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Abstract

Elasticity and cost-effectiveness are two key features for ensuring

that cloud-based web services appeal to more businesses. However,

true elasticity and cost-effectiveness in the pay-per-use cloud business

model has not yet been fully achieved. The explosion of cloud-based

web services brings new challenges to enable the automatic scaling up

and down of service provision when the workload is time-varying.

This research studies the problems associated with these challenges.

It proposes a novel scheme to achieve optimised auto-scaling for cloud-

based web services from three levels of cloud structure: Software as a

Service (SaaS), Platform as a Service (PaaS), and Infrastructure as a

Service (IaaS). At the various levels, auto-scaling for cloud-based web

services has different problems and requires different solutions.

At the SaaS level, this study investigates how to design and develop

scalable web services, especially for time-consuming applications. To

achieve the greatest efficiency, the optimisation of service provision

problem is studied by providing the minimum functionality and fastest



scalability performance concerning the speed-up curve and QoS (Qual-

ity of Service) of the SLA (Service-Level Agreement). At the PaaS

level, this work studies how to support dynamic re-configuration when

workloads change and the effective deployment of various kinds of web

services to the cloud. To achieve optimised auto-scaling of this deploy-

ment, a platform is designed to deploy all web services automatically

with the minimal number of cloud resources by satisfying the QoS of

SLAs. At the IaaS level for two infrastructure resources of virtual ma-

chine (VM) and virtual network (VN), this research focuses on study-

ing two types of cloud-based web service: computation-intensive and

bandwidth-intensive. To address the optimised auto-scaling problem

for computation-intensive cloud-based web service, data-driven VM

auto-scaling approaches are proposed to handle the workload in both

stable and dynamic environments. To address the optimised auto-

scaling problem for bandwidth-intensive cloud-based web service, this

study proposes a novel approach to predict the volume of requests

and dynamically adjust the software defined network (SDN)-based

network configuration in the cloud to auto-scale the service with min-

imal cost.

This research proposes comprehensive and profound perspectives to



solve the auto-scaling optimisation problems for cloud-based web ser-

vices. The proposed approaches not only enable cloud-based web

services to minimise resource consumption while auto-scaling service

provision to achieve satisfying performance, but also save energy con-

sumption for the global realisation of green computing. The perfor-

mance of the proposed approaches has been evaluated on a public

platform (e.g. Amazon EC2) with the real dataset workload of web

services. The experiment results demonstrate that the proposed ap-

proaches are practicable and achieve superior performance to other

benchmark methods.
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Chapter 1

Introduction

Cloud computing has achieved great success as a service oriented computing

paradigm and is rapidly becoming the next generation computing environment

in which the resources of storage, computation, network and applications are pro-

vided as services through the Internet. Moreover, this new computing paradigm

facilitates the delivery of computing as an on-demand service, or “pay-as-you-

go”, similar to the delivery of other public utilities, such as electricity and gas.

Major commercial cloud vendors have achieved great success by providing flexi-

ble “pay-as-you-go” or “on-demand” services with various service instance types

and plans to meet customers’ computing needs, supported by a large number of

distributed cloud resources. For example, Amazon EC2 provides three families of

cloud computing resources (on-demand, reserved, spot), and each family includes

several service instance types. Various service instance types operate at different
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quality of service (QoS) levels and have variable prices.

These pay-as-you-go or on-demand cloud services can be categorised into Soft-

ware as a Service (SaaS), Platform as a Service (PaaS) and Infrastructure as a

Service (IaaS). In SaaS business models, users can access software applications

and databases. SaaS is also referred to as “on-demand software” and is usually

priced on a pay-per-use basis using a subscription fee. In PaaS models, cloud

providers deliver computing platforms as services which typically include the

operating system, programming language execution environment, database, and

web servers. To deploy and develop software applications on the PaaS platform,

the complex management environment for underlying hardware and software is

not considered. The most popular service model for IaaS providers is to offer

computing resources via virtual machines, according to the IETF (Internet Engi-

neering Task Force). With the newly emerged Software Defined Network (SDN)

techniques, network resources can be provided as new infrastructure resource

services.

A web service is a communication method between two electronic devices

over a network and is widely used in web applications. With the widespread

development of various application frameworks, different modules within the same

web application usually communicate with each other via web services. Thus the

scalable problem is currently becoming the main challenge for web service delivery.

Requests for web services mainly come from Internet users, and the workloads

2



of web services are therefore time-varying and visit bursts for web applications

inevitably occur. To address these challenges, web services are required to be

auto-scalable with time-varying workloads.

To address the auto-scaling problem and achieve optimal performance on

SaaS, there are two main resource optimisation strategies. One is to allocate a

minimal amount of computational resource to accomplish computation tasks by

considering the given time limitation and computation complexity. This strategy

relates to parallel programming and optimisation algorithms. Another strategy

is to allocate a minimal amount of resource to tackle the numerous requests by

considering SLAs (Service Level Agreements). This method cannot be solved at a

separate SaaS level alone, as it involves in-platform deployment and infrastructure

resource allocation.

PaaS can be considered as a large container for deploying different kinds of

services and algorithms. Given a time-varying workload for various services and

algorithms, how to allocate the minimum number of servers and how to configure

each server’s platform to tackle the changing workload while satisfying SLAs be-

comes a big challenge. Under these circumstances, the configuration optimisation

platform must be adaptable and self-configurable in order to continuously meet

QoS requirements for applications with workload intensity.

In IaaS business models, cloud operational systems can support large numbers

of virtual machines (VMs) and are able to scale services up and down according to

3



users’ requirements. VMs are one of the most important infrastructure resources

for cloud services. During each time unit, service users are charged by the number

of VMs consumed, therefore service users are motivated by pursuing minimal cost

with optimal numbers of VMs while satisfying performance requirements. With

the emergence of new SDN techniques, therefore the consumed network resources

are able to be allocated as “on-demand” services. When the SDN is integrated

into cloud computing, the network resource will become a new scalable cloud

service. The allocation of optimal network resource to satisfy bandwidth-intensive

cloud online application providers, such as Video-on-Demand (VoD) providers, is

a new challenge.

1.1 Research Questions

This research aims to optimise resource allocation for auto-scaling web services

in the cloud computing environment. This kind of service is defined as an Auto-

scaling Cloud-based Web Service (ACWS) in this thesis. This research

focuses on resource auto-scaling optimisation from the three perspectives of SaaS,

PaaS and IaaS. In particular, this work studies the computation resource and

network resource separately at the IaaS level. The research problems are drawn

out as follows:

Q1: How should an optimised auto-scaling application from the the

4



SaaS level for cloud-based web services be designed?

For time-consuming applications, web services are required to be auto-scalable to

achieve efficient accomplishments within a given time by increasing the computa-

tion resource (i.e.servers). In cloud-based web services, auto-scaling services aim

to minimise the cost of the resource while satisfying the performance requirement

(i.e. the QoS of SLAs). A successful cloud web service contains two components:

an optimally designed parallel cloud application and a self-adaptive resource al-

location system. This question focuses on the first component, and the following

three questions address the second component.

Q2: How should an optimised auto-scaling platform from the PaaS

level for cloud-based web services be designed?

A cloud web service platform needs to provide services to satisfy time-varying

workload visits. A self-adaptive method is required to allocate the optimised

amount of resource to tackle time-changing workloads while satisfying QoS. More-

over, the platform needs to provide multiple kinds of web service. The question

addresses how to auto-configure these services to the platform to achieve optimal

cost and satisfactory performance.

Q3: How should optimised auto-scaling resource allocation from the

IaaS level for computation-intensive cloud-based web services be de-

signed?

Computation resource is one of the most important infrastructure resources in

5



the cloud computing system. For computation-intensive cloud web services, opti-

mised resource allocation achieves a trade-off between cost and QoS. How to pre-

dict the workload and how to estimate the optimal volume of resource to satisfy

QoS are the new challenges. To simplify the situation, this study only considers

one kind of web service, namely the single-service scenario. The scenario of mul-

tiple kinds of service can be solved by integrating the result of Question 2 with

the solutions of the single-service scenario.

Q4: How should optimised auto-scaling resource allocation from the

IaaS level for bandwidth-intensive cloud web service be designed?

Network resource is another important infrastructure resource in a cloud com-

puting system, especially for bandwidth-intensive cloud web services, such as

VoD (Video-on-Demand). Similar to Question 3, web service visits need to be

predicted in advance, and then allocated on the optimal volume of resource from

private clouds or public clouds. The optimisation value is also a trade-off between

the cost and the QoS.

1.2 Research Objectives

A web service system consists of web service programs, service configuration

platform, and the necessary infrastructure resource, e.g. VMs and networks.

To enable cloud-based web service systems to be auto-scaling, these web service

6



components are allocated at different levels of cloud paradigm. Particularly, the

service program is set up at the level of SaaS, the configuration platform can

be allocated at the level of PaaS, and the infrasructure resource components are

related to the level of IaaS. This study thus proposes four primary objectives

based on this allocation consideration and the identified research questions:

Obj1: To enable application auto-scaling for time-consuming cloud-

based web services (aims to answer Q1);

This research will investigate how to develop the scalability of web service appli-

cations in the cloud computing environment. In particular, this work will carry

on the research work from a case study - a time-consuming web application (i.e.

recommendation application) - and will implement the application on a popular

cloud platform, Hadoop. Once the scalable program has been developed, the

optimised resource allocation for this cloud web service can then be solved.

Obj2: To develop a self-adaptive configuration optimisation plat-

form for cloud-based web services (aims to answer Q2);

Considering that workloads are time-varying, the platform is required to self-

adaptively allocate resources to tackle the requests. The challenge of optimised

resource allocation is how to make a trade-off between the cost and QoS. Be-

cause the platform needs to support multiple kinds of service, another challenge

is how to configure the services on the platform, particularly in respect of de-

ploying services on different servers to minimise the cost and satisfy the QoS of
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the SLA. In summary, the platform is required to be a self-adaptive configuration

optimisation system.

Obj3: To propose an optimisation methodology to allocate compu-

tational resources for auto-scaling computation-intensive cloud-based

web services (aims to answer Q3);

The computation-intensive web service provider can utilise cloud computing for

auto-scaling; the challenge is how to define an optimal scaling method by lever-

aging cost and QoS. To make the methodology practicable, this work forecasts

the workload by integrating time series analysis and predictive-based techniques.

Queueing theory and optimisation techniques are studied to estimate the optimal

volume of computation resource.

Obj4: To propose a optimisation methodology for allocating net-

work resources for auto-scaling bandwidth-intensive cloud web service

(aims to answer Q4);

The SDN-based cloud infrastructure resource enables bandwidth-intensive web

service providers to self-adaptively allocate network resources. To develop time-

varying adaptive optimisation algorithms, requests for web services need to be

predicted and the optimal value for the network resource must be evaluated.

With this method, web service providers can minimise their network cost while

satisfying the QoS of SLAs.

8



1.3 Research Significance

The main significance of the proposed work can be summarised from the following

three aspects:

• This work provide a novel solution to the auto-scaling problems of

cloud-based web services from multiple levels of cloud computing

This study proposes an overall solution for auto-scaling cloud-based web

services by exploring the research questions at three levels: SaaS, PaaS and

IaaS. At the SaaS level, the auto-scaling solution focuses on efficiently scal-

ing the program of the application. At the PaaS level, the work develops an

auto-configuring platform for multiple kinds of web services to achieve ser-

vice auto-scaling. At the IaaS level, the auto-scaling solution concentrates

on the optimised allocation for infrastructure resources.

• Optimised resource allocation can save cost and reduce energy

consumption

The optimised resource allocation solution can directly save cost for web

service providers. Moreover, the saved energy consumption not only con-

tributes to savings for service providers but also benefits the global environ-

ment. The optimisation solutions achieve the best trade-off between cost

and QoS. All optimisation results incur minimal cost while satisfying the

QoS of SLAs.

9



• Self-adaptive platform can fit the time-varying workload scenario

of cloud-based web services

The self-adaptive platform can change the volume of allocated resources to

tackle the time-varying workload of cloud-based web services in real time.

This self-adaptive platform can also configure multiple kinds of service to

the allocated servers so that the utilisation of resources is high and the

system is robust for the visit burst scenario of web services.

• This work allocates optimal resources combining prediction, mod-

elling and optimisation

To achieve the best performance and robustness, the system not only proac-

tively allocates resources, but also adjusts resource in real time correspond-

ing to the real changed workload. To forecast the workload, this study

develops a data-driven perdition method by integrating time series analysis

with machine learning techniques. Based on the predicted results, the visit

workloads, allocated resource and performance are modelled as a queueing

theory system to achieve a trade-off between cost and QoS.

1.4 Research Methodology

This section presents the designed methodology for the study, in which the prob-

lem is first confirmed and the objectives identified, and then a solution is proposed
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and implemented. Lastly the proposed solutions will be tested and evaluated

through experiments to achieve the expected research outcomes. The testing and

evaluation process modifies the solution iteratively until satisfactory results are

obtained.

To achieve the research objectives (presented in section 1.2), the following

four main tasks will be completed.

• Develop a parallel algorithm for the time-consuming cloud-based web ser-

vice on SaaS (to achieve Obj1):

For a time-consuming cloud-based web service, the main challenge is pro-

gram parallelisation of the web service. To obtain auto-scaling properties

from cloud systems, the web service program needs to be developed fol-

lowing the rules of cloud platforms, i.e. Map-Reduce. In this work, a

recommendation algorithm (i.e. collaborative filtering) is studied as the

special case for time-consuming cloud-based web service. This algorithm

can recommend products to the targeted customer according to the pur-

chase history of all existing customers. It is a time-consuming process due

to the large-scale purchase history data. The parallel web service program

can speed up the performance by allocating numerous computational re-

source from cloud systems.

• Develop a platform of the self-adaptive configuration optimisation system
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(to achieve Obj2):

As the cloud web service platform has time-varying visit workloads, this

work needs to develop a self-adaptive system to fit the time-changing re-

source volume. Moreover, the platform needs to support multiple kinds of

web services, thus a study of the self-configuration of different services to

cloud servers is required. Considering the system’s robustness, not all cloud

servers can simply be set up to support all services, nor can one server be

set up to support only one kind of service to improve performance. The

developed configuration optimisation system will deploy multiple kinds of

service to allocate servers automatically. To simplify the scenario, the fast-

completed services on this platform are studies, since a time-consuming web

service can be divided to many fast-completed services.

• Propose an optimisation framework for computation resource allocation

for cloud-based web service (to achieve Obj3):

For computation-intensive cloud web services, the framework will allocate

numerous computation resources, e.g. VMs to deploy the web services.

Considering the time-varying workloads, the system will predict future

workload requests by integrating time-series analysis and machine learn-

ing techniques. Moreover, the framework uses queueing theory to model

the workload requests, and then optimises the resource allocation by con-
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sidering the trade-off between cost and QoS.

• Propose an optimisation framework for network resource allocation for

cloud-based web service (to achieve Obj4):

For network-intensive cloud web services, such as VoD, the framework will

allocate corresponding resources to satisfy the service requests. Emerging

SDN techniques will enable the cloud resource to be a new auto-scaling

resource. The framework first predicts the required network resource, e.g.

bandwidth, in advance. Then the relationship between the cost and QoS

is modelled. Finally, an optimisation algorithm is developed for resource

allocation while satisfying the QoS of SLAs.

1.5 Thesis Structure

This thesis consists of seven chapters, the relationships of all chapters are shown

in Figure 1.1. The introduction of each chapter is described as follows:

Chapter 1: presents an overview of this research. This chapter introduces

a cohesive picture of the research conducted in this study. It consists of six

main sections: the research questions and problems to be solved in this study,

the research objectives to be achieved, a brief description of the significance and

methodology of this study, an illustration of the overall structure of this thesis,

and the list of publications related to this study.
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Figure 1.1: Thesis Structure
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Chapter 2: expresses a clear review of related research topics. It aims to de-

scribe the definitions, technologies, and concepts to understand issues associated

with the current state-of-the-art. It provides a summary of the current general

state of research in cloud resource consumption in the relevant areas of concern

that are most relevant to this research. It also discusses a number of proposed

models and techniques for consumption of several types of cloud resource and

how to analyse the amount of consumption in the big data era.

Chapter 3: studies the auto-scaling of cloud web services at the SaaS level.

Considering a recommendation algorithm as a case study, a parallelised time-

consuming algorithm is developed to achieve optimal performance with auto-

scaling ability.

Chapter 4: develops a self-adaptive optimisation framework for cloud web

service at the PaaS level. This work focuses on the fast-completion web service.

First, the server configuration problem is defined and the relationship between

the system parameters and the QoS of the SLA is then modelled. Based on

the model and configuration problem, a multi-objective optimisation algorithm

is developed to achieve optimised auto-scaling at the PaaS level.

Chapter 5: presents an optimised VM auto-scaling for the computation-

intensive cloud web service at the IaaS level. This chapter develops workload

prediction models and studies the optimisation algorithms to solve the problem

of VM auto-scaling.
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Chapter 6: designs an optimised resource allocation framework for the

network-intensive cloud web service at the IaaS level. The new SDN technology

is studied to enable the auto-scaling of network resources for cloud-based web

services. The prediction of the required network resource is modelled by inte-

grating time series analysis and machine learning methods. Based on the models,

the optimisation algorithm is developed to achieve the optimal auto-scaling of

network resources and the framework is evaluated by simulation.

Chapter 7: summarises the entire thesis and highlights possible questions

for future research work.

1.6 Publications Related to the Thesis

The following is a list of my publications related to the thesis during my PhD

study:

• Jiang, J., Lu, J., Zhang, G., and Long, G., 2013, Optimal Cloud Resource

Auto-Scaling for Web Applications, 13th IEEE/ACM Symposium on Clus-

ter, Cloud and Grid Computing (CCGrid2013), May 13-16, 2013, Delft,

The Netherlands. pp.58-65. (ERA tier A, Google Scholar citation by 14

viewed on 15 Feb 2015)

• Jiang, J., Lu, J., Zhang, G., and Long, G., 2011, Scaling-up Item-based

Collaborative Filtering Recommendation Algorithm based on Hadoop, IEEE
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the 7th World Congress on Services (SERVICE2011), July 4-9, 2011, Wash-

ington DC, USA, pp.490-497. (ERA tier B, Google Scholar citation by 30

viewed on 15 Feb 2015)

• Jiang, J., Lu, J., and Zhang, G., 2011, An Innovative Self-adaptive Con-

figuration Optimization System in Cloud Computing, 2011 IEEE Ninth

International Conference on Dependable, Autonomic and Secure Comput-

ing (DASC2011), Dec. 12-14, 2011, Sydney, Australia. pp.621 - 627. (ERA

tier B)

• Jiang, J., Lu, J., and Zhang, G., Data-driven Auto-scaling for Time-

varying Virtual Machine Consumption, Information Systems (submitted).(ERA

tier A*)

• Jiang, J., Lu, J., and Zhang, G., Predictive Bandwidth Auto-scaling for

Cloud-based VoD Service, Future Generation Computer Systems (submit-

ted). (ERA tier A)

17



Chapter 2

Literature Review

The primary goal of this research is to achieve optimised auto-scaling for cloud-

based web service from the perspectives of three cloud levels: SaaS, PaaS and

IaaS. In this chapter, the concepts, motivations, existing methods and current

technologies of ACSW will be reviewed (Section 2.1). The state-of-the-art tech-

niques of auto-scaling optimisation on cloud computing will then be reviewed in

Section 2.2.

2.1 Auto-scaling Cloud-basedWeb Service (ACSW)

2.1.1 Cloud Computing

Cloud computing will be the next generation of computation [20]. The work

in [81] defines cloud computing as a model for enabling ubiquitous, convenient,
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on-demand network access to a shared pool of configurable computing resources

(for example, networks, servers, storage, applications, and services) that can be

rapidly provisioned and released with minimal management efforts or service

provider interaction. People can possibly have everything they need on the cloud

through the internet. Moreover, cloud computing has emerged as an extremely

popular and cost-effective computational service model for the on-demand pro-

visioning of virtual resources. Major commercial cloud vendors have obtained

great success by providing the flexible “pay-as-you-go” or “on-demand” services

[69] with a number of various service instance types and plans to meet customers

computing needs, which are supported by a large number of distributed physical

resources. For example, Amazon EC2 provides three families (on-demand, re-

served, spot), and each family includes several service instance types. Different

types of service instances are operated at different quality of service (QoS) levels

and have a different price.

In this pay-as-you-go cloud business model, users can purchase and increase

or release resources by manual when they need them, rather than owning these

devices all the time, so that users greatly reduce their capital expenses without

upfront investment. However, most users lack domain knowledge for configuring

and monitoring systems. Consequently, this new cloud scenario presents new

challenges for them and it is difficult for them to make correct decisions on pur-

chasing appropriate resources before the systems are executed, especially under
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the situation of an uncertain and dynamically changing workload (for example,

application requests). The problems are summaried as:

(1) System configuration: what types of cloud instances should be used? How

big a system (how many CPUs, how many disks, how much network band-

width) is required to execute the workload within completion time and cost

constraints?

(2) Resource schedule: when workload changes (peak and non-peak), should

users increase new resource or release existing idle resources? How should

they reconfigure the system?

(3) Workload management: what kind of attributes do the workloads have?

How to model the workload distributions and how to predict them become

problems to be addressed.

To address the above challenges, the cloud providers have to: (1) model work-

load distributions correctly to anticipate spikes and to account for diurnal pat-

terns; (2) model the correlations among system performance, configuration and

workloads, to optimise the configuration by maximising the performance and min-

imising cost and contentions; (3) design self-adaptive configuration optimisation

systems along with time-changing workload distributions.
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2.1.2 Cloud Resource Scaling

In literatures, the problems of cloud resource scaling, such as scaling for vir-

tual machine, storage, and other computation resource, have been addressed

using different techniques. Considering the two principle aspects of cloud re-

source, namely cloud resource vendors (resource provisioning) and their tenants

(resource consuming), most of the existing work can be classified into two cat-

egories: auto-scaling for cloud resource provisioning and auto-scaling for cloud

resource consumption. There are some work which have proposed to address the

scaling for VM provision, such as the paper [102] proposed a scaling method of

VM provision for NoSQL application; a framework was developed in [10] for the

implementation of scaling services for VM deployment in IaaS that follows both

reactive and proactive approaches; The work in [13] focused on the cost-efficient

VM Provisioning for multi-tier web applications and video transcoding. In con-

trast, the problem of scaling for VM consumption was addressed in [55] and [77]

to achieve cost-effective outcomes. Additionally, the authors in [40] analysed an

auto-scaling scheme to manage the data centres effectively.

Little research work has been found recently which has been done on cloud

bandwidth auto-scaling. In paper [104], the dynamic network bandwidth de-

mands of VMs in data centres was considered, but the authors mainly focused

on solving VM consolidation rather than solving the auto-scaling for bandwidth

21



provision. A predictive auto-scaling method was proposed in [85] to achieve min-

imal bandwidth consumption for VoD applications from multiple data centres,

but the authors analysed the bandwidth demand based on the traditional net-

work architecture and mainly considered the optimal network selection among

data centres. The work in this chapter studies the bandwidth auto-scaling based

on the new SDN-assisted cloud network architecture and this work mainly focuses

on outgoing bandwidth requirements as the data is transferred between the end

users and service servers which is deployed in the cloud by bandwidth-intensive

application providers.

The development of new network virtualisation technologies, such as SDN-

assisted cloud network, enables the auto-scaling for cloud bandwidth reservation

to be technically feasible. SDN-assisted cloud networks will facilitate cloud net-

work tenants choosing optimal network consumption from multiple cloud net-

work vendors, while avoiding vendor lock-in, and providing dynamic access for

timely internal bandwidth of data processing and large-scale outgoing bandwidth

of transferring requirement, and enhance the current bandwidth utilisation. Es-

pecially, the effective bandwidth auto-scaling approaches are urgently expected

in the era of big data where large-scale, dynamic and quick-response network

bandwidth is required for big data transferring.
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2.1.3 Auto-Scaling for Cloud Resource

The approach of auto-scaling proposed in the paper [1] allowed cloud users to

automatically scale up or down the capacity of required resource according to

predefined conditions. This kind of service was supported by essential charac-

teristics of the cloud computing: on-demand self-service, broad network access,

resource pooling, rapid elasticity, and Measured service. Particularly, the auto-

scaling service could be provided from three levels of cloud computing service

models: SaaS, PaaS and IaaS.

Lagar-Cavilla et al. [66] proposed a rapid VM cloning method in cloud com-

puting, namely SnowFlock. It introduced VM fork, a clean abstraction that sim-

plifies development and deployment of cloud applications by dynamically chang-

ing the execution footprints. Amazon also proposed a similar product, namely

Amazon Machine Images (AMI), to simplify the deployment of launching VMs.

“Scaling Quickly” is one of the obstacles for cloud computing [36]. Utilising

the statistical machine learning as a diagnostic and predictive tool would allow

dynamic scaling, automatic reaction to performance and correctness problems,

and generally automatic management of many aspects of these cloud systems.

Gandhi et al. [38] presented firstly the theoretical optimality on server farm

management by considering multiple status, for example, idle, busy, sleep, power

off. They also proposed a simple and traffic-oblivious policy-based method for
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modelling time-varying demand patterns and provided analytical and empirical

evidences to demonstrate that the performance achieved near-optimality.

A profile-based auto-scaling system was developed in [57] to enable the just-

in-time scalability for cloud applications. Particularly, profiles capture expert

knowledge on scaling applications dynamically. Guided by profiles, profile driver

automates the setup and scaling of execution environments. The authors in

[26] proposed a scaling approach with a front-end load-balancer for routing and

balancing user requests to web applications in a virtualised cloud computing

environment. The proposed dynamic scaling algorithm automatically provided

resources based on a threshold number of active sessions. The authors in [112]

proposed an approach to manage infrastructure resources in PaaS by leveraging

two adaptive control loops: the resource consumption optimisation loop and the

resource allocation loop.

Like all businesses, both cloud infrastructure vendors and their tenants con-

centrate mainly on two aspects: income and costs. They need to provide good

quality of service to attract more customers and thus increase their income. At

the same time, efficient management of their system should be developed to re-

duce overall costs. The study of VM management should focus on both aspects

of VMs. The VM vendors and research work on VM provision need to consider

issues, such as convenient VM offering, VM allocation for multiple tenants, con-

figurations of VMs underlying physical machines, price model, efficient energy
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consumption, anomaly or failure identification. In contrast, the research work

on VM consumption, on which cloud tenants deploy their applications, concerns

some topics, such as the efficient selection of VM service from different vendors,

the workload of application environments, optimal number of VMs, quality of

service.

In general, the auto-scaling management for VM provisioning can be divided

into two types: reactive approaches and predictive-based approaches.

Reactive Approach. This mainly refers to the rule-based or policy-based

method [84] and control theoretic-based method [86] or reinforcement learning

[109]. All involve reacting to the current system by monitoring one or more

variables (for example, the current CPU utilisation, or current power, or current

response time, or current request rate) to turn VMs on or off to achieve maximal

resource utilisation and high quality of service. The reactive approach is easy

to execute, but when the boot-up time of VMs is high (for example, 120s) and

workloads change significantly and rapidly, it can be inadequate for meeting high

quality of service because the availability of increased VMs only takes place 120

seconds later.

The most popular cloud infrastructure vendors have adopted rules-based auto-

scaling mechanisms to manage their VM provisioning, such as Amazon AWS

AutoScaling [1] and RightScale [3]. These rules are typically divided into two

classes: one for scaling up and one for scaling down. Each rule involves one
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or more parameters manually defined by cloud tenants (i.e. application service

providers), such as upper and lower threshold for CPU utilisation, and the period

of running VMs that is the time point of the action for scaling up and scaling

down. These rule-based mechanisms require cloud tenants to manually specify

scaling rules, and it is hard to achieve full automation when the workload changes

in time. Consequently, it is difficult for cloud tenants to achieve cost-effective and

high quality of service with a time-varying workload, using these rule-based auto-

scaling mechanisms.

Several research works [73][90][61] have extensively studied applying control

theory to achieve adaptive fine-grained cloud resource provisioning based on re-

active feedback mechanisms. However, such control-based approaches often have

parameters that need to be specified or tuned offline, and they are suitable for

slowly varying workload environments, but have difficulty dealing with sudden

burst and time-varying workload circumstances.

Predictive-based Approach. This aims to predict in advance what the work-

load will be in future unit time, and to start up VMs straight away if necessary.

Predictive approaches work well when the workload changes as a result of peri-

odic or seasonal characteristics. In [44], Gong et al. proposed a lightweight online

demand prediction approach for cloud resource provisioning that can handle both

cyclic and non-cyclic workloads. The work in [53] proposed a workload predic-

tion approach by using linear regression and histogram-based methods. [89] [45]
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proposed a dynamic cloud resource provision approach by multiplying estimated

resource usage based on different QoS levels. In [59], a web cache model was

introduced to adjust IaaS resources to assist application providers to make deci-

sions. A lightweight scaling algorithm was proposed by [50] to enable fine-grained

scaling application at the level of underlying resources. The authors in [56] and

[33] aimed to find a satisfactory balance between reducing energy consumption

and operating cost while maintaining an acceptable service level for minimising

the number of idle VMs. Gandhi et al. [40] proposed a dynamic capacity man-

agement policy for a Multi-Tier Data Centre to improve resource utilisation while

meeting response time SLA by analysing the time-varying load.

The auto-scaling problem for the VM consumption of cloud tenants can be

divided into two steps: accounting for the number of VMs required and making

decisions. The first step involves estimating the future workload or reactively

computing the VMs required. The second step consists of deciding on scaling-

up or scaling-down by considering a set of pre-defined rules or by solving an

optimisation problem based on the value obtained in the first step. Incorrect

decisions result in insufficient consumption and over-consumption of VMs. Insuf-

ficient VMs will unavoidably harm performance and cause SLA violations, while

VM over-consumption will create cost waste and resource idleness. Therefore,

the final objective of an auto-scaling mechanism is to automatically adjust the

required VM consumption to minimise cost while satisfying the SLA when the
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workload changes over time.

A cloud tenant (a web application provider) serves the end users’ requests by

deploying its application on rented VMs from an infrastructure vendor. There

are various types of VM instances with different configurations and price models,

whereby cloud tenants have considerable flexibility to set up their system. As

the parameters of the VM deployed on physical resources, such as CPU, memory,

I/O or network bandwidth, are not necessarily dependent [109] and not managed

by cloud tenants, it is not trivial for cloud tenants to model the VM demand

directly by using these parameters that is resource-level. It makes sense for cloud

tenants to analyse VM consumption at VM-level rather than at resource-level

that is considering the number of VMs, rather than the number of configuration

parameters as the resource demand quantity.

Little research has been conducted on cloud tenants’ resource consumption,

because cloud services have only been in existence for a few years and little

resource consumption data is public. [23] analysed a set of factors on cloud

service providers (i.e. cloud tenants) for maximising the profits, but VM auto-

scaling is not considered in that paper. Other work in [55] studied optimal VM

auto-scaling for web applications deployed on rented VMs, but it is not suitable

for managing fast-varying, time-varying and large-scale workloads. [77] proposed

an auto-scaling method to minimise cost and meet application deadlines in the

cloud workflow. In the absence of the deep understanding of the behaviour of
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resource consumption for cloud tenants, one possible way is to leverage the data-

driven method by online or offline analysis of the collected data.

The management of allocating cloud resource adaptively to on-demand re-

quirements of an application, called auto-scaling, can be very challenging. Re-

source under-provisioning will unavoidably harm performance and cause SLAs

violations, while resource over-provisioning will result in cost waste and resource

idleness. Therefore, the final objective of an auto-scaling mechanism is to auto-

matically adjust acquired resources to minimise cost while satisfying the SLAs.

This section surveyed related state-of-the-art work in the field of cloud resource

auto-scaling to achieve optimal utilisation and dynamic scalability.

The revolution of cloud computing means going to think about keeping the

business on the basis of services that provide necessary functionality and automa-

tion is one of the criteria among them. The automation of the data centre is of

particular importance, not only because it leads to higher productivity and effi-

ciency, but also because the transition to cloud computing will be easier to make.

Data Centre automation is concerned with the processes and technologies for au-

tomated deployment and management of IT services. Cloud computing has put

centrally control on all aspects of the data centre (for example, computing, net-

working, storage) through hardware-independent management and virtualisation

software. Now, automation can help data centre providers as agile as possible

in the cloud world. Automation solutions allow cloud users to take advantage of
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specialized facilities and equipment without having to create their own expensive

infrastructure and construction of specialized facilities. Data centre automation

enables an IT organization to automate the management of virtual and physical

elements of its infrastructure, including services, network devices, storage devices,

and to automate the deployment of their applications. Vendors like HP, Microsoft,

and BMC are working to provide massive systems under one management engine

for better management of environment and workload.

2.2 Optimised Auto-scaling on Cloud Comput-

ing

The energy consumed by the servers in data centres is very large. The report in

[19] states that the data centres in the USA consumed about 61 billion kilowatt-

hours (kWh) in 2006 (1.5 percent of total U.S. electricity consumption) with a

total electricity cost of $4.5 billion. At the same time, energy consumed by the

servers and data centres increases annually and occupies a significant part of

global energy consumption with the rapid development of cloud-based applica-

tions. Therefore, optimising the resource usage for cloud-based web services can

not only reduce energy consumption but also benefit the environment and the

economy. This section will consider the resource allocation for auto-scaling on

cloud computing as an optimisation problem among conflicted factors, for exam-
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ple, energy consumption, system robustness, running cost and QoS. Particularly,

this work studies the optimisation problem from three-levels as shown in Figure

7.1.

2.2.1 SaaS Level Optimised Auto-scaling for Cloud Com-

puting

On SaaS level, this work will consider how to parallelize the application (for ex-

ample, programs) in the cloud computing environment, such as Hadoop, Amazon

EC2 and Windows Azure. Mahout is a project of the Apache Software Foun-

dation to produce free implementations of distributed scalable machine learning

algorithms focused primarily in the areas of collaborative filtering, clustering and

classification which is implemented on the Hadoop platform [106],[16].

Some research focused on designing a new cloud-based framework for com-

plex business processing and workflow. The work in [70] proposed a model-based

methodology to size and plan enterprise applications while satisfying SLAs. Par-

ticularly, the proposed approach was illustrated in a real-world ERP applica-

tion for SAP ERP. A prediction-based auto-scaling methodology for data-centric

workflow tasks was proposed in [29]. The authors in [103] treated applications

as a whole single entity and dealt with the relations among different application

components.
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Figure 2.1: Summary of Cloud Scaling Techniques

When designing the distributed applications and systems especially web ser-

vice, the quality of service (QoS) is a key factors to be considered. In service
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computing, SLAs are used to define the agreed QoS indicators between the ser-

vice providers and service users. As show in the sections to follow, SLAs are

widely using as QoS evaluation indicators in cloud-based web service.

2.2.2 PaaS Level Optimised Auto-scaling for Cloud Com-

puting

In the PaaS model, cloud providers deliver a computing platform, typically includ-

ing operating system, programming language execution environment, database,

and web server. Under this topic, this section will study how to optimise the

platform from the three facts: load balancing, data replication and service con-

figuration.

(1) Load Balancing

In computing, load balancing distributes workloads across multiple computing

resources, such as computers, a computer cluster, network links, central process-

ing units or disk drives. In cloud computing, the general idea is use the existing

load balancing method to distribute the workload across multiple cloud resources,

such as VMs, networks and storages. Load balancing methods are well studied.

Due to space limitation, this section doesn’t list all those works.

Another idea is to use the load balancing information to optimise the resource

allocation in a cloud-based system. In [52], the authors proposed a methodology
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and presented a system for automatic detection and resolution of bottlenecks in

a multi-tier cloud-based Web application host to satisfy specific maximum re-

sponse time requirements. The system included a novel method for identifying

and retracting over-provisioned resources in multi-tier cloud-hosted Web appli-

cations. The method used real-time information of load balancing to identify

the bottlenecks. The work in [71] presented a method to optimise cloud resource

allocation by using a performance model which was composed of load balancing

information. A time-varying performance model was developed which dynami-

cally updated each application’s performance model at runtime to adapt to the

changes of load balancing in the system [43].

(2) Data Replication

For data-intensive application, especially database platform, scaling data replica-

tion can provide time-varying large-scale users with fast access to current data.

The authors in [93] solved the query optimisation problem for the database plat-

form on cloud computing environment by dynamically allocating an optimised

VM resource. Particularly, the system recorded and modelled the relationship

between the volume of allocated resource and the correspond performance of

special kinds of query, and then made the optimal solution for each query corre-

spondingly.

(3) Service Configuration

The low average utilisation of servers is a well known cost concern in data centre
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management. The paper [17] studied the dynamic placement algorithm of VMs

for managing SLA violation. Compared to the static placement solution, the

dynamic algorithm was developed in [62] to reduce the cost of VMs while keeping

the rate of SLA violations. Moreover, dynamic placement for web applications

was also proposed to minimise the configuration changes while satisfying the

time-varying user demands for the configuration of services. The work in [25]

developed a self-adaptive policy which helps application providers decide on when

and how to reallocate resources by considering the load of VMs. Particularly, it

used Nash equilibrium to build up the global performance-to-price model.

In the rule-based approach, various alerts (for example, events) were defined

heuristically on instance metrics (for example, CPU utilisation), which were then

aggregated at a global scale in order to optimise the provisioning decisions for

a given application tier. Different criteria were enumerated such as design com-

plexity, ease of comprehension, and maintenance to compare different methods,

and concluded how these approaches can optimise the resource allocation [41].

The work in [54] involved fuzzy logic to improve the elasticity rules made for

cloud-based software.

Large complex service centres must provide various services to a number of

users with separate service contracts, while managing their overall costs. A fast

scalable hybrid optimisation procedure wass proposed for service deployment by

combining fast linear programming and nonlinear performance model [72]. The
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work in [78] and [77] proposed auto-scaling methods to minimise the resource

cost for work-flow task while satisfying the predefined deadline. An allocation

and provisioning model of science cloud was discussed in [63], especially for high

throughput computing application.

2.2.3 IaaS Level Optimised Auto-scaling for Cloud Com-

puting

In cloud computing, there are three kinds of infrastructural resources, computa-

tion, network and storage. Most auto-scaling related research focued on compu-

tation and network resource scaling, and few of them studied the storage scaling.

[76] conducted a survey for resource management at IaaS level in cloud com-

puting. Some papers focussed on some of the important resource management

techniques such as resource provisioning, resource allocation, resource mapping

and resource adaptation. [21] developed a toolkit, namely CloudSim, for mod-

elling and simulation of Scalable Cloud Computing Environments. [22] presented

vision, challenges, and architectural elements for energy-efficient management of

Cloud computing environments. In particular, the paper proposed (a) architec-

tural principles for energy-efficient management of Clouds; (b) energy-efficient re-

source allocation policies and scheduling algorithms considering quality-of-service

expectations, and devices power usage characteristics; and (c) a novel software
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technology for energy-efficient management of Clouds.

(1)Vertical Scaling

Vertical scaling aims to enhance the provision capability by providing more pow-

erful servers. The imaginary scenario is that of on-the-fly changing of the assigned

resources to an already running instance; for example, adding more physical CPU

to a running VM. Unfortunately, the most common operating systems do not sup-

port on-the-fly (without rebooting) changes on the available CPU or memory to

support this “vertical scaling” [103]. More of current research focussed on VM

replacement method which increased provision capability by using more powerful

servers to replace less powerful ones [88]. [67] proposed vertically scaling VMs

by employing dynamic server consolidation by periodic VM migration. Particu-

larly, the method periodically optimised the mapping and configuration between

VMs and the physical machine by considering the workload and the capacity for

physical machines. The vertical elasticity was much more limited as it could not

scale outside single physical machines [88].

(2)Horizontal Scaling

Horizontal scaling is defined to improve the provision capability by increasing

the number of servers. Similarly, VM Replication is used to increase provision

capacity of the system by adjusting the volume of VM replications. For this

kind of approach, a few researches used control theory to solve the VM hori-

zontal scaling problems. The research [60] [61] integrated the Kalman filter into
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feedback controllers to dynamically allocate CPU resources to VMs. The VM

resource provision problem was modelled as a sequential optimisation under un-

certainty problem in [65], and was solved by utilising a predictive control approach

of limited lookahead control (LLC) strategies [5]. The paper [42] introduced a

novel auto-scaling approach in which both cloud and application dynamics were

modelled in the context of a stochastic, model predictive control problem. The

approach exploits trade-off between satisfying performance related objectives for

the consumer’s application while minimising their cost. To support different

SLA level services on cloud platform, the authors in [74] presented an adaptive

multivariate controller that dynamically adjusted the resource configuration on

individual tiers. The controller parameters were automatically tuned at runtime

based on a quadratic cost function and a system model that was learned online

using a recursive least-squares (RLS) method.

Some research work used a predictive based optimisation method to solve the

VM allocation problem. According to the predicted load within a given time

slot, a series of heuristic optimisation policies were applied to solve this VM

allocation problem in [80] and [79]. All policies were easily implementable, and

the selected policy was practicable for different visiting pattern and load. In [55],

the scaling problem was modelled as a constraint optimisation problem for cost

and performance. Particularly, the visiting pattern of each time slot was modelled

with Queueing theory, and the relationship between cost and performance was
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inferred from the predicted workload and SLA. This approach built a theory

foundation for Queueing theory based predictive resource provision in VM scaling.

Other research works used a reactive method to optimally adjust the num-

ber of VMs. [15] dynamically allocated the workload to VMs with modification

Best Fit Decreasing (BFD) algorithm. It allowed leveraging of the heterogeneity

of the nodes by choosing the most power efficient ones. To use this method,

the system needed to know the workload of each task and the capacity of each

cloud node before allocating. [97] considered a service system model primarily

motivated by the problem of efficient assignment of virtual machines to phys-

ical machines, so that the number of occupied hosts was minimised. Particu-

larly, it modelled the resource assignment task as an optimisation problem with

general packing constraints, and solved it with a simple parsimonious real-time

algorithm, called Greedy.[33] presented a model-driven engineering approach to

optimising the configuration, energy consumption, and operating cost of cloud

auto-scaling infrastructure to create greener computing environments that re-

duce emissions resulting from superfluous idle resources. To dynamically adjust

server farm capacity without requiring any prediction of the future load, or any

feedback control, [39] designed and implemented a class of Distributed and Ro-

bust Auto-Scaling policies (DRAS policies), for power management in compute

intensive server farms. [105] addressed the autonomic provisioning problem for

a virtualised outsourcing cloud data centre by utilising a non-linear constrained
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optimisation model.

Network resource is another resource for horizontal scaling. Network scal-

ing is a key factor in providing high-quality online VoD service. YouTube, the

most popular online VoD service, experiences over 100 million video views per

day [4]. To deliver all that video to all those users, YouTube video delivery system

consists of three major components: a “flat” video identify space, multiple DNS

name spaces and a 3-tier physical cache hierarchy [8]. The multiple DNS name

spaces is presented as a multi-layer logical organization for video servers. To

quickly scale servers to support growing user views, the content delivery network

(CDN) is designed as the server scaling strategies in Youtube. The RTT (Round-

Trip Time) between users and data centers plays a key role in the video server

scaling process [101]. Moreover, a variety of other factors influence the scaling

including load-balancing, diurnal effects, variations across DNS servers within

a network, limited availability of rarely accessed video and the requirement of

alleviating hot-spots which arise due to popular video contents.

Netflix is the leading provider of VoD (Video-on-Demand) in the US and

Canada. In fact, Netflix is the single largest source of Internet traffic in the US,

consuming 29.7% of peak downstream traffic [31]. Netflix employs data centers

and CDN (Content Delivery Networks) for content distribution [28]. Particular,

Netflix makes use of multiple CDNs under changing bandwidth conditions. Based

on the architecture of Netflix, [7] proposed a measurement-based adaptive CDN
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selection strategy and a multiple-CDN-based video delivery strategy to increase

QoS, for example, user’s average bandwidth.

Hulu, with more than 27 millions unique viewers per month, is one of the

largest online video service provider. Based on an active measurement study of

Hulu, [6] discovered that Hulu frequently switch users’ preferred CDNs. How-

ever, once a CDN is selected, a user will stay with the same CDN for the entire

playing time of the movie even when this CDN’s performance degrades. While

the preferred CDN selection is not fixed, this work observed that Hulu attempts

to divide video requests among CDNs to attain a fixed target ratio. In terms of

CDNs, this work will consider the different CDNs employed in different amounts

of resources (servers) to serve Hulu content.

For these kind of bandwidth-intensive applications, for example, online VoD,

[24] proposed a preliminary framework to support content delivery network inter-

connection (CDNI) assuming two ISPs have deployed OpenFlow. For data centre

network virtualisation, [48] proposed virtual data center (VDC) as the unit of

resource allocation for multiple tenants in the cloud with bandwidth guarantees.

To assist a cloud based VoD service video provider, [32] reserved optimal

network resource from the cloud data centre according to predicted user de-

mands. [85] proposed a predictive resource auto-scaling system that dynamically

books the minimum bandwidth resources from multiple data centres for the VoD

provider to match its short-term demand projections.
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(3) Hybrid Scaling

Some research focused on optimising the resource provision by considering both

VM and network resources. The work in [95] proposed a dynamic service place-

ment algorithm to get the maximum benefit from a distributed cloud system.

Particularly, to minimise the latency and bandwidth cost for various kinds of ser-

vices, the algorithm considered optimising the allocation for both computation

and storage resource. The joint application-VM-Physical-Machine assignment

problem in a cloud environment is discussed in [49] , where application requests

are serviced by VMs residing on Physical Machines. Particularly, the paper solved

this joint assignment problem by a shadow routing based approach. In the geo-

graphically distributed clouds, assuming that users specify their resource needs,

such as the number of virtual machines needed for a large computational task, [9]

developed an efficient 2-approximation algorithm for the optimal resource alloca-

tion of data centres and servers by considering the network distance or latency.

Some proposed methods solve the scaling problem by integrating horizontal

and vertical scaling. The work in [92] optimised the packing VM allocation by

considering both the number of VMs (Horizontal Elasticity) and the capacity of

VMs (Vertical Elasticity). Particular, it analysed the price/performance effects

achieved by different strategies for selecting VM-sizes for handling increasing load

and a cost-benefit based approach was developed to determine when to (partly)

replace a current set of VMs with a different set.
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Chapter 3

ACWS Optimisation on SaaS

Cloud-based web services in the SaaS business model are provided to users as

applications. Cloud-based web services can be categorised into three kinds: (a)

rapidly completed; (b) time-consuming and parallelisable; and (c) time-consuming

and non-parallelisable. Little research can be conducted at the SaaS level to ef-

ficiently scale the rapidly completed and time-consuming and non-parallelisable

categories of web services. An auto-scaling platform can be developed at the

PaaS level to achieve high performance of provision for rapidly completed web

services, and the scaling of time-consuming and non-parallelisable services can be

easily achieved by increasing powerful machines at the IaaS level. If a web service

is time-consuming and parallelisable, the parallelisation optimisation is the key

factor to be studied to improve the performance at the SaaS level. Therefore,

the work in this chapter focuses on studying this type of time-consuming and
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parallelisable cloud-based web service.

In this chapter, a recommendation algorithm, namely item-based collaborative

filtering (ICF), is studied as the case study of cloud-based web services. The

ICF algorithm is a method of making automatic predictions (filtering) about the

interests of a user by collecting preferences or taste information from many users

(collaborating). In a single thread scenario, the computation complexity of the

ICF algorithm is O(MN2) (M is the number of users, and N is the number of

items). Since a recommender system typically involves large-scale data sets, i.e big

M and big N, the execution time of ICF will be very long which is unacceptable

for auto-scaling cloud-based web services to satisfy the QoS of SLA. To solve

this problem, it is necessary for the ICF to be parallelised and allocated in a

cloud environment so that the execution time can be reduced by distributing

the ICF algorithm into increased computation resources. Hadoop is applied as

the cloud computation platform in this research. Hadoop is a popular open

source cloud computation platform in which the computation jobs are separated

into multiple Map tasks and Reduce tasks. It is implemented to process large-

scale datasets, where hundreds of terabytes of data are allocated on thousands of

common machine clusters [68].
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3.1 Methodology

In this section, a scalable item-based collaborative filtering (ICF) algorithm is

developed as a series of Map tasks and Reduce tasks deployed in a Hapdoop

cluster. The costly computation of ICF is split into a number of small computing

partitions, each of which is independently executed on different nodes in parallel.

Efficient partition strategies are also proposed to maximise data locality on in-

creased computation resources to reduce the communication cost and to control

the algorithm complexity. This enables the ICF to auto-scale efficiently even on

large-scale datasets.

(1) Overview of MapReduce

MapReduce [30] [30] is a popular programming model developed by Google.

MapReduce is ideal for data already stored on a distributed file system which

offers data replication as well as the ability to perform computation locally on

each data node [35] [27] [114].

As its name suggests, there are two functional programming phases in the

MapReduce framework: the Map phase and the Reduce phase. The input of the

computation is a set of (key, value) pairs and the output of the computation is also

a set of (key, value) pairs. It defines these (key, value) pairs using angle brackets

< k, v > on both phases. The key is used primarily in the reduce phase, to

determine which values are combined. The values describe arbitrary information.
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These are specified using two functions:

Mapper : (k1, v1) → list(k2, v2)

Reducer : (k2, list(v2)) → list(k3, v3)

Figure 3.1 shows the MapReduce computation framework. The computation

starts from a map phase in which the map functions are executed in parallel with

various partitions of input data which are stored in a Distributed File System

(DFS). Processing each partition is assigned to one map task. The output pairs of

each map function are hash-partitioned on the inter-mediate key. Each partition

is sorted and merged in sort order by their keys. All the partitions which share

the same key are sent to a single reduce task in which the reducer function obtains

the final results. The output of each reduce function is written across the cluster

in DFS.

Besides the map and reduce phase, developers are also allowed to program

a combined phase which is processed between the map phase and the reduce

phase but executed on the same node as the mapper function. The aim of the

combined function is to reduce the communication load through the network

between clusters by operating the local pairs.

In the open-source community, Hadoop uses the same MapReduce architec-
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Figure 3.1: MapReduce Computation Framework

ture as the computation model but is implemented in Java, which is used in this

research. Programs written in this function style are automatically parallelised

and implemented on a cluster of machines. For MapReduce jobs in Hadoop, a

jobtracker acting as a MasterNode splits job data into several pieces as the input

of the map phase, and the tasktrackers acting as a DataNode store the interme-

diate results of the map functions in a local distributed file system called Hadoop

Distributed File System (HDFS). Hadoop schedules the MapReduce computa-

tion based on locality and improves the efficiency of overall I/O throughput in

the cluster to reduce the computation cost.

(2) Item-based Collaborative Filtering (ICF) Algorithm

The Collaborative Filtering (CF) algorithm has two presentation forms: User-

based CF and Item-based CF. In this research, item-based CF (ICF) will be
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studied.

Unlike the user-based CF algorithm, the ICF method checks a set of items

rated by the active user, computes the similarity between them and the target

item i, then selects the k nearest neighbourhood items. A set of corresponding

similarity is denoted as S = {si1, si2, . . . , sik}. Once the most similar items have

been selected, the prediction is computed. (One fundamental difference between

the similarity computation in user-based CF and ICF is that in user-based CF,

the similarity is computed along the row of the matrix but in case of the ICF,

the similarity is computed along the columns (i.e. each pair in the co-rated set

corresponds to a different user).

The purpose of the ICF algorithm is to recommend new items or predict the

probability of a certain kind of item for a target user, based on the user’s previous

ranking and the likeness of other users who have similar preferences to the target

user. A typical ICF operates a set of m users U = {u1, u2, . . . , um}, and a set of

n items I = {i1, i2, . . . , in}. Each user ui ∈ U gives a rating value set rij ∈ R for

a corresponding subset of items Ij ∈ I. In this research, the rating value domain

R is the set of integers, such as from 1 to 5. Note that it is possible for rij to be

a null-set. The ICF algorithm can be divided into two steps as follows:

• Similarity computation. Seeks to find a neighbourhood for target ua or Ia

based on the similarity of their rating values. There are several methods
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for computing similarity, such as Pearson correlation, and cosine distance.

• Prediction and Recommendation. Once the most similar users or items

have been found, selecting new items or users with high predicate value

and recommending them.

One critical step in the ICF algorithm is to compute the similarity between

items and then to select the most similar items. The basic idea in the similarity

computation between item i and item j is to segregate users who have rated both

of these items and then to apply a similarity computation method to determine

the similarity sij. In this research, Pearson correlation technique is applied to

measure similarity between two items i and j. Let the set of users who both

rated items i and j be denoted by U , then the correlation similarity is given by

Si,j =

∑
u∈U(Ru,i − R̄i)(Ru,j − R̄j)√∑

u∈U(Ru,i − R̄i)2
√∑

u∈U(Ru,j − R̄j)2
(3.1)

where Ru,i denotes the rating of user u on item i, R̄i is the average rating of the

i -th item.

Once the set of most similar items based on the similarity measures have been

generated, the next step is to compute the prediction on an item i for a user j

by computing the sum of the ratings given by the user on the items similar to i.

Each rating is weighted by the corresponding similarity Si,j between items i and

j. Here, a weighted average method is applied to measure the prediction Pu,i as
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demonstrated in Equation (3.2) [91].

Pu,i = R̄i +

∑
u∈U(Ru,j − R̄u)Si,j∑

u∈U Si,j

(3.2)

3.1.1 Scaling-up ICF Algorithm on MapReduce

This section studies how the ICF algorithm is implemented on MapReduce and

what kinds of partition strategies are used to maximise data computation with

locality and parallelism.

As for Equations (3.1) and (3.2) shown above, the computation of the ICF

algorithm requires intensive computation power that increases with both the num-

ber of users and the number of items. In this work, the three most intensive com-

putations in the ICF algorithm are partitioned into four Map-Reduce phases. The

three elements of intensive computation are: (1) computing the average rating for

each item; (2) computing the similarity between item pairs; and (3) computing

predicted items for the target user. The whole computation flowchart on MapRe-

duce is executed in four phases, as Figure 3.2 shows. Map − I and Reduce − I

computes the average rating (in Section 3.1.2); Map− II and Reduce− II com-

putes the similarity (in Section 3.1.3); Map − III and Reduce − III records

the similarity matrix in preparation for the computation of prediction items in

Map− IV and Reduce− IV (in Section 3.1.4).
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Figure 3.2: Workflow of Item-based Collaborative Filtering Algorithm

3.1.2 Computing Average Rating for Items

In computing the average rating for items, Ri,j ∈ R is defined as the rating value

on item i by user j. Being a sparse matrix, the matrix R is represented as a

tuple � < i, j, Ri,j >, which records the rating values and the corresponding item

i and user j as non-null. Then the average rating of each item is calculated by
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the following

R̄i =

∑m
j=1Ri,j∑l
k=1 1

, ∀i ∈ [1, n] (3.3)

where l indicates the number of items rated by the given user.

A tuple Iall < i, R̄i >, i ∈ [1, n] is denoted to record all items and their average

ratings.

The computation of average ratings of each item can be implemented by the

following MapReduce operations.

Map− I: Map < i, j, Ri,j > on i such that tuples with the same i are shuffled

to the same machine in the form of < j,Ri,j >. If there are n items and m users,

and there are k Mappers, the complexity of algorithm in each mapper is o(
nm

k
).

Reduce−I: Take < j,Ri,j > and output< i, j, Ri,j , R̄i > for each< i, j, Ri,j >∈

�. At the same time, the reducer records all the items in a single file Iall = {<

i, R̄i >}, ∀i ∈ [1, n]. The two outputs of tuples are all ordered by i . If there are

k Reducers, the complexity of the algorithm in each reducer is o(
nm

k
).

The output from Reduce − I will replace the tuple � < i, j, Ri,j > by the

tuple R < i, j, Ri,j , R̄i >. In fact, the storage of average rating in each tuple

R < i, j, Ri,j , R̄i > is not redundant, because there are many calculations on

Ri,j − R̄i in the steps that follow.

This phase computes the average rating for each item and outputs. It will
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output this information in two formats. The average rating is added to the

existing rating record < i, j, Ri,j , R̄i > which is used to calculate the similarity

(in Section 3.1.3). An overall item list is also recorded with the average rating

i, R̄i which is used to calculate the prediction rating (in Section 3.1.4).

3.1.3 Computing Similarity

In this step, the similarity between two arbitrary items and the formation of the

similarity matrix can be calculated. The Si,j is denoted as the similarity between

item i and item j and the similarity matrix as S = {Si,j|∀i, j ∈ [1, n]}.

Ai = {< i, j, Ri,j, R̄i > |∀j ∈ [1, n], < i, j, Ri,j , R̄i >∈ R} is defined as a

subset of users who rated the item i. The matrix Nk,l = Ak

⋂
Al, ∀k, l ∈ [1, n]

is redefined, where Nk,l means the set of users who rated the item k and item l.

To obtain good scalability, all the data required in the calculation of Nk,l should

be stored in the same node. Each computation of Nk,l could be completed in the

same node, while each calculation of Ai should be distributed to different nodes

in the MapReduce cluster. Equation (3.1) demonstrates that the computation of

Si,j can acquire all the required data from Ni,j, and can run locally.

Map−II: Map {Ai|i ∈ [1, m]} to {Nk,l|∀k, l ∈ [1, n]}. If there are k Mappers,

the complexity of the algorithm in each mapper is o(
n2m

k
).

Reduce− II: Take {Nk,l|∀k, l ∈ [1, n]}, and output {S − k, l|∀k, l ∈ [1, n]}. If
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there are k Reducers, the complexity of the algorithm in each Reducer is o(
n2m

k
).

This phase computes the similarity between item pairs for users. This tuple

will be used to calculate the prediction rating (in Section 3.1.4).

It can be demonstrated that n (the number of items) has more influence in the

computation workload than m and k. The item-based algorithm is more suitable

for the situation where m � n which means it can solve the explosion problem

of the number of users. Because the tuple R < i, j, Ri,j , R̄i > is ordered by the

identity numbers (ID) of the items in the Reduce − I, the tuples that have the

same item ID can easily be arranged in the same node.
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3.1.4 Computing Prediction Matrix

The matrix R < i, j, Ri,j, R̄i > is transferred to the matrix U , which is sorted by

user ID, as follows:

U =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

< 1, 1, R1,1, R1 >

· · ·

< 1, i, Ri,1, Ri >

· · ·

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

...⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

< 1, 1, R1,j, R1 >

· · ·

< 1, i, Ri,j, Ri >

· · ·

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

...

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

=

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

U1

U2

...

Uj

...

Um

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

= {Uj |∀j ∈ [1, m]} (3.4)

where Uj = {< i, j, Ri,j, R̄i > |∀i ∈ [1, n], < i, j, Ri,j, R̄i >∈ R} and Uj means the

set of rating tuples by user j .
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The similarity matrix is defined as

S =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

S11 S12 . . . S1n

· · · · · ·

Si1 Si2 . . . Sin

· · · · · ·

Sn1 Sn2 . . . Snn

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

=

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

S1

· · ·

Si

· · ·

Sn

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
and Si = {Si,j|∀j ∈ [1, n]} ; Si means the set of similarity between item i and

another arbitrary item j.

Map-III : Map R < i, j, Ri,j , R̄i > on j, such that tuples with the same j are

shuffled to the same machine in the form of < i,Ri,j , R̄i > .

If there are k Mappers, the complexity of the algorithm in each Mapper is

o(
nm

k
).

Reduce-III : Take < i,Ri,j , R̄i > and S, then output B =< i, j, Ri,j, Si > for

each < i, j, Ri,j >∈ �. The tuples are ordered by the user ID j.

If there are k Reducers, the complex of the algorithm in each machine is

o(
nm

k
).

This phase prepares the data for the next step of prediction calculation. It

integrates the existing rating record, average rating for each item and similarity

tuples for each item.
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Define the tuple B =< i, j, Ri,j , R̄i, Si >, by which the prediction Pi,j to item

i by user j is computed according to Equation (3.2). The prediction matrix is

defined as

P =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

{P1,1, P3,1, P5,1}

· · · · · ·

{P2,j, P3,j , P4,j, P7,j}

· · · · · ·

{P1,m, P2,m}

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

=

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

P1

· · · · · ·

Pj

· · · · · ·

Pm

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
where Pj = {Pi,j|∀i ∈ [1, n], < i, j, Ri,j >/∈ R}; ∀j ∈ [1, m]. Pj means the set of

prediction values of item i by an arbitrary user j who never rated the item i.

Map-IV : Map B =< i, j, Ri,j , Ri, Si > on j such that tuples with the same j

are shuffled to the same machine in the form of < i,Ri,j, Ri, Si >. If there are k

Mappers, the complexity of the algorithm in each Mapper is o(
nm

k
).

Reduce-IV : Take< i,Ri,j, Ri, Si > and Iall (which is the output of the Reducer-

III), then output < i, j, Pi,j, Ri > for each < i, j, Ri,j >∈ �. The tuple is ordered

by the key j and Pi,j. If there are k Reducers, in each machine, the complex of

the algorithm is o(
nm

k
) .

In the last phase, the prediction rating for all users to all items is calculated,

following which the recommendation list can be obtained.

In summary, throughout the four Map-Reduce phases, the ICF algorithm
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has been implemented in parallel on MapReduce by splitting data files with the

userID or itemID into the same Mapper or Reducer. The partition strategies

ensure the local computation. In each Map-Reduce phase, the complexity of the

algorithm for each node can be controlled by the number of Mapper and Reducer

k when the size of the data increases.

3.1.5 Optimisation Algorithm

The The optimised resource allocation problem of auto-scaling cloud-based web

services at the SaaS level can be described as below. Given a cloud-based parallel

program and workload, how can an optimised volume of resources to satisfy the

QoS of SLA be allocated?

The QoS of SLA can be simply measured by the execution time. This means

that

Tp ≤ TSLA (3.5)

where Tp is the amount of parallel execution time with p processors, and TSLA is

the maximal execution time defined by SLA.

Amdahls law [11] roughly models the performance of speedup Sp,

Sp =
T1

Tp
(3.6)
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where T1 is the amount of sequential execution time with a single processor. In

an ideal scenario, the speedup has a linear relationship with the numbers of nodes

with fixed data size. As shown in Figure 3.3, however, the real speedup is less than

the ideal speedup. Moreover, when the number of cloud nodes exceed a special

threshold, the speedup decreases as a result of the increased communication and

management cost.

Figure 3.3: Speedup and Number of Nodes
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By combining Equation 3.5 and 3.6, an equation can be obtained as below

Sp ≥ SSLA =
T1

TSLA
(3.7)

where SSLA is the minimise value of Sp by satisfying SLA.

As shown in Figure 3.3, the optimal value of p is

popt = argmin
p

F (p) constrain to Sp ≥ SSLA (3.8)

where F (p) is the function of the model for the real speedup curve. To demon-

strate the possible scenario of optimal speedup curve, two auxiliary horizontal

lines for SLA examples are added in Figure 3. If the SSLA, like the “Minimal

Speedup 2 for SLA” line in Figure 3.3, is bigger than the maximal F (p), there is

no optimal solution because cloud-based web services can not achieve the required

performance due to the bottleneck. If the SSLA, like the “Minimal Speedup 1 for

SLA” line in Figure 3.3, is not bigger than the maximal F (p), the optimal value

of p will be the cross point of the “Minimal Speedup 1 for SLA” line and the

“Speedup - Observed ” curve.
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3.2 Experimental Evaluation

In this section, the performance of the ICF algorithm on the Hadoop cluster

is investigated, focusing particularly on its scalability and efficiency. Scalability

and efficiency are the most frequently used metrics in performance evaluation,

because an algorithm that does not scale well is of limited value in practice.

3.2.1 Experiment Setup

All experiments in this work are performed on a Hadoop cluster consisting of three

nodes, one node as the MasterNode and the other two nodes as the DataNodes.

These nodes are common PC machines with Intel P4 CPU, 1G RAM, 80 G disk

and all running Ubuntu Linux 10. All the machines are connected with one 100

Mbps switch.

In this research, each node can support a maximum of five Map or Reduce

tasks and equal numbers of map and reduce tasks are set up. Because the map

and reduce tasks cannot be executed at the same time, this platform can support

10 map tasks and 10 reduce tasks. The number of map or reduce tasks is recorded

as the number of nodes. For example, if 20 map tasks and 20 reduce tasks are

applied in one experiment, then the number of nodes is recorded as 20.

MoveLens [27] [114] [83] datasets, which consist of movie rating data collected

using a web-based research recommendation system, are used in the experiments.
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The datasets contain 943 users, 1670 movie items and about 54,000 ratings on

a scale from 1 to 5. As algorithm accuracy and recall are not considered in this

experiment, more data are produced based on the Movielens data format. When

the data size is increased, the number of users will also be increased to keep the

same ratio of sparse data, therefore, the computation load of the algorithm is

able to maintain a liner increase.

3.2.2 Performance Evaluation

To measure the performance in terms of the scalability and efficiency of parallel al-

gorithms, there are several performance metrics such as speedup, scaled speedup,

sizeup, experimentally determined serial fraction and isoefficiency function [87].

Isoefficiency and speedup are two useful scalability metrics [111]. The former

evaluates the performance of an algorithm-machine combination by modelling an

isoefficiency function. The latter evaluates the execution performance change of

a fixed size problem as the number of processors increases. In the experiments,

the speed-up and isoefficency are applied as the performance metrics.

(1) Speedup: Amdahls law [11] roughly models the performance of speedup

Sp,

Sp =
T1

Tp
(3.9)

where T1 is the amount of sequential execution time with a single processor. Tp
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is the amount of parallel execution time with p processors. If the algorithm is

scalable, the speedup has a linear relation with the numbers of nodes with a fixed

data size. Figure 3.4 shows how the speedup is almost linearly increased with

the growth of node numbers on different data scales (10 K, 100K, 1M , 10M).

Hadoop has the best speedup on the largest data size and therefore has good

scalability in processing large-scale datasets.

Figure 3.4: Speedup of Item-based CF Algorithm

(2) Isoefficiency: Kumar et al. [64] proposed the isoefficiency concept which

measures the necessary workload increase to maintain efficiency. The isoefficiency

function can be expressed as

Ep =
Sp

p
=

T1

Tp × p
=

T1

T1 + T0
=

1

1 + T0/T1
(3.10)
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where T0 is the time of communication cost in a parallel process. If the algorithm

is scalable, Ep should remain constant. For the fixed Ep , T1 = fE(P ) = kP and

fE(P ) should be a linear function. That is T1 = T (m) = lm which means the

size of data m has a linear relationship with the number of nodes P . Therefore,

the number of nodes P has a linear relationship with the size of the data m. i.e.

P =
l

k
m.

Thus if P (the number of nodes) has a linear relationship with m (the data

size), it means that the algorithm is scalable. As shown in Figure 3.5, by setting

a fixed execution time (10 mins, 20 mins, 30 mins), the number of nodes has good

linear increase with growing data size. This also demonstrates that the longer

fixed execution time achieves better performance.

Figure 3.5: Isoefficiency Function for Varying Nodes and Data-size with Fixed
Running-time
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3.2.3 Summary

In this chapter, a scaling-up ICF algorithm on MapReduce is parallelised, by

splitting the whole data file and allocating those partitions with the same userID

or itemID into the same Mapper or Reducer. To minimise the communication

cost, effective partition strategies are developed to realise the local computation

in each Map phase and each Reduce phase. The experiment results show that

good scalability and performance efficiency is obtained by the proposed scaled

up ICF algorithm, which is executed in a Hadoop cluster. Due to the limited ex-

perimental resources, only three physical nodes are implemented in the Hadoop

cluster. This work is a case study of SaaS-level resource optimisation for auto-

scaling cloud-based web services in which a novel solution to the key component of

time-consuming computation is studied. The proposed methods can be adapted

to other auto-scaling cloud-based web services which have time-consuming com-

putation.
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Chapter 4

ACWS Optimisation on PaaS

TDM In the PaaS models, cloud providers deliver a computing platform that

typically includes an operating system, a programming language execution envi-

ronment, a database, and a web server. The auto-scaling character of the comput-

ing platform enables the cloud-based web services provider self-adaptively satisfy

the time-varying workload. For a rapidly-completed service, the cloud platform

automatically assigns requests to different cloud nodes. For a time-consuming

service, the cloud platform will automatically distribute the requests to different

groups of cloud nodes. As discussed in Chapter 3, each group of cloud nodes can

accomplish a parallelisable time-consuming service task within the given time. In

this chapter, we only focus on the cloud platform for rapidly-completed services,

because it is easy to adapt the platform for time-consuming services by treating

a nodes group as a resource unit.

66



To support auto-scaling cloud-based web services, the cloud platform needs

not only the basic functions mentioned above but also special functions such as

auto-configuration, and optimised resource allocation. The platform needs to

support multiple kinds of web services. If each server is configured to support all

kinds of services, namely “one-server-all-services”, the burst visits of one service

will block other services. The robustness of the system will be a problem with

this configuration model. If each server is configured to support only one service,

namely “one-server-one-service”, consider a general scenario: within a special

time period, there may be many visits requesting for one kind of service but

few visits requesting other services. In this scenario, the servers configured for

the numerous visits service will be very busy, while other servers will be idle, and

system utilisation will be very low. With the given workload, a good configuration

should be able use minimal resources to satisfy the QoS of SLA. To achieve an

optimal solution for configuration, this chapter proposes an auto-configuration

and optimised resource allocation method at PaaS level.

This chapter aims to investigate the configuration problem in the cloud com-

puting environment, considering multiple conflicting SLA and supporting dy-

namic reconfiguration when workloads change. A self-adaptive configuration op-

timisation method is proposed to solve this problem. By using queuing theory

and statistic techniques, in particular, the problems of modelling and computa-

tion for SLA metrics are addressed based on utility function for a given workload
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distribution. A multi-objective genetic algorithm is also developed for this opti-

misation system to realise the self-adaptive configuration. This method can guide

cloud customers to purchase appropriate resources and make decisions about de-

ployment configuration such as scale, scheduling and capacity.

The deployment of cloud service problem is a combinatorial optimisation prob-

lem which ensures the optimal mapping between each service of an application

and the cloud computing resource. Since there are a large number of various types

of cloud computing servers and many services in one application, a huge number

of possible deployment plans can be generated. An example deployment config-

uration is shown in Figure 4.1. Each deployment configuration has an arbitrary

number of deployment plans and each deployment plan can process arbitrary

number of services as a result of which the operation of service throughput and

latency is improved. This research work supports the idea that multiple like ser-

vices are not operated on the same deployment plan, since multiple like services

deployed on one machine do not contribute to an improvement in performance .

4.1 Methodology

In this section, the architecture of the proposed optimisation system is presented

and the modelling of the system is described.
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Figure 4.1: An Example of Deployment Configuration

4.1.1 Architecture of Self-adaptive Configuration Optimi-

sation System

The architecture of the proposed self-adaptive configuration optimisation system,

its components and their interaction are shown in Figure 4.2. The system has

four main components: workload analysis and prediction model, SLA computa-

tion model, optimisation and scheduling model, and resource configuration model.

This system is a closed loop self-adaptive control model. When the request work-

load changes, the optimisation and scheduling model executes the optimisation

algorithm to determine the best configuration for the system at regular intervals

(i.e. reconfiguration intervals), considering the previous execution results and

cloud computing resources information (as shown in Figure 4.3).
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Figure 4.2: Architecture of Self-adaptive Configuration System in Cloud Com-
puting
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Figure 4.3: Self-adaptive Reconfiguration Interval

The SLA computation component collects utilisation data from the cloud com-

puting system (e.g., CPU and disks) as well as the account of completed requests,

which allows the component to compute the SLA objectives (e.g. throughput,

latency, cost). The service demand of a request, i.e., the total average service

time of a request at a resource, can be computed as the ratio of the resource

utilisation and system throughput. The values of SLA objectives computed by
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this component are used as one of the input parameters to the optimisation and

scheduling model.

The workload analysis and prediction model analyses the stream of arriving

requests, computes and stores statistics for the workload intensity, such as the

average arrival rate, and applies statistical methods [12] [108] to model and

predict the intensity of the workload in the next reconfiguration execution in-

terval. The current or predicted values of workload intensity computed by this

component are also used as input parameters of SLA computation model.

At the start point of each reconfiguration interval (see Figure 4.3), the opti-

misation and scheduling model runs the optimisation algorithm. This algorithm

takes into account the desired SLA objectives, the arrival and departure pro-

cesses, and performs a multi-objective genetic algorithm to search a trade-off

configuration in the state space of possible deployment configurations. Once the

resource configuration model determines the best configuration for the workload

intensity level provided by the workload analysis and prediction model, it will

send reconfiguration commands to the cloud computing systems. The system is

then realised with self-adaptive configuration optimisation.
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4.1.2 SLA Metrics Modelling using Utility Function

In this section, a scenario in which a given workload distribution with the same

rate request in the reconfiguration interval is considered, the SLA metrics are

modelled and a computational method of Stochastic SLA Metrics is studied. A

corresponding optimisation algorithm (genetic algorithm) is then developed in

Section 4.1.4.

The SLA are defined as performance metrics (throughput, latency, CPU us-

age) and cost. These four objectives are conflicting and are variously weighted by

different clients, therefore the optimisation value is usually a trade-off of optimal

SLA rather than a single optimal result. To handle this multi-objective optimisa-

tion problem, the notion of utility function is applied to determine the combined

usefulness of cloud services as a function of the various SLA. Utility functions are

used quite often in economics and have been extensively used in autonomic com-

puting [37]. However, the use of utility functions to determine the optimal mix

of SLA in cloud computing as presented here is novel. The following notations

are expressed to formalise the problem of optimal selection of SLA.

Let objective tuple in SLA be: SLA = {T, L, U, C}, where

• T (throughput): SLA on transaction throughput; T = (T1, T2, · · · , Tn), Ti

is the i− th interval throughput.

• L (latency): SLA on response time or waiting time of per service instance
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processing; L = (L1, L2, · · · , Ln), Li is the i− th interval average response

time.

• U (CPU Usage): SLA on CPU utilisation; U = (U1, U2, · · · , Un), Ui is the

i− th interval CPU utilisation.

• C (cost): SLA on resource utilisation cost; C = (C1, C2, · · · , Cn), Ci is the

i− th interval resource utilisation cost.

For the Utility Function formulas of SLA = {T, L, U, C} metric, we use the

following sigmoid curve [99] [110] [98]:

Uti = K
eα(β−ε)

1 + eα(β−ε)
(4.1)

where K is the normalising factor. α is a sensitivity parameter that defines the

sharpness of the curve and β is the associated SLA goal. The sign of α determines

whether the sigmoid decreases ( α > 0 ) with ε or increases (α < 0 ) with ε. The

maximum value of the utility function defined above is 1. These values occur at

ε = 0 for latency and cost, ε = 1 for CPU usage, and ε → ∞ for throughput. A

decreasing utility function is used for latency and cost, and an increasing function

is used for throughput and availability. The utility function of SLA is as follows:

Utility(SLA) = w1Uti(T ) + w2Uti(L) + w3Uti(U) + w4Uti(C) (4.2)
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The first term Uti(T ) in Equation (4.2) is the throughput utility function, the sub-

sequent terms are latency, CPU usage and cost utility function, respectively. Each

value of these individual utility functions belongs to the [0, 1] range. w1, w2, w3

and w4 represent the weights associated with throughput, latency, CPU usage,

and cost, respectively, which are used to indicate the preference of objectives in

SLA for cloud clients, and w1 + w2 + w3 + w4 = 1, Utility(SLA) ∈ [0, 1].

Now, a cloud client is faced with the problem of selecting the appropriate

resource deployment that will maximises the utility function subject to SLA con-

straints. This non-linear constraint optimisation problem is shown below:

maxUtility(SLA) = f(T, L, U, C)

subject to

Tmin � T � Tmax

Lmin � L � Lmax

Umin � U � Umax

Cmin � C � Cmax

(4.3)

4.1.3 Stochastic SLA Metrics Computation

This section describes the stochastic SLA computation method used in the mod-

elling of the utility function optimisation of SLAs. To estimate the performance
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of distributed systems such as cloud system, queuing theory is a well-established

method which has been studied in a number of research works [82]. This research

work uses queuing theory and statistical techniques to estimate the SLA objec-

tives that are throughput, latency (i.e. waiting time), CPU usage and cost. The

cloud server cluster can be modelled as a M/G/m queuing system which indi-

cates that the randomly arrived requests is approximated modelled as a Poisson

process. The Poisson distribution is shown as:

f(k;λ) =

m∑
k=0

λke−λ

k!
(4.4)

where,

• e is the base of the natural logarithm (e = 2.71828 . . . );

• k is the number of occurrences of an event;

• k! is the factorial of k;

• λ is a positive real number, equal to the expected number of occurrences

during the given interval;

• μ is the maximum number of processed requests per unit time for single

cores;

• n is the number of cores;
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• si is the cost computation in ith interval time.

From Equation (4.4), the Expectation is E(f(k;λ)) = λ, that is the average

number of arrival requests per reconfiguration interval. Since the given distribu-

tion with the same rate of requests is supported and μ is known, the throughput

can be computed as:

T =

⎧⎪⎪⎨
⎪⎪⎩

λ, λ � nμ

nμ, λ > nμ

(4.5)

and the approximation of CPU usage is :

U = ρ =
λ

nμ
(4.6)

The probability function of the latency in M/G/m queuing system is [51]

[96] :

Pr(W ≥ t) = (
npn
n− ρ

)e−(nμ−λ)t, t ≥ 0 (4.7)

where,

pn = p0(
ρn

n!
)

and

p0 =

[
n−1∑
k=0

ρk

k!
+

ρn

(n− 1)!(n− ρ)

]−1
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Therefore, the calculation of the latency is the expectation shown as

L = E(Pr(W ≥ t)) =
npn

(n− ρ)(nμ− λ)
(4.8)

Then the ith interval resource utilisation cost is

Ci = nsi (4.9)

4.1.4 Optimisation Algorithm

In this section, a multi-objective genetic algorithm is developed for configu-

ration optimisation in cloud computing. The detailed algorithm is specified in

Algorithm 4.1.4. This algorithm is designed to seek individuals that satisfy given

SLA and exhibit optimal utility value considering trade-off among QoS objectives

in SLA. At each generation, two parents, p1 and p2, are selected with binary tour-

naments. They reproduce two offspring by performing the crossover operator with

one-point crossover on genes. Then off-spring’s genes are then mutated. A muta-

tion operator is designed to increase or decrease resources. To generate the ability

to dynamically change a deployment plan to a deployment configuration, the mu-

tation of operator first adds an empty deployment plan (randomly selected), for

example, no service deployed on it. After executing mutations, the mutation

operator examines each deployment plan and releases empty deployment plans
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Algorithm 4.1 A multi-objective genetic algorithm for cloud resource
configuration optimisation

Initial:
MaxGeneration ← maximal generation count ;
u ← population size ;
P ← random u individuals ;
g ← 0;

1: while ( + + g > MaxGeneration ) do
2: for each p in P do
3: t ← throughput with configuration p;
4: l ← latency with configuration p;
5: u ← CPU usage with configuration p;
6: c ← cost with configuration p;
7: u ← utility(t, l, u, c);
8: p.fitness ← u;
9: end for

10: if ( size of (P ) > u) then
11: P ← Top u individuals of P based on fitness value;
12: end if
13: Q ← new empty population ;
14: while (size of (Q)! = u) do
15: r, s ← random two individuals from P ;
16: p1 ← max(r, s) based on fitness value ;
17: r, s ← random two individuals from P ;
18: p2 ← max(r, s) based on fitness value;
19: tmp1, tmp2 = Crossover (p1, p2);
20: if (tmp1, tmp2) are not better than (p1, p2) then
21: tmp1, tmp2 ← p1, p2 ;
22: end if
23: tmp1 ← mutation (tmp1) ;
24: if tmp1 is better than p1, p2 and tmp1 does not exist in Q then
25: add tmp1 to Q;
26: end if
27: tmp2 ← mutation(tmp1);
28: if tmp2 is better than p1, p2 and tmp2 does not exist in Q then
29: add tmp2 to Q;
30: end if
31: end while
32: P ← P +Q;
33: end while
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to form a deployment configuration. In this way, it realises the self-adaptive on-

demand cloud service deployment. This reproduction process is repeated until

MaxGeneration is reached. To fulfil both requirements, this multi-objective ge-

netic algorithm for configuration optimisation in cloud computing uses the utility

function of SLA (shown in Equation (4.3)) as the fitness function which satis-

fies the given SLA constraints. The fitness function for feasible individuals is

designed to encourage them to improve their SLA values in all objectives and

maintain diversity in their population of SLA values.

4.2 Experimental Evaluation

In this section, the performance of the proposed optimisation algorithm is inves-

tigated.

4.2.1 Experiment Setup

In this section the proposed methods of Genetic Optimisation based Service Con-

figuration (GOSC) are evaluated on the simulator - CloudSim [21]. The number

of server types is three with the relative capability 1:5:20, and the price of dif-

ferent servers maintains the same ratio of capability. Unlimited number of each

server type are available.

Ten different service types are considered. On the slowest server, the running
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time for each service type is a random variable following Gaussian distribution

whose mean value is randomly selected. On different servers, the running time is

decreased based on server capability.

This work simulates theworkload from a real-world datasets which is Sogou 1

search log dataset, the request scale is shown in Figure 4.4. In the time-varying

workload scenario, the scale of requests are changed hourly in a different time

slot, because the dataset only records the statistical number of visits for a time

period. To simulate the visiting arrival sequence, the arrival time is modelled as

a random process with the mean value from the real-world datasets.

Figure 4.4: Request Scaling for Time-varying Workload

The Threshold Detection Method (TDM) is treated as the baseline method.

1http://www.sogou.com/labs/dl/q-e.html
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Most public cloud platform, e.g. Amazon, provide users with a threshold detec-

tion tool for auto-scaling. With this tool, the user can specify the threshold for

several indicators of system performance. Once the threshold is broken, the cloud

system will automatically scale up or scale down based on the specified action

rules of users. This method is simple and straightforward. It is a reactive re-

source allocation method which adjusts the volume of resources by reacting to

the changes in the workload.

4.2.2 Performance Evaluation

With the given time-varying workload series from the real-world dataset, the

proposed method is separately evaluated with the baseline schema. The perfor-

mance between these two methods is compared on four indicators: Utilisation,

Cost, Latency, and Throughput.

In Figure 4.5, two curves are drawn to represent the cost for time-varying

workload. Our proposed method (GOSC) costs less than the baseline method

(TDM - Threshold Detection Method). The cost is the volume of the capacity for

allocated resources. It treats the weakest server’s capacity as one, and other power

servers can be represented as another number based on the capacity comparison.

Then a numerical value can be applied to represent the volume of the capacity

for all allocated resources. Figure 4.5 demonstrates that the cost increases or
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decreases according to the changes in workload. The demand volume of a resource

is the ideal optimal value. The cost curve of our proposed method is closer to the

ideal optimal value than the cost curve of the baseline method.

Figure 4.5: Cost for Time-varying Workload

At the same time, our proposed method achieves higher CPU utilisation, as

shown in Figure 4.6. To calculate the average CPU utilisation of the system, the

mean value of utilisation is calculated by also considering the capacity as well,

because different servers have different capacities and utilisation.. The calculation

can be represented by Equation 4.10 below.

U =

∑N
i=1Ci ∗ Ui∑N

i=1Ci

(4.10)
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where Ci represents the capacity of the ith server by comparing with the weakest

server, and Ui is the observed CPU utilisation of the ithe server. In Figure 4.6,

our proposed method has higher utilisation than TDM due to the optimisation

of the allocated resource and service configuration.

Figure 4.6: Utilisation for Time-varying Workload

To measure the latency of the system, the latency of all requests are recorded

within each hour, then the average latency is obtained for each hour.

L =

∑M
i=1 Li

N
(4.11)

where Li is the latency of the Mth request within the given one-hour-time-slot.

As shown in Figure 4.7, our proposed method has lower latency because the

configuration for different kinds of services is optimised while TDM only adjusts
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the volume of the resource when the performance decreases to a certain threshold.

Figure 4.7: Latency for Time-varying Workload

The throughput for each service type in the system is evaluated. Because the

service will be configured on only some of allocated servers, the throughput is only

calculated on those configured servers rather than all allocated servers. In Figure

4.8, the throughput results for one service type are illustrated, showing that the

baseline method has bigger throughput than our proposed method because the

based line method applies more servers than our method.
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Figure 4.8: Throughput for Time-varying Workload

4.3 Summary

This chapter discusses the PaaS level optimisation for auto-scaling cloud-based

web services. To support the auto-scaling of cloud-based web services at the

PaaS level, a self-adaptive method is developed with auto-configuration and op-

timised resource allocation functions. This chapter particularly studies the cloud

service configuration optimisation considering system performance, resource pro-

vision and scheduling, multiple conflicting SLA, and changing workloads. The

self-adaptive cloud service configuration optimisation is developed, considering

multiple conflicting SLA and supporting dynamic reconfiguration when work-

loads change. The designed cloud service configuration optimisation system and

algorithm can be applied to any cloud computing platform.
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As the experiment results show, our proposed method save server cost, in-

creases server utilisation and reduces average latency in a real-world request vis-

iting environment compared to the baseline method,.

86



Chapter 5

ACWS Optimisation on IaaS for

VMs

Web service providers need to purchase computation resource from cloud providers,

and cloud providers typically charge IaaS services by a utility computing basis:

cost reflects the amount of resources allocated and consumed. To save cost for

web service providers, this chapter propose an optimisation cloud resource allo-

cation method for the web services. Particularly, in this chapter, we focus on the

computation resource (e.g. VMs) for computation-intensive web service. More-

over, due to space limitation, the proposed method targets fast-complete service

only. Because a time-consuming task can be divided to several fast-complete

tasks, and the proposed method is able to be used for this scenario as well.

In most cloud platforms, computation resources are charged with an entire
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time slot, such as an hour, a day or a month. To balance the cost of resource

rescheduling and running cost on current pricing models, this work adjusts the

required resource hourly. Particularly, time-varying workload is firstly predicted

by combining time series and predictive analysis. Then the arrival pattern of

requests will be modelled by using Queueing Theory. Thirdly, an optimal volume

of resource will be is required by satisfying both cost and QoS. Lastly, to handle

unpredictable request burst, a real-time reactive method is developed to apply

additional cloud resource with higher price.

This proposed VM auto-scaling method is developed for cloud tenants who

have time-varying resource demands. In general, a cloud tenant wants to make

accurate decisions on how many VMs should be used and when to scale up or

down. However, it is not a trivial thing for cloud tenants to make such a deci-

sion on time-varying demands scenario. The scaling decision is decided by the

following three main aspects:

(1) optimal VM consumption in varying time units (the biggest impact);

(2) boot-up time of VMs (scaling up);

(3) task migration on VMs (scaling down).

According to current related work, there are two major methods for facilitating

the VM auto-scaling decisions of cloud tenants:
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• Reaction-based auto-scaling method: which reacts to the current system

based on not only a set of monitored variables (e.g. CPU utilisation) offered

by cloud infrastructure vendors or third-party tools but also some auto-

scaling rules set by human operator (usually a cloud tenant). This kind of

method has often been referred as rule-based or trigger-based auto-scaling

method.

• Prediction-based auto-scaling method: which treats the future demand as

a predictable value by utiliszing the past demands as a time series or math-

ematical model. The demand of next period is predicted or estimated by

the constructed model. Then, an auto-scaling decision will be made based

on the predicted demands.

The Reaction-based method is easy for understanding and operating. But it

requires cloud tenants to select logical combination of variables which is hard

to achieve cost-effective results on time-varying workload. The Prediction-based

method does not require extra efforts of cloud tenants. However, it is difficult for

cloud tenants to allocate suitable VMs using the predictive-based method when

the workload changes suddenly or significantly.

Considering the pros and cons of the above two methods, this chapter pro-

poses a hybrid method, namely data-driven VM (DD-VM) auto-scaling method,

to solve the time-varying VM consumption for cloud tenants (e.g. web applica-
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tions provider). A data-driven dynamic prediction model is developed to forecast

demands volume by using machine learning techniques to train a model with both

history and current data. The model will be updated in each time unit according

to the changes of demands volume. To solve under-estimation and over-estimation

problems of prediction, an adaptive prediction error handling method is designed.

Further, an optimisation method is described to obtain the optimal number of

VMs required to achieve the minimal resource consumption cost while satisfying

the performance level (e.g. latency) defined in the SLA (service level agreement).

In addition, a reactive method is operated to handle unpredictable bursts. Ac-

cording to the optimal value, an auto-scaling decision is executed in each time

unit. The proposed method is implemented on Amazon AWS and is evaluated

by applying three real-world web log datasets. Experiment results demonstrates

that the proposed method operate VM auto-scaling with few prediction errors,

as well as optimal resource allocation with scalar cost-latency trade-off and few

SLA violations. The proposed method is able to be extended easily to large-scale

systems, as it does not have to construct and maintain a complex global structure.

The main contributions of this chapter are summarized as follows:

1. It proposes an efficient and robust method, that enables cloud tenants

to adaptively and quickly achieve optimal VM consumption under time-

varying workloads by utilising the advantages of reactive and predictive-
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based methods.

2. It develops a data-driven decision making method for auto-scaling VM con-

sumption, which is dynamically determined by modelling and analysing the

data stream while not being restricted by specific rules.

3. It proposes a combined method in which a dynamic predictive-based method

deals with the situation that the time-varying consumption has periodical

pattern and a reactive method addresses the circumstance that the con-

sumption is unpredictable.

5.1 Methodology

In this section, the overview of the proposed method is presented and the mod-

elling of system is described.

5.1.1 Overview of the Method

The proposed method scales the cloud resource up or down (or NOP : do-nothing

operation) by time-unit re-allocation based on predicted optimal resource de-

mands. Web application providers can specify their budgetary constraints and

SLA in respect of latency for their applications. In each time-unit, web applica-

tion providers can be notified of the total cost, SLA violations and re-allocation
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state (e.g. scaling up or down or NOP) by using the optimal resource auto-scaling

method. Notice that in practical applications, an unpredictable burst of number

of requests will happen as a similar situation as which the Animoto experienced.

To tackle this unpredictable scenario, this method monitors the waiting queue of

requests to be processed in real-time. Once the length of the queue is bigger than

a threshold, the method could dynamically append VMs to process the exceed-

ing number of requests. Figure 5.1 illustrates the overview execution paradigm

facilitated by the method.

Figure 5.1: Overview of Optimised Cloud Resource Auto-scaling

As shown in Figure 5.1, the main steps of the proposed method are outlined

as follows.

(1) to collect request records as the history data;
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(2) to analyse the history visiting data hourly and predict the number of requests

for the next time-unit (Sub-section 5.1.2);

(3) to discover the optimal number of VMs by utilising the Optimisation Model

(Sub-section 5.1.3);

(4) to scale the resource (VMs) up or down or NOP from a public cloud platform.

5.1.2 Prediction Model

Because launching a VM instance takes several tens of seconds to minutes, a

predictive-driven resource scaling method is proposed. As the parameters of a VM

underlying resource, such as CPU, memory, I/O or network bandwidth, are not

necessarily dependent [109], it is not trivial to model resource demand prediction

directly within these parameters (i.e. resource-level). This work predicts the

web request distribution in each time-unit. Subsequently, the resource demand

is modelled based on the predicted web request distribution at a VM-level (that

is, by considering the number of VMs, rather than the number of configuration

parameters as the resource demand quantity).

(1) Definition

To predict the number of web requests, the web request data is generally denoted

as a time series [113]:{X(t); t ∈ T}, where T is an index of the time fragment, and

X(t) is the random variable, representing the total number of requests that arrive
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in the t time fragment. The prediction problem can be defined as follows: given

the current and past observed values (X(t− k), X(t− k + 1), ...X(t− 1), X(t)),

predict the future value X(t+ p), where k is the length of the history data used

for prediction and p is the predictive time fragment.

(2) Key Features Identification

Most online web requests have a seasonal or periodical behaviour to some extent,

we design a novel Linear Regression method for prediction by using an auto-

correlation function to identify the key features.

For instance, a mail server usually experiences the highest web traffic volume

every Monday morning, while at midnight, web requests drop to a low level;

also, the number of requests will be much higher on weekdays than on weekends.

Many more users may request a mail service on festivals and holidays than on

other days. Therefore, the web requests behaviour pattern can be established

and key features such as hourly, daily, weekly, monthly, seasonally, etc., can be

identified by analysing the history data.

We represent a web requests time series as (X(t − k), X(t − k + 1), ...X(t −

1), X(t)), where X(t) is the total arrived requests within the (t)th time fragment.

The web request in the (t+1)th time fragment is depend on the request volume in

the (t)th fragment and other previous fragments. A linear model is implemented
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below to model the relationship between different time fragments.

X(t) =
N∑
i=1

wiX(t− i) (5.1)

where wi is the important factor of the (i)th previous fragment, and N is the

total number of previous time fragments.

Based on Equation (5.1), wi(i = 1, ...N) can be estimated by utilising a linear

regression method to obtain the prediction model. If the related time fragments

are too many, an over-fitting problem will occur and prediction accuracy may be

reduced. The top key features that mainly determine the predicted value should

be identified. In this work, the auto-correlation function is applied to identify

the key features [107]. For the request state in each time fragment X(t), its

auto-correlation with another request X(t− i) is calculated by

ρt,t−i =
E{[X(t)− μ][X(t− i)− μ]}

σ(t)σ(t− i)
(5.2)

For different i, a vector V = {mean
t

(ρt,t−i)|i ∈ [1, N ]} is obtained. K elements

are selected with top values from the sorted vector V as the K key correlated

features. These selected elements are composed of a new vector N̄ . For t′ ∈ [1, N̄ ],

95



the linear regression model can be estimated as follows:

X(t) =
K∑

t′=1

wt′X(t′) (5.3)

(3) Modelling the Relationship between Cost and Latency

To estimate the relationship between web request volume, cost and latency, the

following are taken into consideration in the proposed method: (1) cost (C)

prediction depends on the number (M) of VMs changing, e.g C=f(m); (2) latency

(L) consists of execution time (Ts) and waiting time for executing (Tq); (3) the

arrivals of requests to be processed on VMs obey a Poisson distribution with rate λ

, and the executed requests on VMs are also considered as a Poisson distribution

with rate μ. For convenience, each web server is installed on one VM and all

VMs belong to the same type of instance with the same process capacity. These

allocated VMs come from an infinite cloud-based resource pool.

The queueing theory technique is applied to model this relationship and the

arrival-execution of requests on VMs is considered as a birth-death process, which

is a special Markov chain [46], as shown in Figure 5.2.

Figure 5.2: Transition Rate for the Web Requests Process on VMs
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Due to the allocation of multiple servers (or VMs) in the method, this process

of the arrival-execution of requests on VMs is modelled as M/M/m queueing:

the arrivals are Poisson distribution with rate λ (λ = E(X(t)), and each VM has

an independent and identical distribution exponential execution-time distribution

with mean μ . Since the execution-time of the web request on a given type of VM

can be obtained by experiments, the execution-time Ts is known and μ = 1/E(Ts).

There are m VMs in the system and one web request is allocated to be pro-

cessed on each one VM in parallel at every instant time-point with a constant

rate, so that the “birth” rate is λn = λ for all n. The rate of request comple-

tions (or “deaths”) depends on the number of VMs in the system. If there are m

or more requests in the system, then all m servers must be busy at the instant

time-point. Since each VM processes requests with rate μ, the combined process-

completion rate for the system is (mμ). When there are fewer than m customers

in the system, e.g. i < m, only i of the m VMs are busy and the combined

service-completion rate for the system is (iμ). Hence μi may be written as

μi =

⎧⎪⎪⎨
⎪⎪⎩

iμ 1 � i < m,

mμ i � m

(5.4)

Based on the Markov chain in Figure 5.2, the steady-state probabilities pi is
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obtained

pi =

⎧⎪⎪⎨
⎪⎪⎩

λi

i!μip0 1 � i < m,

λi

m(n−m)m!μi
p0 i � m

(5.5)

To obtain the value of p0, the probabilities must add to 1 (
∑

∞

i=0 pi = 1).

p0 = (

m−1∑
i=0

λi

i!μi
+

∞∑
i=m

λi

m(i−m)m!μi
)−1 (5.6)

With the steady-state probabilities pi, the expected queue size Lq can be

calculated. Lq equals zero when the request number i is no more than VM

number m, and is equal to (i−m) when the request number i is more than the

VM number n , and thus,

Lq =

∞∑
i=m+1

(i−m)pi (5.7)

Based on Little’s Formula [46] Lq = λTq, where Tq = E(tq) is the expected

length of the waiting time in queue tq.

Tq =
Lq

λ
= p0(

(λ/μ)m

m!(mu)(1− ( λ
mμ

)2
) (5.8)

With the expected waiting time Tq, the expected response time (average la-
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tency) L can be calculated by

L(λ, μ,m) = Tq + Ts (5.9)

5.1.3 Optimisation Model

(1) Objective Function

Recall that the web application provider’s greatest concern is to maximize profit

(e.g. by minimizing cost) while providing high quality service (e.g. by minimizing

latency) with lower SLA violation. However, these two factors are in conflict. As

in this cloud-based web system with the cost demand on the number of allocated

VMs, the number of VMs can be reduced to keep the cost as low as possible when

there are insufficient VMs to process requests, but the waiting time in the queue

will be too long. To solve this problem, the cost-latency trade-off optimisation is

exploited as follows:

argmin
m,λ,μ

Γ(λ, μ,m) = α ∗ f(m) + (1− α) ∗ L(λ, μ,m) (5.10)

where α ∈ [0, 1] reflects the importance ratio of cost and latency.

Due to the different scale of the number of VMs and latency, the latency can

be normalised by

G = L/T (5.11)
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where T is the latency threshold, which is defined in SLAs.

To normalize the number of VMs, the equation below can be considered by

C ′ = F (m) =
f(m)− fmax(m)

fmax(m)− fmin(m)
(5.12)

where f(m), fmax(m) and fmin(m) refer to the VMs cost per time-unit, the least

possible cost per time-unit and the maximum possible cost per time-unit, respec-

tively. Then, the following objective function can be derived for the optimisation.

argmin
m,λ,μ

Γ(λ, μ,m) = α ∗ F (m) + (1− α) ∗G(λ, μ,m) (5.13)

Based on predicted requests in unit time t ,λ and μ are given, and the latency

function in unit time t can be written as

Lt(λ, μ,m) = Lt(m) (5.14)

Considering the need to satisfy web application providers’ cost constraints and

SLAs violation in respect of latency, the final objective function of the cost-latency
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trade-off in unit time t is obtained by the following:

argmin
m

Γt(m) = α ∗ Ft(m) + (1− α) ∗Gt(m)

subject to ∀t : Ct(m) ≤ Ct(max);Pr{Lt(m) > T} � K%

(5.15)

where the SLAs violations constraint K is usually defined as K ∈ [2, 5] for web

applications.

Assuming each server could tackle k requests within time T , the m VMs could

tackle mk requests. This means that the SLA will be satisfied when the queue

length is less than mk, because all requests could be tackled within time T . By

referring to Figure 5.2, it demonstrates that only the previous mk steady-state

can satisfy the SLA, and others will violate the SLA. So the equation of SLAs

violations constraint can be written by

Pr{Lt(m) � T} =

mk∑
i=0

pi > (1−K%) (5.16)

(2) Solving the Optimisation Problem

To minimize the objective function, an optimal number of VMs m is expected to

be calculated to obtain the cost-latency trade-off values, satisfying all constraints.

Clearly, Equation 5.15 is a complex nonlinear function and hard to simplify by

mathematical methods. Considering that the number of VMs the web application

101



Algorithm 5.1 Computing Optimal Number of
VMs

input
λ - arrival rate, μ - process rate per VMs,
α - priority of cost, K - threshold of SLA violation

output
m - optimal number of VMs

1: minV = ∞
2: for (n = 1..N) do
3: lt = L(λ, μ, n); //Equation (6.9)
4: lt

′ = normalize(lt); //Equation (5.11)
5: n′ = normalize(n); //Equation (5.12)
6: newV = α ∗ n′ + (1− α) ∗ lt

′; //Equation (5.15)
7: if ( (n satisfy constraint(K)) // Equation (6.20)

&& (newV < minV ) ) then
8: m = n;
9: minV = newV ;

10: end if
11: end for

provider purchased is limited, an exhaustive search algorithm is exploited to

calculate the Γ with different m, and to find the lowest Cost and the related m,

as shown in Algorithm 5.1.

5.2 Experimental Evaluation

In this section, the performance of the proposed method is evaluated. The ex-

periment setup and datasets used in the experiments is first expressed, followed

by the analysis and discussion of the evaluation results.
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5.2.1 Experiment Setup and Datasets

The performance of the proposed method is evaluated by using three kinds of well-

know real-world datasets as following: AOL 1 and Sogou 2 search log dataset,

as well as another real-world dataset collected by the UTS (The University of

Technology, Sydney) library, to evaluate the performance. Because most VMs

instances in public clouds are charged hourly, the time-unit of re-allocation in

this work is the hour-unit. Therefore, the length of time fragment is set as one

hour, and the number of requests is aggregated for each hour.

The experiment is organised by steps as follows:

(1) investigate how the seasonal characters affect the selection of features for

prediction modelling (Sub-section 5.2.2);

(2) evaluate the prediction model through three datasets (Sub-section 5.2.3);

(3) visualize the performance of the prediction model (Sub-section 5.2.4);

(4) evaluate the allocation performance for the given number of requests (Sub-

section 5.2.5);

(5) compare the proposed method with other methods (Sub-section 5.2.6).

1http://www.infochimps.com/datasets/aol-search-data
2http://www.sogou.com/labs/dl/q-e.html
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5.2.2 Features Selection Evaluation

To measure the seasonal characters, the difference between two time periods

is compared. The number of requests in each hour is represented as a vector

<v1, ..., vi, ...v60>, where vi is the requests volume within one minute. Each vec-

tor is considered as a distribution, and the Kullback-Leibler (KL) divergence is

applied to measure the difference between two distribution probabilities.

DKL(P ||Q) =
∑
i

ln(
P (i)

Q(i)
)P (i) (5.17)

Because the KL divergence is a non-symmetric measure, a variant Symmetriz-

ing KL (SKL) divergence [58] is utilised to evaluate as

SDKL(P ||Q) =
DKL(P ||Q) +DKL(Q||P )

2
(5.18)

By taking the hourly number of requests as an element, the requests volume

in a day can be considered as a 24-length vector. Each vector is treated as a

distribution, and can be calculated by the SKL divergence with another hourly

vector. Similarly, the hourly vector can be extended to a weekly or monthly

vector. Table 5.1 shows the average SKL divergences on hourly, daily and weekly

vectors with three datasets.

For the SKL divergence, 1 represents the greatest distance and 0 describes
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Table 5.1: Average SKL Divergence on Different Period Vectors

Dataset Hour Day Week

AOL 0.0324 0.0283 0.0229
UTSlib 0.0667 0.0302 0.0577
Sogou 0.0054 0.0086 0.0110

the smallest distance. All the SKL divergences in Table 5.1 are small, which

demonstrates that the three datasets have highly seasonal characters and the

number of requests can be predicted by using the history data.

Before learning the prediction model, the key features need to be selected for

the linear regression model. Table 5.2 represents the top 10 correlated features.

The results in Table 5.2 show that the request volume in time-unit t is most

correlated to that of the first previous unit-time t− 1.

Table 5.2: Top 10 Correlated Lags

Period Correlated lag (ordered by correlation descent)

AOL 1,2,3,4,5,145,144,146,6,143
UTSlib 1,2,169,25,168,24,170,145,26,3
Sogou 1,25,2,49,24,26,73,48,50,97

5.2.3 Evaluation Methods

Several common measurements are applied for the regression model, such as Root

Mean Squared Error (RMSE), Relative Squared Error (RSE), Mean Absolute

Error (MAE), Relative Absolute Error (RAE), and coefficient of determination

105



(R2).

RMSE =

√∑n
i=1(pi − ai)2

n
(5.19)

RSE =

∑n
i=1(pi − ai)

2∑n
i=1(āi − ai)2

(5.20)

MAE =

∑n
i=1 |pi − ai|

n
(5.21)

RAE =

∑n
i=1 |pi − ai|∑n
i=1 |āi − ai|

(5.22)

R2 =

∑n
i=1(pi − p̄i)

2∑n
i=1(ai − āi)2

(5.23)

where a is the actual value, p is the predicted value.

10-fold cross validation are utilised as the evaluation method. Table 6.1 shows

the performance of the regression model on three datasets.

Table 5.3: Performance of Regression Model

Data Avg Req RMSE RSE MAE RAE R2

AOL 1.6*103 191 0.05 140 0.19 0.98
UTSlib 2.9*104 4582 0.10 3082 0.25 0.96
Sogou 7.6*104 5617 0.02 3555 0.10 0.99
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5.2.4 Prediction Model Evaluation

In a practical application, a padding is added to the predicted value as the cap

(U) of prediction.

U = (1 + padding) ∗ prediction (5.24)

The prediction accuracy is evaluated by utilising the confidence interval Pr(x <

U), which represents the probability that real demands (x) are less than the cap

(U) of the prediction. To select a good padding value, the relationship between

the padding value and the confidence interval is measured, as shown in Table 5.4.

Table 5.4: The Confidence Interval with Different Paddings

Padding (%)
Confidence Interval Pr{x�U}

AOL (%) UTSlib (%) Sogou (%)

5 69.27 68.63 86.84
10 82.96 81.16 95.44
15 91.46 89.67 98.60
20 95.49 94.43 99.30
25 97.57 97.10 99.30
30 98.50 98.17 99.65
35 99.13 99.05 100
40 99.42 99.46 100
45 99.56 99.64 100
50 99.76 99.79 100

Figure 5.3 shows that the proposed method achieves good prediction on both

number of requests and resource demands, and that the padding value can be

dynamically adjusted well in each time interval.
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Figure 5.3: Prediction and Allocation with a Dynamic Cap

5.2.5 Allocation Evaluation

This allocation method is related to the arrival rate λ (per minute), process rate

μ (per minute), maximal process time T (s), SLA violation ratio threshold K,

and cost priority α. r = λ/μ is defined as the minimal required number of VMs,

and consider m as the optimal number of VMs allocated by the proposed method.

With the given μ = 10, T = 60, K = 2% and α = 0.8, the λ is changed from

10 to 300. Figure 5.4 (a) shows that a bigger padding (m−r) should be allocated

when the number of requests increases. Meanwhile, Figure 5.4 (b) shows that the
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relative ratio between m and r (i.e. m/r) decreases to be close to 1, which means

the method achieves good cost-effectiveness when the number of requests rises.

Figure 5.4: Allocation with Queuing Theory.

5.2.6 Performance Evaluation for a Web Application

The proposed method is implemented on Amazon AWS with a Web application.

This method can rent or lease VM instances automatically from Amazon EC2.

To simplify the problem, the experiment only considers the cost of VMs with

same type of instances. The frequency of requests is simulated based on the real

datasets, and the process time of requests obeys Poisson distribution ( 1
μ

= 6

seconds).

The proposed method (QT) is compared with another three methods: PEAK,

PEAK(×3/4) and Cap(×2). For Peak method, the number of VMs is always

allocated based on the peak value, while PEAK(×3/4) is an method to reduce

cost by allocating the number of VMs as 3/4 of peak value. For the CAP(×2)
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method, the resource cap is set as two times of the minimal number of VMs that

can satisfy the predicted the number of requests by considering all requests that

arrived with an average rate.

As Figure 5.5 and Table 5.5 shows, the proposed method allocates less re-

sources, while achieving better performance compared to the PEAK(×3/4) and

Cap(×2). Compared to the PEAK, the proposed method reduces much less num-

bers of VMs, although with slightly higher SLA violation rate.

Figure 5.5: Allocation Comparison for Different Methods

5.3 Summary

In this chapter, an innovative auto-scaling method from IaaS level is proposed ,

an automatic decision suppport testbed is developed for cloud tenants (e.g. web

application providers), who have time-varying resource (e.g. VMs) demand, to
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Table 5.5: Performance Comparison for Different Methods

Dataset Method
# Req # VMs Violate Avg Tq
/h /h (avg) (%) /h (s)

AOL

PEAK 1916 13.25 0.03 6.15
PEAK (×3/4) 1916 9.94 0.63 16.15

CAP(×2) 1916 7.33 0.57 15.61
QT 1916 7.21 0.18 9.96

UTSlib

PEAK 2165 21.00 0.02 7.46
PEAK (×3/4) 2165 15.75 0.45 19.15

CAP(×2) 2165 8.25 0.24 13.73
QT 2165 7.75 0.20 11.87

Sogou
PEAK 2954 25.67 0.06 8.32

PEAK (×3/4) 2954 19.23 1.02 26.15
CAP(×2) 2954 10.67 0.76 18.35

QT 2954 9.70 0.54 13.54

auto-scale optimal VM consumption. The method consists of four key compo-

nents:

(1) a dynamic prediction model is learned to forecast the workload in the next

unit time;

(2) an adaptive error feedback learning method to add an increment to the

prediction value is proposed to solve the problem of underestimation and

overestimation, which is one of the most important issues in cloud resource

prediction;

(3) an optimisation method is presented to obtain the minimal cost with low

SLA violation to maximize cloud tenants’ profits;
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(4) a reactive method is proposed to add an extra number of VMs to the pre-

dicted optimal value, in order to deal with the unpredictable workload burst.

Based on the optimal number of VMs that need to be allocated, the system

automatically scale up or down the capability of cloud platform. The experi-

mental results demonstrate that the proposed method can balance the cost and

desired latency. Compared to other methods, the proposed method presents a

superior price-performance ratio across three real-world datasets. This research

will potentially accelerate the migration of web applications to cloud systems.
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Chapter 6

ACWS Optimisation on IaaS for

Bandwidth

Bandwidth-intensive cloud online application providers, such as Video-on-Demand

(VoD) providers, tend to lease computation and network resources from commer-

cialised public cloud service providers like Amazon, instead of investing in their

own server clusters. For example, Netflix, an online VoD provider, moved its

streaming servers, encoding software, data storage and other customer-oriented

APIs to Amazon Web Services (AWS) in 2010 [2]. One of the main interests in

applying cloud services for these bandwidth-intensive cloud application providers

is that they can scale resources automatically according to demand to achieve

cost-efficiency.

Unlike storage-intensive and computation-intensive applications, these bandwidth-
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intensive applications must be continuously served by the network-bound band-

width, because a stringent data transfer rate must be maintained to allow end

users (e.g.VoD users) to watch online videos smoothly during each full service

period. The outgoing bandwidth in current cloud service provision is limited

and is shared by multiple tenants; the network bandwidth will thus be a major

performance bottleneck when a large number of end user requests are received at

the same time. To achieve maximum profits for bandwidth-intensive application

providers, a dynamic bandwidth reservation is urgently required in which network

usage is charged by bandwidth size (i.e. pay-by-bandwidth) rather than by the

total amount of bytes transferred (i.e. pay-by-bytes).

No bandwidth capacity guarantees are provided in the current cloud services,

but automated bandwidth reservation is a near-term possibility, since the emerg-

ing new network virtualisation technology, Software Defined Network (SDN), pro-

vides a feasible solution. In the SDN-based cloud network, the management func-

tionality, which is performed by software and executed by an external controller in

the cloud, and the forwarding functionality, which is implemented by switches and

routed in hardware, are separated so that the optimum routing calculation can be

executed without physical switches or routers being modified and the virtualised

network bandwidth can be performed in software [34], [14], [75]. Cloud network

tenants are able to specify guaranteed bandwidth requirements for their appli-

cations, which are hosted in the cloud. When dynamic and large-scale requests
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occur for bandwidth-intensive applications, a cost-effective network consumption

method in the SDN-based cloud network is particularly required to achieve high

quality performance.

A novel auto-scaling method for cloud bandwidth consumption in the new sce-

nario of SDN-based cloud network is proposed in this chapter. This will enable

bandwidth-intensive application providers to incur minimal cost while at the same

time avoiding SLA violations, without the need for manual intervention. The pro-

posed method is based on a scheme in which the dynamic network consumption

is charged by bandwidth-usage in a short period (i.e. pay-by-bandwidth in time-

unit), in contrast to the traditional network consumption in which a long-term

fixed bandwidth fee is paid, for example, for a plan of 1 Gbps per month, or the

fee is charged according to the total number of bytes transferred.

There are two main challenges to be addressed to achieve this goal: Firstly,

how should the dynamic bandwidth demand be calculated in each time-unit?

Secondly, how should the optimal bandwidth be reserved to minimise the cost

but control SLA violations?

To address these two key challenges, a VoD application request requires a vir-

tual tunnel with fixed bandwidth for data transfer in a SDN-based cloud network.

The bandwidth provision for each request is continuous and is on a first come,

first serve (i.e. one request finishes, a new request starts). Thus the bandwidth

demand is computed by calculating the number of requests and their correspond-
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ing fixed bandwidth in each time-unit. In this work, machine learning techniques

are leveraged to forecast the number of requests in the next time-unit so that

bandwidth usage in a future time-unit, by learning from the historical data of

requests. The service time for consideration of each request of an application will

vary, (e.g. one video has a different streaming transfer time from another in VoD

applications), thus a M/G/c model in queueing theory is applied to analyse the

performance of reserved bandwidth. Taking the cloud bandwidth consumption

price model into account, an optimisation algorithm is developed to minimise the

cost while satisfying the performance constraint conditions defined in the SLA.

Our scheme scales the cloud resource up or down by time-unit allocation based

on predicted optimal resource demands. Web application providers can specify

their budgetary constraints and SLAs in respect of latency for their applications.

In each time-unit, web application providers can be notified of the total cost,

SLA violations and re-allocation state (i.e. scaling up or down) by using the

optimal resource auto-scaling scheme. Note that in practical applications, an

unpredictable burst of requests may occur, similar to the Animoto experience.

To tackle this unpredictable scenario, this scheme monitors the waiting queue of

requests to be processed in real-time. Once the length of the queue is bigger than

a certain threshold, the scheme can dynamically excess bandwidth for processing

the exceed number of requests. Figure 6.1 illustrates the overview execution

paradigm facilitated by the scheme.
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As shown in Figure 6.1, the main steps of the proposed scheme for system

workflow are outlined as follows.

• Service Component: End-users request services from the Web servers of the

service provider, and the Web server allocates the cloud data server and

network resource for the request. With the information received from the

Web servers, the end-user build a network channel with the data server and

starts to use the service;

• Management Component: The auto-scaling controller monitors the web

server in real time to collect trace data, and makes hourly predictions for

the request scale. The auto-scaling controller then runs an optimisation

algorithm to obtain the optimal amount of bandwidth. With the desired

optimal number of resources, the auto-scaling controller communicates with

the SDN controller, updates the configuration of the network and notifies

the communication results to the Web server.

6.1 Methodology

In this section, the overview of the proposed method is presented and the mod-

elling of the system is described.
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Figure 6.1: Execution Paradigm of SDN-based Bandwidth Auto-scaling

6.1.1 Dynamic Prediction Model

Assume a VoD service provider periodically requires or occupies bandwidth from a

SDN-based cloud. A dynamic prediction model best fits the time-varying demand.

Real-time prediction is too frequent and unstable for resource requests. An hour

is a reasonable period for resource requests, therefore every hour, our method will

predict the demand of the next hour, and request the corresponding resources.

There are numerous ways to predict the traffic of an online application, such

as the autoregression (AR) model, moving average, or machine learning. In this

chapter, a machine learning-based method is chosen due to its powerful ability

to utilise the historical data. In particular, neural network is applied as the
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prediction algorithm.

A time series {R1, R2, ...Ri, ...Rn} is defined to represent the request volume

of an online application over a long period. Each Ri represent the request volume

in the period whose index is i. There is a total of n periods in the time series.

The prediction objective is to predict the value Rn+1.

In time series analysis, a basic assumption is that the value of the next period

will be related to previous periods. There are two challenges for the analysis:

one is which period will impact the prediction more, while the other is how to

represent the relationship between the prediction and the historical data. Use

random variable Xn to represent the nth period’s value. The prediction model

can be represented by

Xn = F (Xn−1, ...Xn−i, ...) (6.1)

There are too many factors on the right side of Equation 6.1. To avoid an

overfitting problem, only the important factors which have a high correlation

with Xn are selected. After the factor (feature) selection process, a new equation

can be obtained:

Xn = F (Xn−k, ...Xn−p, ...) (6.2)

Based on the equation above, a new vector

Mn = {Xn, Xn−k, ...Xn−p, ...}, and a new matrix M = {Mn; ...Mi; ...}
T can be

constructed.
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The relationship can be linear or non-linear. For a linear relation assumption,

the AR model, linear regression analysis can be used to obtain the prediction.

Considering the non-linear method represents more complex relationship than

the linear method and the non-linear method is used to predict the value of the

next period Rn+1. Regression neural network [94] can be applied as the non-linear

prediction method due to its ability to represent more complex relationships with

deep architecture.

6.1.2 VN Consumption Model

In this service model, a fixed bandwidth for each request is allocated so that users

can utilise the network resources to accomplish their data transfer task, such as

on-line video watching, or big data transfer. Assume the arrivals of requests

are Poisson with rate λ and that resources are allocated according to the FCFS

(First-come, First-served) rule.

For a video-watching task, the service time is decided by the length of the

video; for a data transfer task, the service time is decided by the size of data be-

cause the bandwidth is fixed for each request. Therefore, assume that the video

length or data size follow the general distribution with mean value μ; this means

that the service time of each request follows the general distribution as well.

Moreover, the network resource can be divided into multiple small fixed band-
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width channels (representing the number of channels with random variable c) and

each of these can provide service to one request. Based on these considerations,

the system can be modelled as a M/G/c queueing system.

(1) Static-transition Probability

The moments of task request arrivals are selected as Markov points. Two succes-

sive task request arrivals and the task departures that may occur between them

are shown schematically in Figure 6.2. Note that the number of departures may

be any integer between 0 and ∞.

Let An and An+1 indicate the moment of the n th and (n + 1) th arrivals to

the system, respectively, while qn and qn+1 indicate the number of tasks found

in the system immediately before these arrivals. If vn+1 indicates the number of

tasks which depart the system between An and An+1, then qn+1 = qn − vn+1 + 1.

(2)Dynamic Service-time Probability

Due to the ergodicity of the system, an equilibrium probability distribution exists

for the number of tasks present at the arrival instants. Let πk = limn−→+∞Prob[qn =

k], 0 � k � m+ r, denotes the probability of having k tasks in the system imme-

diately before a new task arrival.

(3) M/G/c Queueing System

In respect of the M/G/c queueing system, Tims et al. [100] believe it is “not

likely that computationally tractable methods can be developed to compute the

exact numerical values of the steady-state probability in the M/G/k queue”.
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Therefore, the service waiting time can only be approximated. The most popular

approximation method is based on the equation below:

E[WM/G/c] =
1 + C2

B

2
∗ E[WM/M/c] (6.3)

where C2
B = V ar[S]/E2[S] is the squared coefficient of the variation of service

distribution, and E[S] = 1
μ
is the average service-time for all requests. The

inference of E[WM/M/c] will be discussed in Section 6.1.2.

(4) M/M/c Queueing System

All settings for the M/M/c queueing system are the same as M/G/c except

that the service time distribution is Poisson distribution rather than General

distribution. The M/M/c queueing system is a special birth-death process which

can be modelled as a Markov chain. As shown in Figure 6.2, the steady=state

probabilities pn can be obtained by equation below:

There are c channels in the system and one channel for each web request is

allocated at every instant time-point with a constant rate, so that the “birth”

rate is λi = λ for all n. On the other hand, the rate of request completions

(or “deaths”) depends on the number of channels in the system. If there are c

or more requests in the system, then all c servers must be busy at the instant

time-point. Since each channel processes requests with rate μ, the combined

process-completion rate for the system is (cμ). When there are fewer than c
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Figure 6.2: Transition Rate for the Web Requests Process on Channels

customers in the system, e.g. i < c, only i of the c channels are busy and the

combined service-completion rate for the system is (iμ). Hence μi may be written

as

μi =

⎧⎪⎪⎨
⎪⎪⎩

iμ 1 � i < c,

cμ i � c

(6.4)

Based on the Markov chain in Figure 6.2, the steady-state probabilities pi can

be obtained:

pi = p0

i∏
k=1

λk−1

μk
=

⎧⎪⎪⎨
⎪⎪⎩

λi

i!μip0 1 � i < c,

λi

c(n−c)c!μi
p0 i � c

(6.5)

To obtain the value of p0, the condition that the probabilities must sum to 1
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(
∑

∞

i=0 pi = 1) is applied.

p0 = (

c−1∑
i=0

λi

i!μi
+

∞∑
i=c

λi

c(i−c)c!μi
)−1 (6.6)

With the steady-state probabilities pi, the expected queue size Lq can be

evaluated. Lq equals zero when the request number i is no more than channel

number c, and is equal to (i− c) when the request number i is more than the VM

number n , and thus,

Lq =

∞∑
i=c+1

(i− c)pi (6.7)

Based on Little’s Formula [46] Lq = λWq, where Wq = E(tq) is the expected

length of the waiting time in queue tq.

Wq =
Lq

λ
= p0(

(λ/μ)c

c!(mu)(1− λ
cμ
)2
) (6.8)

With the expected waiting time Tq, the expected response time (average la-

tency) WM/M/c can be calculated by the equation below:

E[WM/M/c] = Wq + E[SM/M/c] = Wq +
1

μ
(6.9)

(5)Performance Measurement For any request in the proposed M/G/c

queueing system, only the wait-time-in-queue Wq is concerned rather than the

total waiting timeW which is composed of the wait-time-in-queueWq and service-
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time S. The Wq is calculated by the equation below:

E[WM/G/c
q ] = E[WM/G/c]−E[SM/G/c]

=
1 + C2

B

2
∗ E[WM/M/c]− E[SM/G/c]

= F (λ, μ, V ar(S), c)

(6.10)

6.1.3 Profit Maximisation of VN Consumption

(1) Probability of SLA Violence

The SLA of wait-time-in-queue is usually defined within one minute while

the service time can be tens of minutes. If a request arrives at a busy situation

(i.e. all servers are busy), the request’s wait-time-in-queue will exceed the SLA

definition. Considering the Markov Chain, the preceding c states are considered

as idle states while others are treated as busy states. All busy states can result in

SLA violence. Therefore, the probability of SLA violence can be defined as the

equation below.

PSLA = Pr(Xn > c) = 1− Pr(xn ≤ c) = 1−
c∑

i=0

pi (6.11)

where pi is the steady-state probability of i in the system at an arbitrary point

of time.
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Let πn represent the probability of n in the system at a departure point (a

point of time just slightly after a customer has completed service) after steady

state is reached. Authors in [47] proved that the πn, the steady-state probability

of n in the system at a departure time, equals to pn, the steady-state probability

of n at an arbitrary point in time. Therefore, the π = {πn} can be used to

represent the steady-state probability vector. Moreover, we set Xn = X(tn) be

the number of customers left in the system immediately after the departure of

the customer at time tn.

The Markov-Chain of the M/G/c queueing system can be described as shown

in the Figure 6.3. Each steady-state is able to transfer to all other back steady-

Figure 6.3: Rate Transition Rate for the Web Requests Process on Channels

states. Because there are multiple arrivals during one service time. Moreover,

each state only can transfer to the previous one steady-state. Because each state

represents the departure time of one customer. Accordingly, we define the tran-

126



sition matrix Ptran as

Ptran = {pij}

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

k0 k1 k2 k3 · · ·

k0 k1 k2 k3 · · ·

0 k0 k1 k2 · · ·

0 0 k0 k1 · · ·

0 0 0 k0 · · ·

...
...

...
...

. . .

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(6.12)

where ki =Pr{i arrivals during a service time}.

Based on the Markov Chain’s steady state characters πP = π, the equation

for π is calculated as

πi = π0ki +

i+1∑
j=1

πjki−j+1 (6.13)

where π0 = 1− ρ.

The Equation (6.13) contains two power series. Two generating functions

correspond to the power series πi and ki are defined as

Π(z) =

∞∑
i=0

πiz
i (6.14)

K(z) =

∞∑
i=0

kiz
i (6.15)
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Finally, we can get an equation containing only one power series ki in one

variable z.

Π(z) =
(1− ρ)(1− z)K(z)

K(z)− z
(6.16)

With Equation (6.16) and the given distribution of the service time, the prob-

ability vector π [47] can be calculated. Thus the probability of SLA violence can

be represented as the equation below.

PSLA = G(λ, μ,Ds, Ptran, c) (6.17)

where Ds denotes the parameters for the distribution of service time.

(2) Objective Function

To minimise the cost of network consumption while considering satisfying the

SLA, the optimisation problem is represented as the equations below:

argmin
c
Mcost = H(c) (6.18)

subject to:

E[WM/G/c
q ] � WSLA (6.19)

and
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PSLA < d% (6.20)

where, H(c) is the cost function of the network resource, c is the number of

channels, and WSLA is a constant representing the maximal waiting-time in queue

defined in SLA and d is the threshold of the probability of the SLA violence.

(3) Search-based Optimization Algorithm

The proposed objective function and conditional function in Equations (6.18),

(6.19) and (6.20) are composed of complex mathematic expression, and it is hard

to find the optimal result by mathematic tools. To solve the optimization prob-

lem, we need to search for the optimal value from the solution space. Consider

the reality limitation, our optimization problem’s solution space is a finite integer

interregional. Particularly, the result of optimal c is a finite integer, and we can

an utilize greedy algorithm to find the optimal solution from the finite integer

solution space. The pesudo-code is listed in the Algorithm 6.1.

6.2 Experimental Evaluation

In this section, a SDN-based cloud system is simulated, and the performance of

the proposed scheme is evaluated. The experiment setup and datasets used in

the experiments are first described, followed by the analysis and discussion of the

evaluation results.
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Algorithm 6.1 Optimal Search-based Algorithm for Cloud Bandwidth
Computing

input
N - maximal number of resource rate, μ - process rate per VMs,
α - priority of cost, N - maximal number of resource,
Other related parameters for Queueing theory

output
m - optimal bandwidth

1: minV = ∞
2: for (c = 1..N) do
3: Wq = F (λ, μ, V ar(S), c) // Equation (6.10)
4: PSLA = G(λ, μ,Ds, Ptran, c) // Equation (6.17)
5: newV = H(c); //Equation (6.18)
6: if ( (Wq satisfy constraint 1)) // Equation (6.19)

&& (PSLA satisfy constraint 2) // Equation (6.20)
&& (newV < minV ) ) then

7: m = c;
8: minV = newV ;
9: end if

10: end for

6.2.1 Experiment Setup and Datasets

The request arrival model is simulated from three real-world trace datasets:

AOL 1 and Sogou 2 search log datasets, and another real-world dataset collected

by the UTS (The University of Technology, Sydney) library. To simplify the

representation, these AOL, Sogou and UTS-Library datasets are named DS-1,

DS-2 and DS-3 respectively. To simulate the service time, a Gaussian distribu-

tion (u=10 minutes and σ2 = 5.0) is applied to generate the number of arrived

requests in each time-unit. Because most resource instances in public clouds are

1http://www.infochimps.com/datasets/aol-search-data
2http://www.sogou.com/labs/dl/q-e.html
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charged hourly, the time-unit of re-allocation in this work is the hour-unit. There-

fore, the length of time fragment is set as one hour, and the number of requests

is aggregated for each hour.

The experiment is organised in steps as follows:

1. evaluate the prediction model through three datasets (Sub-section 6.2.2);

2. evaluate the proposed schema for Network Auto-scaling (Sub-section 6.2.3).

3. investigate how performance is impacted by various parameters.(Sub-section 6.2.4).

6.2.2 Evaluation of Neural Network-based Prediction Model

The number of requests in the current time-unit is treated as the prediction

target, and the number of requests in the previous several time-units are treated

as training features. A training matrix can be generated in which a row represents

each time-unit and a column is the number of requests in the corresponding

time-unit. To avoid the over-fitting problem resulting from numerous features,

a feature selection method is implemented based on the auto-correlation of time

series data. With the selected features and targeted values, a neural network

regression model is trained. This feature selection based neural network regression

model is evaluated on common criteria compared with benchmark algorithms.

The chosen benchmark algorithms and our proposed method are shown below:
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• AR method (benchmark): Basic Autoregression (AR) [18] method with

previous 100 fragments of time.

• FAR method (benchmark): Basic AR model with selected features. Parti-

cluarly, we treat the workload value of previous time fragment as a feature

and then select a few most related features as the input of AR model.

• FNN method: Our proposed feature selection-based Neural Network predic-

tion method. Particularly, we treat the workload of previous time fragment

as a set of features, and then apply Neura Network to do the prediction of

current workload;

Several common measurements for the regression model are chosen, such as

Root Mean Squared Error (RMSE), Relative Squared Error (RSE), Mean Abso-

lute Error (MAE), Relative Absolute Error (RAE), and coefficient of determina-

tion (R2).

RMSE =

√∑n
i=1(pi − ai)2

n
(6.21)

RSE =

∑n
i=1(pi − ai)

2∑n
i=1(āi − ai)2

(6.22)

MAE =

∑n
i=1 |pi − ai|

n
(6.23)
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RAE =

∑n
i=1 |pi − ai|∑n
i=1 |āi − ai|

(6.24)

R2 =

∑n
i=1(pi − p̄i)

2∑n
i=1(ai − āi)2

(6.25)

where a is the actual value, p is the predicted value.

Table 6.1 shows the performance of the regression method on three datasets.

The results in Table 6.1 demonstrate that the FNN method has better perfor-

mance than the AR and FAR baseline methods.

Table 6.1: Performance of Regression Method

DataSet Avg Req Model RMSE RSE MAE RAE R2

DS-1 1.6*103
AR 221 0.13 172 0.29 0.87
FAR 203 0.07 156 0.23 0.93
FNN 190 0.05 138 0.18 0.99

DS-2 7.6*104
AR 6103 0.11 4021 0.21 0.91
FAR 5617 0.06 3647 0.14 0.96
FNN 5603 0.02 3419 0.09 0.99

DS-3 2.9*104
AR 5275 0.18 3311 0.33 0.86
FAR 4600 0.13 3082 0.25 0.93
FNN 4517 0.09 3039 0.24 0.97

6.2.3 Evaluation of Network Consumption Auto-scaling

A simulator for the M/G/c queueing system is built to simulate the cloud network

resource allocation and consumption procedure. In the experiment, we sequen-
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Figure 6.4: The Prediction Curve for DS-3

tially input the request and corresponding service-time based on arrival time, and

the simulator allocates the servers (channels) for each request following the FCFS

rule. The queueing system automatically adjusts the number of servers hourly

based on the proposed prediction model’s result and optimisation algorithm’s

outcomes. Three methods are compared on the simulator:

• PEAK: allocate resources based on peak hour requirements.

• Mean(×K): allocate K times the mean value with the required resource.

K is an empirical coefficient, and is set as 2 in the experiment.

• Dynamic Auto-Scaling (DAS): allocate resources based on Queueing Theory

and the optimisation algorithm proposed in this chapter.

For the experiments, four performance indicators are measured for the system.
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• Nc: the average number of allocated network channels;

• Wq: the average waiting time in queue for web requests;

• Rviolate: the ratio of SLA-violation for all time-units;

• Utilisation: the time utilisation of network resources;

The experiment result is shown in Table 6.2.

Table 6.2: Performance of Regression Model

Model Data N̄c W̄q(Sec) Rviolate Utilisation

DS-1
PEAK 3.2*103 3 0.01 0.45
Mean(×2) 2.1*103 7 0.05 0.60
DAS 0.6*103 12 0.09 0.85

DS-2
PEAK 13.3*104 3 0.01 0.41
Mean(×2) 8.7*104 6 0.06 0.55
DAS 1.7*104 9 0.09 0.79

DS-3
PEAK 6.1*104 2 0.01 0.43
Mean(×2) 4.2*104 6 0.07 0.57
DAS 0.8*104 11 0.13 0.82

As Table 6.2 shows, the proposed DAS method uses fewer resources to achieve

almost the same level wait-time in queue as the PEAK and Mean methods. The

Mean(×2) method has the highest violation ratio because the most peak hour

visits exceed twice the number of the mean value. The DAS method has the

highest utilisation of network resources while satisfying the SLA constraint. In

summary, DAS is a cost-effective method for Cloud network resource auto-scaling.
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6.2.4 Performance Study on Various Parameters

In the proposed optimisation algorithm, different parameters will impact the

performance. Our allocation method is related to the arrival rate λ, and the

service time S which is decided by Gaussian distribution with parameters μ′

and σ2. The value of these three parameters is adjusted on the DS-3 dataset,

and the changes to c are observed- the number to allocated resources (network

channels). As shown in Figure 6.5, the required resource is increased while the

number of requests per time-unit is raised. In the left figure, the three curves

represent different σ2 values, and the system requiring more resources shows a

bigger variation. In the right figure, with the same σ2 values, the three curves

demonstrate the system require more resources with a smaller μ′ value, and the

system experiences in a big increase of resource demand if the value of μ′ equals

to one.

Figure 6.5: Performance Impact on Various Parameters with DS-3
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6.3 Summary

In this chapter, a novel optimisation method of auto-scaling for bandwidth-

intensive cloud-based web services is developed at the IaaS level. With large-scale

outgoing bandwidth requirements for data transfer, the scale of bandwidth is up-

dated in each bandwidth-charged time-unit according to the predicted workload

(the number of requests for data transfer). Learning from the historical request

data, a neural network tool is proposed to predict the expected future demand

requests. The prediction is operated at each bandwidth-charge time-unit and

the prediction model is also updated correspondingly. Leveraging the predicted

values, a M/G/c queueing model is applied to quantify the relationship between

the resource volume and the QoS of the SLA. The optimal volume of resources is

assigned hourly depending on the predicted workload and resource allocation is

reactively appended in real time for unpredicted request bursts.

The proposed method is evaluated through extensive simulation based on

three real-world trace datasets. The experiment results show that the method

achieves cloud bandwidth auto-scaling with a low rate of prediction errors, as well

as optimal consumption with scalar cost-latency trade-off and low SLA violations.
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Chapter 7

Conclusions and Future Research

7.1 Conclusions

This research aims to solve the optimised resource allocation problem for auto-

scaling cloud-based web services. With the proposed methods, cloud-based web

service providers can provide high quality auto-scaling web services to users at

minimal cost. Moreover, the saved energy consumption benefits the global envi-

ronment. In particular, this study solves various optimisation problems at three

levels of cloud computing: SaaS, PaaS and IaaS.

At the SaaS level, the parallelised programming model of cloud-based web

services is developed. This parallelized model achieves auto-scaling web service

provision with high performance. The optimisation problem of cloud-based time-

consuming web services is also solved by considering the speedup curve and SLAs.

Moreover, the program can achieve auto-scaling indeed due to the computation

complexity of programs are highly depended on the number of cloud computation
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resource.

At the PaaS level, a self-adaptive platform for cloud-based web services is

proposed to achieve optimised auto-scaling. To support multiple kinds of web

services, the platform auto-configures web services for allocation on cloud servers.

The proposed method obtains optimal outcomes by leveraging the number of

allocated cloud servers and the configuration of services on servers while satisfying

the QoS of SLAs. Moreover, the platform configures various kinds of web severces

automatically and assign web requrests to the appropriate computation node and

thus to achieve the auto-scaling for cloud-based web services.

At the IaaS level, two novel optimisation methods for two different kinds

of infrastructure resource allocation as VMs and VNs are proposed to achieve

auto-scaling for two kinds of cloud-based web service: computation-intensive web

service and bandwidth-intensive web service.

7.2 Main Contributions

This research develops a deep insight into cloud resource optimisation for auto-

scaling cloud-based web services from the three business models of cloud comput-

ing of SaaS, PaaS and IaaS. Different problems are studied in each of the models

and novel methods are proposed to solve the respective problems.

This research enables cloud-based web service providers to offer optimised

139



auto-scaling services with high quality performance while incurring minimal cost,

and provides new energy-saving solutions to achieve green computing in the big

data era.

As shown in the Figure 7.1, this work solves several critical auto-scaling

problems at different levels in the cloud paradigm. Particularly, Chapter 3 inves-

tigates how to optimise the auto-scaling program for cloud-based web services,

and Chapter 4 proposes an optimised service configuration scheme at the level of

PaaS. Chapter 5 and 6 solve the infrastructure auto-scaling problems from the

view of VMs and bandwidths correspondingly.

7.3 Limitations and Further Studies

Due to the restriction of time, this research work has some limitations.

• Limitation 1: The proposed methods are not applied to real cloud service

providers to implement real world problems (e.g. Big Data); This limitation

will decrease the potential commercial value of our research.

• Limitation 2: For IaaS, storage is another very important infrastruture

resource in cloud; however, it is not discussed in this study. It has not

impact the accomplishment of this thesis because most of Web service caring

about VMs.

• Limitation 3: A hybrid solution for cloud-based web service optimisation
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Figure 7.1: Summary of Cloud Scaling Techniques
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where there is involvement in multiple cloud business models is not studied.

This is a another emerging application scenario for cross-platform trend in

cloud computing. Our proposed method focus on solve challenges in single-

paltform scenario of cloud computing.

Auto-scaling optimisation for cloud-based web services is a very challenging

research task. Many problems still need to be solved. The research can be fully

advanced in the following ways:

• Challenges from the real world. Two questions should be answered: How

can the method be evaluated in a real cloud-based web service provider?

How can the emerging problem of the real world be solved? (target Lim-

itation 1)

• In the big data era, large-scale and multiple-source data access and process

will be the new challenges of web service auto-scaling. New methods need

to be studied. (target Limitation 1)

• Storage is an important IaaS resource in cloud. Solving the optimisation

of storage problem can be of benefit by not only saving the cost of disks

and transmission but also by reducing the response time for data-intensive

applications. Therefore, the optimisation problems of storage resource for

cloud-based web services need to be defined, to be solved in future study.

(target Limitation 2)
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• Hybrid solutions. The proposed methods in this work focus on one cloud

business model only, and the auto-scaling optimisation on multiple cloud

business models will be studied in a real world system. Future study will

focus on how to combine the current proposed methods to form a hybrid

solution. (target Limitation 3)
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Abbreviations

ACWS Auto-scaling Cloud-based Web Service

AMI Amazon Machine Images

API Application Program Interface

AR AutoRegression

AWS Amazon Web Services

BFD Best Fit Decreasing

CDN Content Delivery Network

CDNI Content Delivery Network Interconnection

CF Collaborative Filtering

CPU Central Processing Unit

DAS Dynamic Auto-Scaling
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DFS Distributed File System

DNS Domain Name System

DRAS Distributed and Robust Auto-Scaling

EC2 Elastic Compute Cloud

ERP Enterprise Resource Planning

FAR Feature selection based AutoRegression

FCFS First-Come, First-Served

GOSC Genetic Optimisation based Service Configuration

HDFS Hadoop Distributed File System

I/O Input/Output

IaaS Infrastructure as a Service

ICF Item-based Collaborative Filtering

IETF Internet Engineering Task Force

ISP Internet Service Provider

KL Kullback-Leibler

LLC Limited Lookahead Control

145



MAE Mean Absolute Error

NN Neural Network

PaaS Platform as a Service

QoS Quality of Service

QT Queueing Theory

RAE Relative Absolute Error

RMSE Root Mean Squared Error

RSE Relative Squared Error

RTT Round-Trip Time

SaaS Software as a Service

SDN Software Defined Network

SKL Symmetrizing Kullback-Leibler

SLA Service-Level Agreement

TDM Threshold Detection Method

VDC Virtual Data Centre

VM Virtual Machine
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VN Virtual Network

VoD Video-on-Demand
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