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Abstract

The concept of cloud computing has emerged from the distributed software architec-
ture with the aim of providing services over the Internet. It has revolutionized the
access and use of computational resources with remarkable flexibility and scalabil-
ity. However, the dynamic nature of cloud environments, intensified by the growing
demands of Artificial Intelligence-driven workloads that require a vast number of
resources and capabilities, introduces serious challenges in resource allocation, ser-
vice quality assurance, and performance optimization. This work addresses the chal-
lenges of resource allocation due to diverse resource types (e.g. memory, cores, band-
width, input/output) by focusing on the simulation and analysis of finite-capacity
multi-server job queueing systems within cloud computing environments, using the
OMNeT++ framework. Specifically, we investigate the impact of scheduling policies
on the performance metrics of a multi-server job system to contribute to a deeper
understanding and provide solutions to optimize cloud resource allocation due to
diverse resource types required by jobs from different types of sources.

The first part of this thesis involved developing a detailed simulation library for im-
plementing multi-server job queueing systems. This work focused on the practical
aspects of simulating cloud environments with finite resources, specifically develop-
ing an open-source simulator to analyze queueing models on the top of OMNeT++.
By configuring various queueing disciplines such as First-In, First-Out and Priority-
based scheduling algorithms, we were able to dynamically model resource alloca-
tion, simulate job scheduling, and analyze performance metrics, providing a robust
tool for examining real-world scenarios in cloud computing. The importance of the
simulator is justified by the lack of general analytical results that can predict the
performance metrics efficiently.

In the second part, we extended our work by conducting a detailed simulation study
of finite-capacity multi-server job systems. This study focused on understanding the
impact of different queueing policies on performance metrics in the cloud environ-
ment. Our findings revealed that assigning priority to jobs with longer service times
and higher resource demands can positively impact both smaller jobs with shorter



service times and big jobs, and thus enhance overall system performance.

As a follow-up to this thesis, we further investigate the performance implications of
scheduling policies, particularly preemptive and non-preemptive approaches. The
study demonstrated that preemptive policies, including a greedy approach in which
resources are freed by first preempting smaller jobs and gradually progressing to
big ones until the required resource threshold is met, improved performance metrics
such as the probability of dropping, waiting time and resource utilization. However,
these policies also introduce computational waste as the active jobs are disrupted
during their service in this model. This trade-off emphasizes the heterogeneity of
optimizing cloud computing environments and the need for careful consideration of
both performance and resource efficiency.

In general, our work contributes to a better understanding of the relationship be-
tween queueing disciplines, resource allocation, and system performance in cloud
computing environments. These research findings are of great help not only to
cloud service providers, but also to cloud consumers for the optimal design of cloud-
based systems, which is achieved by simulation tools developed during the study
and the analytical insight from the experiments conducted as part of the work.
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Chapter 1

Introduction

Rapid developments in fundamental fields such as physics, mathematics, and com-
puter science have led to the era of the Internet followed by the explosion of big
data and Artificial Intelligence (AI). These advancements have set the stage for
distributed computing systems, a fundamental architectural paradigm supporting
modern applications with intensive computational demands. The Industry 5.0 rev-
olution and the adoption of 5G are further increasing the demand for performance,
flexibility, and reliability to handle complex real-time jobs within large-scale dis-
tributed systems [1].

Consequently, cloud computing has emerged as a fundamental model, offering on-
demand high-performance computing services. The National Institute of Standards
and Technology (NIST) in the USA provides a standard definition of cloud comput-
ing [2]: “Cloud computing is a model for enabling ubiquitous, convenient, on-demand
network access to a shared pool of configurable computing resources (e.g., networks,
servers, storage, applications, and services) that can be rapidly provisioned and re-
leased with minimal management effort or service provider interaction.” NIST also
notes that this definition is subject to future revisions. This cloud model is composed
of five key characteristics, three service models, and four deployment models. The
characteristics highlighted by NIST include on-demand self-service, broad network
access, rapid elasticity, resource pooling, and metered service. The basic service
models include Software as a Service (SaaS), Infrastructure as a Service (IaaS), and
Platform as a Service (PaaS). The cloud can be deployed as private, public, commu-
nity, or a mix of two or more deployment models referred to as a hybrid deployment
model. In this sense, cloud users are raised to a level of abstraction where they are
hidden and relieved from the details and complexity of the hardware or software
infrastructures that carry their computations. This effectively simplifies the costs
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involved in developing and managing a computational infrastructure [3].

With the existing service models (SaaS, laaS, PaaS) newer models, including Func-
tion as a Service, Database as a Service, and Disaster Recovery as a Service, continue
to expand the scale and capabilities of cloud solutions. Cloud computing has be-
come an integral infrastructure that cannot be overlooked in this industrial era of
big data. However, despite its numerous perks, this rapid expansion of cloud com-
puting has led to remarkable challenges, particularly in resource allocation and job
scheduling. Inefficiencies in these aspects can lead to excessive energy consumption,
prolonged job processing times, under-utilization of resources, and increased over-
all system burden. These issues not only deteriorate the Quality of Service (QoS)
but also shorten the lifespan of underlying hardware components and contribute to
higher carbon emissions [4]. Therefore, efficient management of resources and job
scheduling in the complex cloud environment are crucial for optimizing performance,
sustainability and reducing carbon footprints. To address this, numerous strate-
gies have been engaged, such as migration of virtual machine, multi-stage methods
where complex task are broken down into manageable jobs, and novel scheduling al-
gorithms. Though, the underlying complexity of resource scheduling, influenced by
several aspects such as time cycles, finite capacity of resources and their availability,
environmental conditions, running costs and diversity of Al-driven workloads, of-
ten complicates these solutions. Al-driven workload include intensive tasks such as
training machine learning models, implementing computer vision recommendation
systems, executing deep learning inferences and processing large-scale data analyt-
ics. Heuristic and metaheuristic algorithms, including Deep Reinforcement Learning
(DRL), have shown promise in optimizing such systems. However, they are typically
data hungry and require a substantial amount of data, computational resources, and
time to train their models for accuracy. In contrast, these simpler algorithms with
lower time complexity, such as Longest Processing Time (LPT), First-Come, First-
Served (FCFS), often referred to as First-In, First-Out (FIFO), Round Robin (RR),
and Shortest Remaining Processing Time (SRPT), offer simplest and faster solutions
but they are less optimal than their competitor.

Given the criticalness of complex systems, the ongoing research in this field aims to
balance algorithmic optimization with practical complexity to enhance the efficiency
and effectiveness of cloud computing systems. The insights gained from resource
scheduling in cloud environment can also benefit other computing paradigms, such
as grid computing, peer-to-peer computing, and the emerging models of edge and
fog computing in distributed computing [5][6][7].

As cloud computing continues to evolve, the complexity of efficiently managing the
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computational resources in system becomes increasingly critical. While, the advent
of various cloud service models and advanced algorithms has improved resource
utilization. However, a deep understanding of specific components within the cloud
infrastructure is necessary to optimize performance of the system. One such critical
component is the concept of Multi-Server Job Queueing Model (MJQM), which plays
a leading role in managing and distributing computational workload across multiple
servers. To get deeper into this, we must examine the principles of queueing theory
and the classification of single-server and multi-server systems which are discussed
in the next chapter of this thesis.

1.1 Motivation

The rapid expansion of cloud computing, driven by distributed software architecture,
has transformed they way how computational resources are managed, accessed, and
utilized. However, as cloud environments become increasingly dynamic, the need for
compute-intensive Al-driven workloads introduces many complex challenges. These
workloads demand considerable amounts of resources, such as memory, processing
power, bandwidth, and storage. This presents important challenges in efficient re-
source allocation while maintaining QoS and optimizing overall system performance.
These are the challenges that motivate this work for the simulation and analysis of
finite-capacity MJQM (MJQM-F). MJQM-F further extends the MJQM by intro-
ducing the limit on resource capacity such as buffer and computational resources.
The objective of this study is to investigate the impact of different scheduling dis-
ciplines on the performance metrics of the cloud computing model. Doing so con-
tributes to a deeper understanding of resource allocation, scheduling strategies, and
their optimization in modern and dynamic cloud environments. This study is char-
acterized by the unavailability of extensive analytical tools that can precisely predict
performance metrics and the need for novel solutions to balance performance metrics

and resource efficiency in increasingly complex and diverse cloud systems.

1.2 Research Contribution

In this thesis, we address the challenges in performance evaluation of MJQM-F from

different angles with numerous scheduling disciplines.

e Development of finite-capacity multi-server job queueing simulator
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This work focused on the development of a dedicated simulation library based
on the OMNeT++ framework. This tailored library aims to analyze the cloud
system with finite resource capacity and dynamic resource allocation. The sim-
ulator is equipped with a finite capacity of resources and finite buffer, meaning
that only a limited number of jobs can be accommodated at any given time,
with subsequent jobs being dropped when the buffer overflows. It can man-
age jobs from multiple sources that arrive according to a time-homogeneous,
independent Poisson process, with service times that are generally distributed
and class-dependent. The simulator supports class-by-class configuration, en-
abling modeling of various resource types, such as bandwidth, memory, stor-
age, and cores. By configuring multiple queueing disciplines, including FCFS
and priority scheduling, the simulator can dynamically model resource allo-
cation, simulate job scheduling, and analyze important performance metrics
such as drop probabilities, response time, and resource utilization. Addition-
ally, it can also distinguish between jobs based on their resource demands and
service-time requirements. Besides this, it allows for visualizing the impact of
Head-of-Line-Blocking (HOL) on the performance metrics. This comprehen-
sive OMNeT++-based simulator addresses the absence of general analytical
methods for figuring performance metrics efficiently and provides a reliable
platform for examining real-world cloud computing scenarios. A detailed dis-
cussion of this work can be found in Chapters 4 and 6 of this thesis.

— Muhammad Waqas, Andrea Marin, Muhammad Mohsin Raza Jaffri,
Leonardo Maccari. Simulating Finite-Capacity Multi-Server Queues in
OMNeT++.

Submitted to Simulation Modelling Practice and Theory Journal.

Comprehensive performance analysis of different queueing policies
in finite-capacity systems

This section of the study specifically explored the dropping probabilities in
MJQM-F using a simulation approach to compare two widely applied schedul-
ing policies: FIFO and Priority. The priority-based discipline favors larger
classes (high priority) of jobs. We set up scenarios involving two job classes
with distinct arrival probabilities and service times, where each job requires
specific amounts of resources. The impact of these policies on job-dropping
probabilities due to the finite-capacity buffer was analyzed, revealing unex-

pected and counterintuitive behaviors in performance metrics. For example,
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the findings indicate that assigning priority to jobs with low arrival proba-
bility, longer service times, and higher resource demands can, under certain
conditions, positively impact the dropping probability of both small and large
jobs. Additionally, we evaluated how these scheduling policies affect other key
performance evaluation metrics. This includes system occupancy and resource
utilization. The simulation results showed that no single queueing policy is
universally optimal for different scenarios. Although FIFO performs better
under low-load conditions by minimizing context switching between job types.
The priority policy performs better under moderate to heavy loads, reduc-
ing the expected response time, and improving resource utilization by better
handling larger jobs. This detailed analysis provides practical guidance for op-
timizing resource allocation in resource-constrained cloud systems and clarifies
the trade-offs involved in choosing an optimal scheduling policy. This work is
thoroughly discussed in Chapter 5.

— Muhammad Wagqas, Leonardo Maccari, Andrea Marin. Finite Capac-
ity Multi-Server Job Systems: A Simulation Study.
Presented in 38" ECMS European Conference on Modelling and Simu-
lation (ECMS 2024).

e Investigation of the trade-off between performance and energy con-
sumption in large-scale multi-server scheduling with preemption and

restart scheduling disciplines

We explored the trade-offs between performance metrics and energy consumption
in large-scale multi-server job scheduling using preemption and restart scheduling
discipline. We have presented job queueing and scheduling policies such as FIFO
with and without preemption and restart. Specifically, we explored the Greedy
FIFO approach which is based on active job preemption.

In this policy, our aim is to improve resource utilization by preempting an active job
from service by releasing its acquired resources if doing so results in higher overall
resource utilization. Killing an active job is subject to several checks and conditions,
including the comparison of the job’s killing cost against the resource’s idling cost.
The job is then added back into the buffer, where it waits to be rescheduled. By
reducing both dropping probability and the waiting time of jobs in the buffer, this
policy achieves better utilization of resources.

The Greedy Approach takes this concept further by selecting a job or a subset of
active jobs for preemption, based on the ascending order of acquired resources in the
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active jobs list. This helps optimize resource occupation and reduce waiting time
for jobs in buffer. The preempted jobs are returned to the buffer and must restart
their service from the beginning, which may happen multiple times to maintain high
resource utilization.

While this new policy, Greedy FIFO, significantly improves resource utilization and
reduces waiting times, it results in computational waste since jobs are preempted
mid-service and their progress is reset to zero. This work is implemented in a dy-
namic set of job sources, yielding interesting initial results. Our focus is on testing
it with different input parameters, such as varying arrival rate and additional condi-
tions such as idling cost, to establish a comprehensive understanding of the trade-offs
between resource utilization, dropping probability, waiting times, and computational
waste due to preemption. The methodology and findings of this work are outlined
in Chapter 7.

e Muhammad Waqas, Andrea Marin, Leonardo Maccari. When killing jobs
becomes good?
Ready for submission to the Journal of Parallel and Distributed Computing.

1.3 Thesis Organization

The rest of this thesis is organized as follows: Chapters 2 and 3 discuss the theoret-
ical knowledge of queueing theory and a literature overview of scheduling policies
employed in cloud computing. Chapter 4 provides a detailed discussion of the various
components of the OMNeT++-based simulator developed for this work and presents
the framework to model and simulate the finite-capacity MJQM. In contrast, Chap-
ter 5 evaluates the performance of various queueing policies in cloud computing
environments with dynamic resource allocation, focusing on job-dropping probabili-
ties and system performance using FIFO and priority-based scheduling. Chapter 6,
explores the challenges of dynamic job and resource scheduling in complex, heteroge-
neous cloud environments driven by Al and IoT, emphasizing the need for adaptive
scheduling policies. It describes a simulation-based study using an extended OM-
NeT++ model to evaluate the performance of a finite-capacity queueing system
with dynamic job sources and variable arrival/service rates under FIFO scheduling.
Chapter 7 explores the trade-off between energy consumption and performance of
multi-server queues with numerous job sources using real-world traces. In particular,
this chapter examines the impact of different scheduling policies, both preemptive
and non-preemptive, on key performance metrics and energy waste caused by pre-
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emption of active jobs. Chapter 8 outlines directions for future work, based on the
findings presented in this thesis, and concludes the study.



Chapter 2

Theoretical Background

2.1 Introduction

Queueing theory addresses one of the most frustrating experiences in life: waiting. It
also deals with the theory of congestion. Queueing theory examines the relationships
between the demand on a service system and the delays suffered by users requesting
services from this system. Queueing theory plays an essential role in the analysis
of finite-capacity systems. This analysis is based on building a mathematical model
to represent the arrival process of jobs in the queueing system, the discipline by
which these jobs are allowed to enter the service module, and the time it takes to
serve these jobs before they finish service and release the acquired resources [8][9].
This chapter therefore deals with a review of some important theoretical concepts
in queueing theory.

2.2 Foundations of Queueing Theory

Queueing theory is a mathematical discipline that has found broad applications in
various fields ranging from business management to information technology. This in-
cludes telephone exchanges, supermarkets, petrol stations, and data centers [10][11].
Queueing theory models and forecast the behavior of systems that handle stochastic
arrivals and service demands, making it invaluable for understanding and optimizing
scenarios where resources are limited and demands are variable [12].

The origins of queueing theory can be traced back to the early 20*" century, pri-
marily due to the pioneering work of Danish mathematician Agner Krarup Erlang.
Erlang, a telephone exchange engineer, was assigned a task to determine the num-

ber of circuits required to provide an appropriate level of service for telephone users.
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His groundbreaking work in 1909 introduced the application of the Poisson distribu-
tion to model traffic intensity [13][14]. This distribution remains the foundation for
queueing theory, especially in systems where events occur independently and ran-
domly over time [15][16]. The study of queueing theory gained significant attention
when David G. Kendall introduced a modern notation for queues that remains in use
today [15]. Kendall’s notation is typically represented as A/B/m/K/N/D, where
A and B denote the interarrival and service time distributions, respectively; m and
K specify the number of servers and the system capacity; and N and D represent
the population size and the queue discipline, respectively.

Leonard Kleinrock, an American computer scientist and the pioneer of queueing
theory, expressed the queueing system as a system where jobs arrive and request
sufficient resources from the pool of finite resources. The imbalance between ar-
rival and finite resources leads to potential queues. This formalization aids in the
mathematical modeling of systems where resource allocation and requirements are
unpredictable, such as telecommunication networks and cloud environments. He em-
phasized the conservation-of-flow principle in queueing systems, which states that
the rate at which a flow increases within a system equals the difference between
the rate of flow into the system and the rate of flow out. This principle is central
to understanding how queues form and grow over time, laying the foundation for
complex analytical models. Moreover, he simplified Kendall’s notation to describe a
queueing system such as A/B/m where A and B denote the interarrival time distri-
bution and the service time distribution, respectively, and m specifies the number of
servers. This notation helps classify and analyze different types of queueing model,

making it easier to communicate and solve complex problems in queueing theory

7).

2.2.1 Introduction to Queueing Theory

Queueing theory is fundamentally involved with the dynamics of queues, and these
models are idealizations of many systems from the real-world. Queueing theory
answers questions such as why do queues form? How can they be alleviated or oper-
ated?” How long do they persist? It provides an analytical framework for modeling
systems, particularly those in which resources are limited and jobs or tasks compete
for service. This theory is not just about understanding queues, but also about
designing strategies to reduce delays, optimize resource utilization, and improve
performance metrics.

Consider a simple example of a web server handling incoming requests. If only one
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job arrives, which means that the workload is very minimal, it uses the server’s
resources (CPU, I/O, Memory, etc.) and leaves the system after the service is
finished without delay. However, in real-world scenarios, multiple jobs typically
arrive sufficiently close in time to create a job queue as each job waits for its turn,
as shown in Figure 2.1. Queueing theory helps us to understand the resulting waiting
times, queue lengths, and overall system performance, which are critical for designing
efficient and responsive systems [18].

© O®OW

Fig. 2.1: Diagram of a queue with one customer being served and five others waiting.

The significance of queueing theory is not limited to the theoretical domain; its
applications can be traced in the real-world in various domains, including computer
systems, telecommunications, and operations research. By analyzing queues in these
contexts, designers and administrators can optimize system performance, improve
resource utilization, and enhance user experience [19]. This framework is essential
to predict behavior and improve efficiency in a variety of systems [20].

2.2.2 Basic Components of a Queueing System

Queueing systems are characterized by several elementary components that deter-
mine their behavior and performance. Understanding these components is impor-
tant for analyzing the efficiency and effectiveness of a queueing system. The basic
components include the arrival process, the service process, the queue capacity, the
queueing discipline, and the number of resources [16]. The next section explains
these in detail.

Arrival Process

The arrival process serves as the input point to the queueing model. It describes
how jobs such as customers, data packets, or other tasks enter the queueing system.
This pace of this process directly influences the dynamics of the queue, including its
length and the waiting times experienced by the jobs arriving in the system. The
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arrival process is typically characterized by the distribution of inter-arrival times,
which defines the intervals between consecutive arrivals.
In most queueing models, the arrival process of jobs is stochastic, which means
that arrivals occur randomly over time. The Poisson distribution is frequently used
to model random arrivals, especially when each arrival is independent of the other
[13][16]. The arrival rate, denoted by A, represents the rate of job arrivals per
unit of time as shown in Equation 2.1. Accurate modeling of the arrival process is
important for forecasting queue behavior. It also ensures that the system can handle
the incoming workload without excessive delays [20][21].
k,—At
P(X =k)= % (2.1)

where:
e )\ is the average rate of job arrivals per unit time (arrival rate),
e t is the time period under consideration,
e [ is the number of arrivals,

e ¢ refers to Euler’s number, the base of the natural logarithm (approximately.
2.71828).

Service Process

The service process refers to how jobs are served once they reach the queue. This
process is typically characterized by the service rate, denoted by u, which represents
the number of jobs that can be served per unit of time. Equation 2.2 represents
the exponential distribution commonly used to model the time between events in
a Poisson process. Depending on the scheduling discipline chosen for serving the
workload, the jobs might be served in any order, such as assigning resources to the
job that is at the head of the waiting queue or the job having the highest priority
in the buffer. Like the arrival process, the service process is often modeled using
statistical distributions, with the exponential distribution widely used in scenarios
where the service time is random and exhibits the memoryless property. This mem-
oryless property implies that the service times are assumed to be independent of
each other, as well as the arrival process [16][18]. These assumptions simplify the
analysis and are reasonable in many real-world scenarios [20][21].

Ft) = Xe ™M (2.2)
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where:
e ) is the inverse of the mean service time (p), i.e., A = i,

e ¢ is the time between two convective events (jobs).

Scheduling Discipline

This refers to the set rules or sequence of steps by which jobs waiting for service are
assigned the desired resources and moved in for service. This component is crucial
because it determines the order in which jobs are served, directly impacting the
system’s efficiency and fairness. The most common queueing discipline is First-In
First-Out (FIFO), where the first entity to arrive is the first to be served.
However, other disciplines also exist, for instance, Last-In First-Out (LIFO) priori-
tizes the most recently arrived job. In some cases, jobs may be served in a random
order. Priority queueing is another common discipline in which tasks with higher
priority are served before others, regardless of their arrival time and resource re-
quirements.

In priority scheduling systems, there are two general situations: preemptive and non-
preemptive. In preemptive scheduling, a higher-priority job can interrupt a lower-
priority job already in service, while in the non-preemptive approach, the higher-
priority entity must wait until the current service is completed. In preemptive job
scheduling, there are two handling methods for the preempted job’s progress. In the
resume method, the service progress of the preempted job is preserved and the job is
added back to the waiting queue. Later, when the job resumes service, it continues
from the point where it was interrupted. In the restart method, the preempted
job’s service progress is reset, meaning that when the job re-enters the service, it
starts from the beginning [22]. The choice of a queue discipline significantly impacts
system performance, affecting how efficiency and fairness are balanced and ensuring
that high-priority tasks are appropriately managed [16][19][21].

Queue Capacity

In a finite-capacity system, the queue capacity is the maximum number of jobs that
can be held within the buffer at any given time. In some queueing systems, the
capacity is considered infinite, allowing the queue to grow without bound, accom-
modating all arriving tasks. However, many practical systems have finite queue
capacities. When the queue reaches its maximum capacity, the additional number



2.2. FOUNDATIONS OF QUEUEING THEORY 13

of jobs arriving will be dropped, and this is recorded in statistics as the number of
jobs dropped.

The capacity of a queue is a crucial factor in system design, affecting not only
the potential for service delays but also the likelihood of customer dissatisfaction
due to jobs being unable to enter the queue. Designing a queueing system involves

balancing the costs associated with larger queues against the risks of blocked arrivals
[20][16].

Number of Servers

The number of servers in a finite-capacity system defines how many jobs can be
served simultaneously. In a single-server queue, only one job is served at a time,
which can lead to significant delays if the arrival rate exceeds the service rate. On the
other hand, a multi-server queue has multiple servers working in parallel, allowing
for the simultaneous processing of jobs. Although this type of scenario is more
complex to analyze, it offers greater flexibility in handling high arrival rates and in
reducing overall waiting times, queue length, and drop probability [10][16][18].

2.2.3 Classification of Queueing Models

The taxonomy of the queueing model is based on several properties that define
the behavior and applicability of these models to various real-world scenarios. Un-
derstanding the classification is important for selecting the appropriate model for
the system under study. This section covers the standardized notation mechanism
known as Kendall’s notation, which is helpful in understanding queues.

Kendall’s Notation

Queueing models can be used to describe various systems, such as telecommuni-
cations, traffic engineering, computing, and service operations. Regardless of the
specific application, all queueing models share common characteristics, including
the arrival pattern of jobs, service times, the number of servers, system capacity,
and the queue discipline which basically deals with how jobs are processed.

To summarize these parameters, British statistician David G. Kendall introduced
a notation system in 1953 that has become the standard for representing queueing
models. This notation is typically represented as A/S/c/K/N/D, where each
letter defines a specific aspect of the queueing system [23]:
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e A: The arrival process distribution or probability distribution of job arrivals,
often denoted by M (Poisson process), D (Deterministic), or G (General dis-
tribution).

e S: It denotes the probability distribution of the service time, M (Exponential),
D (Deterministic), and G (General distribution).

e c: The total number of servers in the system.

e K: It refers to the maximum capacity of the system or the number of channels,
indicating the maximum number of jobs that the system can handle. This

includes those in the waiting queue and being served.

e N: The size of the population, or the total number of potential jobs that might
enter the system.

e D: The scheduling discipline, which specifies the order in which jobs are served
or the order in which the available resources are assigned to the jobs waiting

in the buffer, such as FIFO, LIFO, or priority-based systems, etc.

In many practical situations, the most commonly used notation is A/S/c, with K
and N assumed to be infinite, and D typically defaulting to traditional FTFO unless
otherwise specified [24][23].

General Queueing Models

The literature of queueing theory contains numerous queueing models that are con-
sidered standard. They are widely used and each model is defined by its specific
configuration parameters such as arrival, service processes and etc. These models
include:

e M/M/1: This basic model represents a single-server queue with the Poisson
arrival and service processes. It is one of the simplest and most studied models
in queueing theory. However, to avoid overloading, the arrival frequency must
be less than the service speed of the system. The M/M/1 queue is often used
to analyze systems where the job arrival rate is random and is served one at

a time, with service times following an exponential distribution.

e M /M/c: This model extends the M/M/1 by introducing multiple servers
(denoted by c). It is used for systems with parallel processing where mul-
tiple servers are executing jobs. A simple example of this can be multiple



2.2. FOUNDATIONS OF QUEUEING THEORY 15

checkout counters in a supermarket. It is particularly useful for analyzing how
the number of servers affects system performance, waiting times, and queue
lengths.

e M/G/1: This queueing model is an extension to the traditional M/M/1
queue. It replaces the service time distribution of M/M/1 to a general dis-
tribution (denoted by G), rather than being limited to an exponential dis-
tribution. It is applicable in situations where service times do not follow an

exponential distribution, but the arrival process remains Poisson.

e G/G/1: In this model, the job arrival and the service process follow general
distributions. This model is the most flexible and general, accommodating a

wide variety of real-world scenarios, but it is also more complex to analyze.

e M/D/1: This queueing model has Poisson arrivals with deterministic service
times having a single server. It is useful in scenarios where service times are

consistent and predictable, such as in automated manufacturing processes.

Each of the models above refers to a specific application, and the choice of model
depends on the nature of the system being analyzed. Since each of these models
provides information on different behavioral patterns in the system, they help un-
derstand the trade-offs between service efficiency, queue length, and waiting times
in various contexts [16][18][25].

2.2.4 Performance Metrics in the Queueing Theory

In queueing theory, performance metrics are important for evaluating the efficiency
and effectiveness of a queueing system. These metrics help to understand how well
a system performs under given conditions and provide insights into optimizing the
performance of the system [18]. The key performance metrics include utilization,
throughput, average wait time, average queue length, response time, and blocking

probability.

Utilization

Utilization (p) is a critical metric that refers to the proportion of time that the
resources of the system are occupied by workload. It is denoted by p and calculated
as the ratio of the arrival rate A to the service rate p multiplied by the number of
servers ¢ as shown in Equation 2.3:
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p=— (2.3)

For an M/M/1 system, which is a single-server system, the utilization will be:

p= E (2.4)

Utilization indicates how effectively the system’s resources are being used. If p < 1,
the system is stable, meaning that on average, the system can handle the incoming
workload. If p > 1, the system becomes unstable, leading to infinite queue lengths
over time. For example, in an M/M/1 system, if p = 0.9, it suggests that the system
is busy 90% of the time and idle 10% of the time.

Throughput

Throughput refers to the rate at which jobs are completed by the system. In a stable
system, the throughput (X) is equal to (A), since every arrival eventually leads to
the completion of the service. Throughput is a direct measure of how many jobs
the system can handle in a given time-period and is closely related to utilization, as
shown in Equation 2.5 below.
X = ¢ (2.5)
T

Here, C' denotes the total number of jobs completed by the system during time 7.

Average Queue Length

This metrics refers to the jobs waiting for resources that remain in the queue until
they are assigned the required resources. The average queue length, denoted by L,,
represents the average number of jobs waiting in the queue for their turn. For an
M/M/1 queue, the average queue length can be calculated using Equation 2.6:

L,=-L (2.6)

For systems with general service times, such as M/G/1, the Pollaczek-Khinchine
formula [26] is used as given below Equation 2.7 :

 Nal+p?

Li= 500 (2.7)
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2

2 is the variance of 1/u to refer to the variability in service time. Under-

where o
standing the average queue length is important as it helps to determine the factors

causing congestion in the system.

Average Wait Time

The average waiting time in the queue, denoted by W, is the average time a job
waits in the queue before the resources are assigned and it is moved into active jobs
to be served. It can be derived from Little’s law [16], which is given in Equation 2.8.
For more details about Little’s Law, readers are encouraged to the relevant section
ahead.

w,==2 (2.8)
For an M/M/1 queue, the waiting time is modified as shown in Equation 2.9:

p
W, =—"— (2.9)

(- p)
This metric is important for assessing customer satisfaction, as prolong waiting time
of jobs in system can lead to dissatisfaction, congestion in service-oriented systems

and degradation in QOS.

Response Time

The response time, also referred to as the sojourn time W, is the total time that
a job spends in the system. This metric sums the time spent in the waiting queue
for sufficient resources W, become available and the time spent in the system to
complete its service /% For an M/M/1 queue, it is computed as Equation 2.10:

1
W =W, + - (2.10)

Response time is directly related to resource utilization. Higher resource occupation
results in exponential growth in response time. In other words, a slight increase in
resource utilization can significantly increase the response time of jobs in the system.
This metric is particularly important in time-critical environments such as computer

systems and telecommunications.
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Blocking Probability

It is the likelihood that a job will be blocked or rejected from the system due to lack
of space in the buffer or due to buffer overflow. This metric is especially relevant
in systems with finite-capacity, such as M/M/c/K queues, where K denotes the
maximum number of tasks that can be in the system (both in service and in the
waiting queue). Equation 2.11 is the Erlang B formula and is used to calculate the
blocking probability [10].

EN

B(E,N) = "= (2.11)
k=0 kI

where:
e B(E,N) is the blocking probability.
e [/ is the traffic load in Erlangs.
e N is the number of available servers.

Whenever the buffer meets its maximum capacity, any new arriving job is dropped,

regardless of its origin or resource requirements.

Poisson Arrivals See Time Averages

In queueing theory, the Poisson Arrivals See Time Averages (PASTA) property
connects the state of a system with Poisson arrivals. The PASTA property states
that, in a queue with Poisson arrivals, the proportion of jobs arrivals that observe
the system in a particular state is equal to the proportion of time the system spends
in that state. This equality of fractions is what defines the PASTA property [27].
The key requirement for PASTA to hold is that the future arrivals of jobs must
be independent of the current state of the system, which is a property satisfied
by the Poisson arrival process. In other words, an arrival from a Poisson process
observes the system as if it were arriving at a random moment in time, without
being influenced by the system’s history.

Mathematically, let X (¢) denote the state of the system at time ¢, and let A be the
arrival rate. The PASTA property is expressed as shown in Equation 2.12:

P(arriving job sees X (t) = k) = lim P(X(t) = k) (2.12)

t—o0
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This equation indicates that the probability that an arriving job finds the system in
the state k is equal to the long-run average probability 7, that the system is in the
state k as t approaches infinity oo.

Therefore, in any system with Poisson arrivals, the expected value of any parameter
observed at the instant of a Poisson arrival is simply the long-run average of that
parameter. It helps to ensure that all arriving jobs, regardless of their size or class,
observe the system’s state in the same way. For example, a system with big and
small jobs, both big and small jobs see the same statistics on the system state upon
arrival. Consequently, these jobs will share the same dropping probability.

In summary, the PASTA property provides an influential insight into queueing sys-
tems by setting that Poisson arrivals observe the system’s time-averaged behavior,
making it an important concept in the analysis and modeling of queues. By un-
derstanding and applying these performance metrics, system designers can optimize
the operation of various queueing systems, whether in computer networks, manu-
facturing processes, or service industries, thus improving overall QOS and customer
satisfaction [19] [28].

Little’s Law

Little’s Law is a elementary theorem in queueing theory that provides a relationship
between three key performance metrics. The includes; the average number of jobs in
the system, the average arrival rate, and the average time a job spends in the system.
The are generally denoted by L, Aand W respectively [16][10]. The relationship
between these metrics is expressed using Equation 2.13:

L=\W (2.13)
For Little’s Law to hold, there are a few assumptions that need to be considered.

e Work-Conserving System: The system must be work-conserving, which
means it should never be in an idle state when it has jobs waiting in a queue.
If the queue is not empty, the servers should not waste time, but instead work

on jobs. In other words, the resources must not be under-utilized.

e No Job Dropping: This assumption means that every job that enters the
system must receive service sooner or later. This job will leave the system

after completing its service.

e Stable System: To keep the queue as short a possible or to limit the waiting
queue and not let it grow indefinitely, the( A) must be less than the system’s
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maximum (x). This condition helps to keep the system in a steady-state.

e Finite Arrivals and Departures: Jobs must arrive and leave the system
one at a time. This means that the system is not flooded at arrival and exit.

e Long-Run Averages: This condition of Little’s law helps to avoid initial
bias or abrupt changes due to non-equilibrium state of simulation. It states
that the system under study must be observed for a longer duration of time
so that transient effects are minimized and averages stabilize for the results to
be valid. The transient effect is the temporary imbalance that a system faces

before it reaches a stable state.

These assumptions ensure the precise application of Little’s Law in analyzing the
performance evaluation of queueing systems.

2.2.5 Analytical Methods in Queueing Theory

Analytical methods in queueing theory refer to a set of powerful mathematical tools
used to model, analyze, and forecast the behavior of queueing systems. These meth-
ods enable an accurate representation of complex systems, which leads to essential
insights to optimize performance and understand the dynamics of the system. This
section introduces Markov Chains and Birth-Death Processes for queueing systems.

Markov Chain

A Markov chain is a basic tool in the analysis of queueing systems, particularly
systems that can be described by a set of discrete states and transitions between
those states. This was introduced by A.A. Markov in 1907. A Markov chain is
a stochastic process characterized by the memoryless property, meaning that the
future state of the system depends only on the present state, not on the sequence
of events from the past. In other words, a process that does not retain memory
of the past events. This property is formally known as the Markov property [29].
Mathematically, a Markov chain is defined by a set of states S = {s1,82,...,,}
and a transition probability matrix P, where each entry P;; refers to the transition
probability from state s; to state s; as shown in Equation 2.14:

]Dl'j = PI'(Xn+1 = Sj ’ Xn = Si) (214)
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Birth-Death Processes

Birth-death processes are a specific type of Markov chain commonly used to model
queueing systems where transitions occur only between neighboring states. In this
context, “births” represent the arrivals of jobs, and “deaths” represent the comple-
tion of service and the departures of jobs from the system. The process is character-
ized by rates A\, for births and pu, for deaths, where these parameters may depend
on the current number of jobs n in the system [30].

The differential-difference equations governing the state probabilities p,(t) of a
Birth-Death Process are shown in Equation 2.15 below:

dpn(t)
dt
It should be noted that in the steady state, these probabilities p,, satisfy the balance

= M—1Pn—1(1) + fin1Pns1(t) — (A + pin)pn(t) (2.15)

equations presented in Equation 2.16:

An—lpn—l = WnPn (216)

For the simple case of the M/M/1 queue, where \,, = A and pu,, = p, the steady-state

probabilities are mathematically presented in Equation 2.17.

P — (g)npo (2.17)

with py determined by the normalization condition. This is given in Equation 2.18

A
m=1-7 (2.18)
The steady state analysis of Birth-death processes is essential for deciding long-
term performance metrics such as average length of queue and waiting time of jobs
in buffer, and it forms the backbone of different queueing theory models.

2.2.6 Challenges and Future Directions in Queueing Theory

With the emergence of computing environments, particularly with the expansion of
data centers and cloud computing, queueing theory faces major challenges. Tra-
ditional models, such as the M/G/n queues, struggle to accurately represent the
complexities of modern systems that involve large-scale parallelism, dynamic work-
loads, and non-stationary conditions. These environments require more sophisti-

cated models that can adapt to the inherent variability and unpredictability of the
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system. A key challenge lies in modeling multi-server job systems, where under-
standing performance and stability under various scheduling policies remains an
open problem.

Looking ahead, the integration of queueing theory with Machine Learning (ML)
represents a promising avenue for research. These techniques could be utilized to
optimize scheduling decisions and predict workload patterns in real-time, thus en-
hancing the adaptability and efficiency of queueing systems. However, this integra-
tion requires overcoming problems related to computational constraints of queueing
environments. Additionally, the scalability of queueing models must be addressed,

particularly as systems continue to grow in size and complexity [31][32].

2.3 Scheduling Policy

Scheduling discipline is a critical process that aids decision making in queueing. It
is employed in various industries, particularly in the manufacturing and service sec-
tors, to allocate resources to pending jobs over specified time periods with the aim
of optimizing one or more goals [33]. In the context of cloud computing and hetero-
geneous systems, scheduling policies play a vital role in efficient resource allocation,

maintaining system stability, and ensuring optimal performance.

2.3.1 Introduction to Scheduling Policy

Scheduling policies are essential in resource management, as they determine the
order of jobs and the allocation of system resources to these jobs, significantly im-
pacting the performance and efficiency of communication networks and computing
systems [34]. In cloud computing, job scheduling is crucial for optimizing resource
utilization by allocating jobs based on specific requirements such as CPU, mem-
ory, network bandwidth, and priority levels. Jobs may vary in their processing
requirements and deadlines, making the scheduling process complex and essential
for both cloud service providers and end-users. Optimal scheduling ensures that the
cloud user can effectively solve problems of diverse complexity, while cloud service
providers can maximize resource utilization and service efficiency, thus maintaining

a balanced and effective system [18][35].
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2.3.2 Classification of Scheduling Policies

Given the distinct characteristics and practical implementation, scheduling disci-

plines can be categorized into several types.

1. First-In First-Out FIFO is the traditional and simplest scheduling algo-
rithm in which incoming jobs are processed in the order they arrive into the
system. This scheduling policy is easy to implement and ensures fairness, al-
though it can lead to inefficiencies such as the convoy effect, where shorter
jobs (jobs with shorter service time) are delayed behind longer ones, resulting
in increased average wait times. In the literature, this convoy effect is undesir-
able and is known as the HOL [36][37]. In Section 3.2.1, a detailed description
of FIFO is presented from the literature. Similarly, Section 5.4.1 presents the
mathematical formulation of the FIFO scheduling policy in Finite Capacity
Queues (MJQM-F).

2. Shortest Job First (SJF) This policy prioritizes jobs with the shortest ser-
vice time requirements, thereby optimizing the average waiting time. However,
this policy requires prior knowledge of the job service time, which may not al-
ways be available. Additionally, it can lead to the starvation of longer tasks
if the frequency of arrival of shorter jobs is higher, and this causes frequent
preemption of longer jobs in favor of shorter jobs [38].

3. Round Robin (RR) This scheduling discipline assigns a fixed quantum or a
time slice, to each job in the system in a cyclic order. It means that each job
in the service is served for that fixed quantum in a circular way. This method
ensures fairness and is particularly useful in time-sharing systems. However,
the performance of RR heavily depends on the quantum length; too short a
quantum leads to excessive context switching, while too long a quantum may
mimic FIFO. Selecting an optimal time slice for switching directly impacts the

performance of the system [39].

4. Priority Scheduling This policy processes tasks based on their priority lev-
els, ensuring that more critical tasks are handled first. This approach can be
implemented in both preemptive and non-preemptive forms. Although prior-
ity scheduling ensures that important tasks are addressed promptly, it risks
starving low-priority tasks, which may never get executed unless mechanisms
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like aging are implemented to gradually increase their priority as their waiting
time in the system increases [37]. In Section 3.2.2, a detailed literature re-
view of Priority scheduling policy is presented. Similarly, in Section 5.4.2, the
mathematical formulation used for the Priority scheduling policy in MJQM-F
is presented.

5. Multi Queue Scheduling

This policy splits the jobs waiting in the buffer into multiple queues based on
characteristics such as priority or job source and etc. Each queue might oper-
ate on a different scheduling algorithm. This approach is highly flexible and
efficient in handling diverse workloads, but adds complexity to the scheduling
process [40].

2.3.3 Preemptive vs. Non-Preemptive Scheduling

Scheduling policies can broadly be classified into two categories: preemptive and
non-preemptive. In preemptive scheduling, the currently running job can be in-
terrupted to accommodate a higher priority job. This approach allows the system
to always serve the most critical job, often resulting in better resource utilization
and responsiveness. However, preemptive scheduling comes with additional costs,
including context-switching overhead, potential resource wastage due to restarting
jobs, and increased energy consumption, particularly in power-sensitive environ-
ments [41]. In some systems, the decision of preemption is not only dependent on
the priority of the job but also on some other factors such as resource availability,
current performance, etc. Therefore, the preemption of an active job is subject to
predefined conditions.

Preemptive scheduling disciplines can be broadly divided into two categories with
respect to how they deal with preempted jobs. In the first type, the preempted job
is added back into the waiting queue, its service state is preserved, and later when
it resumes its service, it starts from the state where it was initially preempted. This
approach is known as preemption with resume while in the other preemption type,
the service state of the preempted job is reset, meaning the job loses all service
progress made before the preemption. It is added to the waiting queue without any
preservation of its service state. Similarly, when this job is eventually serviced again,
it restarts its service from the initial state as if it were a new job [42][43]. Chapter 7
presents the preemption and restart based scheduling policy proposed in this study
for performance evaluation of Multi-Server Job Systems.
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On the contrary, in non-preemptive scheduling a job once started its service is run
until its service is over. Although this approach is simpler and incurs no context-
switching costs, it can lead to resource under utilization, particularly in systems
where priorities of jobs vary significantly. Non-preemptive algorithms like FIFO
and SJF offer predictability and simplicity but may not be suitable for environ-
ments requiring high responsiveness. The Figure 2.2 illustrates the classification of
scheduling disciplines into two broad classes: preemptive and non-preemptive. Pre-
emptive scheduling can be sub-categorized into “with Resume” and “with Restart”,
depending upon the nature of the interrupted task that either continues from the
point of preemption or starts afresh. The first type of scheduling ensures fairness and
simplifies job management, but leads to higher overhead due to wasted computa-
tion and increased execution time. On the other hand, preemptive scheduling with
job resume reduces wasted effort and improves efficiency, but requires additional
mechanism for state saving, increasing different types of overhead. This distinction
is crucial in evaluating the effectiveness of different scheduling policies in heteroge-
neous cloud computing environments.

In summary, the choice between scheduling algorithms, either preemptive or non-
preemptive scheduling, depends on the specific system requirements and the trade-
offs between system responsiveness, complexity, resource utilization, and energy con-
straints. Preemptive scheduling is often preferred in systems where quick response
times and efficient resource use are critical, despite its higher complexity and over-
head. Non-preemptive scheduling, on the other hand, offers simplicity and lower
overhead, making it suitable for systems where these factors are more important
than responsiveness [40].

2.3.4 Work-Conserving Scheduling Discipline

Work-conserving scheduling discipline ensures that system resources are always uti-
lized whenever jobs are waiting in the queue. This means that whenever a job is
ready to be processed and a server is available, the job will immediately be as-
signed the necessary resources, and its service will be scheduled. At no point will
a job remain in the waiting queue if there is an available server to process it. This
guarantees that resources are always utilized as long as there are jobs in the buffer.
Work-conserving schedulers can be either preemptive or non-preemptive [44].
Notable features of the work-conserving scheduling are listed next.

e Immediate Service: The system immediately begins processing the next
job as soon as the server becomes free. If there is a queue of waiting jobs,



26 CHAPTER 2.

Scheduling
Discipline

Non-
Preemptive

Preemptive

Fig. 2.2: Overview of Preemption-Based Scheduling.

the server will not pause or delay, thus maximizing efficiency and resource
utilization.

e No Idle Time: The system remains occupied as long as there are jobs in the
queue. The idle time only occurs when the queue is empty, indicating that
there are no jobs waiting for service.

The Work-conserving scheduling disciplines maximize resource utilization and min-
imize the overall waiting time of jobs in the queue. These schedulers are commonly
used in network traffic management, OS and other service systems where maximizing
throughput is crucial.
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2.3.5 Selection of Scheduling Policies Based on Knowledge
of the System

A scheduling policy refers to the set of finite steps used to allocate the required
resources to jobs in a computer system. These policies can vary based on the nature
of the underlying system and may include priority-based approaches to ensure timely
responses to critical events [45]. Selecting an optimal scheduling policy is a strategic
approach. Optimal scheduling policy can significantly improve performance and
optimize resource utilization. Several factors such as the type and frequency of
the job the system will receive are important while making choice about scheduling
policy. System capacity, such as resources and buffer also plays a vital role in
this selection process. The presence of preemption or priority is another factor to
consider in this selection process. Performance evaluation is directly related with
the scheduling policies used. So, identification and classification of the most desired
performance metrics is another key consideration. By evaluating these factors, one
can select a scheduling policy that best fits the specific needs and given constraints
of the system.

2.3.6 Evaluation of Scheduling Policies

Real-time scheduling theory has shown remarkable evolution in the past years. Due
to the intensive work done in this area, many scheduling policies have been proposed
to date [46]. The evaluation of scheduling policies is crucial to optimizing resource
allocation, maintaining QoS, and improving overall system performance in systems
with dynamic resource requirements and types. Evaluation statistics provide insight
into how effectively a policy manages the resources of the system and optimally
handles diverse workloads. The evaluation normally comes from theoretical analysis,
simulation, or an actual implementation based on several key metrics which provide
insight into how effectively the system resources are utilized. Common evaluation
metrics include resource utilization, throughput, response time, waiting time, energy
efficiency, fairness, makespan, and scalability [47]. The Section 2.2.4 discusses these
metrics in detail.

Evaluating scheduling policies with the metrics stated above requires real-time anal-
ysis or detailed simulation of cloud environments with realistic traces of data. Sim-
ulators like CloudSim, OMNeT++, and other similar frameworks are used to model
cloud infrastructure and workloads to observe their performance under varying con-
ditions such as arrival rate, service rate, underlying scheduling discipline and system

capacity, etc.
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2.3.7 Scheduling in Data Centers

Nowadays, the cloud world is crowded with a larger number of diverse data centers
which communicate with each other in an independent way offering the focused
services to the users [48]. This frequent communication and workload from a diverse
user base highlights the importance of scheduling and resource allocation. The
resource allocation should be optimally planned to have minimize required energy
to accomplish the user request while maintaining excellent QoS [49]. In the context
of modern High-Performance Computing (HPC) systems, scheduling plays a crucial
role, particularly as these systems evolve to accommodate the diverse demands of
cloud computing. Under-utilization of data center equipment is one of the most
common problems reported in the literature [50].

Traditional scheduling techniques, developed for homogeneous environments, are no
longer sufficient due to the dynamic and heterogeneous nature of contemporary com-
puting environments. Modern cloud systems are characterized by Al-driven work-
loads and highly variable structures, where resources can be dynamically added or
removed based on workload demands. This requires advanced scheduling approaches
that can monitor and adapt to real-time changes [51]. In such a system, the chal-
lenge of scheduling is compounded by the need to assign resources to jobs in a way
that optimizes performance metrics such as system utilization, load balancing, and
execution time. Here, jobs are often represented as nodes in a Directed Acyclic
Graph (DAG), with edges denoting the communication between them. Weights are
assigned to nodes and edges to reflect computation and communication costs, re-
spectively. Scheduling can be static, where decisions are made before execution,
or dynamic, where resources are allocated or reallocated during runtime [52]. This
flexibility is crucial in environments where the system conditions and workloads are
diverse and unpredictable [53].

The complexity of scheduling in the cloud computing environment is further illus-
trated by the gap between load sharing and load balancing. While load sharing aims
to ensure that no resource remains idle when there are jobs waiting for execution,
load balancing seeks to equalize the workload across all computing nodes, even those
that are not idle. In homogeneous environments, the process migration has been an
effective strategy for improving response times; however, in heterogeneous environ-
ments, this approach is less applicable due to the architectural diversity. Instead,
load balancing involves a more sophisticated strategy where local schedulers not
only manage resources locally, but also consider the global state of the system to
optimize overall performance [54]. Chapter 3 discusses the evolution of scheduling
policies for cloud computing in detail.
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To summarize this discussion, scheduling in cloud environments requires addressing
the problems of dynamic resource management, load balancing, and energy effi-
ciency. Advanced scheduling techniques must not only accommodate the diverse
and dynamic nature of modern systems but also optimize performance and energy
consumption. Doing so can ensure that these systems can meet the demands of
various modern-day applications effectively.

2.3.8 Challenges and Future Directions in Scheduling Policy

As cloud computing evolves, new challenges emerge in scheduling policies, particu-
larly in terms of energy efficiency, dynamic resource management, and the integra-
tion of Al-driven techniques. The vast scale of cloud data centers leads to significant
energy consumption, making energy-efficient scheduling critical. Virtualization tech-
nology, which enables parallel execution of tasks on Virtual Machines (VMs), must
be optimized to reduce energy use while maintaining QoS standards, such as dead-
lines and budgets. Researchers are exploring strategies that involve dynamic QoS
requirements, allowing for more flexible and adaptive scheduling, which improves
resource utilization and meet application objectives more effectively [55][56].

In general, the complexity of cloud resource scheduling requires dynamic, advanced
and energy efficient strategies that can adapt to the evolving demands of modern
cloud environments. This includes addressing challenges such as reliability, security,
and scalability to ensure that cloud services can meet the diverse needs of users
while maintaining high performance and efficiency [56].

2.4 Discrete Event Simulation

Discrete-Event Simulation (DES) is one of the most well-known modeling techniques,
having evolved significantly since the initiation of computer simulation in the 1950s.
Specific developments in the past two decades include the utilization of Al, visual
interactive modeling, simulation optimization, integration with other software, and
distributed simulation [57].

2.4.1 Introduction to Discrete Event Simulation

DES is characterized by changes in the simulation state occurring at discrete time
points. In other words, DES involves state changes at specific, though possibly
random, intervals. Examples of systems that might be evaluated using DES include
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inventory systems, manufacturing, and queueing. These systems are driven by events
that occur at discrete times and change the simulation state. The event times
correspond to customer arrivals and departures from a system [58][59].

2.4.2 Components of a Discrete Event Simulation

In the literature, different terminologies are used in different domains such as man-
ufacturing, queueing, and inventory systems. However, the basic theme remains
consistent. Below are the major components of DES [59][60].

1. Events:

This is an instantaneous occurrence that alters the state of a system. For
example, in a model of a job service system, the arrival of a job would be an
event that alters the system’s state by introducing a new entity (the arriving
job) into the model. Similarly, a job finishing its service and releasing the

acquired resources is another example of an event in the DES.

2. Entities:

Entities are components or objects within the system that require explicit
representation. These might include customers, machines or jobs. Entities
interact with the system, instigating and responding to events.

3. Attributes:

The key characteristics of entities, such as the priority of a job, information
about the resources required by a job, or the routing of a job through a manu-
facturing process. These attributes help to define the behavior and interactions
of entities within the system.

4. System State:

It is a combination of variables that contain all the necessary information to
characterize the system at any given time. This includes the status of entities
and the values of attributes and resources within the system.

5. Lists:

Lists are collections of associated entities, ordered in a logical fashion, such
as customers waiting in the queue for their turn. These lists help manage the
flow and organization of entities within the system.
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6.

10.

11.

12.

13.

Future Event List:
The event list is a crucial component that keeps track of all future events,
ordered by their time of arrival or any order depending on the service discipline.
Simulation Clock:

The simulation clock is a variable representing the current simulated time. In
DES, time advances in discrete jumps from one event time to the next, as

events are assumed to occur instantaneously.

Control Components:

Control components manage the overall flow of the simulation.

Random-Number Generators:

DES relies on pseudo random-number generators to produce random variables
that model uncertainty in the system, such as interarrival times or service
durations. These generators ensure stability in experiments. This helps to
reproduce the results when the simulation is run again with similar parameter
set. This is important to clone and simulate the realistic behavior of the
real-world system.

System:

The system is the collection of different entities that interact with each other

over time to meet certain objectives.

Model:

Abstraction hides complexity while maintaining the major functionality. Ab-
stract representation of the underlying system is called model of that complex
structure. This abstraction helps to capture the structure, logic, and relation-
ships between different components to simulate its behavior.

Activities:

Activities refer to the time lap of a known length, such as service times, which
are defined in advance

Delays:

It is the duration of unknown or indefinite length, such as waiting times in
queues, where the end time is dependent on future events. In any time sensitive

system, delays are always undesired.
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2.4.3 Modeling and Designing a Discrete Event Simulation

The modeling and designing a DES begins with abstraction. Doing so helps to sim-
plify a real-world system by creating a model that captures its essential elements
while omitting unnecessary details and complexity. It involves identifying key en-
tities, events, and states to represent the real-world system within the simulation
environment. This highlights key operations and helps avoid inconsistencies. After
the abstraction stage, validation and verification of the model is carried out. Vali-
dation ensures that the model accurately reflects the real-world system. Similarly,
verification confirms that the model is correctly implemented within the simulation
software. This includes checking the logical consistency of the model and verifying
the proper functioning of the system [61].

2.4.4 Output Analysis

Statistical examinations of performance evaluation metrics are carried out during
this stage. This aims to draw conclusions about system performance. It often in-
cludes performing the simulation iteratively with varying parameters and averaging
the results to identify any trends or anomalies. Additionally, examining outliers
in the data can help identify potential flaws in the system design or simulation
model [61]. Generating various visual representations such as different types of
plots, graphs, and heatmaps might be helpful to draw insights from the statistical
results.

2.4.5 Common Simulation Models

DES commonly uses inventory models, network models, and queueing models to
simulate systems. In system, entities wait in a queue for service, such as customers
at a service station, jobs in a manufacturing process, and packets waiting for an
acknowledgment in the network. Network models simulate the flow of information or
resources between nodes, such as data packets, in a computer network. These models
are essential for DES and are selected based on the specific needs and attributes of
the system under study [61].
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2.4.6 Simulation Software and Tools

DES is widely supported by different simulation softwares, each with distinct fea-
tures and advantages. Some of the popular tools used in research and industry
include NS-2, NS-3, OPNET, OMNeT++, J-Sim and QualNet. These tools are
highly used in network simulation, which is crucial for modeling and analyzing the
performance of network protocols without physical deployment [60][62].

NS-2 and NS-3 are both open-source, DES for networking protocols and complex
systems. While NS-2 has been highly adopted due to its long history. Extensive
documentation gives another edge to NS-2. NS-3 is an extended version of NS-2 for
better performance, memory management, and support for scripting in Python [63].
OMNeT++ is another well-known DES with a modular architecture. This modular-
ity makes it highly extensible and suitable for various network simulation scenarios,
including wireless networks and queueing systems. OPNET is a comprehensive com-
mercial simulator that provides extensive support for modeling and simulating the
behavior and performance of networks at the packet level [64]. QualNet is a high-
fidelity simulator designed to model large-scale wireless and wired networks, offering
real-time performance capabilities. Finally, J-Sim is a Java-based simulation envi-
ronment that supports the modeling network protocols and distributed systems [63].
These tools have the ability to model, simulate, and analyze systems in a wide range
of research and engineering domains. The choice of tool is driven by several factors
such as the need for open source software, ease of use, performance capabilities, or
the complexity of the network being simulated.

2.4.7 Challenges and Future Directions in Discrete Event

Simulation

DES faces several challenges due to the emergence of Al-driven workloads. Such
workloads are very intensive and complex. These challenges include scalability,
accuracy, and computational efficiency. As systems become increasingly complex,
scaling DES models to simulate larger, more intricate systems without losing ac-
curacy or efficiency is a significant problem. This problem is compounded by the
need for simulations to execute within a reasonable time limit, which demand ad-
vanced computational resources and optimization techniques. Despite improvements
in computational speed and reductions in modeling costs, the literature reveals a
persistent gap in innovative frameworks to optimize large-scale DES models, indi-
cating a need for more integrated and dynamic solutions [65]. Looking to the future,
there is growing interest in the integration of DES with emerging technologies such
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as ML and big data. This is expected to improve the accuracy and responsiveness of
simulations, particularly in real-time applications, which is degraded when a large
system is simulated [66].

2.4.8 Conclusion

In this chapter, we explored the theoretical ground which is crucial for developing
the performance evaluation model of cloud computing through MJQM-F. We started
with an in-depth discussion of queueing theory, its foundational concepts, and its
importance in modeling complex systems where resource and job arrival is dynamic
and diverse. These constraints lead to congestion and delays in the complex system.
Furthermore, we discussed the evolution of scheduling disciplines such as FIFO,
Priority, Multilevel, SJF, RR scheduling policies. We indicated their important role
in resource allocation and highlighted their advantages and potential drawbacks with
respect to different models. The discussion ended with the selection criteria for these
policies based on knowledge of the underlying system and the desired performance
metrics.

Finally, the chapter provided an overview of DES which is an important tool for
modeling and analyzing the behavior of cloud systems. We discussed the important
components of DES, its modeling, and design process. We also introduced various
simulation software used in this domain. Overall, this chapter provides the theoret-
ical discussion necessary to understand methodologies and challenges related to the
performance evaluation of cloud computing. This helps us to set the stage for the
subsequent chapters, which focus on the practical implementation and analysis of
MJQM-F.



Chapter 3

Review of Scheduling Policies in
Data Centers

3.1 Introduction

The rise of cloud computing and the emergence of the Internet of Things (IoT)
technologies in the past two decades has dramatically transformed the way compu-
tational resources are accessed and utilized. This expansion has led to the devel-
opment of massive data centers, which now support a wide range of applications
including enterprise systems, Al-driven workloads, and big data analytics [67][68].
Cloud computing has shifted the traditional model of software storage and process-
ing from client-side machines to remote data centers. In these data centers, data
and services are abstracted and managed through the cloud for significant flexibility
and scalability. So, users can access resources on the go through a web interface [49].
In response to the rapid advancement in [oT, cloud data centers must be capable
of handling the intensive volume of data, placing new conditions on performance
optimization, resource allocation, and energy consumption.

To address these problem, scheduling policies in high-performance data centers have
become a critical focus of research. Efficient scheduling is important to ensure that
computational jobs are optimally distributed across a large number of servers in a
data center. This helps maximize resource utilization, reduce delays, and reduce
energy consumption. For example, a scheduling policy that prioritizes placement of
jobs on the local server will result in higher QoS and reduce network traffic. Likewise,
scheduling policies that account for resource requirements, energy efficiency, and
service quality can notability improve the scalability and sustainability of cloud

environments [69].
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This chapter offers a comprehensive examination of numerous scheduling policies in
cloud data centers. It covers a wide range of scheduling policies, starting from FIFO
and Priority-Based scheduling and moving to more advanced strategies such as pre-
emptive and non-preemptive approaches, nature-inspired evolutionary algorithms,
energy-aware, and ML-driven scheduling techniques. Through a detailed review of
recent studies on scheduling policies, this chapter offers insight into their effective-
ness in different cloud environments. The chapter concludes with the identification
of open problems and outlines potential avenues for future research.

3.2 Literature Review on Scheduling Policies

Scheduling policies determine how resources are allocated to workloads and directly
impact performance metrics such as makespan, resource utilization, energy consump-
tion, and QoS [70]. Given the cloud systems’ diverse workloads and resource types,
the need for effective and adaptable scheduling strategies has grown significantly. In
this work, we consider a cloud infrastructure model based on MJQM. The system
consists of a set of finite-capacity computational resources and various classes of
jobs. Each job class has its stochastic service time and deterministic resource de-
mand. Jobs arrive according to a time-homogeneous, independent Poisson process,
with the system using a finite-capacity buffer to manage job arrivals. If sufficient
resources are unavailable, jobs must wait in the queue until the jobs that have ac-
quired the resources earlier complete their service and release them. The simulator
allows for class-by-class configuration, accommodating diverse resource types such
as bandwidth, memory, and cores. By incorporating this reference model, the sub-
sequent section provides a comprehensive review of the various scheduling policies
that have been explored in the context of cloud computing.

3.2.1 FIFO Scheduling Policies

FIFO is one of the simplest scheduling disciplines in which jobs are assigned the
required resources in the first-come, first-served sequence. In the study [71], the
author proposed a cost-energy-efficient algorithm that adjusts the execution of jobs
based on the trade-off between power and operational cost. The research highlights
scheduling strategies such as FIFO, Least Running Time First (LRTF), which priori-
tizes jobs with the longest expected execution times to optimize resource allocation,
and Least Nodes First, which allocates resources based on the jobs requiring the
fewest resources, thus optimizing resource use. Their results suggest that these poli-
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cies, especially LRTF and Least Nodes First, maximize the use of green energy and
reduce overall costs. However, reliance on the accuracy of the prediction model and
inconsistency in the availability of green energy due to fluctuations in weather and

environmental conditions are the shortcomings of this approach.

The study in [72] explores scheduling techniques and resource management in cloud
computing environments and large computing clusters with a focus on efficient al-
location. They highlight the complexities and challenges posed by heterogeneous
workloads that coexist in these environments, particularly the urgency for efficient
scheduling mechanisms. In addition, the study discusses the importance of specific
scheduling goals. These include distributing the workload evenly among system’s
resources, reducing energy consumption, and adhering to Service Level Agreements
to ensure QoS. It also emphasizes that achieving an effective resource management
strategy requires trade-offs between various factors. These include job makespan,
energy consumption, job constraints, scalability, and cost-effectiveness.

The authors of [73] investigated the scheduling of flows in data center networks. The
results of their analytical study show that scheduling delays, including communica-
tion and computational, can negate the benefits of traditional scheduling algorithms
like Shortest Remaining Processing Time (SRPT). By categorizing flows into two
classes (e.g, small and big), based on a certain threshold, they argue that serving
small flows using FIFO without scheduling leads to lower average flow completion
time. This holds even compared to SRPT under ideal conditions. The study mod-
eled the impact of scheduling delays and showed that most small flows can benefit
from non-scheduling. However, the study focuses on network flows without consid-
ering resource types and lacks discussion over the impact of how large flows might
suffer under this model. The research in [74] is conducted using the traces of real-
world workloads from a data center with the aim to find the most optimal scheduling
strategy for energy and network cost. The study explores the cloud environment and
evaluates various classical scheduling techniques, such as FIFO, SJF, and Aggressive
Backfilling. Their results revealed that FCFS and Min-Min scheduling strategies are
particularly effective in reducing network and energy costs.

For an overview of how we have employed FIFO in our work, readers are encouraged
to refer to Section 5.4.1, which presents the characteristics of the FIFO scheduler
and the mathematical formulation of the FIFO scheduling policy used to simulate
the FCQ model.
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3.2.2 Priority-Based Scheduling Policies

Priority-based scheduling assigns different levels of importance to jobs based on cri-
teria such as deadlines, job size, source, and resource requirements. This allows
greater flexibility; make sure that deadline sensitive sensitive jobs are completed in
due time. The work done by [75] addresses energy efficiency and performance in
cloud data centers. Their proposed solution focuses on reducing power consumption
while ensuring that tasks meet their deadlines. This is crucial for real-time cloud
services such as financial analysis, scientific computation, and flight control systems.
The scheduler uses Rate Monotonic (RM) scheduling combined with a backfilling
approach to fill unused processing slots to improve energy efficiency and resource
utilization. The authors compare the RM scheduling method with the state of the
art to highlight its superior performance in minimizing energy consumption and ef-
ficiency to meet real-time requirements. In [76], the authors propose an optimized
scheduling approach using multi-objective VM selection based on measures like com-
putational time, load volume, trust, energy usage and resource wastage. The authors
introduced an entropy-based Krill Herd optimization algorithm for scheduling tasks
to VMs, which outperforms the state-of-the-art such as general Krill Herd optimiza-
tion, Cuckoo Search optimization, Minimum Completion Cloud, and Round Robin.
The proposed model aims to improve energy efficiency, load balancing, and overall
performance in cloud environments by focusing on VM selection. However, the fo-
cus of the work is limited to resource utilization and energy consumption and this
somehow neglects the crucial performance metrics such as latency or response time.
We employed priority scheduling and the results revealed that allocating priority
to big jobs has a positive effect on small jobs as well. For an overview of how
we have implemented priority in our work, readers are encouraged to refer to Sec-
tion 5.4.2, which presents the characteristics of the hard priority scheduler and the

mathematical formulation used to simulate the FC(Q model.

3.2.3 Preemptive and Non-Preemptive Scheduling Disciplines

In the context of job scheduling, two basic approaches are widely recognized: pre-
emptive and non-preemptive scheduling algorithms. These algorithms are crucial in
managing job execution, especially in heterogeneous cloud computing environments,
where resource utilization and efficiency are of greatest importance.

The work done in [77] introduces a hybrid scheduling model combining centralized
and distributed approaches. It focuses on optimizing scheduling decisions by parti-
tioning long and short jobs dynamically, using a mix of preemptive scheduling and



3.2. LITERATURE REVIEW ON SCHEDULING POLICIES 39

job-awareness techniques. Preemption is applied to avoid the HOL blocking and
to better balance workloads. The solution allows for centralized scheduling of long
jobs while short jobs are distributed to ensure better latency management. Since
the study proposed the split of the cluster for both types (e.g. long, short) of classes,
however, this could potentially under-utilize the system resources if the proportion
of long or short jobs fluctuates unexpectedly. The authors in [78] introduced a novel
cluster scheduling system called Lyra, to optimally handle resource (e.g., CPU,
memory, bandwidth) under-utilization. The system optimizes the scheduling of jobs
in GPU clusters by introducing the concept of capacity loaning to loan the idle
servers to avoid or limit the idle time and elastic scaling which allows jobs to adjust
the resources based on availability dynamically. Lyra also implements preemptive
scheduling to handle resource reclamation efficiently. The system improves overall
job queueing time, job completion time, and cluster usage, as demonstrated through
large-scale simulations and a prototype implementation. Since this work focuses on
the optimal allocation of GPU resources but lacks a discussion on energy consump-
tion, the current Al-driven workload has heterogeneous resource requirements and
lacks energy implications.

In [79], the authors presented a heuristic priority scheduling algorithm using the
M/M/n queueing model. Their work aimed to reduce overall job waiting time in
the system. A priority assignment algorithm is introduced with the help of the
waiting time matrix, which assigns priorities to jobs based on their size and waiting
time. However, the article focuses more on task scheduling rather than tackling the

challenges of heterogeneous resource allocation and dynamic job requirements.

We propose a greedy-based preemptive scheduling policy for the performance evalu-
ation of multi-server job systems with preemption and restart. This policy achieves
higher utilization but may result in computational waste. For an overview of how we
have employed this tailored approach in our work, readers are encouraged to refer to
Section 7.4.2, which outlines the characteristics of the FIFO scheduler and provides
the mathematical formulation of the FIFO scheduling policy used to simulate the
FCQ model.

The authors in [80] proposed a model that uses non-preemptive priority queues
to classify tasks into real-time and non-real-time categories, with real-time tasks
given priority over non-real-time tasks. A Markovian arrival process model task
arrival, which captures the interdependence of tasks. However, the need for task
classification and the use of a non-preemptive priority queue with the Markovian

arrival process model increase the system’s complexity.

The study in [81] utilized dynamic voltage and frequency scaling to manage energy
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efficiency by adjusting processor voltages and frequencies. The authors introduce
a non-preemptive job discipline with deadline constraints and evaluate energy con-
sumption and performance trade-offs in GPU-accelerated jobs. Their main goal was
to limit energy consumption and maintain optimal performance up to the mark,
which is critical for Al-driven workloads. Although energy-saving techniques like
VM migration are beneficial for reducing energy, they may occasionally lead to ser-
vice agreement violations.

3.2.4 Evolutionary Algorithm-Based Scheduling

Evolutionary algorithms, such as Genetic Algorithms and Ant Colony Optimization,
are nature-aware optimization techniques. They have been employed to find near-
optimal scheduling solutions in complex cloud environments. These algorithms can
dynamically adapt to changes in resource demand and availability [82]. The simula-
tion study in [83] proposed a hybrid algorithm for optimizing VM migration and job
scheduling within cloud data centers. The proposed algorithm shows improved per-
formance in energy consumption and resource utilization when compared to particle
swarm optimization and ant colony optimization. Moreover, due to the complexity
of the proposed algorithm, it may lead to higher execution times in large-scale envi-
ronments, especially as the number of VMs increases. This can limit its scalability
in extremely large data centers.

An improved version of Ant Colony Optimization for Multi-Objective Task Schedul-
ing is proposed in [84] to optimize task scheduling by minimizing the makespan,
power consumption, and load imbalance while ensuring task completion times. De-
spite improvements in many aspects, the proposed approach still has shortcomings
with load balancing, especially as the number of tasks increases. The study acknowl-
edges that load imbalance among VMs, especially under large work loads, is still an
issue that needs further exploration.

The aurther in [85] proposed a genetic algorithm-based optimization algorithm.
Their work claimed to efficiently balance the execution of jobs. This approach
improves the dynamic adaptation of scheduling to the shifting workload demands
in cloud environments. The algorithm considers multiple constraints, such as min-
imizing execution and waiting time while improving resource utilization. It also
incorporates virtualization to provide flexible resource management and improves
energy efficiency in the cloud. Similarly, given the complexity of the algorithm, it
may require significant computation time for convergence, especially in real-time

and large-scale heterogeneous environments.
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3.2.5 Energy-Efficient Scheduling

With the emphasis on the go-green initiative, energy-sensitive scheduling policies
have emerged to minimize energy consumption while maintaining system perfor-
mance. These policies often trade off between resource allocation and energy effi-
ciency, making them vital for large-scale data centers. The approach proposed in
[86] integrates queueing theory to optimize server utilization by adjusting the work-
load in accordance with energy costs and system performance. The key concept is to
minimize energy consumption by consolidating jobs into fewer servers and powering
down the idle resources. Although the system optimizes for energy efficiency, it may
not perform as well when dealing with highly diverse and heterogeneous workloads
that have different performance requirements.

The study in [87] covers several resource provisioning models. These model ranges
from static to dynamic VM consolidation, network-aware placement, and energy-
aware resource management. Their survey highlights the need for adaptive, fine-
grained resource management to handle short-term load fluctuations and dynamic
cloud environments. However, it lacks specific simulation-based approaches.

3.2.6 Machine Learning-Based Scheduling

The integration of ML into scheduling policies allows for more intelligent and predic-
tive resource management. ML-based scheduling can adapt to patterns in workload
demand, enabling improved performance over time. The study [88] introduces a
deep reinforcement learning approach using Proximal Policy Optimization to sched-
ule tasks dynamically based on renewable energy availability. This results in a higher
utilization of renewable energy. This reinforcement learning-based scheduler is de-
signed to autonomously adapt to changes in energy availability and workload char-
acteristics, such as unpredictable job arrivals and stochastic energy conditions. It
produced valuable refinement over the state of the art. However, the study assumes
that cloud jobs cannot be migrated once assigned to a server. This assumption lim-
its flexibility in handling real-world scenarios where jobs might need to be migrated
due to failures or performance bottlenecks.

The work in [89] presents an ML approach to optimize scheduling performance in
hyper-scale cloud data centers. The authors propose a gradient-boosting regression
model to forecast the scheduling time for incoming jobs. They also introduced a
novel resource management model that selects the best-performing resource man-
ager dynamically. This selection is based on the predicted scheduling performance.
This model is evaluated using synthetic workload traces, and it outperforms the
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state-of-the-art by choosing the optimal strategy to manage resources depending on
the workload and data center conditions. Although the proposed model is validated
through simulation with synthetic workloads, it lacks extensive testing on real-world
data. The study [90] introduces a scheduling algorithm with reinforcement learning
that uses a DAG model to represent distributed tasks. The proposed algorithm
incorporates a graph convolutional neural network with an attention mechanism to
process scheduling information, followed by a heuristic method to allocate processors
to nodes in the DAG based on the earliest finish time. Although the reinforcement
learning-based algorithm improves scheduling performance, it faces challenges due
to the large decision space associated with DAG scheduling, which complicates net-
work training. In addition to this, its applicability to Al-driven cloud jobs remains

unexplored.

3.3 Conclusion

This analysis has highlighted notable advancement and presented open problems
in optimizing cloud computing performance, particularly in the context of finite-
capacity multi-server job queueing systems. The reviewed articles explored a range
of scheduling policies, including FIFO, priority-based, preemptive, non-preemptive,
and ML-based scheduling approaches, each offering distinct advantages in address-
ing cloud resource allocation and job scheduling. These works demonstrate how
diverse scheduling disciplines impact different performance metrics. However, gaps
remain, particularly in addressing the trade-offs between performance optimization
and resource allocation, an area that our work directly addresses by simulating re-
alistic cloud environments using OMNeT++. By incorporating a comprehensive
simulation framework, our work provides a critical contribution to understanding
the complex interactions between scheduling policies, resource allocation, and sys-
tem performance. This work builds on existing research while addressing limitations,
particularly through its focus on balancing the competing demands of efficiency and
scalability. This work highlights the importance of resource utilization and presents
a balance between energy conservation and dropping probability for quality assur-
ance in cloud environments.



Chapter 4

Simulation Framework and
Implementation Using OMNeT++

4.1 Introduction

Over the past two decades, simulators have gained significant attention in various
scientific domains due to their ability to replicate the behavior of complex systems.
Simulating real-world events or deploying actual systems is often sluggish, expen-
sive, technically challenging, or even unfeasible due to many constraints. However,
simulations may introduce minor inaccuracies due to the inherent complexity of the
systems they model, such as approximations in mathematical models or incomplete
environmental variables.[91].

In the domain of communication and computer networks, where the cost of a net-
working components can be significant, simulators have become essential tools for
both the scientific and industrial communities. Over time, network simulators have
established themselves as an essential platform for testing and validating various
network configurations, components, and protocols before their deployment in the
real world environment. With the recent rise in investments in the cloud computing
by major industrial players, the need for robust cloud simulation tools has become
even more pronounced. Thus, these simulation tools are crucial for designers to test
and refine their proposed solution before they are implemented in real-world cloud

environments [92][93].
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4.1.1 DMotivation and Objectives

The study of queueing networks, particularly MJQM, has gained significant atten-
tion due to its ability to handle diverse jobs types in complex scheduling environ-
ments. Even with its potential, very little is known about MJQM in the current
state of the art, particularly concerning resource wastage due to the granularity of
job demands [94]. Performance analysis of such systems, especially under dynamic
workloads, strongly requires accurate simulation tools for deeper analysis. In the
network communication literature, several simulators have been proposed [95] in
order to study the network and protocols.

In existing research, such as the work in [36][96], the authors investigated the detailed
probabilistic performance of queueing networks, specifically implementing MJQM.
They presented key performance indicators and their interaction with the under-
lying model in terms of time and cost. They acknowledge the analytical difficulty
in multi-server preemptive-resume queues with general arrivals and service times.
In [97], the authors explore buffer and resource allocation in multi-server queueing
networks, revealing the complexities of optimizing queue configurations across dy-
namic workloads. Their study indicates that resource utilization and waiting times
are directly impacted by resource and buffer allocations, which can be challenging to
evaluate without detailed simulations. Additional studies, such as those of Lin et al.
[98], examine job scheduling in heterogeneous clusters using finite-capacity buffers.
The complexities involved in managing job queues in such environments underscore
the limitations of current simulation tools, especially when addressing performance
metrics like queue length and waiting time for multi-class job scheduling. Similarly,
Kumar and Sharma [99] investigate multi-server queueing systems with discouraged
arrivals and customer retention, demonstrating that the analytical complexity in-
creases with the introduction of new parameters in the model. The importance of
an accurate simulator is justified by the lack of general analytical results that can
efficiently predict performance metrics.

Although prior work provides valuable insight into the intricate nature of queueing
networks, they often highlight the challenges of fully capturing system performance
through analytical methods alone. The next section highlights a detailed comparison

of the different available simulators.

4.1.2 Simulation Framework

The modeling and simulation scene has evolved significantly in the past few decades,

with simulation tools coming in and going out. This section presents an overview of
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numerous commercial and non-commercial simulation tools and compares them with
proposed OMNeT-++ based simulation library. In addition, we explain the frame-
work developed for this study, highlighting its relevance to our research. Considering
the simulation of MJQM Scheduling, several alternative tools to OMNeT++ offer
varying degrees of suitability depending on the specific requirements of the prob-
lem under study [100][101]. The following section briefly introduces the different
simulators available and compares the characteristics they offer with our proposed
framework (see Table 4.1 for a detailed comparison of the capabilities of each simu-

lation tool).

1. NS-3:

NS-3 is a prominent discrete event network simulator widely used in academic
and industrial settings [102][103]. While, primarily designed for simulating
network protocols and systems, it can be adapted for job scheduling through
custom modules. However, it may require significant coding overhead and cus-
tomization to effectively simulate MJQM-F and multi-server scheduling. The
lack of native support for granular resource allocation or dynamic job schedul-
ing makes it less user-friendly for this specific task compared to OMNeT++
[104].

2. CloudSim:

CloudSim is a simulation toolkit specifically designed to model cloud infras-
tructure, including data centers, VMs, and scheduling disciplines [105][106].
However, its specialization in cloud computing may limit its flexibility in sim-
ulating broader network scenarios or non-standard scheduling strategies, ar-
eas where OMNeT++ might offer more comprehensive support [107][108][109].
CloudSim primarily focuses on resource allocation and virtual machine man-
agement within cloud environments. Similarly, OMNeT++ provides a modu-
lar and extensible framework for simulating detailed communication networks,
distributed systems, and custom scheduling policies make it superior choice in

our scenario.

3. SimGrid:

SimGrid is a powerful tool, particularly for large-scale distributed computing
simulations. It supports the simulation of multi-server job scheduling and
MJQM-F, making it a strong candidate for studies focused on performance
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Table 4.1: Comparison of Simulation Tool Capabilities

Feature Proposed NS-3 CloudSim SimGrid Matlab
Framework [104] [108] [110] [111]
[37]

Advanced Network Modeling v (4 v

Modular System Design v (4

Cloud Resource Management v v

Multi-Server Job Scheduling v (4 (4 v v

Finite-Capacity Queue implementation ¢ (4 (4 v v

Ease of Customization v v

Distributed Systems Support v (4 v (4 (4

evaluation in distributed systems [110]. However, similar to CloudSim, its
primary focus on distributed computing means that it offers limited flexibility
for evaluating dynamic policies like preemptive scheduling or priority-based
job reordering. It may require additional effort to simulate detailed network
behaviors, which are more straightforward to implement in the OMNeT++

framework.

4. Matlab:

Matlab offers a different approach with its powerful computation and modeling
environment. Matlab’s flexibility allows for the simulation of a wide range of
systems, including multi-server job scheduling and MJQM-F, through custom
scripts and Graphical User Interface (GUI) [111]. However, Matlab may not
be as intuitive for simulating network-specific behaviors, which are more easily
modeled in a tool like OMNeT++ lacks built-in queueing libraries for complex
systems.

In summary, while each of these simulation tools has its strengths, OMNeT++ pro-
vides a fair combination of modeling network capabilities and flexibility, making it
particularly suitable for simulating the scheduling of finite-capacity MJQM in di-
verse environments. It is one of the most accurate network simulation platforms, as
it has the capability to implement and validate the performance of communication
networks and scheduling strategies. It is considered a primary tool for simulating
and integrating wired and wireless networks. Malik et al. [112] demonstrate the
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robustness of OMNeT++ in simulating various data center operations. They de-
scribe the modeling of complex behaviors during a massive flow of network traffic. In
another study, Falk et al. [113] integrate their newly proposed extension for Time-
Sensitive Networks into OMNeT++ to examine and validate its performance. They
ultimately extend the tool’s applications in network simulations. Similarly, Bach-
meier et al. [114] discuss the capability of OMNeT++ to handle complex wired
and wireless networks and validate its effectiveness. Considering the importance of
queue management in complex networks, Chydzinski et al. [115] verify the stability
of queueing systems in OMNeT++ by utilizing drop functions. So, they analyze
the overall reliability of the queue-control strategies. The literature discussed above
highlights the use and importance of OMNeT++ in network simulation. Most of
these works also underline the challenges encountered when implementing models
across different network simulators.

Although the previous network simulators demonstrated data center operations and
arrival processes in traffic, they lack the in-depth analysis of dynamic resource alloca-
tion and the implementation of diverse job classes that are necessary to characterize
modern cloud systems. Consequently, this signifies the gap between implementation
and accurate simulation of MJQM-F in cloud environments. In this part of the
project, we develop a standardized model of queueing networks. This development
provides a more accurate and practical tool for analyzing performance metrics such
as job drop probability, average waiting time, and resource utilization in modern
cloud computing scenarios. The primary characteristics of our proposed tool are
outlined below:

e This work demonstrates how OMNeT—++-, can be utilized to analyze scheduling
disciplines in finite-capacity systems. Our custom-based simulator can model
job queueing and resource allocation of real-world scenarios, while its design al-
lows researchers to test and simulate different scheduling policies with minimal

modifications, enhancing flexibility and reducing implementation overhead.

e We proposed a practical and feasible implementation of queueing models with
finite resources, covering different non-preemptive scheduling policies. Our
library provides insights into configuring simulations, defining network models,
and customizing modules for dynamic cloud environments. It evaluate the
performance of scheduling policies using metrics such as dropping probability,
waiting time, throughput, and resource utilization. The simulator is open-
source and freely downloadable, providing researchers with the opportunity to
reproduce the results and explore new scheduling strategies in finite-capacity
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systems.

We presented the development of a comprehensive model for MJQM-F tailored
for cloud environments. This work aimed to address the limitations of state-

of-the-art network simulation models.

The proposed model includes dynamic resource allocation and handles diverse
job classes. Our model is designed to reflect these variations, providing a more
realistic and flexible tool for cloud system analysis.

Our approach employs the MJQM-F, where the arrival rate A follows a time-
homogeneous independent Poisson process, and the service time is generally
distributed with a class-dependent rate u. It also allows for class-by-class
configuration of different job characteristics. This configuration allows us to
perform a detailed analysis of system performance, particularly in environ-

ments with high variability in job types and server work workloads.

This study presented the impact of scheduling policy on resource utilization.
We presented how our model can be used to evaluate different scheduling
strategies. This contribution not only emphasizes the adaptability of our
work, but also provides reasonable insights for optimizing real-world cloud
operations.

4.2 The Simulation Model

Our proposed simulation model in OMNeT++ has a modular structure, with mul-

tiple specialized modules that extend the tool’s flexibility. These include the sim-

ulation kernel, environment layer and command-line interface modules, etc. The

architecture is specifically based on OMNeT++ due to its general-purpose flexi-

bility. Figure 4.1 shows the logical architecture of the proposed tool [101]. The

architecture is divided into several key components. Its architecture is designed to

split user interfaces, execution control, and simulation logic.
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Fig. 4.1: Logical Architecture of OMNeT++

1. Simulation Kernel (SIM):

The kernel acts as a core component and mainly controls the execution of the
simulation program. It is also responsible for performing numerous functions,

including message passing, event scheduling, and execution.

2. Environment Layer (ENVIR):

The communication between the kernel and user interface is handled by this
layer, which acts as a common base for various types of user interface in
the tool. This layer also includes the necessary library for input and output
operations and controls the debugging output. Thus, ENVIR ensures effective
monitoring and control of the tool during simulations.

3. User Interfaces:

The tool provides both a command line and a graphical interface. Command
Line Environment (CMDENV) has been designed to execute simulations in
batch mode, while the TCL/TK Environment (TKENV) is useful for tasks

such as visualizing the simulation’s progress, debugging, and monitoring.

4. Simulation Model:

The kernel instantiates and manages the Simulation Model, which is the main
module or process of simulation. It represents the system being simulated.
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Both simple and compound components of this module are defined in the
model component library.

5. Model Component Library:

In order to develop a model component library, a large collection of precom-
piled simple and compound modules has been devised and integrated. This
repository of modular components enhances the adaptability, scalability, and
capability of the tool for performing complex simulation scenarios.

In general, the proposed structure makes the tool environment powerful and adapt-

able to various discrete event simulation scenarios.

4.2.1 Model Configuration

The characteristics of the queueing model to implement determine the configuration
of the model. To simulate the MJQM-F model, configuration parameters such as
simulation time limit, number of repetitions, buffer size, and resource capacity are
primarily defined in the configuration file .ini. The snippet mentioned in Table
4.2 refers to the generic structure of the configuration file. This file also defines
the selection of the underlying queueing discipline, which will be applied during the
resource allocation and job scheduling processes. The characteristics of job sources,
including their inter-arrival and service times are declared. In this simulation, job
arrivals are modeled as an independent Poisson process, characterized by a constant
average rate of arrivals, which reflects the stochastic nature of job arrivals in a
complex cloud computing environment. The inter-arrival times are exponentially
distributed, reflecting the memoryless property of the Poisson process, where the
arrival rate is denoted by A (the inverse of the mean inter-arrival time). Similarly,
service times follow an exponential distribution, with the service rate parameter p
defined as the inverse of the mean service time (@ = 1/mean service time). In the
context of queueing theory, this framework describes systems where arrivals occur
randomly over time. While the current analysis assumes exponential service times
(yielding an M/M/1 queue), the model can also accommodate general service-time
distributions (e.g., M/G/1 queues) for broader applicability [116]. In the context
of queueing theory, it describes the probability distribution of the time between
consecutive job arrivals. It should be noted that the model can handle the general

distribution of service time.
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*%,.simTimelLimit = 500000s

repeat = 30

network = SingleQueue

** . processor.bufferSize = 512

** processor.resourceCapacity = 256

** processor.checkInterval = 0.01250s
**.schedulingPolicy = "FIFO" #"FIFO", "Priority"
*x*.source[1] .interArrivalTime = exponential(2.381s)
*x*.source[1] .serviceTime = exponential(10s)

x*x source[1] .requiredResource = 64

*x%.source[2] .interArrivalTime = exponential(0.2646s)
*x*.source[2] .serviceTime = exponential(1ls)

** . source[2] .requiredResource = 1

*% . source [*] .processor. jobDropped.record=vector

**,processor. jobProcessedSignal.record=vector

Table 4.2: OMNeT++ Sample Simulation Configuration

Figure 4.2 depicts a flowchart of the different stages involved in this simulation
model. The simulation is initiated with the required configuration parameters. The
model starts to generate jobs from all job sources based on the input parameters.
The decision to add a job to the finite buffer or to drop it depends solely on the buffer
capacity, regardless of the origin of the job or its resource requirement. Whenever a
newly arrived job is dropped, the relevant counter is updated. Similarly, jobs from
this finite buffer are assigned the required resources on the basis of the pre-defined
scheduling policy, and relevant counters for occupied and free resources are updated
accordingly. Whenever an active job finishes its service, it releases the acquired
resources and is counted as a processed job for its specific source. After completion
of the job, the resources are updated. In other words, in the case of any event,
such as when a job acquires resources or releases them, the status of free and used
resources is updated. In contrast, Figure 4.3 illustrates the queueing system with
a finite-capacity buffer shared by two classes of jobs. Jobs from both sources are
queued in a buffer, and jobs from each source occupy a single position in the buffer.
Resource allocation or job execution occurs after a job enters the buffer. In addition,
the resources are dynamically allocated based on availability. The following section
elaborate on the corresponding network description (.ned) and the source files (. cc)
to simulate the queueing model described above.
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Fig. 4.3: MJQM-F Model

4.2.2 Model Implementation in Network Description Lan-
guage (NED)

NED (Network Description) is a topology description language used in OMNeT++
to define the structure and interconnections of modules in a simulation model. In
OMNeT++, modules represent the building blocks of a network, and NED files
(.ned) are used to describe how these modules are organized and connected. In this
section, we present the network configuration of our system by describing the .ned
files.

Source Description

The GenericSource.ned (see Algorithm 1) specifies a simple module responsible for
generating jobs from distinct sources at defined intervals declared in the configura-
tion.ini file.

The SingleQueue Network Configuration establishes a pipeline for the generation,
processing, and completion of new jobs in the queueing model. Jobs flow from two
independent sources to a single processor. After completion of service in processor,
they are moved to sink. These jobs are generated according to an independent Pois-
son process, commonly used in network modeling to represent random job arrivals
over time [116]. The module includes inter-arrival and service time parameters,
resource requirements, and statistical parameters for recording the statistics of gen-
erated jobs. This recording of statistics is later used for performance evaluation.
This module serves as a job generator in the network, outputting jobs through its
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Algorithm 1 Generic Source Module Configuration

1:
2
3
4
ot
6
7
8
9

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

16:
17:
18:
19:
20:
21:
22:
23:

Parameters:
sourceld: string (unique identifier for the source)
interarrival Time: volatile double (time between arrivals, in seconds)
serviceTime: volatile double (service time, in seconds)
requiredResource: integer

: Signals:

jobGenerated: signal of type long (tracks job generation)

. Statistics:

jobGeneratedStat: records count of jobGenerated
Gates:
out: output gate for job transmission
Behavior:
while simulation is running do
wait interarrivalTime seconds
create job with properties:
job.sourceld = sourceld
job.serviceTime = serviceTime
job.requiredResource = requiredResource
emit jobGenerated signal
increment jobGeneratedStat counter
send job to output gate out
update interarrivalTime (volatile value)
end while

Queue Description

The SingleQueue.ned defines a network comprising two Source modules, a processor,

and a sink as shown in Figure 4.4 and Algorithm 2. These modules are intercon-

nected to form a sequential pipeline for job generation, processing, and completion.

In Figure 4.4 the connections between these modules represent the flow of jobs

through the system. The jobs generated by the sources are sent to the processor

which is equipped with finite buffer. Whenever sufficient resources are available,

jobs are assigned with required resources based on scheduling policy in place. The

processor processes them and, after completion of service, the acquired resources are

released and serviced jobs are sent to the sink.
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Algorithm 2 SingleQueue Network Configuration

1: Define the SingleQueue network with the following submodules:
2:  source[2]: An array of 2 Source modules.

3:  processor: A Processor module.

4:  sink: A Sink module.

5. Establish the following connections between the submodules:

6:  Connect source[0].out to processor.in.

7. Connect source[l].out to processor.in.

8 Connect processor.out to sink.in.

[ ) [ ] samples - MYFIFO/SingleQueue.ned - OMNeT++ IDE
kg o : < B O Qi@ ISV RER i % Q g &8
5 Project Explorer X = 8 | [» omnetpp.ini 4 SingleQueue.ned X = 8

5% Y § :
v I MYFIFO Singleoueue

> ¥ Binaries

4

v

! Includes

v

(=out

v

[=results
[ Buffer.cc

[8 Buffer.h source[2] processor

v
*

v

v

[€] GenericSource.cc

v

[ Processor.cc

v

[n] Processor.h

v

[ QueuePolicy.cc
[ QueuePolicy.h
] Sink.cc

2 fifo - [x86_64/le]

D fifo_dbg - [x86_64/le]

(2 MYFIFO - [x86_64/le] ‘l
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A mee Vitan <terminated> MYFIFO [OMNeT++ Simulation] MYFIFO (09/08/2024. 3:30 bm - ) (Terminated 09-Aua-2024. 3:32
Writable Insert 1..0

Fig. 4.4: Design of MJQM-F in OMNeT++

4.2.3 Model Implementation in C++

This section discusses the details of our MJQM-F implementation. The behavior
and functionality of the network modules are encapsulated in various C++ source
files. For the sake of simplicity, the algorithms and logic that define how the network
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components interact and operate during the simulation are discussed here. For the
complete implementation of the model, the reader is encouraged to refer to the
accompanying GitHub repository, as detailed in the Simulator Availability section.
Specifically, we provide an overview of the core algorithms in job generation, buffer
management, queueing policy, and job scheduling, which are critical for simulating
the dynamic behavior of the underlying queueing system.

Job Generation Source

This module simulates a job source that generates jobs at exponentially distributed
intervals and sends them to the buffer module. It initializes the necessary parame-
ters, schedules the first job generation event, and handles the creation and dispatch
of jobs. The module uses a self-message to handle job generation timing and emit a
signal to trace job generation statistics. The Algorithm 3 illustrates the core func-
tionality of this module. Every generated job is labeled with a unique source ID and

parameters based on the origin of the job.

Algorithm 3 GenericSource

1: Initialize

2 Set sourceld, create sendJobEvent, schedule first event, register signal
3: handleJob

4. If job is sendJobEvent

5 Create a job, set parameters, log details

6 Send job, schedule next job generation

7 Emit jobGeneratedSignal

Buffer Module

The buffer class is a robust implementation of a finite-capacity buffer. The buffer
module handles the storage and management of incoming jobs in the system. It
initializes the queue with a finite size, adds incoming jobs into it, selects the next job
based on available resources and the underlying scheduling discipline (as described
in Algorithm 4). Additional features of this module include a holding queue and
source-based job counting which enhances its flexibility and analytical capabilities.
This design makes the buffer module suitable for simulating complex systems with
finite resources. The buffer module also manages information about the queue, such
as the number of jobs from each class waiting in the buffer, and other similar details.
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Algorithm 4 Buffer Module

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:

1
2
3
4
5:
6
7
8
9

: Function initialize()
bufferSize, queuePolicy
initialize empty queue
: Function insertJob(job)
if queue length > bufferSize
return false (buffer full)
else
job.arrivalTime = current time
insert job into queue
return true
Function checkNextJob(availableResource)
if queue is empty
return null
else
return queuePolicy.checkNextJob(queue, availableResource)
Function popNextJob()
if queue is empty
return null
else
remove and return next job from queue
Function removeJob(job)
remove job from queue
Function getQueueLength()
return queue length
Function isEmpty()
return true if queue is empty, false otherwise
Function printQueueDetails()
if queue is empty
print “Queue is empty”
else
print details of each job in queue
Function getBufferCountsBySource()
initialize bufferCounts as empty array
for each job in queue
increment bufferCounts[job.sourceld] by 1
return bufferCounts
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In addition to this, it performs checks such as determining if the queue is empty,
getting the queue size, printing queue details, and counting jobs by source.

4.2.4 Scheduling Discipline

This package handles jobs from the buffer using either FIFO or Priority policy. In the
FIFO policy, the available resources are allocated to jobs waiting in the buffer in their
arrival order. In contrast, the Priority discipline assigns resources to high-priority
(typically job with highest required resources) jobs first, which means that even if
there is only one high-priority job waiting for sufficient resources in the buffer, no
low-priority job can acquire the resource even though they are sufficient for this job.
In case of more than one jobs having the same level of priority, the earliest arrival
jobs is assigned the resources and this serve as tie breaking rule. The operation
of these queue policies is detailed in Algorithms 5 and 6. The Algorithm 5 selects
the first job (HOL Job) from the waiting queue if sufficient resources are available;
otherwise, it returns null. If the queue is empty, no job is selected. The max-heap is
used to select the job with the highest priority based on resource requirements, with
ties broken by arrival time in Algorithm 6. This ensures that the most resource-

demanding job is processed first if resources are available.

Efficient job handling is facilitated by resource allocation and release mechanisms.
The allocation mechanisms distribute resources among jobs based on the selected
scheduling policy, while the release mechanisms free resources once a job finishes
its service. The released resources are re-added to the main resource pool and are
assigned to subsequent jobs based on the underlying scheduling policy.

Algorithm 5 FIFO Scheduling Policy

1: Function PickNextJob(queue, availableResources)

2 if queue is empty

3 return null

4:  firstJob J, = queue.front()

5 if J,.requiredResources < availableResources

6 queue.dequeue() {Remove the job from the queue only if resources are al-

located }
7 return J,
8: else

return null

©
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Algorithm 6 Priority Scheduling Policy

1: Function PickNextJob(queue, availableResources)

2:  if queue is empty

3: return null

4:  highestPriorityJob = null

5:  maxResources = 0

6: for each job in queue

7 requiredResources = job.requiredResources

8: if requiredResources > maxResources

9: maxResources = requiredResources

10: highestPriorityJob = job

11: else if requiredResources == maxResources

12: if job.arrivalTime < highestPriorityJob.arrivalTime

13: highestPriorityJob = job

14: if highestPriorityJob # null and highestPriorityJob.requiredResources <
availableResources

15: return highestPriorityJob

16:  else

17: return null

4.2.5 Simulation Model

This module manages jobs, system’s resources, and computes performance metrics
during the simulation. This module initializes the simulation parameters, handles
job arrivals, processes jobs, and collects performance data. Detailed discussion on
these metrics is found in the Performance Metrics section. The Algorithm 7 illus-
trates the core functionality implemented in this module, starting with setting the
finite buffer, resource capacity, and initial metrics, followed by scheduling the first
resource check. It handles different jobs, checks, and updates the resource capacity
accordingly.

This structured approach ensures efficient job processing and resource management
within the simulation. The GUI of the simulation environment is shown in Fig-
ure 4.4. This provides a structured visualization of our MJQM-F, with a seamless
interface for both simulation design and analysis. On the right, the network dia-
gram depicts the architecture of our MJQM-F with two sources generating jobs into
a processor module equipped with a finite buffer and resources, followed by a sink.
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Algorithm 7 Simulator Module

1: Function initialize()
2:  set up buffer, resource capacity, check interval

3:  initialize metrics (e.g., job count, drop count)

4:  schedule initial resource check

5. Function handleJob(job)

6:  if job is endServiceJob

7 complete job service, update resources, process queue
8 else if job is resourceCheck

9 handle resource check, schedule next check

10: else

11: handle job arrival

12: if buffer is not full

13: insert job, process queue

14: else

15: increment dropped job count

16: Function handleJobArrival(job)

17:  set arrival time

18:  insert job into buffer or increment drop count
19: process queue

20: Function processQueue()

21:  while buffer is not empty and can start next job
22: pop next job, start next job

23: Function canStartNextJob()

24:  check next job

25:  if required resources < available resources
26: return true

27: Function startNextJob(job)

28:  set service start time

29:  update resource capacity

30:  add job to activeJobs

31:  schedule end service

32: Function completeJobService(job)

33:  update resource capacity

34:  remove job from activeJobs

35:  send job out

36:  process queue

37: Function handleResourceCheck()

38:  schedule next resource check

39: Function finish()

40:  record final metrics
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The sink module is used to record and collect the statistics of the served jobs.
To avoid complexity, the simulation model in this study is executed with a single
class (type) of resource type called cores. Furthermore, our model can be tailored
to accommodate an arbitrary number of input sources, resource types, buffer ca-
pacity, and other parameters, providing users with the flexibility to simulate their
specific model. This graphical layout emphasizes the flow of jobs through the sys-
tem, enabling users to dynamically observe interactions between components (e.g.,
job generation, buffering, processing, and completion). On the left, the Project Ex-
plorer organizes the implementation files such as .h, .cc, .ned, and the output logs.
This reflects the modular architecture of OMNeT++ and simplifies the navigation
between code, configuration, and results.

4.2.6 Performance Metrics

In this section, we outline the performance metrics used to evaluate the MJQM-F.
These metrics are critical to understand the effectiveness of different queueing poli-
cies in cloud computing environments. In the following section, we present some
generic mathematical notations and a description of the different metrics imple-
mented in this model is provided along with their corresponding formulas [117].

Let us introduce some generic notation:
e Let O be the set of m job sources: O = {Oy,04,...,0,,}.

e For each source O, let J; = {J,.;: x =1,2,...} be the set of jobs originating

from O;.

e Each source O; has an arrival probability P;, such that:

e Each job J,; (where z is the job number index and 7 is the source index) has
the following properties:
1. Origin: O; (the source that generated J, ;),
2. Arrival time: 7 ; where {3, > 0
3. Service time: 7, ; where 7./, >0

4. Resource requirement vector:
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r; = <7*i1,ri2,...,7*f> (4.1)

where each component corresponds to a different resource type (e.g., CPU
cores, memory, bandwidth). A job J; from source ; waits until all of its
required resources are available.

e The system has a fixed total resource capacity vector:

Rz(RHR{”wRﬁ (4.2)

o Let i3 ,, t;; and t7; be the arrival time, service start time, and service com-
pletion time for job J,; respectively. Thus, during the interval [t} ;,t; ), job
J; occupies resources r;. We call S(t), the set of all job ids that are in service
at time t. Since, the resources are released and assigned by the scheduler, the

available resource vector at time ¢ is as shown in Equation 4.3:

R(t) =R - > (4.3)

(z,0)eS(¢)
where the summation is component-wise over all jobs J; active at time ¢.

e FIFO: Since the FIFO scheduling policy, follows the order of arrival, let us call
it:

1<t <.

Y

the arrival times of the jobs, for each job J, from the source ¢. In FIFO, the

start time under multi-dimensional resource constraints is defined as:
t,; = min{t[t>1t;, R(t) >ri} (4.4)

where the inequality R(t) > r¢ is interpreted component-wise:

R(t) > 7}

7

forall ¢/ =1,...,d.

e Priority: Here the resources are assigned on the basis of priority as elaborated
in 6. We assign priority based on the amount of resources requested by the
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job. For each job J; € J, we define a priority measure m; in Equation 4.5 as:

o= 3 (4.5)

/=1

In Priority scheduling technique, at any scheduling decision point such as a

new job’s arrival into the buffer or the moment resources become available:

1. Among the jobs that have arrived but not yet started, select the job with
the highest priority ;.

2. If two or more jobs share the same highest priority, use the earliest arrival

time t{ as a tie-breaking rule.

No lower-priority job m, may start if a job J; with higher priority 7, is waiting
for sufficient resources to become available such as (m, < m;).

1. Job Dropping Probability: The dropping probability measures the likeli-
hood that a job from the source; is dropped because the buffer is full, as shown
in Equation 4.6. It provides insight into the system’s ability to handle incom-
ing traffic without losing jobs. In the case of buffer overflow, the incoming
job is dropped without any distinction between job class, priority, or resource

requirement.

(i)
Jg(i)

Here, Jy;) and Jy;) represent the number of jobs dropped and the number of
jobs generated by the source ;, respectively.

2. Average Waiting Time: This metric indicates the average time ¢, — t3 ;

that a job x from source ¢ spends waiting in the buffer before the required
d

resources r{ are assigned. It is crucial to analyze the delay experienced by

jobs in the queueing model. Mathematically, the waiting time is computed as

Equation 4.7.
0

1 s a
p(4)

z=1

where:

e Jui): The total number of jobs processed from the source i.

e {;,;: The time at which the z-th job starts execution.
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e {3, The time at which the z-th job arrives in the buffer.

3. Average Service Time: This time refers to the average duration a job from

source ¢ spends in execution (process). It is computed as Equation 4.8. It is
an important measure of the processing efficiency of the system.

Ipi)
1
S = Z(t;z - tiz) (4'8)
Jp(’) =1

where:

e {7, The time at which the z-th job releases the resources and completes

its service.

. Average Response Time:

This metric 7; combines the waiting time (¢;; —t5;) and the service time
(t;; — ts;), representing the total time a job from the source i spends in the
system as given in Equation 4.9. It reflects the overall performance from the

job’s perspective.

Ip(i)
1
Ti = (tiz - tiz) (4.9)
0 ;

. Resource Utilization:

Resource Utilization p measures the percentage of system resource capacity
utilized during the simulation as shown in Equation 4.13. High resource uti-
lization indicates efficient use of available resources, while under-utilization
represents resource wastage. A high percentage of resource utilization is de-
sirable as it indicates the optimal performance of the underlying model. In a
complex system, the performance measures (resource utilization in this case)
can be computed using several approaches. The section ahead explains the
pros and cons of different methods for computing utilization with respect to
DES.

e Analytical Method: This method is based on fundamental queueing the-
ory principles. It computes ideal continuous-time average utilization as
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shown in Equation 4.10.

B % /0 "Ry at (4.10)

where tq1,ta,13,...,tg are the discrete time points and T represents the
total time interval.

This equation requires continuous tracking of resource occupation at ev-
ery instant of time. Moreover, in DES, system events happen at discrete
points so, continuously computing R(t) is not practical due to the infinite
resolution it demands.

e Fvent-based Method:

In DES, precise event-based performance evaluation can be computed
using Equation 4.11. Since the event occurs are time ty, to, t3, ..., i
where the resource occupation changes

=

1

Nl =

where uy, U, u3, ..., uy ="1T
e Sampling based Method:
In equally spaced intervals of distributed system, the resource utiliza-

tion can be computed by sampling the occupation at regularly spaced

sampling times as shown in Equation 4.12 below.

J
— 1
R~ ; R(u;) (4.12)
where u; refers to regularly spaced sampling times.

The system’s resource usage is periodically evaluated during the simulation at
specified intervals using Equation 4.12. In our simulation configuration, the
check interval C,; was set to 0.1250s to achieve realistic performance statistics
while balancing computational efficiency with measurement accuracy. While
direct measurement could theoretically track utilization continuously, it would
incur prohibitive overhead in event-dense simulations. Sampling aligns with
real-world monitoring practices (e.g., periodic system checks) and ensures scal-
ability. However, sampling introduces several disadvantages, such as temporal
resolution issues and sensitivity to interval selection. A poorly chosen interval
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could lead to either excessive computational overhead (if too small) or loss of
critical details (if too large). Our selection of Ciy, = 0.1250 sec. was carefully
determined to strike a balance between computational efficiency and sufficient
resolution for capturing relevant system dynamics. In this simulation study,
the resource utilization is computed using Equations 4.11 and 4.12 as they are
two complementary approaches. Doing this helped us with cross-verification.
We implemented a single instance of the queueing model with these two meth-
ods and observed that resource utilization converges to nearly equal values as
in Table 4.3. To ensure the reliability of the utilization computed by both
approaches stated above, the simulation was run for more than 2.2 million
events and repeated 30 times.

Utilization Method Value Percentage Difference
Sampling Based Average 77.0906576
Event Based Approximation | 77.1133729

0.0295%

Table 4.3: Comparison of Sampling-Based and Event-Based Utilization Averages with
Percentage Difference

From the table above, it is evident that the differences are quite small, indi-
cating that both computation methods give nearly identical results in terms

of resource utilization.

In systems with more than one type of resource, such as memory, bandwidth,

and cores, each type of resource has its own utilization metric.

For instance, pyemory Tepresents the utilization of memory and pcores represents
the utilization of cores. The utilization for each resource type d is computed

separately.
Cint ( pd d
d Zi:1 (R - R (tz>)
= x 100 4.13
’ Ciug X RI % (4.13)
where:
d. 15 : Memory ,Cores
e p% Utilization of resource type d (e.g., p , pUOTeS ).

R%: Total capacity of resource type d.
RY(t): Available capacity of resource type d at time t.

t;: Sampling time of sample 7.
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e (: Total number of checks performed during the simulation.

6. Number of Jobs in Service: This metric represents the average number
of jobs being processed L,; simultaneously over a period from the source ;
as presented in Equation 4.14. It helps in understanding the system’s load
management capability.

L (4.14)

where:
e L, The number of jobs in service at the time t.

7. Number of Jobs in Buffer:

In finite-capacity systems, the buffer can accommodate a specific number of
jobs. This metric L;; indicates the average number of jobs L; waiting from
the source ¢ in the buffer as presented in Equation 4.15. It provides insight
into the congestion and delay within the system. This metric highlights the
capability of the system to handle new jobs. If the frequency of buffer overflow
is high, it will lead to a higher number of jobs dropping for each class of jobs.

Loi=——> L (4.15)

where:
e [;: The number of jobs in the buffer at the time ¢ from the source ;.

8. Average Throughput: This measure refers to the average rate at which jobs
are processed over a given period of time in a system given in Equation 4.16.

Ipii
0, = L. (4.16)

where:

[ J
e t: The total simulation time of the system.

e O;: The throughput for the source ;, measured in jobs per unit of time.
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These performance metrics play an essential role in evaluating and comparing differ-
ent queueing policies. They provide a comprehensive understanding of the system’s
behavior under various conditions, aiding in the optimization of resource allocation

and job scheduling strategies.

4.3 Simulator Availability

The complete project such as the source code for our models, including the FIFO
and priority queueing disciplines, is publicly accessible on our GitHub repository.
This repository includes detailed files such as the codebase, network descriptions,
configurations, and result files. For further information and to access these resources,
please visit our GitHub page.!

4.4 Conclusion

This chapter presented a detailed discussion of the simulation framework for an-
alyzing finite-capacity MJQM-F in cloud computing environments. The proposed
OMNeT++ based simulation library successfully addresses the dynamic challenges
of cloud resource management by incorporating key aspects such as multi-server job
scheduling, finite-capacity queues, and scheduling policies like FIFO and priority-
based disciplines. This simulator offers a modular and extensible architecture that
allows for accurate modeling of diverse cloud environments, providing a valuable tool
for examining the impact of different scheduling strategies on performance metrics.
The versatility of the OMNeT++ framework facilitated the modeling of both net-
work behaviors and cloud-specific scenarios, bridging a crucial gap in existing sim-
ulation tools. The performance metrics defined within this simulator offer a view
of system’s behavior, with an emphasis on dropping probability of jobs, average
waiting and response times, resource utilization, and job distribution. By providing
an open-source implementation of MJQM-F, this chapter contributes a practical
and adaptable framework for both researchers and practitioners seeking to optimize
cloud computing performance.

LOMNeT++ MJQM Repository on GitHub: https://github.com/muhammadwaqas01/MIQM-F
_OMNeTpp


https://github.com/muhammadwaqas01/MJQM-F_OMNeTpp
https://github.com/muhammadwaqas01/MJQM-F_OMNeTpp

Chapter 5

Simulation Study of Finite
Capacity Multi-Server Job
Systems

5.1 Introduction

For the last few decades, cloud computing has become a key part of how we use
technology, offering a flexible and scalable way to access computing power [118].
However, the diverse nature of the cloud computing environment, with its wide
range of resource types and capabilities, presents challenges in managing workloads
and ensuring QoS. At present, the cloud computing field is mainly facing with the
following problems: (a) resource scheduling, (b) task segmentation, and (c¢) network
transmission. In addition to this, due to the variety of resources in the cloud and
the different needs of various applications, finding the optimal scheduling strategy
can be challenging [119][120][121]. Improving the reliability of cloud systems can be
achieved by carefully analyzing and modeling key elements such as job scheduling,
service time, waiting period for these services, and the likelihood of hardware and
software failures [118].

Understanding the performance metrics of different queueing policies in a scalable
cloud computing environment is essential for both cloud service providers and con-
sumers [122]. In this work, we have considered a simple abstraction of a cloud
infrastructure based on MJQM. Unlike other research streams in the field, we have
employed the MJQM-F rather than an infinite one due to the fact that the stability
condition for unbound system is not known. [123][124][125].
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5.2 Background and Motivation

The constantly evolving nature of cloud computing environments, characterized by
a wide variety of resource types and capabilities, presents significant challenges in
managing workloads and ensuring QoS. This diversity arises from the fact that
cloud resources—such as virtual machines, storage, bandwidth, and processing ca-
pabilities, are often heterogeneous in terms of their performance, scalability, and
availability. Key challenges include resource service scheduling, which refers to the
optimal allocation of available resources such as CPU time, bandwidth, memory, or
storage to the jobs waiting for these resources to start their service; task segmen-
tation, which entails breaking down large workloads into smaller, more manageable
tasks, allowing for parallel processing; network transmission, which focuses on the
efficient transfer of data packets from source to destination without loss and intact;
and the application of real-world tasks. Given the diversity of resources and the
varying needs of applications, finding optimal scheduling strategies is complex but
crucial for improving the reliability and performance of cloud systems.

One of the most important aspects of cloud computing is the selection and imple-
mentation of queueing policies, which have a direct impact on the efficiency of the
cloud environment and, consequently, the QoS experienced by end-users. In this
context, understanding the performance metrics of different queueing policies in a
scalable cloud computing environment is essential.

Cloud computing has transformed the way computational resources are accessed
and utilized. Moreover, the dynamic nature of the cloud computing environment,
which is characterized by different types of resources and capabilities, presents open
problems in managing workload and ensuring QoS. The selection and implementa-
tion of queueing disciplines can have a major impact on the efficiency of the cloud
environment, and thus on the service quality experienced by the end-users. Under-
standing the performance metrics of different queueing policies in cloud computing
environments with scalable resource management is essential for both cloud service
providers and consumers. In response, this work aims to evaluate the effectiveness
of some queueing policies in cloud environments characterized by dynamic resource

allocation with a particular emphasis on their dropping probabilities.

We propose a simulation approach that combines the development of an accurate
simulation model of a cloud computing environment with adaptable resource man-
agement along with a comprehensive performance analysis of different queueing poli-
cies, including FIFO and Priority queueing. The insights from the simulation results
revealed that assigning priority to jobs with longer service times and higher resource
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demands can also positively impact both big and small jobs. The contributions of
the proposed work are summarized as follows:

1. Development of a Comprehensive Simulation Model:

We developed a detailed simulation model tailored to cloud computing environ-
ments, utilizing the OMNeT++ framework [100][126]. This model is designed
to accurately represent the dynamic nature of cloud resources and their al-
location. To promote further research and collaboration, we have made the
codebase open source and available on GitHub (See the Section 4.3 for more
details).

2. In-depth Analysis of Queueing Policies:

Our study provides a detailed evaluation of two widely implemented scheduling
disciplines: FIFO and Priority. In FIFO, the jobs arriving in the buffer are
assigned with available resources in the order of their arrival, while the priority-
based discipline gives precedence to jobs with larger resource demands. We
focused on analyzing the dropping probabilities within finite-capacity buffers.
The simulation outcome disclosed unexpected and counterintuitive behaviors
in performance metrics, particularly in scenarios involving two job classes.
These findings offer valuable insight into the complex interactions between

queueing policies and system performance in cloud computing environments.

3. Impact Assessment on Small Jobs:

One of the key findings of our work is the positive impact on small jobs re-
sulting from the precedence given to big jobs in the priority scheduling. The
prioritization of jobs with longer service times and higher resource demands re-
vealed a positive impact on the performance evaluation factors of both big and
small jobs. This counter-intuitive result suggests that priority assignments in
queueing can enhance resource utilization and improve service quality across
different job sizes, contradicting traditional assumptions in queue manage-
ment.

5.3 Queueing Model Description

One of the outstanding features of scheduling in data centers is the relatively low
utilization that they can achieve under the FIFO scheduling discipline [127]. In
order to investigate the impact of this phenomenon on the dropping probabilities
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in finite-capacity queueing systems, we employed the MJQM-F with the following
characteristics: (i) we have N identical servers; (ii) jobs arrive at the system belong-
ing to one of two classes (sources), where the first class (small) requires one server,
and the second class (big) requires a larger number of servers; (iii) jobs arrive ac-
cording to a time-homogeneous independent Poisson process; (iv) jobs belong to the
small class with probability p (independent of any other process) and to the other
one with probability 1 — p; (v) each job has a service time that is exponentially
distributed with class-dependent rate. The job scheduler decides which job to fetch
from the jobs waiting for service in the buffer whenever there are free computational
resources. When the buffer reaches its full capacity, any incoming job, regardless of
its source class, is dropped. In the following subsection, we describe the FIFO and
the Priority scheduling policies that we compare using our simulator.

5.4 Scheduling Policies Evaluated

The above-stated queueing model is simulated with FIFO and Priority scheduling
disciplines and the subsequent sections discuss the analysis of both policies with

respect to the simulation model parameters.

5.4.1 FIFO Scheduler

This policy operates on a First-Come, First-Served basis, where the server allo-
cates available resources to jobs in the buffer in the order of their arrival [128].
Consequently, when the job queue buffer reaches its maximum capacity, new jobs
arriving at the buffer are dropped until space becomes available. However, the FIFO
scheduling policy may experience significant performance issues in scenarios where
available resources are insufficient for the next job in the queue [129]. In such cases,
the affected job, along with any subsequent ones in the buffer in FIFO order, must
wait. This situation can lead to an instance where the buffer has jobs that could be
serviced, but the servers remain idle until all earlier-arriving jobs have been assigned
the required resources. This phenomenon, known as HOL blocking, occurs when the
first job in the queue cannot be served due to insufficient resources. As a result, all
subsequent jobs, even those with minimal resources demands, are blocked [124][130].
The implications of HOL blocking in such a system are multifaceted: It reduces the
throughput by interrupting job processing, increases latency as jobs are uniformly
delayed regardless of their size and source, leads to resource under-utilization due
to resource idling while waiting for the HOL job to be served, and increases the
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Fig. 5.1: FIFO Queueing with the HOL Blocking

probability of job drops when the buffer reaches its maximum capacity in systems
with finite buffer capacities. This is especially problematic when the job’s required
resources vary significantly, as jobs requiring fewer resources to complete their service
could be processed during the waiting period [131].

The HOL blocking in FIFO is affected by several factors, these include the time
required to finish a job (service time) and the resource requirement of big jobs at
the head of the queue. As shown in Figure 5.1, the FIFO scheduling model may
experience the HOL blocking where jobs from Source; (requiring 64 cores for 10
seconds) and Source, (requiring a single core for a unit of service time) are processed
in the order they arrive in the buffer. The HOL blocking is indicated, showing the
delay and under-utilization when big jobs from Source; at the HOL require more
resources than are currently available. This situation forces the subsequent small
jobs to wait for their turn, resulting in several problems. Specifically, it increases

the waiting time for all jobs in the queue and reduces overall system throughput.

5.4.2 Hard Priority Scheduler

This scheduling policy diverges from FIFO by focusing on high-priority jobs in the
buffer, which, in our case, are the 'Big Jobs’. Big jobs refers to the jobs which re-
quires highest amount of required resources and service time, i.e., jobs from Source;.
Whenever resources are free, the server prioritizes these high-priority jobs to receive
the required resources, reducing their waiting time [132]. This means that if even
one 'Big Job’ is in the queue awaiting resources, 'Small Jobs” will not receive ser-

vice. As with the FIFO policy, a notable downside of this approach is the potential
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occurrence of HOL blocking particularly for lower-priority jobs, which may experi-
ence extended delays. Moreover, these delays tend to be longer in scenarios where
the arrival probability or service time of high-priority jobs is significantly greater
than that of low-priority jobs. The blocking in this approach is influenced by the
job arrival frequency and the service time of the big jobs. It can lead to prolonged
delays for small jobs if big jobs are frequent and consume most of the resources.
Figure 5.2, depicts the Priority queueing model where Source;’s jobs (big jobs) are
given precedence over Sources s small jobs. HOL blocking occurs when the queue
contains at least one big job awaiting sufficient resources, holding up the processing

of small jobs.
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Fig. 5.2: Priority Queueing with the HOL Blocking

5.5 Simulation Model and Implementation

We used OMNet++ [126] simulator (Version 6.0.2) to simulate the queueing model
described in the previous sections. The parameters for the simulation are:

e \: job arrival rate measured in jobs per second;
e L, service rate for small jobs, measured in jobs per second;

e ip: service rate for big jobs, measured in jobs per second;

p: probability that a job belongs to the class of small jobs;

ry: number of resources required by the class of big jobs;
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e .. number of resources required by the class of small jobs;
e R: total resource capacity of the system;

e B: available positions in the buffer excluding the jobs in service. Notice that
in the buffer, each job occupies only one position regardless of its origin or
resource requirements. In other words, both big and small jobs each take up
a single position in the buffer.

e Scheduling policy: the discipline used by the system to decide which is the
next job to be served (FIFO or Priority in our case).

It is notable that the big jobs in our simulation model require 64 resources for 10
seconds, while the small jobs require 1 resource for a unit of time to complete their
service, respectively. Here, a question arises: Why is the total resource capacity a
multiple of the resource requirement of big jobs? The answer is that in simulations,
any resource arrangement of resource capacity or resource requirement can work.
However, we choose this particular setting because if the maximum resource capacity
is not a multiple of the resource required by big jobs (64 in our case), the remaining
resources will be consistently occupied by small jobs (1 in this setting). For example,
if the total resource capacity of the system is 300 and the big jobs require 64 resources
to complete their service, then 256 resources will typically be occupied by big jobs,
leaving 44 resources that will likely be occupied by small jobs. This creates an
imbalance in resource allocation.

Once the simulation model parameters are specified, the simulator automatically
executes the model until the predetermined simulation time limit is reached. In this
work, to account for variability, each simulation consists of 30 independent experi-
ments. Then, confidence intervals can be built based on the experiment’s outcomes.
The nature of simulation in the current study is in a single-threaded fashion, where
the events are processed one at a time in a sequential manner. Currently, the model
can process approximately 6,000,000 events within 360,000 seconds when executed
on a MacBook Air A2337 with an M1 chip and 8GB of RAM. Hereafter, we use the
parameterization of the model shown in Table 5.1.

5.6 Simulation Results and Insights

In this section, we present the impact of the arrival rate and the mixture of small and
big jobs on the probability of job dropping. The analysis methodically quantifies the
average frequency of dropped jobs, the average number of jobs in service, and the
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Table 5.1: System Parameters

Parameters Value
Buffer Capacity B 512
Service Rate pp [j/s] 0.1
Service Rate ps [j/s] 1.0
Available Servers R 256

Size of big jobs 64

Size of small jobs rg 01
Repetitions 30
Sim-Time Limit 5000000s

average number of jobs waiting in the buffer. Notice that the following proposition

holds:
Proposition 1. The dropping probability is the same for small and big jobs.

Proof. Since jobs arrive according to an independent Poisson process and they
belong to the small or big class according to an independent Bernoulli experiment
with p probability of success. By the splitting property of the Poisson process, the
streams of big and small jobs are independent Poisson processes. Now, whenever
the system saturates, the newly arriving jobs are dropped at the buffer. Recall that
by the PASTA property which is a central property in queueing theory. It states
that the probability an arriving job observes the system in a particular state is equal
to the long-run time-average probability of the system being in that state [27][133].
For example, if a job arrives and looks at the current state of the system, what it
observes will be representative of how the system behaves on average over a long
period. This property holds true for any type of job arriving in the system, whether
it is a large job, a small job, or belongs to different job classes. Therefore, both big
and small jobs see, at their arrival time, the same statistics on the system state and
share the same job dropping probability.

Figure 5.3 shows the job-dropping probability for the two considered disciplines.
The data is segmented based on the allocation of arrival probabilities with a split
of 40%-60% (p = 0.6) and 10%-90% (p = 0.9) for big and small jobs, respectively,
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thereby offering a comparative overview of the queueing performance under varied
workload distributions. This reflects their infrequent yet significant presence in real-
world cloud environments.
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Fig. 5.3: Dropping probability of Big and Small jobs as a function of A

First of all, note that, as stated by Proposition 1, the dropping probability for
big and small jobs is the same, and we consider this step as a sanity check for the
simulator. The data presented here reveal that assigning priority to jobs with higher
resource and service demands has a positive impact on the dropping probability of
jobs with lesser resource and service demands in moderate and heavy load, while
FIFO turns out to be the best choice in low load.

Insight 1. Our first observation is that we waste system resources when the schedul-
ing discipline forces the system to serve a big job after a sequence of small ones.
Homogeneous sequences of small (or big) jobs do not cause a waste of resources.
Therefore, ideally, a discipline should limit the changes of the phases of services
between small and big jobs to improve resource utilization.

Insight 2. The comparison between FIFO and Priority is quite interesting, revealing
that there is no discipline that is better than the other in all scenarios. In low
load conditions, FIFO scheduling behaves better than Priority (in terms of dropping
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probability) because the switching between small job service sequences to big ones is
less frequent. Indeed, under Priority, a big job entering at the tail of the queue will
cause HOL blocking if there are not enough resources, while FIFO would continue
to serve the small jobs already in the buffer. On the other hand, Priority serves the
big jobs one after the other, regardless of their arrival order. Therefore, since in
heavy loads it is likely to find more than one big job in the buffer, this reduces the
frequency of switching between big and small jobs service phases (and, hence, also
the opposite as evident from Figures 5.4a 5.4c).

The average tenancy in the system for the Big and Small jobs is shown in Figure
5.4, respectively. Recall that the average occupancy is strictly connected to the
expected response time. While the x-axis uses raw (A, in jobs/s), this metric is
directly proportional to p under fixed p, as it scales linearly with A when p remains
constant. For example, in systems with g = 10 jobs/s (a common assumption in
queueing analysis), an arrival rate of A = 8 jobs/s corresponds to p = 0.8. This
implicit link to utilization states queueing dynamics using arrival rate or occupancy
rather than p explicitly. By retaining A as the x-axis, we emphasize how absolute
workload impacts dropping behaviour in systems with heterogeneous job sizes (e.g.,
"big” vs. "small” jobs), while still enabling readers to infer utilization through the
known relationship p = A/p.
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Insight 3. Whereas, giving priority to big jobs does not improve the probability of
dropping with respect to small jobs, big jobs have a lower occupancy under the Pri-
ority policy with respect to FIFO. This is well supported by intuition. The situation
1s more fascinating for what concerns the small jobs. In fact, we notice that under
moderate load conditions (A = 3.6 j/s) the average occupancy of small jobs is lower
under Priority scheduling than the FIFO; however, also the dropping probability is
lower for priority, and this means that the throughput of small jobs is higher. In
conclusion, we can state that for X = 3.6 j/s both big and small jobs have a smaller
expected response time under Priority than FIFO. This seems quite counter-intuitive
but can be explained by the better resource utilization obtained by the Priority policy
under moderate and heavy loads.

—
=Y
&

o ‘ Aljfs] | Alj/s]

—_ jis { ifs
= f;;'!!’/ —— 0.8250 | —— 0.8250
Z —— 0.8500
— 0.8750
— 0.9000
—— 0.9250
0.9500

=
o
i
=
<

—— 0.8500
—— 0.8750
—— 0.9000
—— 0.9250

0.9500

—
o
b
=
2

— FIFO
- Priority

— FIFO
- Priority

,_.
<
N
ot
o
L

Empirical Probability
=
o
&
Empirical Probability
=
o
&

=
o

=
o

10700 o5 1o 15 20 25 30 35 40 1070 757 100 15 150 175 200

Big Jobs in Service Small Jobs in Service
(a) Distribution of the Big Jobs in service (b) Distribution of the Small Jobs in ser-
p=20.6 vice with p = 0.6

10° 10°

Alj/s] I Ali/s]
—— 0.8250 \ —— 0.8250
— 0.8500 — 0.8500
—— 0.8750 —— 0.8750
—— 0.9000 —— 0.9000
— 0.9250 — 0.9250

0.9500

=
o
L
=
<

,_.
2

0.9500

— FIFO
----- Priority

— FIFO
----- Priority

Empirical Probability
=
o
&
Empirical Probability
=
o

,_.
5}
IS

1075

,_.
9

AR 6 |
0 50 100 150 200 250 10 0 100 200 300 400 500
Big Jobs in Buffer Small Jobs in Buffer

10°¢

(c) Distribution of the Big Jobs in the (d) Distribution of the Small Jobs in the
buffer with p = 0.6 buffer with p = 0.6
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Figures 5.5a and 5.5b show the distribution of jobs in service with p = 0.6. Under
the FIFO policy, the probability distribution is smoother and increases steadily as
the arrival rate increases. Here, the Priority policy heavily favors big jobs, which
can lead to resource starvation for small jobs, especially at high arrival rates. As the
system’s arrival rate increases, the difference in the treatment of big and small jobs
becomes more drastic under the Priority policy. The notable transient spikes at a
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regular interval of small jobs in service in figure 5.5b depict the difference between
the resources required by big jobs and small jobs, which is 64 vs. 1 in our case.
Figures 5.5¢ and 5.5d show the buffer state as a function of A. Here, it can be seen
that Priority scheduling heavily favors big jobs, leading to a significant number of
small jobs accumulating in the buffer, especially as the system’s arrival rate increases.
However, for big jobs, Priority scheduling minimizes their waiting time in the buffer,
which is ideal if big jobs are less delay-tolerant.

We acknowledge the instability of the low empirical probabilities (< 107%) in Figure
5.5d. These values correspond to rare events (e.g., prolonged starvation of small
jobs under extreme loads) and are inherently noisy due to finite simulation time
limit. While extending simulation time could stabilize these estimates, the observed
trend aligns with theoretical expectations for priority queueing systems with resource
asymmetry. We retained this range to highlight the qualitative behavior of extreme
tail probabilities, which are critical for systems requiring strict QoS guarantees.
Furthermore, figures 5.6a and 5.6b show the probability of the average number of
jobs in service when the arrival probability of big and small jobs is in the ratio of
10%-90%.
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The insight that can be drawn from these plots is that the Priority model strongly

favors big jobs and big jobs do not often wait in service, while small jobs, despite
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their high arrival rate and low resource requirements, are at a disadvantage in the
Priority model, as their service is postponed whenever big jobs are present. The spike
immediately before the discontinuity reflects a transient bottleneck phenomenon: As
A approaches system capacity, small jobs briefly accumulate in service before being
abruptly displaced by large jobs (which require 64 cores).

This behavior aligns with priority queueing models, where varying resource demands
create abrupt transitions in service allocation near saturation. Similar observations
can be drawn from Figures 5.6c and 5.6d considering the scenario with p = 0.1.

5.7 Conclusion

In this chapter, we propose a simulation study of the MJQM with finite-capacity
of resources and buffer. We employed this setting with two different scheduling
disciplines, FIFO and Priority. Since in open models, it is not trivial to determine
the stability region of the queueing system with infinite capacity, employing finite
queues can help to overcome this problem. However, in this case, the analysis of
the impact of the buffer size on the percentage of dropped jobs becomes a crucial
aspect to address.

The simulator handles an arbitrary number of classes and resources, but this inves-
tigation was limited to the simplest scenario involving two job classes: Small Jobs
and Big Jobs. The big jobs require 64 resources for 10 seconds each, whereas the
small jobs need just 1 resource for 1 second to complete the service. Additionally,
our study was constrained by the consideration of only a single type of resource
referred to as cores, with every incoming job requiring the same resource type. In
the finite buffer, each job either, it is big or small occupies a single position.

Our simulations show some counterintuitive effects of priority scheduling (i.e., serv-
ing Big Jobs with priority with respect to the Small ones) that reveal that the
introduction of this feature allows for a lower dropping probability of both Big and
Small Jobs in moderate and heavy load conditions. Even for the expected response
time, giving priority to Big Jobs allows for a smaller expected response time for Small
ones thanks to the better utilization of the resources produced by the serialization
of the service of big jobs.



Chapter 6

Scaling Multi-Server Job Systems:
A Dynamic Approach with 29 Job

Sources

6.1 Introduction

In recent times, emerging computing models have transformed the dynamics of cloud
computing into highly complex and heterogeneous environments. These advance-
ments have intensified the diversity of job sources, job types, and their resource de-
mands. For example, an Al-driven application requires dynamic resource allocation
to handle fluctuating computational processing, whereas an IOT device generates
latency-sensitive jobs that strain traditional scheduling disciplines. Improving the
reliability of such systems can be achieved by carefully analyzing and modeling key
elements such as job scheduling, waiting, service times for these services, and the
likelihood of hardware and software failures [118].

6.2 Motivation

The explosion of data and the need for ultra-fast processing have highlighted the
importance of a dynamic job and resource scheduling policy. In job scheduling lit-
erature, various scheduling policies are proposed, yet service providers in complex
cloud environments still find it challenging to select the appropriate algorithm for
their applications due to the dynamic nature of cloud resources and their alloca-
tion. We extended our work in Chapter 5 to simulate dynamic job sources using our

OMNeT++-based simulator. The motivation behind doing so is to explore further
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insights into resource allocation dynamics. We extended the simulation model devel-
oped in our previous work and tailored it to handle dynamic job classes [100]. This
model is designed to accurately represent the dynamic nature of cloud resources and
their allocation.

6.3 Dynamic Queueing Model Description

The varying requirements of jobs from dynamic sources result in relatively low uti-
lization [127]. In order to investigate the impact of dynamic job sources with vari-
able arrival and service rates in finite-capacity queueing systems, we employed the
MJQM-F with the following characteristics: (i) we have N identical resources; (ii)
jobs arrive at the system belonging to one of 29 classes, the minimum resource re-
quired by a job is 1 while the maximum resources required by a source is 2998 in
this dataset of Google Cell A in appendix [134]; (iii) jobs arrive according to a time-
homogeneous independent Poisson process, where the highest arrival probability of
a job is 0.93963536 while the lowest arrival probability is 0.000029246; (v) each
job has a service time that is exponentially distributed with class-dependent rates,
where the minimum service time in this dataset is 0.049277s while the maximum
service time required by any job is 385.76513s. The job scheduler decides to assign
the resources to one or more jobs in the buffer based on the scheduling discipline
defined in the configuration file. The next section describes the scheduling policies

that we used to evaluate the performance of this dynamic queueing model.

6.4 Scheduling Policies Evaluated

The above-stated queueing model is simulated with FIFO. For detailed description,
algorithm, and mathematical notation of the FIFO scheduling discipline, readers are
referred to 4.2.4 and 5.4.

6.5 Simulation Model Evaluation

To assess the performance of the proposed model, we applied the same performance
evaluation metrics as declared in Section 4.2.6. Table 6.1 provides details of the
parameters used for this simulation.
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Table 6.1: Simulation Parameters

Parameter Name Value

Simulation Time 17000s

Number of Simulation Runs 30 Times

Buffer Capacity 2000 units, each job take one unit of space in buffer
Resource Capacity 4096 units

Scheduling Policy FIFO

A Range 450, 550, 650 and 750

6.6 Results

Since the proposed simulator can handle dynamic job sources, we simulated this
configuration for different arrival rates (A) ranging from 450 to 750 jobs/s and com-
puted different metrics such as dropping probability, number of jobs waiting in
buffer, number of active jobs, response time, and resource utilization for the FIFO-
based scheduling policy. The results show that the dropping probability increased
from 0.020% to 27% as A increased from 450 to 750 jobs/s as shown in Figure 6.1.
Looking at the arrival probability, required resources, and service time of the Google
traces from the appendix, we see that Source 1 generates 94% jobs due to its higher
arrival probability; however, it only requires a single resource out of 4096 (maximum
capacity of the system); thus, its high volume dominates the arrival stream of the
system. Jobs from Source 1 are processed quickly (due to short service time, i.e.,
0.049277s), but their sheer number fills the finite capacity of the buffer rapidly,
especially at high arrival rates (e.g., 750 jobs/s). This indirectly causes dropping
for other sources when the buffer saturates because the buffer considers all the jobs
uniformly without any classification. Similarly, the jobs from source 8 have an
extremely long service time (e.g., 385.76513s) so even rare arrivals block the buffer
and resources for extended periods, causing cascading drops for subsequent jobs.
Therefore, at lower arrival rates, i.e., A = 450-550 jobs/s, the drops are minimal
< 0.05 as the system handles the load efficiently. However, the dropping probability
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increases sharply ( e.g, 0.05-0.15) due to buffer contention from Source 1’s high-
volume jobs. The dropping probability plot reflects a system trapped between high-
volume trivial jobs and rare but disruptive heavy jobs (as shown in Figure 6.1).
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Fig. 6.1: Dropping Probability for different arrival rates in CellA.

The figures 6.2 and 6.3 refer to jobs waiting in the buffer and active jobs in process.
Here, it is evident that the buffer occupancy increases with arrival rate, but plateaus
at 2000 for the highest loads. For A = 450-650 jobs/s, jobs enter the buffer but
are processed swiftly to prevent buffer overflow. At A = 750 jobs/s, the buffer
is often full, so the average occupancy stabilizes near the maximum capacity of
the buffer. The high variability in buffer occupancy at high arrival rates suggests
frequent transitions between full and near-full states of the buffer.
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Jobs in Buffer for Cell A
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Fig. 6.2: Jobs in Buffer for different arrival rates in CellA.
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Fig. 6.3: Jobs in Service for different arrival rates in CellA.

Similarly, for the number of jobs in service (as shown in Figure 6.3), it initially
increases with the arrival rate but plateaus due to resource constraints. The system
can process jobs in parallel using up to 4096 resources. If jobs require <1 resource
each, up to 4096 jobs can be in service. However, if jobs require more resources, the

plateau occurs earlier, which is our case. At high arrival rates, resource contention
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likely causes the number in service to stabilize, as jobs wait for resources even if
buffer space is available.

Figure 6.4 shows the completion time for each job source with different arrival rates
in ascending order with the log scale on y-axis. Due to finite capacity of the buffer
and the resources available in the system, most of the jobs spend an identical amount
of time waiting for required resources; however, the service time in the dataset from
the Appendix varies from 0.049s to 385.765s due to which we witness the variation

in response time.
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Fig. 6.4: Response Time for different arrival rates in CellA with Log Scale.

Figure 6.5 represents the resource utilization of dynamic sources and it can be ob-
served that as the arrival rate increases, more jobs enter the system, reducing the
idle time between resource allocations. FIFO processes jobs sequentially, so a steady
influx of jobs ensures that resources are utilized more consistently.
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Resource Utilization for Cell A
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Fig. 6.5: Resource Utilization for different arrival rates in CellA.

6.7 Conclusion

Our proposed simulator elaborated in Chapter 4 can handle an arbitrary number
of classes and resources. In this chapter, we simulated the MJQM-F with dynamic
sources with FIFO scheduling. The total number of job sources in our simulation
model was 29. Our FIFO-scheduling based simulations demonstrate distinct per-
formance thresholds under varying arrival rates (450-750 jobs/s). At lower rates
(< 550 jobs/s), the system operates stably with minimal job drop, low response
times, and moderate resource utilization. However, with increasing arrival rate,
the system approaches saturation: buffer occupancy nears its maximum capacity,
dropping probability spikes, and response times escalate exponentially, reflecting se-
vere queueing delays. Resource utilization plateaus at 75%, indicating inefficiencies
from contention and fragmentation, while jobs in service stabilize at 46, constrained
by resource availability. These trends highlight a transition from buffer-limited to
resource-limited performance at higher loads. The optimal operational range lies
between A = 550-650 jobs/s, balancing throughput and reliability. Beyond A\ =
650 jobs/s is the hot area and the trade-offs between performance degradation and
resource allocation must be carefully managed.



Chapter 7

Performance Evaluation of
Multi-Server Job System with
Preemption and Restart

7.1 Introduction

The increasing demand for data processing and storage has led to the rapid growth
of large-scale cloud data centers, termed hyper-scale data centers [135]. Owned and
operated by companies such as Google, Alibaba, Amazon, Samsung, and Apple.
They serve a variety of purposes that include data analytics, data storage, data
processing, Al, automation, and other computing operations on big data. These
hyper-scale data centers are expanding in number and size worldwide. These data
centers consumes more energy than most countries, with their annual electricity
consumption is surpassed only by the four largest economies [67][136][137]. This
extraordinary energy footprint not only impacts the environment but also reinforces
the importance of optimizing energy efficiency and resource management within
these facilities. Therefore, the need for optimization directly relates to the system’s
performance metrics, such as the length of the jobs waiting for service and resource
utilization as a whole. To address inefficiencies and improve performance metrics, re-
source providers have increasingly turned to alternative job scheduling and resource

allocation techniques instead of relying solely on the FIFO discipline [136].
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7.2 Background and Motivation

The increasing demand for data storage and job processing has led to the intro-
duction of complex data centers that are termed Hyper Scale Data Centers. In
job scheduling literature, researchers have proposed various scheduling policies, yet
service providers in cloud environments still find it challenging to select the appro-
priate algorithm for their applications due to the dynamic nature of cloud resources
and their allocation. This difficulty arises from the heterogeneity of resource types
(memory, bandwidth, storage, [/O and so on), inter-dependencies, uncertainty, and
dispersion of assets in the cloud environment.

The authors of [138] proposed a preemptive priority-based computationally efficient
method for analyzing multi-job queues. Their method reduced state complexity, and
they validated its accuracy through numerical experiments, especially for Poisson
arrival system. Similarly, the work by [139] provided an exact solution for multi-
server queues with preemptive priorities, delivering precise performance metrics but
with high computational demands and limited generalization to real-world scenarios.
The study in [140] introduced the Urgent Job First with Backfilling algorithm for
preemptive scheduling in heterogeneous systems, focusing on high-priority comput-
ing tasks but facing challenges in a broader and complex implementation. The work
in [141] presented a multi-server queueing model with randomized preemptive pri-
orities, offering performance insights but suffering from limited empirical validation
and application complexity.

While these studies offer valuable insights into preemptive scheduling in different
contexts, they generally focus on theoretical models and specific use cases, leaving
their applicability to dynamic large-scale cloud computing environments limited.
This research aims to bridge this gap by evaluating the impact of preemptive and
non-preemptive scheduling disciplines in the cloud computing environment, partic-
ularly focusing on key metrics like dropping probability, resource utilization, and
energy wastage introduced due to preemption. By doing so, this research extends
the applicability of these concepts to more complex and practical scenarios. The
sections ahead refer to the discussion on the underlying scheduling model, its pa-
rameters for analyzing the impact of preemption and restart on job scheduling, and
the corresponding performance metrics. The contributions of the proposed work are

summarized as follows:

1. Development of a comprehensive simulation model for Preemptive
and Non-Preemptive FIFO scheduling

We extended the simulation model developed in our earlier work and tailored
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it to handle more than two job classes and diverse requirement types such as
bandwidth, cores and storage [126][100][37]. This model is designed to accu-
rately represent the dynamic nature of cloud resources and their allocation.
To promote further research and collaboration, we have made the codebase

open source and available on our Github public repository in Section 7.7.

2. In-depth analysis of queueing policies

Our study provides a detailed evaluation of different scheduling disciplines.
These include FIFO and Greedy FIFO scheduling policies. In Non-Preemptive
FIFO the jobs arriving in the buffer are allocated available resources in the
order of their arrival. In Greedy FIFO, the acquired resources are freed by first
preempting smaller jobs from the active job list and gradually progressing to
larger jobs until the threshold of the required resource for the head of buffer
job is met. The simulation results revealed a significant improvement in the
performance metrics with a minimal increase in energy wastage.

7.3 Model Description

The reliability of the cloud can be improved by modeling several aspects of this sys-
tem. These include scheduling, service time, waiting time, hardware, and software
failures. The waiting time for jobs in cloud computing environments is a impor-
tant metric that directly impacts overall efficiency and user experience [142]. We
extended the MJQM-F from Section 5.3 to investigate the impact of job scheduling
on waiting time and resource utilization with the following characteristics: (i) We
have N identical servers; (ii) Jobs arrive at the system from one of 29 sources, de-
rived from Google Borg’s cluster traces [134][143][144]; (iii) These jobs have diverse
resource requirements, ranging from as low as 1 server to over 73.19% of the total
resource capacity, making them highly resource-intensive; (iv) Jobs arrive according
to a time-homogeneous independent, Poisson process; (v) Each job has a service
time that follows exponential distribution with a source-dependent rate. The job
scheduler decides which job to pick up from the available jobs pool in the buffer
depending on the underlying scheduling policy. The detailed characteristics of the
dataset for CellA, including resource requirements, arrival probabilities, and service
times, are provided in Appendix A. Noteably, Cell A exhibits significant skewness,
with 94% of jobs requiring <1 resource unit. This reflects real-world heterogene-
ity, where small jobs dominate in frequency and large jobs dominate in resource

consumption. The skewness directly impacts scheduling dynamics: large jobs drive
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prioritization disciplines, while small jobs intensively compete for leftover resources.
This distribution underscores the need for adaptive scheduling to balance efficiency
and fairness.

In the following subsection, we describe the FIFO and Greedy FIFO scheduling,
which we compare using our simulator, with the real data traces from the CellA
dataset mentioned earlier. We simulated this work with different £ values, a weight-
ing factor that determines whether preemption should occur. The simulation an-
alyzed dropping probability, waiting time, energy wastage due to preemption, and

resource utilization for deeper insights.

7.4 Scheduling Policies Evaluated

The above-stated queueing model with numerous input sources is simulated with
the FIFO and Greedy FIFO scheduling policies. The following sections discuss the
analysis of all policies with respect to the parameters of our simulation model. It is
worth noticing that, in the real data center environment, the arrival probability and
required service time of the workload are not known in advance, and this is assumed

from the statistics of similar experiments carried out earlier.

7.4.1 FIFO

FIFO is the simplest scheduling discipline based on a single rule of processing the
first job that arrives and letting it complete its service without preemption. For
more details and a mathematical overview of the problem formulation of the FIFO
scheduling policy, the readers are encouraged to read Sections 4.2.4 and 5.4.

7.4.2 Greedy FIFO

The second policy we implemented in our model extends FIFO by introducing pre-
emption. This scheduling policy is designed to address resource under-utilization in
workload management.

The Greedy FIFO diverges from the FIFO in that this policy preempts active jobs
(e.g., jobs currently being processed) when specific conditions are met. It aims to
enhance resource utilization by preempting one or more active job(s), releasing its
acquired resources, and re-adding the preempted jobs to the tail of the buffer. The
released resources are summed with already free resources to serve the job at the
head of the buffer. Here, the service progress of preempted jobs is reset to the initial
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status, and thus they restart their service whenever the resources are granted for
the next time, which means this preemption is based on restarting the service.

The process of identifying an active job or subset of active jobs for preemption is
initiated whenever there are jobs waiting in the buffer for sufficient resources, the
resource utilization is not 100%, and preemption will increase the resource utiliza-
tion. The increase in utilization refers to the difference between utilization p(t) at
time ¢ and post preemption utilization pgost, the utilization after preemption. This
is mathematically presented in Equations 7.1 to 7.4. These preemption decision-

making conditions are visually summarized in Figure 7.1.

The decision to preempt either a single or a subset of active jobs is made on the basis
of cost-benefit analysis-comparing the cost of killing a single job or the entire subset
with the cost of leaving resources idle as shown in the Equation 7.4. Equation 7.5
computes the killing cost of a single job which is a product of the resources acquired
by a job r,; and the time spent in service Age,;. In case more than one job is
the potential candidate for preemption, this cost is calculated for all the candidate
jobs. The rationale for selecting killing cost as the primary criterion for preemption
decision as it has the ability to balance short-term efficiency and long-term fairness
by accounting for both the magnitude and duration of resource consumption. Killing
cost inherently penalizes jobs that monopolize resources for longer periods, even if
their resource requirements are low. By factoring in the age in service, killing cost
discourages frequent preemptions of long-running jobs, which can incur significant
overhead. However, we are looking forward to exploring a possible weighted criterion
that considers both resource requirements and termination costs could offer a more
balanced approach to scheduling.

Similarly, the cost of leaving the currently leftover resources un-assigned (idling
cost) is a product of Expected(s, ;) service time of the HOL job from buffer and
the leftover resources at time ¢ and it is presented in Equation 7.6. The expected
service time which is a product of arrival probability of job p,; and required service
time 5., of the HOL job in the buffer as shown in Equation 7.7. The preempted
jobs are moved back into the buffer if space allows. If the buffer space is insufficient
to accommodate all preempted jobs, they are added in the increasing order of their
arrival time. Similarly, if only a single position in the buffer is available, only the
oldest one from the preempted subset of jobs is kept in the worst case and the rest
are discarded and counted as number of jobs dropped from their respective origin
in the simulation statistics. The rationale for this selection strategy of retaining
the oldest job in the system, rather than the newly arrived job, is to improve QoS.
Dropping a job that has already spent a significant amount of time in the system,



94 CHAPTER 7.

as opposed to a newly arrived job, would result in energy wastage. This preemption
helps improve resource utilization; however, preempting a job from service results in
energy wastage. This energy waste for Greedy FIFO is computed as elaborated in
Equation 7.8. It refers to the total energy wasted during the simulation whenever an
active job is preempted and moved back into the buffer or discarded in the worst-case
scenario, as discussed above during the simulation.

Algorithm 8 presents the rationale behind the selection of a subset of active jobs
for preemption. It ensuring that the required resources for the HOL are sufficient.
This process begins by checking if there is a job at the head of the buffer and
determining the resources it requires. If no such job exists, the algorithm terminates.
Otherwise, it calculates the initial resource usage and available free resources, then
sorts the active jobs in ascending order of their resource requirements and descending
order of their service start times. Iterating through this sorted list, the algorithm
accumulates free resources and computes the total killing cost. The loop terminates

when the accumulated resources meet or exceed the resource requirements of the
HOL job.

A cost-benefit analysis is performed and the algorithm proceeds with preemption
by calling the implementation procedure in Algorithm 9; otherwise, preemption is
skipped. This ensures efficient resource utilization while minimizing energy wastage.
Besides this, Algorithm 9 refers to the logic for implemented the preemption decision
made. This includes removal of active jobs from service into buffer. Resources are
released as jobs are removed from the active jobs list. The holding Queue is sorted
by job arrival times, and the job in the head of the buffer is processed by starting
its service. The algorithm attempts to reinsert jobs from the holding queue back
into the buffer if space allows; otherwise, jobs are dropped, and drop counts are
updated. So, during the simulation, the model continuously assigns the resources
to the jobs at the head of the buffer, and whenever the resources are underutilized
and the above-stated conditions are met, an active job preemption is carried out.
To elaborate more, let us express this policy with mathematical notation which is

an extension of mathematical model discussed in Section 4.2.6.

e The system’s buffer length # 0.

B #0 Buffer has no jobs (7.1)

e There are Spare resources:
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R(t) =R - Z(m’)eS(t) s,

(7.2)
R(t) > 0 (component-wise).

e The HOL job in the buffer can be served with the resources released by any

active job when combined with the already available resources.

e Preemption will result in higher resource utilization than current utilization.
pzost > pd(t) (73)
e The killing cost of the job < the idling cost:

Z Killing Cost, ; < Idling Cost (7.4)
(z,0)€S

where S is a subset of active jobs (could be a single job).

The killing and idling cost are calculated as follows:

Killing Cost, ; = r,; X Age, (7.5)
Idling Cost = Expected (5,;) x R(t) (7.6)
Expected (5,,) = me@m (7.7)

i=1

Where:
e 7, ;: Number of resources held by job z from origin ¢.

: The age of the job z from origin ¢ (that is, how long it has been

x40

running).

o Age

e 5,;: Mean service time of the job z from the source 7 (time taken to process
each job).

Dzt Arrival probability of job x from class i .

R(t): Number of idle resources when considering job 1.



96 CHAPTER 7.

e m: Total number of job classes in the model.

e Preemption of active job(s) results in rework and other computational waste

which is computed as follows:

> iy Killing Cost, ;

Sim-Time Limit

Energy Waste =

Here:

— Sim-Time Limait: Simulation time limit.
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Fig. 7.1: Flowchart illustrating the conditions for preempting an active job based on

cost-benefit analysis.
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Algorithm 8 Greedy FIFO Preemption Algorithm to Identify the Subset of Jobs
to Preempt

1: Function identify fifo_greedy_preemption_job()
2:  a<+ 1.0,5<+0.0

3:  headJob <« buffer.checkNextJob(resourceCapacity)

4:  if headJob is null

5: return

6:  requiredResources <— headJob.requiredResources

7. initialResourceUsage <— sumOfResourcesUsedByActiveJobs()

8:  totalFreeResources <— resourceCapacity

9:  sort activeJobs by:

10: ascending requiredResources, descending serviceStartTime

11:  for each job in sortedActiveJobs

12: totalFreeResources += job.requiredRResources

13: totalKillingCost +=  job.requiredResources X (simTime —
job.lastServiceStart Time)

14: if totalFreeResources > requiredResources

15: break

16: if totalKillingCost < idlingCost

17: call implementation_fifo_greedy_preemption(preemptCandidates, resource-
Capacity — initialResourceUsage, headJob.serviceTime)

18:  else

19: skip preemption

7.5 Simulation Model and Implementation

We used the OMNet++ [126] simulator (Version 6.0.2) to simulate the queueing
model and scheduling policies described in the previous sections. Once the param-
eters are specified, the simulator automatically executes the scheduling model until
the predetermined simulation time limit is reached. To account for variability, each
simulation consists of 30 independent experiments for CellA. To explore the behav-
ior of preemption and killing cost, we simulated this setting for different S values.
This is the cost coefficient that determines the relative importance of idling cost
compared to the killing cost.
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Algorithm 9 Greedy FIFO Preemption Implementation Algorithm

1: Function implementation_fifo_greedy_preemption(preemptJobs, initialFreeRe-

6
T
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

sources, headJobServiceTime)
idlingCost < (x initialFreeResources x headJobServiceTime
totalKillingCostForThisPreemption < 0
for each job in preemptJobs

totalKillingCostForThisPreemption += ax job.requiredResources x (sim-

Time — job.lastServiceStartTime)
if totalKillingCostForThisPreemption < idlingCost

increment totalPreemptions
totalKillingCost += totalKillingCostForThisPreemption
holdingQueue < empty list
for each job in preemptJobs

cancel scheduled end-service message for job

remove job from activeJobs

initialFreeResources += job.requiredResources

add job to holdingQueue
sort holdingQueue by firstArrivalTime (oldest first)
headJob < buffer.popNextMessage(resourceCapacity)
if headJob is not null

call startNextJob(headJob)
for each job in holdingQueue

if buffer.isFull()

drop job (increment drop count, delete job)
else

insert job into buffer

else

skip preemption (killing cost is too high)

The nature of simulation in the current study is in a single-threaded fashion, where

the events are processed one at a time in a sequential manner. Hereafter, we use the

parameterization of the model shown in Table 7.1. Detailed information on arrival

probability, service time, and required resources for each class of jobs for Cell A is

available in the appendix (See Table 9.1).
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Table 7.1: System Parameters

Parameters CellA
Buffer Capacity B 20480
Arrival Rate \; [j/s] 550
Available Servers R 4096
Sim-Time Limit 4000s
Job Sources 29
Repetitions 30

£ Range 0-30.0

7.6 Simulation Results and Insights

These statistics are from the simulation of traces of CellA with FIFO and Greedy
FIFO scheduling disciplines. The simulation consists of 30 repetitions, resulting in
over 4 million events per iteration. The total A of the system is 650 jobs per second.
Figures 7.2 and 7.3 show the dropping probability. Figure 7.2 depicts the dropping
probability of different [ values. Here S=0 depicts the dropping probability of
the system with zero killing of jobs or we can say that it resembles the FIFO job

scheduling discipline.

This results in the highest dropping probability (0.1622 ), as expected, due to lack of
job preemption and queue congestion. Similarly, non-zero § value refers to preemp-
tion condition where higher g value amplifies the weight of the idling cost, making
resource under-utilization more expensive. This means that the algorithm will pri-
oritize avoiding idling costs over other considerations. Since the idling cost becomes

higher, the preemption condition is more likely to be satisfied.
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Dropping Probability vs Beta Values
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Fig. 7.2: Dropping Probability for different Beta Values

As a result, the algorithm will preempt active jobs more frequently to free up re-
sources for the HOL job in the buffer and will result in higher utilization. When the
[ range from 0.4 to 20, we observed a monotonic decrease in dropping probability
(e.g., 0.1622- 0.1151). Here, the active job preemption increasingly prioritizes re-
source utilization, reducing queue saturation. However, at maximum £, the model
exhibits a slight increase in probability of dropping (0.1151 to 0.1178 ). This in-
crease suggests that a trade-off in the model with overly aggressive preemption at
very high Beta values may destabilize the system. So we can comment that [ =
20 achieves the lowest dropping probability, balancing, and sufficient preemption
to maintain resource utilization with minimal disruption to job processing. Over-
all, this model demonstrates the relationship between job preemption and dropping
probability for resource utilization and highlights the need to tune /5 to avoid over-
optimization. This aligns with real-world systems, where aggressive policies often
return suboptimal results.

Figure 7.3 dropping probability of job sources with respect to 5 values. Here, it is
worth noting that, for better visual presentation we skipped the job sources, which
depicts a similar trend. Here, the different trend for source 4 and source 8 is due to
their high service-time requirements from their neighboring job sources.

Figure 7.4 presents the analysis of job waiting time. This time underscore the
importance of tuning 5 based on the specific performance metric prioritized in the
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Dropping Probability vs Job Source (Grouped by Beta Value)
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Fig. 7.3: Dropping Probability for Each Source

system. Similarly to the dropping probability, the waiting time is maximum for
£5=0 because of no premption FIFO. Here, the waiting time is the highest, which
aligns with the expectation that no preemption leads to poor resource utilization,
causing jobs to remain in the buffer for longer periods. Similarly, when we tune the
B between 0.5 and 5.0 the waiting time steadily decreases as Beta increases (e.g.,
23.3786 to 15.4804 seconds). It happened because the preemption improves resource
utilization, reducing congestion in the buffer and allowing jobs to be processed more
efficiently.

However, when [ is in the range between 10.0 and 30.0, the waiting time starts
to increase again after 5 = 5.0, peaking at 5 = 30.0 (20.7026 seconds ). This in-
crease suggests a trade-off in the system dynamics: In the moderate range, i.e., 3
= 0.50, the system achieves the optimal balance between preemption and resource
utilization, minimizing waiting time. Here, jobs are preempted just enough to avoid
queue saturation without disrupting processing flow. Similarly, for high £ (e.g., 30.0)
excessive preemption destabilizes the system, leading to frequent interruptions, con-
tention for resources,and aggressive preemption. From this fact, it can be analyzed
that 8 = 5.0 achieves the optimal waiting time, due to sufficient preemption to

reduce congestion.
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Average Waiting Time vs Beta Values
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Fig. 7.4: Waiting Time for Different Beta Values

To avoid redundancy and improve clarity, we selected only job sources that demon-
strated distinct variations in waiting time across different values of 3 for visualization
in Figure 7.5. From this figure, the high waiting bar for source 8 is due to the high
required service time, so for a high § value this source spends much time waiting
in the buffer. We noticed that the optimal § for waiting time differs from the same
for dropping probability. This highlights a trade-off that the lower tuning values
prioritize shorter waiting times by avoiding excessive preemption. Higher (8 val-
ues prioritize lower dropping probabilities by aggressively preempting jobs to free

resources.

In complex systems, optimal resource utilization is highly desired. Fig 7.6 depicts
the resource utilization of proposed study. The trend here aligns with the expected
behavior of our model: as [ increases, the idling cost becomes more significant,
making the algorithm more aggressive in preempting jobs to avoid resource under-
utilization. At 8 = 0, resource utilization is 76.55% , which represents the baseline
utilization without any preemption incentives. As we tune the S to higher range,
resource utilization continue to improves, reaching 85.62% at 5 = 30.0.
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Fig. 7.5: Waiting Time for Each Source

However, the rate of improvement in resource utilization decreases as [ increases,

with gains diminishing at higher values; for instance, utilization increases by 2.22%
from = 0 to S = 2.0, but only by 1.27% from 8 = 20.0 to 5 = 30.0
Although higher 8 values improve resource utilization, they also introduce trade-offs

that need to be carefully considered:

Computational Wastage: A higher tuning range leads to more frequent active
job preemptions, which increases computational wastage. These preempted
jobs are added back to the buffer. Their service progress is reset to the initial
stage, and they are restarted, consuming additional energy and computational

resources.

Jobs Dropping: As we set 3 to a higher value, more jobs are moved back into
the buffer after preemption. If the buffer is full, some jobs will be dropped,
potentially degrading the system’s overall performance and QoS.

System Overhead: Frequent preemption of active jobs results in computational
overhead. This includes managing the overall preemption process, sorting jobs,
and recalculating resource allocations and system metrics.

System Fairness: Aggressive preemption at high 5 values may unevenly impact
lengthy jobs, as they are more likely to be preempted and dropped frequently.
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Percentage Resource Utilization vs Beta Values
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Fig. 7.6: Resource Utilization

Thus, the choice of § depends on the specific goals of your system. For instance,
if maximizing resource utilization is the primary goal, a higher [ is preferable,
as it achieves near-maximum resource utilization. Similarly, for a balance between
resource utilization and energy efficiency, a moderate range of 3 is recommended. To
support the importance of selecting an optimal 3 value based on the requirement of
the system, we compute analytical utilization (as shown in Figure 7.7) based on Eq.
7.9 which is inline with the mathematical notation declared in Section 4.2.6. Here,
P, ; is the arrival probability of job from source ¢. The simulated utilization graph
in Figure 7.6 reflects the actual resource-usage achieved through job preemption
with varying ( values, capturing the effects of rework, job drops and computational
wastage. In contrast, the ideal utilization in Figure 7.7 represents the theoretical
maximum resource usage calculated under the assumption that there is no rework
due to preemption, providing an upper bound on the achievable utilization for each
dropping probability scenario. The difference of 0.33% in 8 = 0 validates our model.
Comparison of these graphs underscore the gap between ideal performance and real-
world constraints. This gap is caused due to preemption and system limitations.

i(&' Py (1=P) -1 - %)
Pldeal = = R ' (79)
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Resource Utilization Comparison vs Beta Values
90

Ideal Utilization C—3
Simulated Utilization C—1

‘85.6185

0]
[6)]
\ 83.1868
|83.8289
|84.3449

‘ 82.2233

76.8822
76.5503
‘77.21 97
77.1541
‘77.6385
|77.6912
‘77.7365
‘77.8703
‘78.3455
‘ 78.7679
‘79.31 42
|80.4134
‘80.01 73
}80.1 628
‘80. 1998
‘80.1 826
‘79.7952

N
o1

Resource Utilization [Percentage]
o]
o

70 0.0 0.4 0.8 1.0 2.0 50 10.0 140 170 20.0 30.0
Beta Values

Fig. 7.7: Resource Utilization Comparison

As discussed earlier in this section, tuning of g introduces some trade-offs. Taking
into account the high cost and other environmental factors associated with energy,
we present the computational waste of this study in Figure 7.8. At =0, there is no
computational waste that validates that there is no incentive for preemption during
the simulation. Adapting g to higher values, computational waste rises linearly,
reaching 0.001011 at # = 30. This indicates that a higher weighting coefficient leads
to more frequent preemption of active jobs, which results in greater computational
waste. A [ value of 5.0 to 10.0 is recommended for most systems, balancing resource

utilization and computational waste.
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Computational Waste vs Beta Values
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7.7 Simulator Availability

The complete source code and evaluation results for our model with FIFO and
Greedy FIFO scheduling, are publicly accessible on our GitHub repository. This
includes detailed files such as the codebase, network descriptions, configurations,
and result files. The aim of this repository is to allow others to replicate, modify, and
build upon our work. We actively welcome feedback, suggestions, and collaboration
opportunities from the community to enhance and expand this tool further. For
further information and to access these resources, please visit our GitHub page.!

7.8 Future Work

The current study reveals that preemptive scheduling policies such as Greedy FIFO
improve resource utilization by avoiding HOL blocking of jobs in the buffer and thus
mitigating resource under-utilization. However, these benefits come at the cost of
computational wastage as a result of the preemption of active jobs from service.

'FCQ Performance Evaluation Repository on GitHub: https://github.com/muhammadwaqas
01/FCQ_Performance_Evaluation


https://github.com/muhammadwaqas01/FCQ_Performance_Evaluation
https://github.com/muhammadwaqas01/FCQ_Performance_Evaluation
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As part of future work, we plan to extend the simulation study by varying job arrival
rates to gain deeper insight into the relationship between resource utilization, per-
formance metrics, and computational wastage under these different resource types
and scheduling policies. By analyzing these experiments with different arrival rates
and even experimenting with CellB from [134], which offers tricking statistics with
a lot of variation in the data, we aim to identify strategies to minimize energy waste
while maintaining optimal resource allocation.

It is also noteworthy that the FIFO discipline, which does not preempt the job to
accommodate the HOL job from the buffer, results in zero energy wastage. This
characteristic of FIFO provides a baseline for comparison to evaluate the trade-
offs introduced by preemptive scheduling policies. The insights obtained from this
extended simulation will contribute to a more comprehensive understanding of how
different scheduling policies affect energy efficiency and overall system performance

in cloud computing environments.

7.9 Conclusion

In conclusion, the analysis of the Greedy FIFO preemption model reveals a clear
trade-off between resource utilization, computational waste, job drop rates, and
system efficiency, as the parameter [ is varied. At low [ values (e.g., § = 0-2),
the system minimizes computational waste and job drops but achieves only modest
improvements in resource utilization. Whereas with moderate 8 values (e.g., 5 =
5-10) it strike an effective balance, achieving significant gains in resource utilization
(80-82%) while keeping computational waste and drop rates relatively low ( 0.0477%
and minimal dropping probability). However, at high 5 values (e.g., 5 = 20-30),
while resource utilization approaches its maximum (85%), the associated costs—such
as increased computational waste, higher job drop rates, and longer waiting times,
highlight the lessen returns and possible decline in system performance. These
findings underscore the importance of carefully selecting the optimal 3 based on the
specific goals and constraints of the system.
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Conclusion and Future Work

8.1 Introduction

This chapter presents the conclusion and future work of this thesis. This research
focused on optimizing cloud computing performance by simulating MJQM-F using
various scheduling policies. This work contributes to an extensive understanding of
job scheduling and resource allocation challenges in diverse cloud environments due
to the introduction of Al-driven workloads. This provides information on how dif-
ferent scheduling strategies impact performance metrics such as resource utilization,

drop probability, waiting time, response time, and energy waste.

8.2 Summary of Important Findings

The thesis demonstrated several key findings through the development and simula-

tion of various scheduling policies within a cloud computing environments:

1. Simulation Framework and Implementation:

A robust simulation model was developed using the OMNeT++ framework,
which accurately represents the dynamics of cloud resources and their alloca-
tion. This model, which incorporates both FIFO and priority-based schedul-
ing, was crucial for understanding the impact of different queueing disciplines
on cloud system performance. The modular and flexible architecture of the
simulator provided a valuable tool for analyzing real-world cloud computing

scenarios.

2. Performance of MJQM-F:
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By simulating the MJQM-F, we found that FIFO scheduling is simple to im-
plement, but it is also prone to HOL blocking. This leads to resource under-
utilization, especially when the required resources of jobs vary significantly. On
the other hand, the priority scheduling policy showed that assigning priority
to jobs with higher resource requirements and longer service times requirement
could improve overall system performance, positively impacting both big and
small jobs.

3. Preemptive Scheduling and Energy Wastage:

The introduction of preemptive scheduling policies, such as Greedy FIFO,
showed a significant improvement in resource utilization by reducing HOL
blocking. However, these benefits came with the trade-off of energy wastage
due to the preemption of active jobs. By preempting active jobs to free up
resources, the system incurs energy waste because the service progress of these
jobs resets to zero, leading to a potential increase in the probability of re-work.

4. Trade-offs and Performance Metrics:

A critical trade-off between resource utilization and energy wastage in cloud
environment was identified. While preemptive scheduling improves resource
utilization, it also increases energy consumption. In contrast, FIFO scheduling
results in zero energy wastage due to the absence of job preemption, providing
a baseline for comparison with preemptive policies. Thus, the choice of tuning
[ is solely dependent on the dynamics of the model under consideration.

8.3 Future Work

Building on the findings of this thesis, several avenues for future work are proposed,
these include:

1. Exploring Different Arrival Rates and Dataset:

Future research will focus on extending the simulation study by varying job
arrival rates to gain deeper insight into the relationship between resource uti-
lization, performance metrics, and energy wastage, under different scheduling
policies. We plan to expand this work by simulating scheduling policies using
the CellB dataset from Google’s Borg cluster, which is more tricky and offers
significant variation in the data [134]. Analyzing these dynamics across di-
verse arrival rates will help identify strategies to minimize energy waste while

maintaining optimal resource allocation.
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2. Evaluating Advanced Scheduling Policies:

Further exploration of advanced scheduling policies, including adaptive and
hybrid approaches, can provide more insights into how cloud environments can
dynamically adjust resource allocation based on real-time workload conditions.
This could involve incorporating ML techniques to predict job characteristics

and make more informed scheduling decisions.

3. Energy-Aware Strategies:

Investigating strategies to mitigate energy wastage in preemptive scheduling
policies is very important due to the challenges faced by the environment.
Future work can explore methods to reduce the energy cost associated with
job preemption, potentially through optimizing the decision-making process of
when and which jobs to preempt, considering factors such as job age, service

progress, and resource requirements.

8.4 Conclusion

This thesis provided a comprehensive analysis of scheduling policies in finite-capacity
multi-server job queueing systems within cloud computing environments. A key
contribution of this work is the presentation of an original, flexible, and modular
OMNeT++ simulation framework for MJQM. The proposed framework aims to cap-
ture the unique dynamics of resource allocation, job scheduling, and performance
metrics in heterogeneous cloud environments. This library facilitates in-depth ex-
ploration of various scheduling policies, making it a valuable tool for researchers and
practitioners in cloud resource management.

Moreover, this simulator, along with all associated data, has been made freely and
openly available on a public GitHub repository. The repository is made available
with the aim of allowing the research community to use, replicate, modify, and
extend the simulator. Researchers can identify issues, provide suggestions, and
even collaborate to further enhance the, for ongoing and future studies in cloud
computing.

The insights acknowledge that while preemptive scheduling policies such as Greedy
FIFO can significantly improve resource utilization and reduce the HOL blocking,
they introduce the challenge of energy wastage. FIFO scheduling, on the other hand,
eliminates energy waste, but experiences lower resource utilization and higher job

drop probabilities under heavy load conditions.
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The research contributes to a deeper understanding of the trade-offs inherent in
cloud resource management and scheduling policies. It highlights the significance
of considering both energy efficiency and performance in the design of scheduling
strategies for cloud computing systems. The findings gained from this work serve as
a foundation for future research aimed at developing more adaptive, efficient, and
sustainable cloud resource allocation mechanisms.
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CellA Dataset from Google Borg

9.1 CellA Dataset

The CellA dataset used in this study includes columns for required resources, arrival
probability, and service time. Table 9.1 presents the complete dataset and Figures
9.1- 9.3 show the graph of the arrival probability, required resources, and service
time of the dataset.
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Sr No Required Resources

Arrival Probability Service Time

1 1 0.939635366 2.140987347
2 2 0.021369679 3.106702186
3 3 0.003654944 12.10234378
4 4 0.002032627 64.05097202
5 > 0.002850667 11.61818487
6 6 0.000602993 17.03883006
7 7 0.000252035 79.64336897
8 8 9.29004E-05 385.7651318
9 9 0.004762007 0.54709024

10 10 0.00068127 86.2710552

11 11 9.63412E-05 2.588492402
12 14 0.000974594 0.139611088
13 18 0.0091851 0.445713286
14 20 0.000293325 98.60385028
15 24 6.02132E-05 20.57429126
16 27 0.005891436 0.310996597
17 28 0.001886395 0.09660738

18 30 5.24715E-05 19.77444131
19 38 0.001105343 0.218118958
20 40 0.00263562 1.37944965

21 42 0.000939327 0.162844548
22 50 0.000425794 25.46456836
23 60 5.76327E-05 25.93499384
24 80 3.35474E-05 15.23780456
25 98 0.000127308 0.376461847
26 100 4.90308E-05 7.159567431
27 120 3.09668E-05 0.049277756
28 498 0.000191822 0.480738477
29 2998 2.92464E-05 0.325075486

Table 9.1: CellA Dataset from Google Borg
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Required Service Time vs Job Source
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