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Abstract

Experimental applications in the scientific area have become very complex with ever
increasing amounts of Big Data that highlight the criticality of high- performance com-
puting environments such as clusters, grids and the cloud. Grid computing systems were
widely used in scientific applications in the past as they provide parallelism through high-
performance computational infrastructure. However, the adoption of cloud computing to
process these scientific data has increased recently because it enables researchers to execute
workflows at low costs without setting up their own infrastructure. Moreover, the elastic
nature of cloud facilitates the changing of resource quantities and characteristics to vary at
runtime, facilitating dynamic scaling of infrastructure resources according to application
requirements and budget. Further, nowadays, large-scale genome data presents a signifi-
cant challenge for data processing and analytics in Big Data environment. In this scenario,
Galaxy, a widely used scientific workflow management system, provides an open, web-
based platform for data-intensive computational analyses and data integration. However,
the resources needed by scientific workflows vary significantly during execution on Galaxy
and may become inefficient in terms of resource usage and cost. Therefore, researchers are
focused on deploying Galaxy in the cloud for better resource utilization and data analytics.
Nevertheless, several research issues associated with the deploying of scientific workflow
applications in the cloud still exists. Among them, resource selection to make the right
choice of instances for a certain application of interest is a challenging problem for re-
searchers. In addition, providing services with optimal performance at the lowest financial
resource deployment cost based on users’ resource selection is quite challenging for cloud
service providers.

Scientific workflows are a series of computation-dependent tasks occurring in scien-
tific experiments. They have emerged as an alternative to script programming for perform-

ing in-silico experiments and are concerned with the processing of high-volume scientific



Big Data. Several workflow optimization studies have focused on optimizing makespan
through scheduling mechanisms, whereas others have conducted multi-objective optimiza-
tion during workflow execution. However, conventional workflow optimization approaches
only consider makespan and cost optimization and do not cover crucial factors related with
virtual machine (VM) instances such as VM failure probability and availability probabil-
ity, which can significantly affect the service level agreements (SLAs) of the cloud during
workflow execution.

This thesis begins with some preliminary studies of Big Data applications in Hadoop
infrastructure by using VM instances from cloud computing infrastructure. Subsequently,
it focuses on investigation of the challenges of resource optimization of scientific workflow
executions in the cloud and develops a new constrained multi-objective optimization model
for general scientific workflow applications such as bioinformatics, environmental issues,
and astronomy using multi-objective evolutionary algorithms that benefit both stakeholders
(users and cloud service providers). The following contributions are made during resource
optimization of the proposed system: (i) modeling of the resource optimization problem
as the constrained multi-objective optimization problem, (ii) randomized search-based re-
source optimization for rightsized instance resource selection, (iii) level-wise workflow
execution optimization for task dependencies and resource elasticity, (iv) level-wise bal-
anced task clustering and assignment for better load balancing and resource sharing.

Thus, the system provides several advantages such as elimination of the resource selec-
tion problem confronting novice cloud users, optimal resource assignment, optimal budget
management and improved service satisfaction for cloud users for the service providers.
This system can support the rapid adoption of scientific applications to more efficient cloud
applications and can also handle output validity problem of large, critical scientific appli-

cations in certain situations.
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Chapter 1

Introduction

The term Big Data refers to enormous amount of structured and unstructured data from
several sources that form a key ingredient for many successful organizations. However, a
significant portion of Big Data is currently being underutilized or underexploited owing to
the overwhelming scale of the data involved. Enterprises are also finding that the use of Big
Data is also becoming crucial in their efforts to gain a competitive advantage. According to
some surveys, approximately 2.3 trillion gigabytes of data are created every day. The figure
is expected to increase to 43 trillion gigabytes by 2020. The cloud provides technology to
all consumers in the most cost-effective packages, which is one of the reasons for the data
explosion across the web. These high volumes of data present a challenge to the cloud and
research is actively being conducted to optimize the processing and analytics of these Big
Data more effectively and efficiently.

Cloud computing is the delivery of computing resources and services through the in-
ternet. It is rapidly overtaking traditional in-house systems as a reliable, scalable and cost-
effective IT solution. Traditional datacenters consist of various pieces of hardware that are
connected to a network via a remote server. All users access and share that traditional dat-
acenter and it is very difficult for businesses to upgrade or scale up to support more users.

Unlike those traditional systems, the cloud provides for scaling up and down the resources



at any time, which is very persuasive facility for Big Data. Recently, utilization of the
cloud for Big Data applications has increased significantly. Moreover, cloud and Big Data
together are very effective technologies for enterprises as they can reduce the expenditures
of enterprises.

In this research, a resource optimization system was implemented for Big Data appli-
cations in cloud computing infrastructure that optimizes service provisioning in terms of
cost and performance. This was motivated by the recent trend for widespread use of cloud
resources in Big Data experiments that face the challenge of application oriented rightsized
resource selection in cloud computing environments. As a result, the system helps with the
selection of the right resources during workflow executions that benefits both users with
optimized cost and performance and cloud service providers with improved SLA related

service provisioning.

1.1 Motivation for this Thesis

Nowadays, the exponential growth in the scientific area makes data analytics difficult.
Cloud computing has become one of the best options for high-performance processing al-
though several high-performance computing environments such as cluster computing, grid
computing and cloud computing, exists, because scientists can scale up and down their in-
frastructure resources according to the application requirements and budget in the cloud.
Furthermore, the cloud provides computing as a utility service in the form of Infrastruc-
ture as a Service (IaaS), Platform as a Service (PaaS) and Software as a Service (SaaS).
In the context of cloud computing, an application’s execution cost is simply the monetary
cost of renting resources from the cloud service providers. There are two possible issues:
resource over-provisioning and resource under-provisioning if the rented resources do not
match with the application needs. From the users’ perspective, they want to execute their

applications as fast as possible at the lowest cost. Addressing the issue of minimizing re-



source usage with the best performance in the cloud is a challenging research issue.

Our proposed optimization system deals with the search for optimal resources for Big
Data applications in Hadoop and cloud infrastructure during experimentations. In this sce-
nario, the Hadoop cluster is implemented using the virtual machine(VM) instances of the
cloud infrastructure and the monetary cost for application execution in the cloud is based
on the amount of resources used, i.e., task execution cost correlated with the total number
of CPU cycles for all tasks. By using cloud infrastructure, customers can also reduce the
processing cost of workflow applications with the aid of the cloud’s pay-per-use model.
Moreover, a task that shares the same time interval with a previous task hosted in the same

instance might not result in extra cost, reducing the overall workflow execution cost.

1.2 Objectives of this Thesis

The thesis focuses on optimization of Big Data applications by means of resource opti-
mization through multi-objective evolutionary algorithms (MOEAs). The major objectives

are as follows:

* Development of a resource optimization system that gives tangible and intangible
benefits to both stakeholders (users and service providers) in service provisioning

environments.

* Speed up scientific research experimentation in computing infrastructure by means

of current popular technologies such as Hadoop and the cloud.

* Proposal of an approach that can solve the challenge of rightsized resource provi-
sioning in cloud computing infrastructure that provides optimized cost performance
tradeoff during service execution, to better maintain cloud’s Service Level Aggre-

ment (SLA).



1.3 Contributions of this Thesis

This thesis conducted resource optimization in two kinds of infrastructure; Hadoop and
the cloud. The first portion of this research focuses on configuration optimization and set
up cost optimization of input workload applications on the Hadoop platform using cloud
VM instances. The contribution made towards Hadoop optimization is identification of
sensitive parameters from Hadoop configuration files and searching optimized configura-
tion plans for the input application using a multi-objective evolutionary algorithm (MOEA)
called steady-state Non-dominated Sorting Genetic Algorithm (ssNSGA-II).

The latter portion of this research focuses on workflow execution in the cloud infras-
tructure. Most of the previous research studies on scientific workflow applications focused
on grid infrastructure. However, grid computing is being supplanted by cloud comput-
ing owing to advantages such as pay-per-use and elastic resource facilities. Consequently,
further optimization research on cloud infrastructure has become a necessity in workflow
optimization. In our approach, we conduct multi-objective workflow optimization, i.e.,
minimization of workflow makespan, VM instance resource cost and failure probability
during workflow execution, with maximization of VM availability probability during re-
source deployment, without violating the task dependencies of the workflow in the cloud
infrastructure. System optimization model of our proposed approach also conducts load
balancing of task assignment to the VMs during processing. Thesis contributions are as

follows:

* Modeling the resource optimization problem as the (constrained) multi-objective op-

timization problem
* Level-wise optimization for task dependency, resource sharing and elasticity

» Randomized search-based resource optimization using a MOEA for better cloud ser-

vice provisioning



» Balanced task clustering and assignment for better load balancing to improve system

reliability through minimization of failures and maximization of availability.

1.4 Problem Origin of the System

This research work stems from the two challenges. Firstly, nowadays, much research
is being conducted on Big Data analytics with the Hadoop MapReduce framework. How-
ever, Hadoop parameter configuration is very challenging because of the complexity of its
framework. Configuring Hadoop parameters to minimize the execution time of MapRe-
duce jobs in Hadoop cluster still requires much research. Further, determining the type of
machine instances that should be used to minimize the resource usage cost for executing
applications in clusters is also difficult. In this case, the parameter optimization methodol-
ogy that addresses the above problems in Hadoop clusters is a challenging research area.

Secondly, cloud computing is a popular alternative for processing large-scale data in
scientific experiments owing to its resource elasticity and easy-to-use paradigms. Accord-
ing to previous surveys conducted by RightScale (2017), the major usage of cloud comput-
ing is in scientific experimentations and the enterprise public cloud adoption has increased
significantly during recent years. However, cloud still has several challenges, and lack of
expertise in using the cloud is cited by 25 % of cloud users as a major concern. Thus,
resource optimization that gives the best performance and the lowest financial deployment

cost is a challenging issue preventing increased cloud adoption in several domain areas.

1.5 Overview of Multi-Objective Resource Optimization
of Big Data Applications

Resource optimization for Hadoop clusters and the cloud infrastructure are very im-

portant in today’s Big Data processing application environment. Our proposed models are
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Figure 1.1: Two Resource Optimization Models for Hadoop and the Cloud.

proposed to solve the problem of optimizing resources of Big Data applications in Hadoop
and the cloud infrastructure using the optimization technology. Users need not manage
the resources for the application on their own and the two proposed approaches conduct
application oriented resource optimization providing processing efficiency and cost effec-
tiveness.

Resource optimization was conducted using the multi-objective evolutionary algorithms.
There are two approaches proposed in our resource optimization system illustrated in Fig-
ure 1.1: Hadoop configuration optimization and scientific workflow optimization. The
experiments on Hadoop configuration optimization were conducted using the actual high
specification Hadoop clusters whereas workflow optimization model experiments were
conducted on a simulated cloud system environment.

This thesis combines cloud computing, Big Data and optimization technologies. The
recent trend towards the usage of cloud in Big Data applications raises the challenge of
which resources should be used for the input application. The cloud’s mandatory facility
to decide the resource requirements of the application implies extra work rather than fo-
cusing on their subjective experiments. Moreover, it is also difficult for the cloud service

providers to provide services without violating SLA. Tackling those problems is motivated



by researchers who try to combine the benefits of cloud, big data and optimization to bring
them closer together. This thesis proposes solutions for the resource optimization problem
of Big Data applications and combines the good features of the recent technology trends

Big Data and the cloud with optimization technology.

1.6 Benefits of the System

The proposed research work enables better cloud resource deployments for running
Big Data applications and improves the current scientific research experiments to be more
convenient, effective and efficient for scientists during experiments. Consequently, the
experimental results from effective scientific research will bring invaluable benefits to the

society.

1.7 Organization of this Thesis

This thesis is organized into six chapters as shown in Figure 1.2, with the core chapters
comprising several symposia, conferences, and journal papers published during the Ph.D.
course.

First, Chapter 1 presents general information of this thesis, the motivations of this the-
sis, contributions, and the objectives of this thesis. It also highlights the current problem
situation and the reasons why we chose to do our research in this field of study. The
possible benefits of our research to the society are also presented. Chapter 2 contains back-
ground and literature reviews of the related technologies of the thesis. Chapter 3 presents
detailed explanation of multi-objective optimization of Big Data Applications in Hadoop
cluster environments. The chapter includes the reasons for the growing use of Hadoop
in Big Data processing applications and then describes the importance of parameter opti-

mization in the Hadoop infrastructure. Details of the optimization process using steady-
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state Non-Dominated Sorting Genetic Algorithm II (ssSNSGA-II) are also described with
relevant experimental results from real Hadoop clusters. Chapter 4 presents the proposed
multi-objective optimization of big scientific applications in the private cloud system model
and public cloud system model, along with implementation details and evaluations of the
proposed system. Performance comparison with the Strength Pareto Evolutionary Algo-
rithm (SPEA2) and Non-Dominated Sorting Algorithm II (NSGA-II) for the optimization
process is also presented to identify the most suitable algorithm for our approach. Fur-
ther, multi-objective optimization of Big Data applications as a constrained optimization
problem is proposed and model effectiveness evaluation results are presented. The system
model verification was conducted via simulation and Python programming language was
used to implement the system. Chapter 5 discusses our research findings (advantages and
limitations) of current optimization approaches in Hadoop and in the cloud Infrastructure
and potential solutions for the limitations of the approaches. Chapter 6 concludes this thesis

with a summary of the work conducted and suggestions for future research.



Chapter 2

Background

This chapter introduces the context of the popular technologies such as cloud computing
and Big Data which are the motivations for doing this research, together with some related
background theory concerning optimization and scientific workflows. It starts with the
general overview of the cloud, its features, deployment models and a layered architecture
of the cloud. Then, the characteristics of Big Data are presented, followed by an outline
of the nature of Hadoop and Scientific Workflows, and an overview of multi-objective

optimization algorithms (MOEAs) and their key concepts.

2.1 Cloud Computing

Cloud computing presents a dynamic environment in which resources are provisioned
on demand. Cloud-based technology constitute services provided through the internet.
Rather than having the content or the software installed on an on-premise computer or any
other computing device, one can have it on a network that can be accessed from any part
of the world through a computing device and the internet. There are various benefits of the
cloud services that are also considered by many areas and in educational institutions as well

for experimentations and data analysis reasons. It is a scalable distributed computing envi-



ronment in which a large set of virtualized computing resources, different infrastructures,
various development platforms, and useful softwares are delivered as a service to customers
as in a pay-as-you-go manner. It is a paradigm shift from mainframe to client-server that
preceded it in the early 1980s. Details are abstracted from the users who no longer need to
have expertise in, or control over the technology infrastructure “in the cloud” that supports
them.

NIST [14] defines cloud computing as follows:

“Cloud computing is a model for enabling ubiquitous, convenient, on-demand network ac-
cess to a shared pool of configurable computing resources (e.g., networks, servers, storage,
applications, and services) that can be rapidly provisioned and released with minimal man-
agement effort or service provider interaction. ”

Cloud computing brings efficiencies and savings. The diverse benefits of cloud com-
puting are undoubtedly worth pursuing. Cost-cutting is at the top of most companies’ lists
of priorities in these challenging economic times. Having turned from revolutionary pos-
sibility into increasingly well-established custom, the cost of “outsourcing to the cloud” is
now falling dramatically. In only paying for the resources used, therefore, operating costs
can be reduced. After all, in-house data centers typically leave 85%-90% of available ca-
pacity idle. Cloud computing can also lead to energy savings, removing from individual
companies the costly burden of running a datacenter plus generator back-up and uninter-
ruptible power supplies. Thus, it results in reduction of capital expense and operation

expense.

2.2 Features of Cloud Computing

Cloud computing brings many new features into the computing paradigms. These fea-

tures are briefly described below [1].
* Scalability and on-demand Services: Cloud computing provides resources and ser-
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vices for users on demand. The resource is scalable over several data centers.

» User-centric Interface: Cloud interfaces are location independent and can be accessed

via well-established interfaces such as Web services and Internet browsers.

* Guaranteed Quality of Service (QoS): Cloud computing can guarantee QoS for users

in terms of hardware or CPU performance, bandwidth, and memory capacity.

* Autonomous System: Cloud computing systems are autonomous systems managed
transparently to users. However, software and data inside clouds can be automatically

reconfigured and consolidated to a simple platform depending on user's needs.

* Pricing: Cloud computing does not require up-front investment. No capital expendi-

ture is required. Users pay for services and capacity as they need them.

2.3 Cloud Deployment Models

There are four main types of cloud deployment models: Public cloud, Private cloud,

Community cloud and Hybrid cloud as shown in Figure. 2.1.

2.3.1 Public Cloud

In simple terms, public cloud services are characterized as being available to clients

from a third-party service provider via the Internet. The term “public” does not always

11



mean free, even though it can be free or inexpensive to use. A public cloud does not
mean that a user’s data is publicly visible; public cloud vendors typically provide an access
control mechanism for their users. Public clouds provide an elastic, cost effective means to

deploy solutions [15].

2.3.2 Private Cloud

Private clouds are built for the exclusive use of one client, providing the utmost control
over data, security, and QoS. The company owns the infrastructure and has control over how
applications are deployed on it. Private clouds may be deployed in an enterprise datacenter,
and they also may be deployed at a co-location facility. They can be built and managed by a
company’s own IT organization or by a cloud provider [12]. In this “hosted private” model,
a company such as Sun can install, configure, and operate the infrastructure to support a
private cloud within a company’s enterprise datacenter. This model gives companies a high
level of control over the use of cloud resources while bringing in the expertise needed to

establish and operate the environment.

2.3.3 Community Cloud

Community clouds are controlled and used by a group of organizations that have shared
interests, such as specific security requirements or a common mission [9]. The idea of a
community cloud is derived from the grid computing and volunteer computing paradigms.
In a community cloud, several enterprises with similar requirement can share their infras-
tructures, thus increasing their scale while sharing the cost. Another form of community
cloud may be established by creating a virtual data center from VM instances deployed on

underutilized users’ machines.
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2.3.4 Hybrid Cloud

Hybrid clouds combine public and private clouds that interoperates [9]. These clouds
would typically be created by the enterprise, and management responsibilities would be
split between the enterprise and public cloud provider. The hybrid cloud leverages services
that are in both the public and private space. Hybrid clouds can provide the necessary
services when a company needs to employ the services of both a public and private cloud.
In this model users typically outsource no business-critical information and processing to

the public cloud, while keeping business-critical services and data in their control.

2.4 Cloud Service Layers

Cloud service providers tend to offer services that can be grouped into three categories:

software as a service, platform as a service, and infrastructure as a service.

2.4.1 Infrastructure as a Service (IaaS)

Although most existing cloud computing implementations share the common high level
notion of flexible, scalable, and dynamic computational “provisioning”, there is significant
variation in exactly how that power is presented to the end user. Some systems, such as
Amazon’s Elastic Compute Cloud (EC2) and Enomalism, allow users to allocate entire
VMs on demand, thus providing what is commonly referred to as laaS. Here, the users are
responsible for providing the kernel, base Operating System (OS) software, and any user
level software and applications they wish to run and the IaaS system provisions physical
resources and instantiates the user’s VMs [5].

Specifically, commercial cloud infrastructures take advantage of the ability to control
the local resource configuration (hardware versioning, OS versioning, network and storage
policies, etc.) and access to large collections of potentially expensive resources (e.g., pub-

licly visible and routable internet addresses). In a research setting, it is not unlikely that
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the cloud infrastructure can mandate a specific configuration for all hardware and software
it manages, nor is it possible to predicate functionality on the availability of very large re-
source sets [5].

Further, TaaS systems typically target a specific installation; they are not engineered
with extensibility or portability as a primary concern, nor is the need for ease of system
administration given primacy in the design. The difficulties are compounded by the need
to be able to incorporate multiple compute clusters into a single resource pool from which
cloud allocations are to be drawn. Few open-source software packages of any kind are
designed to be installed and deployed on multiple compute clusters that operate together as

an ensemble.

2.4.2 Platform as a Service (PaaS)

PaaS is the delivery of a computing platform, often an OS with associated services,
over the internet without downloads or installation. PaaS systems are typically development
platforms designed to operate specifically in the cloud environment. G Suite [18], Google

Apps is an example of PaaS. PaaS implementations typically have the following [4]:

* Integrated Development Environment Services: there are many variation of PaaS
offerings with the most all-inclusive having an integrated development environment

with all the necessary source code, version controls, and audit capabilities.
¢ Interface Creation Tools

* Web and Database Integration

2.4.3 Software as a Service (SaaS)

SaaS is the delivery of a licensed application to customers over the internet for use as

a service on demand. A SaaS vendor may host an application and allow the customer to
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download the application for a period, after which the application becomes inactive. SaaS

architectures are classified into one of four levels [4]:

* Custom: At this level, each system user has his or her own customized version of the

application that runs on the host servers.

* Configurable: At this level, users can separate instances out of the same application

rather than being constrained to just their own version of the application.

* Configurable, Multitenant-efficient: This builds on the previous level by allowing a

single application to serve all users.

 Scalable, Configurable, and Multitenant-efficient: This level adds scalability to the
previous level allowing for load balancing and the increasing or decreasing of system

capacity based on user demand.

2.5 Big Data

Big Data refers to datasets whose size is beyond the ability of typical database software
tools to capture, store, manage, and analyze [8]. Big Data management is the capability
to manage a huge volume of disparate data, at the right speed, and within the right time
frame to allow real-time analysis and reaction [7]. It is a collection of data sets so large and
complex that it becomes difficult to process using on-hand database management tools [2].

The characteristics of Big Data includes the following [17]:

1. Volume
The volume of data is the major challenge in Big Data that concerns with storing

gigabytes or petabytes of data which will be continuously growing in the future.

2. Variety

Variety refers to the different formats of data such as unstructured, structured, and
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semi-structured data that relational database system are not able to handle. The data
sources of Big Data come in several forms such as documents, emails, social media
text messages, audio, video, graphics, sensor data, machine logs, and DNA analysis

data.

3. Velocity
Big Data not only include data-at-rest but also stream data which is data-in-motion.
In that case, the major concern is the consistency and completeness of fast pace
streams of data and getting the desired result matching. The processing of these data

is a challenging issue in the current information technology area.

4. Veracity
Veracity describes the quality of data; accuracy and completeness of the data is also

concerned.

The above characteristics make Big Data difficult to process on a single system that
highlights the criticality of high performance computational infrastructure. Digital media,
pervasive sensing, web authoring, mobile computing, scientific and medical instruments,
physical simulations and virtual worlds are all delivering vast new datasets relating to every
aspect of our lives. Although there are several sources of data, this dissertation focuses on
Big Data coming from scientific experiments such as bioinformatics, and environmental,

astronomic field of areas.

2.6 Challenges of Big Data

Society is becoming increasingly more technology and information driven, and thus,
organizations are producing and storing vast amounts of data. Data management to retrieve
the insights from the produced Big Data is a challenge and key to competitive advantage.

Although Big Data analytics enables substantial benefits to the community (businesses,
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researches, organizations etc.), there are still challenges in conducting effective data ana-

lytics. Big data challenges include the following [10]:

1. Data Variety: When the data are unstructured, it is difficult to extract meaningful
content from those data. Thus, data variety becomes one of the open challenges of

Big data processing.

2. Data Storage: The storage management of unstructured data and the extracted in-
sights is also another important open big data challenge. The growing rate of Big

Data requires development of a better strategy for efficient data retrieval.

3. Data Integration: In Big Data processing environment, it is necessary to manage
data of different nature which results in the challenge of how to integrate those data

(structured, unstructured and semi-structured).

4. Data Processing and Resource Management: Resource management of computing
infrastructure in processing Big Data applications and analytics is a very big prob-
lem although new programming models are developed to better support Big Data

processing and analytics.

2.7 Cloud Computing and Big Data

Two Big Data IT initiatives: cloud computing and Big Data are very popular terms for
businesses, organizations, and research institutes. The aim of cloud computing is to deliver
computing as a solution for managing Big Data that comprise structured, semi-structured,
and unstructured information. The cloud provides services on a pay-per-use model, and
has the potential and capability to enhance business awareness and productivity by en-
abling greater efficiencies and reducing costs of processing Big Data applications. Further,
most of the data required for Big Data applications reside in several data sources, some of

which are already resident in the cloud. Thus, processing the applications where the data
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reside enables more efficient data processing.
However, the cloud provides a customized resource selection facility to users and that
makes it difficult to decide on application oriented optimal resources. Resource manage-

ment of Big Data processing is one of the critical issues in cloud and Big Data.

2.8 Hadoop and Big Data

Hadoop is an open source Java-based framework for handling large sets of data in dis-
tributed environment [3]. It is designed for scaling up from a single server to thousands of
servers in a cluster with local computation and storage on every individual server. There
are three building blocks in Hadoop: HDFS, YARN and MapReduce. HDFS stands for
Hadoop distributed file system and it is responsible for data storage inside the Hadoop
cluster. YARN (Yet Another Resource Negotiator) is responsible for providing compu-
tational resources such as CPUs, memory, I/O, network etc. MapReduce performs data
processing in a parallel fashion by mapping data into a collection of [key,value] pairs and
reducing those [key,value] pairs with the same key. Hadoop MapReduce enables efficient
handling of structured, unstructured and semi-structured data that makes Hadoop suitable
for big data processing and analytics. However, Hadoop provides customized configura-
tion parameters for the cluster resources such as CPU, memory, I/O, network, etc. Although
Hadoop is a good alternative to run big data applications, it is necessary to adjust the clus-
ter resources through Hadoop configuration parameters. Figure 2.2 depicts the overview of

Hadoop. Further details of Hadoop MapReduce are described in Chapter 3.

2.9 Scientific Workflows

The term workflow initiated from a business process consisting of one or more linked

procedures or activities that collectively realize a business objective or policy goal, within
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Figure 2.2: Hadoop Overview.

the context of an organizational structure, defining functional roles and relationships. It
is defined as “The automation of a business process, in whole or parts, where documents,
information or tasks are passed from one participant to another to be processed, according
to a set of procedural rules” [16]. The term workflow gradually entered several fields con-
cerned with handling a series of tasks with dependencies. The current popular workflow
area is in the science area. Researchers are currently conducting data analytic experiments
by using scientific workflows.

A scientific workflow is a flow of tasks, mostly complex computational tasks, that are
part of a scientific experiment. These workflows are executed on distributed systems be-
cause they require high computation power. There are four phases in a scientific workflow

life cycle [16]:

1. Composition: Composition allows a user to specify the phases and dependencies
among tasks in an abstract manner. Directed Acyclic Graph (DAG) with tasks and
inter-job dependencies are represented in XML (DAX) a popular authoring language

for workflow composition.

2. Planning: Planning maps workflow tasks to computational resources for execution.

It transforms a given workflow to an executable workflow.
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3. Execution: This phase schedules the workflow jobs to the execution resources based
on the planned information in the workflow. Resources are provided through the
cloud infrastructure. The resource selection is also conducted in this phase if it was
not done in the planning phase. During execution, the workflow status and its jobs
are continuously monitored to detect the job completion or failure and the output is

retrieved if the job is successful.

4. Provenance: Provenance involves capturing the associated provenance for the work-
flow’s output. The provenance information includes job execution environment, pa-
rameters being used or input data provided to the job, job logs, intermediary outputs

and the final output produced during the execution of the workflow.

2.10 Cloud Computing and Scientific Workflows

Our research is concerned with workflow resource management and execution, which
are related with the planning and execution phases of the workflow. Previous studies con-
ducted scheduling the workflow tasks to reduce the makespan of scientific workflow ap-
plications on several computing infrastructures, such as computing clusters and the grids.
Resource provisioning and management represents the functionality and mechanism of al-
locating computing resource, storage space, network bandwidth, etc., to specific workflows
[18]. Nowadays, the data growth rate of scientific experiments is quite rapid and it is very
difficult to execute the scientific workflow applications in the traditional workflow man-
agement systems. The adoption of cloud computing to process these scientific data has
increased recently because the cloud provides facilities such as easy setup, resource elas-
ticity, and a pay-per-use model. However, the major goal of scientific workflow is enabling
scientists to focus on domain-specific (science) aspects of their work, rather than dealing
with complex data management and software issues. Although the cloud provides infras-

tructure service for scientific workflow applications as IaaS, the user needs to choose the
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required resources for their applications. Consequently, the resource provisioning prob-
lem has become a challenging research area involving execution of the scientific workflow
applications in the cloud. This dissertation focuses on solving the resource provisioning

problem in the cloud using a multi-objective evolutionary optimization (MOEA) approach.

2.11 Multi-Objective Evolutionary Optimization (MOEA)

MOEAs have been widely used in real-world applications such as engineering, design

optimization. A multi-objective optimization problem (MOP) can be stated as follows [6]:

Minimize F'(z) = (f1(X), fo(X), - -, fin(X))
Subject to z € ) 2.1

where, the decision vector x = (x1, 9, - -, x,) belongs to the (nonempty) decision
space 2, the objective function vector F' : 2 — A consists of m(m > 2) objectives, and
the objective space Lambda is usually equal to S C R™ where, m = number of objectives.
If m is larger than 3, the problem becomes a many-objective optimization problem. The
goal of multi-objective optimization is to approximate the Pareto Front (PF) in the objective
space so that no further improvement on any objective can be achieved without harming
the other objectives.

Evolutionary Algorithms are population-based, black-box search/optimization meth-
ods and they do not need assumptions like continuity or differentiability. They are very
suitable for dealing with MOPs. Numerous studies have been done on MOEAs and re-
searchers have contributed many algorithms. An overview of some popular Pareto-Based
EAs is given in the following section. Among them, we applied SPEA-2, NSGA-II and
NSGA-III in our research and thus further details of those algorithms are presented in

Chapters 3 and 4.
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2.11.1 The Simple Evolutionary Multi-Objective Optimizer (SEMO)

SEMO [11] represents the simplest population based EA and was originally proposed
to conduct binary optimization by Laumanns et al. in 2003. However, it is easily extendable
to continuous optimization. Like other optimization algorithms, it begins with a random
initial population with a size of one. The initial population size grows as the algorithm finds
non-dominated solutions during optimization. The offspring is created by mutating one of
the individuals in the population at each generation and the population is update if the child
generated dominates one of the individuals in the population [13]. Figure 2.3 indicates how

SEMO works during optimization.

ﬁ Choose an initial individual x uniformly at random from thx
set X

w (x): =0

Let P := {x}

Loop

Select x from y € P | w(y) < w(z), vz € P} uniformly at
random

6. wW(x)=w(x)+1

7. Create an offspring X by flipping a randomly chosen bit in x
8 P:=P—{z€eP|x >z}

9. Ifthereisnoz € Ps.t. (z > X Vf(z) = f(x)) then P :=

PuU{x}
Qend loop /

Figure 2.3: The Simple Evolutionary Multi-Objective Optimizer Algorithm.

Rl ol

2.11.2 The c-Based Multi-Objective Evolutionary Algorithm (¢-MOEA)

e-MOEA [6] was proposed by Deb et al., in 2005. It uses the concept of e-dominance
in a similar manner to the e-dominance that diversity evolutionary multi-objective opti-
mizer (DEMO) and includes a population and an archive. At each generation, one individ-
ual from the population and one from the archive are selected and generate an offspring. If
the offspring dominates an individual or individuals in the population, replacement occurs

with one or randomly-selected individual to the population. Next, the child is compared
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@ 1: Randomly initialize a population P(0), copy the initial populatiorm

an archive population E(0), set iteration counter, t =0
Step 2: Select one solution p from P(t) using the pop-selection procedure

Step 3: Select one solution e from the archive population A(t) using an
archive- selection procedure

Step 4: One offspring solutions c is created using p and e
Step 5: Solution c is included in P(t) using pop-acceptance procedure

Step 6: Solution c is included in A(t) using archive-acceptance procedure.

Step 7: If termination criterion is not satisfied, set t = t+1 and go to step 2,
else report A(t)

Figure 2.4: e-Based Multi-Objective Evolutionary Algorithm.

with the archive for domination that comes with the decision to place in the archive or
not. If neither of the above conditions are satisfied, the algorithm calculates the e-box B(x)
of the child x. Then the child and archive comparison is conducted again for the archive

update process. The algorithm for e-MOEA is illustrated in Figure 2.4.

2.12 Conclusion

To the best of my knowledge, there are several issues to be solved on cloud computing
and big data processing, data analytics, resource management, data security, etc. In this
study, we focused on resource management and optimization of big data applications in
Hadoop and the cloud by using some popular multi-objective evolutionary algorithms. The

details of our work are presented in the ensuing chapters.
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Chapter 3

Multi-Objective Parameter

Optimization in Hadoop

This chapter presents the details of Hadoop Configuration Parameter Optimization to mini-
mize the execution time of MapReduce jobs for Big Data processing and analytics. Hadoop
framework becomes a popular processing framework for Big Data applications because of
facilities such as scalability, cost effectiveness, flexibility, processing speed and resilient to
failures. However, the framework has over hundreds of configuration parameters that have
signifcant effects on the performance of Hadoop cluster. Our proposed Hadoop parameter
optimization addressed parameter optimization problem on two real Hadoop clusters. First,
single objective Hadoop parameter optimization was conducted on 24 node Hadoop clus-
ter (specifically, one NameNode and 23 Datanodes) using virtual machine (VM) instances
from Hokkaido University Academic Cloud System. Second, bi-objective optimization of
Hadoop parameter optimization was conducted on high specification Hadoop cluster (one
NameNode and 5 DataNodes); each node had 40 cores CPU, 128 GB RAM and 4TB stor-
age. Experiments were conducted on these real Hadoop clusters using steady-state Genetic
Algorithm (GA) and steady-state Non-dominated Genetic Algorithm II (ssSNSGA-II) for

single and bi-objective Hadoop parameter optimizations.
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3.1 Introduction

The digital universe is expanding with data at 40% per year and is projected to continue
this trend into the next decade, as a result of widespread adoption of computing devices in
our everyday lives. The ever-increasing use of connected devices in view of the internet of
things is resulting in an exponential increase in Big Data. The major sources of these Big
Data include public web, social media, business applications, mobile and sensor applica-
tions, machine log data and scientific and simulation data. However, a significant portion of
this big data is currently being underutilized or underexploited owing to the overwhelming
scale of the data involved. Effective sharing, understanding, and use of this new wealth of
raw information pose one of the great challenges of the new century. Enterprises are also
finding that the use of Big Data is also becoming crucial in efforts to gain a competitive
advantage. In order to get useful information from Big Data within a short period of time,
scientists and engineers are adopting new parallel programming models that can facilitate
not only data scalability but also automatic resource management.

MapReduce [5] is the most popular parallel programming framework for high per-
formance computing and Big Data analytics. The MapReduce framework comprises two
phases: the map phase and the reduce phase. During the map phase, the input job is first
divided and assigned to worker nodes by the master node. Then, the map functions in
worker nodes convert the received data to equivalent key-value pairs and perform the map
operations. In the reduce phase, the master node collects the output of the map functions
from the worker nodes and assigns reduce tasks to perform user-defined operations on these
key-value pairs by aggregating, combining, filtering, and transforming functions.

Various studies have shown that Hadoop cluster configurations play a significant role
in its processing performance [3], [6], [8]. However, Hadoop provides hundreds of con-
figuration parameters and it is very difficult to identify the parameters that can impact the

performance of a particular application. Further, utilizing the same configuration setting
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for all kinds of MapReduce jobs does not result in optimum across-the-board performance.
Thus, configuration optimization of the Hadoop framework for efficient Big Data process-
ing still remains challenging.

The proposed Hadoop parameter optimization started with single objective Hadoop
parameter optimization in terms of MapReduce application execution time minimization
using a steady-state genetic algorithm followed by bi-objective parameter optimization of
Hadoop cluster that optimizes MapReduce application processing in terms of time and
cluster setup cost using VM instances from the cloud infrastructure. We chose the steady-
state Genetic Algorithm (GA) approach as it iteratively searches for the fittest parameter
combination and outputs an optimized configuration parameter list for a particular type
of application. Moreover, GA conducts an aggressive search that results in near-optimal
configuration. However, for bi-objective optimization, an evolutionary approach was con-
sidered because configuration optimization is quite complex and several parameters need
to be simultaneously considered during the optimization process to obtain near-optimal so-
lutions. Although only a single criterion, execution time is used in single objective Hadoop
configuration optimization. Bi-objective optimization identifies optimized configuration
parameters with two criteria: execution time of workload and instance cluster setup cost
to execute the workload in the cluster. The experimental results obtained verify the effi-
cacy of our approach. Moreover, bi-objective optimization experimental results show that,
the execution time of MR jobs depend not only on the type of machine instance but on
the configuration setting. They also highlight that medium and large instance types can
give a balance between cluster setup cost and execution time for the current experimen-
tal workloads whereas large and small instance types have certain cost and execution time
tradeoffs.

The remainder of this chapter is organized as follows. Section 3.2 presents relevant
background information. Section 3.3 gives an overview of the proposed system, includ-

ing its processing steps and implementation. Section 3.4 describes the proposed Hadoop
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parameter configuration algorithm. Section 3.5 presents and analyzes the results of the per-
formance evaluation conducted using HiBench workloads on a six-node Hadoop cluster.
Section 3.6 discusses related work. Finally, Section 3.7 presents concluding remarks and

outlines possible future work.

3.2 Background

This section describes the background related to the Hadoop configuration optimiza-
tion system by explaining the two major theories, Apache Hadoop and Steady-State Non

dominated Sorting Genetic Algorithm (ssNSGA-II), applied in the proposed system model.

3.2.1 Apache Hadoop

The pace at which data accumulate necessitates better algorithms that facilitate analysis
and produce actionable results. In addition, there is the added question of how to store and
analyze these data effectively. Hadoop is an open source Apache software framework that
can evaluate gigabytes or petabytes of structured or unstructured data and transform them
into a more manageable form for applications to process. MapReduce is a linearly scalable
programming model for processing large-scale data. It performs processing using map
and reduce functions, each of which defines a mapping from one set of key-value pairs to
another. These functions are also scalable, which means that they can be used unchanged
on both small and massive datasets. Data access in MapReduce is fast as it provides data
locality. Further, it operates at high level, which enables programmers to fully focus on
the behavior of the system. In the map stage, data elements from a list of such elements
are inputted one at a time to a Mapper that transforms each element individually into an
output data element. In reduce phase, the output map values are aggregated and a single
final output value is returned. The map and reduce tasks are scheduled using YARN (Yet

Another Resource Negotiator) and run on nodes in the cluster. If a task fails, it will be
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automatically rescheduled to run on a different node. When executing applications, Hadoop
divides the input to a MapReduce job into fixed-size pieces called splits where each split
corresponds to a single map task. Figure 3.1 shows the simple MapReduce data flow with

multiple reduce tasks as in [14].

Input
HDFS output
_________ sort HDFS
iSplitO r»| map ::;j:::Ek:Opy merge
u »| reduce |— » part 0 AN HDI.:S )
[ ' replication
iSplitO:r fffffffff »  map :::i:j:E
T merge
N l HDFS
reduce - » part0 r—> 7
[ ! replication
| Split 0 - map ‘::::;:jj:E%

Figure 3.1: Data Flow in MapReduce Process

The Hadoop Distributed File System (HDFS) is designed to run on commodity
hardware. It has many similarities with existing distributed file systems. However, the dif-
ferences from other distributed file systems are significant. HDFS is highly fault-tolerant
and is designed to be deployed on low-cost hardware. It provides high-throughput access to
application data and is suitable for applications that have large datasets. Users or applica-
tions can create directories and store files inside those directories. File system namespace
allows create, remove, move, and rename access. Further, NameNode maintains file sys-
tem namespace, and changes to file system namespace or its properties are recorded by
NameNode. It also facilitates fault tolerance via a replication mechanism with a customiz-
able replication factor that can be adjusted according to the requirements of the system.
Moreover, it provides elastic data storage capability for increasing the amount of data in a

cluster.
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3.2.2 Hadoop Configuration Parameters

Hadoop 2.7.1 was used in our Hadoop cluster implementation and hundreds of param-
eters are resided in several configuration files such as core-site.xml, hdfs-site.xml, mapred-
site.xml and yarn-site.xml. core-site.xml is responsible for informing Hadoop daemon
where NameNode runs in the cluster. It contains the configuration settings for Hadoop core
such as I/O settings that are common to HDFS and MapReduce. hdfs-site.xml contains
the configuration settings for HDFS daemons; the NameNode, the Secondary NameNode
and the DataNodes. mapred-site.xml contains the configuration settings for MapReduce
daemons; the job tracker and the task trackers whereas yarn-site. xml concerns with the pa-
rameters to tune the resource manager and node manager. Configuration parameter settings
have significant influence on Hadoop cluster performance in terms of CPU, memory, disk,
I/0, and network and parameter settings usually differ greatly on the type of application.
Based on previous research’ recommendations, we selected some sensitive parameters and
optimize those sensitive parameters that can improve the performance of Hadoop cluster in
executing Big Data applications. Twenty-four parameters (excluding YARN parameters)
were optimized for single objective Hadoop parameter optimization whereas 30 parameters

were optimized for bi-objective optimization of Hadoop parameters.

3.2.3 Genetic Algorithms (GA)

GAs are search algorithms based on the mechanics of natural selection and natural
genetics[13]. GAs are based on a set of candidate solutions that represent a solution to the
desired optimization problem. A solution is a potential candidate for an optimum of the
optimization problem. The representation of candidate solutions determines the choice of
the genetic operators. Three genetic operators (reproduction, crossover and mutation) are
used during optimization through GAs. The basic procedure of the genetic algorithm in

[12] is described as follows:

32



Algorithm: Basic Genetic Algorithm

Step 1:  initialize population
Step 2:  repeat

Step 3: repeat

Step 4: Crossover
Step 5: mutation
Step 6: phenotype mapping
Step 7: fitness computation

Step 8:  until population complete
Step 9:  selection of parental population

Setp 10: until termination condition

3.2.4 Generational and Steady-State Genetic Algorithm

GAs can be classifed into two types: generational and steady-state. The generational
GA creates new offspring from the members of an old population using the genetic oper-
ators and update the population using old population and new offspring population for the
next generation whereas steady-state GA update the old population with only one or two
offspring at each generation. A replacement/deletion strategy will be replacing the new
with the oldest member of the population or the worst member of the population [2]. We
used steady state approach in our Hadoop parameter optimization because the proposed
system experimentations were conducted on real Hadoop cluster; Hadoop cluster needed

to restart on every single parameter changes in the cluster.
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Figure 3.2: Difference between Generational NSGA-II and ssNSGA-II

3.2.5 Steady-State Non-dominated Sorting Genetic Algorithm II

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) [7] is a multi-objective
optimization algorithm that has been used for a wide variety of applications in a num-
ber of different fields. It uses a fast sorting procedure, an elitism preserving approach,
and a parameter-less niching operator. However, according to Nebro et al. [1], steady-
state NSGA-II (ssNSGA-II) outperforms this generational NSGA-II on most bi-objective
problems in terms of quality assessment, convergence speed, and computing time. Con-
sequently, the proposed system uses steady-state NSGA-II to exploit these benefits during
the optimization process. Figure. 3.2 depicts the difference of generational NSGA-II and

ssNSGA-II.

3.3 Proposed Optimization System

Search based multi-objective optimization of MapReduce tasks using ssSNSGA-II is
applied in our proposed system to overcome the Hadoop configuration optimization chal-

lenges outlined in Section 3.1. System information details are given in the ensuing sections.
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3.3.1 Objective Function
The proposed Hadoop parameter optimization was conducted starting from single-

objective optimization to bi-objective optimization.

3.3.1.1 Single-objective optimization
min ET(p17p2)p37 t 7p])

where,
Ep = execution time of each MapReduce task

p; = configuration parameter list to control each MapReduce task (1 < j < m)

3.3.1.2 Bi-objective parameter optimization

The objective functions utilized in the proposed system are geared towards minimizing
the total execution time to complete the MapReduce tasks and their resource usage, as

expressed below:

min ¢(p), min ¢(p)

where,
p = [p1,p2,- -, Pm] is the configuration parameter list, instance type
t(p) = execution time of MapReduce job

¢(p) = machine instance usage cost
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Figure 3.3: Multi-Objective Hadoop configuration optimization system.

3.3.2 System Architecture

The architecture of the multi-objective Hadoop configuration system is shown in Fig-
ure. 3.3. Although experiments were done for both single objective and bi-objective op-
timization, only bi-objective Hadoop parameter optimization will be emphasized in detail
system implementation. The operation of the system is as follows. First, workload input
is given to the system for parameter optimization, and the system performs all processes
in the background, such as simultaneously communicating with Hadoop for fitness calcu-
lation and resource usage calculation based on the machine instance type throughout the

search space.

3.3.3 Parameter Selection

This section describes the search space (the parameter list) of the proposed optimiza-
tion system. We categorized the parameters into three groups: HDFS and MapReduce pa-
rameters, YARN parameters, and YARN-related MapReduce parameters. The first group
of parameters and instance types were then encoded as binary strings during the optimiza-
tion process. The parameters from the next two groups were automatically assigned their
respective values according to the resource available in the machine instance type. A total

of 30 configuration parameters from hdfs-site.xml, mapred-site.xml and yarn-site.xml are
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Table 3.1: HDFS and MapReduce parameters

No | Parameter Name Value Range

1 dfs.namenode.handler.count 10, 20

2 dfs.datanode.handler.count 10, 20

3 dfs.blocksize 134217728, 268435456
4 dfs.datanode.max.transfer.threads 4096, 6144, 5120, 7168
5 dfs.datanode.balance.bandwidthPerSec 1048576, 2097152, 4194304, 8388608
6 mapreduce.task.io.sort.factor 10, 20, 30, 40

7 mapreduce.task.io.sort.mb 100, 200, 300, 400

8 mapreduce.map.output.compress false, true

9 mapreduce.job.jvm.numtasks I,-1

10 | mapreduce.tasktracker.http.threads 40, 45, 50, 60

11 | mapreduce.reduce.shuffle.parallelcopies 5, 10, 15, 20

12 | mapreduce.map.sort.spill.percent 0.8,0.9

13 | mapreduce.reduce.shuffle.input.buffer.percent | 0.7, 0.8

14 | mapreduce.reduce.merge.inmem.threshold 1000, 1500, 2000, 2500
15 | mapreduce.reduce.shuffle.memory.limit.percent | 0.25, 0.5

16 | mapreduce.reduce.shuffle.merge.percent 0.66, 0.9

17 | mapreduce.reduce.input.buffer.percent 0.0, 0.5

considered in our proposed system. We selected some parameters according to [10] and

reports of Hadoop suppliers such as Cloudera and Hortonworks. In addition, YARN and

YARN related parameters are quite complex, as they should be in available resource value

range of each machine instance type. Tables 3.1 - 3.5 show the selected parameters for the

optimization system with their respective value ranges.

We considered four types of machine instances and calculated the cost according to

Hokkaido University Academic Cloud instance pricing [15]. Table 3.6 shows the instance

pricing used in our resource usage calculation.

3.3.4 System Process Overview

First, random initial chromosome parameter lists are generated to initiate the process.

The parameter lists not only include the Hadoop configuration parameters but also the

virtual machine instance types for multi-objective optimization purposes. Next, the cost

functions are evaluated. Then, the evolution process proceeds until the specified termina-

37




Table 3.2: YARN and YARN related MapReduce parameters for x-large instance

No | Parameter Name Value for x-large instance
1 yarn.nodemanager.resource.memory.mb 102400

2 | yarn.nodemanager.resource.cpu-vcores 39

3 yarn.scheduler.maximum-allocation-mb 102400

4 yarn.scheduler.minimum-allocation-mb 5120

5 yarn.scheduler.maximum-allocation-vcores | 39

6 | yarn.scheduler.minimum-allocation-vcores | 10

7 mapreduce.map.memory.mb 5120

8 mapreduce.reduce.memory.mb 10240

9 mapreduce.map.cpu.vcores 10

10 | mapreduce.reduce.cpu.vcores 10

11 | mapreduce.child.java.opts -Xmx8192m
12 | yarn.app.mapreduce.am.resource.mb 10240

13 | yarn.app.mapreduce.am.command.-opts -Xmx8192m

Table 3.3: YARN and YARN related MapReduce parameters for large instance

No | Parameter Name Value for large instance
1 yarn.nodemanager.resource.memory.mb 26624

2 yarn.nodemanager.resource.cpu-vcores 9

3 yarn.scheduler.maximum-allocation-mb 26624

4 | yarn.scheduler.minimum-allocation-mb 2048

5 yarn.scheduler.maximum-allocation-vcores | 9

6 | yarn.scheduler.minimum-allocation-vcores | 3

7 mapreduce.map.memory.mb 2048

8 mapreduce.reduce.memory.mb 4096

9 mapreduce.map.cpu.vcores 3

10 | mapreduce.reduce.cpu.vcores 3

11 | mapreduce.child.java.opts -Xmx3276m
12 | yarn.app.mapreduce.am.resource.mb 4096

13 | yarn.app.mapreduce.am.command.-opts -Xmx3276m
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Table 3.4: YARN and YARN related MapReduce parameters for medium instance

No | Parameter Name Value for medium instance
1 yarn.nodemanager.resource.memory.mb 10240

2 yarn.nodemanager.resource.cpu-vcores 3

3 yarn.scheduler.maximum-allocation-mb 10240

4 | yarn.scheduler.minimum-allocation-mb 2048

5 yarn.scheduler.maximum-allocation-vcores | 3

6 | yarn.scheduler.minimum-allocation-vcores | 1

7 mapreduce.map.memory.mb 2048

8 mapreduce.reduce.memory.mb 2048

9 | mapreduce.map.cpu.vcores 1

10 | mapreduce.reduce.cpu.vcores 1

11 | mapreduce.child.java.opts -Xmx1638m
12 | yarn.app.mapreduce.am.resource.mb 2048

13 | yarn.app.mapreduce.am.command.-opts -Xmx1638m

Table 3.5: YARN and YARN related MapReduce parameters for small instance

No | Parameter Name Value for small instance
1 yarn.nodemanager.resource.memory.mb 3072
2 | yarn.nodemanager.resource.cpu-vcores 1
3 yarn.scheduler.maximume-allocation-mb 3072
4 | yarn.scheduler.minimum-allocation-mb 1024
5 yarn.scheduler.maximum-allocation-vcores | 1
6 | yarn.scheduler.minimum-allocation-vcores | 1
7 mapreduce.map.memory.mb 1024
8 mapreduce.reduce.memory.mb 1024
9 | mapreduce.map.cpu.vcores 1
10 | mapreduce.reduce.cpu.vcores 1
11 | mapreduce.child.java.opts -Xmx819m
12 | yarn.app.mapreduce.am.resource.mb 1024
13 | yarn.app.mapreduce.am.command.-opts -Xmx819m
Table 3.6: Machine Instance Pricing
No | Instance Type | CPU (No. of cores) | Memory (GB) | Price per second (yen)
1 Extra large 40 128 0.0160
2 | Large 10 30 0.0039
3 Medium 4 12 0.0016
4 | Small 1 3 0.0004
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Figure 3.4: Conversion from Binary Chromosome to Real Parameters.

tion criterion is met. At this point, the Pareto front solutions from the evolution process are
retrieved and the optimized configuration settings that give the optimal job execution time
and optimal type of instance for the cluster at the Pareto front is recommended for use in

future processing of similar workloads in the cluster.

3.3.5 Chromosome Representation

The system uses a binary encoding scheme, the most common representation of chro-
mosomes in GA. In this system, the genes in the chromosomes are in the form 0, 1 with each
gene—a single bit or two consecutive bits—representing its respective Hadoop configura-
tion parameter values. Two bits are used for parameters with four combination values and
one bit for two combination parameters. Further, strings of 18 parameter values (genes) are
encoded as 26-bit binary chromosome strings (24 bits for Hadoop configuration parameters
plus two bits for instance type for the cluster) that are then used in the parameter optimiza-
tion process of the proposed system. The chromosome decoding process is illustrated in

Figure. 3.4.
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3.3.6 Fitness Functions

In this system, execution time cost and instance resource usage cost are considered
as the fitness values for multi-objective optimization. However, dynamic increases and
decreases in the number of machine instances are not considered. Execution time cost is

the total elapsed time of the MapReduce workload. This is given as follows:

t(p) = twe 3.D

where,
twe=actual workload execution time

The machine instance cost is calculated as follows:
c(p) = (SPx NS) x t(p) (3.2)

where,
SP = instance price

NS = number of machine instances

3.4 Multi-Objective Hadoop Parameter Optimization Al-
gorithm

This section presents the single objective optimization through steady-state genetic al-
gorithm and ssSNSGA-II based optimization algorithms for bi-objective optimization, which

are the major components of the proposed parameter optimization approaches.

Algorithm 3.1: Steady-State GA based Hadoop Configuration Optimization

(single-objective)
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Input: Population size, N; number of generations, G.
Output: List of optimized configuration solutions, Copt Cl,.
Step 1: Generate random initial population, IP.
1.1 Generate binary chromosome randomly C;(i = 1,2,-- -, N).
1.2 Calculate the fitness of each random chromosome f; = Er(C%).
Step 2: Evolve population (P, G).
2.1 Select parents at random, (Py, P).
2.2 Perform two-point dynamic crossover operation on parents(P;, P»)with
probability P. = 1 to produce offsprings C'; and C.
2.3 Perform mutation operation with probability 7, = 0.01 on random points
applied to the offsprings C'; and Cb.
2.4 Calculate fitness of new offspring C'; and C5 and replace the best two of
(P, Py, C1, Cy) with the worst two chromosomes in the population P
Step 3: Repeat Step 2 until the predefined number of generations is reached

Step 4: Output the list of optimal Pareto parameter solutions, C.

Algorithm 3.2: ssSNSGA-II based Hadoop Configuration Optimization (bi-objective)

Input: Population size, N; number of generations, G; number of objectives,
O; mutation probability, MP; crossover probability, CP.

Output: List of optimized configuration solutions, Copt C.

Processing
Step 1: Generate random initial population, IP.

1.1 Randomly generate integer chromosome C;(i = 1,2, - - -, N).
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1.2 Calculate the fitness of each random chromosome
fi = twe = Er(C;)andinstanceclustercoste(p).
1.3 Rank population P according to non-domination
Step 2: Evolve population (N, P, G).
2.1 Select parents using tournament selection, (Py, P;).
2.2 Perform two-point dynamic crossover operation on parents(P;, P»)with
probability P. to produce offspring population C'; and Cs.
2.3 Perform mutation operation with probability MP on random points applied to
the offsprings
2.4 Calculate fitness of new offspring population and update population P
2.5 Use non-dominated sorting to divide P +— P U {z“} into several
non-domination levels Fy, Fy - -, F}.
2.6 Calculate Crowding Distance of all solutions
2.7 Identify the worst solution x'€ F; and set P <— P\ {2/} .
Step 3: Repeat Step 2 until termination condition is met.

Step 4: Output the list of optimal solutions at Pareto front, Cl;.

3.5 Performance Evaluation

This section outlines the experimental environment and presents the experimental re-
sults obtained for various workloads. Both cluster testing environments were configured
with updated Hadoop 2.7.1 and JDK 1.8.0 and Python programming language was used for

the implementation.
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Figure 3.5: Hadoop Cluster Experimental Environment

3.5.1 Hadoop Cluster Configuration

Two Hadoop cluster testing environments were used for single-objective and bi-objective
optimization of Hadoop parameters. Single-objective Hadoop configuration optimization
testing was conducted using 24 VMs on Hokkaido University academic cloud system. The
system comprises one NameNode, the front end for the cluster system, and 23 Datanodes.
Each node comprises 4GB RAM , and Intel Xeon E7 CPU, and 100 GB of storage.

For bi-objective optimization experiments, a Hadoop cluster comprising six machines
was implemented. The cluster included one NameNode, which served as the front end for
the cluster, and five DataNodes. Each node had 40 cores CPU, 128 GB RAM and 4 TB of

storage. Figure 3.5 depicts the cluster architecture used in the experiments.

3.5.2 Experimental Benchmarks

In this section, we describe the benchmark suite that we used for the evaluation of
our proposed system. We chose the HiBench 4.0 benchmark [9], developed by Intel, as it
is a new, realistic, and comprehensive benchmark suite that properly evaluates and char-
acterizes the Hadoop framework. Table 3.7 shows the benchmark programs used in the

experiments, along with their respective input data size.
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Table 3.7: Benchmark Program used in the Experiment

Type Workload | Input Size
Sort

MicroBenchmark | TeraSort 2.98GB
Wordcount

Web Search Pagerank | 5000 pages

3.5.3 Experimental Analysis

This section describes the experimental results obtained from single-objective and bi-
objective Hadoop parameter optimization when running benchmark applications such as,

sort, terasort, wordcount, and pagerank.

3.5.3.1 Experimental results for single-objective optimization

Table 3.8 shows the result comparison of proposed optimized parameter setting us-
ing steady state GA approach with the default parameter settings. The experiments were
conducted with the population size 30, mutation probability 0.2 and crossover probabil-
ity 1 using steady-state genetic algorithm approach. High crossover probability was used
during experiments to support higher possibility of Hadoop parameter variations. Accord-
ing to the experimental results obtained after 5 runs, the proposed system could identify
the optimized parameter settings that satisfy the objective function of reducing the execu-
tion time of workload applications. The experimental results indicate that the proposed
approach could identify the optimal Hadoop parameter settings that speed up execution
time. For sort workload, the execution time can be reduced up to 2.29 times compared
with the default Hadoop parameter setting. The system effectiveness can also be seen from
the experimental results for other workload applications such as terasort with 1.16 times
improvement, wordcount with 2.21 times improvement, pagerank with 1.25 improvement
and kmeans with 1.61 improvment. No YARN paramters were considered in this single-
objective experimentation and these parameters considerations were included in the next

bi-objective Hadoop optimization system.
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Table 3.8: Single-Objective Hadoop Parameter Optimization Results

Execution time Execution time
Workload Type Workload Name (Default Setting) (Optimized Setting)
Sort 358.405 sec 156.134 sec
MicroBenchmark TeraSort 114.986 sec 98.581 sec
Wordcount 596.963 sec 269.602 sec
Web Search Pagerank 475.212 sec 379.867 sec
Machl'ne Kmeans 777.584 sec 483.037 sec
Learning

3.5.3.2 Experimental results for bi-objective optimization

Bi-objective Hadoop parameter optimization was the extended version of single ob-
jective Haodoop parameter optimization and experiments were conducted on high speci-
ficatiion Hadoop cluster. Figures 3.6 - 3.9 shows the optimal Hadoop parameter settings
obtained using the proposed optimization approach. The experiments were conducted with
a population size of 30, mutation probability 0.1, crossover probability 0.9 for 50 gener-
ations. Three groups of Hadoop parameters (HDFS and MapReduce parameters, YARN
parameters and YARN related MapReduce parameters) were considered in this experimen-
tations. The results indicate that sort, terasort and wordcount workloads depend much on
HDFS and MapReduce parameters because the Pareto optimal solutions obtained after 50
generations give sparse solutions even for each machine instance type. For pagerank appli-
cation, the system gives overlap solutions which means changes in HDFS and MapReduce
parameters have weak effect on pagerank application compared with YARN and YARN
realted MapReduce parameter changes.

As the experiments were conducted on real Hadoop cluster, it took long time to identify
the optimal Hadoop parameter settings for all workload applications (specifically, about 9
hours for sort, 6 hours for terasort, 9 hours for wordcount and 14.5 hours for pagerank

applications.
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3.6 Related Work

Hadoop parameter configuration optimization is an interesting research area knowl-
edge harvesting that is currently attracting many scientists and engineers in this Big Data
era. According to the literature, there are four major approaches taken to parameter tun-
ing: (1) rule of thumb based tuning, (2) cost based tuning, (3) machine learning based
tuning, and (4) search based tuning. In these methods, rule of thumb based tuning is used
to provide general tuning settings for various applications, which may result in applications
performing as well as they should because applications are diverse in nature. Lin et al. [11]
proposed a cost based performance model for Hadoop MapReduce processing in which
they identify the I/O cost, network cost, and CPU cost during MapReduce processing using
definitions and three kinds of parameters; namely, cluster parameters, MapReduce sys-
tem parameters, and MapReduce job parameters. Their evaluation results showed that the
system is effective; however, they stress that further refinement and consideration are nec-
essary if the combine operation is included in the MapReduce application. The Starfish
model [4] uses the average CPU and I/O cost of reads and writes to estimate the average
map execution time by profiling jobs with a single configuration. In this case, the model
predicts the same map time as the number of reduce tasks from 64 to 256. Gunther [3] is
a GA search based parameter tuning approach that aggressively identifies parameter set-
tings that result in near-optimal job execution times. The results of evaluation experiments
conducted indicate that this approach can obtain near-optimal performance within 30 trials
using six configuration parameters with specified value range. MRONLINE [8] is a pro-
posed online parameter tuning method that utilizes a gray box-based smart hill climbing
algorithm that can efficiently converge to a near-optimal configuration with high probabil-
ity. This approach was shown to dynamically improve performance up to 30% compared
with default YARN. Kim et al. [6] proposed an optimal parameter setting identification

method that employs a simple sampling technique. The system can automatically identify
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sets of top parameters that reduce the execution time of MR tasks by 32 percent compared
to default set of parameters. The above approaches are single objective optimization on
execution time of MapReduce tasks. Our proposed approach considers bi-directional op-
timization on time and machine instance cost of the cluster for MapReduce application

processing.

3.7 Conclusion

Hadoop MapReduce parameter configuration has a significant impact on application
performance. However, parameter configuration optimization to speed up MapReduce pro-
cessing in Hadoop is a daunting and time-consuming task because it is very difficult to
identify the parameters that significantly affect the performance of a particular application.
Further, the types of optimized machine instances that are best for executing MapReduce
applications in a cluster are also very difficult to determine. This proposed system performs
offline Hadoop configuration optimization starting with single objective optimization (exe-
cution time minimization) and extends the model to support two objective functions using
an ssSNSGA-II based search strategy. The bi-objective parameter optimization experiments
were conducted using a six-node real Hadoop cluster and the results indicate that the pro-
posed system improves application performance of big data applications through the pro-

posed Hadoop parameter optimization model.
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Chapter 4

Multi-Objective Optimization of

Scientific Workflows in the Cloud

This chapter presents the details of multi-objective scientific workflow execution optimiza-

tion on the public cloud system model.

4.1 Introduction

Scientific experiments in fields such as bioinformatics, astronomy, elementary particle
physics and life science requires the storing and processing of Big Data. Grid computing
systems are widely used in scientific applications (e.g., [3], [27]) as they provide paral-
lelism through high-performance computational infrastructure. However, nowadays, cloud
computing has supplanted grid computing for the execution of scientific applications as
it provides enormous amounts of scalable computational resources on demand. Further,
the adoption of cloud computing to process these scientific data has increased recently as
cloud enables data correlations, pattern mining, data predictions and data analytics in a
cost-efficient manner.

In cloud computing, resources such as networks, storage, applications, and servers can
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be allocated from a shared resource pool with minimal management or interaction [28]. In
general, cloud computing provides Infrastructure as a Service (IaaS), Platform as a Service
(PaaS), and Software as a Service (SaaS) in a pay-per-use model. Of these services, [aaS
is the most frequently utilized as it provides customers with an elastic facility to provision
or release virtual machines (VMs) in the cloud infrastructure [30]. The elastic nature of
cloud facilitates changing of resource quantities and characteristics to vary at runtime, thus
dynamically scaling up when there is a greater need for additional resources and scaling
down when the demand is low [5]. Because of its elastic resource provisioning mechanism,
the cloud is widely used in several areas including for large-scale scientific applications.
With improved service support and cloud bursting technologies, users do not need to pro-
vision their resources for the worst-case scenarios. In the context of cloud computing, an
application’s execution cost means the monetary cost of renting resources from the cloud
service provider. Addressing the issues of minimizing the resource usage with the best
performance is an important research area in an laaS cloud.

Scientific applications consist of thousands of tasks requiring heavy computation and
data transfer. Workflow tasks also have certain dependencies during execution. Model-
ing of these scientific applications is necessary for effective processing. The most widely
used representation model is in the form of Directed Acyclic Graph (DAG) in which the
structure of the workflow indicates the order of execution of tasks. Our optimization model
deals with scientific workflow in the form of DAG during optimization experimentations.
In addition, it is assumed that the monetary cost for workflow execution in the cloud is
based on the amount of resources used, i.e., task execution cost correlated to the total num-
ber of CPU cycles for all tasks. By using cloud infrastructure, customers can also reduce
the processing cost of workflow applications with the aid of the cloud’s pay-per-use model.
Moreover, a task that shares the same time interval with a previous task hosted in the same
instance might not produce extra cost, reducing the overall workflow execution cost.

Even in the case of processing workflow applications in the cloud, workflow scheduling
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is very important because it can significantly affect workflow makespan. Although much
research has been conducted on the workflow scheduling problem to minimize makespan
during execution, much of them only focused on single-objective optimization to reduce
workflow makespan using an effective scheduling mechanism. According to Zhu et al.
[31], even though multi-objective workflow scheduling has been conducted on grid plat-
forms with the aid of several techniques such as NSGA-II [14], SPEA2 [7], and PAES
[12], these techniques cannot be applied directly to the cloud. Consequently, they proposed
multi-objective optimization of workflow scheduling in the cloud within specified deadline
and budget constraints. However, in their approach, they assumed that the number of ma-
chine instances is equal to the number of tasks in the workflow and that all tasks are paral-
lelizable. In this case, their approach does not emphasize the dependency among workflow
tasks during execution. The approach conducted workflow optimization via makespan min-
imization with a fixed number of VMs and no elasticity during workflow execution. Meena
et al. [13] propose a meta-heuristic cost effective genetic algorithm that integrates a novel
scheme for encoding, initial population and genetic operators in the original genetic algo-
rithm (GA) approach to minimize the execution cost of the workflow while meeting the
deadline in cloud computing environment. Cui et al. [9] formulated the task scheduling
problem in the cloud as a constrained multi-objective optimization problem over reliabil-
ity, makespan and flowtime using a GA based chaotic ant swarm algorithm. Markov-based
reliability analysis of the cloud services is conducted before resource allocation to the vir-
tual machine. But the approach lacks resource sharing within a single virtual machine by
assuming that each node can process only one subtask at a time.

Khajemohammadi et al. [11] proposed a leveled fast workflow scheduling strategy,
that minimizes cost and time in a Grid environment. However, in that approach, resource
utilization is only possible within predefined set of service resources, which is irrelevant
because of the dynamicity and elasticity of the cloud. Moreover, a service only processes

one task at a time within a level. Our approach differs from the previous work in several
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aspects 1) instead of a predefined set of service resources, randomized search on the num-
ber of VMs and various machine instance type is conducted during execution to benefit
from cloud elasticity and monetary facility, 2) more than one task can share a single virtual
machine instance for better resource utilization, 3) balanced task assignment is conducted
to balance the load in each machine instance as well as to reduce the wait time to proceed
to the next level of tasks; 4) minimizing failure of machine instances to improve the reli-
ability during workflow execution is considered. In that way, the system searches for the
Pareto-optimal solutions that exhibit the best performance with minimized failure at the
lowest financial cost.

Our optimization idea is based on the widely used scientific workflows from the Pega-
sus project [34], which have control and dependencies. The continuous experiment starts
with developing unconstrained bi-objective optimization model followed by unconstrained
three-objective objective optimization model and constrained four-objective optimization
model. The experimental results obtained verify the efficacy of our model effectiveness.
The system implementation now conducts optimization on three minimization objectives
(makespan, cost, failures) and one maximization objective with 25 virtual machine instance
types public cloud system model. Third, we perform experiments and analysis on three
real-world workflows using SPEA2, NSGA-II and NSGA-III algorithms to show the sys-
tem effectiveness on current resource optimization system for Big Data applications.

The remainder of this chapter is organized as follows. Section 4.2 presents the theo-
retical background associated with scientific workflows, SPEA2, NSGA-II and NSGA-III.
Section 4.3 outlines the proposed system, and the objective functions used. Section 4.4
presents the proposed workflow execution optimization system. Section 4.5 describes the
resource optimization algorithms used: SPEA2, NSGA-II, and NSGA-III. Section 4.6 dis-
cusses the performance evaluation conducted. Section 4.7 presents related work. Finally,

Section 4.8 concludes the proposed resource optimization approach.
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4.2 Background

This section presents the relevant theoretical background associated with the research.
First, scientific workflows and their features are discussed. Then, the multi-objective evo-

lutionary algorithms SPEA2 [7], NSGA-II [14] and NSGA-III [10] are presented.

4.2.1 Scientific Workflows

Scientific workflows have emerged as an alternative to script programming for perform-
ing in-silico experiments [25]. They are essential to facilitate and automate the processing
of high-volume scientific data in large distributed computing structure such as Grid [32].
These workflows describe the set of tasks needed to carry out computational experiments
and provide scientists with the ability to expose, share, and reuse their work. The goals of

these workflows [1] are

* To save human cycles by enabling scientists to focus on domain-specific aspects of

their work, rather than dealing with complex data management and software issues;
* To save machine cycles by optimizing workflow execution on available resources.

Scientific workflows are created with a corresponding workflow editor that usually pro-
vides a repository with predefined workflow activities. In general, a scientific workflow
i1s modeled as a directed acyclic graph (DAG). A DAG workflow, W is defined as W =
(T, D),where T' = {1}, 11, - - -, T, }is a set of tasks and D = {(71;,7})|T;,T; € T} is a set
of data or control dependencies [7]. Each task has its respective execution time, task name,
input data size, and resulting output data size.

For a DAG with multiple entries and exits, it is necessary to add a pseudo 7T¢,,, and or
a pseudo 7.,;; with no control and dependencies. In this study, we assumed that all DAG
workflows have only one 7, and one T¢,;; , and optimization is considered for the actual

processing steps inside the workflow. A DAG is represented in either XML or JSON format
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Figure 4.1: An Example DAG Workflow.

and parsing is required to get the necessary information for further processing. A simple

DAG is illustrated in Figure 4.1 with respective task labels.

4.2.2 Constrained Optimization

Optimization is a fascinating area of study not only because of its algorithmic and the-
oretical content, but also because of its universal applicability. Evolutionary algorithms
are used to find the optimal solution for a difficult problem with several feasible solu-
tions. EAs can make a task manageable and at least find a good solution. Thus, EAs are
widely used in solving complex real-world problems. Moreover, real-world optimization
problems almost always have constraints. The optimizing value of the independent vari-
able almost always occurs on the constraint boundary in real world optimization problems.
Constraints are therefore important in almost all real-world optimization problems. Not
only are real-world optimization problems constrained but they are also multi-objectives
[31]. It is obvious that people normally expect the best solution from every perspective
as possible. We are interested in minimizing or maximizing more than one measure si-
multaneously. So, constrained multi-objective optimization through EAs help us to solve

complex multi-objective real-world problems.
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4.2.3 Multi-Objective Evolutionary Algorithms (MOEASs)

MOEAs have been proposed for finding multiple Pareto-optimal solutions in one sin-
gle simulation run. MOEAs are an effective way to find the Pareto-optimal solutions among
conflicting objectives. They produce non-dominated solutions with respect to minimiza-
tion or maximization of objectives for user satisfaction. There exist several MOEAs in the
literature. The popular algorithms: SPEA-2, non-dominated sorting genetic algorithm II
(NSGA-II), and non-dominated sorting genetic algorithm III (NSGA-III) were used during

this study. A brief explanation of each of these algorithms is given in the ensuing section.

4.2.3.1 Improved Strength Pareto Evolutionary Algorithm 2 (SPEA2)

SPEA?2 [7] is an improved version of the original Strength Pareto Evolutionary Al-
gorithm (SPEA) by means of an improved fitness assignment scheme, nearest neighbor
density estimation technique, and new truncation method. The algorithm starts with a pop-
ulation and an archive (external set). Then it performs iterations for the evolution process.
During the update operation in the evolution process, filling up with the dominated indi-
viduals or truncating individuals if necessary to fit in the fixed-size archive occurs. Unlike
SPEA, SPEA2 only considers members of the archive to participate in the mating selection
process. The objective of the algorithm is to locate and maintain a front of non-dominated
solutions, ideally a set of Pareto optimal solutions. This is achieved by using an evolution-
ary process (with surrogate procedures for genetic recombination and mutation) to explore
the search space, and a selection process that uses a combination of the degree to which
a candidate solution is dominated (strength) and an estimation of the density of the Pareto
front as an assigned fitness. An archive of the non-dominated set is maintained separate
from the population of candidate solutions used in the evolutionary process, providing a

form of elitism.
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Figure 4.2: Process Flow of NSGA-II Optimization.

4.2.3.2 Non-dominated Sorting Genetic Algorithm II (NSGA-II)

In 1995, Non-dominated sorting Genetic Algorithm, (NSGA) [20], which improved
computational complexity via a non-elitism approach and a sharing parameter, was devel-
oped. In 2002, Deb et al. developed NSGA-II [14], an improved version of NSGA rectifies
the problems found in NSGA. NSGA-II is a popular multi-objective optimization algorithm
that is widely used in several application domains. The main features of NSGA-II are low
computational complexity, parameter-less diversity preservation and an elitism approach.
The major components of NSGA-II include fast non-dominated sorting and crowding dis-
tance assignment.

Fast Non-dominated Sorting

Elitism is introduced in NSGA-II by storing all non-dominated solutions discovered, start-
ing with the initial population [2]. Elitism enhances the convergence properties towards
the Pareto-optimal set. In order to sort the individuals in the population according to the
level of non-domination, each solution must be compared with every other solution to de-
termine if it is dominated. Firstly, two entities are calculated for each solution: 1) n,, the
number of solutions that dominate solution p and 2)5,, a set of solutions that solution p

dominates. All solutions that have n,, = 0, i.e., non-dominated solutions are identified and
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placed in a current front list as first non-dominated front list. It is also regarded as the first
non-dominated front. Again, for each solution in the current front, each member in its S, is
visited and np is reduced by one. At this point, if any new member of n,, = 0 is identified,
that member is placed in a separate list Q, the second non-dominated front. The above
procedure is continued with list Q to identify the third non-dominated front. The process
continues until all fronts are identified. Fast non-dominated sorting on a population returns
a list of non-dominated fronts F;. and the population is updated starting with the members
in the best non-dominated front followed by the second-best non-dominated front, and so
on until the specified population size is reached. Moreover, the fast-nominated approach
reduces the complexity of the naive approach from O(M N?) to O(M N?). Figure.4.3 il-
lustrates the process of Non dominated sorting in NSGA-II algorithm.

Crowding Distance Algorithm

After completing non-dominated sorting, crowding distance is assigned. In this process,
all the individuals in the population are assigned a crowding distance value and individual
selection is conducted based on rank and crowding distance. In other words, crowding dis-
tance involves finding the Euclidean distance between each individual in a front based on
their m objectives in an m-dimensional hyperspace. The individuals in the boundary are
always selected because they have infinite distance assignment [26]. Figure 4.4 shows how
crowding distance operation is conducted to rank the several front solutions during opti-
mization. Crowding distance comparison compares the individuals within the same front
and distance calculation is conducted as follows:

For each front F;, n is the number of individuals:
1. Initialize the distance Fj(d;) = 0,5 =1,---,n

2. for each objective function m
I = sort(F;,m) #Sort the individuals on objective m

I(dl) = I(d,) = oo  #assign infinite distance to boundary values
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Figure 4.4: Crowding Distance Operation.

The solutions found in NSGA-II are said to be Pareto optimal if they are not dominated
by any other solutions in the solution space. Further, the set of all feasible non-dominated
solutions in the solution space is referred to as the Pareto-optimal set, and for a given
Pareto-optimal set, the corresponding objective function values in the objective space are
called the Pareto front. The ultimate goal of multi-objective optimization is to identify the
solutions in the Pareto-optimal set. In this proposed optimization system, we use NSGA-II

as it is one of the most popular optimization approaches in several domains. Figure 4.2
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depicts the process flow of NSGA-II optimization.

4.2.3.3 Non-dominated Sorting Genetic Algorithm IIT (NSGA-III)

The Non-Dominated Sorting Genetic Algorithm IT (NSGA-II) is widely applied in var-
ious practical optimization problems over the years. It works well in optimizing until three
objectives but it becomes difficult to handle many objectives optimization problems involv-
ing four or more objectives. To solve this problem, Jain and Deb proposed a new extension
of NSGA-II (MO-NSGA-II) in 2012. Later, they extended the MO-NSGA-II to NSGA-III
[10] to solve many objectives optimization as constrained optimization problems.

Like in NSGA-II, NSGA-III starts with initial population P; and a set of reference
points Z". Then the binary tournament selection, crossover and mutation operators are
applied to create an offspring population ¢);. Then P, and (); are combined to be R; and
sorted according to their domination level and the best N members are selected to be used
for the next generation. The difference in NSGA-III is that it starts with a set of reference
point Z". After non-dominated sorting, all acceptable front members and the last front
F, which could not be completely accepted are saved in a set S;. Members in S;/F; are
selected right away for the next generation. The remaining members are selected from F;
such that a desired diversity is maintained in the population. Instead of using crowding dis-
tance measure for selecting well-distributed set of points, NSGA-III used reference points
to select the remaining members. Figure 4.5 illustrates the reference point calculation pro-
cess. During that process, objective values and reference points are first normalized so that
they have an identical range. Thereafter, orthogonal distance between a member in .S; and
each of the reference lines is calculated. The member is then associated with the reference
point having the smallest orthogonal distance. Next, the niche count p for each reference
point, defined as the number of members in S;/F; that are associated with the reference

point, is computed for further processing. The reference point having the minimum niche
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Figure 4.5: Reference Points for Three-Objective Optimization [29].

count is identified and the member in front last front F; is associated with the identified
reference point is increased by one and the procedure is repeated to fill up population P,
[10]. Then, the evolution process starts again with the updated population and it continues

until the defined number of generations is reached.

4.3 Proposed Optimization System Model

This section describes the problem definition of the proposed system, the unconstrained
optimization model and the constrained optimization model of the proposed system in de-

tail.

4.3.1 Problem Formulation

Although, there is increasing use of cloud computing for scientific experiments in the
form of scientific workflow execution, researchers in the scientific area have poor knowl-
edge of which resources (i.e., VMs) they should use for their application that optimize
performance with the lowest financial resource deployment cost. In that case, optimal per-
formance means not only minimizing the makespan (execution time) but other factors like
optimizing cost, availability probability and failure probability of VMs during workflow ex-

ecution. Moreover, from the perspective of cloud service providers, it is difficult for them to
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provide the services with users’ optimal constraints with unsuitable resource request. The
proposed system is intended to let such researchers focus on their subjective experiments
rather than the resource selection for the experiments. At the same time, the system helps
service providers to provide services within the user-specified constraints through optimal

resource selection.

4.3.2 Decision Variables

The goal of this multi-objective optimization system is to find the optimal resource
deployment plan for a scientific application in terms of makespan, deployment cost, vir-
tual machine failure probability and virtual machine availability probability in a level-wise
manner. Consequently, the decision variables for the system are chosen to be the number of
VMs allocated to each level of scientific workflows with their respective machine instance
types. The current system is focused on scientific workflows with a homogeneous structure
and homogenous instance types are assigned to the leveled tasks. The optimization prob-
lem is treated as unconstrained and constrained minimization and maximization problem

on two, three and four objective functions in a subsequent model development process.

4.3.3 Mathematical Models for Objective Functions

The final proposed system model encomopasses the evolution of the three experiments
conducted by the following mathematical models.
4.3.3.1 Bi-objective Unconstrained Optimization Model

In the bi-objective optimization model, the objective functions utilized in the proposed
system are geared towards minimizing the overall makespan for workflow execution and

machine instance deployment cost during workflow execution. They are expressed as fol-
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lows:

min ¢(X), min ¢(X)

where,
X = [x1,29, - -, 2y, + +, Tpp] 1s the number of VMs and types of VMs
at each level of the DAG
t(X) = total workflow execution time
¢(X) = total workflow machine instance deployment cost

L = total number of levels in the workflow DAG (m = 2L)

1. Level-wise makespan cost is calculated as follows:

L
HX) =) max] T 4.1
k=1

where,

T}; = task execution time of 4% cluster at level k

m = number of clusters in level k

2. Level-wise virtual machine deployment cost
L
o(X) = ZmM?ﬂTkj X xp X P(xy) “4.2)
k=1

where,
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(

0.0160, ifxz;p =4

0.0039, if 2. = 3
P(zy) = (4.3)

0.0016, if x4, =2

0.0004, if x4 =1
\

x;, =number of instances allowed for level k

P(zy) =instance price for workflow level k

The possible machine instance types are small, medium, large, and x-large for this model.
The deployment cost differs according to the machine instance type used during workflow
optimization. P(xy) signifies the price of the machine instance type in level k specified in
Hokkaido University Academic Cloud pricing. According to the machine instance type,
the runtime of each task in the workflow is also different. We assume that significant
cost-performance tradeoff will occur depending on the machine instance we choose during

optimization.

4.3.3.2 Three-Objective Unconstrained Optimization Model
min ¢(X), min ¢(X), min f(X)

where,
f(X) = total workflow machine instance failure probability during execution
In scientific workflow applications, execution dependencies among tasks are important.
Thus, level-wise execution resource selection is conducted in our proposed system. First,
we optimize the makespan and the number of VMs at each execution level. Then, following
optimization at all levels in the workflow, an optimized execution plan is identified for the

overall workflow. Moreover, the deployment cost differs per machine instance type used
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and the number of machine instances used during workflow optimization. According to
the machine instance type, the runtime of each task in the workflow is also different. For
the failure minimization case, the system uses the availability factor of the virtual machine
instances provided by Amazon Web Services (AWS). The cloud model supports 25 VM
instance type in this three objective optimization. No user-defined constraints are consid-
ered at the moment and automatic makespan, failure and resource usage cost optimization
are performed by the system. The three objective functions for level-wise makespan cost,

instance deployment cost and virtual machine instance failure are as follows:
L
tX) = Z max’il, Ty,
k=1

L
co(X) = Zmaw’j”:lTkj x @ x P(ah)
k=1

3. Level-wise virtual machine failure probability during workflow execution
L T )
f(X)=1- {H (1 -11 Pf‘“l” (4.4)
j=1
where,
ij “_failure probability of the j* virtual machine
4.3.3.3 Four-Objective Constrained Optimization Model

min ¢(X ), min¢(X), min f(X), max a(X)

where,
a(X) = total workflow machine instance availability probability during resource
deployment

Constraints are considered in the four-objective optimzation model and we assume that

68



B, D, ¢ are the constraints for the budget, deadline and the least acceptable failure proba-
bility during optimization. The objective functions conduct the optimization on four ob-
jectives while satisfying the above constraints. 3, D, ¢ values of the proposed system are
calculated based on the execution time of the critical path of the scientific workflow appli-
cations with the lowest performance virtual machine instance.

The constrained objective functions of makespan, virtual machine deployment cost, virtual

machine failure probability and virtual machine availability probability are as follows:

I.
L
t(X) = Z maz;L, Ty,
k=1
subject to:t(X) < D 4.5)
2.
L
c(X) = Zmax;”:lTkj x xp, x P(ah)
k=1
subject to:t(X) < (4.6)
3.

- [fi(o i)

k=1 j=1

subject to:t(X) < ¢ 4.7

4. Level-wise virtual machine availability probability
L Tk
aX)=1] (H p;vm'l) (4.8)
k=1 =1

where,
Pavail = ayailability probability of VM instance during resource deploy-

ment
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Figure 4.6: Proposed Multi-Objective Scientific Workflow Optimization System.
4.4 Optimization System

This section explains in details of the cloud system model considered in our proposed
system and the idea of how workflow optimization is conducted in cloud computing for the

above objective functions.

4.4.1 System Architecture

The architecture of our proposed multi-objective workflow optimization system is
shown in Figure 4.6. The operation of the system is as follows. First, workflow input in
the form of a DAG is given to the system for optimization and the system parses the neces-
sary information at each level of the workflow DAG. Then, the system performs makespan
minimization, virtual machine deployment cost minimization, VM failure probability min-
imization, and VM availability maximization based on the specific machine instance type
throughout the search space. Machine instances are selected to execute all levels of a partic-

ular workflow in the cloud. Two major processes are performed during the multi-objective
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optimization process: workflow parsing and multi-objective optimization.

4.4.1.1 Workflow DAX Parsing

Scientific workflows support and automate the execution of error-prone, repetitive tasks

in scientific applications. It combines activities and computations to solve scientific prob-
lems. Task partitioning is important during workflow execution because it can affect the
performance of the application. Three approaches to workflow partitioning before execu-
tion are reported in the literature: 1) horizontal workflow partitioning, 2) vertical workflow
partitioning, and 3) arbitrary workflow partitioning.
In our proposed system, we use level-wise workflow partitioning which is a horizontal
partitioning approach. We chose level-wise partitioning of structured scientific workflows
because these workflows consist of different numbers of tasks with different resource re-
quirements at each level of the workflow. The level-wise approach enables elastic provi-
sioning of resources and load balancing at each workflow level. Level-wise partitioning of
a simple DAG workflow is illustrated in Figure 4.7.

Workflow parsing retrieves task information specified in the DAG. In this step, neces-
sary information such as total number of levels in the workflow, task name and their relevant
execution time, and the maximum parallelization degree for the input workflow are parsed
in order for the optimization by the system to proceed automatically. Subsequent chromo-
some length determination depends on the total number of levels in the workflow. More-
over, task labelling is also conducted at each level of the workflow to facilitate level-wise

optimization of workflow tasks within the optimization process during workflow parsing.

4.4.1.2 Multi-Objective Optimization

Following parsing and task labelling of the workflow, the system begins the multi-
objective optimization process. First, random initial chromosome parameter lists compris-

ing the number of VMs and the type of VMs suitable for each level of the workflow are
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Figure 4.7: Level-Wise Workflow Partitioning.

generated to initiate the process. Next, fitness calculations are performed for the objective
functions (2-objectives, 3-objectives or 4-objectives) according to the applied optimization
models . Genetic operators such as selection, crossover, and mutation are then chosen to
be used during evolution. Then, the evolution process proceeds until the specified termi-
nation criterion is met. At this point, the Pareto front solutions from the evolution process
are retrieved and the optimized number of VMs with optimized instance type at the Pareto
front for optimal makespan and optimal deployment cost for each workflow level is recom-

mended for processing the scientific workflow applications in the cloud.

4.4.2 Cloud System Model

In our workflow optimization study, the cloud is modeled as a set of virtual machine
instances, Ins = {insy,inss,...,ins;}. Firstly, the 2-objective optimization was con-
ducted with a private cloud system model that only supports four VM instance types (small,
medium, large, x-large). 3-objective and 4-objective optimization concerned with a public
cloud model in which each instance, ¢ns; can be one of 25 machine instance types as shown
in Figure 4.8 and instance costs are calculated based on instance prices for Tokyo region in
AWS pricing [36]. Table 4.2 shows the instance pricing used in our resource usage calcu-

lation. The performance difference of different machine instance types is specified based
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Public Cloud

on the CPU used as well as the number of CPU cores in each machine instance. We refer
to the CPU performance of various instances from the PassMark benchmark [38]. Instance
type m3 is assumed to be the lowest performance machine instance with the lowest price.

The CPU performance differences of m4, c3, c4 and r3 instance types with respect to m3

medium

25 VM instance type

Figure 4.8: Public Cloud System Model.

machine instance type are assumed to be as listed in Table 4.1.

Table 4.1: Machine Instance CPU Performance

Speedup over
Instance PassMark
CPU Type m3 CPU

No| Type yp CPUMark | o ance(%)
1 m3 Intel Xeon E5-2670 v2 14975 -

2 m4 Intel Xeon E5-2686 v4 17795 18

3 c3 Intel Xeon E5-2680 v2 16341 9

4 c4 Intel Xeon E5-2666 v3 24877 66

5 3 Intel Xeon E5-2670 v2 14975 -

The performance speed up of each machine instance group is specified based on the
number of CPU cores used in each machine instance. In addition, we also assume that all

virtual machine instances share data from the same data center. Thus, data communication

and data transfer costs are negligible.
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Table 4.2: Machine Instance Pricing

No | Instance Type | CPU (No. of cores) | Memory (GB) | Price per second ($)
1 m3.medium 1 3.75 0.00002667
2 | m3.]large 2 7.5 0.00005361
3 | m3.xlarge 4 15 0.00010694
4 | m3.2xlarge 8 30 0.00021389
5 | m4.large 2 8 0.00004833
6 | m4.xlarge 4 16 0.00009667
7 | m4.2xlarge 8 32 0.00019306
8 | m4.4xlarge 16 64 0.00038639
9 | m4.10xlarge 40 160 0.00096583
10 | m4.16xlarge 64 256 0.00154528
11 | c3.large 2 3.75 0.00003556
12 | c3.xlarge 4 7.5 0.00007083
13 | c3.2xlarge 8 15 0.00014194
14 | c3.4xlarge 16 30 0.00028361
15 | c3.8xlarge 32 60 0.00056750
16 | c4.large 1 3.75 0.00003694
17 | c4.xlarge 4 7.5 0.00007361
18 | c4.2xlarge 8 15 0.00014750
19 | c4.4xlarge 16 30 0.00029472
20 | c4.8xlarge 36 60 0.00058944
21 | r3.large 2 15 0.00005556
22 | r3.xlarge 4 30.5 0.00011083
23 | r3.2xlarge 8 61 0.00022167
24 | r3.4xlarge 16 122 0.00044333
25 | r3.8xlarge 32 244 0.00088667

4.4.2.1 Failure of Virtual Machine Instances for Workflow Execution

The likelihood of cloud resource failures is more serious than traditional parallel sys-
tems because the cloud uses commodity servers for cost-effectiveness. Failures of cloud
based resources may lead to failures of application processing. Consequently, these failures
affect the performance of the workflow execution. Especially in compute intensive appli-
cation cases, a failure can waste tremendous amount of time and resources [2]. Thus, it is
necessary to minimize the possibility of failures in the system. . In our approach, we use
balanced task clustering approach for better load balancing during workflow execution. We

assume that the failure probability of a virtual machine instance per second during work-
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flow execution is 3.164857 x 10! and calculate the failure probability of VM instances

for the whole workflow during workflow execution .

4.4.2.2 Availability of Virtual Machine Instances for Instance Deployment

Availability is one of the critical aspects of Quality of Service (QoS) in the cloud. It signi-
fies the probability that the system can complete a predetermined function under a prede-
termined condition. The proposed system uses the availability figure as P24 = (.9999 of
AWS EC2 machine instance for computing overall availability probability of workflow dur-
ing execution. Firstly, we compute task-cluster wide availability probability according to
the task balanced clustering and assignment approach described in section 4.4.4. Then, we

compute overall availability value based on all level-wise workflow availability probability

values.
No. of VMs VM Instance Type
\ \

[ Ml |
Chromosome ‘ an ‘ X2 ‘ x3 ‘ ‘ X1 H Xi| Xl Xea| Xus | - ‘ xm_l‘ Xm

............. S

123,..p 123,48

Encoding Scheme: fixed length integer sequence p= maximum parallelizable tasks

q= number of possible instance types

Figure 4.9: Chromosome Structure for Optimization during Workflow Execution.

4.4.3 Chromosome Representation

The chromosome of the proposed system includes genes that represent the number of
VMs and the type of VMs used for each level of the workflow. The system uses a fixed-
length integer-encoding scheme, one of the most common representations of chromosomes
in genetic algorithms (GA). The genes in the chromosomes are in the form {1, p} and {1,
q} with each gene representing the number of VMs for each level of workflow execution

for parallelization, while p signifies the maximum number of concurrent tasks allowable in
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Figure 4.10: Workflow to Chromosome Mapping.

that workflow level, and q signifies the total possible number of instance types provided by
the academic cloud system. A single gene represents one level and the chromosome length
depends on the maximum number of levels in the workflow. The chromosome length, 2L,
where L is the highest level of the workflow DAG, varies according to the input work-
flow structure. Specifically, the chromosome length for a simple workflow in Figure 4.7
is (2L=12) where L=6 and the gene value ranges are (1,p)=(1,3) and (1,q)=(1,25) respec-
tively. An example chromosome and workflow to chromosome mapping for the workflow

optimization process is illustrated in Figure 4.9 and Figure 4.10 respectively .

4.4.4 Balanced Task Assignment

Level-wise balanced task assignment to the VMs is conducted in scientific workflow
execution because the fine-grained tasks in each workflow must be processed in their de-
pendency order. The objective of balanced task assignment is to reduce the waiting time
to continue to the next level during workflow execution and to balance the loads in each

machine instance at each workflow level allowing resource sharing facility. For those pur-
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poses, balanced clustering of tasks at each level is considered before execution in their

respective virtual machine. The system ensures that task clusters have finishing times that

are as close as possible. Figure 4.11 shows the task clustering for the balanced task as-

signment process. There are two stages for balanced clustering: (1) task sorting and (2)

balanced clustering. In task sorting, all the tasks in each level are sorted according to their

runtime. Then, the task cluster size decision for each task group in the sorted task list is

conducted according to the following equation:

if (number of VMs for i** level=n), NC' = n(1 < n < p)

T; .
Csizej = N_C_'_Sk?j = 17' : '7NC7k: 17' R L
where,
0, if;%NC =0
Sk =
1, if0<T;%NC < NC
T, = total number of tasks in i** level
NC = number of task clusters
Level i “ T T2 | [ T3 T T5 | Te |[ T7 | | T10 |
(%)= (4,3) 7 456056 (4484.47) [3730.73) 4700.76) (3900.66) (2701.07) 3780.17) 2946.16)
number of VMs execution time
type of VM (e.g., m3.xlarge) cluster 10 tasks into 4 groups
V" Sortby (16 |[T0 | [ B[ 7 |[T15]|[ [ 19|
executiontime | |2322.34) (2701.07) (2946.16) (3730.73) (3780.17) |3900.66) 4484.47) |4560.56) 470076 |6007.38]

@ g g T
© loosag 1 |)(1 P fgmoar] TS
2701.07 232234 / \[3730.73 3900.66| / \(4484.47/4560.56

Figure 4.11: Level-Wise Balanced Task Assignment.
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Figure 4.12: Crossover Operation.
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Figure 4.13: Mutation Operation.

4.4.5 Genetic Operators

Genetic operators are used to guide the multi-objective optimization algorithm towards
optimal solutions to a given problem. The genes in the chromosomes represent (number of
VMs, type of VMs) at each workflow level and the proposed workflow optimization pro-
cesses the execution of tasks in a level-wise manner to preserve the dependencies between
tasks. During optimization, the genetic operators are used to guide the multi-objective op-
timization algorithm towards optimal solutions to a given problem. Three main operators,
selection, crossover, and mutation, collaborate with each other for successful processing.
Offspring are selected via the tournament selection mechanism.

(1) Selection: The select operation gives us a straightforward way of choosing off-
spring for the next generation. Tournament selection is used in this system as it reduces
the computational cost associated with selection. In tournament selection, random T (user-
defined tournament selection size) individuals from the population are chosen, their fitness
values compared, and the fittest used in the recombination process. The higher the T value,
the higher the selection pressure in tournament selection.

(2) Crossover: The crossover operation takes two parent strings called parent; and

parent,, and generates two offspring, of fspring,; and of fsprings. The decision of
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whether to perform a crossover operation on the current pair of parent chromosomes is
made according to the specified crossover probability (CP). If the random probability is
less than CP, a crossing site is selected and partial exchange occurs between the two par-
ents to produce the offspring. If the probability is greater than CP, the crossing site will
be the entire chromosome length, which has no effect because of the crossover operator.
Two-point crossover is applied in the proposed system, as illustrated in Figure 4.12.

(3) Mutation: Mutation is important because it allows the evolutionary process to ex-
plore new potential solutions to the problem. To avoid inbreeding in a small population
problem, mutation is applied with small probability (MP) after the crossover operation.
The selected MP should be reasonable because if it is too high or too low, a good solu-
tion will not be found during evolution. As our chromosome structure composed of two
portions with different gene value range, two random mutation points are selected from
chromosome, C by the mutation operator and then replaces the gene value with the value in
the range of 1, p and 1, q respectively. Example mutation operation is illustrated in Figure

4.13.

4.4.6 Penalty Function

The three penalty functions are considered for our constrained optimization of sci-
entific workflow execution system. Penalty functions degrade solutions that do not meet
constraints to leave the solutions out in the next population [31]. The penalty function of

our proposed system is in the following form:

HX)—D ift(X)+0>D
Pmakespan (X) - (410)

0, otherwise
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o(X) =B ife(X)+a>p
Prost(X) = 4.11)

0, otherwise

fX)—¢ i f(X)+7>¢
Pfailure(X) = 4.12)

0, otherwise
where P akespan (X ), Peost(X ), and Pqiure (X)) are the penalties for violating the three ob-
jectives functions (makespan, cost and failure). D and j3 are the deadline and budget for
the workflow application. The current D value is assumed to be the sum of task execution
time in critical path of the workflow. [ is the deployment cost of the workflow calculated
based on the critical execution time on the highest performance machine instance in the
experimental cloud system model whereas ¢ value is assumed to be 0.02337. 6, o and ~
are penalty terms for the three objective functions above. 6 and « are calculated by taking

0.01% of the average of makespan and cost solutions in our previous work [23].

4.5 Multi-objective Workflow Optimization Algorithm

This section presents the SPEA2, NSGA-II and NSGA-III based optimization algo-
rithms, which are the major component of the proposed system. The system uses NSGA-II
because it outperforms other contemporary MOEAs, such as PAES [13] and SPEA [6], in
terms of finding a diverse set of solutions and in converging near the true Pareto-optimal
set [15]. SPEA?2 is used to compare the Pareto optimal solutions obtained from NSGA-II
optimization. For more than 3-objective optimization, NSGA-III is used in the proposed

optimization system.

Algorithm 4.1: Preprocessing

Input: Workflow DAG.

80



Output: Task Objects, total number of levels (L).

Step 1: Parse the workflow DAG

Step 2: Label tasks

Step 3: Assign workflow tasks to objects

Step 4: Retrieve maximum workflow level for chromosome length determination in
optimization

Step 5: Retrieve maximum parallelization degree for search space determination

Algorithm 4.2: Workflow Optimization using SPEA2

Input: Task Objects, total number of levels (L), N: Population size,
G: number of generations, O: number of objectives, MP: mutation probability,
CP: crossover probability.
Output: Pareto optimal solutions, W,.
Processing
Step 1: Generate random initial population, P, and empty archive Py = ®,¢ = 0.
1.1 Randomly generate integer chromosome C;(i = 1,2, - - -, N) for Py, Py.
(truncate if necessary)
1.2 Calculate the fitness of each random chromosome
1.3 Copy all non-dominated individuals in P, and PtoP +1
Step 2: Evolve population (t, F;, P,P+1 ).
2.1 Select parents using tournament selection, P, + 1
2.2 Perform two-point dynamic crossover operation on parents with probability CP
to produce offspring population.

2.3 Perform mutation operation with probability MP on random points applied to
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offspring
2.4 Calculate fitness of new offspring population and update population
2.5 Use non-dominated sorting to divide into several non-domination levels
F\,Fy- - F).
2.6 Update P, + 1
Step 3: Repeat Step 2 until termination condition is met.

Step 4: Output the list of optimal solutions at Pareto front, W,,,;.

Algorithm 4.3: Workflow Optimization using NSGA-II

Input: Task Objects, total number of levels (L), N: Population size,
G: number of generations, O: number of objectives, MP: mutation probability,
CP: crossover probability.
Output: Pareto optimal solutions, W,.
Processing
Step 1: Generate random initial population, IP.
1.1 Randomly generate integer chromosome C;(i = 1,2,-- -, N).
1.2 Calculate the fitness of each random chromosome
1.3 Rank population P according to non-domination
Step 2: Evolve population (N, P, G, MP, CP).
2.1 Select parents using tournament selection, (P, P).
2.2 Perform two-point dynamic crossover operation on parents(P;, Py )with
probability CP to produce offspring population ¢);.
2.3 Perform mutation operation with probability MP on random points applied to

offspring (),

2.4 Calculate fitness of new offspring population and update population

82



2.5 Use non-dominated sorting to divide P < P U {z} into several
non-domination levels F, Fs - -, F].
2.6 Calculate Crowding Distance of all solutions
2.7 Identify the worst solution x'€ F; and set P <— P'\ {2/} .
Step 3: Repeat Step 2 until termination condition is met.

Step 4: Output the list of optimal solutions at Pareto front, W,,,;.

Algorithm 4.4: Workflow Optimization using NSGA-III

Input: Task Objects, total number of levels (L), N: Population size,
G: number of generations, O: number of objectives, MP: mutation probability,
CP: crossover probability, Z": Reference points.
Output: Pareto optimal solutions, W,.
Processing
Step 1: Generate random initial population, IP.
1.1 Randomly generate integer chromosome C;(i = 1,2,- -+, N).
1.2 Calculate the fitness of each random chromosome
1.3 Associate Reference points
Step 2: Evolve population (N, P, G, MP, CP).
2.1 Select parents using tournament selection, (P, P).
2.2 Perform two-point dynamic crossover operation on parents(P;, Py )with
probability CP to produce offspring population ;.
2.3 Perform mutation operation with probability MP on random points applied to
offspring (),
2.4 Calculate fitness of new offspring population and set R; = P, U Qs

2.5 Apply non-dominated sorting on R, and find F}, F5 - -, [].
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265, ={},i=1
2.7 While |S;| < N do..
2.8 S5 =5 UFE,.
29i=1+1
2.10 End
2.111f |S;] = N do
2.12 P,y = S;; break.
2.13 Else
2.14 Py = U F;
2.15 Normalize S; and interpret the points of each objective
2.16 Associate each member of S; with a reference point
2.17 Choose N — | P, 41| members from F; by niche preserving operator
2.18 End
Step 3: Repeat Step 2 until termination condition is met.

Step 4: Output the list of optimal solutions at Pareto front, W,,,;.

4.6 Performance Evaluation

This section outlines the experimental environment and presents the experimental results
obtained for various scientific workflow applications. The simulation experiments were
conducted on an Intel core 17 Dell PC with 16 GB RAM with Pegasus workflow dataset.
The system implementation was conducted using the Python programming language and

the well-known DEAP framework [8].
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4.6.1 Experimental Scientific Workflow Applications

To demonstrate the proposed offline workflow optimization system, the experiments
were conducted using three scientific workflow DAG applications (Epigenomics, Montage,
and CyberShake) from Pegasus [22] [34], with various input data sizes. Epigenomics is a
CPU-bound bioinformatics workflow with eight levels of workflow tasks. Montage is a
collection of programs that combines multiple shots of astronomical images to generate
a custom mosaic image [15]. CyberShake is a seismology workflow application that is
used by the Southern California Earthquake Center to characterize earthquake hazards in a
region [5]. The structures of the applications are illustrated in Figure 4.14. Table 4.3 shows

the scientific workflows used for system evaluation along with their respective input data

sizes.
Table 4.3: Experimental Workflows
No Workflow Application Number of task nodes (Input size)
1 Epigenomics 24 46 100 997
2 Montage 25 50 100 1000
3 CyberShake 30 50 100 1000
Epigenomics Montage CyberShake

e YO N NN
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XXX S N\
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Figure 4.14: Structure of the Experimental Scientific Workflows.
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4.6.2 Experimental Setup

The section describes the parameter settings were used for NSGA-II and NSGA-III algo-
rithms for 2-objectives, 3-objectives and 4-objectives optimizations in our proposed ap-
proach, as shown in Table 4.4. Table 4.5 lists the penalty values used for 4-objective con-

strained workflow optimization experimentations.

Table 4.4: Algorithm Parameters

No. of Population é\le (1)1.6;);— Crossover Mutation
Objectives Size tions Probability Probability
2 100 1000 0.9 0.2
0.0625
3 100 500 0.7 0.055
0.125
0.0625
4 100 300 0.7 0.055
0.125

Table 4.5: Penalty Values for Constrained Optimization

Workflow Penalty Terms (0, o, 7y)

Epigenomics 24 9.639245 x10~% | 2.831180 x10~° 1.590083 x 10713
Epigenomics 46 1.592588 x 1072 1.157490 x10~* 1.951504x 10713
Epigenomics 100 | 9.138218 x 102 2.748863 x 1073 1.013376 x 10712
Montage 25 1.134733 x10~* 3.838866 x10~7 2.704810x1071°
Montage 50 2.548270 x10~* 1.671861 x10~¢ 4.393360x 1071
Montage 100 3.208890 x10~* 9.062853 x107° 4.053620x 10715
CyberShake 30 4.019950 <10~ 1.561386 x 1076 4.860720x1071°
CyberShake 50 5.762490 x10~* 5.355098 x10~¢ 5.451440x1071°
CyberShake 100 8.099970 x10~* 1.889069 x10~° 3.817360x1071°

4.6.3 Experimental Analysis

The ensuing sections describe the experimental results obtained for our experiments
on bi-objective, three-objective, and four-objective optimizations of scientific workflow

execution in private and public cloud system models.
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4.6.3.1 Experimental Results for Bi-objective Optimization

Figures. 4.15 shows the optimal solutions identified by the proposed system using the
bi-objective resource optimization model. The private cloud system model that supports
four types of VM instances was used during the bi-objective workflow optimization ex-
perimentations. The experiments were conducted with a population size of 100 evolving
over 1000 generations with crossover probability 0.9 and mutation probability 0.2 using
NSGA-II. Real-world workflows Epigenomics, Montage, and CyberShake were used. The
experimental results indicate that the system speeded up the makespan effectively with ac-
ceptable cost tradeoff. In Epigenomics 24 node workflow, the system selected the best
options with makespan and cost minimized by a factor of 12. For Montage 25 workflow,
the system improved the makespan by a factor of 19 and deployment cost by a factor of
10 in the solution range. In addition, it improved the makespan time in the CyberShake
30 workflow by a maximum factor of 13 in terms of both makespan and cost. Further, the
larger the input data size, the more efficient the system became. The effectiveness of the
system is reflected more in the larger data size workflows, in which makespan is signifi-

cantly improved with only a small increase in deployment cost.

4.6.3.2 Experimental Results for Three-objective Optimization

The current experimental cloud system model is the extended version of the previous
private cloud system model that supports 25 VM instance types. Figure 4.16 to Figure 4.19
show cost-makespan tradeoff solutions identified by the proposed system using NSGA-II
and SPEA?2 for 3-objectives optimization. The experiments were conducted with a popula-
tion size of 100 evolving over 500 generations with crossover probability 0.7 and mutation
probability 0.0625, 0.055, and 0.125— in accordance with the number of levels in the given
workflow. The experimental results indicate that the system reduced the makespan effec-
tively with acceptable cost tradeoff. For failure minimization objective, the system gives

only some significant effectiveness in smaller input data size workflows compared with
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Figure 4.15: 2-Objective Cost_Makespan Pareto Solutions a, b, ¢, d for Three Workflows
with Small, Medium, Large Input Data Size using NSGA-II

other two objective functions.

Figure 4.16 shows cost-makespan tradeoff solutions for three workflows with four
input data size after 500 generations. Although the optimization was conducted on three
objective functions, the distribution of the solutions is presented in two dimensions (2D) as
2D provides better clarity for comparison than 3D. In the figures, it is clear that makespan
and deployment cost functions are strong correlated with a negative slope. That is, the
higher the makespan, the lower the deployment cost, and vice versa. As our objective func-
tions are minimizing functions, we would like to choose the optimal solution which is as

close to the X-Y origin as possible. The values in the figures also illustrate a gentle slope
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in small input data size that becomes steeper with increased data size.

The scatter plots in Figure 4.17 illustrate the cost-failure tradeoff solutions. The val-
ues in the figures highlight that the two functions are not strongly correlated. Nevertheless,
there is a weak correlation between these two functions for all three types of workflows
(Epigenomics, Montage, and CyberShake). The current experimental input workflows are
in the form of homogeneous workflow type whereas each level-wise tasks have similar
characteristics; all Pareto front solutions recommend to use similar instance type but with
different number of machine instances at each workflow level. Moreover, the failure prob-
ability values of all solutions are very similar with only different around 7" or 8" position
of a fractional value. This can affect the cost-failure tradeoff solutions of the workflows to
be a linear function with no correlation. For these reasons, the best optimal solution for the
three objective functions should be selected based on the makespan, cost and failure respec-
tively. In our evaluation, we identified two extreme points and one mid-point (the one closet
to the origin) to be makespan best, time best and mid-point solution to find out the system
effectiveness. We found out that the system improves (2.4,5.7) times for (makespan, cost)
for Epigenomics case with failure 1.9394x10~?, (3.0,0.17) times improvement with failure
1.1451x10~!* for Montage and (4.6,3.9) times improvement with failure 3.5094x10~!3 for
CyberShake respectively. Figure 4.18 and 4.19 show the experimental results using SPEA2
algorithm and the results are quite similar for all three workflows.

For the evaluation of the evolutionary algorithms, several quality indicators such as
convergence, diversity, inverse generational distance (IGD) and hypervolume exist. Among
these indicators, convergence and diversity values of the optimal solutions obtained from
the Pareto fronts over five independent test runs for 500 generations were used to calculate
the average values and standard deviations listed in Table 4.6. These quality indicator cal-
culations were conducted according to the DEAP framework, the smaller the convergence
and diversity values, the better. Convergence is a measure of the distance between the ob-

tained non-dominated front and the true Pareto optimal front. Convergence metric, -y is
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Figure 4.16: Cost_Makespan Pareto Solutions a, b, ¢, d for Three Workflows with Small,
Medium, Large and X-large input data size using NSGA-II
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Figure 4.17: Cost_Failure Pareto Solutions a, b, ¢, d for Three Workflows with Small,
Medium, Large and X-large Input Data Size using NSGA-II

91



° Epigenomics Workflow

03 ° (24 nodes)

Q

O o

01
0
60 80 100 120 140 160
Makespan
25
;e
®, Epigenomics Workflow
7 ° (46 nodes)
Q
O, ¢
L]
[ ]
0.5 °
0
50 150 250 350
Makespan

o)
8 30
20 °
L]
10 * °
® e
0 (]
0 1000 2000 3000 4000
Makespan
5000
[ ]
4000 ® . .
8 Epigenomics Workflow
7300 (997 nodes)
Q
O 2000 §
1000 \
0 L . .
0 10000 20000 30000
Makespan

180

450

5000

40000

0.008
0007 o
o005 © g _ Montage Workflow (25 nodes)
0.005
g 0.004 %*
o 0.003 ‘

[ ] %
o
0.002 % o0

0.001 ®

0.5 0.75 1 125 15 175 2 225

Makespan
(a)
0.045
0.04 [ ]
o Montage Workflow (50 nodes)
g 0.025 "
O 0.02 ‘
0.015 ‘ ‘
001 S, (]
° %o
0.005 o
0
05 1 15 2 25 3
Makespan

0.2

Montage Workflow
(1000 nodes)

5 0.‘
oo 0e o

9 11

M aké;pan
(d)

0.16
0.14
0.12

Q0.08

Y
®
‘ CyberShake Workflow (30 nodes)

°
®

CyberShake Workflow (50 nodes)

CyberShake Workflow (100 nodes)

9o @00 00

Soq e e g °

10 20 30 40
Makespan
(]
i CyberShake Workflow
(1000 nodes)
)
~ Swne Se oo
10 20 30 40
Makespan

Figure 4.18: Cost_Makespan Pareto Solutions a, b, ¢, d for Three Workflows with Small,
Medium, Large and X-large Input Data Size using SPEA2

92



[ ]
04 ® Epigenomics Workflow
03 (24 nodes)
Q
) 02 o
0.1 [ ]
0
0.005 0.01 0.015 0.02
Failure
25
) - o Epigenomics
- e  Workflow
B : o (46nodes)
8, <
[ ] [ ]
[ ] [ ]
05 ) e
[ ) [ ]
0
0 0.005 0.01 0.015 0.02
Failure
60
50
" Epigenomics
% Workflow
8 30 (100 nodes)
2 [ ] [ ] [ ]
AERe

0.005 0.01 0.015 0.02 0.025 0.03 0.035
Failure

5000
[ ]
1o ¢ Epigenomics
43000 i Workflow
Q (997 nodes)
O 2000 ]
1000 l
0 L2
0 0.0025 0.005 0.0075 0.01 0.0125
Failure

0.008
0.007 °
0006 Montage Workflow
0005 (25 nodes)
Q 0.004
0.003
0.002 ‘ ‘
0.001 °
0
0.005 0.015 0.025 0.035
Failure
(a)
0.05
oo s Montage Workflow
7 00 ' (50 nodes)
Q

O 0.02
0.01 .

0.01 0.0125 0.015 0.0175 0.02 0.0225
Failure
(b)
025
02 l Montage Workflow
1 015 (100 nodes)
Q
O 01
0.05 '
0 . L
0.01 0.015 U‘.UZ 0.025 0.03
Failure
(c)
30
25
» Montage
9 Workflow
8 15 (1000 nodes)
10
’ !
0
0.008 0.013 0.018
Failure

(d)

0.035
0.03 :
003 M o CyberShake Workflow
’ N . (30 nodes)
B o0 []
8 0.015 : :
0.01 : . .. .
0.005 ] e° °
0
0.005 0.015 0.025 0.035
Failure
0.16
014
012
o CyberShake Workflow
g oo (50 nodes)
0 0.06
0.04
0.02 ‘
0
0.005 0.01 0.015 0.02 0.025
Failure
0.6
o2 CyberShake Workflow
04 (100 nodes)
g 03
O

°
°
°
°
[
°
02 ‘ °

. .

0 0.01 0.02 0.03 0.04
Failure
60
°
50 .
CyberShake
- @ Workflow
Q 30 (1000 nodes)
o ]
20
10 I
. |
0.00894 0.00895 0.00896
Failure

Figure 4.19: Cost_Failure Pareto Solutions a, b, ¢, d for Three Workflows with Small,
Medium, Large and X-large Input Data Size using SPEA2

93



calculated by computing the minimum Euclidean distance of each obtained solution from
the chosen solutions on the Pareto-optimal front and then averaging those distances [26].

The metric is calculated as below:

Sy ldil

i (4.13)

Convergence, v =

where, d;= Euclidean distance between the obtained solutions and the nearest member of
the best non-dominated front

Diversity is a measure of the sufficiency of the obtained non-dominated solutions to
represent the range of the Pareto-optimal front.The equation for diversity calculation is de-

scribed in [14] as follows:

dr+d Nld —d
Diversity, A =/ * 1+ i |di—d] (4.14)
df+d;+ (N —1)d

where,
dy,d; = Euclidean distances between the extreme solutions and the boundary solu-
tions
d;= a solution on the best non-dominated front d;,i = 1,2,3, ..., (N — 1)

d= the average of all distances d;

The current research work focuses on optimization of scientific workflow execu-
tions in the cloud through MOEAs such as SPEA2, and NSGA-II. According to the exper-
imental results, the ability to identify the Pareto optimal solutions of SPEA2 and NSGA-II
are virtually the same. In some cases, SPEA2 gives better convergence and diversity val-
ues than NSGA-II. However, a longer execution time is required by SPEA2 which is very

important for the search process during workflow optimization. In MOEAs such as SPEA2
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and NSGA-II, the most important parts of the algorithms are in fitness assignment based

on Pareto-domination: domination counts, non-dominated sorting, and identification of the

non-dominated solutions. These processes can be done within O(M N?), where M is the

number of objectives and N is the population size in both SPEA2 and NSGA-II. The time

complexities of SPEA2 and NSGA-II are beyond the scope of this paper, but interested

readers can refer to Jessen [18] for further details on the time complexities of MOEAs.

Table 4.6: Convergence, Diversity and Execution Time for SPEA2 and NSGA—II

Workflow itl;‘f; Ave. Conv. (+0) |  Avg. Div. (+0) A(ijxec‘ (sec)
Epigenomics 24 | SPEA2 | 0.0210 (£ 0.0103) | 1.8596 (£ 0.0348) | 409.3682 (+ 46.8026)
NSGA-II | 0.0140 (£0.0036) | 1.8728 (4 0.0140) | 47.7937 (+ 11.3710)
Montage 25 SPEA2 | 0.0008 (+ 0.0020) | 1.5249 (& 0.1714) | 377.6937 (4 28.2203)
NSGA-I | 0.0039 (£ 0.0022) | 1.5211 (+0.1776) | 44.0162 (+ 2.9298)
CyberShake 30 | SPEA2 | 0.0086 (4 0.0007) | 1.3504 (£0.0020) | 433.8772 (+£12.7594)
NSGA-I | 0.0076 (£ 0.0014) | 1.3540 (4 0.0040) | 40.6471 (+ 9.8157)
Epigenomics 46 | SPEA2 | 0.1301 (& 0.0803) | 1.7365 (£ 0.0594) | 410.9416 (£ 85.4199)
NSGA-I | 0.0690 (£ 0.0144) | 1.7658 ( 0.0165) | 48.2626 (+ 6.2828)
Montage 50 SPEA2 | 0.0029 (+ 0.0051) | 1.5091 (4 0.1759) | 410.9416 ( 85.4199)
NSGA-I | 0.0057 (£ 0.0037) | 1.5958 (+ 0.2331) | 47.1161 (+ 9.0593)
CyberShake 50 | SPEA2 | 0.0318 (& 0.0046) | 1.2235 (£ 0.0954) | 411.7136 (£15.8681)
NSGA-II | 0.0234 (£ 0.0034) | 1.2973 (+ 0.0474) | 44.9424 (+9.5771)
Epigenomics_100 | SPEA2 | 0.0996 (& 0.0856) | 1.7282 (£ 0.0141) | 409.5439 (+ 24.9837)
NSGA-II | 0.1371 (£ 0.2226) | 1.7210 ( 0.0129) | 59.5994 (+ 8.7646)
Montage_100 SPEA2 | 0.0070 (+ 0.0062) | 1.3036 (4 0.2084) | 382.4262 (+ 24.2236)
NSGA-I | 0.0162 (£ 0.0137) | 1.4850 (4 0.1835) | 54.1009 (+ 3.8788)
CyberShake 100 | SPEA2 | 0.0703 (£ 0.0128) | 1.0123 (£ 0.1563) | 402.9489 (+ 11.9935)
NSGA-II | 0.0472 (+ 0.0131) | 1.2627 (+ 0.1153) | 50.3276 (+ 9.6360)
Epigenomics 997 | SPEA2 | 2.4378 (2.3017) | 1.5537 (£ 0.0589) | 545.1640 (& 17.8064)
NSGA-Il | 10.075 (+ 4.431) | 1.5512 (4 0.0568) | 193.7554 (+ 10.1521)
Montage 1000 | SPEA2 | 0.0118 (& 0.0210) | 1.5282 (£ 0.1355) | 560.4173 (& 82.2385)
NSGA-I | 0.0972 (+ 0.0972) | 1.5802 (4 0.1836) | 216.3977 (+ 22.6453)
CyberShake 1000 | SPEA2 | 0.3411 (£ 0.1213) | 1.2386 (£ 0.1502) | 561.0543 (£ 56.9944)
NSGA-II | 0.2325 (+ 0.0526) | 1.3233 (+ 0.1178) | 164.8595 (+ 6.7466)
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4.6.3.3 Experimental Results for Four-objective Optimization

Figures. 4.20 shows the optimal solutions identified by the proposed system for 4 ob-
jective optimizations. The experiments were conducted with a population size of 100 evolv-
ing over 300 generations with crossover probability 0.7 and mutation probability 0.0625,
0.055 and 0.125 in accordance with the number of levels in the workflows (Epigenomics,
Montage, and CyberShake) using NSGA-III. The following 3D images illustrate three ob-
jectives while specifying the fourth objective values as color bar. The experiments give
Pareto solutions that are identified during the optimization process for all three workflows
on three different input data sizes. Further details of the experimental results are discussed

in the ensuing chapter.

4.7 Related Work and Discussion

The use of cloud in scientific experiments is a popular alternative because transferring
large volumes of data to processing nodes is impractical in this era of continuously increas-
ing Big Data. However, the right virtual machine instance selection for a specific applica-
tion is a challenging problem for the cloud users. Thus, optimization system approaches
that easily facilitate optimized cloud resource selection are actively being researched.

Workflows represent complex distributed scientific computations that comprise many
tasks, the execution of which may require many complex modules and software [28].
Workflow optimization of scientific applications has become an interesting research area
in this era of continuously increasing Big Data. Thus, various single-objective and multi-
objective optimization strategies have been proposed. The proposed single-objective opti-
mization strategies primarily focused on developing effective scheduling strategies to re-
duce makespan.

Tanaka et al. [19] proposed a data-aware scheduling strategy that reduces makespan

by minimizing data movement between cluster nodes. However, their strategy can only
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Figure 4.20: Pareto Solutions a, b, and ¢ for Three Workflows with Small, Medium, and
Large Input Data Size using NSGA-III

operate with homogeneous resources during workflow execution and is not suitable for use
in cloud environments. Chen et al. [28] proposed a workflow scheduling strategy that uses
horizontal or vertical task clustering techniques to reduce the schedule overhead during
workflow execution. Yan et al. [3] proposed a novel probability evaluation-based schedul-
ing algorithm to address the problem of workflow deadline guarantee. They showed that

their approach is effective in terms of adaptability and predictability under deadline con-
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straints, but improvements in deadline distribution is still necessary. Kaur et al. [21] pro-
posed workflow scheduling in clouds using the augmented shuffled frog leaping algorithm
(ASFLA). They improved the original shuffled frog leaping algorithm (SFLA) to speed
up the overall execution time of the workflow. Experiments conducted showed significant
reduction in overall workflow execution time, but resource usage cost was not accounted
for in the system. Poola et al. [4] presented a resource scheduling algorithm for workflow
execution on heterogeneous cloud resources along with makespan and cost minimization.
However, the robustness and effectiveness of their proposed system depend on an increased
budget. Zhu et al. [30] proposed a multi-objective workflow scheduling approach for
cloud infrastructure. In their proposed approach, they enhance the evolution process of
their optimization by introducing two novel crossover and mutation operators. They con-
ducted experiments based on actual pricing and resource parameters on Amazon EC2, but
did not consider task dependencies during workflow executions and simply assumed that
all tasks can be executed in parallel. Zhang et al. [17] proposed bi-objective workflow
optimization on energy consumption and reliability in heterogeneous computing systems.
Single-objective and multi-objective workflow execution optimization has been conducted
on Cluster, Grid, and Cloud Infrastructure in recent years. Single-objective optimization
approaches are focused on minimizing the workflow makespan through scheduling [3] [11]
[17] and task clustering approach [28]. However, single-objective optimization is not suf-
ficient for data intensive workflows. Our proposed method is focused on multi-objective
workflow execution optimization in the cloud infrastructure. Although similar work [4]
[21] has been carried out on cloud infrastructure, the approaches employed have limita-
tions in terms of resource elasticity and task dependencies. Moreover, previous studies do
not cover important issues associated with VM instances such as VM failure probability.

Our proposed approach addresses these issues as follows:

1. Randomized search-based resource selection to better fit resource usage
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2. Level-wise task processing approach for task dependencies and resource elasticity
3. Balanced Task Clustering for better load balancing and resource sharing

4. Optimized workflow execution on three-objectives (including cloud SLA related ob-

jectives)

Throughout our research, first we conducted unconstrained multi-optimization then we ex-
tend the system to include constraints during optimization of four objective functions, i.e.,
minimization of workflow makespan, instance resource cost, probability of instance fail-
ures and maximization of instance availability probability without violating the task de-
pendencies of the workflow in the cloud infrastructure. In this way, the proposed system
helps with the selection of the right resources through multi-objective optimization during

workflow executions that benefits both stakeholders (users and cloud service providers).

4.8 Conclusion

Many workflow optimization studies have been conducted on grid computing systems
as well as in the cloud. However, a cost-effective alternative for scientific workflow exe-
cutions with pay-per-use paradigm to provide services with the best performance and the
cheapest virtual machine deployment cost is still challenging. In this study, we addressed
this problem by modeling the workflow optimization problem as a multi-objective opti-
mization problem using NSGA-II and NSGA-III in the cloud.

To solve the multi-objective workflow optimization problem, we used a fixed-length
encoding scheme to represent a random number of VMs that can be used in each level of
the workflow. Based on the random initial chromosome population, the evaluation pro-
cess was conducted, and the respective fitness values of the chromosomes calculated. We
evaluated the proposed approach on three real-world workflows available from the ongoing

Pegasus research project [34]. Our experimental results show that the system can speed up
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makespan with an acceptable cost tradeoff. The results also highlight that optimization de-
pends on the structure of the workflow, i.e., the more parallelized tasks there are in the level,
the more the makespan time can be reduced. Our current work is focused on constrained
workflow execution optimization without violating the dependency and load balancing of

the machine instances during workflow execution.
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Chapter 5

Discussion

This dissertation dealt with two major forms of Big Data applications optimization. The
first is Hadoop configuration optimization by conducting parameter tuning using steady-
state Non-dominated Sorting Genetic Algorithm ssNSGA-II. The second is scientific work-
flow application execution optimization in the cloud computing infrastructure using SPEA2,
NSGA-II, and NSGA-III. This chapter presents our research findings obtained during our

associated experimentations.

5.1 Hadoop Configuration Optimization

Hadoop configuration optimization is very challenging because of the complexity of
its framework. Further, optimized Hadoop parameter configuration settings depend sig-
nificantly on the performance of MapReduce applications in the cluster. Although much
research has been conducted on Hadoop parameters configuration optimization, configur-
ing its resource setting parameters to minimize the execution time of MapReduce jobs in
clusters still the subject of much research. In addition, determining the type of machine in-
stances that should be used to minimize the resource usage cost for executing applications

in clusters is also difficult. We addressed these problems by optimizing the instance re-
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source usage and execution time of MapReduce tasks using the multi-objective steady-state
Non-dominated Sorting Genetic Algorithm II (ssNSGA-II) approach. In this approach, the
instance resource usage cost of MapReduce tasks is calculated based on the cost of ma-
chine instance types and the number of machine instances in the Hadoop cluster. The
optimized configuration is identified by selecting an optimal setting that satisfies two ob-
jective functions associated with instance resource usage and execution time minimization,
from Pareto-optimal front solutions. We conducted our proposed methodology verification
on Hibench Benchmark with four types of workload. According to the result, terasort, sort
and wordcount workloads showed that, all the parameter settings on these workloads have
a significant effect on the objective functions as the points in the scatter plot are sparse for
each machine instance type. In contrast, the results on pagerank had overlap points, indicat-
ing that YARN and YARN related parameters have greater effect on this type of workload.
The experiments were executed on a real Hadoop cluster with cloud virtual machine in-
stances. The experiments required restarting of the cluster with new parameters in each
evaluation run with long experiementation time to calculate the fitness function for each
chromosome. According to our research, in order to identify the optimal Hadoop parame-
ters, approximately 9 hours was required for sort workload, 6 hours for terasort workload,
9 hours for wordcount workload and 14.5 hours for pagerank workload application. We
conducted 150 evaluations for bi-objective optimization system because of the costly ex-
perimental iterations of Hadoop Parameter optimization. The experiments were conducted
using 2.98 GB input for Micro-Benchmark and 5000 pages for the pagerank benchmark
program. Although, we could not obtain the Pareto solution for x-large machine instances,
our system was able to identify Pareto solutions for large, medium and small machine in-
stances. The results indicate that large and medium instance type clusters can give suitable
tradeoff between the two objective functions. The proposed bi-objective Hadooop parame-
ter optimization was conducted with static Hadoop cluster size and dynamic cluster sizing

is out of consideration of this research.
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5.2 Scientific Workflow Execution Optimization

Cloud computing in the field of scientific applications such as scientific big data pro-
cessing and, Big Data analytics has become popular because of its service-oriented model
that provides a pool of abstracted, virtualized, dynamically scalable computing resources
and services on demand over the Internet. However, resource selection to make the right
choice of instances for a certain application of interest is a challenging problem for re-
searchers. In addition, providing services with optimal performance at the lowest financial
resource deployment cost based on user’s resource selection is quite challenging for cloud
service providers. Consequently, it is necessary to develop an optimization system that can
provide benefits to both users and service providers. This issue motivated this research
to conduct scientific workflow optimization as a constrained multi-objective optimization
problem in the cloud infrastructure. Our review of the literature showed that there were
limitations associated with task control dependencies, resource sharing, and load balancing.
To alleviate these limitations, the proposed approach realizes optimization using a balanced
task clustering approach in executing scientific workflow applications. Moreover, most of
the related work do not cover important factors related with virtual machine instances that
can significantly affect the cloud service level agreement (SLA). Thus, in our approach,
we proposed a new mathematical model for constrained multi-objective resource optimiza-
tion of scientific workflows in the cloud. The details of our model have been discussed in
the previous chapter. The model effectiveness was verified using SPEA2, NSGA-II, and
NSGA-III for three models. For the 2-objective optimization case, we proposed an opti-
mization model and experimentations were conducted using a private cloud system model.
The private cloud system was modeled by referencing the Hokkaido University academic
cloud system, which supports four kinds of VM instances (small, medium, large and ex-
large). The Pareto-optimal solutions obtained are shown in Figure 5.1 in which we selected

some solutions such as extreme point Pareto solutions, one of the near optimal solutions,
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to identify the model effectiveness. Then, we calculated the cost-makespan differences of

the extreme point Pareto solutions with the selected near-optimal solution closest to the

origin. We conducted

workflow applications.

these evaluations for the Epigenomics, Montage and CyberShake

We found that our model is highly effective because the efficiency

in any cost-makespan objective is always better than the amount of tradeoff. For exam-

ple, according to Figure 5.1, choosing the near-optimal solutions (cost, makespan) with

(¥242.396, 25148.16s),

we obtained 9 times cost efficiency or 16 times time efficiency by

taking small tradeoffs from the extreme point solutions. The situation holds for all three

workflow applications in our experiment as shown in Figures 5.2 and 5.3, respectively.
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CyberShake Workflow (100 task nodes)
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Figure 5.3: Cost-Makespan Pareto Solutions for CyberShake Workflow on Private Cloud
System.

The public cloud system model that supports 25 VM types was used in 3-objective
and 4-objective optimization of scientific workflow optimization experiments. According
to the 3-objective optimization experimental results, the proposed optimization model can
obtain Pareto solutions for cost-makespan cases. However, for the cost-failure case, we
identified that these two functions only have a weak-correlation in all experimental work-
flows. Although some confirmation is necessary for weakly correlated function cases, the
experimental results show a significant efficiency in terms of cost reduction and time saving
with (5.7, 2.4) times for Epigenomics workflow application, (0.17, 3.06) times for Montage
workflow application, and (3.9,4.6) times improvement for CyberShake workflow applica-
tions compared with the extreme point solutions from the Pareto Front for 100 task nodes
after the optimization process. The evaluations of those results are shown in Figures 5.4-
5.6. For the cost-failure case, even though there are some outliers in the result, the optimal

resource setting can be selected through the red-boundary regions shown in Figure 5.7-5.9.

From the 4-objective optimization experimental results, the optimal cost-makespan
solution should be the one that is as close to the X,Y origin as possible because the two
objective functions are minimization functions. The objective functions for availability and
failureprobability are two contrasting functions (maximize and minimize). The shape of the

Pareto solutions for different input data sizes of the same workflow type is similar for all
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Figure 5.4: Cost-Makespan Pareto Solutions for Epigenomics Workflow on Public Cloud
System.
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Figure 5.5: Cost-Makespan Pareto Solutions for Montage Workflow on Public Cloud Sys-
tem.

Epigenomics, Montage, and CyberShake. The optimal solution for the four objective func-
tions will be lower than the specified D, (3, ¢ values for all cases. The system constrains the
boundary of failures, ¢ to be not more than 0.02337; thus, all optimal solutions have fewer
failures with high availability probability within the specified deadline and budget during
workflow execution. We extracted cost-makespan Pareto solutions from the 4-objective
functions results for better readablility as shown in Figures 5.10-5.12. Some mid-point
Pareto solutions for the three workflows cases are described in their respective tables (Ta-

bles 5.1 - 5.12) for 4-objective optimization. According to the experimental results, the
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System.
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tem.

lower the number of workflow levels, the better the failure probability during execution.
The experimental results also hightlight that our proposed optimization model is able to
identify the optimal resource setting for each input application for 4-objective functions
such as cost, makespan, failure probability and availability probability during workflow
execution. Offline resource optimization of scientific workflow applications considering
SLA in the cloud is conducted but real-time resource optimization is out of consideration
of this research.
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Figure 5.10: 4-Objective, Cost-Makespan Pareto Solutions for Epigenomics Workflow.
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Table 5.1: Resource Setting for Epigenomics Workflow (Red Point Solution)

. Number of

Level No. Machine Type Virtual Machines
1 c4.4xlarge 1

2 m3.large 23

3 m3.medium 8

4 c4.xlarge 2

5 c4.8xlarge 3

6 m3.large 1

7 c3.xlarge 1

8 c4.xlarge 1

Table 5.2: Optimized 4-objective Values for Epigenomics Workflow (Red Point Solution)

Failure Availability
Cost ($) Makespan (sec) Probability Probability
6.8977 2334.7681 0.0000000227 0.9960077901

Table 5.3: Resource Setting for Epigenomics Workflow (Green Point Solution)

. Number of

Level No. Machine Type Virtual Machines
1 c3.large |

2 c3.2xlarge 17

3 m4.4xlarge 1

4 m4.2xlarge 23

5 c4.8xlarge 1

6 m3.large 1

7 c3.xlarge 1

8 m3.xlarge 1

Table 5.4: Optimized 4-objective Values for Epigenomics Workflow (Green Point Solution)

Failure Availability
Cost ($) Makespan (sec) Probability Probability
25141 5971.53778 0.0000001892 | 0.9954103348
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Figure 5.11: 4-Objective, Cost-Makespan Pareto Solutions for Montage Workflow.

Table 5.5: Resource Setting for Montage Workflow (Red Point Solution)

. Number of

Level No. Machine Type Virtual Machines
1 c4.4xlarge 13

2 c4.8xlarge 24

3 c4.xlarge 1

4 r3.xlarge 1

5 r3.4xlarge 5

6 c3.xlarge 1

7 c4.xlarge 1

8 c3.4xlarge 1

9 c3.xlarge 1

Table 5.6: Optimized 4-Objective Values for Montage Workflow (Red Point Solution)

Failure Availability
Cost ($) Makespan (se¢) | p, bability Probability
0.1350 10.1594 0.0000000002 0.9952112627
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Table 5.7: Resource Setting for Montage Workflow (Green Point Solution)

. Number of

Level No. Machine Type Virtual Machines
1 m4.10xlarge 2

2 c4.4xlarge 17

3 c4.4xlarge 1

4 m4.xlarge 1

5 c3.8xlarge 12

6 c4.8xlarge 1

7 c3.xlarge 1

8 c3.large 1

9 r3.xlarge 1

Table 5.8: Optimized 4-Objective Values for Montage Workflow (Green Point Solution)

Failure Availability
Cost (§) Makespan (sec) Probability Probability
0.1185 12.9820 0.0000000003 | 0.9963066522
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Figure 5.12: 4-Objective, Cost-Makespan Pareto solutions for CyberShake Workflow.

Table 5.9: Resource Setting for CyberShake Workflow (Red Point Solution)

. Number of
Level No. Machine Type Virtual Machines
1 c4.4xlarge 4
2 c4.8xlarge 22
3 c3.8xlarge 1
4 c3.2xlarge 42
5 m3.xlarge 1
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Table 5.10: Optimized 4-Objective Values for CyberShake Workflow (Red Point Solution)

Failure Availability
Cost ($) Makespan (sec) Probability Probability
0.1357 10.7083 0.0 09930240954

Table 5.11: Resource Setting for CyberShake Workflow (Green Point Solution)

Table 5.12: Optimized 4-Objective Values for CyberShake Workflow (Green Point Solu-

. Number of
Level No. Machine Type Virtual Machines
1 c4.8xlarge 6
2 c4.xlarge 3
3 m3.medium 1
4 m3.medium 30
5 c3.large 1

tion)
Failure Availability
Cost ($) Makespan (sec) Probability Probability
0.1295 102.3708 0.0 0.9959081894

117




Chapter 6

Conclusion and Future Work

6.1 Conclusion

Resource optimization of Big Data application is a critical issue in current advanced
computing infrastructures such as Hadoop and the cloud. This research was conducted with
the objective of improving the efficiency of Big Data application in these two technologies.
The contributions of this thesis are as follows. First, Hadoop becomes a popular option for
executing Big Data applications because of its fault tolerance, scalability and cost saving.
However, parameter configuration is a key factor and it is very difficult to identify the pa-
rameters that significantly affect the performance of an application. Moreover, identifying
application-oriented optimized machine instances for Hadoop cluster setup is very diffi-
cult. To tackle the above issues, we proposed an offline Hadoop configuration optimiza-
tion methodology that optimizes the execution time and instance cluster setup cost using
ssSNSGA-II. The experimental results verify that our methodology improves the executions
of Big Data applications in Hadoop infrastructures. Dynamic cluster resizing represents
possible future direction of this Hadoop parameter optimization research.

Second, utilization of cloud systems in scientific computing has gained prominence

throughout the years because of the cloud’s scalability and flexibility. However, machine
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instance resource selection for scientific workflow applications with the best performance,
the cheapest deployment cost and minimum failure probability is still challenging in the
cloud. Without proper resource selection, user dissatisfaction (owing to high costs and un-
reliable result data) can affect service providers’ business. In this study, we addressed this
problem by modeling the scientific workflow optimization problem as unconstrained opti-
mization problems using SPEA2 and NSGA-II in the cloud. During workflow optimiza-
tion, a fixed-length integer chromosome was used to represent a random number of VMs
that can be deployed at each level of the workflow. The optimization process was conducted
based on the random initial chromosome population and the respective fitness values of the
chromosomes calculated. Our experimental results obtained on three real-world workflows
available from the ongoing Pegasus research project show that the proposed system reduces
makespan with an acceptable cost tradeoff and instance failure in the 3-objective optimiza-
tion case. The results also indicated that the two objective functions (makespan and in-
stance cost) are strongly related with each other, whereas failure minimization objective
values are weakly related or have no relation with the other two functions in some cases.
In the later experiments, we addressed the cloud resource selection problem with deadline,
budget and failure probability constraints by modeling the workflow optimization prob-
lem as a constrained multi-objective optimization problem using NSGA-III. Four-objective
optimization was conducted with three constrained minimization objectives and one maxi-
mization objective. Our work focused on offline workflow execution optimization without
violating the constraints, task dependencies and load balancing of the machine instances
during workflow execution. Implementation of the proposed model on actual commer-
cial cloud infrastructures will be future direction of this research. In addition, real-time
multi-objective optimization of workflow execution can further extend of this proposed

optimization system.
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