, re-
spectively [Yan+19; Pha+19b; TP18; Lyu+16; Zha+17; CLD18; Du+18]. The
authors in [Yan+19] considered a system in which the devices use a non-orthogonal
multiple access technique for offloading their tasks to a single edge cloud. They
formulated the problem of minimizing the sum of costs of all devices under con-
straints on task completion times, transmission powers, offloading data rates and
available computing resources. The authors proposed a heuristic for computing
shares of communication and computing resources and transmission powers of the
devices and for partitioning the tasks into parts for offloading and parts for local
executions. Next, they simplified the model to consider the completion time min-
imization problem only and showed that in this case the optimal solution can be
obtained. The proposed algorithms are designed for a centralized implementation.
The authors in [Pha+19b] considered a system that consists of a small base station
that is connected to an edge cloud through a backhaul link. The authors assumed
the communication model according to which a fraction of the total bandwidth
is allocated for communication between the base station and the edge cloud and
the rest of the bandwidth is shared among the offloading devices. The authors
formulated the problem of minimizing the sum of costs of all devices and they
decomposed the original problem into the task placement and the joint backhaul
bandwidth and computing resource allocation problem. They developed a heuristic
that solves these two problems iteratively in a centralized manner. The authors
in [TP18] considered a system that consists of multiple base stations equipped with
computing resources and they assumed that the devices are interested in maxi-
mizing their offloading benefits defined with respect to the local computing costs.
They formulated the problem of maximizing the weighted sum of offloading bene-
fits of devices under constraints on the maximum allowed transmission powers and
constraints on the computing capabilities of the edge clouds. They decomposed
the problem into the task offloading and the resource allocation problems and pro-
posed a polynomial time heuristic for solving the original problem in a centralized
manner. The authors in [Lyu+16] considered a system with a single edge cloud
to which the devices can offload their tasks through a single shared wireless link.
They proposed a heuristic that computes offloading decisions of devices, the allo-
cation of computing resources and the uplink transmission powers. The algorithm
is designed to minimize the sum of costs of all devices under constraints on the
available communication and computing resources and it can be implemented in a
decentralized manner. In [Zha+17] the authors assumed that there is a finite num-
ber of orthogonal subcarriers that the devices can use for communication with a
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single edge cloud. The authors provided a game theoretical treatment of the prob-
lem according to which devices decide about their own offloading decisions and an
edge cloud coordinator computes the policies for assigning transmission powers and
allocating computing resources with the objective to minimize the total cost of all
offloading devices. The proposed algorithm can be implemented in a decentralized
manner and it relies on information exchange between the devices and the edge
cloud coordinator.

Several works proposed centralized solutions to the offline computation offload-
ing problems in three-tier edge computing systems in which the devices can perform
their tasks locally or offload them to an edge or to a remote cloud [CLD18; Du+18;
EL19]. The authors in [CLD18] formulated the problem of minimizing the sum of
costs of devices under constraints on the available communication and computing
resources. Based on the relaxation of the original problem, they proposed a heuris-
tic for computing the offloading decisions of devices and allocating communication
and computing resources. In [Du+18] the authors formulated the problem of mini-
mizing the maximum cost among all devices under constraints on the task execution
times, the available bandwidth and computing resources, and on the allowed trans-
mission powers. By using semidefinite relaxation, fractional programming theory
and Lagrangian dual decomposition, the authors designed a centralized heuristic
for computing the task placement, the assignment of transmission powers and the
allocation of communication and computing resources. The authors in [EL19] con-
sidered the same cost model as in the above works, but unlike these works they
addressed the online task placement and resource allocation problem in a system
in which the exact task complexities are unknown. Based on the relaxation of
the problem, the authors proposed a centralized heuristic for computing offloading
decisions of the wireless devices, shares of communication resources and rates at
which the tasks should be executed locally and in the edge cloud.

Our work presented in Paper B [JD19c] and Paper C [JD20a] falls into the class
of works that consider offline completion time and energy consumption minimiza-
tion problems. We considered an edge computing system that consists of a set of
access points, one edge cloud and multiple wireless devices that compete for both
communication and computing resources. In Paper B we considered the task place-
ment problem in which the tasks can be performed locally or they can be offloaded
to the edge cloud through one of multiple access points. In Paper C we integrated
the task placement problem into the scheduling problem by allowing devices not
only to choose where to perform their tasks, but also in which time slot.

In both papers we defined the local execution cost Cl
i and the offloading cost

Ce
i,a of device i ∈ N as a linear combination of the task completion time and the

energy consumption of the device, respectively

local execution: Cl
i = γT

i T
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i + γE
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offloading: Cc
i,a = γT

i T
c
i,a + γE

i Ei,a.
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We used A, |A| = A to denote the set of access points and T , |T | = T to denote
the set of time slots. Using this notation, the considered task placement problem
can be defined as the following 0− 1 integer program

min
X,Y

∑

t∈T

∑

i∈N

(
yi,i,tC

l
i +
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a∈A
(1− yi,i,t)xi,a,tC

c,t
i,a(X,Y)

)
(4.10)

s.t.
∑

t∈T

(
yi,i,t +

∑

a∈A
(1− yi,i,t)xi,a,t

)
= 1,∀i ∈ N , (4.11)

X ∈ {0, 1}N×A×T , (4.12)
Y ∈ {0, 1}N×2×T , (4.13)

where the constraint (4.11) enforces that each device either performs the compu-
tation locally or it offloads the task through an access point in one of the time
slots, and constraints (4.12) and (4.13) specify that the task placement decisions
are integer variables.

In both papers we considered selfish devices that make their own offloading
decisions and aim at minimizing their own costs. Therefore, instead of solving
(4.10)-(4.13) we used game theoretical tools to analyze the task placement prob-
lem in the case of a single time slot (Paper B), and in the case of multiple time
slots (Paper C). We defined the task placement problems as player-specific network
congestion games, for which the existence of equilibria is not known in general.
We proved the existence of equilibrium task assignments, and based on our con-
structive proofs we provided decentralized algorithms with bounded approximation
ratios that can compute equilibrium assignments of tasks in polynomial time. By
providing constructive equilibrium existence proofs and by characterizing the struc-
ture of an equilibrium task assignment, our work presented in Paper B and Paper
C is also important from a game theoretical perspective.

Throughput Maximization
The throughput maximization problem has been addressed as an offline [Tär+17;
Yan+18] and an online computation offloading problem [LOD18; Lyu+17; Aya+19].
The authors in [Tär+17] modeled an edge computing system as a tree graph, where
the vertices are computing nodes and the edges are network links, each with lim-
ited amount of resources. They addressed the task placement problem from the
perspective of an infrastructure provider that aims at minimizing its operational
cost, which is defined as a function of the system throughput. The authors for-
mulated the offline computation offloading problem and discussed two methods for
solving the problem periodically in a centralized manner. The first method is an
exhaustive search algorithm that is impractical due to its exponential complexity,
and the second method is a tractable iterative search algorithm that computes a
locally optimal task placement assignment. The authors in [Yan+18] considered
a three-tier edge computing system in which the devices can perform their tasks
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locally or can offload them to one of multiple edge clouds or to a remote cloud.
They considered a slotted time model and assumed regular mobility patterns for
multiple mobile devices. Assuming that a set of future devices is known and that
each computational task can be modeled as a directed acyclic graph with multi-
ple subtasks, the authors addressed offline maximization of the system throughput
under constraints on the limited communication and time-shared edge computing
resources. Based on Lagrange relaxation method, the authors proposed a poly-
nomial time centralized heuristic for assigning subtasks and allocating bandwidth
resources in a centralized manner.

The authors in [LOD18] considered a similar three-tier edge computing system
and formulated the problem of maximizing the number of tasks that are processed
by edge servers under constraints on limited bandwidth and edge computing re-
sources. Based on the deep-learning approach, they proposed offline and online
centralized task placement algorithms for which they provided approximation ra-
tios. The authors in [Lyu+17] considered a system that consists of multiple time-
shared wireless channels, a single edge cloud and multiple battery powered IoT
devices equipped with energy harvesting capabilities. They assumed a time-slotted
system and modeled the task arrivals, the energy harvesting and the per-slot avail-
ability of edge computing resources as three independent stochastic processes. The
authors provided asymptotic analysis of proportionally fair scheduling of compu-
tational tasks and used Lyapunov optimization techniques to design an algorithm
for maximizing the total amount of admitted data of all devices. They proposed a
decentralized implementation of the algorithm that requires information exchange
between the devices and the edge cloud. In [Aya+19] the authors proposed a
framework according to which the radio and computing resources are managed in
a decentralized way by multiple low-level schedulers over a short-time scale and by
the main resource manager over a larger time scale. The objective of the main re-
source manager is to maximize the system throughput and to minimize the overall
latency and the operational costs in the system. The authors modeled the resource
management problem as a contextual bandit problem and used reinforcement learn-
ing technique to design a resource manager that learns the behaviour of low-level
schedulers and manages them accordingly.
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Summary: In this paper we consider an edge computing system where multi-
ple devices may offload their computational tasks to each other or to an edge cloud
with the objective to improve their performance. We consider that devices are in-
terested in minimizing the completion time of their own tasks, and we formulate the
problem as a strategic game where each device plays a mixed strategy. We use vari-
ational inequality theory to prove the existence of an equilibrium task allocation in
static mixed strategies, which we use to design an efficient algorithm for allocating
the computational tasks in a decentralized way. The algorithm is based on average
system parameters only, and thus it requires low signaling overhead. We perform
simulations to evaluate the proposed algorithm, and we show that it achieves good
system performance close to that of the greedy algorithm, which requires the full
information about the system state, and close to that of an algorithm that allocates
the tasks based on the socially optimal static mixed strategy.

Contribution: The author of this thesis developed the analytical model in
collaboration with the second author of the paper. The author of this thesis proved
the analytical results concerning the existence of static mixed strategy equilibrium,
and carried out the simulations. The analysis of the resulting data was carried out
in collaboration with the second author of the paper. The paper was written in
collaboration with the second author.
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Paper B: Selfish Decentralized Computation Offloading for Mo-
bile Cloud Computing in Dense Wireless Networks

Slađana Jošilo and György Dán
IEEE Transactions on Mobile Computing (TMC), vol.18, no. 1, pp. 207-220, 2019.
A shorter version of the paper appeared in Proc. of IEEE INFOCOM 2017.

Summary: In this paper we consider an edge computing system that consists
of multiple access points, an edge cloud and multiple wireless devices that can either
perform the computation locally or offload the computation to the edge cloud. We
consider that each wireless device is selfish, and thus that it aims at minimizing its
own cost, which we define as a linear combination of the time it takes to complete
the computation and the corresponding energy consumption. In order to analyze
interactions among wireless devices, we formulate the problem as a player-specific
congestion game in which devices compete for communication and computing re-
sources when offloading their tasks. We prove that a pure Nash equilibrium of
the game exists, and we provide a polynomial complexity decentralized algorithm
for computing it. We establish a bound on the price of anarchy of the game, and
thus we show that the proposed algorithm has a bounded approximation ratio.
We use extensive simulations to provide insight into the cost performance and the
computational complexity of the proposed algorithm. We show that the proposed
algorithm achieves the cost performance close to that of the optimal solution, and
that the convergence time of the algorithm scales approximately linearly with the
number of wireless devices.

Contribution: The author of this thesis developed the analytical model in
collaboration with the second author of the paper. The author of this thesis proved
the analytical results for the case of both elastic and non-elastic cloud models. The
implementation of the simulations was carried out by the author of this thesis,
and analysis of the resulting data was carried out in collaboration with the second
author of the paper. The paper was written in collaboration with the second author.
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Paper C: Computation Offloading Scheduling for Periodic Tasks
in Mobile Edge Computing

Slađana Jošilo and György Dán
IEEE/ACM Transactions on Networking (ToN), vol. 28, no. 2, pp. 667-680, 2020.
A shorter version of the paper appeared in Proc. of IFIP Networking 2018.

Summary: In this paper we consider periodic computation offloading prob-
lem in an edge computing system that serves multiple wireless devices. Each device
can choose in which of multiple time slots to perform the computation, and within
the time slot it can choose to perform its task locally or to offload the task to
an edge cloud via one of multiple access points. The objective of each device is
to minimize a linear combination of the time it takes to complete the computa-
tion and the corresponding energy consumption. We formulate the problem as a
player-specific congestion game, and we prove the existence of pure strategy Nash
equilibria. Based on the constructive equilibrium existence proof, we develop an ef-
ficient decentralized algorithm for computing an equilibrium of offloading decisions.
We characterize the structure of computed equilibria, and by providing an upper
bound on the price of anarchy of the game we establish an asymptotically tight
bound on the approximation ratio of the proposed algorithm. Our numerical re-
sults show that the proposed algorithm can be used to compute an equilibrium task
placement at polynomial computational complexity despite combinatorial nature of
the problem. Finally, the results show that the algorithm computes equilibria with
significant performance gain compared to the task placement that is uncoordinated
over time.

Contribution: The author of this thesis developed the analytical model in
collaboration with the second author of the paper. The second author proved the
analytical results concerning the case of a single time slot, and the author of this
thesis proved the analytical results concerning the case of multiple time slots. The
implementation of the simulations and the analysis of the resulting data were car-
ried out by the author of this thesis. The paper was written in collaboration with
the second author.
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Paper D: Joint Management of Wireless and Computing Re-
sources for Computation Offloading in Mobile Edge Clouds

Slađana Jošilo and György Dán
IEEE Transactions on Cloud Computing (TCC), pp. 1-14, 2019.
A shorter version of the paper appeared in Proc. of IEEE INFOCOM 2019.

Summary: In this paper we consider an edge computing system that consists
of multiple access points and multiple edge clouds. Each device can choose to per-
form its task locally or to offload the task to one of multiple edge clouds via one of
multiple access points with the objective to minimize the computational time of its
own task. We formulate the problem as a Stackelberg game in which the devices
as leaders make their own offloading decisions and the network operator as a fol-
lower manages communication and computing resources. We prove the existence
of a subgame perfect equilibria of the game and we provide a closed form solu-
tion for the optimal cost minimization resource allocation policies of the operator.
We consider the interactions between devices under the optimal cost minimization
and the time fair allocation policies, and we show that they can be modeled as
a weighted congestion game with resource specific weights and a player-specific
congestion game, respectively. We provide decentralized algorithms for computing
equilibrium offloading decisions of the devices in both games, and by establishing
the upper bounds on the price of anarchy of the games we prove that the proposed
algorithms have bounded approximation ratios. Our numerical results show that
the cost minimization policy can achieve significantly lower completion times com-
pared to that of the time fair allocation policy, and that the convergence times of
the proposed task assignment algorithms are approximately linear in the number
of devices.

Contribution: The author of this thesis developed the analytical model in
collaboration with the second author of the paper. The author of this thesis proved
the analytical results concerning the optimal cost minimization and the time fair
resource allocation policies, and the results concerning the existence of the task
placement equilibria. The implementation of the simulations and the analysis of
the resulting data were carried out by the author of this thesis. The paper was
written in collaboration with the second author.



41

Paper E: Joint Wireless and Edge Computing Resource Manage-
ment with Dynamic Network Slice Selection

Slađana Jošilo and György Dán
submitted to IEEE/ACM Transactions on Networking (ToN).

Summary: In this paper we consider an edge computing system under net-
work slicing. The system consists of multiple edge clouds, multiple access points
and a network operator that manages communication and computing resources
within and across slices, and assigns the tasks generated by multiple wireless de-
vices. Each task can be either performed locally or assigned to exactly one slice, one
access point and one edge cloud in the case of offloading. We formulate the problem
as a mixed-integer program in which the objective is to minimize completion times
of the tasks, and we prove that the problem is NP-hard. We provide closed form
solutions for the optimal policies for managing resources within and across slices,
and based on a game theoretic treatment of the problem we propose an efficient
task placement algorithm with a bounded approximation ratio. Our numerical re-
sults show that the proposed policies for sharing resources within and across slices
can improve the system performance compared to no slicing and compared to equal
slicing and that the convergence time of the proposed task assignment algorithm is
approximately linear in the number of devices.

Contribution: The author of this thesis developed the analytical model in
collaboration with the second author of the paper. The author of this thesis proved
the analytical results concerning the NP-hardness of the problem, optimal resource
allocation policies, and the task placement algorithm. The implementation of the
simulations and the analysis of the resulting data were carried out by the author
of this thesis. The paper was written in collaboration with the second author.
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Publications not included in the thesis

1. Slađana Jošilo and György Dán. “Wireless and Computing Resource Alloca-
tion for Selfish Computation Offloading in Edge Computing”. In: Proc. of
IEEE INFOCOM. 2019, pp. 2467–2475

2. Slađana Jošilo and György Dán. “Joint allocation of computing and wireless
resources to autonomous devices in mobile edge computing”. In: Proc. of
MECOMM SIGCOMM. 2018, pp. 13–18

3. Slađana Jošilo and György Dán. “Decentralized scheduling for offloading of
periodic tasks in mobile edge computing”. In: Proc. of IFIP Networking.
2018, pp. 1–9

4. Slađana Jošilo and György Dán. “A game theoretic analysis of selfish mobile
computation offloading”. In: Proc. of IEEE INFOCOM. 2017, pp. 1–9

5. Slađana Jošilo, Valentino Pacifici, and György Dán. “Distributed Algorithms
for Content Placement in Hierarchical Cache Networks”. In: Elsevier Com-
put. Netw. 125 (2017), pp. 160–171

6. Valentino Pacifici, Slađana Jošilo, and György Dán. “Distributed algorithms
for content caching in mobile backhaul networks”. In: Proc. of ITC. 2016,
pp. 313–321

7. Slađana Jošilo et al. “Multicarrier waveforms with I/Q staggering: uniform
and nonuniform FBMC formats”. In: Springer EURASIP J ADV SIG PR
184.1 (2014), p. 167

8. Slađana Jošilo et al. “Widely linear filtering based kindred co - channel inter-
ference suppression in FBMC waveforms”. In: Proc. of IEEE ISWCS. 2014,
pp. 776–780

9. Slađana Jošilo and et al. “Non - uniform FBMC-a pragmatic approach”. In:
Proc. of IEEE ISWCS. 2013, pp. 1–5



Chapter 6
Conclusion and Future Work

In this thesis, we considered task placement and resource allocation problems in
edge computing systems. We analyzed the problems from the perspective of the end
users and from the perspective of the network operator. By using game theoretical
tools, we designed efficient and scalable algorithms for managing the resources and
for allocating the computational tasks in various edge computing infrastructures.

In the first part of this thesis, we considered a distributed edge computing
system in which wireless devices can offload their tasks to an edge cloud and to
each other. We modeled the transmission and the execution of computational
tasks using queuing theory, and provided a game theoretical formulation of the
task placement problem. We used variational inequality theory to address the
question whether the devices can compute an efficient equilibrium task placement
in static mixed strategies in a decentralized manner. We showed that an efficient
decentralized solution can be developed, under the assumption that every device
knows only the average statistics on task arrival intensities, transmission rates, and
task parameters.

In the second part of the thesis, we considered an edge computing system
in which wireless devices can offload their computational tasks to an edge cloud
through one of multiple wireless links. We formulated the task placement problem
as a strategic game and we investigated whether there is an efficient decentralized
algorithm for computing a pure Nash equilibrium of the game. Furthermore, we ex-
tended our model to consider offloading of periodic tasks in the case of homogeneous
task periodicities. We addressed the question whether a pure Nash equilibrium ex-
ists if devices can choose not only where to perform their tasks, but also in which
time slot. In both cases, we showed that efficient decentralized task placement
algorithms can be developed using game theoretic tools.

In the third part of the thesis, we considered an edge computing system in which
wireless devices can offload their tasks to one of multiple edge clouds through one
of multiple wireless links. We formulated the joint task placement and resource
allocation problem as a Stackelberg game played by devices that decide about the
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offloading strategies and by the network operator that decides about the resource
allocation policies. We addressed two questions concerning the resource allocation
policies and the task offloading strategies, respectively. First, we addressed the
question whether the optimal completion time minimization policy for allocating
communication and computing resources exists. Second, we addressed the question
whether an equilibrium task placement exists under the completion time minimiza-
tion and the time fair resource allocation policies, respectively. We then extended
our model to consider the same edge computing system under network slicing, and
addressed the question whether the results still hold in the case of multiple network
slices. In both cases, we showed that the optimal completion time minimization
policy can be expressed in closed form, and that an equilibrium task placement
exists in all considered cases.

There are many open questions concerning the task placement and the resource
allocation problems in edge computing systems. The first interesting question is
whether efficient decentralized task placement algorithms exist in a system in which
devices do not have the information about the resource allocation policies imple-
mented by the network operator. The second interesting question is whether the
network operator can allocate resources efficiently in the case of a system model
which would allow for less signaling between the devices and the cloud/mobile net-
work (e.g., in a system where the actual number of users and the characteristics
of their devices and computational tasks are unknown to the network operator).
The third interesting question is whether our results from the second part of the
thesis can be extended to the case of heterogeneous tasks periodicities. Finally, the
fourth interesting question is whether the proposed solutions can be extended to
non-atomic models of computational tasks.
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