Contents

List of Figures xix
List of Tables xxi
List of Abbreviations XXV
Abstract xxvii
1 Introduction 1
1.1 Background of Cloud Computing . . . . . . . ... ... ... .. ... ... 1
1.1.1  Applications of Cloud Computing . . . . . ... ... ... ... ..... 2

1.1.2 Key Factors and Motivations : . . . . ... ... ... .. ... 3

1.2 Scheduling in Cloud Computing . . . . . . . . . . . .. ... ... ... .. 4
1.2.1 Importance of Efficient Scheduling in Cloud Environments . . . . . . . . . 4

1.2.2  Challenges in Scheduling . . . . . . . .. .. ... . ... .. .. .. ..., 5

1.2.3 Independent Task Scheduling . . . ... .. ... ... ... ... .... 6

1.2.4  Workflow Scheduling in Cloud . . . . .. .. .. .. ... .. ..., 6

1.2.5 Scheduling Constraints . . . . . . . . . ... ... oL 7

1.2.6  Scheduling Objectives . . . . . . . . . . . . .. ... 8

1.3 System Model . . . . . . . . . L 9
1.3.1 Task Model . . . . . . . . . 10

1.3.2 Cloud Resource Model . . . . . .. .. ... .. ..o 10

1.3.3 Task Scheduling Model . . . . .. ... .. ... .. .. .. .. .. ..., 11

1.3.4 Workflow Model . . . . . . .. .. L 12

1.3.5 Workflow Scheduling Model . . . . . . ... ... .. .. L. 13



CONTENTS

1.3.6 Cost Model . . . . . . .. .. e 14
1.3.7 Energy Consumption Model . . . . . .. .. ... ... 15

1.3.8 Resource Utilization Model . . . . . .. .. ... .. .. ... 16

1.4 Framework and Tools . . . . . . . .. . .. L 16
1.4.1 CloudSim . . . . . . ... e 16
1.42 WorkflowSim . . . . . ..o 17
1.4.3 Google Colaboratory . . . . . . . . . . . 17

1.5 Benchmark Workflows . . . . . .. ... ... oo 17
1.5.1 Montage . . . . . . . 18
1.5.2 SIPHT . . . . .o e 18
1.5.3 CyberShake . . . . . .. . ... 19
1.5.4 Inspiral LIGO . . . . . . . .. . e 19

1.5.5 Epigenomics . . . . . .. ... e 20

1.6 Metrics for Performance Analysis . . . . . . .. ... ... oL 21
1.6.1 Evaluation Metrics . . . . . . . . ... o Lo 21
1.6.2 Pareto Optimality Metrics . . . . . . . ... .. ... L. 21

1.6.3 Statistical Analysis . . . . . . . . . ... 22

1.6.4 Computational Complexity . . . . . . ... ... .. .. ... 23

1.7 Contribution of the Thesis . . . . . . . . . . . ... ... . ... 23
1.8 Thesis Organization . . . . . . . . . . . . . e 25
2 Literature Review 27
2.1 Research Focus Areas in Cloud Computing . . . . .. .. .. .. ... ...... 27
2.2 Systematic Literature Review of Tasks Scheduling in Cloud Computing . . . . . 29
2.2.1 Formation of Query for Searching Articles . . . . . . .. ... ... .... 29
2.2.2 Inclusion and Exclusion Criteria for Articles . . . . . . . ... ... .. .. 30

2.3 Review Procedure of Articles for Task Scheduling in Cloud Computing . . . . . . 31
2.4 Categorization of Strategies for Task Scheduling in Cloud Environment . . . . . 32
2.5 Heuristic Strategies for Task Scheduling in Cloud . . . . . .. ... ... ... .. 33
2.5.1 Transition: Heuristic to Metaheuristic Strategies . . . . . ... ... ... 37

2.6 Metaheuristic Strategies for Tasks Scheduling in Cloud . . . . . . .. .. ... .. 37
2.6.1 Transition: Metaheuristic to Hybrid Strategies . . . . . ... ... .. .. 40

xiv Shweta Kushwaha



CONTENTS

2.7 Hybrid Strategies for Tasks Scheduling in Cloud . . . ... ... .. ... .... 43
2.7.1 Transition: Hybrid to Learning-based Strategies . . . . ... ... .. .. 43

2.8 Learning-based Strategies for Task Scheduling in Cloud . . . .. ... ... ... 44
2.9 State Of The Art . . . . . . . . . o 50
2.9.1 Heuristic Strategies. . . . . . . . . . . ... 50
2.9.2 Metaheuristic Strategies . . . . . ... ..o Lo oo 52
2.9.3 Hybrid Strategies . . . . . . . ... 54
2.9.4 Learning-based Strategies . . . . . . . . .. .. ... ... ... ... ... 56

2.10 Research Gaps . . . . . . . . . e 56
2.11 Research Objectives . . . . . . . . . . . . 58
Deadline and Budget Constrained Scheduling 59
3.1 Imtroduction. . . . . . . . . .. 59
3.2 Deadline and Budget Constrained AOA . . . . . . . . ... ... ... ...... 60
3.2.1 Motivation . . . . .. Lo 60
3.2.2 Problem Formulation . ... ... ... ... ... ... .. 0 .. 61
3.2.3 Proposed Methodology . . . . . . . ... ... .. oL 62
3.2.3.1 Deadline and Budget Interval Calculation Strategy . . . . . . . . 62

3.2.3.2 Deadline and Budget Constrained AOA . . . . . ... ... ... 64

3.2.4 Experimental Setup . . . . . .. ... Lo 72
3.2.5 Performance Analysis . . . . . . . . .. ... .. 73
3.2.6  Performance Observations . . . . . .. . .. .. .. ... .. 79

3.3 Multi Layer Perceptron Optimized Archimedes Algorithm . . . . ... ... ... 81
3.3.1 DMotivation . . . . .. L 82
3.3.2 Problem Formulation . . .. .. .. ... .. .. ... .. .. .. ... 82
3.3.3 Proposed Methodology . . . . . . . . . . . . ... ... 83
3.3.3.1 Sensitivity Analysis for Various Scenarios . . . . . .. ... ... 83

3.3.3.2 Data Preparation and Feature Scaling . . . . ... ... ..... 85

3.3.3.3 Training and Optimization . . . . ... ... ... ... ..... 86

3.3.3.4 Multi Layer Perceptron Optimized AOA . . . . ... ... ... 87

3.3.4 Experimental Setup . . . . . .. ... 90
3.3.5 Performance Analysis . . . ... ... ... o 92
Shweta Kushwaha XV



CONTENTS

3.3.6 Performance Observations . . . . . . ... ... ... .. ... ...... 97

3.4 SUMMATY . . . o o e e e e e e e e 98
4 Local Optima Avoidance-based Scheduling 99
4.1 Introduction . . . . . . . . . .. e 99
4.2 Modified Local Escaping Archimedes Optimization Algorithm . . . . . ... . .. 100
4.2.1 Motivation . . . ... 100
4.2.2 Problem Formulation . . ... ... .. ... ... 000 101
4.2.3 Proposed Methodology . . . . . . . . . . .. . ... 102
4.2.3.1 Local Escaping Operation . . . . . . .. ... ... ... ..... 103

4.2.3.2 Modified Local Escaping Archimedes Optimization . . . . . . . . 104

4.2.4 Experimental Setup . . . . . ... Lo 107
4.2.5 Performance Analysis . . . . . . . ... ... 110
4.2.6 Performance Observations . . . . . . .. ... ... .. L. 113

4.3 Opposition-based Learning Enhanced Manta Ray Foraging . . . ... ... ... 114
4.3.1 Motivation . . . . . ..o 115
4.3.2 Problem Formulation . . ... ... .. ... ... .. 0 0L 116
4.3.3 Proposed Methodology . . . . . . . . .. ... 117
4.3.3.1 Deadline and Budget Interval Calculation . . . . . .. . ... .. 118

4.3.3.2 Manta Ray Foraging Optimization . . . . . . ... ... ... .. 118

4.3.3.3 Opposition-Based Learning . . . . . .. ... ... ... ..... 121

4.3.3.4 Local Escaping Operation . . . . . . .. ... ... ... ..... 122

4.3.3.5 OBL-Enhanced Manta Ray Foraging. . . . ... ... ... ... 124

4.3.4 Experimental Setup . . . . .. .. ... 125
4.3.5 Performance Analysis . . . . ... ... ... 126
4.3.6 Performance Observations . . . . . . .. ... ... ... 131

4.4 SUMMATY . . . o v ot e e e e e e e e 132
5 Reinforcement Learning-based Scheduling 133
5.1 Imtroduction . . . . . . . . . . 133
5.1.1 Motivation . . . ... .. 133
5.1.2  Problem Formulation . . .. ... ... ... ... ... ... ... 134

xvi Shweta Kushwaha



CONTENTS

5.2 Proposed Methodology
5.2.1 Reinforcement Learning Framework

5.2.2 Actor and Critic Networks

5.2.3 Advantage Function and Policy Update

5.2.4  Temporal Difference Learning and Regularization

5.2.5 The Advantage Actor Critic Strategy
5.3 Experimental Setup
5.4 Performance Analysis

5.5 Performance Observations

5.6 Summary

References

List of Publications

6 Conclusions and Future Research Directions

151

167

Shweta Kushwaha

xvii






List of Figures

1.1
1.2
1.3
14

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.12
3.13
3.14
3.15
3.16
3.17
3.18
3.19

Applications of Cloud Computing . . . . . . . . . . .. ... ... .. .....
Workflow Scheduling Framework . . . . ... ... ... ... ... . ......
Structure of Scientific Workflows . . . . . . .. ... oo oo

Structure of the thesis and outline of key chapters for task scheduling in cloud

Deadline and Budget Constrained AOA . . . . .. ... .. ... ... .....
Ilustration of Archimedes’ Principle . . . . . . . . .. .. ... .. ... .....
Structure of the Encoded Object . . . . . . .. ... ... ... . ... ... ..
Comparison of ADB with state of the art for Makespan . . . .. ... ... ...
Comparison of ADB with state of the art for Cost . . .. ... ... ... ....
Comparison of ADB with state of the art for Energy Consumption . . . . .. ..
Comparison of ADB with state of the art for Resource Utilization . . . . .. ..
Percentage of Deadline and Budget Adherence (Montage) . . . . .. . ... ...
Percentage of Deadline and Budget Adherence (SIPHT) . . . .. ... ... ...
Percentage of Deadline and Budget Adherence (CyberShake) . . .. .. ... ..
Percentage of Deadline and Budget Adherence (Inspiral) . . . . . .. .. ... ..
Percentage of Deadline and Budget Adherence (Epigenomics) . . . . .. .. ...
Scheduling using MLP optimized Archimedes Algorithm . . . ... ... ... ..
Comparison of MLPOA with state of the art for Makespan . . . ... ... ...
Comparison of MLPOA with state of the art for Cost . . . ... ... .. ....
Comparison of MLPOA with state of the art for Energy Consumption . . . . . .
Comparison of MLPOA with state of the art for Resource Utilization . . . . . . .
Percentage of Deadline Adherence . . . . . .. .. .. ... ... . ... ...,

Percentage of Budget Adherence . . . . .. .. .. ... ... L.

18

25



LIST OF FIGURES

4.1 Modified Local Escaping Archimedes Approach . . . . . . ... ... ... .... 102
4.2 Convergence analysis of state of the art for various workflows . . . . . ... ... 108
4.3 Comparison of MLEAO with state of the art for Makespan . . . .. .. .. ... 110
4.4 Comparison of MLEAO with state of the art for Cost . . . .. ... ... .... 110
4.5 Comparison of MLEAO with state of the art for Energy Consumption . . . . . . 111
4.6 Comparison of MLEAO with state of the art for Resource Utilization . . . . . . . 111
4.7 Opposition-Based Learning Enhanced Manta Ray Foraging Approach . . . . .. 117
4.8 Comparison of MRFOBL with state of the art for Makespan. . . . . . ... ... 126
4.9 Comparison of MRFOBL with state of the art for Cost . . . . . . .. .. ... .. 126
4.10 Comparison of MRFOBL with state of the art for Energy Consumption . . . . . 127
4.11 Comparison of MRFOBL with state of the art for Resource Utilization . . . . . . 127
4.12 Percentage of Deadline Adherence . . . . ... ... ... .. ... ........ 128
4.13 Percentage of Budget Adherence . . . . . . .. .. ... . 128
5.1 Advantage Actor-Critic Strategy . . . . . . . . . . .. .. .. .. ... ..., 135
5.2 Makespan and Scheduling time for 50 episodes . . . . . . .. .. ... ... ... 142
5.3 Makespan and Scheduling time for 100 episodes . . . . . . . . .. ... ... ... 143
5.4 Makespan and Scheduling time for 150 episodes . . . . . . . . .. .. .. ... .. 143
5.5 Makespan and Scheduling time for 200 episodes . . . . . . . . ... ... ... .. 143
5.6 Makespan and Scheduling time for 250 episodes . . . . . . . . .. .. .. ... .. 144
5.7 Makespan and Scheduling time for 300 episodes . . . . . . .. .. ... ... ... 144
5.8 Makespan and Scheduling time for 350 episodes . . . . . . .. .. .. .. .. ... 144
5.9 Makespan and Scheduling time for 400 episodes . . . . . . . . .. .. .. .. ... 144
5.10 Makespan and Scheduling time for 450 episodes . . . . . . . . .. .. .. .. ... 145
5.11 Makespan and Scheduling time for 500 episodes . . . . . . .. .. ... ... ... 145
XX Shweta Kushwaha



List of Tables

2.1
2.1
2.1
2.2
2.2
2.3
2.3
24
24
2.4
24
2.4
2.5
2.6
2.7

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8

Task scheduling using Heuristic Approaches . . . . . . .. ... ... ... .... 34
Task scheduling using Heuristic Approaches (Continued) . . . . . .. .. .. ... 35
Task scheduling using Heuristic Approaches (Continued) . . . . . .. .. .. ... 36
Task scheduling using Metaheuristic Approaches . . . . . . ... ... ... ... 38
Task scheduling using Metaheuristic Approaches (Continued) . . .. .. .. ... 39
Task scheduling using Hybrid Approaches . . . . . . . .. ... ... ....... 41
Task scheduling using Hybrid Approaches (Continued) . . . . . . .. .. ... .. 42
Task scheduling using ML-based Approaches . . . . . .. ... ... ....... 45
Task scheduling using ML-based Approaches (Continued) . . .. ... ... ... 46
Task scheduling using ML-based Approaches (Continued) . . ... ... ... .. 47
Task scheduling using ML-based Approaches (Continued) . . . . ... ... ... 48
Task scheduling using ML-based Approaches (Continued) . . ... ... ... .. 49
Comparative analysis of Heuristic Approaches . . . . . . . . . ... ... ..... 51
Comparative analysis of Metaheuristic & Hybrid Approaches . . . . .. ... .. 53
Comparative analysis of ML-based Task Scheduling Approaches . . . . . . .. .. 55
VM Instances . . . . . . .. oL L e 72
Comparison of ADB with state of the art for S-Metric . . . . .. ... ... ... 76
Comparison of ADB with state of the art for Hypervolume . . . .. .. ... .. 7
Comparison of ADB with state of the art for Dominance . . . . . .. .. ... .. 7
Comparison of ADB with state of the art for T-Test . . . . ... ... .. .... 78
Comparison of ADB with state of the art for ANOVA (Montage) . . . . ... .. 78
Comparison of ADB with state of the art for ANOVA (SIPHT) . . ... ... .. 78

Comparison of ADB with state of the art for ANOVA (CyberShake) . . ... .. 79



LIST OF TABLES

3.9 Comparison of ADB with state of the art for ANOVA (Inspiral) . . . . ... ... 79
3.10 Comparison of ADB with state of the art for ANOVA (Epigenomics) . . . . . . . 79
3.11 Sensitivity analysis of different parameters for various workflows . . . . . . . .. 84
3.12 VM Instances . . . . . . . . ..o 91
3.13 Comparison of MLPOA with state of the art for S-Metric . . . . ... ... ... 95
3.14 Comparison of MLPOA with state of the art for Hypervolume . . . . . . . . . .. 95
3.15 Comparison of MLPOA with state of the art for Dominance . . . . . .. .. ... 95
3.16 Comparison of MLPOA with state of the art for T-Test . . . . ... .. .. ... 96
3.17 Comparison of MLPOA with state of the art for ANOVA (Montage) . . ... .. 96
3.18 Comparison of MLPOA with state of the art for ANOVA (SIPHT) . . ... ... 96
3.19 Comparison of MLPOA with state of the art for ANOVA (CyberShake) . . . .. 97
3.20 Comparison of MLPOA with state of the art for ANOVA (Inspiral) . . . . . ... 97
3.21 Comparison of MLPOA with state of the art for ANOVA (Epigenomics) . . . . . 97
4.1 VMlInstances . . . . . . . . L e e 107
4.2 Sensitivity analysis of different parameters for various workflows . . . . .. . .. 109
4.3 Comparison of MLEAO with state of the art for S-Metric . . . ... .. .. ... 112
4.4 Comparison of MLEAO with state of the art for Hypervolume . . . . . . .. ... 112
4.5 Comparison of MLEAO with state of the art for Dominance . . . . . .. .. ... 113
4.6 Summary of Notation . . . . . . .. . . .. ... 120
4.7 VM Instances . . . . . . . . e 125
4.8 Comparison of MRFOBL with state of the art for S-Metric . . . .. .. ... .. 129
4.9 Comparison of MRFOBL with state of the art for Hypervolume . . . . . . . . .. 129
4.10 Comparison of MRFOBL with state of the art for Dominance . . . . . . .. ... 129
4.11 Comparison of MRFOBL with state of the art for T-Test . . . . .. .. .. ... 130
4.12 Comparison of MRFOBL with state of the art for ANOVA (Montage) . . . . . . 130
4.13 Comparison of MRFOBL with state of the art for ANOVA (SIPHT) . ... ... 130
4.14 Comparison of MRFOBL with state of the art for ANOVA (CyberShake) 131
4.15 Comparison of MRFOBL with state of the art for ANOVA (Inspiral) . . . . . .. 131
4.16 Comparison of MRFOBL with state of the art for ANOVA (Epigenomics) . . . . 131
5.1 VMlInstances . . . . . . . .. L 141
xxii Shweta Kushwaha



LIST OF TABLES

5.2 Comparison of A2CS with state of the art for ANOVA (Makespan) . . . . . ... 145
5.3 Comparison of A2CS with state of the art for ANOVA (Scheduling Time) . . . . 145

Shweta Kushwaha xxiii






List of Abbreviations

Abbreviation
A2CS
ACO
ADB
Al
ANOVA
AOA
CPOP
CPU
DAG
DDPG
DQN
EARES
FCFS
FPA
GA
GWO
HEFT
LEO
MDP
MFGA
MI
MIPS

Description

Advantage Actor Critic Strategy
Ant Colony Optimization

Deadline and Budget Constrained Archimedes Optimization
Artificial Intelligence

Analysis of Variance

Archimedes Optimization Algorithm
Critical Path on a Processor
Central Processing Unit

Directed Acyclic Graph

Deep Deterministic Policy Gradient
Deep Q Network

Energy Aware Reliability Enhancement Scheduling
First Come First Serve

Flower Pollination Algorithm
Genetic Algorithm

Grey Wolf Optimization
Heterogenous Earliest Finish Time
Local Escaping Operation

Markov Decision Process

Modified Fuzzy Genetic Algorithm
Million Instructions

Million Instructions Per Second



LIST OF ABBREVIATIONS

Abbreviation Description
ML Machine Learning
MLEAO Modified Local Escaping Archimedes Optimization
MLP Multi Layer Perceptron
MLPOA Multi Layer Perceptron Optimized Archimedes Approach
MRFO Manta Ray Foraging Optimization
MRFOBL Opposition-Based Learning Enhanced Manta Ray Foraging
MVO Multi Verse Optimizer
NNRL Neural Network-based Reinforcement Learning
OBL Opposiotion Based Learning
PE Processing Element
PSO Particle Swarm Optimization
QoS Quality of Service
ReLU Rectified Linear Unit
RL Reinforcement Learning
SIPHT Three Dimensional
SJF Shortest Job First
SLA Service Level Agreement
SLR Systematic Literature Review
SOS Symbiosis Organisms Search
SOTA State-of-the-Art
VM Virtual Machine
xxvi Shweta Kushwaha



