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Abstract

The advent of the Internet of Things (I0T) has brought an unprecedented increase in the
number of connected devices. Recently, loT-based devices have been used in several
applications including healthcare, data analytics, smart cities, and many others. Time-
sensitive applications, such as Vehicle-to-Vehicle (V2V) communication, led to the
need for an Ultra-High Reliable Low Latency Communication (URLLC).
Consequently, 5G networks gained massive attention from the research community due
to its ability to support enormous amounts of transfer rate. One of the main supporting
computing paradigms for 10T is cloud computing, as it offers computing capabilities
over the Internet. Nevertheless, cloud computing is unsuitable for time-critical
applications. Hence, researchers proposed deploying fog computing as part of the 5G
small cells to tackle the deficiencies of cloud computing. Many challenges arise while
combining 5G technology and fog computing such as scheduling service requests
across small cells to reduce the overall latency. In this work, the scheduling problem is
modeled as an optimization problem with the objective of minimizing the overall
latency. Furthermore, small cells are decentralized by nature. Therefore, a coordination
framework is proposed to handle the interdependency between small cells.
Accordingly, the decentralized scheduling problem is mapped to a combinatorial
auction optimization problem. The proposed optimization model is validated using an
optimization engine. The scheduling problem is known as an NP-hard problem. Thus,
a decentralized heuristic solution is proposed to solve the scheduling problem in
polynomial time. The proposed solution integrates a novel Simulated Annealing-Based
Scheduling (SABS) and Auction-Based Winner Determination (ABWD) heuristic
algorithms. To assess the performance and quality of the proposed heuristic solution, a
centralized approach is used as a benchmark. Furthermore, sensitivity analysis is
conducted in which the impact of each system parameter on the system behavior is
investigated. The results prove the adequacy of the proposed solution as the execution
time remained approximately constant, with an average of 726 ps, considering different
problem sizes. Moreover, the proposed solution is found to be scalable and

accommodates the exponential growth of 10T devices.

Keywords: Fog Computing; 10T; 5G networks; Agent; Auction; Scheduling;
Optimization; Game Theory; Decentralized.
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Chapter 1. Introduction

With the massive growth of internet-connected devices and the prosperous
evolvement of the 10T industry, networks are congested with continuous service
requests. Furthermore, the adoption of advanced technologies enabled time-critical
applications that require real-time response, such as self-driving vehicles, disaster
detection and early warning systems, and on-time clinical intervention. 5G technology,
the current generation of cellular networks, is characterized by Enhanced Mobile
Broadband (eMBB), Ultra-Reliable and Low Latency Communication (URLLC) and
Massive Machine-Type Commutation (MMTC). Therefore, it is considered to be a
prospective solution [1]. Nevertheless, the cloud computing architecture is inadequate
to provide the required level of low latency communication. Hence, Cisco coined a new
solution called fog computing by which the capabilities of the cloud paradigm is
extended nearer to the edge [2].

1.1. Fog Computing

Fog computing is an extending scheme to the cloud paradigm by which the
cloud computing services are provided nearer to the edge. The implementation of fog
computing can be anywhere in the network between the data source and the cloud data
centers such that the physical distance between the service provider and the service
request generating devices is reduced. Consequentially, the delay in time required to
respond to the service request is reduced to meet the requirements of real-time

applications.

As fog computing is still an emerging technology, various deployments are
considered in the literature. For example, the researchers in [3] considered mobile user-
devices as fog units. On the other hand, fog computing is implemented as part of the
network in [4], i.e. routers, switches or gateways. In [5], a multi-tier fog environment
is introduced in which multiple implementations were integrated. The fog computing

architecture in [4] is shown in Figure 1.1.
The fog computing architecture consists of three tiers:

1.1.1. Edge tier. This tier consists of service request generating user-devices
such as mobile phones, wireless sensors and loT devices. User-devices are

characterized with limited computational capabilities. Moreover, user-devices are
16



mobile in nature as they can move from an area covered by a fog unit to another area
that is covered by a different fog unit. Additionally, user-devices can be virtually
clustered based on their geographical location.

Tier 1 Tier 2 Tier 3
Virtual clusters Fog instances Cloud data centers
<@gl
/; R ; .:‘ '”.'. \\ [F]
o > > s |
V(B & Th) g
N E':—’:
g By -~ @ﬁ
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\ .'E : n nl %
< { A N e A R [ Links of Edge Virtual Private Network

. Fog boundary
Edge gateways Fog gateways = 2
= - — Links of fog gateways to cloud gateways

—— Data center mesh network

Figure 1.1: Fog computing architecture [4].

1.1.2. Fog tier. The network devices such as routers, switches, and access
points are deployed as fog units within the network. These devices are virtually pooled
to create self-governing devices, called fog instances, based on their geographical
location. Therefore, fog instances are decentralized by nature. Moreover, the fog
instances can be divided into two layers: abstraction and orchestration. Abstraction fog
instances are responsible for resources management and virtualization, and for ensuring
tenants’ privacy. On the other hand, orchestration fog instances keep observing the state
of the other fog instances and are responsible for providing fault tolerance techniques.
In addition to the computational capability, orchestration fog instances contain storage

devices that are temporarily needed while processing a service request.

1.1.3. Cloud tier. This tier comprises the geographically distributed cloud data
centers that are responsible for providing the required services to user devices. The
communication between cloud data centers is enabled through datacenter networks
(DCNs) that are characterized with high bandwidth.
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1.2. 5G Network

5G is the current generation of radio access networks (RAN). The transition to
5G is taken place by multiple internet service providers (ISP). For instance, Etisalat
Telecom in the United Arab Emirates is ready to deploy the first 5G network in the
Arab region [6]. Such a transition is motivated by two reasons: the exponential
escalation in the number of users connected to the RAN and the capacity limitation of
the current wireless spectrum [1]. The mm-wave technology is utilized in 5G networks
by which the spectrum ranges from 3GHz to 300GHz. However, this technology is not
enough to solve the aforementioned problems due to the characteristics of signal
propagation and collision. In the literature, multiple solutions were introduced to allow

maximum spectrum usability and avoid interference [7].

The architecture of a 5G network consists of two enabler technologies, the
Cloud-RAN (C-RAN) and small cells. An environment that consists of both
technologies is considered in [7]. The part of the RAN that connects its components,
the C-RAN and small cells, is referred to as the fronthaul. On the other hand, the
backhaul is the part of the network infrastructure that leads to the core network through

which a connection to the internet and the cloud data center is enabled.

1.2.1. C-RAN. C-RAN is a centralized solution in which the base band units
(BBU) and the remote radio heads (RRH) are separated [8]. BBUs are units that are
responsible for signal processing while RRHs are the remote radio transceivers. All
BBUs are centralized on-premise and virtualized. RRHs are distributed and are
connected to the centralized pool of BBUs through a reliable wired medium, usually

optical fibers [9].

1.2.2. Small cells. According to Cisco [10], small cells deployment is defined
as a decentralized solution in which each small cell contains a BBU and an RRH that
enable autonomous functionality. Small cells are deployed near the edge as part of the
network, for example, as a local access point [11]. Small cells are different in their
operational signal range and power consumption. Therefore, small cells are classified
into three different categories. The categories from the most power-consuming and
longest operational signal range to the least power-consuming and shortest operational

signal range are: microcells, picocells, and femtocells [7].
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1.3.  Scheduling Problem

In General, the scheduling problem is concerned with situations where a set of
events, jobs or tasks need to be allocated into a set of available shared resources [12].
In the literature, scheduling problems are commonly modeled as an optimization
problem with various objectives and constraints. Objectives are involved with
maximizing or minimizing specific criteria. Constraints are limitations that are captured
from the environment in which the scheduling problem is given. Mainly, a scheduling

problem consists of the following components [13]:

e Requests: a set of operations to be executed by resources. It can be logical or
physical. Each operation has its own requirements.

e Resources: logical/physical elements provided with capabilities to execute
requests according to their requirements.

e  Constraints: rules and limitations that reflect the environment requirements and
characteristics, i.e. precedence among requests and operations.

e Objective: it is the criterion for which the scheduling problem performance is

evaluated.

1.4, Thesis Objectives

Although the adoption of 5G technology provides low-latency communication,
relying on cloud datacenters to execute real-time service requests is inadequate due to
the network delay in the backhaul connection. Fog computing offloads time-critical
requests from the cloud servers, consequently avoiding sending requests through the
backhaul connection. In 5G networks, small cells are good candidates for fog nodes
deployment. In this work, the main objective is to minimize the latency of fog
computing in 5G networks. This can be achieved by scheduling service requests,
received by user-devices, across the small cells in the network such that the average

makespan of all requests is minimized.

Furthermore, small cells are decentralized such that each small cell has its own
knowledge and control, therefore capable of making scheduling decisions. The
knowledge and control are distributed among private small cells that might belong to
different groups of users that are rational. Hence, each small cell is considered an
economically rational agent in which self-interest is the key individual behavior.

Nevertheless, small cells need to share knowledge and compute capabilities to reach a
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desired objective based on their interests. This goal-relevant interrelationship between

small cells is referred to as interdependency [14]. The interdependency exists in the

physical setup as small cells need to share their resources, and in the mental domain as

small cells need to share their knowledge. Coordination between the small cells is

required to enable their collaboration in order to achieve the ultimate goal of

minimizing the latency. This work is concerned with developing a decentralized

solution that provides a coordination framework to tackle the interdependency problem.

Therefore, a collaboration between the small cells is enabled to reach the global

objective of minimizing the latency of fog computing within 5G networks.

1.5.

Research Contribution

The contributions of this work are as follows:

A literature review is presented that covers the current challenges in fog
computing and 5G networks, and the related solutions proposed by the research
community.

The scheduling problem is modeled as an optimization problem with the
objective of minimizing the makespan considering the fog computing and 5G
environment characteristics.

The interdependency between the small cells is well defined and a novel
decentralized framework is proposed to enable the coordination between the
small cells to solve this interdependency problem.

A game-theoretic approach is used to map the interdependency problem into a
game which is modeled as a combinatorial auction problem using an economic
approach.

A novel decentralized heuristic solution is proposed to solve the decentralized
scheduling problem in polynomial time.

Model validations and system performance evaluation are presented to prove
the adequacy of the proposed decentralized solution.

Sensitivity analysis is presented in which the impact of each system parameter

on the system behavior is investigated.
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Chapter 2. Background and Literature Review

In this chapter, the fog computing challenges and suitability, and the 5G
requirements and characteristics are reviewed. Moreover, the task scheduling problem
is classified into two different types: centralized and decentralized scheduling
problems. Furthermore, multiple criteria and performance metrics that are used in the
literature to solve various scheduling problems are presented. In addition, game theory,
and all components and classifications of games are discussed. Finally, previous works
that provided a major contribution to solving problems related to fog computing and
5G challenges are investigated.

2.1.  Fog Computing Challenges

Fog computing is a solution that extends the cloud capabilities nearer to the edge
by which the communication delay is minimized. However, the deployment of such a
solution brings multiple challenges. In this section, some of these challenges are

presented.

2.1.1. Privacy and security. Fog computing can be deployed as opportunistic
user-devices. This means that user-devices can share their resources to execute requests
generated by other users in the network. In such an environment, incentive-based
modeling is used in the literature to motivate network users to share resources and
overcome privacy issues. However, the security of the opportunistic user-devices is still

a concern [15].

2.1.2. Mobility. User-devices are mobile by nature. Therefore, moving from
an area that is covered by a fog node to another area that is covered by a different fog
node requires seamless handover techniques to ensure system continuity and reliability
[16].

2.1.3. Interdependency. Fog nodes, that are considered autonomous agents,
need to share knowledge and resources to achieve a global objective. This goal-
relevant interrelationship between various agents is known as interdependency [14].
Thus, a coordination framework is needed to solve the interdependency problem by

providing a way of collaboration between the autonomous entities.
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2.1.4. Limited resources. Fog nodes are characterized by limited resources.
Therefore, offloading is needed in which service requests are fairly distributed across
all the fog nodes in the network. This is a scheduling problem where user fairness and

network QoS is the main objective [17].

2.2.  Suitability of Fog Computing

In addition to extending cloud capabilities nearer to the edge, fog computing is
supposed to improve network latency, and reduce the overall usage cost and power
consumption of the network. Considering these improvement aspects, the suitability
and reliability of fog computing in satisfying the requirements of real-time requests
were assessed by the work in [4]. The study considered a traditional network where fog
nodes are implemented as network components, as shown in Figure 1.1. A simulation
was conducted to compare a cloud-only environment with a fog/cloud environment
considering multiple scenarios. The results showed that fog computing provides much
lower latency considering low to normal user demands while the delay of fog
computing and cloud-only environments were found to be the same considering high
user demands. Furthermore, the study addressed the problem of CO2 emission when
relying completely on the cloud. Moreover, the experimentation outcomes confirmed
that the fog/cloud environment results in less CO2 emission by 59.26% and less mean

power consumption by 42.2% compared to the cloud-only environment.

2.3.  5G Requirements and Characteristics
In this section, the requirements and characteristics of the 5G network are

presented.

2.3.1. Enhanced mobile broadband. According to the 5G specifications, the
data rate is defined to reach 10 Gbit/s in cellular networks. This is 10 times speed-wise
enhancement compared to the 4G (LTE) network which is characterized with a data
rate up to 1 Ghit/s [1].

2.3.2. Ultra-reliable and low latency communication. The fronthaul latency
is expected to be in the range of sub-milliseconds to few milliseconds. For the backhaul
connection, the goal is to keep the latency within the range of 1 to 10 milliseconds [9].
Furthermore, ultra-reliable connection of five nines, i.e. 99.999%, is required as the

connectivity of 5G is anticipated to be always present [1].
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2.3.3. Massive machine-type communication. One of the main 5G
characteristics is to enable simultaneous communication of thousands of devices that
are connected to the network. Such a requirement is essential since the number of user-
devices connected to the network is exponentially increasing [1]. The Long Range Wide
Area Network (LoRaWAN) is one of the currently available solutions that support
mMTC [18]. The requirements and characteristics of 5G can be summarized in Figure
2.1.

Enhanced Mobile Broadband
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Figure 2.1: 5G requirements and characteristics [19].

2.4.  Task Scheduling

Task scheduling problem is concerned with allocating shared resources to
different tasks, i.e. service requests, such that a desired objective is achieved. As
mentioned in Section 1.3, the scheduling problem is commonly modeled as an
optimization problem. In addition, the nature of the environment influences the
optimization model of the scheduling problem. Accordingly, an environment is
categorized as a centralized or decentralized environment. Furthermore, the objective

of the optimization model can be represented considering different performance
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metrics. In this section, the scheduling problem considering a centralized or
decentralized environment is described, and various performance metrics used in the

literature are reviewed.

2.4.1. Centralized Scheduling. It is a scheduling problem in which a top-view
scheduling process is executed by a central entity that has full knowledge of the
environment settings and states. The central entity imposes decisions related to the
control of the scheduling process. This setup has the advantage of achieving better
results because of having complete knowledge regarding the involved entities and the
schedule properties [20]. However, the centralized environment is associated with
limitations related to scalability due to the high complexity of the scheduling problem.
As a result, centralized solutions were found in the literature to be practical when

considering small-scale scheduling problems [21].

2.4.2. Decentralized Scheduling. It is a scheduling problem in which the
knowledge and the decision-making related to the control of the scheduling problem
are dispersed across multiple autonomous entities. Each entity is considered a rational
agent that is capable of taking its local decision and has its own knowledge of its local
properties and states. Multi-agent systems are commonly used in the literature to model
decentralized environments [22]. To solve the decentralized scheduling problem, a
coordination mechanism is required to enable collaboration among agents in order to
achieve a global objective. Although the theoretical results of solving scheduling
problems considering a centralized environment are more promising than considering
a decentralized environment, solutions for scheduling problems in decentralized
environments are scalable as opposed to considering centralized environment settings
[20]. However, there are multiple tradeoffs related to the decentralization. In
decentralized scheduling problems, the knowledge is scattered. The solution accuracy
and quality are degraded due to the lack of knowledge associated with each agent.
Furthermore, the requirement of a coordination mechanism increases the complexity of
the scheduling problem. Providing a coordination framework enables agents to
collaboratively achieve a global objective. Nevertheless, such a collaboration increases

communication overhead.

2.4.3. Complexity. The time complexity of solving a scheduling problem

depends on its nature whether it was centralized or decentralized. In a centralized
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scheduling problem, the complexity is related to the scheduling problem components,
discussed in Section 1.3. This is referred to as the scheduling domain complexity. On
the other hand, the complexity in a decentralized scheduling problem is associated with
the distribution of knowledge and control across the multiple agents. Such complexity
is referred to as knowledge distribution complexity and control distribution complexity.
As agents need to share their knowledge, the knowledge distribution complexity leads
to communication overhead due to message passing and data transmission between
agents. Moreover, as mentioned in Section 2.4.2, a coordination mechanism is needed
to solve the interdependency problem between agents. Agents’ coordination consists of
various components by which increases the complexity to the scheduling problem. One
of the components is the interaction structure that defines the pattern of communication
between agents. The design of the interaction structure impacts the problem complexity.
For instance, minimizing the required amount of message passing between agents,
reduces the communication complexity. Although the interaction structure can be
imposed, each agent is an autonomous entity that takes its own decision related to the
scheduling control, referred to as actions. In addition, each agent has its own
preferences by which actions are chosen. In economics, agent preferences are quantified
as utility values. As part of the coordination mechanism, each agent values its own
preferences. The valuation process results in additional complexity. Further complexity
results from choosing appropriate actions by agents based on utilities that reflect their
preferences. Finally, the coordinated control related to the decision-making of the
decentralized scheduling problem is referred to as the winner determination problem.
Solving the winner determination problem produces more complexity to the scheduling

problem.

2.4.4. Common Performance Metrics. A scheduling problem can be
modeled as an optimization problem. The performance of a scheduling approach mainly
depends on the objective function of the optimization model. The objective function
can be formulated using different performance metrics. In this subsection, some of the

most common scheduling performance criteria are presented.

2.4.4.1. Completion Time. This criterion is related to the time in which the
execution of a request is completed. The corresponding objective function can be

formulated as minimizing the sum or average of all request completion times. Assigning
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weights to different requests are also possible. In the literature, minimizing the
maximum completion time of all requests is also considered, which is known as

minimizing the makespan [23].

2.4.4.2. Flow Time. This performance metric is related to the time during which
the request is being executed in the system. Formally, the flow time of a request is the
difference between the completion time and starting time of that request’s execution.
The corresponding objective function is formulated such that it minimizes the sum or
average of request flow times. Weight assignments are used to prioritize different

requests. Minimizing the maximum flow time is also considered in the literature [23].

2.4.4.3. Earliness. A request’s earliness is the difference in time between the
completion time and deadline of that request. If the request completion time passes the
defined deadline, the request is referred to as late request and the corresponding
objective value is represented as a negative value. However, a positive objective value
indicates that the execution of a request is completed before the defined deadline.
Maximizing the average or sum of earliness of all requests is a common objective

function used in the literature [23].

2.5.  Mechanism Design and Game Theory

In game theory, mechanism design is the creation and crafting of game rules
that impact player interactions so that a desired optimal or equilibrium outcome is
achieved [24]. In mechanism design, instead of modeling an environment using a game-
theoretic approach, game rules are designed according to a desired outcome. Therefore,
mechanism design is known as “reverse game theory”. In the literature, game-theoretic
approaches were used to model scheduling problems given decentralized environment
settings. Furthermore, game components and classifications are discussed in this

section.

Game Theory is the study of modeling problems that involve interactive choices
between autonomous entities with global objectives. It describes mathematically the
behavior of each entity and the interaction among them [25]. The components of any

game can be summarized as follows:

e Players: a set of self-governing entities that are involved in the game.
e Strategies: a set of possible actions that describe the players’ decision-making.
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e Payoff: a set of outcomes where each outcome corresponds to a combination of
strategies.
e Equilibrium: the state in which all players have no desire of changing their

strategies, considering other players’ decisions.

Moreover, games are classified based on the nature of the problem environment.
In addition to the aforementioned components, game classifications reflect problem
characteristics that impact the modeling process. Some of these classifications are

discussed in this subsection.

2.5.1. Non-cooperative vs. Cooperative Games. Game theory is mainly
classified into non-cooperative and cooperative game theories. The non-cooperative
game theory studies situations that involve rational selfish players, economic agents, in
which maximizing self-payoff is the focal goal. It analyzes the possible strategies at an
individual level such that it describes and covers the finest game details. In this
category, the global objective is to reach a state in which any individualistic strategy
deviation taken by any player has no payoff gain. This state of a game is known as Nash
Equilibrium. On the other hand, the cooperative game theory focuses on the analysis of
group formations, known as coalitions. The main objective in a cooperative game is to
build a game structure by which players’ cooperation is preferred over individuality.
The coalition that contains all players is called the grand coalition. In a cooperative
game, reaching the state in which the grand coalition is the most preferred choice for
all the players is equivalent to achieving the equilibrium in a non-cooperative game.
Cooperative games describe payoffs and strategies as coalitions and groups. Hence,
cooperative game theory describes games at an abstract level as opposed to the non-
cooperative game theory. Therefore, cooperative games can be converted into and be

expressed as non-cooperative games, however, the opposite does not hold [26].

2.5.2. Sequential vs. Simultaneous Games. In game theory, player behaviors
are modeled as sets of potential actions that define player strategies. In sequential
games, player choices are dynamically affected by other players' previous actions. By
contrast, player strategies in simultaneous games are completely independent of other
players' past decisions. In other words, sequential games, as opposed to simultaneous
games, effectively involve the time factor. The term “effectively” is used as the time

axis existence alone with no impact on player behaviors classifies the game to be
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simultaneous. For example, if players are to play in turn sequentially but none of them
knows the actions taken by the other players, then the time factor has no strategic effect.
Consequently, the game is considered to be an effectively simultaneous game. Games
that are repeated in multiple stages, known as repeated games, are considered to be
sequential if the players in a given stage exploit information regarding actions taken by
other players in a previous stage. On the other hand, a repeated game with completely
independent stages is an example of effectively simultaneous games [27].

2.5.3. Information in Games. In game theory, games are classified based on
the knowledge shared among all players into complete or incomplete information
games, and perfect or imperfect information games. In a complete information game,
all players share the data of each other’s payoffs, utility functions, and strategies. On
the other hand, players in perfect information games have full knowledge of other
players' current and previous states in the game, in the case of sequential games, as well
as the initial state of all players. Games which are complete information are not
necessarily perfect information, and the opposite is also true. Simultaneous games are
usually considered as imperfect information games because each player’s next choice
is secretive from the others while such games are considered complete information
games as strategies and outcomes are known to all players, for example, rock-paper-

scissors [25].

2.5.4. Combinatorial Games. In computational complexity theory,
combinatorial problems are optimization problems in which the decision-making
process involves searching for an optimal solution in a considerably large search space
of feasible solutions such that it is untraceable. In game theory, combinatorial games
involve players which have an enormous number of possible actions such that finding
an optimal strategy is not computable in polynomial time. Games with imperfect
information are normally considered as combinatorial games since the lack of
information extends the possibilities of all player actions. Solving games of this
category is related to solving non-deterministic polynomial (NP) optimization problems
[28].

2.6. Related Work
Many challenges related to the fog computing paradigm and the 5G technology

are studied in the literature. Fog computing elevated problems of interdependency,
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mobility, load balancing, and privacy and security. In 5G networks, challenges such as
interference and power offloading are considered. In this section, state-of-the-art
solutions proposed by the research community to address some of the challenges related

to fog computing and 5G.

A solution for the interference problem in 5G networks was proposed in [7],
considering a dense deployment of small cells in 5G RAN. The network model used is
orthogonal frequency-division multiple access (OFDMA) multi-tier dense
heterogeneous networks where the spectrum is divided into multiple carriers for
multiplexing. Furthermore, subcarriers are assigned to users for multi-user access.
Accordingly, the smallest resource unit that can be allocated to one user is called
Physical Resource Block (PRB). A PRB is characterized by a predetermined fixed band
of specific time and frequency. For example, a PRB can have a fixed band of 1 ms and
200 kHz. Small cells are divided into three types according to their area of coverage:
microcells, picocells, femtocells from largest to smallest coverage, respectively. Small
cells are used for base stations’ job offloading. Moreover, the authors assumed a C-
RAN as a central entity that gathers all information about the network and makes
decisions accordingly. Interference was modeled as an optimization problem with the
objectives of maximizing fairness and spectrum reuse, and minimizing interference.
QoS is represented as assigned weights corresponds to each allocation. The proposed
NP-hard optimization model is mapped to Linked Conflict Graph (LCG) that consists
of vertices and edges where vertices represent the connection between user-small cell
pairs and edges represent conflict, potential interference, between vertices.
Subsequently, a state-of-the-art centralized algorithm was proposed to solve the LCG
problem. Due to the high complexity of the exhaustive search involved in the
centralized solution, a heuristic approach is proposed for faster algorithm execution that
is relying on assigning PRBs to the nodes probabilistically. Results showed that the
proposed algorithm achieved 26% and 16% improvement compared to other well-

known algorithms in the literature.

The work in [17] considered the problem of load balancing in fog computing
that involves interoperating small cells that collaborate to satisfy user requests. An edge
cloud computing environment is considered which consists of small cells of type

femtocells that have a transmission range of a department and usually owned by a
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specific network user. All femtocells are provided with computational and storage
resources. The work proposes a centralized solution of a Small Cells Manager (SCM)
that gathers information about the network as required for later decision-making,
consequentially enabling network orchestration. The air interface connects all
femtocells via point-to-point links with the OFDMA setup in which the spectrum is
divided into multiple carriers for multiplexing. The author assumed multi-user multi-
cell environment settings such that multiple users are served by multiple small cells.
The main objective of this work is to distribute the workload among interconnected
small cells. The proposed solution includes creating small cell clusters by an SCM such
that all resources in a cluster are pooled to serve requests generated by user-devices
connected to any of the composing femtocells. Clusters are formed and changed
dynamically based on resource availabilities. An SCM is responsible for allocating the
required resources for each service request according to a user-defined objective and
performance metric. Accordingly, the authors proposed a customizable generic
algorithm that can be changed according to a desired objective. Three variations of the
proposed generic algorithm are considered. First, the Earliest Deadline First — Power
Consumption (EDF-PC) that aims to minimize the power consumption while using
EDF as the scheduling rule. Second, the Earliest Deadline First — Latency (EDF-LAT)
in which the main goal is to minimize the cluster overall latency using the EDF
scheduling rule. Finally, the third proposed algorithm variation is the Computational
Size — Latency (CS-LAT) where minimizing the latency is the objective and the
scheduling rule depends on the computational size of a request. The work compared the
three approaches considering three aspects: user satisfaction ratio, average latency-gain
per service request and average power consumption per service request. The first
observation is that by increasing the number of users per small cell, the user satisfaction
ratio of no cluster option drops dramatically. The static cluster has overall low-
performance results that confirm the need for dynamic cluster formation to enable
system adaptivity and orchestration. Considering up to 4 simultaneous users, EDF-LAT
and EDF-PC algorithms maintained 95% of user satisfaction while CS-LAT only
achieved 90%. However, CS-LAT algorithm accomplished the highest latency gain
because all local available computational resources are allocated to satisfy the request
locally and latency is considered while forming small cell clusters. On the other hand,

EDF-PC utilizes the allowed time by allocating minimal compute resources to each
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request, consequentially achieving the balance between the users’ satisfaction and
power efficiency. The results showed that CS-LAT consumes less transmission power
than EDF-LAT as the former executes more requests locally, therefore forwarding

fewer requests to other small cells in the cluster.

The work in [5] proposed a multitier fog computing framework to involve large-
scale big data analytics within the fog computing paradigm. Most of the existing fog
computing architectures are based on radio access networks where enough
computational power is provided in fixed network devices, i.e. small cells or routers.
However, such a setup offers no flexibility when considering on-demand deployments.
In [5] a fog-based cloud 10T environment was considered that consists of a layer of ad-
hoc fogs, combinations of opportunistic user-devices. Opportunistic devices are user-
devices such as smartphones, laptops, and vehicles that can be used as fog nodes
whenever possible. Such devices are characterized by minor computational capability.
Ad-hoc fogs are self-governing autonomous devices which makes this environment to
be decentralized. Furthermore, the proposed environment consists of another tier of
dedicated fogs, network fixed pre-deployed small cells or base stations. A cloud
computing end is assumed in this work where datacenters execute requests with more
complex processes if the two fog layers, dedicated and ad-hoc fogs, cannot satisfy the
request requirements. Fog nodes are divided into ad-hoc and dedicated fogs according
to their physical model. In addition, authors divided fog nodes according to their
functional model into two types. The first type is master fogs of which the objectives
are job scheduling, service management, and ad-hoc fog cluster creation. The second
type is worker fogs that can accept invitations from master fog devices to be part of the
ad-hoc cluster and share resources. Worker fogs are responsible for their self-
management and consumption reporting to their master fogs. The work in [5]
represented the functions of fog devices as modules. First, the service module provides
data analytics services using distributed computing engines. Second, the job
management and scheduling module which enables the communication between master
fog devices to distribute the job among workers in order to get the best service response
time. Third, the fog management and resource allocation module in which master fog
devices create fog clusters by inviting worker fogs and allocate their available resources
to jobs according to the best completion time. Additionally, the life cycle and security

of worker fogs are handled by master fogs in this module. Fourth, the network and
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virtualization module where master fog devices are adaptive to network changes to
provide the best QoS. Virtualization is optional but preferable so that the privacy and
security of worker fogs are enhanced. Fifth, the resource module is related to the data-
generating devices, and the available computing and networking resources. The focus
of this work is to improve the QoS in large-scale big data analytics across fog unites in
the proposed decentralized environment considering real-time requests. The authors
developed a QoS aware job and resource management schemes. In addition, a
benchmark is proposed for evaluation purposes. Furthermore, a workload model is
created from the benchmark by using sample jobs. This model is initially created before
using the system. Afterward, the workload model is updated while using the system by
getting feedback generated online after every job is executed successfully. Simulation
for evaluating the proposed multitier fog framework with QoS aware service and job
management is conducted. By comparing environments of ad-hoc fog only, ad-hoc fog
with dedicated fog, cloud-only and all combined, the author emphasized that cloud-
only approach is not enough to satisfy the requirements of real-time requests. Moreover,
ad-hoc fogs cannot handle large-scale data analytics without the aid of dedicated fogs.
Furthermore, the experiments showed that combining ad-hoc fogs, dedicated fogs as
well as the cloud led to promising results. Finally, the monetary revenue of using the
proposed multitier fog framework is found to be double the revenue of the cloud-only

based environment.

Power consumption is a concern in 5G networks as 10T devices usually rely on
batteries as the main power source. Accordingly, developing an energy-efficient
communication framework seems to be necessary. In [29], the power consumption
problem is mapped to a resource allocation problem. The work proposes a solution for
the resource allocation problem with the objective of minimizing power consumption
in a 5G network considering full-duplex communication between a central controller,
and multiple sensors and actuators. The environment considered consist of a physical
layer of sensors and actuator, a communication network layer of which the spectrum is
divided into equal bandwidth channels, and a central controller in which the analysis of
the collected data and the consequent decision-making are performed. Communication
can operate in a full-duplex or half-duplex mode on each channel. The spectral resource
is divided into channels with equal bandwidth. Digital and analog cancellation

technologies are assumed to be used to avoid self-interference in full-duplex
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communications. Each channel can be allocated to one sensor and one actuator at any
given time and each device can communicate with the central controller through one
channel only. First, the problem is formulated as an optimization problem with the
objectives of minimizing power consumption and maximizing the transmission rate.
The author assumed a one-to-one connection between channels and sensors, and
between channels and actuators. The concept of virtual devices, i.e. devices that have
zero gain and no efficiency, was introduced by the author for generalization purposes.
The optimization problem is solved using mixed-integer nonlinear programming as it
has continuous and binary variables. Furthermore, the problem of resource allocation
was divided into two sub-problems: the power allocation and channel allocation
problems. The power allocation problem is related to optimizing channel transmission
power. The channel allocation problem is concerned with optimizing the allocation of
channels across devices, sensors and actuators. In [29], three cases were considered to
achieve the best power utilization which are: the case of real sensor and virtual actuator,
the case of virtual sensor and real actuator, and the case of real sensor and actuator. For
the first two cases, the optimization problem is a rational-nonlinear function, therefore,
it is converted into a convex optimization problem. Accordingly, Dinkelbach’s
algorithm was used to iteratively varying transmission power starting from the max
power until it converges. For the third case, game theory was used such that sensors
and actuators are considered as the player of a non-cooperative game. Players are selfish
economic agents that aim to maximize their payoffs, efficiencies, and have strategy sets
that depend on the max transmission power. The behavior of each device, sensor or
actuator, is modeled as an optimization problem in which the transmission power of a
device depends on the transmission power of the other device. By using Dinkelbach’s
algorithm, the optimization problem of each device is solved separately and iteratively
using the last calculated transmission power of the other device until the Nash
equilibrium is reached. Moreover, the channel allocation problem was modeled as a 3-
D matching problem. According to the proposed solution, the 3-D matching problem is
reduced into 2-D matching problem by matching two of the three sets arbitrarily.
Subsequently, the Hungarian method was used to solve 2-D matching problems
iteratively such that the matched pairs are changed in every iteration. For system
evaluation, comparisons were held among different algorithms. First, the proposed
Iterative Hungarian Method with Virtual Devices (IHM-VD). Second, the greedy
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algorithm where each channel selects the most efficient sensor-actuator pair. Third, an
exhaustive search that achieves the optimal solution but with high computational
complexity. Forth, the Two-Sided Hungarian algorithm (TSH) that converts the 3-D
matching problem into two 2-D problems such that each 2-D problem deals obtain the
best allocation for channel-sensors and channel-actuators separately. Fifth, the Iterative
Hungarian Method without virtual devices (IHM). Sixth, the Half-Duplex Resource
Allocation (HDRA). Results showed that both proposed algorithms and HDRA
performs the same. Moreover, results demonstrated that the efficiency eventually
saturates for IHM and greedy algorithms while it keeps increasing for the two proposed
algorithms and TSH. The performance of IHM-VD is much higher than TSH because
TSH does not consider the efficiency between the sensor-actuator pairs. Furthermore,
the results proved that IHM-VD always converges to a solution. Although the
exhaustive search algorithm outperforms IHM-VD, the proposed algorithm is much
simpler considering the complexity of the problem.

To conclude, multiple challenges related to fog computing and 5G are studied
in the literature. Moreover, many research works contributed to solving task scheduling
problems that involve allocating decentralized resources [22]. In addition, the
scheduling problem of allocating service requests across multiple fog nodes to
minimize service latency is solved by assuming a centralized entity that is capable of
enforcing control decisions related to the scheduling process [30]. The same scheduling
problem is studied considering the 5G environment in [31]. However, a centralized
manager, called master F-RAN, is assumed to be able to control the resource allocation
of all the fog nodes in the 5G network. To the best of our knowledge, the proposed
solutions in the literature did not address the interdependency problem between the
decentralized fog nodes within the 5G network. Hence, this work focuses on the
problem concerned with scheduling service requests across decentralized fog nodes
within the 5G network with the objective of minimizing the overall latency.
Furthermore, the interdependency between the fog nodes is considered in this work and

a coordination framework is proposed to handle the interdependency problem.
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Chapter 3. Scheduling Problem Modeling

As mentioned in Section 1.4, this research work is concerned with the
scheduling problem of allocating fog computing resources to the requests generated by
user-devices in 5G networks with the objective of minimizing the overall latency. In
this chapter, the fog computing environment in a 5G network and its characteristics are
presented. Furthermore, the system and all its components are modeled. In doing so,
several latency factors are considered. The scheduling problem is modeled as an
optimization problem with the objective of minimizing the makespan. Eventually, the
proposed system model is validated using hand calculation in conjunction with the use

of an optimization engine.

3.1.  Environment Overview

In 5G networks, combining C-RAN and small cells allows the implementation
of collaborative technologies by which the distributed small cells jointly satisfy user
requests. Accordingly, low-latency communication among network components is
provided to help achieve the objective of minimizing the overall latency. The idea of
multi-tier fog computing architecture is supported by many researchers in the literature
[5], [30]. In such an environment, the C-RAN is connected to multiple small cells. Each
small cell is connected to several user devices. The C-RAN has computational power
to serve as a manager that can execute collaborative algorithms. Moreover, the C-RAN
contains a pool of BBUs that are virtually provisioned to small cells on demand. BBU
functions are only provided by the C-RAN. Therefore, each small cell will serve as a
fog node that contains RRH and computing resources. A similar network architecture
is deployed in a solution available in the market, known as OneCell [32]. The

architecture of fog computing in a 5G network is presented in Figure 3.1.

3.2.  Modeling Resources

In each radio access network, a C-RAN is connected to a set of I small cells,
fog nodes. Each small cell is denoted as i where 1 < i < I. Moreover, each small call
i has a computational power capacity P/*** that is divided into P; virtualized compute
blocks with compute capability of AP instructions/sec. Compute blocks of a small cell
are a logical representation of the small cell’s physical compute capability. A compute

block is denoted asp where1 <p < P;.
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Figure 3.1: Fog computing/5G architecture

3.3.  Modeling Time Dimension

The allocation of requests shall be determined for a specified time window T.
Time is discretized into time slots t where 0 < ¢t < T and T = t™%* is the time slot in
which the deadline of the last executed request is defined. The duration of a time slot t
is noted as t,; which depends on the number of instructions being executed by a compute

block per time slot. All requests are assumed to be ready at time t = 0.

3.4.  Modeling Service Request

Small cells are connected to several user-devices that generate a set of service
requests. Each request is denoted by j where 1 < j < J and ] is the number of service
requests generated by all user-devices connected to the RAN. Each request j is

characterized by a size N; in bits and a deadline 7; in seconds. Additionally, a service
request consists of multiple operations to be executed, i.e. j = {0jy, Oj, ...,OjKj}
where K; is the number of operations that need to be executed to fulfill request j and 1 <
k < K;. Each operation is described by instruction count P;, a binary variable Ej,, =
1 if operation 0y is executed at time ¢ and Ej;, = 0 otherwise, and a starting time slot
t;%- For arequest to be served, all its operations must be completed. Furthermore, there

are no dependencies among different requests. However, operations might depend on

the outcomes of other operations of the same request. This can be represented as

follows:
_ {1. if 0j) depends on 0j, (1)
Vikn = 0, otherwise
0<V¥ikn+Vm <1 Vjandl<kh<K 2)
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Yjkn 1S @ binary variable that indicates if there is a dependency between
operations Oy, and O;;,. Equation (2) prevents two-way dependency between any two

operations to avoid deadlock. For further clarification, Figure 3.2 represents the

workflow of an example request.

Figure 3.2: The workflow of an example request

In Figure 3.2, the completion of operation 0, is required to start the execution
of operations O, and Os. Parallel operations such as operations 0,, 0,, and 05 can be
executed concurrently. In this example, operation 0,, can only be executed after
performing all other operations. This can be an aggregation of outcomes of all other
operations. Moreover, a path can be defined as a series of dependent operations starting
from the first independent operation to the last dependent operation. In Figure 3.2, there
are 4 paths: {0; = 0, = 0g = 044}, {0, = 05 = 040}, {0, = Oy = 040} and {05 —
0, — 09 — 04,}. In addition, a dependency level can be defined as a level in which all
operations can be executed concurrently. In this example, 4 dependency levels can be
recognized: {04, 05,03}, {04, Os, Og, 05}, {Og, 0o} and {04}
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3.5. Modeling Dependency

Let operation k depend on operation h of a request j, i.e. y;, = 1. To start the
execution of operation k, operation h should be completed first, i.e. Ej,, = 1. On the
other hand, if both operations are independent, then each operation can be executed
regardless of the value of Ej;, or Ej;,. Thus, such a relationship can be described in the

Boolean expression presented in (3).
—'(ijh A _'Ejht) (3)

The Boolean expression in (3) describes the feasibility of executing operation
O, according to the dependency constraint. This relation can be proved by a truth table

represented in Table 3.1:

Table 3.1: Truth table shows dependency relationship

Yjkh Ejp; —~(¥jin N —Ejne)
(0j depends on 0;,?) (is 0;;, executed ?) (can Ojy be allocated?)
0 0 1
0 1 1
1 0 0
1 1 1

Table 3.1 shows that any operation 0;;, cannot start being executed in a time
slot t only if it depends on another operation 0;;, that is not completed before the time
slot ¢, such that yj,, = 1 and Ej;, = 0. This conforms with the definition of operations

dependency. The boolean relationship in (3) is expressed mathematically in (4).
|(vjen * [Ejne — 1]) — 1 (4)

In (4), the logical And (A) is a simple mathematical multiplication while the
unary operator Not (=) can be substituted with the following mathematical expression
—a = |a — 1|, where a is a binary variable. To allocate a compute block to an

operation, the dependency constraint must be satisfied. Hence, x;;;,, can only be 1 if

and only if the dependency relationship in (4) equals to 1, otherwise x;y;,, = 0.
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3.6.  Modeling Latency in 5G Environment

Latency is the delay in time between requesting a service and the consequent
response. When a service request is initiated by a user, it is sent to the available service
provider, a cloud datacenter or a fog node, for execution. Afterward, the corresponding
response is sent back to the user. This delay in time is influenced by multiple delay
factors.

3.5.1. Propagation delay. It is the delay that depends on the distance between
the sender and the receiver, and the propagation velocity of the transmitting medium.
The propagation delay is calculated as follows:

D, = (5)

=~

where d is the distance in (m) between the sender and the receiver and V,, is the
propagation velocity in (m/s). The propagation velocity depends on the physical
infrastructure. In the fronthaul of 5G networks, optical fibers are used as the
transmitting medium. Accordingly, the propagation velocity, considering optical

waves, is defined as:

1
—— 6
Vp nc (6)

In equation (6), the variable n is the refractive index of the fiber core and c is
the speed of light in vacuum. Optical fibers used in communication nets typically have
a core refractive index of approximately 1.5 [33]. Accordingly, the propagation velocity
of optical fibers is calculated as follows:

1

1
sznczﬁ*(S*log)zZ*wSkm/s

Furthermore, the distance between a small cell and the C-RAN is up to 20 km

[34]. Therefore, the maximum propagation delay is calculated as follows:

20 km

Dp=—7F+—=100
P 25105 km/s s

This is the maximum propagation delay caused in the fronthaul. However, the

actual delay value depends on the distance between the C-RAN and the small cells.
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3.5.2. Transmission delay. It is the delay in time during which the data is
transferred from the sender to the receiver. The transmission delay depends on the size
of the data being transferred and the transmission bit rate of the communication link.
The transmission delay in (s) is calculated as presented in (7).

Dr( =3 )

N; is the data in (bits) of request j and R is the transmission rate in (bits/s ).
The transmission rate depends on the implementation of the C-RAN. The Common
Public Radio Interface (CPRI) protocol is commonly used to handle the communication
between the small cells and the C-RAN [35]. According to CPRI specifications, the
protocol has a fixed transmission bit rate. For flexibility purposes, there are 10 options
available, each with a different bit rate. Option 1 offers 614.4 Mbit/s while option 10
offers bit rate up to 24.33 Ghit/s [36].

3.5.3. Compute delay. It is the time needed to fully execute a service request.
It depends on the instruction count of the request to be executed and the computational
power of the processing unit. The compute delay of a request can be defined as the
makespan of that request. The makespan of a request is the execution time of the
request’s last operation in addition to the starting time of that operation. In other words,
the makespan of a request is a measure of the time from which the request is ready until
all its operations are completed. Therefore, the makespan can be calculated using the

equation presented in (8).

C; = max e * ta + vj (8)
C; is the maximum completion time of all operations of request j, i.e. the
makespan of request j. t;j is the starting time slot of operation 0y, and ¢, is the time
duration of each time slot in (s). Pj; is the instruction count of operation Ojy. Xjkip: IS
a binary variable where x;y;,, = 1 if compute block p in small cell i is allocated to
execute operation k of request j at time ¢, and x;;;,, = 0 otherwise. Notations for the

aforementioned equations are summarized in Table 3.2.
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Table 3.2: Summary of notations

Notation Explanation
i Small cell/ fognode, 1 <i <1
j Service request generated by auser, 1 < j <J
N; Size of request j in bits
T Deadline of request j
t Timeslot,0 <t < T,and T = t™%*
tmax Time slot in which the last request deadline is defined
ta Duration of each time slot
k An operation, 1 < k < K;, where K; is the number of operations in request j
Ojx Operation k of the request j
tik Starting time slot of 0y,
Ejyt Equals 1 if 0y, is executed before time ¢, O otherwise
Yjkn Oj depends on 0, , 1 < k,h < K;
D, The propagation delay of j
D (j) Transmission delay of j
G Makespan of a request j
pmax Compute capability of i
D Compute block p in small cell i
AP instruction/sec of each CB
Py Instruction needed to complete an operation k of a request j
Xjkipt Allocation of a CB p in a fog i to an operation k of a request j at atime t

3.7. Problem Formulation

For the considered system architecture, multiple assumptions are presumed to

emphasize the environment characteristics. The assumptions are listed below:

e Small cells execute critical service requests only. Accordingly, all non-critical

requests are forwarded to the cloud.

e Any user device can be connected to only one small cell at a time.

¢ No dependencies among requests. However, each request consists of multiple

dependent or independent operations.

e All operations are non-preemptable.
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In 5G networks, small cells are usually provided by limited computational
power. In addition, the generated service requests are nonuniformly distributed across
the small cells in the network. Therefore, all requests need to be scheduled for execution
by considering all small cell resources such that the overall latency is minimized. The
total latency is influenced by multiple delay factors, discussed in Section 3.6. The
propagation and transmission delays are fixed factors related to the underlying network
infrastructure. The compute delay, on the other hand, depends on the system decision-
making to allocate small cell resources to requests’ operations. This is a scheduling
problem that aims to minimize the computational delay. The scheduling problem
objective function can be formulated by considering different criteria and performance
measures [23]. In the literature, the makespan is the most common criterion considered
when minimizing the latency is the main objective [37]. Thus, the scheduling problem

is modeled as an optimization problem, presented in equations (9-15):

J
min Z C; 9)
Xjkipt e
]
s.t.
J Kj
z Xjkipe < 1, Vi, Vp,Vt (10)
j k
1
Zsi(ojk) <1, VjVk (11)
i
Xikipt < |(Vjwn * |Ejne — 1) = 1|, Vi, V), vk, Vh,Vt (12)
Xjkipe = Nkipt+1] = B = Ejpcera|s 4t <t <T,Vj,Vk,Vi,Vp (14)

1 P T
Pk .
zzzxjkipt = E; V],Vk (15)
ST

l
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The optimization problem, given in equations (9-15), is a Mixed-Integer
Quadratically-Constrained Programming (MIQCP) problem. The objective function
presented in (9) is subject to constraints presented in equations (10-15). Constraint (10)
indicates that a compute block can be allocated only to one operation at a time.
Constraint (11) ensures that any operation can be executed by only one small cell at a
time. The operations of a request can be distributed for execution by multiple small
cells and each operation can be allocated to many compute blocks. However,
considering the geographical distribution of small cells, all compute blocks that are
allocated to an operation must be located in the same small cell. This constraint is to

prevent operation communication overhead. Such a constraint is modeled as follows:

P T
3.(05) =1 " szj“’” 70 vivivk (16)
0, otherwise

In equation (16), Si(Ojk) = 1if small cell i is processing operation Oy, and
Si(Ojk) = 0 otherwise. Equation (12) represents the request’s dependency constraint.
Constraint (13) shows that the total delay of any request must be less than the deadline
requirement of that request. Constraint (14) ensures that any compute block allocated
for any operation shall not be freed until all the corresponding instructions are executed,
which is required for the non-preemption assumption of operations. The last constraint,
presented in equation (15), guarantees the allocation of the minimum number of

resources required by each operation.

3.8.  Model Validation

Multiple parameters need to be set to validate the proposed model. Some of the
parameters reflect the environment such as the number of small cells, and the number
of requests and their operations. Other parameters reflect the settings that can be
modified by the system administrator, i.e. ISP, such as the number of compute blocks
and their capabilities which also affect the duration of each time slot. Table 3.3

summarizes all system parameters considered in the validation process.

For validation purposes, the following example is considered that consists of

three requests where each consists of three operations. Requests have hard deadlines to
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be met and operations are characterized by numbers of instructions that must be

fulfilled. Table 3.4 provides information regarding the requests and their operations of

the considered example.

Table 3.3: Summary of system parameter values

Parameter

Value

# of fog elements

2 Fogs

# of CBs per fog

5 Compute blocks

Fog CPU speed

1 GHz

Fog Performance

1.3 Cycle Per Instruction

CB CPU speed (Cycles)

200 MHz

CB CPU speed (ins/sec)

Approx. 150 MIPS

Duration of each time slot

666.7 ms

CB CPU speed (Instruction/time slot)

0.1 MIPS

Table 3.4: Requests information

Instruction count (x1015) IPS
Request . Deadline
For operation k
j (time slot)
j=1 2 4 5 t=3
j=2 3 2 4 t=3
j=3 4 4 3 t=3

Some dependencies exist among operations of some requests. Dependencies can

be represented in a matrix form as shown in Table 3.5, where each sub-table reflects

the dependencies among the operations of a request.

Table 3.5 consists of three sub-tables. Each sub-table provides information

regarding dependencies among operations of a request. For example, the first sub-table

shows the dependency information among the operations of the request j = 1. Each

sub-table can be interpreted as follows: operation k depends on operation h only if the

value of the intersectional cell is “1”. The value “0” indicates that operation k does not
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depend on operation h. For example, in Table 3.5, operation 2 depends on operation 1

and operation 3 depends on operation 2 for all requests.

Table 3.5: Dependency information 1

Agent i Dependency of 0, on Oy, (Vjkn)

j= h=1 h=2 h=3

k=1 0 0 0

k= 1 0 0

k= 0 1 0
|

j=2 h=1 h=2 h=3

k=1 0 0 0

k=2 1 0 0

k=3 0 1 0
|

j=3 h=1 h=2 h=3

k=1 0 0 0

k=2 1 0 0

k=3 0 1 0

A small scheduling problem instance is considered to validate the proposed
model. Consequently, the validation of the model is shown by examining the result of
solving the proposed optimization problem by hand and by using an optimization

engine. The results are compared and are shown to be the same.

For comparative purposes, two potential solutions for the simple scheduling
problem instance are considered. Each solution represents a different allocation of

resources. Figure 3.3 illustrates a Gantt chart for the first potential solution.

ji=1
i=1

j=2

j=3
i=2

=5
Time slot

Figure 3.3: Gantt chart shows potential solution 1

3
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In Figure 3.3, the allocation satisfies all the constraints. This can be proved by
hand calculations, for more details refer to Appendix A. By substituting in the objective
function, the average makespan is calculated to be 2.444 ms. Calculation details are
also provided in Appendix A. The average makespan can be reduced by considering
different allocations. Figure 3.4 presents a Gantt chart for another potential solution for

the considered scheduling problem instance.

01,3 j=1

=5
Time slot 0 I 1 | 2 | 3 ’

Figure 3.4: Gantt chart shows potential solution 2

By substituting in the objective function, the average makespan is found to be
2.222 ms for the second solution. Since the average makespan of the second solution is
less than the average makespan of the first solution, the second solution is chosen
according to the objective function. It can be proven that the second solution is optimal
as follows: by the definition of time slots and compute blocks, each compute block can
execute AP instructions per time slot. In the considered scheduling problem instance,
the total instruction count for all requests is (31 * AP) and the total number of compute
blocks is 10. Therefore, the minimum number of time slots needed to execute all the
requests is 4. This is true even if there are no dependencies among operations. Since
there are 3 requests only one request will be executed by the end of the time slot t = 3,
in the best-case scenario. This gives an average makespan of 2.222 ms, as the optimal
objective value. This matches with the average makespan of the second potential

solution. Accordingly, the second potential solution is an optimal solution.

To claim the validation of our model, the optimization problem is solved by
using the optimization engine provided by CPLEX optimization tool [38]. Moreover,

the environment settings, system parameters, and requests information are entered in
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the optimization tool. After running the simulation with the aforementioned setup.
CPLEX provided an optimal solution that is presented in a Gantt chart in Figure 3.5.

Figure 3.5: Gantt chart shows an optimal allocation of all operations by CPLEX

The solution provided by CPLEX respects all the constraints, presented in
equations (10-15). Furthermore, requests j = 1 and j = 3 finished at time t = 2 and
request j = 2 finished at time t = 3. Accordingly, given t; = 0.6667 ms, the average
makespan is calculated to be 2.222 ms which matches the average makespan acquired
by solving the problem by hand. Accordingly, this confirms the validity of the proposed

model.
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Chapter 4. Decentralized Approach

In Chapter 3, the scheduling problem of allocating service requests across small
cells in a 5G network is modeled as an optimization problem. In this chapter, the
environment characteristics and all assumptions considering the decentralized nature of
the small cells are presented. Given this decentralized environment, the
interdependency problem between small cells is introduced. Furthermore, the chapter
proposes a novel decentralized framework to enable the coordination between the small
cells to solve the interdependency problem, consequentially leading to the global
objective of minimizing the latency of fog computing in 5G networks. The proposed
framework consists of multiple subproblems that are modeled and validated

accordingly.

4.1.  Environment Overview

The environment consists of multiple decentralized compute resources, fog
units, managed by the 5G small cells. Request generating user-devices are connected
to a small cell within the 5G network. A top-view centralized solution where all small
cells share the scheduling knowledge to a centralized control is not adequate given the
decentralization nature of the environment. By decentralization, each small cell has its

own knowledge and control, meaning, it can come up with a scheduling decision.

The main challenge with the decentralized scheduling problem is that the
knowledge and control are distributed among small cells. Moreover, the knowledge in
each small cell is considered to be private. In reality, small cells might belong to
different groups of users. For example, femtocells might be routers owned by individual
users or private facilities while microcells are usually powered by an ISP. Moreover,
there might be multiple small cells managed by different ISPs. Hence, in the
decentralized fog computing environment in 5G, it is reasonable to assume that
software agents, analogous to real world entities, are rational in the sense that they are
designed and owned by people or organizations which are rational. Hereinafter, small
cells are referred to as agents. The terms are used interchangeably to present the model
in this chapter. Furthermore, requests are produced by user-devices that are connected
to different small cell agents. Accordingly, each agent shall get a number of requests to

be executed.
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The major challenge with this decentralized environment is the interdependency
problem among agents having no global knowledge and control. Interdependency is a
goal-relevant interrelationship between actions taken by various agents [14]. In this

work, the interdependency problem exists as follows:

e In the physical setup of the environment, where compute resources within each
small cell agent are shared between more than one agent.
e In the mental domain of each small cell agent, where each agent has specific

capabilities and knowledge about the environment.

An agent’s capability consists of actions and control. This is represented by a
set of requests, and the state of the resources on a specific instance of time. Actions are
viewed as a set of operations in a request that can be executed on the compute resources
within the fog computing environment at which the state of the overall environment is
affected. Control is treated as a set of decision points at which the knowledge is required
to select the next action to achieve the agent’s goal. Control is considered to have a
body of propositions representing the decision points and a state across the time
dimension at which the selection process occurs. Moreover, the control can be classified
as local and coordinated. Local control is the set of decision points that determine the
appropriate local domain actions. Coordinated control represents the decision points

that deal with the influence of the other agents on the local control.

Knowledge is treated as a set of propositions that are available if present
explicitly or implicitly in the agent’s memory. In this work, it refers to the knowledge
required to deal with the interdependencies in a way that satisfies the local and global

objectives, where the objectives are described in terms of agent interests.

Coordination between agents in such a decentralized environment can be
defined as a class of solutions that provide structure and mechanism to the system to
deal with the interdependency problem. Structure refers to the agent’s pattern of
communication and decision-making that are related to coordination. Mechanism is a
composition of decision points coordinated control and interaction structure directed to
resolve problems associated with interdependencies. The use of economic methods
involves a process of negotiation or interaction between agents, analogous to various

market behaviors. Hence, in this chapter, an economic-based method to model the
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decentralized scheduling problem is proposed. Furthermore, an economic-based
coordination framework to solve the interdependency problem by providing a way of
collaboration between entities is also proposed. Collaboration defines the characteristic

of the entities’ behavior.

One of the challenges in this decentralized environment is self-interested
agents. The solution to this challenge is to provide incentives to the agents in the
environment that encourage individuals to behave in a way that a certain outcome
prevails. In economics, an incentive is a motivational force that stimulates economic
agents to a greater activity or increased efficiency. In incentive theory, there are two
types of incentives: extrinsic and intrinsic incentives. Extrinsic incentive comes from
an external source outside of individual agents. It can be represented as a set of rules
that impose rewards or penalties by which the individualistic interests are shifted
towards a common goal. Intrinsic motivation is a behavior that is resulted from internal
interests rather than external influences. In this work, both extrinsic and intrinsic
incentives are considered in the proposed coordination structure. In the context of 5G
networks, small cells are characterized by limited resources. If the agents’ local
capabilities are insufficient to execute a request, collaboration would provide agents
with additional resources from other agents to satisfy the request requirements. For each
agent, the additional provided resources from other agents are considered as a reward,
extrinsic incentive, for the collaboration represented in sharing local resources. Intrinsic
motivation can be represented as small cell local interests. It is assumed that ISPs seek
to provide the best quality of service. Therefore, agents aim to minimize idle costs of
resources and the makespan of service requests. Idle cost is the opportunity cost resulted
from the underutilization of resources. Collaboration enables agents to utilize their
resources by sharing them with other agents, and to minimize the makespan of service
requests by employing shareable available resources from other agents. In this work, it
is assumed that the agents are cooperative by having the will to share their capabilities

with other agents to achieve a common goal in minimizing the makespan.

Given the decentralized nature of the environment, the scheduling problem has
the following assumptions to conform to the system’s characteristics and environment

settings:
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4.2.

Small cells execute critical service requests only. Accordingly, all non-critical
requests are forwarded to the cloud.

Any user device can be connected to only one small cell at a time.

No dependencies among requests. However, each request consists of multiple
dependent or independent operations.

All operations are non-preemptable.

Each small cell is considered an economically rational entity with selfish
behavior and has knowledge of only the local requests and resources.

C-RAN has no knowledge of agents’ private information. It does not enforce
decisions but rather provides a coordination mechanism that induces agents’
cooperation.

Proposed Decentralized Framework.

In this section, a novel decentralized framework is proposed to minimize the

latency of fog computing in a 5G network. As discussed in the environment overview

in Section 4.1, coordination between agents is the solution for the decentralized

scheduling problem. This work uses economic methods which involve a process of

interaction between agents, analogous to various market behaviors. An economic-

based approach provides coordination between agents to solve the interdependency

problem and provide a way of collaboration between agents. Hence, the following

elements are extracted to build the proposed solution framework:

Interaction structure: which describes the pattern of communication and
decision-making that are related to coordination.

Self-classification: each small cell agent as it receives a request within the 5G
network determines its own type as a consumer or a provider. In the case where
local resources are available, the self-classification of the agent classifies its
type as a provider and the local scheduling derives the decision to execute the
request based on its local knowledge and the request requirements. On the other
hand, if there are no available resources that meet the request requirement, the
self-classification of the agent classifies its type as a consumer, in which the
requests are to be handed over to other small cell providers to execute the

request.
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Local scheduling: handles the scheduling problem of allocating requests as they
are received within the small cell to local resources with the objective of
minimizing the makespan. The allocation is based on the availability, local
knowledge, of compute resources within the small cell.

Preference representation: each agent type has different local interests. Agents’
interests are defined as preferences. An economic concept, utility function, is
used to represent agent preferences. The concept of utility was used in the
literature [28], [39] to value and quantify agent preferences.

The winner determination: The winner determination problem is concerned
with the coordinated control which represents the decision points that deal with
allocating the shareable available resources of provider agents to the handed-

over requests of consumer agents based on agent local preferences.

Interaction structure refers to the agent’s pattern of communication and

decision-making that are related to coordination. To enable the coordination among the

participant agents, an interaction structure must be imposed. An interaction protocol

that is based on the Contract Net Protocol [40] is utilized. A diagram showing the

interaction structure between agents is depicted in Figure 4.1.

In our proposed framework, the interaction structure can be summarized in the

following steps:

1.

Call for proposals (CFP): the coordinator signals all agents to start their
scheduling process and send their proposals accordingly.

Self-Classification: each small cell classifies its own type as a consumer or
provider based on its local knowledge of resources availability and request
requirements.

Request Classification (only for consumers): after the self-classification
process, consumer agents classify requests into two types: local requests and
handed-over requests. Local requests are to be processed by local resources
while handed-over requests are to be executed by other provider agents.

Local Scheduling: requests which are classified as local in step 3, are locally
scheduled based on the local resource availabilities and request requirements

with the objective of minimizing the makespan.
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Inform Proposals: based on agents’ local knowledge, preferences are calculated

as utilities and considered as proposals sent to the coordinator.

Winner Determination: after receiving proposals, preferences, from agents, the

coordinator utilize such information to coordinate between agents such that the

provider agents execute handed-over requests based on agents’ preferences.

Inform Agents: the coordinator sends the results of the winner determination

process to all the corresponding agents.

Repeat: the process is repeated until there are no more requests to be executed.
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Figure 4.1: The interaction structure between agents




In the following sections, the self-classification, local scheduling, preference
calculation and winner determination problems are mathematically modeled as
optimization problems. Furthermore, all models, as well as their objectives and
constraints, are presented and discussed in detail. Finally, each proposed model is
validated by hand calculations and by using an optimization engine.

4.3.  Self-Classification

The self-classification problem is concerned with classifying the agent’s type as
aconsumer or a provider. Moreover, it is related to identifying the handed-over requests
that are to be executed by shared available resources. In this section, the self-
classification problem is modeled as an optimization problem. The model validation is
also presented.

4.3.1. Problem Formulation. The decision involved in the self-classification
process depends on three main factors: the deadlines, makespan, and number of
deadline-misses of requests. Formally, a deadline-miss of a request j is defined as
follows:

1, C] > Tj
= 17
dj {0, otherwise (17)

where C; is the makespan of the request j, defined in equation (9), and z; is the request
deadline. Basically, d; = 1 if the request is completed after its deadline, otherwise d; =

0. As a result, we propose an optimization model for the self-classification problem,

presented in equations (18-22):

J ]
min Z|rj—cj| *Z(dj+1) (18)
Xjkpt - -
] ]
st
J Kj

Z Z xjkpt < 1, Vp, vVt (19)
j k

Xt < |(Vjrn * |Ejne — 1) = 1|, V), Vk,Vh, vt (20)
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Xjkp,t — xjkp,t+1| = |Ejk,t — Ejkt41) jsk <t<TVjVkVp (21)

P T

Pjk .
DD Xz pm VK (22)

1% t

The optimization problem, given in equations (18-22), is a Mixed-Integer
Quadratic Programming (MIQP) problem. The decision variable x;,, represents the
allocation of compute block p and time slot t to operation k of request j. The
optimization objective presented in equation (18) is subject to constraints presented in
equations (19-22). Constraint (19) indicates that a compute block can be allocated only
to one operation at a time. Equation (20) represents the dependency constraint.
Constraint (21) ensures that compute blocks allocated to an operation are not released
until all the operation’s instructions are executed, which represents the non-preemption

assumption. Lastly, constraint (22) guarantees the execution of all operations.

According to the objective function (18), each agent schedules requests locally
with the objective of minimizing the number of deadline misses. Afterward, if there are
no requests pass their deadlines, then the agent classifies its own type as a provider.
Otherwise, requests that pass their deadlines are considered to be handed over and the
agent shall classify its own type as a consumer. To clarify the idea, consider the case of
all requests having the same deadline ;. There are two possible scenarios for each
request that affect the objective value: the request is allocated either before or after the

deadline. The two scenarios are illustrated in Figure 4.2.

Before T yi After T g
|

Time Slot 0 1 2 3

T

Figure 4.2: The value of d; before and after the deadline
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Formally, a request j is a to be handed over if d; = 1 or locally scheduled if
d; = 0. Moreover, an agent type is classified as a provider if Zf d; = 0, otherwise, the

agent type is classified as a consumer. In the next subsection, the validation of the
proposed self-classification model is presented.

4.3.2. Model Validation. Some parameters in this setup need to be set in order
to validate and solve the problem and acquire an optimal solution. Some of the
parameters reflect the environment such as the number of agents and the number of
requests and their operations. These parameters might influence the type of each agent.
Other parameters are reflecting the settings that can be modified by the system
administrator, i.e. ISP, such as the number of compute blocks and their capabilities
which also affect the duration of each time slot. Table 4.1 summarizes all system
parameters considered in the validation process of all models.

Table 4.1: Summary of the system parameter values for the decentralized models

Parameter

Value

Agent CPU speed

1 GHz

Agent Performance

1.3 Cycle Per Instruction

CB CPU speed (Cycles)

200 MHz

CB CPU speed (ins/sec)

Approx. 150 MIPS

Duration of each time slot 666.7 ms
CB CPU speed (Instruction/time slot) 0.1 MIPS
Time Window 10 time slots

A small problem instance that involves two agents, a provider and a consumer,
is used to test the system behavior. Each agent is characterized by a number of compute
blocks and a number of local requests and their operations. The information regarding

the two considered agents is provided in Table 4.2.

Some dependencies exist among operations of some requests. Dependencies are
presented in a matrix form in Chapter 3. Similarly, the dependency information of each

operation k of each task j of the considered problem instance is shown in Table 4.3.
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To validate the model, the self-classification constraints are similar to the

constraints validated in our proposed scheduling model in Section 3.7. Hence, the focus

is on the objective function to validate system behavior. Agent i = 1 has two requests,

each has a deadline of T = 6. A potential solution for the self-classification problem,

for agenti = 1, is represented in Figure 4.3.

Table 4.2: Agents and requests information 1

Instruction count (x1015) IPS
Agent | Num. of | Request . Deadline
For operation 0
i CBs j (time slot)

j=1 2 3 4 5 T, =6

i=1 6
j=2 2 3 4 3 T, =6
j=1 2 2 4 5 T, =6
j=2 2 3 4 5 T, =7

i=2 5 j=3 2 3 4 3 T3 =
j=4 2 1 2 3 7, =8
j=5 2 3 4 Ts=6

WVIVIVW|I®V (T |
I npn
QN G| BB W N =

Time Slot

w

Figure 4.3: Gantt chart shows a potential solution of self-classification for agenti = 1

The allocation in Figure 4.3 satisfies all the model constraints. This can be

proven by a hand, similar to what is presented in Appendix A. Afterward, by

substituting into the objective function, equation (18), the objective value is calculated

as “0”. The calculation steps are provided in Appendix B. This value means that all
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requests will be locally scheduled and executed, i.e. Zf d; = 0. Asaresult,agenti = 1

is classified as a provider agent.

Table 4.3: Dependency information 2

Agent i Dependency of Oj on Ojy, (Vjkn)
1 h=2 h

~
I
N

B Bl el o
Il

B N[ | W

Similarly, for agent i = 2, a possible solution can be illustrated in a Gantt chart

represented in Figure 4.4. In Figure 4.4, all the compute blocks are allocated to requests.
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Therefore, there is no other resource allocation that results in a better objective value
without violating any constraint. For example, 05 3 and 05 4, cannot be executed earlier
due to the operations’ resource and dependency requirements. By substituting into the
objective function in (18), the objective value is calculated as “4”. Since Z; d; = 1, this

agent is classified as a consumer agent. Accordingly, request j = 3 is considered to be
handed over.

Ty, T Ty T4 T3

Figure 4.4: Gantt chart shows a potential solution of self-classification for agent i = 2

For validation purposes, the model is implemented in CPLEX optimization tool.
The environment settings, system parameters, and requests information are entered in
the optimization tool. After running the optimization engine, the optimal objective
values for the self-classification of the provider and the consumer are “0” and “4”,
respectively. This confirms the expected behavior of the system and the hand
calculations. Accordingly, this shows the validity of the proposed simple model

instance.

4.4.  Local Scheduling

In Section 4.3, the proposed self-classification model was introduced.
Following the proposed framework presented in Section 4.2, after identifying the
requests to be handed over in the process of the self-classification, each agent starts the
local scheduling process of the remaining requests. In this section, an optimization
model is proposed that defines the decision-making involved in the local scheduling

process.
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4.4.1. Problem Formulation. The decision-making of the local scheduling
process is based on the local knowledge of the resource availabilities and request
requirements. Therefore, the local scheduling problem is defined based on the

scheduling model (9-15) in Section 3.7 as follows:

J
min z C; (23)
Xjkpt b
j
S.t.
Ci+ Dr(j) + D, <7, Vj (24)

] K
Z Z Yiepe 1, Vp,Vt (19)
T %

Xjkpt < |(ijh * |Ejht —-1|) - 1], Vj,Vk,Vh,Vt (20)
Xkt — Xjkper1| = |Ejie — Eireral, th <t <T,Vj,Vk,Vp (21)
P T p
ik
Z Z x]-kpt = E (22)
Dt

The optimization model represents an MIQCP problem that aims to schedule all
requests with the objective of minimizing the makespan. The objective function
presented in equation (23) is subject to constraints (19-22) and (24). Constraints (19-
22) are explained in Section 4.3 while constraint (24) is the deadline constraint. The

following subsection presents the validation of the proposed local scheduling model.

4.4.2. Model Validation. To validate the local scheduling model, the example
previously provided to validate the self-classification model, given in Table 4.2, is used
to show the flow of the decentralized scheduling process throughout the proposed
framework. Accordingly, the validation of the model is shown by examining the result
of solving the proposed local scheduling optimization problem by hand and by using
an optimization engine. The results are compared and are shown to be the same. A

possible solution for agent i = 1 is presented in Figure 4.5.
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01,3

71, T2

Figure 4.5: Gantt chart shows an example of local scheduling for agenti = 1

In Figure 4.5, operations 0,4 and 0, , finish at time slots t = 1 and ¢t = 4,
respectively. By substituting into the objective function (23), the objective value is
obtained to be “7”. Steps are provided in Appendix B. The same process can be applied

to the example of agent i = 2, the consumer agent.

In the process of validating the proposed local scheduling model, the CPLEX
optimization tool is used to obtain an optimal solution for the considered small local
scheduling problem instance. The objective value of the schedule resulted from the
CPLEX simulation is “7”. Accordingly, the proposed local scheduling model is valid
since the objective value calculated by hand is identical to the objective value obtained

from the optimization engine.

To continue with the scheduling process conforming to the proposed
framework, the local scheduling problem instance of the consumer agenti = 2 is solved
using the CPLEX optimization tool. The resultant schedule can be shown in the Gantt

chart illustrated in Figure 4.6.

In Figure 4.6, the objective value acquired from CPLEX is “25”. Furthermore,
the request j = 3 in agenti = 2, that is identified as a handed-over request by the self-
classification model in subsection 4.3.2, is not present in the obtained local scheduling

result. This conforms with the expected system behavior.
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Figure 4.6: Gantt chart shows CPLEX local scheduling for agent i = 2

4.5.  Winner Determination

After the self-classification and local scheduling processes, the handed-over
requests are executed by shareable available resources. Accordingly, agents need to
collaborate to overcome such an interdependency and achieve the global objective of
minimizing the makespan. As part of the coordination mechanism proposed in Section
4.2, the decision-making of which the shareable available resources are allocated to the
handed-over requests based on the agents’ preferences is known in the literature as the
winner determination problem. In this section, the winner determination problem is

modeled as a combinatorial auction problem using a game-theoretic approach.

4.5.1. Problem Formulation. Let the winner determination problem be
considered as a game. In addition, let all the agents involved in the problem be the
players in this game. Accordingly, there are two types of players, providers, and
consumers. Moreover, the goal for each player is to maximize its own payoff which
reflects its self-interest. A player’s interest depends on its type. A provider’s interest
can be related to its resources’ utilization. On the other hand, a consumer’s preference
can be related to its requests’ makespan. Additionally, agents shall have their own
strategies to maximize their payoffs. Furthermore, game rules must be enforced to lead
to a global solution in which no other solutions can minimize the latency further.
Moreover, this game is concerned with scheduling all tasks to all compute blocks
located within each agent. Such individualistic details are further provided by the non-

cooperative game theory. Besides, requests are to be generated continuously, so the
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game is to be repeated infinitely. Also, 5G networks are characterized to be dynamic in
nature which makes taking decisions based on historic data unreliable. Therefore,
players shall choose their strategies independently of other players’ previous decisions.
Hence, our game can be considered to be an effectively simultaneous game.
Additionally, all agents are assumed to behave the same, which means that player
strategies are considered as common knowledge. However, players have no knowledge
regarding each other local requests or available resources. Consequently, this game has
complete but imperfect information. Moreover, the number of possible actions by all
players can be extremely huge due to the variation of items in interest. In specific,
agents are after combinations of compute and time resources. Therefore, the possibility
of having innumerable combinations of both classifies the game as combinatorial. To
summarize, the game describing the problem is a non-cooperative simultaneous

combinatorial game with complete but imperfect information.

Auction-based modeling has been used in the literature to represent games [39].
Therefore, the game under study can be modeled as an auction where provider players
are the sellers and consumer players are the buyers. Furthermore, player payoffs can be
represented as agent utilities. Also, provider strategies can be expressed as the reserved
price of their goods while consumer strategies can be represented as their willingness-
to-pay. The auctioneer's objective is to maximize the sum of all utilities. Additionally,
resource blocks are goods offered by the sellers and purchased by the buyers. A
resource block is an allocation of a compute block in a time slot. Moreover, resource
blocks are offered in the auction in various combinations with different numbers of
compute blocks and time slots. Let each possible combination be a € {1, ... , A} where
A is the number of offered goods, combinations of shareable available resources.
Therefore, the winner determination problem can be represented as a combinatorial

auction problem as follows:

maxz Z Uj(a) * Xjiq (25)
Xjia Lo
j

st
J

Z(rapt(/) $xia) + Qe <1, Vi, Vp,Vt,Va (26)
Jj
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I
z Xjig < 1, Vj,Va (27)

i
The combinatorial auction problem is a Mixed Integer Linear Programing
(MILP) optimization problem. The objective function (25) aims to maximize the utility
function U;(a). In General, the utility value reflects agent preferences, willingness-to-
pay and reserved values, given that combination a of resources will execute request j.
Therefore, the utility function reflects the buyer preferences for buying compute
resources, and the reserve price for combinations of goods offered by the sellers. In the
objective function (25), x;;, is a decision variable, where x;;, = 1 if a buyer wins a
combination a of resources from seller i to execute a request j. In constraint (26),
Tape () represents the requirement for request j of possible allocations of compute
resources. The variable Q;,, represents the availability of shareable compute resources
(p, t). In other words, Q;,, = 0 if compute block p in agent i at time slot ¢ is available,
and Q;,. = 1 otherwise. Moreover, constraint (26) prohibits selling a resource block to
multiple buyers. Accordingly, it represents stock availabilities. Finally, constraint (27)

enforces any sold combination to be offered by the same seller.

Moreover, sealed-bid first-price auction is used since the game is a simultaneous
game with complete but imperfect information. Therefore, each request’s requirement
Tape(J), and its utility U;(a) are calculated by its corresponding buyer agent
independently of good availabilities in the market. The calculated utilities are referred
to as bids. Then calculated bids are submitted to the auctioneer in order to determine
the winner. In the next sections, the calculation and representation of agent preferences

and the corresponding utility values are presented.

4.5.2. Agent preferences. In auctions, each buyer shall bid for goods
depending on local preferences that define their willingness-to-pay. Additionally, each
buyer shall submit a bid for each request that demands shareable available resources.
Likewise, each seller shall value its offered goods, resource blocks, that depend on local
preferences, expressed as reserved values. A fixed price for each resource block of one
currency unit is assumed. On the other hand, buyer preferences are based on the

makespan of their requests.
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For buyers to calculate their utilities, some information about the market should
be shared. Let each unique capability be {g,, | 0 < n < G} where G is the number of
unique capabilities. Also, we assume g, = 0 as a dummy value for modeling purposes.
For example, if the market has 4 sellers with capabilities of 5, 6, 5 and 2, then g,, €
{0,5,6,2} and G = 3. Accordingly, the auctioneer sends the set of unique capabilities
to all buyers. However, buyer agents have no information about the available resources
offered in the market. Therefore, buyer preferences shall be calculated by considering
all possible combinations of available resource blocks independently of the shareable
resources’ availability. More specifically, buyers lack the knowledge of sellers’
available resources. Hence, all subsets of available resource blocks and their different
combinations shall be assumed and be considered in calculating the preferences. Let
each possible combination be a € {1, ... , A}, where A = Y%(297*T — 1) is the number
of all possible combinations of available resources. Moreover, each combination a of
available resource blocks can be represented in a binary function M,,.(a), such that
M, (a) = 0 only if a compute block p in a resource combination a at time slot ¢ is
assumed available, and M,,.(a) = 1 otherwise, where1 <p < P,,1<a<A4,0<t<
T and P, = {g,, | 29»1*T < a < 292*T} is the capability considered in a combination
a of available resource blocks. For further understanding, consider one seller agent,
G = 1, with a capability of 2 compute blocks, g; = 2. In this example, the time window
is assumed to be two time slots, T = 2. All subsets of available resource blocks and

their different possible combinations are shown in Figure 4.7.

In Figure 4.7, the number of all possible combinations is 4 = 1 (292*2 — 1) =
2%*2 — 1 = 15. In this example, the values of M,.(a) for the possible available
resource combination a =2 are M;4(2) =1, M;,(2) =0, M,,(2) =0 and
M,,(2) = 0. Similarly, the values of M,.(a) for the combination a =13 are
M;,(13) =1, M;;(13) =0, M,,(13) =1 and M,,(13) = 1. Lastly, the values of
M, (a) considering the first combination a = 1 are all zeros since all resource blocks

are assumed to be available in this resource combination.

The preference of each buyer is calculated based on the makespan of the request
for which the buyer is submitting a bid. In addition, the makespan calculation depends

on the shareable available resources. However, since buyer agents lack the knowledge
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of the shareable resources’ availability, all possible available resource combinations
shall be considered. Therefore, buyers shall calculate their preferences for every

possible combination a € {1, ... , A}.
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Figure 4.7: All combinations of available resource blocks (Example)
To calculate the makespan of a request j assuming a combination a of available
resources, the buyer agent needs to schedule the request with the objective of

minimizing the makespan. As a result, the schedule and the corresponding minimum

makespan can be acquired by solving the following optimization problem:

P

C™"(a) = min max| t5, + ceil J Vj,Va (28)
j _ jk Pq ’ ’
Xjkapt » xjkap,t}?k * AP ta
s.t.
K
z Xjkapt T Mpe(a) < 1, Vj,Va,Vp,Vt (29)

k

Xkape < |(Vikn * |Ene — 1) = 1|, Vj,Va, vk, Vh, vt (30)
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"™ (a) + Dr(j) + D, <T;, Vj,Va (31)

Xjkap,t — xjkap,t+1| = |Ejk,t — Ej t41) tjsk <t<TVj,VkVa,vp (32)
Pg T p
1 ,
szjkapt = E, V],Vk,Va (33)
Pt

Similar to the optimization problem presented in (9-15), the makespan
calculation represented in equations (28-33) is an MIQCP optimization problem. The
variable x4y, i a decision variable where x;;,,. = 1 if a compute block p in a time
slot t in a given combination a is allocated to an operation k of a given request j, and
Xjkapt = 0 Otherwise. The objective value C/*™(a), calculated by solving the

optimization problem (28-33), is the minimum makespan possible by allocating a
request j considering a combination a of available resources. The objective function in
(28) is subject to constraints (29-33). Equation (29) prohibits allocating a resource block
to multiple operations. In addition, it prevents allocating the presumably unavailable
resources of a combination a. Also, equation (30) is the dependency constraint of a
request’s operations. Furthermore, equation (31) is the deadline constraint. Constraint
(32) ensures the assumption of non-preemptable operations. Finally, constraint (33)

guarantees the execution of all operations.

The preference of a buyer agent is defined as the difference between the
minimum makespan, iji”(a), and the time window, t™#*, On the other hand, the

preference of a seller is represented as the reserved price for their offered goods.
Therefore, the utility value, the bidding value, should include the preferences of both
agent types, sellers and consumers. The bids calculation and generation are presented

in the next subsection.

4.5.3. Utility calculation and bid generation. The bidding value for a request
j assuming a possible combination a of shareable available resources is calculated as
follows:
Kj

P; )
Ui(a) = ALII; + " = (" (a), Va,Vj (34)
K
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The utility function U;(a) represents the willingness-to-pay of a buyer to
schedule request j assuming a combination a of available resources. The first term is
the number of required resource blocks to execute task j. This represents the reserved
price assuming that the price for each resource block is one currency unit. The utility
function is defined as the sum of all resource blocks needed plus how early the task
finishes execution. The greater the number of required compute blocks, the higher the
willingness of the buyer to pay to cover for the reserved price of the goods. In addition,
the earlier the finishing time of a request, the lower the makespan and the greater the
biding value. Consequently, the utility function in (34) reflects the preferences of both
buyer and seller agents.

After buyers calculate their utilities and define their requirements, they generate
a bid b; = {p;;, U;(@), 4 (j)} for each request j where p;; is a globally unique 1D of
the bid, Uj(a) is the calculated utilities, bidding values, and 7,,.(j) =

Z:j Xjkapt » VJ, V@, Vp, Vt is the requirement for request j. All buyers shall submit their

bids to the auctioneer to conduct the auction and determine the winner by solving the

combinatorial auction problem defined in equation (25).

4.5.4. Model Validation. To validate the winner determination model, a
simple problem instance consists of multiple providers and a consumer is considered.
For the purpose of showing the whole process of the proposed framework, presented in
Section 4.2, the two agent examples that were involved in the validation process of the
self-classification and local scheduling models, presented in Table 4.2, are to be used
to validate the winner determination model. In addition, one more example of a provider
agent, namely agent i = 3, is considered. Table 4.4 summarizes the information
regarding the three considered agents and the corresponding requests. Agent i = 3 has
only one request for the purpose of illustrating the scenario where there is a provider
with extra sharable available resources. The dependency information regarding the
request j =1 of agent i = 3 is shown in Table 4.5. Moreover, the dependency
information regarding the requests of agents i = 1 and i = 2 is previously given in
Table 4.3.

For agents i =1 and i =2, the self-classification and local scheduling

processes are presented in Sections 4.3 and 4.4, respectively. Furthermore, the same
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procedure of using CPLEX engine is followed for agent i = 3 to continue with the
validation process of the winner determination model. As a result, agent i = 3 is
classified as a provider and the local scheduling result is illustrated in the Gantt chart
shown in Figure 4.8.

Table 4.4: Agents and requests information 2

Instruction count (x1015) IPS .
Agent | Num. of | Request For operation 0, Deadline
i CBs j d (time slot)
k=1 k=2 k=3 k=4
i=1 6 J 2!
j=2 2 3 4 3 7,=6
j=1 2 2 4 5 T, =6
i=2 5 j=3 2 3 4 3 73=9
j=5 2 3 4 Ts=6
i=3 6 j=1 2 2 4 5 ,=6
Table 4.5: Dependency information of agent 3
Agent i Dependency of Oj, on Ojy, (Vjkn)
j=1 h=1 h=2 h=3 h=3 h=4%
k=1 0 0 0 0 0
k=3 1 1 0 0 0
k=4 0 0 1 0 0
2 | 3 | & | s | s 7

Ty

Figure 4.8: Gantt chart shows CPLEX local scheduling for agenti = 3
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As per the results presented in the validation process of the self-classification
model in Section 4.3, request j = 3 in agent i = 2 is considered to be handed over.
Therefore, the handed-over request globally unique ID is defined as j = p,5. For the
sake of this example, the globally unique ID is assumed to be p,; = 1. In this example,
there are only two possible scenarios in which request j = 1 buys resources from either
agenti = 1 or agent i = 3. A possible solution for each scenario is considered and the

corresponding objective values are compared. Figure 4.9 depicts an example allocation

in case of agent 1 resources are bought by request j = 1.

10

Figure 4.9: Gantt chart shows the allocation of handed-over request j = 1

inagenti =1

In Figure 4.9, the grey shaded area represents the unavailable resource blocks
in agent i = 1. By substituting in (34), the utility value is calculated to be 13 currency
units. All the calculation steps are provided in Appendix B. Moving forward with the
next scenario, the potential solution of agent i = 3 selling resources to request j = 1 is

shown in Figure 4.10.

In Figure 4.10, the grey shaded area represents the unavailable resources blocks
in agent i = 3. By substituting into eq. (34), the utility value is calculated to be 15
currency units. All the calculation steps are provided in Appendix B. According to the
objective function (25), request j =1 is to be executed by agent i = 3 since this
maximizes the sum of all utilities. CPLEX simulation is performed and resulted in
identical objective value and final schedule with an average makespan of 5.125 time

slots. To validate the average makespan, the following equation (35) is used.
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A ki _ total makespan (35)
Ve maKespan = e er of requests

Accordingly,

7+25+3+6 _
Avg. makespan = 3 = 5.125 time slots

The obtained CPLEX results and the hand calculations are identical for the
provided simple example. Hence, this presents the validity of our model. Although this
model describes the combinatorial auction problem successfully, the winner
determination process involved is known to be an NP-hard problem. This means that
there is no algorithm that can acquire the optimal solution in polynomial time. In the
next chapter, the proposed auction-based heuristic to obtain an adequate solution in

polynomial time is presented.

Figure 4.10: Gantt chart shows the allocation of handed-over request j = 1

inagenti = 3
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Chapter 5. Decentralized Auction-Based Heuristic Solution

In Chapter 4, the interdependency problem between the decentralized small
cells is introduced. Furthermore, a proposed framework is presented to solve the
interdependency problem. According to the framework, the decentralized scheduling
problem is divided into three subproblems: self-classification, local scheduling and
winner determination problems. Each of the three subproblems is modeled as an NP-
Hard optimization problem [37]. Therefore, a heuristic technique is needed to find a
solution that is close to the optimal in polynomial time. Hence, a decentralized auction-
based heuristic technique is proposed to solve the scheduling problem in fog computing
within the 5G network. In this chapter, the proposed heuristic solution and its

components are presented.

5.1  Decentralized Auction-Based Solution Overview

According to the proposed framework presented in Section 4.2, agents have the
capabilities of self-classification and local scheduling. Both capabilities are modeled as
NP-Hard scheduling problems. To enable the functionality of such capabilities in
polynomial time, the following is proposed: each small cell agent shall schedule all its
requests locally. Subsequently, each agent checks whether all requests will be executed
before their deadlines. If all requests are completed before the corresponding deadlines,
the scheduling agent classifies its own type as a provider. However, if any request is
completed after the corresponding deadline, the request is considered to be handed over
and executed by another agent. Accordingly, the scheduling agent classifies its own
type as a consumer. Afterward, consumers remove the handed-over request and
reschedule all the remaining requests, rechecking if all deadlines are respected. In the
case of multiple handed-over requests, consumer agents remove the request smallest in
size. Consumer agents keep removing handed-over requests and rescheduling the
remaining requests until all deadlines are respected. Eventually, the removed requests
are to be handed over while the remaining requests are scheduled locally. The local
scheduling process is an NP-hard problem; therefore, a heuristic scheduling algorithm
is required to obtain adequate solutions in polynomial time. Hence, a developed
Simulated Annealing-Based Scheduling algorithm, denoted as (SABS), is proposed to

tackle the agents’ local scheduling problem.
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In Chapter 4, a decentralized framework is proposed to enable the coordination
between small cells to solve the interdependency problem. As per the proposed
framework, the coordinated control which represents the decision points that deal with
allocating the shareable available resources of provider agents to the handed-over
requests of consumer agents based on agent local preferences is defined as the winner
determination problem. Moreover, agents calculate utility values that reflect their local
preferences as part of the problem. In Section 4.5, the winner determination problem is
modeled as a combinatorial auction problem that is unsolvable in polynomial time.
Therefore, an Auction-Based Winner Determination algorithm (ABWD) is proposed in
this chapter to obtain an adequate solution in a time that complies with 5G standards.

By utilizing the two proposed algorithms, SABS and ABWD, the workflow of
the proposed decentralized auction-based heuristic is depicted in Figure 5.1 and

represented in the following steps:

1. Signal All Agents: the scheduling system starts with a broadcast signal from the
coordinator to all agents.

2. Local Scheduling (SABS): all agents start executing the proposed SABS
algorithm to locally schedule the requests received by user-devices in the 5G
network.

3. Check Deadline-Misses: each agent checks the deadline constraint of each
request. If there are no deadline-misses, go to step 9. Otherwise, continue to step
4.

4. Self-Classify as A Consumer: the agent’s type is classified as a consumer.

5. Remove A Request: each consumer agent removes the request that misses its
deadline. In the case of multiple deadline-misses, the consumer agent removes
the request smallest in size that missed its deadline.

6. Classify the Request: the removed request is classified as a handed-over request
to be executed by another agent.

7. Local Scheduling (SABS): consumers reschedule the remaining local requests
using the proposed SABS algorithm.

8. Check Deadline-Misses: each consumer agent checks the deadline constraint of
each remaining local request. If there is any deadline-miss, go to step 5.

Otherwise, go to step 10.
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Decentralized Auction-Based Workflow
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Figure 5.1: A diagram shows the proposed solution workflow

9. Self-Classify as A Provider: the agent’s type is classified as a provider.

10. Send Preferences: all agents shall send their preferences to the coordinator. In

specific, provider agents send the reserved values of their goods while consumer

agents send the requirements of the handed-over requests.

11. Perform the Auction (ABWD): after the coordinator receives all preferences, the

proposed ABWD algorithm is used to solve the winner determination problem.

12. Check the Result: if step 11 resulted in a decision by which a handed-over

request is to be executed by shareable available resources, continue to step 13.
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Otherwise, terminate because there are insufficient available resources to satisfy
the handed-over request requirements.

13. Inform All Providers: all providers receive the corresponding handed-over
requests based on the results obtained by ABWD algorithm in step 11.

14. Local Scheduling (SABS): each provider locally schedules the received handed-
over requests using the proposed SABS algorithm.

15. Update Preferences: after the local scheduling process, each provider shall
update its preferences based on the remaining available local resources to be
shared.

16. Send Updated Preferences: updated provider agents’ preferences are sent to the
coordinator to accommodate the remaining handed-over requests if any.

17. Check the Remaining Handed-Over Requests: if there are remaining handed-
over requests that need to be executed by provider agents, go to step 11.
Otherwise, go to step 1.

In the following sections, the heuristic SABS and ABWD algorithms are

presented and discussed in detail.

5.2  Simulated Annealing-Based Scheduling (SABS) Algorithm

In Chapter 3, the scheduling problem is modeled considering full knowledge of
the agents and the environment settings of the 5G network. Since a top-view solution
is not adequate given the decentralized nature of the environment, a decentralized
approach is proposed in Chapter 4. In the proposed decentralized solution, the
scheduling process is dispersed such that each agent locally schedules the requests it
receives within the 5G network. Therefore, the SABS algorithm is generalized such that
it provides a solution for the scheduling model, proposed in Section 3.7, and the agent’s
local scheduling process, presented in Section 4.4. The procedure of the proposed
SABS algorithm is illustrated in Algorithm 5.1.

In Algorithm 5.1, the algorithm starts by sorting all operations in a list according
to their corresponding dependency levels. If two operations are in the same dependency
level, operations with the nearest deadline first are prioritized. Next, a starting solution
is initialized and is considered to be the current and the best solutions so far. Following
that, the algorithm finds a new neighbored solution after which the objective value of

the current and the new solutions are calculated and are compared. Accordingly, if the
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acceptance probability of the new solution is greater than a random probability from 0
to 1, the new solution is accepted by the algorithm. Formally, the acceptance
probability of a new solution S,,.,, given a current solution S is defined in equation (36)
[41]:

(E(S)_L;(Snew))

P(S, Spow, T) = € (36)

In equation (36), E(S) represents the energy, objective value, of the solution S,
and T is the temperature parameter of the simulated-annealing algorithm. Moreover,
the algorithm keeps track of the best solution. In every iteration, the temperature is
reduced based on the defined cooling rate. Eventually, the SABS algorithm stops when

one of the following terminating criteria is satisfied:

e If there are no more neighbored solutions that can be acquired.

e If the temperature is cooled down completely, i.e. temp <= 1.

As aresult, the tracked best solution is considered as the final accepted solution.
Before explaining the details of each step, the solution representation shall be defined

in the next subsection.

Input: Temperature (temp), Cooling Rate (rate), List of Operations (operations), Vector of resources
(resources)
Put operations data into a sort list ascendingly by dependency level
Set a starting solution (startSolution) = InitializeStartingSolution(operations, resources)
Set the current solution (currentSolution) as startSolution
Set the best solution (bestSolution) as currentSolution
Repeat

currentSolution.Energy = GetObjectiveValue (currentSolution)

newSolution = findNextSolution (currentSolution)

newSolution.Energy = GetObjectiveValue (hewSolution)

/I random number generation is uniformly distributed

if acceptanceProbability (currentSolution.Energy, newSolution.Energy, temp) >

rand_num()

currentSolution = newSolution
endif
if currentSolution.Energy < bestSolution.Energy
bestSolution = currentSolution

endif

temp = temp * (1 —rate)
until (a termination criterion is satisfied)
Solution = bestSolution

Algorithm 5.1: Simulated annealing-based scheduling algorithm
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5.2.1. SABS solution representation. In this subsection, the encoding of the
solution is presented. First, a resource block is defined as a compute block of a small
cell in a specific time slot, formally (i, p, t). Therefore, a solution is encoded as two
vectors, a vector of resource blocks and a vector of operation finishing times. Each
resource block stores information about its compute block, small cell, and time slot as
well as the operation to which it is allocated. Furthermore, the vector of operation
finishing times stores the time slots at which each operation is completed. The vector
of resource blocks is represented in Figure 5.2.

t=0
F, F,
R I A N I N N O
1 P
t=1
F; F
. [ [ [ [ | L [ [ [ [ |
t = tmax
Fy F;

Figure 5.2: SABS solution representation

The representation illustrated in Figure 5.2 is proposed for any individual
solution in order to respect all the scheduling problem constraints with the minimal
number of checks in every iteration of SABS. In each resource block, an allocation can
be denoted as j,k where 0 < j <] is the request number and 0 < k < K is the
operation number of the request j. The representation of an allocation example is shown

in Figure 5.3:

Fy
l11]11]23]23]23]
1 2 3 4 5

Figure 5.3: Allocation representation (Example)

77



In the example illustrated in Figure 5.3, assuming t = 0, operation k = 1 of
request j = 1 is allocated to the compute blockp = 1 and p = 2 of the small celli = 1
in the time slot t = 0, i.e. resource blocks (i=1,p =1 - 2,t = 0). Moreover,
operation k = 3 of request j = 2 is allocated to the compute block p = 3, p = 4 and

p=>5o0fthesmallcelli =1,ie.(i=1,p=3-5,t=0).

5.2.2. Initializing a starting solution. In the proposed SABS algorithm, a
preliminary starting solution is initialized to start the search process by which better
neighbored solutions are obtained. Moreover, to have a good starting solution, all the
operations are sorted by their dependency level in advance. The process of obtaining a
starting solution only checks for the dependency constraint. However, the starting
solution is not necessarily a valid, feasible, solution as the deadline constraint can be
violated in this step. This is acceptable since the search process of the SABS algorithm
only explores feasible solutions. The process for initializing a stating solution is

represented in Algorithm 5.2.

Input: List of operations (list), Vector of resource blocks (resource)
Output: A starting solution (solution)
Create a new solution (solution)
Set operation to be allocated (op) as the first operation in list
for i in resources do
if solution.allocation[i] is free do
if isFit (op, i, solution) and DependancySatisfied (op, i, solution) do
for h =0 to op.requiredBlocks do
solution.allocation[i] = op
i =i+ 1// next resource block
endfor
endif
solution.timeFinished[op] = i.timeslot
op = op + 1 // point to the next operation in the list
endif

endfor

Algorithm 5.2: Algorithm for initializing a starting solution
Algorithm 5.2 schedules all operations preliminarily to start the search process

of the SABS algorithm. By sorting the operations according to the corresponding

dependency levels and deadlines, the algorithm tends to allocate operations parallelly
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while prioritizing the nearest deadline first, with the minimum amount of calculations

and constraint checks.

5.2.3. Getting the objective value. During every iteration in SABS, the
objective values, energies, of a current solution and a new solution are calculated. Based
on that, the acceptance function decides whether to accept the new solution or not. The
energy, the objective value, of a solution is the summation of all requests’ makespan.

Algorithm 5.3 shows the procedure of the objective value calculation.

Input: Solution (solution)
Output: Objective Value (objVal)
objVal =0, max = -1
for j in solution.requests do
for op in j.operations do
if max < solution.timeFinished[op] do
max = solution.timeFinished[op]

endif
endfor
objVal = objVal + max + 1
max = -1

endfor

Algorithm 5.3: Algorithm for getting the objective value

5.2.4. Finding the next solution. After initializing a preliminarily starting
solution, the search process starts by which new neighbored solutions are obtained. The
procedure of getting a new neighbored solution is the state-of-the-art idea of the
proposed SABS algorithm. First, the degree of sequence of an operation is defined as
the number of consecutive time slots needed to execute the operation. For example, if
an operation is fully parallelized such that it is executed in one time slot, the
corresponding degree of sequence is defined to be “1”. Moreover, an operation’s degree
of sequence is “2” if the operation is executed by half the number of the required
compute blocks during two time slots. Accordingly, different possible solutions consist
of operations that are allocated with various degrees of sequence. Algorithm 5.2
allocates all operations fully parallelized with a degree of sequence of “1”. Therefore,
to find the next neighbored solution, the degree of sequence is incremented for one
operation at a time. The amount of incrementation is dynamically decided such that
operations can be shifted backward based on resource block availabilities to reduce the
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makespan. The steps of finding a new neighbored solution are provided in algorithm
5.4. Algorithm 5.4 searches for the first free resource blocks, gap, in a given schedule.
Afterward, the degree of sequence of the next allocated operation is incremented such
that it fits into the gap and shifted back accordingly. The dynamic incrementation of an
operation’s degree of sequence, and the process of shifting the operation are performed
by the function “sequence”, to be discussed in detail in subsection 5.2.5. After the
shifting process, the remaining operations that satisfy the dependency constraint are
allocated in order, according to the sorted list of operations. Consequently, the
algorithm ensures the allocation of all operations with the required number of resource
blocks. Furthermore, the function denoted as “isFit”, in Algorithm 5.4, ensures
satisfying the constraint of executing each operation by only one small cell and the
constraint of operations’ non-preemption. The algorithm for this function shall be

discussed later in subsection 5.2.6.

Input: Solution (solution), List of operations (list), Vector of resource blocks (resources)
Output: New Solution (newSolution)
Set operation to be allocated (op) as the first operation in list
SequentialSuccess = false // variable to check if sequencing was successful
newSolution = solution
for i in resources do
if Solution.allocation[i] is free do
if not SequentialSuccess do
SequentialSuccess = sequence (newSolution, resources, i)

else
while op is not the last operation or not allocated and
not isFit (op, i, newSolution) or
not DependancySatisfied (op, i, newSolution) do
op = op + 1 // next operation
endwhile
endif

if op is not the last operation do
for h= 0 to op.requiredBlocks do
newSolution.allocation[i] = op
i =i+ 1// next resource block
endfor
newSolution.timeFinished[op] = i.timeslot
Op is set to the first unallocated operation
endif
endif
endfor

Algorithm 5.4: Finding the next solution
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5.2.5. The sequence function. To find the next solution, operations need to be
shifted backward by increasing the operations degree of sequence. This is handled by
the algorithm represented as the function “sequence” in Algorithm 5.4. The procedure
of the function “sequence” is presented in Algorithm 5.5. To shift an operation, the
degree of sequence is increased dynamically. The incrementation of an operation’s
degree of sequence depends on the number of required resource blocks of the operation
and the number of available compute blocks to which the operation will be shifted. For
example, if the number of consecutive available compute blocks, that the operation will
be shifted to, is half the number of the required resource blocks, then the operation will
be executed in two time slots. Consequentially, the degree of sequence is incremented
to be “2”. Throughout the process of Algorithm 5.5, only the dependency and the

deadline constraints are checked.

Input: Solution (solution), Vector of resource blocks (resources), A current resource (current_i)
Output: New Solution (newSolution), if the function is successful (success)
success = false // variable to check if the function is successfully executed
for i = current_i in resources do
op=i.op
if solution.allocation[i] is not free and op is not shifted do
parallelBlocks = i.number_of free_CBs
sequentialBlocks = ceil (i.op.requiredBlocks /parallelBlocks)
if (isFit (op, i, solution) and DependancySatisfied (op, i, solution) do
clear all other allocations starting from i
for d = 0 to sequentialBlocks do
allocate the free “parallelBlocks” CBs from i with op
i =i+ (i.numOfCBs * i.numOfFogs) // next time slot
endfor
newSolution.timeFinished[op] = i.timeslot + sequentialBlocks - 1
success = true
endif
endif
endfor
if not deadlineViolated(solution) do
newSolution = solution
else
success = false
endif

Algorithm 5.5: The sequence function

5.2.6. The “isFit” function. The function “isFit” is developed to indicate

whether a set of available resource blocks is enough to allocate an operation with a
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number of required blocks. The function “isFit” is presented in Algorithm 5.6. The
Algorithm inputs are the operation information and a set of resource blocks.

Input: Solution (solution), Resource block (i), Operation (op)

Output: if the operation can fit into the given free blocks (fit)

Count = 0 // counter for free compute blocks

fit = false // variable to check if the operation can fit into the given free blocks

currentFog = i.fog

currentTime = i.timeslot

while currentTime = i.timeslot and currentFog = i.fog and solution.allocation[i] is free do
count=count + 1
i =i+ 1// next resource block

endWhile

if (count >= RequiredBlocks)
fit = true

endif

Algorithm 5.6: The “isFit” function

5.2.7. Checking the dependency constraint. To avoid the violation of the
dependency constraint, checking dependencies among operations of a request is a must
during the shifting process. This task is handled by the developed
“DependencySatisfied” function. The process of checking the dependency is shown in
Algorithm 5.7. The dependency constraint for an operation k can be checked by
comparing the finishing time of k with the finishing time of each operation h that k
depends on, i.e. yj, =1, where 0<k,h <K;. Accordingly, the dependency
constraint is satisfied only if operation h is completed before the execution of operation

k starts.

Input: Solution (solution), Resource block (i) Operation to be checked (op)
Output: if the dependency is satisfied (isDependencySatisfied)
isDependencySatisfied = true // variable to check if the dependency is satisfied
for o in op.dependencies do

if (solution.timeFinished[o] >= i.timeslot or o is not allocated)

isDependencySatisfied = false

endif

endfor

Algorithm 5.7: Dependency constraint check
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5.2.8. SABS algorithm: complexity analysis. Algorithm 5.1 involves
initializing a starting solution, given in Algorithm 5.2. To acquire such solution,
Algorithm 5.2 allocates all operations and checks the dependency constraint for each
operation, correspondingly giving a time complexity of 0(n?), where n is the number
of operations. Following that, in Algorithm 5.1, the search for the next solution begins.
The simulated annealing algorithm iterates O (log n) temperature steps. In each iteration
the next solution is obtained as presented in Algorithm 5.4. The algorithm for finding
the next solution iterates for every resource block (0(n)). For each available resource
block, the dependency constraint is checked for the neighbored allocated operation
(0(n)). Therefore, the complexity of Algorithm 5.4 is 0(n?). Proceeding with
Algorithm 5.1, if the new solution is rejected, the algorithm starts looking for another
solution. Therefore, the new solution is rejected in constant time, i.e. 0(1). On the
other hand, the time complexity of updating the current and the best solution after
accepting a new solution is 0(n). Consequently, the time complexity for the proposed
SABS algorithm, presented in Algorithm 5.1, is 0(n? + n3logn) = 0(n3logn).

5.2.9. SABS algorithm: example. In this subsection, the example previously
used in Chapter 3 to validate the scheduling model represented in equations (9-15) is
solved using the proposed SABS heuristic algorithm for further understanding.

Moreover, the list of operations in the considered example is presented in Table 5.1:

Table 5.1: All operations before sorting

[J, k] IPS * 10°
[1,1] 2

[12]
[13]
[21]
[2,2]
[2,3]
[31]
[3.2]
[33]

Dependency level
0
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First, all operations are grouped by their corresponding dependency levels.
Afterward, the operations in each group are sorted by the corresponding deadlines. This

allows fast preliminary allocation of all operations while avoiding complex
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computations and constraint violations. Eventually, all the operations are sorted in the
order depicted in Table 5.2.

Table 5.2: All operations after sorting

[j k] IPS x 10° T Dependency level
[11] 2 3 0
[21] 3 3 0
[3,1] 4 3 0
[12] 4 3 1
[22] 2 3 1
[3,2] 4 3 1
[13] 5 3 2
[2,3] 4 3 2
[3,3] 3 3 2

According to Algorithm 5.2, a solution is initialized by considering the
maximum parallelism while allocating all the operations. This means that the algorithm
maximizes the number of compute blocks parallelly allocated for each request at any
given time such that it executes during the minimum number of time slots. Following
the order established in Table 5.2, the allocation during the time slot t = 0 is shown in
Figure 5.4.

t=0
F, F,
11111 ]21]21]21] 131[31[31]31] |
1 2 3 4 5 1 2 3 4 5

Figure 5.4: Allocation for time slot t = 0 (starting solution)

In Figure 5.4 all operations fit into the available compute blocks such that it
executes within one time slot according to Algorithm 5.6. After allocating each of 0, 4,
0,1 and 0, ., the information regarding their finishing times is updated. Since
operation O, , requires four compute blocks to be executed in one time slot and there is
only one compute block remaining during the current time slot t = 0, the allocation of

the operation 0, , shall be shifted to the next time slot t = 1. Shown in Figure 5.5.
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Figure 5.5: Allocation for time slot t = 1 (starting solution)

Since the dependency levels of 0, , and 0, , are not zero, i.e. they depend on
other operations, the finishing time of each operation that O, , and 0, , depend on must
be checked according to Algorithm 5.7. Operations 0, , and O, , depend on operations
0,1 and 0, ,, respectively. Since the execution of 0, ; and 0, ; is finished at time slot
t = 0, operations 0, , and O, , are allocated at time slot ¢ = 1 as shown in Figure 5.5.
Afterward, Os , is considered for allocation according to the ordered list. Since O3,
requires four resource blocks and there are only three available consecutive resource

blocks, the allocation of O; , is shifted to the next time slot ¢ = 2. Shown in Figure 5.6.

b=2
Fy F,
132[32[32[32] | 11313 [13[13]13]
1 2 3 4 5 1 2 3 4 5

Figure 5.6: Allocation for time slot t = 2 (starting solution)

According to Algorithm 5.6, 05 , can fit in the available compute blocks of the
small cell i = 1 at time slot t = 2. Furthermore, the dependency constraint is checked
by examining the finishing time of each operation that O , depends on, i.e. operation
0,,. Since operation 0, , is completed at the time slot t = 1, which is before the
currently considered time slot t = 2, then the dependency constraint is satisfied
according to Algorithm 5.7. As a result, O3, is allocated and the information of its
finishing time is updated accordingly. Likewise, O, 5 is allocated at the same time slot
t = 2. Subsequently, 0, 5 is considered for the next allocation, according to the ordered
list. Since 0, 3 requires four resource blocks and there are no available compute blocks
during the current time slot t = 2, the allocation of 0, 5 is shifted to the next time slot

t = 3 shown in Figure 5.7.
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Figure 5.7: Allocation for time slot t = 3 (starting solution)

Similarly, the dependency constraint is checked by examining the finishing time
of each operation that 0, ; depends on, i.e. operation O, ,. Since operation 0, , finished
at the time slot t = 1, that is before the current time slot t = 3, then the dependency
constraint is satisfied. Consequently, 0,3 is allocated and the information of its
finishing time is updated accordingly. Finally, the operation O 5 is allocated in a similar
fashion. As a result, an initial allocation is obtained by which the proposed SABS

algorithm starts the search process, illustrated in Figure 5.8.

t=0
F F,
|50 144 | 2424 |51 | 131]31]31]31] |
1 2 3 4 5 1 2 8 4 §
t=1
F F,
[12]12]12]12] | 2222 | [ |
1 2 3 4 5 1 2 3 4 5
t=2
F, F,
132[32[32]3,2] | 1131313 [13][13]
1 2 B 4 5 1 2 3 4 5
t=3
F F,
123[23[23]23] | 133[33[33] [ |
1 2 3 4 5 1 2 3 4 5

Figure 5.8: The initial allocation for sabs algorithm

Following Algorithm 5.1, the objective value of the initial solution is calculated
to be 11 time slots. This value is calculated by Algorithm 5.3. Afterward, Algorithms
5.4 and 5.5 are used to find the next neighbored solution. Accordingly, operation O, ,
cannot be shifted since the deadline constraint would be violated. On the other hand,
operation O, , is shifted by increasing its degree of sequence to “2” because two
compute blocks are required to execute the operation and there is one available compute

block ahead of its allocation. As a result, O, , is allocated to the available resource
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blocks (i =1,p =5,t =1 — 2). Subsequently, the allocation of the remaining
operations proceeds according to the ordered list of operations. This is similar to the
initialization of the starting allocation. The dependency constraint for operation O3 , is
checked then the operation is allocated to the resource blocks (i = 2,p =1 - 4,t =
1). Operation 0,3 does not fit in the resource blocks (i = 2,p=5,t =1) or (i =
1,p =1 - 4,t = 2). However, 0, 5 fits in the available blocks (i = 2,p =1 - 5,t =
2) inwhich it is allocated accordingly. The first feasible allocation for 0, ; and O3 ; are
i=1p=1-4t=3)and (i=1,p=1- 3,t =2), respectively. The resultant

allocation is presented in Figure 5.9.

t=0
F F,

11 ]11]21]21]21] [31]31]31]31] |
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t=2
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1 2 3 & 5 1 2 3 4 B
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Figure 5.9: The allocation after finding the next solution

By applying Algorithm 5.3, the objective value of this solution is found to be
10 time slots. The algorithm continues the search to get better solutions by checking
each available resource block and shift the neighbored operation if possible.
Accordingly, the next available resource block to be checked is (i = 2,p = 5,t = 1).
However, operation O3 ; cannot be shifted due to the dependency relationship it has
with 03 ,. Afterward, the algorithm proceeds to the next available resource block (i =
1,p = 4,t = 2). Since 0, , is already shifted, according to Algorithm 5.5, the search
continues by checking the next available resource block (i =1,p =5,t = 3). By

considering this block, there are no more operations to be shifted, therefore no more
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solutions can be obtained. This is one of the terminating criteria. Consequently, the
search process is terminated, and the best objective value is found to be “10”. This
conforms with the objective value acquired by solving the optimization model (9-15)
using CPLEX optimization engine. Therefore, this confirms that the proposed SABS
algorithm solved the considered simple scheduling problem instance with the minimum

objective value.

5.3  Auction-Based Winner Determination (ABWD) Algorithm

According to the proposed decentralized framework presented in Section 4.2,
after the self-classification and local scheduling processes, provider agents will be
sharing available resources and consumer agents will be handing over requests to be
executed by provider agents. In Chapter 4, considering the decentralized nature of the
problem, the decision-making involved in the coordinated control is represented as the
winner determination problem. Furthermore, the winner determination problem is
modeled as a combinatorial auction problem that involves calculations of agent
preferences represented as utility values. However, due to the tremendously large
possible combinations of available resources, preferences calculation and winner
determination are NP-Hard problems. Thus, a novel developed ABWD algorithm is

proposed to obtain an adequate solution in polynomial time.

5.3.1. Preferences approximation. In Chapter 4, according to the proposed
framework, consumer agents should calculate their preferences that correspond to all
possible combinations of available resources. In addition, provider agents need to count
all their available resource blocks and the corresponding preferences. Such complex
computations affect performance dramatically. Therefore, in the proposed ABWD
algorithm, consumer and provider agents approximate their preferences. Accordingly,
consumers encode their preferences, bids, for each request as its requirements, i.e.
number of operations, instruction count and dependencies. Such information can be
retrieved from requests’ metadata without extensive computations. Moreover, to
uniquely identify the bid for each handed-over request, each bid is referred to by the ID
of its corresponding request and the ID of its corresponding consumer agent. For
example, agent i = 2, shown in Figure 4.6, classifies the request j = 3 as a handed-
over request. Therefore, the bid corresponding to the request j = 3 shall be referred to

as {2,3}. On the other hand, provider agents encode their available resources as the
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number of compute blocks they have, and the time slot from which all the compute
blocks are available. For further understanding, consider the example agent depicted in
Figure 4.8. The encoded data regarding the shareable available resources of that agent

is illustrated in Figure 5.10.

In Figure 5.10, the area shaded in red represents the encoded information of a
provider’s available resources to be sent to the coordinator. Such information is
encapsulated in three values: the corresponding provider agent’s ID, the time slot from
which all the compute blocks are available, and the provider agent’s capability in terms
of number of compute blocks. For example, in Figure 5.10, all the resources of the agent
i = 3 are available starting from the time slot ¢t = 3, and it has the capability of six
compute blocks. Consequently, the encapsulated information of the shareable available
resources can be represented as {3,3,6}. Afterward, the encoded preferences for both
providers and consumers are shared with the coordinator by which the auction takes

place for winner determination.

p=1

p=2
p=3
p=4
P=5 012
p=6

Time Slot o | 1

Figure 5.10: The available resources encoded by a provider agent (shaded area)

5.3.2. Winner determination and solution representation. After receiving
the encoded preferences from provider and consumer agents by the coordinator, two
lists are created accordingly: A list of goods that holds all the shareable available
resources, and a list of bids that represents handed-over requests’ preferences. After
constructing the two lists, the auction starts in order to determine the winners. As a

result, the outcome would be a list of winner-determinations. Particularly, each winner-
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determination is represented as a pair of a winner handed-over request’s bid and its
corresponding earned good, i.e. resources. The inputs and outputs of the winner
determination process are represented in Figure 5.11.

{1 =3} /
Bids

{24} :’

{1.2}

Winner
. Determination
Goods :’ \ /

Figure 5.11: Inputs/outputs of the winner determination algorithm

Figure 5.11 shows the inputs for the winner determination process, a list of
goods and a list of bids. Additionally, it shows the output of the process which is a list
of winner-determinations, winning bids and the corresponding earned goods.
Furthermore, in Figure 5.11, the resources of agent i = 3, namely {3,1,6}, are sold to
two different bids. Specifically, the bid {1,2} wins the goods that represent the resource
blocks of agent i = 3 starting from time slot t = 1 while the bid {2,4} wins goods that
represent the resources of the same agent, i = 3, starting from time slot t = 3. After
the winner determination process, the coordinator sends the winner requests to the

corresponding providers according to the list of winner-determinations.

As mentioned earlier in subsection 5.3.1, all providers send approximated
information regarding their available resources, i.e. only resource blocks during the
time slots in which all compute blocks are available. Thus, this degrades the auction
results’ accuracy. To compensate, a dynamic sealed-bid first-price auction mechanism

is imposed, observable in Figure 5.1.

5.3.3. Winner determination algorithm. In this subsection, the algorithm for

solving the winner determination problem is presented. In auctions, consumer agents
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are the buyers and provider agents are the sellers. The sealed-bid first-price auction
starts by offering one good at a time to all the buyers. For each good, all buyer bids and
the seller’s encoded preferences are used to calculate the utility value. Subsequently,
the bid that results in the highest utility value wins the offered good. Afterward, the
winning bid is removed from the auction and the remaining resources of the seller are
estimated. If all the resources of the offered good are estimated to be allocated, then the
offered good is removed from the auction and the next good, according to the list of
goods, is offered in the market. Finally, the auction repeats until all the submitted bids
have won some goods, or all goods have been sold. The process of winner
determination is depicted in Algorithm 5.8.

Input: List of Goods (goods), List of Bids (bids)
Output: List of Winners (winners), Variable indicates if all bids won some good (done)
done = false
currentGood = firstGood (goods)
While goods and bids are not empty do
maxUtility = -inf
for i in bids do
currentUtility = CalculateUtility (i, currentGood)
if currentUtility > maxUtility do
maxUtility = currentUtility
theWinnerBid = i
endif
endfor
theWinnerGood = currentGood
winnerPair = {theWinnerBid, theWinnerGood}
adds the “winnerPair” to the list “winners”
erase “theWinnerBid” from the list “bids”
update what remains from the “currentGood”
if currentGood has no more resources do
erase “currentGood” from the list “goods”
endif
currentGood = next (goods)
endwhile
if bids is empty do
done = true

endif

Algorithm 5.8: Winner determination

There is a drawback in the proposed Algorithm 5.8. To explain the issue,
consider the following example: let there be two handed-over requests, i.e. j = 1 and
j = 2, and two provider agents, namely i = 1 and i = 2. Also, assume that request j =
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1 has greater resource requirements than request j = 2. Furthermore, let agenti =1
have more shareable available resources than agent i = 2 such that agent i = 1 can
accommodate only one of the two requests while agent i = 2 can accommodate only
the smaller request, j = 2. Moreover, assume that the smaller request j = 2 has a higher
willingness-to-pay. Hence, if agent i = 1 resources are firstly offered in the auction,
the smaller request j = 2 will be executed by agent i = 1. However, agent i = 1 is
capable of executing only one of the two requests and agent i = 2 is only capable of
executing j = 2. Consequentially, both agents will not be able to execute the larger
request j = 1 and the scheduling process will fail. To tackle this issue, the list of goods
is sorted in descending order according to their resource availabilities before being
offered in the auction. Accordingly, goods with a limited number of shareable available
resource blocks are offered first to be purchased by the requests that require fewer

resources.

5.3.4. Utility calculation. In this subsection, the algorithm for calculating the
utility is presented. The algorithm is developed such that the utility value is influenced
by the deadline and the estimated finishing time of the buyer’s request, and the seller’s
estimated shareable available resources. Accordingly, the earlier a request is estimated
to finish its execution, the more its buyer is willing to pay. This reflects buyer
preferences. Furthermore, the more resources required for a request, the more its buyer
is willing to pay. This reflects seller preferences. The algorithm for calculating the
utility is defined as the “CalculateUtility” function in Algorithm 5.8. The function

procedure is presented in Algorithm 5.9.

Input: Good (good), Bid (bid)
Output: Utiliy Value (utility)
utility = -inf // no deal
estimatedExecutionTime = max(ceil(bid.requiredBlocks/good.numOfCBs), bid.dependencyLevel)
estimatedFinishingTime = estimatedExecutionTime + good.startTimeSlot — 1
neededResources = bid.requiredBlocks/good.numOfCBs
if bid.deadline > estimatedFinishingTime do // if deadline is met, check utility
/I calulate the utility
utility = neededResources + 2*timeWindow — estimatedFinishingTime — bid.deadline

endif

Algorithm 5.9: Utility calculation
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In Algorithm 5.9, the estimated finishing time of a request is the time in which
the execution starts plus the estimated execution time of that request. To estimate the
execution time of a request, the number of time slots needed to execute the request and
the maximum dependency level of the request are compared. Accordingly, the
execution time of the request is estimated to be the maximum of the two compared
values. Furthermore, if the estimated finishing time of a request passes its deadline,
then the auctioneer rejects the bid and the utility value is considered to be —inf. The
simplicity of the estimation reduces the complexity dramatically, however, it leads to
degradation in solution accuracy. To counterweigh, the auction is performed
dynamically as shown in the workflow of the proposed solution presented in Figure 5.1.
In detail, after provider agents receive handed-over requests according to the winners
list, they locally schedule the handed-over requests. Afterward, the information
regarding providers’ shareable available resources is updated accordingly and sent to
the auctioneer. Correspondingly, an auction is conducted offering the updated list of
goods. The whole process is repeated until all handed-over requests are allocated to

some shareable available resources.

5.3.5. ABWD algorithm: example. In this subsection, an example is
presented and is solved using the proposed ABWD algorithm for further understanding.
First, lists of resources and handed-over requests are defined. Accordingly, the
considered example consists of three agents: two of type providers and one of type
consumer. The two providers have the same compute capabilities of P = 6 but a
different number of shareable available resources. The list of resources, sorted in
descending order according to their availabilities, is represented in Table 5.3.
Furthermore, the consumer agent has two requests to hand over. The list of handed-

over requests is presented in Table 5.4.

After setting up both lists, the coordinator shall start the auction. According to
the sorted list of goods, the first good to be offered is {3,5,6}. Complying to Algorithm
5.9, the utility for selling the good {3,5,6} considering the bid {2,5} and {2.4} can be
calculated as “5” and “7”, respectively. The calculation details are provided in
Appendix C. The winning bid of the good {3,5,6} is chosen to be {2,5} since it results
in the greatest utility value. The execution time of {2,5} is estimated to be two time

slots. Therefore, for the good {3,5,6}, the starting time from which all its compute
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blocks are available is updated to be “8” instead of ““5”. Accordingly, the good {3,5,6}
is updated to be {3,8,6}.

Table 5.3: List of resources

i Free Starting Time Number of CBs Notation
5 6 {3.5,6}
1 3 6 {13,6}

Table 5.4: List of handed-over requests

{i,j} k IPS * 105 T Dependency level
2 0
6

{2.,5}

{2.4}

AIWINFR(WIN|F-
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Following Algorithm 5.8, the bid {2,5} is removed from the auction and the
succeeding good, according to the ordered list of goods, is offered next. Similarly, the
utility of selling {1,3,6} considering the bid {2,4} is calculated to be “5”. The
calculation details are provided in Appendix C. The bid {2,4} is providing the highest
utility since it is the only remaining one in the auction, hence, it is the winner of the
good {1,3,6}. According to Algorithm 5.8, {2,4} is removed from the auction.
Afterward, according to the list of winners, the coordinator sends the handed-over
requests to their corresponding provider agents for local scheduling and execution.
Subsequently, each agent schedules the received requests and inform the coordinator
with the updated shareable available resources accordingly. Consequently, the
auctioneer initiates another auction to schedule the rest of the handed-over requests, if
any. In this example, there are no more handed-over requests to bid in the auction.

Hence, the algorithm is terminated.
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Chapter 6. Experimentation and Results

In this chapter, the proposed model is implemented using the CPLEX
optimization tool to get an exact solution. Furthermore, the proposed heuristic
technique is implemented in C++ to obtain an approximated solution. Afterward, a
comparison is conducted between the exact solution and the approximated solution to
validate the quality of the proposed heuristic technique. For SABS and ABWD
algorithms, sensitivity analysis is performed to examine the impact of each system
parameter on the overall solution. Despite the decentralized nature of the fog computing
environment, a centralized scheduling approach, assuming full knowledge of the 5G
network and agent capabilities, is considered for comparative purposes. The assumed
centralized approach is used as a benchmark and is compared to the proposed
decentralized approach in terms of solution quality and execution time.

6.1.  Data Generation

The data used for experimentation is generated by a data generator developed
and implemented in C++. The output format of the developed data generator is
compatible with the heuristic algorithm and the CPLEX optimization tool. In addition,
different parameters can be set such as the number of small cells, the number of
compute blocks for each small cell, the capability of each compute block, the number
of requests to be generated, and the minimum and maximum numbers of operations per
request. Furthermore, multiple system parameters are randomized. To make the data
generation process as realistic as possible, different distributions are used to randomly
generate various parameters. Specifically, the instruction count per operation is
generated randomly following a uniform distribution. However, since the number of
operations per request is an unexpected random number between the user-specified

min-max bounds, it is randomly generated following a Poisson distribution [4], [5].

6.2. Centralized Approach Experimentations

In this section, multiple experiments considering the centralized approach are
presented. Different numbers of resources and operations are considered to assess
system performance. Moreover, sensitivity analysis is performed to address the impact
of each input parameter on the system behavior. All experimentations are conducted on

a machine that consists of Intel(R) Xeon(R) Gold 5118 processor with a speed of 2.3
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GHz and a RAM of 48 GB. The 64-bit version of Microsoft Windows 10 Education is

the operating system installed.

6.2.1. CPLEX simulation results. The proposed optimization model for the
centralized approach, represented in equations (9-15), is implemented in the
optimization programming language (OPL) and solved using the constraint
programming (CP) engine in the IBM ILOG CPLEX optimization studio. The
parameters used in the simulation process are the same parameters used to validate the
model, shown in Table 3.3. Using the developed data generator, different numbers of
requests, operations, small cells and compute blocks are considered. Table 6.1 shows
information regarding all the conducted experimentations using CPLEX to solve the

optimization problem assuming centralized settings.

Table 6.1: CPLEX experiments for the centralized approach

Experiment Number of Number of Number of Number of
No. Requests Operations Small Cells Compute Blocks
1 2 6 2 8
2 3 9 2 11
3 3 11 2 20
4 4 16 2 20
5 3 38 3 22

For each experiment in Table 6.1, an optimal solution is obtained using the
CPLEX optimization tool. Furthermore, the requests’ average makespan, in time slots,
and the execution time of the model solver, in seconds, are logged and presented in
Table 6.2. It is noteworthy that the execution time does not include the communication

delay involved in solving the scheduling problem in all the upcoming experiments.

Table 6.2: CPLEX results for the centralized approach

Experiment No. Avera_ge Makespan Execution Time ()
(time slots)
1 2 1
2 2.33 5
3 3 80
4 3.5 8350
5 N/A N/A
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To interpret the scheduling problem complexity, Figure 6.1 presents a bar chart
that shows the impact of each experiment on the execution time of the model solver.

9000 8350
8000
7000
6000
5000
4000
3000

Execution Time (s)

2000

1000
1 5 80 N/A
O —

1 2 3 4 5
Experiment No.

Figure 6.1: Centralized approach execution time (CPLEX)

From the bar chart in Figure 6.1, it is observable that by increasing the search
space, whether by increasing the number of operations or the number of compute
blocks, the execution time is increasing dramatically. This complies with the fact that
the scheduling problem is an NP-Hard in the strong sense. Additionally. The influence

on the average makespan can be perceived in the bar chart shown in Figure 6.2.
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Figure 6.2: Centralized approach average makespan (CPLEX)
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By considering experiment No. 3 and 4 in Figure 6.2, it is observable that the
number of compute blocks is the same, 20 compute blocks. However, the number of
operations increased from 11 to 16 and the average makespan increased from 3 to 3.5.
Consequently, the impact of increasing the number of operations on the resultant
average makespan becomes questionable. Therefore, sensitivity analysis is conducted
and presented later in this section.

6.2.2. SABS algorithm performance evaluation. The proposed SABS
algorithm is implemented in C++ to solve the scheduling problem. In this subsection,
the proposed solution is tested, and the results are compared with the optimal solutions
obtained by CPLEX. For comparative purposes, the same generated data, shown in
Table 6.1 is used. Likewise, system parameters used for the model validation and for
the CPLEX experimentation, presented in Table 3.3, are considered. The results of
running the simulation of the SABS algorithm are depicted in Table 6.3.

Table 6.3: SABS results for the centralized approach

Experiment No. Avera.ge Makespan Execution Time (ms)
(time slots)
1 2 0.128
2 2.33 0.285
3 3.67 0.360
4 3.5 0.760
5 8.67 1.224

In Table 6.3, the average makespan increases with the escalation of the problem
size. To be able to compare the results with the optimal solutions, the average makespan
obtained from the CPLEX simulation and SABS results are illustrated in Figure 6.3.
The average makespan obtained by the proposed SABS algorithm is very close to the
average makespan acquired from solving the model by CPLEX engine. However, some
results are slightly greater than the optimal solution. Nonetheless, these results are

acceptable considering the amount of time saved in solving the scheduling problem.

Thus far, all the experiments were conducted considering a small number of
inputs, i.e. requests, operations, small cells and compute blocks, for the purpose of
comparing the proposed SABS algorithm with the optimal solution. However, to

evaluate the performance of the proposed algorithm in more realistic scenarios, more
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experiments are performed considering problems with various set-ups and scaled sizes.

The experimentation parameters, resultant average makespan and execution time are

presented in Table 6.4,
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Figure 6.3: SABS vs. CPLEX (average makespan)
Table 6.4: SABS experimentation parameters and results
. Number Number | Number of Average Time
Experiment Number of
No of Operations of Small Compute Makespan Elapsed
' Requests P Cells Blocks (time slot) (ms)
1 2 6 2 8 2 0.128
2 3 9 2 11 2.33 0.285
3 3 11 2 20 3.67 0.36
4 4 16 2 20 3.5 0.76
5 4 16 3 23 4 0.814
6 3 38 3 22 8.67 1.224
7 100 500 5 100 22.01 3.201
8 20 1000 2 100 48.8 12.631
9 100 1000 10 200 22.17 8.569
10 100 2000 5 100 94.39 13.924
11 100 2000 20 400 24.14 16.158

In Table 6.4, the problem size is ascendingly increasing throughout the

experiments. Moreover, the average makespan escalates by increasing the problem size.
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To further examine the influence in the average makespan, a bar chart shows the
average makespan corresponding to each experiment is shown in Figure 6.4.
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Figure 6.4: SABS average makespan

In the bar chart in Figure 6.4, it is observable that the greater the size of the
problem, the larger the average makespan. Additionally, by examining experiments 7,
8 and 10, one can notice the impact of increasing the number of operations on the
average makespan while keeping the other parameters fixed. In other words, whenever
the number of operations increases, the average makespan increases. However, the
average makespan drops in some experiments, namely 4, 9 and 11. In experiment 4, the
number of requests increases. Therefore, the requests’ average makespan decreases. On
the other hand, the reason behind the drop noticeable in experiment 9 and 11 is different.
Precisely, the number of compute blocks are incremented significantly in these two
experiments. Consequently, there are more available compute blocks that enable more
parallel executions of operations. In Figure 6.4, the effecting parameter might be the
number of operations or the number of compute blocks or other factors. To confirm the

influential parameter, sensitivity analysis is presented later in this section.

Similarly, by examining the change in execution time throughout the

experiments in Table 6.4, one can notice that the execution time rises proportionally to
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the problem size. For further interpretation, the change in execution time of each
experiment is illustrated in the graph shown in Figure 6.5.
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Figure 6.5: SABS execution time

In Figure 6.5, the execution time of the SABS algorithm escalates as the problem
size increases. However, the execution time of experiment 8 does not follow the overall
trend demonstrated by the other experiments. This might be a result of having a lower
number of requests, or fewer number of small cells, or other hidden factors. In fact, the
effect of different parameters is unclear considering the results obtained from the
conducted experimentations. Therefore, this stimulated the need for carrying out
sensitivity analysis in which each parameter’s impact on System performance is
investigated.

6.2.3. SABS sensitivity analysis. To examine the influence of a specific
parameter on the average makespan and the execution time of the proposed SABS
algorithm, all the other parameters are fixed while varying the value of that specific
parameter. Accordingly, to find the effect of the number of requests in a given
scheduling problem, experiments with various numbers of requests are conducted. For
each experiment, the corresponding average makespan and execution time are logged.

All experiments’ parameters and results are presented in Table 6.5.
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Table 6.5: The impact of varying the number of requests on SABS algorithm

. Number Number | Number of Average .
Experiment Number of Execution
No. of Operations of Small Compute Makespan Time (ms)

Requests Cells Blocks (time slot)

1 2 100 2 50 25 15.424

2 5 100 2 50 11.4 8.679

3 10 100 2 50 9.9 1.569

4 20 100 2 50 9 0.969

5 50 100 2 50 4.98 0.841

6 100 100 2 50 3.28 0.226

In Table 6.5 the average makespan decreases as the number of requests
increases. Since the total number of operations is unchanging, the amount of instructions
that need to be executed by the small cells is the same in all the experiments. However,
the number of operations per request varies throughout the experiments. For further
analysis, the relationship between the number of operations per request and the average
makespan can be illustrated in the bar chart shown in Figure 6.6.
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Figure 6.6: SABS average makespan by varying the number of requests

In the bar chart in Figure 6.6, the larger the number of operations per request,
the higher the average makespan. Two reasons can clarify this observation: First, the
average makespan is calculated as the sum of all requests’ makespan divided by the

number of all requests. Therefore, a smaller number of requests leads to a higher
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average makespan. Second, there are dependencies among operations of the same
request. However, there are no dependencies among different requests. Hence, the more
operations per request, the more dependencies exist among them. Accordingly, the
more the dependencies among operations the fewer the operations that can be executed
in parallel. As a result, more operations are executed in a sequential fashion,
consequentially increasing the average makespan. Furthermore, it is evident from Table
6.5 that the execution time is influenced by the number of requests in the scheduling

problem. The relationship can be shown in the graph plotted in Figure 6.7.
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Figure 6.7: SABS execution time by varying the number of requests

In Figure 6.7, the execution time dramatically increases with the reduction of
the number of requests. This observation can be explained with the following: the
number of dependencies among operations increases as the number of requests
decreases. Accordingly, more calculations are required to satisfy the dependency
constraint. Thus, the scheduling complexity rises intensely, consequentially increasing

the execution time of the algorithm.

Furthermore, the proposed algorithm performance is analyzed while varying the
number of operations and keeping the number of requests fixed to further study the

effect of the operation dependencies. The changes on the makespan and the execution
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time of the proposed solution by varying the total number of operations and fixing all

other parameters are logged in Table 6.6.

Table 6.6: The impact of varying the number of operations on SABS algorithm

. Number
Experiment Number | Operations Number of Number of Average Execution
of Per . of Small Makespan -
No. Operations Compute - Time (Ms)
Requests Request Cells Blocks (time slot)

1 10 1 10 2 50 0.6 0.07
2 10 2 20 2 50 15 0.173
3 10 3 30 2 50 3.1 0.466
4 10 4 40 2 50 3.3 0.776
5 10 5 50 2 50 4.9 0.963
6 10 6 60 2 50 5.3 1.144
7 10 20 200 2 50 N/A N/A

In Table 6.6, the average makespan is rising with the growth of the total number
of operations. Moreover, experiment 7 illustrates the system behavior when the
available resources are insufficient to satisfy request requirements. Accordingly, the
system fails to schedule the requests within the given deadlines. Furthermore, the
number of operations per request is recorded to examine the effect on the average
makespan. In fact, there is a relationship between the number of operations per request
and the average makespan. Such a relationship is illustrated in the bar chart shown in

Figure 6.8.
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Figure 6.8: SABS average makespan vs. number of operations per request
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In the chart shown in Figure 6.8, it is perceptible that the average makespan
increases as the number of operations per request increases. This observation can also
be explained as a result of the escalation in the number of dependencies among
operations. This complies with the conclusion reached earlier while interpreting the
effect of varying the number of requests on the average makespan, shown in Figure 6.6.
Moreover, the proposed algorithm’s execution time is influenced by the number of
operations per request. To further examine the impact, a graph describes the
relationship between the execution time and the number of operations per request is
shown in Figure 6.9.
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Figure 6.9: SABS execution time vs. number of operations per request

The graph in Figure 6.9 shows the impact of the number of operations per
request on the execution time of the proposed SABS algorithm. It is noticeable that
rising the number of operations per request increases the execution time of the
algorithm. This also agrees with the conclusion inferred earlier while examining the
influence of changing the number of requests on the execution time, demonstrated in
Figure 6.7. Furthermore, in Figure 6.9, the complexity instigated by increasing the

number of operations per request is approximately linear in time.

Thereafter, sensitivity analysis is performed for the parameters that represent

system resources, small cells and their compute blocks. Considering different numbers
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of small cells, the average makespan and the execution time of the proposed algorithm

are noted in Table 6.7.

Table 6.7: The impact of varying the number of small cells on SABS algorithm

. Number Number | Compute Number Average | Execution
Experiment Number of of -
of ; of Small | Blocks Per Makespan Time
No. Operations Compute -

Requests Cells Small Cell Blocks (time slot) (ms)

1 10 100 1 60 60 7.4 4.267
2 10 100 2 30 60 7.5 4.185
3 10 100 3 20 60 1.7 4.42
4 10 100 4 15 60 8.6 4.456
5 10 100 5 12 60 8.2 4.965
6 10 100 6 10 60 8.9 4.149

The relationship between the number of small cells and the average makespan

is summarized in Figure 6.10.
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Figure 6.10: SABS average makespan vs. the number of small cells
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In the bar chart in Figure 6.10, the average makespan slightly increases by

raising the number of small cells given the same number of compute blocks. The cause

of such results is the indivisibility constraint, equation (11), which prevents any

operation from being executed by multiple small cells. In addition, scattering the
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compute blocks across more small cells decreases the number of compute blocks per
small cell. As a result, fewer operations can be executed in parallel which eventually
leads to a larger average makespan. Moreover, the correlation between the proposed
algorithm execution time and the number of small cells is illustrated in the graph shown
in Figure 6.11.
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Figure 6.11: SABS execution time with different numbers of small cells

In the graph in Figure 6.11, the execution time of the proposed SABS algorithm
seems to be unaffected by the number of small cells. Despite the incrementation in the
number of small cells, the number of compute blocks is unchanged throughout the
experiments. Therefore, the search space, from which a solution is obtained, remains
the same. Thus, the uncorrelation between the number of small cells and the execution
time of the algorithm is reasonable. Moreover, changing the number of compute blocks
per small cell has no impact on performance as the number varies from 60 to 10 with
no remarkable change in the execution time. Furthermore, to examine the outcome of
increasing the search space, more experiments considering different numbers of
compute blocks are performed and the resultant average makespan and execution time
of the proposed algorithm are logged. The experimentation parameters and results are
listed in Table 6.8.

107



Table 6.8: The impact of varying the number of compute blocks on SABS algorithm

Compute Number

Experiment Number Number of Number Blocks of Average Execution
No of Operations of Small Per Small | Compute Makespan Time (Ms)
) Requests P Cells o P (time slot)
ell Blocks
1 10 100 2 10 20 26.5 3.75
2 10 100 2 15 30 135 3.303
3 10 100 2 20 40 10.9 2.155
4 10 100 2 25 50 9.1 1.657
5 10 100 2 30 60 8.6 1.2395
6 10 100 2 35 70 7.2 1.108

In Table 6.8, by increasing the total number of compute blocks from 10 to 70,
the average makespan falls from 26.5 time slots to 7.2 time slots while the execution
time drops from 3.75 ms to 1.108 ms. To further examine the relationship between the
total number of compute blocks and the average makespan, a graph describes the

correlation between them is illustrated in Figure 6.12.
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Figure 6.12: SABS average makespan vs. the number of compute blocks

The graph in Figure 6.12 shows that the more the available compute blocks, the
smaller the average makespan. The reason is that there are more available resources to
process more requests. Therefore, more operations can be parallelly executed at the
same time, leading to a lower average makespan. Additionally, it is visible in Figure
6.12 that the effect on the average makespan decreases as more compute blocks are

added to the problem. For instance, the average makespan dropped by 13 time slots
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after incrementing the number of compute blocks by 10, from 20 to 30. Afterward, the
same number of compute blocks is added to make it 40. However, the average
makespan falls only 2.6 time slots. This can be explained as follows: although
increasing the number of compute blocks enables more operations to be executed at the
same time, there is a point by which the dependencies among operations prevent more
parallel executions. Therefore, the change in the average makespan will eventually
saturate. Moreover, it is noteworthy that the effect on the average makespan, shown in
Figure 6.12, is mainly caused by the total number of compute blocks and not the number
of compute blocks per small cell. The conclusion obtained from Table 6.7 confirms the
uncorrelation between the average makespan and the number of compute blocks per
small cell. Furthermore, the effect of having more resources on the execution time is

described by the graph conducted in Figure 6.13.
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Figure 6.13: SABS execution time vs. the number of compute blocks

In Figure 6.13, the graph shows that the execution time drops significantly by
increasing the number of compute blocks. The design of the proposed SABS algorithm
is the origin of such results. In specific, the SABS algorithm starts with the most
parallelized solution, with the least degree of sequence. If the number of compute
blocks is limited, the initial schedule will have several small idle resource blocks. Thus,

the search space to reach the convergence state increases, leading to greater execution
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time. On the other hand, the greater the number of compute blocks, the closer the initial
solution is to the final best solution, therefore reducing the number of iterations needed
for the algorithm to converge, eventually requiring less execution time. The number of
compute blocks per small cell is not the influential factor on the execution time as the

conclusion acquired from Table 6.7 also confirms the uncorrelation.

To conclude, the performance of the proposed SABS algorithm is adequate
compared to the optimal solutions obtained by the CPLEX optimization tool. In
general, there is an impact of increasing the problem size on the algorithm execution
time and the resulting average makespan. In specific, increasing the total number of
operations as well as the number of operations per request increases both the average
makespan and the execution time. On the other hand, the greater the number of
compute blocks, the smaller the average makespan and the less the execution time.
Finally, the number of small cells has an influence on the average makespan in a
directly proportional manner. Nevertheless, it has no impact on the algorithm

execution time.

6.3. Decentralized Approach Experimentations

In this section, multiple experiments are presented to evaluate the performance
of the proposed decentralized approach. Different numbers of resources and operations
are considered to examine the overall system performance. Furthermore, sensitivity
analysis is performed to address the impact of each parameter on the system behavior.
All experimentations are conducted on a machine that consists of Intel(R) Xeon(R)
Gold 5118 processor with a speed of 2.3 GHz and a RAM of 48 GB. The 64-bit version

of Microsoft Windows 10 Education is the operating system installed.

6.3.1. CPLEX simulation results. The proposed decentralized framework
and all the associated optimization models are implemented in OPL and solved using
CP engine provided by the IBM ILOG CPLEX optimization studio. Moreover, the
proposed interaction structure, presented in Figure 4.1, is implemented in JavaScript.
The parameters used in the simulation process are the same parameters used in the
centralized approach experimentations, shown in Table 3.3. Using the developed data
generator, different values of system parameters are considered. Table 6.9 shows

information regarding the experimentations simulated using CPLEX.
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Table 6.9: CPLEX experiments for the decentralized approach

Experiment Number Number of Number Number of | Number of Number of
No of Operations of Small Providers | Consumers Compute
' Requests Cells Blocks
1 8 31 3 2 1 17
2 15 59 6 4 2 34
3 23 90 9 6 3 51
4 30 118 12 8 4 68

For each experiment in Table 6.9, the scheduling problem is solved using
CPLEX optimization tool to get an optimal solution. Accordingly, the average

makespan and the execution time are logged and listed in Table 6.10.

Table 6.10: CPLEX results for the decentralized approach

Experiment No. Avera.ge Makespan Execution Time ()
(time slots)
1 5.125 550
2 4.5 593
3 4.826 10211
4 N/A N/A

To examine the complexity of the decentralized scheduling problem, Figure

6.14 illustrates a bar chart that shows the impact of each experiment on the execution

time.
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Figure 6.14: Decentralized approach execution time (CPLEX)
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In the bar chart in Figure 6.14, it is evident that the problem size affects the
execution time dramatically. This complies with the fact that the decentralized
scheduling problem is an NP-Hard problem. Furthermore, the influence on the average
makespan is shown in the bar chart presented in Figure 6.15.
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Figure 6.15: Decentralized approach average makespan (CPLEX)

In Figure 6.15, the average makespan fluctuates by increasing the problem size.
Accordingly, the result does not provide enough information to reach a certain
deduction. Therefore, later in this section, sensitivity analysis is performed to further

understand the influence of each parameter on the overall system performance.

6.3.2. Decentralized auction-based approach performance evaluation. The
proposed decentralized auction-based heuristic is implemented in C++. In this
subsection, the proposed solution is simulated, and the results are presented. In addition,
the optimal solutions obtained by CPLEX is used as a benchmark to evaluate the quality
of the proposed solution. For the sake of the comparison, the generated data in Table
6.9 and the parameters in Table 3.3 are used. The results of running the simulation of
the proposed solution are presented in Table 6.11. To compare the average makespan
in Table 6.11 with the corresponding optimal values, a bar chart showing the average
makespan obtained from the decentralized heuristic and CPLEX is depicted in Figure
6.16.
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Table 6.11:

The decentralized heuristic average makespan and execution time

. Average Makespan . .
Experiment No. (time slot) Execution Time (ms)
1 5.5 0.67
2 4.73 0.685
3 5 0.671
4 4.73 0.731
6
12

>125 > 4826

4.73

Average Makespa (time slot)
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Figure 6.16: Decentralized heuristic vs. CPLEX (average makespan)

The average makespan acquired by the proposed decentralized heuristic is very
close to the optimal average makespan obtained by CPLEX. Therefore, these results
are acceptable considering the amount of time saved in solving the scheduling problem.
Moreover, to assess the quality of the proposed algorithm, the proposed heuristic
algorithms for the decentralized approach and the centralized approach are simulated
and compared considering various problem sizes. Experimentation parameters are
listed in Table 6.12.

For the centralized approach, all the experiments in Table 6.12 are conducted
using the proposed SABS algorithm. On the other hand, the proposed decentralized
auction-based approach includes both SABS and ABWD algorithms. The resultant

average makespan and the execution time are depicted in Table 6.13.

In Table 6.13, the average makespan is unaffected by the problem size as

opposed to the execution time because more operations are executed by more resources.
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Figure 6.17 shows the average makespan and its moving average for both considered

approaches.
Table 6.12: Decentralized heuristic experimentation parameters
Experiment Number Number of Number Number of | Number of Number of
No. of Operations of Small Providers | Consumers Compute
Requests Cells Blocks
1 8 31 3 2 1 17
2 10 39 4 3 1 23
3 14 55 5 3 2 28
4 15 59 6 4 2 34
5 17 67 7 5 2 40
6 22 86 8 5 3 45
7 23 90 9 6 3 51
8 25 98 10 7 3 57
9 29 144 11 7 4 62
10 30 118 12 8 4 68
11 32 126 13 9 4 74
12 37 145 14 9 5 79
13 38 149 15 10 5 85

Table 6.13: Experimental results: centralized vs. decentralized approach

Decentralized Heuristic Centralized Heuristic
Experiment
No. Average Execution Time Average Execution Time
M.akespan (ms) I\/I_akespan (ms)
(time slot) (time slot)
1 5.5 0.67 5.375 0.572
2 5.3 0.672 5 0.957
3 4.66667 0.67 5.866666667 1.123
4 4.5625 0.685 5.1875 2.18
5 4.55556 0.665 5.166666667 2.073
6 4.95652 0.875 5.652173913 2.377
7 4.875 0.671 5.833333333 1.474
8 4.84615 0.689 5.192307692 4.235
9 4.6129 0.884 5.516129032 5.457
10 4.5625 0.731 5.34375 6.613
11 4.5588 0.708 5.323529412 8.086
12 4.79487 0.85 5.512820513 13.055
13 4.75 0.674 5.25 13.8
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Figure 6.17: Centralized heuristic vs decentralized heuristic (average makespan)

In Figure 6.17, the performance of the decentralized heuristic overcomes the
centralized SABS algorithm. This is because the scheduling problem is divided into
smaller subproblems which are dispersed across multiple small cells in the
decentralized approach. Accordingly, each small cell handles its simpler scheduling
problem. Since SABS quality is influenced by the problem size, having the problem
divided across multiple agents improves the results. Moreover, in Table 6.13, it is
noticeable that the decentralized heuristic execution time is independent of the problem
size as opposed to the centralized heuristic execution time. For further inspection, the

change in the execution time of the two heuristics is plotted in Figure 6.18.
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Figure 6.18: Centralized heuristic vs. decentralized heuristic (execution time)
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In Figure 6.18, the execution time of the decentralized auction-based heuristic
is unaffected by the problem size. However, as deduced earlier, the complexity of the
centralized heuristic, SABS, increases with the growth of the problem size. Therefore,

this confirms the scalability of the decentralized auction-based heuristic solution.

6.3.3. Decentralized auction-based heuristic sensitivity analysis. In this
subsection, the impact of each system parameter on the average makespan and the
execution time of the proposed decentralized heuristic solution is investigated.
Sensitivity analysis is performed by varying the value of each input parameter
individually. The decentralized proposed solution utilizes two algorithms, namely
ABWD and SABS. In subsection 6.2.3, sensitivity analysis for the SABS algorithm was
presented. Therefore, this subsection focuses on the sensitivity analysis for the ABWD
algorithm. The inputs for the proposed ABWD algorithm are the number of consumer
agents and the number of provider agents. Hence, the impact of the two input parameters
is to be investigated. First, the number of provider agents is systematically changed
while keeping the number of consumer agents fixed. Experiment parameters and results

are shown in Table 6.14.

Table 6.14: The impact of the number of provider agents on ABWD algorithm

Experiment Number Number of Number Number of Average Execution
No of Operations O.f Consumers M_akespan Time (ms)
' Requests Providers (time slot)
1 30 115 5 5 5.6667 0.7
2 31 119 6 5 5.67742 0.743
3 32 123 7 5 5.53124 0.704
4 33 127 8 5 5.39394 0.675
5 34 131 9 5 5.26471 0.696
6 35 135 10 5 5.14286 0.735

In Table 6.14, the results show that the average makespan drops as the number
of provider agents increases. To further examine the relationship, a bar chart showing
the makespan corresponding to the number of provider agents is presented in Figure
6.19.

In Figure 6.19, the larger the number of provider agents, the smaller the average

makespan. The reason behind this drop is that more providers leads to more available
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shareable resources. Therefore, more requests can be executed in parallel. Moreover,

the change in the makespan and the execution time of the proposed heuristic solution

is examined by varying the number of consumers. The results and the parameters of the

experiments are listed in Table 6.15.
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Figure 6.19: Average makespan by varying the number of provider agents

Table 6.15: The impact of the number of consumer agents on ABWD algorithm

Experiment Number Number of Number Number of Average Execution
No of Operations O.f Consumers Makespan Time (ms)
' Requests Providers (time slot)

1 35 135 10 5 5.14286 0.735

2 40 154 10 6 5.35 0.697

3 45 173 10 7 5511111 0.661

4 50 192 10 8 5.64 0.703

5 55 211 10 9 5.74545 0.773

6 60 230 10 10 5.6667 0.76

7 65 249 10 11 N/A N/A

Table 6.15 shows that the average makespan rises with the growth of the number

of consumer agents. To inspect the relationship, a bar chart presenting the average

makespan corresponding to different numbers of consumer agents is illustrated in

Figure 6.20.

In Figure 6.20, the larger the number of consumer agents, the larger the average

makespan. Such a correlation exists because the more the number of consumer agents,

the more the number of handed-over requests. Therefore, more shareable available
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resources are required. Since the number of providers is fixed, the number of shareable
available resources is also unchanged. Thus, the additional handed-over requests will
be scheduled in a sequential manner, increasing the average makespan. Eventually, the
shareable available resources will be insufficient to accommodate all the handed-over
requests, leading to system failure, noticeable in experiment 7. Finally, the difference
in the execution time of the proposed decentralized solution is examined while varying
the number of consumer and provider agents. A graph, extracted from Table 6.14 and

6.15, showing the execution time of the proposed heuristic is depicted in Figure 6.21.
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Figure 6.20: Average makespan by varying the number of consumer agents
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Figure 6.21: Execution time vs. number of agents
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The graph in Figure 6.21 combines the experiments in Table 6.14 and Table
6.15. The graph in Figure 6.21 shows an approximately constant execution time with
an average of 726 ps. Consequentially, the number of agents, whether providers or
consumers, has no influence on the execution time of the proposed algorithm. This
conforms with what is concluded in subsection 6.3.2 that the system is scalable.

To summarize, the quality of the decentralized heuristic algorithm is tested by
comparing the average makespan with the results obtained by using CPLEX
optimization engine. The resultant values are very close to the optimal values.
Furthermore, the performance of the decentralized auction-based heuristic solution is
assessed by comparing it to the centralized SABS algorithm. The average makespan of
the decentralized heuristic is lower than the centralized heuristic. Moreover, the
execution time of the decentralized heuristic remained approximately constant with
different problem sizes as opposed to the centralized algorithm. Therefore, we can
conclude that the proposed decentralized auction-based solution is adequate in solving
scheduling problems in scaled sizes, consequentially able to accommodate the

momentous upsurge of connected user-devices.
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Chapter 7. Case Study: Chronic Obstructive Pulmonary Disease

Chronic Obstructive Pulmonary Disease (COPD) is a term that describes
multiple progressive lung disorders. A patient diagnosed with this disease suffers from
an unbalanced amount of exerted oxygen, leading to breathing difficulties. COPD is a
chronic, incurable, disease that needs continuous treatment. Therefore, patients need
24/7 monitoring and supervision to provide the needed amount of oxygen and maintain
its healthy level. In this chapter, a case study about utilizing fog computing in COPD
treatment is presented.

7.1.  Fog Computing in Healthcare

Nowadays, traditional healthcare is found to be inconvenient for multiple
reasons. For instance, physicians do not have the time capacity to offer a fair amount
of time for diagnosing each patient. Furthermore, the lack of modern monitoring
equipment led to the need for patient hospitalization which helps diseases to spread
more. In addition, more medical staff are needed since the demand for healthcare is
increasing due to aging, spreading of diseases and population growth. Furthermore,
visiting a health facility for medical check-ups is costly, and it is predicted to be
increasing in the future. Therefore, the community needs patient-centered care (PCC)
alternative solution that exploits today’s available technologies instead of traditional
healthcare, clinic-centered solution [42]. To enable patient-centered healthcare, 10T-
enabled technologies are used. By developing a domain-specific software, 10T smart
devices, with the help of sensors, can remotely monitor the patients and send collected
data accordingly. Subsequently, the data is processed to acquire useful information.
Afterward, the appropriate healthcare worker, i.e. doctor, nurse or physician, is
informed with the resultant knowledge for further decision making and diagnostic
purposes. In some cases, an 10T smart device can take its own decision to provide the
patient with the needed therapy. Such applications involve real-time requests with hard
deadlines. In general, 10T technologies rely on cloud computing. However, the delay
results from using cloud services makes the cloud paradigm unreliable in the healthcare
domain. Thus, time-critical requests cannot be resolved by the cloud. To solve this
problem, fog computing is considered to be a candidate. In addition, using fog
computing in healthcare increases patient mobility, improves reliability and ensures

continuous health monitoring [43].
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7.2.  Breath Assistance System

COPD patients suffer from issues in breathing due to the instability of the
oxygen level supplied. Machines and devices that contain oxygen can be used to
provide the needed amount of oxygen to the patients. However, the prescribed level of
oxygen depends on specialists’ assumption of oxygen minimal exertion. The
assumption is relatively accurate if the patient is under monitoring in a hospital with no
major activities. In other words, the patient’s situation is characterized to be static.
Therefore, the amount of oxygen prescribed is fixed. In this static case, a device can
periodically supply the needed amount of oxygen as prescribed by doctors. The static
problem is actually investigated before in [44]. Nevertheless, the static situation does
not consider any physical activity although exercises, even basic ones, are very useful
and beneficial to COPD patients [45]. The most basic exercise for COPD patients is
walking. Moreover, walking-based therapy is proven to enhance the treatment and life
quality of COPD patients [46]. Hence, it is important to consider and study a breathing
assistance system for COPD patients that considers the dynamic nature of oxygen
needs. Dynamic monitoring and assistance in a fog computing environment are
investigated in [47]. The work describes the nature of such service requests in the
environment of fog computing. The environment of such an architecture, considering

fog computing and 5G infrastructure, can be shown in Figure 7.1.

M. CcRAN
@ smalicell
@) Internet
(@) A Edge Device

.......... Fronthaul
Backhaul

Context data
processing
Onygen dosesuning ‘ smart data
processing

nnnnnn

Context information
—
‘B
&
s T
2

i| Physical activity
monitoring

Figure 7.1: Fog/5G environment of the breath assistance system
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7.2.1. Oxygen adjustment as a service request. As described in [47],
monitoring a patient and providing a suitable amount of oxygen is a real-time service
request. Such a critical request needs to be evaluated by the fog computing layer to
avoid the delay of cloud datacenters. Moreover, in addition to patients’ conditions and
their physical activities, the actual amount of oxygen required depends on other external
factors such as air pollution. Information about external factors is periodically sent to
the cloud for data analytics. The result is a predictive model, sent back to the fog nodes,

that estimates the required amount of oxygen needed.

The portable breath assistance device monitors the patient physical activity and
arterial oxygen partial pressure. Afterward, the device sends the related information to
the fog layer periodically. Accordingly, the data is encoded in a suitable format to be
ready for sending. As a fog node receives the data, it decodes the data to be in a ready-
to-read format. Furthermore, the predictive model for oxygen level prediction is loaded
and applied. Consequentially, the fog node decides whether to supply oxygen to the
patient or only notify the patient about a potential need. Finally, the resultant data is
encoded to be sent to the device that takes action accordingly. The operations of the

oxygen adjustment request can be summarized in Table 7.1.

Table 7.1: Operations of a service request (oxygen adjustment)

Op(le\llrgtlon Description Instruc(’i\l/(l)lr; Count Dependency
1 Data Decoding 0.2 N/A
2 Loading the predictive model 0.3 N/A
3 Applies the model and Predict 0.4 12
the output
4 Data Encoding 0.3 3

7.2.2. Simulation Results. For this simulation, an environment that consists
of 2 small cells is considered. The first one has 4 compute blocks and the second one
has 5 compute blocks. Each compute block has the capability of 150 MIPS. In this
environment, there are three patients that are connected to the fog layer through their
breath assistance portable devices. Each one demands a service request of adjusting the
oxygen level. Therefore, according to Table 7.1, the total number of operations to be

scheduled is 12. As a result, this scheduling problem instance is solved using the
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proposed heuristic as well as the CPLEX solver. The proposed algorithm managed to
achieve an average makespan of 4.33 time slots while CPLEX acquired the optimal
schedule with an average makespan of 4 time slots. Finally, the algorithm result is good
enough compared to CPLEX since the execution time between them is tremendous.
CPLEX obtained the optimal schedule in 10.20 s while the proposed heuristic scheduled

all operations in 361 ps.
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Chapter 8. Conclusion and Future Work

This work focused on the problem of minimizing the latency of fog computing
within the 5G network. The problem of minimizing the latency was defined as a
scheduling problem that involves allocating small cell resources to service requests
received from user-devices in the 5G network. By considering the environment and its
characteristics, the scheduling problem was modeled as an optimization problem. The
proposed optimization model represents the scheduling problem given full knowledge
of the resources and requests within the network. However, a top-view solution is not
adequate given the decentralized nature of the small cells in 5G networks. Furthermore,
this decentralized environment led to interdependencies between the small cells in the
physical setup as well as the mental domain. Therefore, a decentralized framework is
proposed to solve the interdependency problem. The proposed framework consists of
multiple subproblems, namely the self-classification, local scheduling and winner
determination problems. Each subproblem is formulated as a different optimization
model. Moreover, a game-theoretic approach is used to map the winner determination
problem into a non-cooperative simultaneous combinatorial game with complete but
imperfect information. Afterward, an economic-based approach is considered to model
the game as a combinatorial auction problem. Furthermore, agent preferences are
represented as utility values that reflect their local interests. Subsequently, all the
proposed optimization models are validated by solving the models by hand and by using
an optimization engine where results were shown to be the same. Solving a small
scheduling problem instance of 16 operations and 20 available compute blocks using
CPLEX required 2 hours, 19 minutes and 10 seconds of execution time. Moreover, the
process of scheduling 38 operations in 22 compute blocks failed to complete after
running the simulation for one week. In the validation process of the proposed
decentralized framework, solving a small scheduling problem instance of 90 operations
and 51 available compute blocks using CPLEX required 2 hours, 50 minutes and 11
seconds of execution time. Furthermore, after running the simulation for one week, the

solver failed to schedule 118 operations in 68 compute blocks.

The problem of scheduling service requests across small cell resources is

involved in the self-classification and local scheduling processes. The execution time
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of the CPLEX solver is unrealistic due to the NP-hardness of the scheduling problem.
Hence, a simulated annealing-based scheduling algorithm is proposed to solve the
scheduling problem in polynomial time. The SABS algorithm is implemented and
tested in C++ programming language. The results of the algorithm were compared to
the optimal solutions acquired by an optimization engine. The comparison proved the
adequacy of the proposed SABS algorithm. Furthermore, sensitivity analysis is
presented to address the impact of each input parameter on the proposed SABS
algorithm performance. Accordingly, it is found that increasing the total number of
operations as well as the number of operations per request, increases the average
makespan and the execution time of the proposed SABS algorithm. Moreover, the
outcomes confirmed that increasing the number of operations eventually leads to
system failure due to the insufficiency of resources to satisfy request requirements.
Additionally, experiments demonstrated that the greater the number of compute blocks,
the smaller the average makespan and the less the execution time. Moreover, the
number of small cells affects the average makespan in a directly proportional manner,

nevertheless, it has no influence on the execution time of the proposed algorithm.

Furthermore, the winner determination problem is formulated as a
combinatorial auction problem. Since the combinatorial auction problem is an NP-
hard problem, an auction-based winner determination algorithm is proposed to solve
the problem in polynomial time. Both SABS and ABWD algorithms are part of the
proposed decentralized heuristic solution. The proposed heuristic approach is
implemented in C++ programming language. Its performance is verified with the
optimal solutions acquired by an optimization engine. The results were found to be
close to the optimal solutions, consequentially showing the validity of the proposed
heuristic solution. Moreover, a centralized approach is considered and is used as a
benchmark for the proposed decentralized heuristic solution. The outcomes showed
the competence of the proposed decentralized heuristic in terms of average makespan
and execution time. In addition, the execution time of the proposed decentralized
heuristic remained approximately constant, with an average of 726 us, considering
different problem sizes as opposed to the centralized approach. Accordingly, the
proposed decentralized solution is found to be scalable, therefore able to manage the
gigantic rise in connected user-devices. Finally, sensitivity analysis is conducted to

recognize the influence of the number of consumer agents and the number of provider
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agents on the proposed ABWD algorithm performance. According to the analysis, the
average makespan is directly proportional to the number of provider agents but
inversely proportional to the number of consumer agents. Nonetheless, the algorithm’s

execution time is found to be independent of the number of agents.

In future works, the performance of the proposed decentralized solution can be
further investigated by implementing the decentralized framework in physical small
cells. Accordingly, a testbed is to be built that consists of multiple small cells in which
the proposed SABS algorithm shall be implemented for the purpose of obtaining
practical results. In addition, small cells shall be connected to a processing unit to be
employed as the coordinator. Furthermore, the proposed framework shall be extended
to consider opportunistic user-devices, such as mobile devices, as part of the system to
provide more computational resources. In such a system, an incentive-based framework
shall be used to motivate user-devices to share their computational resources to execute

service requests generated by other users within the 5G network.
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Appendix A — Scheduling Problem Model Validation

The hand calculation for allocation example 1. Calculation for the objective
function:

Py

tstart * tslot +
Iyp
Zi Zp x1,3,i,p,t{f3f"t * AP

P23

start
+t *tslot'l'zlsz « AP
i 4p 42,3,ipt5ert

P3,3

start
B Y5 ——y
i 4p *33,ip,t34

=2%1073
+2.6667 % 1073
+2.6667 %« 1073

Sum of makespan = 7.3334 ms

7.3334 ms

Avg. makespan = —3 = 2.4445 ms

Checking if all the constraints are respected starting with the constraint (10):

J Kj
sz’klm <1, Vi,Vp,Vt
ik
3 3
Z Z Xjkipt < 1, Vi, Vp, Vt
j=1k=1
Forp=1,t=0
Fori=1

= X1,1,1,1,0 T X1,21,1,0 T X1,3,1,1,0 T X21,1,1,0 T X2,2,1,1,0 T X233,1,1,0 T X3,1,1,1,0

+X321,1,0
=14+404+404+04+04+04+04+40+0<1

1<1
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The constraint is satisfied for the first compute block in the first fog. Similarly,
the same can be applied to i = 1,2, t =0,1,2,3 and p = 1,2,3,4,5. The result is

represented in Table A.1 below.

Table A.1: Allocations of each compute block to all operations

. 3 3
Indices Yi=1 Zie=1Xjkipt
1

REOREORRERRREIREIRIREIRIRERRERRRR ORI RRRIRRRIRIRRIRIRRIRRIREIRRRRRIRREIRE R
Il

Il
D (WIN(R|UTR(WIN R WIN|FR (U WIN = U (WIN | (UTDWIN [ (U DWIN = U D W=
olo|lo|r|r|r|r|r|[r|[r|[Rr[R|[R|FR|[FR|lo|rR|FR|[R|[R|lo|lo|r|r|r|R|[R[RR[FR|lo|lr|R|R|R|R|R|R]|~
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This confirms the constraint (10). The second constraint to check is (11) that
confirms that each operation shall be executed in by no more than one fog only. The
constraint is shown to be satisfied given the allocation example 1 as follows:

1
Zsi(ojk) <1, VjVk
i

2
_ Z 5,(00) <1, V), vk
i=1

Forj=1k=1
5 3
31(01 1) = 1, Z Z xjkipt >0
’ p=1t=0
0, otherwise
Since

5 3
§ § Xjkipt = X1,1,1,1,0 T X1,1,1,11 T X1,1,1,1,2 T X1,1,1,1,3 T X1,1,1,20 T X1,1,1,2.1

p=11t=0
+X11122 t X11123 T X1,1130 T X1,1131 T X1,1,132 T X1,1,1,33
+X11040 T X11141 T X11142 T X11143 T X11150 T X1,1,1,51
+X11152 t X1,1,153
=14+0+0+0+14+0+0+04+04+0+0+0+0+0+0+0
+0+04+0+0=2

then

N (L, 2>0
01(01.1) - {0 otherwise

)

31(01'1) = 1

And for the second fog
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5 3
é § Xjkipt = X1,1,2,1,0 T X1,1,211 T X1,12,1,2 T X1,1,213 T X1,1,220 T X1,1,2,2,1

p=1t=0
t X11222 T X11223 T X1,1230 T X1,1231 T X1,1,232 T X1,12,33
+ X11240 T X1,1241 T X11242 F X11243 T X11250 T X1,1251
+ X11252 T X1,1253
=0+0+0+0+0+0+0+0+0+0+0+0+0+0+0+0
+0+0+0+0=0

Then

N (1, 0>0
«52(01,1) - {0 otherwise

32(01‘1) = 0
Adding the value of two small cells
3:(05) +32(05) <1

1+40<1

And this satisfies the constraint but only for the operation 0, ;. Similarly, the

constraint can be checked for the other operations to get the values in Table A.2.

Table A.2: Allocations of each fog to all operations

Indices ,§=1 io Xjkipt ;5;=1 Xio Xjkipt 31(0]'1() 3z(oﬂc)
Fori=1 Fori =2
k=1 2 0 1 0
j=1 k=2 4 0 1 0
k=3 5 0 1 0
k=1 3 0 1 0
j=2 k=2 0 2 0 1
k=3 0 4 0 1
k=1 0 4 0 1
j=3 k=2 0 6 0 1
k=3 3 0 1 0
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From the values acquired in Table A.2, it is noticeable that only one of the small
cells will return a value of 1 which satisfies the constraint (11). Furthermore, the
dependency constraint is checked (12). No need to check the inequality for x;j,; = 0
since the right-hand side is either 0 or 1. Thus, x;j,. = 0 will never violate the
constraint. In addition, for operations 0;, where k = 1 there is no dependency since it
is the first operations in the request j. So, the check process shall start with operations
k =23 of requests j =1,2,3 and for all x;j,. = 1. The resultant values are

represented in Table A.3.

Table A.3: Dependency constraint check

Allocations h Yijkh Ejp |(Vjun * | Ejne — 1]) = 1
1 1 1 !
Xi1,2,p1 3 0 0 1
1 0 1 !
Xi1,3,p.2 ) 1 1 1
1 1 1 1
Xi,2,2,p1 3 0 0 1
1 0 1 !
Xi,2,3,p,2 ) 1 1 1
1 1 1 1
Xi3,2,p1 3 0 0 1
1 0 1 !
Xi3,3,p,3 ) 1 1 1

From Table A.3, all allocations satisfied the dependency constraint (12). Thus,
dependency constraint is check. Next, the deadline constraint is to be checked. The

second term (Dr(j) + D,,) is a given number to the model so this actually can be
removed as follows: let 7'; = 7; — D7 (j) + D,,. Accordingly, constraint (13) can be

represented as follows:
C] < le, VJ
For the sake of this example the transmission delay is considered to be zero such
that 7’; = 7;, Vj. The term max indicates the last operation that is executed for each

request. Thus, the last operation for every request (0, 3, 0,3, O33) must be checked if

they are executed before the deadline. For O 3:
135




tstart *tg S P1,3
1,3 uration
Z{ 25 X13i p,Start * AP

5% 10°
ZiXp X13,ipestart ¥ (150 * 109)

= (2) * (666.7 * 1076) +

= (2) * (666.7 * 107°)

N 5% 10°
(X1,3,1,1,2 +X13122 T X13132 1t X13142 T X1,3152 -+ 0) = (150 = 10°)

5 10°

= (2) * (666.7 x 10~
(2) (6667 * 1078 + o T ¥ T ¥ 1+ 1+ 14—+ 0) = (150 = 109)

5 10°
(5) = (150 = 109)

= (2)  (666.7 x 1076) +

=2ms
7, = 4 time slots(0 - 3) = 4 x (666.7us) = 2.6668 ms
2ms < 2.6668 ms
For 0,3

PZ,S

Iyp
Zi Zp x2,3,i,p,t§f?f‘” * AP

start
t2,3 * tslot +

4% 10°
YiXE Xy 30 pestart * (150 % 10°)

= (2) * (666.7 * 1075) +

4 % 10°
O+ x33212 + X23222 + - 0) * (150 * 10°)

= (2) = (666.7 * 107°) +

4 %105

= (2) * (666.7 * 107°) =
(2) = ( * ) +(0_|_...+1+1+---+0)*(150*106)

4 % 10°
(2) * (150 = 109)

= (2) * (666.7 x 1075) +

= 2.6667 ms

T, = 4 time slots(0 - 3) = 4 x (666.7us) = 2.6668 ms

136



2.6667 ms < 2.6668 ms

And for O3 5
P3,3

TP
Zi Zp x3,3,i,p,t§f§‘rt * AP

start
t3,3 * tslot +

3% 10°
ZiZh X33,ipestart * (150 109)

= (3) * (666.7 * 1075) +

3% 105
(X331,1,3 t X33123 + X33133 + -+ 0) * (150 * 106)

= (3) * (666.7 x 1075) +

3 % 105
(1+1+14-+0)* (150 = 106)

= (3) * (666.7 x 1075) +

3 %105
(3) * (150 = 10°)

= (3) * (666.7 x 1075) +

= 2.6667 ms
73 = 4 time slots(0 - 3) = 4 % (666.7us) = 2.6668 ms
2.6667 ms < 2.6668 ms

All request will be finished before the deadline, so the constraint is satisfied.
Finally, constraint (14) should be checked which guarantees that any compute block
allocated for any operation shall not be freed until all its instructions are executed, i.e.
no preemption. There are two test cases for this constraint. First, the operations that are
executed during one time slots. Secondly, the operations that are executed during

multiple timeslots. Let us consider O, 5 for the first case:

|xjkip,t - xjkip,t+1| = |Ejk,t - Ejk,t+1|: tjsktart <t <TVjVkViVp
|x1,3,1,1,2 - x1,3,1,1,3| = |E1,3,2 - E1,3,3|
[1-0]=[0—-1]
1=1

This satisfies the constraint for the operation O, 3. For the second case, consider O3 ,

which is allocated during t = 1,2.Forp = 3,t = 1:
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X32221 " x3,2,2,2,2| = |E3,2,1 —E;5;,

|1-1]= [0-0]
0=0
Forp=3,t=2
X322,2,2 ~ x3,2,2,2,3| = |E3,2,2 —E333
|1-0]=[0-1]
1=1

The same can be applied for all operations and their corresponding compute
blocks. We can conclude that this constraint is also satisfied.

The workout of allocation example 2:

Calculation for the objective function:

P1,3

Iyp
Zi Zp x1,3,i,p,tff??rt * AP

start
t1,3 * tslot +

P2,3

tart

+t§3 * tslot +
) 1 P

Zi Zp x2,3,i,p,t§f?f‘” * AP

P3,3

tart
+t557" * tgor +
, NP
2i Xp X33, p,egtgre * AP

5% 10°

= 3% (666.7 x107°) +
" " ) Z{ 25 x1,3,i,p,tft??rt * (150 = 106)

4 % 10°

+2 % (666.7 * 107°) +
" " ) Z{ 25 X2,3,iptstart * (150 = 106)

3 %105

+2 % (666.7 * 107°) +
" " ) Z{ 25 X3,3,iptstart * (150 = 106)

5% 10°

— -6
3 * (666.7 * 10 )+5*(150*106)
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4 %105

-6
2% (666.7x107) + - 0 109)

3x10°
3% (150 * 10°)

+2 % (666.7 * 1076) +

=2.6667 * 1073
+2 %1073
+2 %1073

Sum of makespan = 6.6667 ms

6.6667 ms
Avg. makespan = —3 = 2.222ms
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Appendix B — Self-Classification and Local Scheduling Model Validation

The calculation for example 1 used in the validation process of the self-
classification model:

First, the term C; as follows is evaluated:

C; =max| &5 *t,; + P
j = ik * la
J K 7 xh Xjikp 5, * AP

The term max indicates the last operation. Thus, we can apply our calculation

for (04,4, 0,,4) as the following:

P1,4-

Cl = tf4 * td +
, P
Zp xl’4’p‘ti4 * AP

6 x 10°
2 % (150 = 10°)

C, = 4 (666.7 x 1076) +

C; = 4.6667 x 1073

4 P4
P
XpX24pes, ¥ AP

C,=t34%tg

3% 10°
3% (150 % 109)

C, = 6% (666.7  107°) +

C, = 4.6667 * 1073

Then the first mathematical summation term of the objective function is

evaluated as follows:

J
Z'Ti — G| =1t — il + |1, — G,

J
=1(6+1)*666.7«107° —4.6667 * 1073| + |6 * 666.7 x 107® — 4.6667 * 1073|
=1(6+1)*666.7«107° —4.6667 * 1073| + |6 * 666.7 x 107® — 4.6667 * 1073|

=1(6+1)*666.7«107° —4.6667 * 1073| + |6 * 666.7 x 107® — 4.6667 * 1073|
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J

Dlu-al=0

J

Lastly, the second summation term in the objective function is calculated as

follows:
d = {1, C;>1
17 o, otherwise
d = {1, 46667 * 1073 > 4.6667 * 1073
1= .
0, otherwise
d1 = 0
Likewise,
d. = {1, c, >,
27 o, otherwise
d, = {1, 46667 * 1073 > 4.6667 * 1073
2 = .
0, otherwise
dz = 0
Thus,

J

Z(d,-+1)=2

]

J J
Z|rj—cj|*2(dj+1)=0*2=0
7 7

The calculation for example 2 used in the validation process of the self-

classification model:

For simplicity, it is noticeable from the previous example that the objective
value is “0” for any request finishes at its deadline. Therefore, we can resolve C; =

C, = C, = Cs = 0. Consequently:

J J
Ml =Gl Y (@ +1) =t = Cal * (da + 1)
J J
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3 x10°

—_ 6 — ¢
= |0+ 1)+ 6667 +107° = 11 % (666.7 * 10) + 3o

*(1+1)

= |2 % 666.7 * 107°| * (2)
= 4 time slots

The calculation for example 1 used in the validation process of the local
scheduling model:

K
C; = max| tj, *ty + J
J k ( J xh Xjlkp,e5, * AP

J

ZC]=C1+C2

J
Solving for ¢y,

4 Py,
P
Xp X14pt5, * AP

Cir=ti,*tg

5% 10°

— -6
C; =4x666.7 10 +5*150*106

C; = 3.3334 ms = 5 time slots

Solving for C,,

P24

C,=1t5,%ty +
2,4 d P
Zp xz,4,p,t§’4 * Al

3 %105

— -6
C, =1%666.7 10 +3*150*106

C, = 1.3334 ms = 2 time slots

Thus,

J
z Ci =C, + C; =33334 +1.3334 = 4.6668 ms = 7 (666.7 ms) = 7 time slots
J
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The calculation for example 1 used in the validation process of the winner

determination model:

Kj
— ij max min
U; (a) = AP +t - C] (a)
k
P P
Uj(a) = Y & 4 ¢gmax _ys ceil( J >
! i AP LA Yh X141p5, * AP %ty

« 105
U1(a)=12+9—7_cei1< (3%10°) )

(3) * (150 % 10°) * (666.7 * 107°)

U(a) =124+ 9 —7 — 1 = 13 currency units

The calculation for example 2 used in the validation process of the winner

determination model:

Kj
— ij max min
Ui(a) = AP +t - """ (a)
k
O P P
Uj(a) = ) K4 ¢max _ys —ceil< J >
1 i AP 14 Yh X1aapes, * AP * tg

«105
Ul(a)=12+9—5—ceil< (3+10%) >

(3) * (150 * 10°) = (666.7 x 107°)

Ui(a) =12+9 —5—1 = 15 currency units
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Appendix C — Winner Determination Model Validation

The utility calculation for selling the good {3,5,6} to the bid {2,5} and {2.4}:

req.blocks({2,5})
num. of CBs({3,5,6})

EET({2,5},{3,5,6}) = max (ceil ( ), dependencyLvI({Z,S}))

2+3+4) 2)
6 )

EET({2,5},{3,5,6}) = max (ceil(
EET({2,5},{3,5,6}) = 2
Then,
EFT ({2,5},{3,5,6}) = EET({2,5},{3,5,6}) + free starting time({3,5,6}) — 1
EFT ({2,5},{3,5,6})) =2+5—1=6

where EET and EFT are the estimated execution time and the estimated finishing time,
respectively. Since the estimated finishing time is not passing the deadline, this deal

shall be considered. Therefore,

- _req. blocks({2,5}) ] _
Utility({2,5}, {3,5,6}) = num. of CBs((3,5.6]) + 2 * time window

— EFT({2,5},{3,5,6}) — deadline({2,5})

2+3+4
Utility ({2,5}, {3,5,6}) = E— +2x8-6—-6=5

Similarly, the utility for the buyer request {2,4} can be obtained as follows:

req.blocks({2,4})
num. of CBs({3,5,6})

EET({2,4},{3,5,6}) = max (ceil( ),dependencyLvl({ZA}))

44+2+4+5
— )7

EET({2,4},{3,5,6}) = max (ceil(
EET({2,4},{3,5,6)) = 3
Then,
EFT ({2,4},{3,5,6}) = EET({2,4},{3,5,6}) + free starting time({3,5,6}) — 1

EFT ({2,4},(356)) =3+5—-1=7

144



Since the estimated finishing time is not passing the deadline, this deal shall
also be considered. Consequently,

. req. blocks({2,4}) ) .
| 2,4 =
Utility ({2,4}, {3,5,6}) num. of CBs({3,5,6)) + 2 * time window

— EFT({2,4},{3,5,6}) — deadline({2,4})

44+2+4+5
Utility({2,4},{3,5,6}) = e +2x8—-7—-8=3

The utility calculation for selling the good {1,3,6} to the bid {2.4}:

req. blocks({2,4})
num. of CBs({1,3,6})

EET({2,4},{1,3,6}) = max (ceil ( ), dependencyLvl({ZA}))

4+2+4+5) 2)
6 )

EET({2,4},{1,3,6}) = max (ceil (
EET({2,4},{1,3,6}) = 3
Then,
EFT ({2,4},{1,3,6}) = EET({2,4},{1,3,6}) + free starting time({1,3,6}) — 1
EFT ({2,4},{1,36) =3+3—-1=5

Since the estimated finishing time is not passing the deadline, this deal shall

also be considered. Therefore,

o req. blocks({2,4})
Utility ({12 = i '
ility({2,4},{1,3,6}) num. of CBS((13.6]) + 2 * time window

— EFT({2,4},{1,3,6}) — deadline({2,4})

44+2+4+5
Utility ({2,4},{1,3,6}) = — % +2+x8—-5—-8=5
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