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Abstract

In this thesis, we mainly focus on the resource provisioning in cloud computing. Resources
can be provisioned from cloud providers to cloud consumers through two options, i.e.,
reservation and on-demand. The reservation option is cheaper and able to guarantee the
availability and prices of resources. However, a cloud consumer has to purchase the reserva-
tion option with prior commitment for specific resources. Due to uncertainties, the common
problems encountered in resource provisioning with the two options are overprovisioning and
underprovisioning. In this thesis, we consider different uncertainties in the resource provi-
sioning problems, i.e., uncertainties of resource demand, resource price, power price, and
availability of resources. For our major contributions, we propose the resource provision-
ing algorithms and framework to deal with the uncertainties for three cloud stakeholders,

namely cloud consumer, cloud provider, and cloud retailer. The contributions are as follows:

First, we propose novel algorithms for a cloud consumer to provision resources from cloud
providers. The algorithms can minimize the expected resource provisioning cost incurred
by overprovisioning and underprovisioning of resources, while the uncertainties are taken
into account. We formulate optimization models to obtain the optimal solution for the
algorithms. The models are derived by stochastic programming with two- and multi-stage
recourse so that the optimal solution from the algorithms can be applied for long-term
resource provisioning plans. We also apply the robust optimization to handle the impact
of the uncertainties on the optimal solution. The performance evaluation shows that the
proposed algorithms have the lowest resource provisioning cost when they are compared with
other well-known algorithms. To reduce the computational complexity of the algorithms,

we also apply Benders decomposition and sample-average approximation methods.

Second, we propose a novel resource provisioning framework for a cloud provider. The
framework considers the cloud provider owning datacenters where the smart grid technol-

ogy is available. Inside the framework, we derive a stochastic programming model with



Abstract xiii

multi-stage recourse that jointly optimizes the power and resource allocation costs, while
uncertainties of power price and compute demand are addressed. In the framework, we
provide an approach to construct a scenario tree which represents uncertainties. Then, we
apply a scenario reduction technique to reduce the size of scenario trees and the computa-
tional time for solving the model. The performance evaluation based on both theoretical and
real trace data reveals the importance of joint power management and resource allocation

optimization.

Finally, we investigate a cloud computing market where a cloud retailer sells value-added
services on top of other cloud providers’ resources. We propose a novel resource provision-
ing algorithm based on stochastic programming with two-stage recourse for provisioning
resources under uncertainty from cloud providers to the cloud retailer such that the re-
tailer’s profit can be maximized. In the experiment, we compare the proposed algorithm
with others. The results show that the proposed algorithm gives the highest profit to the

cloud retailer when it is compared with other well-known algorithms.

Thus, in this thesis, we have addressed the resource provisioning problems from different
cloud stakeholders, i.e., consumer, provider, and reseller. We have proposed new algorithms
and framework to optimize the cloud stakeholders’ profit taking the uncertainties into ac-
count. The proposed algorithms and framework will be useful for cloud providers who
want to optimally operate the cloud computing business and cloud consumers who want to

optimally utilize resources located in cloud computing.

NTU - School of Computer Engineering



Chapter 1

Introduction

1.1 Motivation

Cloud computing has emerged as an information technology (IT) solution in which the re-
sources can be virtualized as services operated and provided by a third-party, and utilized
on demand [1-8]. Resources in cloud computing can be CPU, storage, and network band-
width. Gartner forecasted that cloud computing would be a disruptive technology changing
the way of resource provisioning [9]. Regarding its definition, cloud computing could be re-
ferred to as an available and scalable utility grid whose resources can be accessed as a public
utility [2,5,10]. This kind of computational model was firstly coined by John McCarthy
in 1955, i.e., “computing may someday be organized as a public utility just as the telephone
system is a public utility” [10]. McCarthy’s outlook has become more concrete due to the
technology advancement including high speed Internet, rapid software development tools,
advance virtualization technology, faster multicore processors, larger storage, as well as the

emergence of cloud computing model.

In cloud computing, customers can reduce the total cost of ownership (or TCO) of IT as-
sets [8,11]. TCO related to on-premise IT assets (i.e., private cloud [12]) includes both direct
and indirect costs, e.g., purchasing, licensing, development and deployment, maintenance,
power and cooling costs. The indirect cost spent for power and cooling could be significant
and exceed the cost spent for IT equipment [13]. Cloud computing is able to reduce the

TCO by outsourcing some IT operations to cloud providers.



Chapter 1: Introduction 2

Software-as-a-Service (SaaS)

Platform-as-a-Service (PaaS)

Infrastructure-as-a-Service (laaS)

Hardware-as-a-Service (HaaS)

Figure 1.1: Architectural layers of cloud computing services.

Services in cloud computing can be categorized into: Software-as-a-Service (SaaS), Platform-
as-a-Service (PaaS), Infrastructure-as-a-Service (IaaS), and Hardware-as-a-Service (HaaS)
[14]. Fig. 1.1 presents the architectural layers of cloud computing services such that one

service can operate on top of another service. We introduce each service as follows:

1. Hardware-as-a-Service: This cloud computing service is different from the on-premise
hardware located in customers’ datacenters. That is, in HaaS, the customers rent and
remotely access the physical computer hardware. In particular, Fig. 1.1 shows that
HaaS can be the core service providing physical resources for running IaaS, Paas, and

SaaS.

2. Infrastructure-as-a-Service: laaS offers a computing infrastructure as a service. This
infrastructure provides computing power, storage, and network bandwidth as rentable
resources. Customers can deploy IT applications and other services (e.g., PaaS and
SaaS) in IaaS services. Different from HaaS, IaaS leverages virtualization technolo-
gies [16] such that physical resources are not directly accessible by the customers.
With the virtualization technologies, the [aaS provider can provision the single hard-
ware to multiple customers efficiently. Amazon Elastic Compute Cloud (EC2) [18],
GoGrid [19], RackSpace [20], SpotCloud [21], and Flexiscale [22], for example, are

TaaS providers.

3. Platform-as-a-Service: PaaS provides a computing platform for hosting and develop-
ing applications. In this model, developers create software using tools and libraries
provided by the provider. For example, SalesForce [23], Google App Engine [24], and

Windows Azure [25] are PaaS providers.

4. Software-as-a-Service: SaaS is an online application service in which an application

NTU - School of Computer Engineering



Chapter 1: Introduction 3

with its data is centrally hosted in cloud computing server, generally in either PaaS or
TaaS. In particular, a single instance of application simultaneously supports multiple
users. Various SaaS-based applications are available in the market, e.g., collaboration,
content management, enterprise resource planning, and customer relationship man-
agement. SalesForce [23], Google App [26], and Zoho [27], for example, are providers

offering SaaS applications.

In a cloud computing environment, there are two major entities, namely cloud consumer and
cloud provider. Cloud consumers have the compute demand to run their I'T applications,
while cloud providers supply computing resources to meet cloud consumers’ demand. This
cloud computing environment is similar to an open marketplace where the cloud providers
sell (i.e., rent out) their resources to the cloud consumers. The cloud consumers have the
opportunity to choose resources from the different cloud providers to meet their needs.
Utilizing computing resources by the consumers is charged on a pay-per-use basis. That is,
resources can be provisioned at the moment when the resources are needed by the cloud
consumers. When the provisioned resources are no longer utilized, the resources can be
released to the providers. With this pay-per-use basis, the consumers pay according to the
amount of resource usage. As a result, the cloud consumers could flexibly resize the amount

of provisioned resource to meet their IT systems and efficiently control their budgets [8].

Cloud computing is an efficient resource provisioning solution. As reported by a Berkeley
research lab, the elasticity of cloud computing is an economic benefit for tackling the risks
of resource provisioning problems, i.e., underprovisioning and overprovisioning [8]. The
overprovisioning problem refers to as the situation when the purchased resources are not
fully utilized. This problem results in higher TCO. As presented by W. Vogels, (CTO of
Amazon.com), resource utilization of most computer systems is merely 15 - 20 percent [16].
This low utilization implies that the investment on the resources is wasted. In contrast, for
the underprovisioning problem, purchased resources are not sufficient to meet the actual
demand, which can result in performance degradation and service-level-agreement (SLA)

violation.

Cloud providers such as Amazon [18], GoGrid [19], and Microsoft [25], provide on-demand
and reservation options for provisioning resources. With the on-demand option, resources
can be dynamically provisioned by a cloud consumer anytime without a commitment (i.e.,

pay-per-use basis). In contrast, with the reservation option, the resources need to be sub-

NTU - School of Computer Engineering



Chapter 1: Introduction 4

scribed with a contract. The contract will guarantee the availability and prices of resources
over a certain duration (e.g., 1 month, 1 year, and 3 years). In particular, the cost of
resources purchased using the reservation option is considerably cheaper than that of the
on-demand option. The cloud consumers could apply the reservation option for the long-

term utilization and the on-demand option for the short-term utilization.

| Current | Future |

l\ ~ /lw_/ W_/l

Reserve NVMs | Utilize N Vs VO O1-d8mand

provisioning
Actual demand is N VMs
(a) Best provisioning
| Current | Future |
| | [
“ ~ / R/—/ R/-/
Reserve N VMs . Provision 2N VMs
Utilize NVMs ' 1emand
Actual demand is 3N VMs
(b) Underprovisioning
| Current | Future |

| I
“ ~ N —
Reserve NVMs [ utilize NI2 VMs d:r‘; and
provisioning
Actual demand is N2 VMs

(c) Overprovisioning

Figure 1.2: Resource provisioning outcome (a) best provisioning, (b) underprovisioning,
and (c) overprovisioning.

In this thesis, we focus mainly on resource provisioning with on-demand and reservation
options. We observe that an inefficient resource provision with the two options could incur
either underprovisioning or overprovisioning problem. First, we make an assumption that,
in the current time, the cloud consumer needs to first apply the reservation option for a

long-term usage. Later, additional resources will be provisioned if the reserved resources are
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Chapter 1: Introduction 5

not sufficient. Fig. 1.2 illustrates the three possible outcomes of the resource provisioning.
Suppose virtual machines (VMs) [17] (e.g., Unix servers) are the resources that a cloud
consumer wants to purchase from a cloud provider. The cloud consumer’s demand refers to
as the number of VMs needed to meet the cloud consumer’s IT applications. As depicted
in Fig. 1.2 (a), the best provisioning is to provision the number of VMs with the reservation
option in the current time (i.e., to reserve N VMs) such that the VMs meet to the actual
demand. Hence, the more expensive on-demand option will not be required. Since the
future demand is generally not known in advance, the best provisioning could not always
be achieved. Therefore, either underprovisioning or overprovisioning problem will happen.
Fig. 1.2 (b) depicts the underprovisioning problem, i.e., the cloud consumer reserves only
N VMs but 3N VMs will be required. Therefore, the cloud consumer needs to additionally
provision 2N VMs with the on-demand option. In contrast, as shown in Fig. 1.2 (c), the
overprovisioning problem is the situation when the cloud consumer purchases N VMs which
is more than the actual demand (i.e., only N/2 VMs will be needed). In other words, some

VMs (i.e., N/2 VMs) will not be ever utilized.

For cloud consumers, obtaining the best provisioning solution is not trivial since there are
uncertainties. The uncertainties in cloud computing could occur when demand, price, and
availability of resources are not known by a cloud consumer. For example, as presented
in Fig. 1.2 (b) and Fig. 1.2 (c), the demand uncertainty results in underprovisioning and
overprovisioning problems, respectively. In particular, the underprovisioning problem po-
tentially induces a much higher cost of the on-demand option. In addition, the price of the
on-demand option may fluctuate (i.e., price uncertainty). Last but not least, the availability
uncertainty also results in an underprovisioning problem since resources provisioned from
a cloud provider may not be available (e.g., power outage in the cloud provider’s datacen-
ter). Therefore, additional resources will be provisioned from other cloud providers with the
more expensive on-demand option. Allocating appropriate cloud providers for provisioning

resources under the uncertainties is also another challenge.

In this thesis, we propose the algorithms to obtain the optimal solution for provisioning
resources on the cloud consumer’s side. The optimal solution can be obtained by formulating
and solving the stochastic programming and robust optimization models [28,29]. The major
optimization objective of the models is to minimize the resource provisioning cost under

uncertainties by avoiding the underprovisioning and overprovisioning problems.

NTU - School of Computer Engineering



Chapter 1: Introduction 6

In this thesis, we also consider resource provisioning on the cloud provider’s side. First,
we consider the cloud provider owning datacenters connecting to smart grid. The smart
grid features the realtime pricing, i.e., electric power price can be changed dynamically
depending on the load and power generation conditions [30]. Therefore, the cloud provider
could encounter a risk of fluctuating spot prices of electricity. Such a fluctuating price is a
major uncertainty which directly affects the total cost incurred to the cloud provider. The
cloud provider can hedge against such the risk by signing forward contracts in electricity
futures markets [31]. In this thesis, we propose a stochastic programming model for the
forward contract portfolio optimization of the joint power and resource management. The
optimization model is formulated to minimize the expected cost under power price and
demand uncertainty. Specifically, the important activities considered in the optimization

model are server consolidation [16], carbon emission [32], and application data transfer [33].

Finally, we focus on a cloud computing market where a cloud retailer sells services to cloud
consumers. The cloud retailer is a cloud provider whose resources are provisioned from other
cloud providers. Then, to earn a profit, value-added services, e.g., SaaS and PaaS, can be
built on top of the provisioned resources. The cloud retailer can encounter overprovisioning
and underprovisioning problems as same as cloud consumers, since the retailer rents other
cloud providers’ provisioning options under uncertainty. To tackle the problems, we propose
a resource provisioning algorithm based on stochastic programming from the cloud retailer’s

perspective. The objective of the algorithm is to maximize the cloud retailer’s profit.

1.2 Objectives

For this research, we focus on resource provisioning for three entities in cloud computing,
namely cloud consumers, cloud retailers, and cloud providers. As shown in Fig. 1.3, the
cloud consumers can provision resources from cloud retailers and cloud providers. Similar
to the cloud consumers, the cloud retailers rent resources from other cloud providers. Then,
the cloud retailers can earn profits by integrating value-added services to the provisioned
resources and sell the services to cloud consumers. For the cloud providers, resources are

provisioned from their datacenters to the cloud consumers.

In this thesis, the main objectives can be summarized as follows:
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| Datacenters

provisipning

Cloud providers

Resource
provisioning

Resource
provisioning

Cloud retailers

provisiQning

l Cloud consumers

Figure 1.3: Four interactions of resource provisioning.

e To propose algorithms for provisioning resources from cloud providers to cloud con-

sumer and cloud retailer that can deal with uncertainties in cloud computing
e To minimize the resource provisioning cost incurred by a cloud consumer

e To maximize a cloud retailer and provider’s profit, while the resource provisioining

cost is considered

e To design an optimization framework for a cloud provider that jointly optimizes power
and resource allocation costs, while uncertainties of power price and resource demand

are considered

e To explore approaches which can reduce the computational complexity of the proposed

algorithms

e To investigate the impact of uncertainties on resource provisioning solutions

1.3 Major Contributions of The Thesis

The major contributions of this thesis can be summarized as follows:
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e Resource provisioning algorithms for a cloud consumer [34-37]: We propose the novel
resource provisioning algorithms for provisioning resources from IaaS-based cloud
providers to a cloud consumer. To obtain the optimal solution of resource provision-
ing (i.e., to minimize the provisioning cost), we formulate the stochastic programming
models with two- and multi-stage recourse [28] such that the solution can be applied
for long-term resource provisioning. The algorithms can deal with the overprovision-
ing and underprovisioning problems caused by uncertainties of price, demand, and
availability of resources. The algorithms give the lowest resource provisioning cost.
In addition, we improve the stochastic programming models using robust optimiza-
tion [29] such that the optimal solution will be less sensitive to the uncertainties.
To tackle the complexity of the proposed algorithms, we apply Benders decomposi-
tion [38] and sample-average approximation [39] methods to the algorithms. Finally,
as a case study, we evaluate the algorithms using real data of resource usage and prices

to provision resources from Amazon EC2 to a cloud consumer.

e Joint power optimization and resource management for a cloud provider [40-42]:
We design a cost management framework for cloud computing datacenters. In the
framework, we formulate the stochastic programming model primarily from the cloud
provider’s perspective to minimize the expected cost under power price and compute
demand uncertainties. The expected cost is composed of the virtual machine hosting,
electric power, and application data transfer costs. We also apply a scenario reduction

technique [43] to reduce the computational complexity of the proposed model.

e Resource provisioning algorithm for a cloud retailer [44]: We present a cloud com-
puting market where a cloud retailer profits by implementing and selling value-added
services built on top of other cloud providers’ resources. Then, we propose the re-
source provisioning algorithm for provisioning resources under demand uncertainty
from IaaS-based cloud providers to the cloud retailer such that the retailer’s profit
can be maximized. The optimal solution of the algorithm is obtained by formulating

and solving a stochastic programming model.

1.4 Organization of The Thesis

The rest of the thesis is organized as follows:
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e Chapter 2: In this chapter, the literature survey of resource provisioning techniques
is presented. The resource provisioning techniques are categorized by optimization
methods, provisioning options, optimization objectives, uncertain parameters, service-
level-agreement orientation, energy-aware orientation, cloud provider/consumer ori-
entation, and application domains. The comparison among the resource provisioning

techniques is also provided.

e Chapter 3: In this chapter, we present the proposed resource provisioning algorithms
for a cloud consumer. First, the chapter presents the algorithm based on stochastic
programming with two-stage recourse for provisioning resources under two provision-
ing stages (i.e., current and future stages). That is, the algorithm can obtain the
resource provisioning solution for the current time epoch and also generate a set of
solutions for provisioning resources in the future time epoch. Next, the algorithm is
improved by robust optimization so that the solution of the algorithm could be less

sensitive to uncertainties.

The algorithm for two provisioning stages is improved by stochastic programming with
multi-stage recourse. Similarly, this improved algorithm can obtain the resource pro-
visioning solution for the current time epoch. In addition, the algorithm can generate
a set of resource provisioning solutions for multiple future stages. Sampling-average
approximation and Benders decomposition methods are also applied to the proposed

algorithms to address the computational complexity of the proposed algorithm.

e Chapter 4: In this chapter, we present a case study to apply the algorithms in
Chapter 3. The case study focuses on resource provisioning from Amazon EC2 to
accommodate a cloud consumer’s demand. In Amazon EC2, the cloud consumer
can provision resources with three options, namely on-demand, reservation, and spot
options. Each provisioning option has different price and yields different benefit to
the consumer. Especially, spot price (i.e., price of spot option) could be the cheapest.
However, the spot price fluctuates and could be sometime more expensive than the
prices of on-demand and reservation options due to supply and demand of available
resources in Amazon EC2. Although the reservation and on-demand options have
stable prices, their costs are mostly more expensive than that of the spot option.
The challenge is to find the solution in which the cloud consumer can optimally
purchase the provisioning options under the uncertainties of spot prices and demand.

To address this issue, two resource provisioning algorithms are proposed to minimize
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the provisioning cost for long- and short-term planning.

e Chapter 5: In this chapter, we address resource provisioning for cloud providers.
First, we present the resource provisioning framework for a cloud provider in which
the power and resource management costs are mainly optimized. We assume that the
public utility for the cloud provider implements smart grid. One important feature of
the smart grid is the realtime pricing (i.e., power price can be changed dynamically de-
pending on the load and power generation conditions). Therefore, the cloud provider
could encounter risk of fluctuating spot prices of electric power. The cloud provider
can hedge against such a risk by signing forward contracts in electricity futures mar-
kets. In this framework, we formulate a multi-stage stochastic programming model
for the forward contract portfolio optimization of power supply and optimization of
resource management (i.e., virtual machine allocation). The optimization model is
formulated primarily from the cloud provider’s perspective to minimize the expected
cost under power price and compute demand uncertainty. Specifically, the important
activities are considered including carbon emission, server consolidation, and applica-
tion data transfer in the joint optimization framework. To reduce the computational

complexity of the proposed model, a scenario reduction technique is applied.

Next, we present the resource provisioning algorithm to maximize the profit for a cloud
retailer. We define the term “cloud retailer” as a cloud provider whose resources are
provisioned from other cloud providers. Then, the cloud retailer can integrate value-
added services (e.g., applications) to the resources and sell the services to cloud con-
sumers. We illustrate a case study of a cloud retailer whose resources are provisioned

from Windows Azure.

e Chapter 6: In this chapter, we provide a summary of the results presented in this
thesis. We outline a few research issues which can be pursued as an extension of this

research.
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Chapter 2

Literature Review

In distributed systems (e.g., computational clusters, grid computing, and cloud comput-
ing), resource provisioning is the action to supply resources for users’ applications, e.g., to
process jobs and to store data. Resources could be computing power (i.e., CPU), storage,
and network bandwidth. In this chapter, the literature survey of resource provisioning tech-
niques is presented. The resource provisioning techniques are categorized by optimization
methods, provisioning options, optimization objectives, uncertain parameters, service-level-
agreement orientation, energy-aware orientation, cloud provider/consumer orientation, and
application domains. The comparison among the resource provisioning techniques is sum-

marized in Table 2.1.

2.1 Resource Provisioning Techniques Classification by Op-

timization Methods

As appeared in the reviewed literature, resource provisioning can apply different optimiza-

tion methods to achieve the optimal solutions as follows:

1. Mathematical Optimization — The mathematical optimization or mathematical pro-
gramming is the way to solve optimization problems [45]. An optimization could be
considered as a minimization or maximization problem described by an objective func-

tion (or a set of objective functions). Note that this chapter extensively investigates
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resource provisioning techniques for distributed systems based on the mathematical

optimization.

The mathematical optimization could be further classified as follows:

(a) Linear programming — Linear programming (LP) is a process to find an opti-
mal solution of a linear objective function with constraints [45,46]. LP has been
applied in several areas such as financial planning, transportation, scheduling, re-
source allocation, farming, and industrial production. LP was used in well-known
companies such as FedEx, Welch’s, Pacific Lumber, Samsung, and Continental
Airlines [47-51].

A general form of linear program can be formulated as follows:

Minimize: Z =CTX (2.1)
Subject to: A X <B (2.2)
X>0. (2.3)

The objective function shown in (2.1) is to minimize X, where X or decision
variable denotes a vector of decisions. C' and B are vectors of known coefficients
(e.g., parameters and constants). A is a known matrix of coefficients. The
constraints are governed by inequalities (2.2) and (2.3) which control the feasible
solution for assigning values to X with the condition {X | A X < B, X > 0}.
To solve a LP problem, simplex method [46] is an efficient algorithm. The sim-
plex method has been used to solve huge linear programs on today computers.
The simplex method was implemented in several computer-based software which
is also called solvers. GLPK [57], CPLEX [58], FortMP [59], COIN [60], and
Xpress-MP [61] are, for example, the LP solvers using the simplex method. Free

solvers for linear programs are also available in NEOS Server [62,66].

Although LP can solve several optimization problems, linear programming does
have a limitation. The limitation of linear programming model is that non-integer
values is only allowable for decision variables. To tackle such a limitation, integer
programming (IP) and mized integer linear programming (MILP) [52] are the ap-
proaches in which all and some of decision variables are restricted to take integer
values, respectively. Binary programming (BIP) is the special IP where decision

variables are restricted to be 0 or 1. The branch-and-bound algorithm is a tech-
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nique to solve a mixed integer programming problem. GLPK [57], CPLEX [58]
and Xpress-MP [61] are, for example, solvers for IP and MILP problems. Some
free solvers to solve integer programming problems also can be found in NEOS

Server.

In the literature, resource provisioning techniques based on LP, IP, MILP, and
BIP were formulated. For example, Filali et al. [67] developed the BIP based
resource provisioning to maximize a cloud provider’s profit in which a heuris-
tic method is developed to solve the BIP model. Aoun et al. [69] formulated
the MILP model such that resources can be efficiently provisioned and the job
throughput can be maximized. Andrzejak et al. [70] developed the LP based
resource provisioning to purchase additional resources in cloud computing while
the provisioning cost is minimized. Xiong [76] formulated an IP model for provi-
sioning resources in which the job delay can be minimized. Meinl [90] proposed

the LP based resource provisioning to minimize the cost of resource reservation.

(b) Nonlinear programming — Nonlinear programming (NLP) is the process of solving
a mathematical optimization problem where some of constraints or the objective
function are nonlinear. CONOPT [63] and KNITRO [64], for example, are solvers
for the NLP problems. Xiong [76] , Bi et al. [92], Kusic and Kandasamy [82]

proposed NLP based resource provisioning techniques.

(¢) Stochastic programming — Commonly, linear or integer programming is able to
solve only the problems where all parameters are known in advance. For exam-
ple, the parameters B and C' shown in formulation (2.1) — (2.3) are precisely
known. In many cases, however; these parameters cannot be perfectly known and
are represented as random variables. Such parameters are called uncertain pa-
rameters. In particular, traditional linear programming (or deterministic linear

programming) cannot solve problems containing the random variables.

To solve the problems containing such uncertain parameters, stochastic program-
ming (SP) is a potential approach [28]. For the resource provisioning in dis-
tributed systems (e.g., cloud computing), uncertain parameters could be demand,
resource prices, and resource availability (which will be discussed later). Prac-
tically, the stochastic programming consisting of linear objective function and
constraints can be transformed into a deterministic equivalence form of linear

programming. Then, the deterministic equivalence can be solved by traditional
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algorithms (e.g., simplex method).

Stochastic programming has been developed to solve resource planning under
uncertainties [53] in various fields, e.g., production planning, financial manage-
ment, and capacity planning. For example, Jirutitijaroen and Singh [54] applied
the stochastic programming approach for the electrical power generation and
transmission line expansion planning while some uncertainties affecting to the
planning were taken into account. It is shown that stochastic programming is
the promising mathematical tool which is able to address the optimal decision

making in the stochastic environment.

A stochastic programming model can be extended to a robust optimization (RO)
model [29]. Under uncertainties, the robust optimization model can be flexibly
managed by users of the model to meet their risk preference and to obtain the
model- and solution-robustness. With the solution-robustness, a solution ob-
tained from the model converges to the optimal solution. In contrast, undesir-
able effects or risks can be mitigated with the model robustness. In practice, the
users can adjust the tradeoff between solution- and model-robustness to obtain
desired solutions (e.g., to obtain a nearly optimal solution and avoid unwanted
risks).

In the literature, some works derived optimization models for resource provi-
sioning while uncertain parameters are taken into account without applying SP.
Kusic and Kandasamy [82], and Mark et al. [86] dealt with uncertain parameters
for solving models with forecasting techniques [45]. Xiong [76] applied Laplace
Stieltijes transform (LST) to estimate the delay of jobs before provisioning re-
sources to the jobs. Andrzejak et al. [70] derived a probabilistic model in which
the resource availability (i.e., uptime of resources), execution time for the job
completion, and resource prices are estimated. Then, the LP model was derived
to be solved with the estimated uncertain parameters. Similarly, Simmons et
al. [79] and Rogers et al. [87] used the expectation of uncertain parameters for
their optimization models. The works in [70,79,87] were based on the Jensen’s in-
equality [55] approach. That is, the optimal solution obtained from the approach
cannot be better than that of SP.

2. Artificial Intelligence — In the literature, the methods from the artificial intelligence

field were applied for resource provisioning as follows. Mark et al. [86] and You et
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al. [89] used evolutionary algorithms (EAs) to achieve near optimal solutions for re-
source provisioning. Shivam et al. [85] and Nae et al. [95] applied machine learning and
neural network, respectively, to predict the resource demand such that the resources

can be efficiently provisioned.

3. Heuristics — A heuristic method is a procedure to achieve a feasible solution of an
optimization problem in which the solution is not guaranteed to be optimal [45]. Nor-
mally, the heuristic methods are simple solutions for achieving feasible solutions. The
evolutionary algorithm is, for example, the heuristic method (i.e., metaheuristic). In
the literature, several works were based on heuristic methods, e.g., Mattess et al. [71],

Kim et al. [75], Rodero et al. [77], Vijayakumar et al. [78], and Ostermann et al. [88].

4. Others — Other methods were applied or together used with the other aforemen-
tioned methods for resource provisioning as follows. As studied by Kusic and Kan-
dasamy [82], Mark et al. [86] and You et al. [89], online forecasting techniques were
used to predict the resource demand. Then, the uncertain demand can be replaced by
the predicted demand so that the optimization models can be solved by traditional
LP or MILP. Markov chain [45] was applied to deal with uncertain parameters as
applied by Lu and Gokhale [74]. Queueing models [45] were applied by Hu et al. [81]
and Bi et al. [92] as the analytical performance models for provisioning resources.
Zhu and Agrawal [94] proposed a dynamic resource provisioning algorithm based on
control theory [56] so that the number of resources can be dynamically adjusted to

maximize a desired quality of service (QoS).

2.2 Resource Provisioning Techniques Classification by Pro-

visioning Options

There are three major provisioning options to purchase computational resources in cloud
computing, namely on-demand, reservation, and spot options. Each option has different
price and yields different benefit to the cloud consumer. The on-demand option which is
commonly called pay-as-you-go or pay-per-use option is the default option which is avail-
able in most cloud providers (e.g., Amazon Elastic Compute Cloud (EC2) [18], GoGrid [19],
Rackspace [20], SpotCloud [21], FlexiScale [22], Google App Engine [24], and Microsoft Win-

dows Azure [25]). With the on-demand option, resources can be dynamically provisioned by
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the cloud consumer anytime without a commitment. In contrast, with the reservation op-
tion, resources need to be subscribed (or signed) with a reservation contract. The contract
states the time duration of the signed resources which will be available to the signing cloud
consumer. The consumer pays a one-time fee for the contract, and when the resources are
utilized, the usage price which is significantly cheaper than the on-demand price (i.e., price
of on-demand option) is charged additionally. For the spot option, the prices of resources
fluctuate due to supply and demand of available resources of a cloud provider. Some cloud

provider (for example, Amazon EC2 [18]) sets spot prices based on an auction mechanism.

In the literature, most works focused on resource provisioning with only the on-demand
option, e.g., Vijayakumar et al. [78], Zhou et al., Mao et al. [68], Aoun et al. [69], Simmon et
al., Van et al. [83,84], Xiong [76] , Ostermann et al. [88]. In particular, Zhou et al. [73]
proposed an autoscaling method to resize the amount of resource provisioned with the on-
demand option. Xiong [76] applied queueing theory and Laplace Stieltijes transform (LST)
to estimate the job delay. The resource provisioning based on a heuristic method was
proposed to minimize the provisioning cost that takes only the on-demand option while the

delay and energy consumption can be maintained.

Some works focused on resource provisioning with only the reservation option. The reser-
vation option or advance reservation has been addressed in the literature for serveral years,
e.g., Filali et al. [67], Nurmi et al. [93], Kee et al. [91], and Shivam et al. [85]. In particular,
Nurmi et al. [93] developed the virtual advance reservations for queues (VARQ). VARQ
applies the time series method to predict the delay of arrival jobs so that a set of resources
will be virtually reserved for each job in certain period of time. Then, a job can be sched-
uled and assigned to the reserved resources when the time reserved for the job reaches. The
advantage of VARQ is that it works with any existing best effort scheduler since it will
buffer jobs in separate queues before submitting the jobs to the scheduler according to its
scheduling policy. Kee et al. [91] is similar to VARQ in which the delay is estimated before

an advance reservation will be performed.

Resource provisioning with the spot option has been a new hot research topic since the spot
option is the newest option offered by a cloud provider (i.e., Amazon EC2). Especially,
the option could be the cheapest option. As found in the literature, Henzinger et al. [80]
developed a resource provisioning framework named FlexPRICE. The framework applies a

pricing model to set the spot prices of resources. With FlexPRICE, a user firstly sends a

NTU - School of Computer Engineering



Chapter 2: Literature Review 17

job to a cloud provider. Then, the cloud provider returns a set of quotes which state job
schedules. In particular, the schedule specifies the price and duration for the job. Hence,
the user can choose a quote to meet a goal. Given a desired service level agreement (SLA),
Andrzejak et al. [70] proposed a probabilistic model used to set a bid price which is a cloud
consumer’s maximum affordable cost to acquire spot instances (i.e., virtual machines provi-
sioned with a spot option in EC2). In EC2, spot instances can be successfully provisioned
only when the bid price is higher than the current spot price set by EC2. Since the avail-
ability of the spot instances cannot be guaranteed, the model was applied together with
checkpointing mechanisms by Yi et al.. That is, the provisioning cost can be reduced, while
the availability of the provisioned spot instances can be maintained. Mattess et al. [71] de-
veloped the provisioning policies to acquire spot instances. The policies can manage peak
loads in a local server cluster by supplying additional spot instances in EC2. Mattess et
al. [71] also applied an estimation technique to obtain the execution time and delay of jobs
which will be assigned to the provisioned spot instances. You et al. [89] developed a re-
source allocation strategy based on market mechanism (RAS-M). In particular, the RAS-M
leverages a pricing model to set resource prices and control the balance of demand and

supply of a cloud provider’s resources.

It is observed that provisioning resources with a single type of provisioning option could be
inefficient. A few works addressed the resource provisioning problem with more than one
provisioning option. Juve and Deelman [72] stated that the resource provisioning methods
could be applied with both reservation and on-demand options. Each option has different
benefits. The reservation option can guarantee the resource availability and incur a cheaper
cost for the long-term usage that than for on-demand option. That is, the reservation
option provisions resources for a long-term usage, while the on-demand option provisions
additional resources for a short-term usage whenever the resources provisioned with the
reservation option are insufficient. For example, Mark et al. [86] applied an algorithm for
provisioning resources with reservation and on-demand options. Redero et al. proposed an
online provisioning method for high performance computing that utilizes both reservation
and on-demand options. Meinl [90] considered on-demand, reservation, and spot options for
provisioning resources. That is, an amount of resource is firstly signed with a reservation
contract. If the contract is not signed, resources will be provisioned with the spot option
in which the spot price fluctuates and could be considerably expensive. The on-demand

option will be utilized when the amount of resource provisioned with either reservation or
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spot option cannot meet the fluctuating demand.

2.3 Resource Provisioning Techniques Classification by Op-

timization Objectives

A resource provisioning technique has an objective to optimize an objective function value
or a set of objective function values. Resource provisioning could be a maximization or
minimization problem. In the literature, resource provisioning techniques can be classified

by optimization objectives as follows:

1. Cost optimization provisioning — The cost optimization problem is to minimize mone-
tary costs or maximize profits/revenue. For example, The evolutionary algorithm de-
veloped by Mark et al. [86] can allocate resources from multiple cloud providers such
that the resource provisioning cost can be minimized. Resource provisioning proposed
by Lu and Gokhale [74] can prevent the loss of reputation of a cloud provider by sup-
plying resources to meet an acceptable service performance such that the provider’s
profit can be maximized. Kusic and Kandasamy [82] proposed a resource provision-
ing framework that increases a cloud provider’s revenue such that the provisioned
resources conform to multiple quality of services required by cloud consumers. Hu et
al. [81] addressed a cost minimization problem by provisioning the smallest number

of servers in cloud computing exclusively for interactive jobs.

2. Time minimization provisioning — For cloud consumers, their jobs (or transactions)
submitted to be computed by the provisioned resources should be completed quickly
or able to meet their deadlines. In other words, the delay or execution time of jobs
needs to be minimized. For example, Xiong [76] proposed a technique for a cloud
provider to supply resources to cloud consumers that can minimize the job delay
incurred to the consumers while the energy consumption of the provider’s datacenter
can be reduced to meet the energy saving target. For the response time minimization
problem, resource provisioning proposed by Zhou et al. [73] allocates the sufficient

amount of resource for cloud consumers’ workflow applications.

3. Resource utilization maximization provisioning — Some cloud providers try to maxi-

mize the global utilization of resources in their datacenters so that the invested re-
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sources will not be wasted. Similarly, for cloud consumers, resources provisioned to
the consumers should be efficiently utilized to avoid the overprovisioning problem. For
example, Shivam et al. [85] proposed a resource provisioning which can predict the
resource usage of applications such that the maximum utilization of the provisioned
resources can be achieved. Given service-level-agreements (SLAs), the resource man-
agement was developed by Van et al. [83,84] which can maximize a global system
utility of a datacenter by consolidating multiple virtual machines to the same server.
A resource provisioning framework developed by Kee et al. [91] proposed a resource
management paradigm called resource slot. A resource slot defines consumers’ ap-
plication requirement and providers’ resource availability. Then, the framework can
efficiently allocate resources for certain applications such that the global resource

utilization can be maximized.

4. Energy consumption minimization provisioning — As appeared in [110,111], the total
cost of ownership (TCO) of a cloud datacenter is the energy cost, cloud providers
try to minimize the energy consumption for their datacenters. For example, Kim et
al. [75] applied the dynamic voltage frequency scaling (DVFS) scheme to adjust the
processor clocks of the physical servers for hosting virtual machines such that the
energy consumption in a datacenter can be reduced. Rodero et al. [77] proposed an
energy-aware provisioning method that clusters the characteristics of incoming job.
Then, appropriate resources will be allocated to the jobs. A non-linear programming
problem was derived by Xiong [76] to minimize the energy consumption while the

delay of incoming jobs can be controlled to be lower than desired targets.

5. Throughput mazimization provisioning — Throughputs are the number of jobs (or
transactions) which are completely processed per unit of time. To address the through-
put maximization problem, Aoun et al. [69] developed an algorithm based on MILP
that mainly maximizes the number of completed service requests (i.e., throughputs in

terms of processed requests).

6. Quality of service mazximization provisioning — The quality of service of certain appli-
cations (or jobs) can be maximized. For example, Zhu and Agrawal [94] applied the
control theory to maximize application benefits which are represented as QoS metrics
while the execution time of the applications and costs of provisioned resources are

controlled.
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2.4 Resource Provisioning Techniques Classification by Un-

certain Parameters

Uncertainty has a direct impact on a resource provisioning decision. Resource provisioning
needs to be made before uncertain parameters will be observed. The uncertain parameters
can lead the inefficient resource provision. That is, either underprovisioning or overpro-
visioning problem can occur. In the literature, resource provisioning techniques can be

classified according to uncertain parameters as follows:

1. Non uncertainty provisioning — Several resource provisioning techniques did not take
uncertain parameters into account, e.g., Filali et al. [67], Mao et al. [68], Aoun et
al. [69], Juve and Deelman [72], Zhou et al. [73], and Kim et al. [75]. Without consid-
ering uncertain parameters, the amount of provisioned resource could be underprovi-

sioned or overprovisioned.

2. Demand uncertainty oriented provisioning — Demand is considered as workloads that
need to be processed on the provisioned resources. The demand is commonly unknown
in advance. Demand could be determined as the number of arrival jobs/transactions
and the number of hours required by a job. Many resource provisioning techniques
consider the demand uncertainty, e.g., Mattess et al. [71], Xiong [76], Rodero et al. [77],
Vijayakumar et al. [78], Kusic and Kandasamy [82], Mark et al. [86], and Rogers et
al. [87].

3. Price uncertainty oriented provisioning — Prices could be resource prices set by cloud
providers and energy prices set by energy supplies. Prices, especially spot prices, often
fluctuate. Generally, future spot prices are not precisely observed. A few resource
provisioning techniques did consider the price uncertainty, i.e., Andrzejak et al. [70]

and Meinl [90].

4. Awailability uncertainty oriented provisioning — Availability of provisioned resources
could be uncertain. Cloud providers define SLAs to guarantee the resource availability
to cloud consumers. Andrzejak et al. [70], Simmons et al. [79] , and Kee et al. [91]

took the availability uncertainty into account.

5. Delay uncertainty provisioning — Delay is the time of jobs/transactions which wait in

a queue before they can be executed. Generally, the delay of a job cannot be perfectly
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estimated. Andrzejak et al. [70], Hu et al. [81], and Nurmi et al. [93] considered the

delay uncertainty in their works.

Since multiple uncertain parameters could influence the decision of resource provisioning, a
few works took two different uncertain parameters into account. For example, Andrzejak et
al. [70] considered both price and availability uncertainties. Simmons et al. [79] considered
both demand and availability uncertainties. Meinl [90] addressed both demand and price

uncertainties.

2.5 Resource Provisioning Techniques Classification by Other

Characteristics

Resource provisioning techniques can be classified based on other characteristics as follows:

1. Application Domains — Generally, resource provisioning can be applied to any appli-
cation domains (i.e., non-specific domain), e.g., Mao et al. [68], Mattess et al. [71],
Zhou et al. [73], Simmons et al. [79], and Meinl [90]. However, some resource provi-
sioning techniques discussed in the literature may be specifically designed for certain
application domains. For example, Juve and Deelman [72], Zhou et al. [73], and
Ostermann et al. [88] addressed resource provisioning techniques for workflow appli-
cations. Resource provisioning for high performance computing (HPC) applications
was investigated by Rodero et al. [77] and Henzinger et al. [80]. Lu and Gokhale [74]
addressed the resource provisioning technique for electronic commerce application.
Nae et al. [95] proposed the resource provisioning model for massively multiplayer on-
line games (MMOGs). In Table 2.1, application domains of the resource provisioning

techniques in the literature are shown.

2. Provider- or Consumer-based resource provisioning — Although resource provision-
ing could be applied for both cloud providers and consumers, resource provisioning
techniques presented in the literature were originally designed for either provider or
consumer. It is observed that resource provisioning techniques for cloud providers
mostly have the main objectives to maximize profits. In contrast, resource provision-

ing techniques for cloud consumers generally have the objectives to minimize mone-
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tary provisioning costs, minimize delay, and maximize throughputs. In Table 2.1, each

work is classified as either cloud provider- or consumer-based resource provisioning.

3. Energy-aware resource provisioning — In the literature, some resource provisioning
techniques considered the energy conservation issue. Such techniques are commonly
called power- or energy-aware (E.A.) resource provisioning. Resource provisioning
techniques may directly minimize the energy consumption as mentioned in Section 2.3.
Some techniques may take the energy consumption as optimization constraints. In Ta-

ble 2.1, each work is identified as if it addressed the energy conservation issue.

4. Service-level-agreement oriented resource provisioning — In cloud computing, cloud
providers need to supply resources to conform to SLAs. Violating SLAs could incur
higher costs on both cloud providers’ and consumers’ sides. Therefore, resource pro-
visioning techniques may take SLAs as constraints which need to be controlled. For
example, the optimization models proposed by Simmons et al. [79], Kusic and Kan-
dasamy [82], Xiong [76], and Van et al. [83,84] took the SLA constraints into account.
In Table 2.1, each work is identified as if it considered the SLA constraints.
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2.6 Novelty of This Thesis

In the present state-of-the-art, we propose the novel resource provisioning algorithms for
obtaining the optimal amount of computational resource under uncertainties. In this thesis,
different algorithms are derived for three cloud stakeholders, namely cloud consumer, cloud
provider, and cloud retailer. In particular, the optimal solution for provisioning resources
obtained by the proposed algorithms can be guaranteed to be optimal under uncertainties.
We specifically consider different uncertainties, i.e., demand, availability, and price uncer-
tainties. Our proposed algorithms for consumers also consider the solution- and model-
robustness which were not taken into account in all works in the literature. For a cloud
provider owning a datacenter, our algorithm uniquely considers both the forward contract
portfolio optimization of power supply and optimization of resource management. To apply
our proposed algorithms for a large scale problem (with a great number of parameters), we
have applied mathematical methods (i.e., sample-average approximation [39] and scenario
reduction technique [43]) to reduce the problem complexity such that the problem can be

efficiently solved.
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Chapter 3

Resource Provisioning

on Consumers’ Side

Cloud providers, e.g., Amazon [18], GoGrid [19], and Microsoft [25], provide on-demand and
reservation options to cloud consumers. With the on-demand option, the resources can be
dynamically provisioned by a cloud consumer anytime without a commitment (i.e., pay-per-
use basis). In contrast, with the reservation option, the resources need to be subscribed with
a contract. The contract will guarantee the availability and prices of the resources within
a certain duration. In particular, the cost of the resources purchased using the reservation
option is cheaper than that of the on-demand option. The cloud consumer could apply the
reservation option for the long-term utilization and the on-demand option for the short-term

utilization.

In this chapter, we focus mainly on resource provisioning from the cloud consumer’s per-
spective. We make an assumption that the cloud consumer needs to first apply the reserva-
tion option for a long-term usage. Later, additional resources will be provisioned with the
on-demand option if the reserved resources are not sufficient. Overprovisioning and under-
provisioning problems will occur due to the demand uncertainty. To deal with the problems,
we develop the novel resource provisioning algorithms by stochastic programming [28]. Nu-

merical studies and simulation are performed to evaluate the developed algorithms.

This chapter is organized as follows. First, in Section 3.1, we present a designed system

model of cloud computing environment where a cloud consumer can purchase reservation
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Figure 3.1: System model of cloud computing environment.

and on-demand options from multiple cloud providers. Second, we present an optimization
model for deterministic resource provisioning (i.e., without uncertainties) in Section 3.2.
Third, we present a novel resource provisioning algorithm for two provisioning stages in
Section 3.3. Fourth, the algorithm based on the robust optimization [29] is presented in
Section 3.4. Fifth, a novel resource provisioning algorithm for multiple provisioning stages

is presented in Section 3.5. Finally, we conclude the chapter in Section 3.6.

3.1 System Model of Cloud Computing Environment

As shown in Fig. 3.1, the system model of cloud computing environment consists of four
major entities, namely cloud consumer, virtual machine (VM) repository, cloud providers,
and cloud broker. The cloud consumer represents a group of cloud computing users who
access remote services provided in the cloud computing environment. The cloud consumer
has demands (i.e., requests) to execute jobs. The cloud providers rent out computational
resources (e.g., computing power, storage, and network bandwidth for data transfer) to the
cloud consumer for processing the jobs. Before the jobs can be executed, a set of computa-
tional resources have to be provisioned from cloud providers. To obtain such resources, the
cloud consumer firstly creates VMs integrated with software required to execute the jobs.
Then, the created VMs are stored in the VM repository located in the cloud consumer’s

site. Finally, the VMs can be reallocated to and hosted in cloud providers’ infrastructures
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whose resources can be utilized by the VMs. In Fig. 3.1, the cloud broker is located in the
cloud consumer’s site and is responsible on behalf of the cloud consumer for provisioning
resources in the cloud providers. In particular, the cloud broker rents resources from cloud
providers and allocates the VMs originally stored in the VM repository to appropriate cloud
providers. Thus, the cloud broker implements a resource provisioning algorithm to make

the allocation decision.

There are multiple VM classes used to classify different types of VM. Let Z C N;! denote the
set of VM classes. We assume that each VM class represents a different type of jobs, e.g., a
VM class for a certain web application and another class for a certain scientific application.
Each VM class requires a specific amount of computational resources to execute a single
VM. Furthermore, a number of VMs needs to be provisioned for a certain VM class. In this
thesis, the number of VMs required for a certain VM class is called demand. In particular,
the cloud broker is responsible for provisioning resources from cloud providers to meet

demands of all VM classes.

In Fig. 3.1, let J C Nj denote the set of cloud providers. Each cloud provider supplies
a pool of resources to the cloud consumer. Let R denote the set of resource types which
can be provided by cloud providers. Resource types can be processing power, storage, and

network bandwidth for Internet data transfer.

A cloud provider offers the cloud consumer two provisioning options, i.e., reservation and/or
on-demand options. The reservation option has to be subscribed under a reservation con-
tract. The contract states the advance reservation of resources with regard to the specific
time duration of resource availability. For example, the reservation option offered by Ama-
zon EC2 has two reservation contracts [18], i.e., 1-year and 3-year contracts). A certain
amount of resource is reserved (e.g., single VM with some limited storage and memory
capacities) and available for one year under the 1-year contract and three years under the
3-year contract starting from the time the resources are provisioned. For the on-demand

option, resources can be dynamically provisioned at the moment they are needed.

Computational resources can be provisioned at different points of time, also called provi-
sioning phases. As illustrated in Fig. 3.2, there are three different provisioning phases as

follows:

Ny =1{1,2,3,...}
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Reservation Expending On-demand
phase ’ phase ’ phase
Action: Action: Action:
Provision resources Utilize the reserved Provision more resources
with reservation plan resources with on-demand plan
e | | !
- ' ! ! Timeline
Event: Event: Event:
Resources are Price and demand The reserved resources
reserved in advance are observed are insufficient

Figure 3.2: Transition of provisioning phases.

e Reservation phase: In this phase, the broker provisions a specific amount of resource

with reservation option.

o Fxpending phase: The reserved resources are utilized in this phase. However, due
to the demand uncertainty, the reserved resources could be either overprovisioned or

underprovisioned.

e On-demand phase: When the actual demand exceeds the amount of reserved resources
(i.e., causing the underprovisioning problem), the broker provisions more resources

with on-demand option to meet the actual demand in this phase.

In this thesis, we proposed resource provisioning algorithms of the cloud broker based on
stochastic programming models. The models produce (optimal) solutions for different time
poches. Time epochs when the cloud broker makes a decision to provision resources are
called provisioning stages. There is a relationship between provisioning stages and provi-
sioning phases (as discussed later). Let 7 denote the set of provisioning stages considered
by the cloud broker. The number of provisioning stages is based on the number of epochs
considered by the cloud broker. Resource provisioning algorithms for two provision stages
are addressed in Section 3.3 and Section 3.4. Multiple decision stages (i.e., more than 2
stages) can be considered for long-term planning, e.g., a yearly plan may consist of twelve
provisioning stages (i.e., twelve months). A resource provisioning algorithm for multiple

provisioning stages is addressed in Section 3.5.
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3.2 Deterministic Resource Provisioning

Suppose that the exact amount of computational resource required by the cloud consumer
is known in advance. The resource can be provisioned with only the reservation option.
Therefore, the more expensive on-demand option is not needed (i.e., zero on-demand cost)
and the total provisioning cost can be significantly reduced. In particular, a deterministic

resource provisioning model based on integer programming can be derived as follows:

min YY" eV o + 58Nl 2 (3.1)

Tij %4 i€Z jeT €L jeJ

subject to: xl(]e) = :cg{), VieZl jeJ (3.2)
Sl =Di, viez (3.3)
JjeT
S Bial) <A, VjeJdreR (3.4)
i€l
2MWeNy, VieTl,jeJ (3.5)

ij 0, ) .

2 €N, VieI,jed. (3.6)

The objective function in (3.1) minimizes the total provisioning cost which considers only
the reservation option. The model consists of two decision variables, i.e., a:g-{) and 951(;) To
provision VMs of class i € Z from cloud provider j € J, variable xg?) denotes the number of
reserved VMs provisioned in the reservation phase, while variable a:z(;) denotes the number
of reserved VMs which will be utilized in the expending phase. Constraint (3.2) ensures
that the number of reserved VMs in the expending phase must be equal to that reserved
in the reservation phase. In other words, the constraint implies that all reserved VMs will
be fully utilized in the expending phase. Constraint (3.3) ensures that the demand is met
where D; denotes the number of required VMs (i.e., demand) which is exactly known by
the consumer to execute VM class i. Constraint (3.4) controls the allocation of VMs of all
classes to be not exceeded the maximum resource capacity offered by each cloud provider,
where A;, denotes the maximum capacity of resource type r € R offered by cloud provider
j. Constraints (3.5) and (3.6) indicate that the variables (i.e., a:Z(JR) and 1‘2(;)) take values
from a set of non-negative integers (i.e., set No = {0,1,...}).
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As shown in (3.1)-(3.6), the deterministic resource provisioning model considers only the
reservation option. As a result, the on-demand phase is not required in the model and able
to save much cost. However, this model assumes that all parameters (e.g., demand of VM

class i or D;) have to be exactly known and unchanged which is not always true.

3.3 Resource Provisioning for Two Provisioning Stages

The deterministic resource provisioning model in (3.1)-(3.6) efficiently works in the situation
when all parameters are always fixed or precisely known in advance. For example, the
demand D; stated in constraint (3.3) is exactly known and later unchangeable. However,
such parameters can fluctuate at any point of time in the future. Thus, the optimal solution

under the fluctuation (i.e., uncertain parameters) cannot be guaranteed.

To deal with the uncertainty, the stochastic programming can be applied to formulate an
optimization model. In this section, the stochastic programming models with two-stage
recourse are derived for provisioning resources in two provisioning stages. That is, an
amount of resource is provisioned with the reservation option in the reservation phase and
in the first provisioning stage. Then, the reserved resources will be utilized in the expending
phase in the second provisioning phase. Also, when the amount of reserved resources cannot
meet the fluctuated demand, additional resources can be provisioned with the on-demand

option in the second provisioning stage (and in the on-demand phase) to meet the demand.

3.3.1 System Model and Assumption for Two Provisioning Stages
Provisioning Stages

There are two provisioning stages, i.e., first and second stages or 7 = {T;, T2}. The cloud
broker produces two decisions as the solutions for provisioning resources, namely here-and-
now and wait-and-see decisions. The here-and-now decision is the solution which states
the number of VMs needed to be subscribed with a reservation option in the first stage.
The wait-and-see decision decribes a series of solutions. Fach solution of the wait-and-see
solution is a recourse action for provisioning resources against uncertain parameters (i.e.,

demand and price) in the second stage. In other words, the uncertain parameters will be
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Reservation Expending On-demand
phase phase phase
o} | °
T First stage Second stage

Here-and-now decision 2 Wait-and-see decision

Figure 3.3: Relationship between provisioning phases and stages for two provisioning stages.

observed in the second stage, and then a certain recourse action will be performed to deal

with the observed parameters.

As mentioned in Section 3.1, there is a relationship between provisioning stages and phases.
Fig. 3.3 shows the relationship. That is, the reservation has to be done in the first stage,
i.e., the cloud broker performs the here-and-now decision. In the second stage, the reserved
resources will be utilized in the expending phase and the on-demand option may be required

in the on-demand phase.

We assume that only one reservation contract can be selected from a cloud provider. Note
that the reservation contract should cover the time length in the second stage to ensure

that all reserved resources will be available in the second stage.

Uncertain Parameters

As aforementioned, a solution used by the cloud broker is obtained by solving the stochastic
programming model with two-stage recourse. Such a model takes the uncertain parameters
into account. In the second stage, all uncertain parameters will be observed (or realized).
A possible outcome of observed uncertain parameters is described by a scenario (or real-
ization). Let €2 denote the set of all scenarios. We assume that there are three kinds of

uncertain parameters as follows:

e Demand Uncertainty— A demand represents the number of VMs required in the second
stage for a certain VM class. Let D, denote the possible number of VMs required to

execute VM class 7 under scenario w € €.

e Price Uncertainty— A resource price of on-demand option could fluctuate in the second

. (o) : : : .
stage. Let ij denote the unit price of on-demand option of resource type r € R
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offered by cloud provider j under scenario w. The total cost of all resource types
offered by cloud provider j incurred to VM class ¢ under scenario w denoted by C’Z(jb)u

is expressed as follows:

zyw Z B““C](?c)u (37)
reER

where B;, denotes the amount of resource of type r required by a single VM of class .

o Awailability Uncertainty — Resources could be unavailable for some reasons, e.g., power
outage and system failure. Let Aj,,, denote the amount of resource of type r which is

available in cloud provider j under scenario w.

Scenario w € Q can be described by a random vector denoted by {(w), namely &(w) =
<C (0) Diy, AJW> . We assume that a discrete probability distribution of €2 has finite support,

ijw?

i.e., {2 contains a finite number of scenarios with respective probabilities .

Provisioning Costs

As shown in Fig. 3.2, there are three provisioning phases. Three different provisioning costs,
namely reservation, expending, and on-demand costs, are charged to respective provisioning

phases. For example, as shown in (3.7), C© is the on-demand cost charged to the cloud

ijw
consumer for executing VM class ¢ by cloud provider j where C](:Z;

L (R)
type r. For the other provisioning costs, let er

r from provider j for a single VM and let CJ(.?)

is the price of resource
denote the price to reserve resources type
denote the unit price of resource type r
from provider j. Then, the reservation and expending costs (denoted by Cl-(j ) and CZ(J),
respectively) charged to VM class @ by provider j can be defined as follows:

o - e e
reR

o = 3 B, CY. (3.9)
reR

NTU - School of Computer Engineering



Chapter 3: Resource Provisioning on Consumers’ Side 35

3.3.2 Stochastic Programming Model with Two-Stage Recourse

First, a stochastic programming model with two-stage recourse for two provisioning stages
is derived by following the basic properties of stochastic programming with two-stage re-

course [97] as follows:

i R),.(R) (R)
2B j%el_)nx(q) Z Z Cij zij + Eg ["@ <xz’j 7“)} (3.10)
ij Vijwijw €L jeJ
subject to: (3.5)

xEjLeNO, ViceZ,jeJ,we (3.11)
22l €Ny, VieI,jeJwe (3.12)

The objective function in (3.10) minimizes the expected total provisioning cost for two pro-

visioning stages. Variable 2B denotes the number of reserved VMs of class i provisioned

ij
(e)

from cloud provider j in the first provisioning stage. In the second stage, variables z;,

and :L'Z(;)L denote the numbers of VMs of class ¢ provisioned from cloud provider j in the
expending and on-demand phases under scenario w € €1, respectively. A scenario describes
a possible outcome of uncertain parameters which can be represented by a random vector,

ie., &(w) = (C’(O) D, Ajm). As shown in (3.5), (3.11) and (3.12), the constraints indicate

1w’

that all decision variables take values from a set of non-negative integers.

Due to the uncertainty, the cost in the second provisioning stage associates with the expected

R)

provisioning cost of all scenarios represented by function Eq [Q <£L‘ij ,w)} as shown in

(3.10) where Eq [ } represents the expectation of provisioning costs in the second stage for

R)

all scenarios Vw € 2. Function £ (l‘ij ,

R)

ij

w) represents the minimized provisioning cost in
the second stage given variable x;.” and scenario w. Then, function 2 <:cg{),w) is fully

expressed as follows:
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Q(:Cg{),w) = (er)nlI%O) ZZ( clo Z(]ew—}—C'Z(;U)J 5521) (3.13)

zgw’ 1jw i€ jej

subject to:  x\) <al), VieI,jeJ (3.14)
Diy <3 (al, +aly)), vierz (3.15)
JjeJ
> Bir (el +2l)) < Aj, VieTreR (3.16)
€L

In (3.13), function 2 (xg?),w) minimizes the provisioning cost in the second provisioning
stage, i.e., the costs in the expending and on-demand phases. Function 2 (a:g{),w) is an
optimization problem associated with constraints as shown in (3.14)-(3.16) given scenario
w. Constraint (3.14) ensures that the number of VMs which will be provisioned in the
expending phase must not exceed the number of VMs reserved in the reservation phase.
Constraint (3.15) ensures that the number of provisioned VMs of class i in the expending
and on-demand phases must accommodate the demand of class 7, i.e., the number of required
VMs denoted by Dj,. For each resource type r € R in cloud provider j, constraint (3.16)
ensures that the amount of computational resource consumed by the VMs provisioned in

the expending and on-demand phases must not exceed the maximum amount of resource

offered by the cloud provider denoted by Aj.,.

3.3.3 Proposed Optimal Virtual Machine Placement Algorithm

When the probability distribution of w has finite support, a deterministic equivalent of
stochastic programming model can be formulated. That is, €2 has the finite number of
scenarios. In other words, {2 is a finite set. Each scenario w is associated with a probability
0 < m, < 1. The deterministic equivalent of stochastic programming model derived in

(3.10)-(3.16) can be derived as follows:
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2B H%e) (0) Z Z Ci(F) + Z Z Z Tw ( ij zyw + Cz(]u); 5]2;) (3‘17)

Tij TijuwrTijw i€l jeJ €L jET we
subject to:  (3.5),(3.11), (3.12)

2 <2l vieTljeTwen (3.18)
Du<y ( @ Z;’w) . VieT,weQ (3.19)
jeT
ZB~((B>+J;(°>)<A VjieJ,reRweQ (3.20)
ir ijw ijw | = Hjrw, J ’ ) .
i€l

The model in (3.17)-(3.20) can be solved by traditional optimization solver software e.g.,
GNU Linear Programming Kit [57], GAMS solvers [65], and solvers in the NEOS server [66].
Then, an algorithm called optimal virtual machine placement (OVMP) is proposed as shown

in Algorithm 1.

Algorithm 1 Optimal Virtual Machine Placement Algorithm
Input: ﬂw,C(R) c© o) Dy, Biry Ajre,-

iy 0 iy 0 Yijwo

Output: x*.
1: x* < solve model in (3.17)-(3.20).
2: Wait until the second provisioning stage occurs.
3: Observe scenario w.
4: Apply the recourse action for observed scenario w based on z*.

5. return z*.

“(R) x(e) (o)

As presented in Algorithm 1, z* = (xij ' Zij ijw) denotes a composite variable that

represents an optimal solution of the model in (3.17)-(3.20) solved by optimization solver
W(R) (e o x(o) ®) ()

software where T Tis i ij > Tiju

(0)

ijw*

denote the optimal values for respective x;

and z;

Algorithmic Complexity

As aforementioned, the execution of the OVMP algortihm requires optimization solver
software to solve the stochastic optimization model based on integer programming. Hence,

the complexity of the proposed OVMP algortihm is based on the algorithm provided by the
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optimization solver software.

In this thesis, every proposed resource provisioning algorithm requires stochastic program-
ming models based on integer programing to generate an optimal solution to provision
resources. The branch-and-bound algorithm, one of the algorithms for integer program-
ming, is chosen to solve the models. Hence, the complexity of all proposed algorithms in
this thesis is equivalent to the complexity of the branch-and-bound algorithm. That is, the

algorithm requires O(nlogn) running time [98].

3.3.4 Resource Provisioning with Benders Decomposition

The Benders decomposition algorithm [38] is applied to solve the OVMP algorithm as
shown in Algorithm 1. The goal of the Benders decomposition algorithm is to break down
a linear/integer programming problem into multiple smaller linear/integer programming
problems which can be solved independently and in parallel. As a result, the computational
time to obtain the solution of the OVMP algorithm can be reduced. The Benders decom-
position algorithm can decompose a linear/integer programming problem with complicating
variables into two major types of problems: master problem and subproblem. Note that

complicating variables are variables that prevent the decomposability of the problem.

We can verify that the OVMP algorithm has a structure which can be decomposed by the

Benders decomposition algorithm as follows:

Property 1 The stochastic programming model derived for the OVMP algorithm is the

problem whose structure has multiple complicating variables.

Proof: Variable xSL in the stochastic programming model in (3.17)-(3.20) derived for
()

the OVMP algorithm is considered as the complicating variable [38]. Since variable Ty

exists in constraints (3.18)-(3.20), the variable prevents the decomposability of the model. If
(e) (fix)

ijw 1S glven a fixed value denoted by Ty, 88 described by the equation as follows:

variable x

2O =2 vieT je g weq (3.21)

1Jw Jw ?
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, the model can be decomposed into two classes of independent integer programming sub-

problems, namely S; and Sy(w) presented as follows:

1] minzf =373 0pa (3.22)
Tij €L jeT

subject to:  (3.5),(3.18), (3.21)

[S2(w)] Ir(lgl 20 (w) = Z Z ﬁwCZ(;)ixfyi (3.23)
Tijuw i€l jeJ

subject to:  (3.12),(3.19), (3.20), (3.21)

From the above decomposition, it can be concluded that the stochastic programming model
defined in (3.17)-(3.20) of the OVMP algorithm has the structure with multiple complicating

variables. m

From Property 1, the stochastic programming model of OVMP algorithm can be solved
by the Benders decomposition algorithm. The Benders decomposition algorithm consists
of iterative steps. In each iteration, the master problem constituted by the complicating
variables and subproblems constituted by the other decision variables are solved. Both mas-
ter problem and subproblems are considered multiple smaller integer/linear programming
problems. The subproblems can be solved independently and in a parallel fashion. Then,
lower and upper bounds of the solutions obtained from the solved smaller problems are cal-
culated. The Benders decomposition algorithm stops when the optimal solution converges,

i.e., the lower and upper bounds are satisfactorily close to each other.

In Fig. 3.4, the flowchart of the Benders decomposition algorithm is illustrated. The al-
gorithm for solving the stochastic programming model of OVMP algorithm has four steps

(i.e., Step-0 to Step-3) as folows:

e Step-0: Initialization of the master problem — This step initializes the master prob-
(e)

Jw*

lem which is constituted by complicating variable x Step-0 is performed only

once, while Step-1 to Step-3 are repeatable. Let v denote the iteration counter and
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Step-0
Initialization of the master problem

'

Step-1
Subproblem solution

'

Step-2
Convergence checking

Step-3
Master problem
solution

Figure 3.4: Flowchart of Benders decomposition algorithm.

initially set v = 1. The master problem which is an alternative form of the stochastic

programming model in (3.17)-(3.20) is derived as follows:

<glin 2(e) = Z Z Z ch(e) Ej’u)w +a, (3.24)

Tjjw Qv weN i€ jeT
subject to: > P (3.25)
Di, <Y 2, VieLweQ (3.26)
JjeJ
S Biall), < Aj, V€T, reRweE (3.27)
€L
), €Ny, VieLVjeJ,weQ (3.28)

(e)

where variable x; e

(e)

., represents variable x; jw I iteration v of the master problem, while
variable a,, represents the reservation and on-demand costs. This «, will be improved
in consequent iterations. Initially, variable ay, is controlled by constraint (3.25) where
constant o) denotes the lower bound of the variable. This o can be estimated

from an economical analysis or historical data of prior solutions [38]. Constraints
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- After the master problem is

(3.26)—(3.28) govern the boundary of variable $§jc)u
solved, the algorithm proceeds to Step-1.

e Step-1: Subproblem solution — Subproblems are formulated and solved. Value of
:UE;BJV obtained from the master problem is assigned to variables a:gijj) Given the fixed

(fix)

solution of Lijoy > TWO aforementioned classes of subproblems, i.e., S; and Sa(w) can be

solved independently and concurrently. Note that, for the current iteration, variable
(e) (e)

;5. in (3.21) is equivalent to variable x;. .

The objective functions of Sp in (3.22) and S(w) in (3.23) minimize the reservation
and on-demand costs, respectively. Since subproblem Ss(w) associates with the num-
ber of scenarios ||, independent || optimization problems can be generated. Let

variables A™ “and )\(9)” denote the solutions of the dual problems of S; and Ss(w)

ijwr Jw
associated with constraint (3.21), respectively. The solution of variables )\ggu and
)\E;L)W will be later used in Step-3.

e Step-2: Convergence checking — Next, the convergence of lower and upper bounds of

the solutions obtained from master problem and subproblems is checked. Both bounds

are adjusted at each iteration. The lower bound in iteration v denoted by zl(,lb) can

be obtained from the objective function value of the master problem as follows:

2P = e (3.29)

©) denotes the objective function value of the solved master problem. The

upper bound in iteration v denoted by zSﬂD) can be obtained as follows:

*
where z,

AV Z 0 b s T 0 (3.30)
we

where z;(R) and z:(o) (w) denote the objective function values of the solved subproblems

S1 and Sy(w), respectively.

Let € denote a small tolerance value to verify the convergence of both lower and upper
bounds. The Benders decomposition algorithm stops when the following condition is

met, i.e.,
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Z(0) _ ) g (3.31)

The condition implies that both bounds are acceptably close to each other and the
optimal solution can be found in iteration v. Otherwise, the algorithm proceeds to

Step-3.

e Step-3: Master problem solution — Let the iteration counter be increased by v «+

v+ 1. Then, the master problem in (3.24)-(3.28) can be further relaxed by additional

constraints called Benders cuts [38] as follows:

0> S (W, 428, (0, — 2l9,))

we zEI]EJ
+200 4+ S 2wy, Vel v -1} (3.32)
we

Benders cuts in (3.32) are constructed from the optimal costs obtained from the master
problem and subproblems in the prior iterations and inserted as the new constraints

to the master problem in (3.24)-3.28). The cuts can adjust the cost «, and the
()

expending cost according to solution of x;;

v After solving this master problem

with the additional Benders cuts, Step-1 is repeated and the same iterative process

continues until the convergence checking in Step-2 meets the condition in (3.31).

3.3.5 Performance Evaluation

Table 3.1: Expected annual resource demand for a single VM of each VM class.
VM class | Processing (CPU-hours/year | Storage (GBs/year | Network bandwidth (GBs/year)
I 8,748 1,920 24,000
I2 6,570 1,200 30,000

1. Parameter setting — We assume that the cloud computing environment consists of
a cloud consumer (i.e., organization) who is renting computing resources offered by
cloud providers. The consumer has two different types of applications represented by

two different VM classes, i.e., Z = {I;,Io}. For instance, I; is a database server
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and I is a e-commerce application server. Each VM class requires different amount
of resource (i.e, demand). Three types of resource are considered, i.e., processing
time, permanent storage, and network bandwidth regarding outbound data transfer.
Table 3.1 shows the annual resource demand for executing a single VM of classes
I; and Iy. Regarding the network bandwidth, we assume that only the outbound
data-transfer required by a VM is considered since the cost of inbound data-transfer
is assumed to be free of charge. Furthermore, a software package required by a VM
is needed to be installed in a VM of each VM class. A software package consists of
operating system, database software (for class I; only), web application software (for
class Iy only), and other utility software. The software cost is additionally charged to
the consumer as the license cost per running VM. The license software costs for a VM
in classes I; and Iy are $500 and $1,200, respectively. We assume that the consumer
purchases these software licenses from software vendors when VMs are running in the

expending and on-demand phases.

Table 3.2: Resource prices of cloud providers for evaluating the OVMP algorithm.

Provider Price in reservation phase Price in expending phase | Price in on-demand phase
3-M 6-M 1-Y CPU | Storage | N/W CPU | Storage | N/W

J1 N/A N/A $357 $0 $0 $0.10 N/A N/A N/A

Ja $56.90 $87.63 | $227.50 | $0.03 $0.10 $0.15 | $0.085 $0.10 | $0.15

J3 $69.38 | $106.85 | $277.50 | $0.02 $0.10 $0.15 $0.10 $0.14 | $0.19

Ja N/A N/A N/A | N/A N/A N/A $0.09 $0.075 | $0.15

The cloud computing environment consists of four cloud providers, i.e., 7 = {J1,J2, J3,J4}
as their prices are shown in Table 3.2. Note that CPU, N/W, N/A refer to as “pro-
cessing time”, “network bandwidth”, “not available”, respectively. Cloud provider
J1 represents the private cloud [12] and the others represent the public clouds. The
private cloud J; is the data center belonging to the cloud consumer. This data center
houses only ten physical servers. We assume that each server offers 100% uptime
system availability i.e., 24 x 365 = 8,760 CPU-hours per year. Therefore, for the
whole data center, J; can offer 87,600 CPU-hours as the maximum processing time.
The other resource types in J; are assumed to be abundant to serve all VMs run
by the consumer. The total cost to utilize the servers in J; is only considered from
the annual energy cost. We assume that this annual cost is based on the average
energy cost taken by Dell PowerEdge M600 blade server as presented in [99]. That

is, the cost is calculated as 454.39/1,000 kilowatts (average power consumption per
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server?) x $0.0897 (electrical power cost per watt-hour) x 24 (hours per day) x 365
(days per year) ~ $357 per server per year. For only J;, this cost ($357) is considered
as the reservation cost to reserve a single VM, while the expending cost of process-
ing time and storage capacities are omitted. Only the cost of network bandwidth
is charged to $0.10 per GB per month of outbound data transfer. Furthermore, the

on-demand plan for provisioning resources is unavailable in Jj.

We assume that the public cloud providers (i.e., Jo, J3 and J4) can offer unlimited
capacity of all resource types. Resource price of provider Js is based on Amazon
EC2 (in February 2010), and the price of processing time is based on that of the
Small Instance type [18]. However, pricing in providers J3 and J4 is artificially and
reasonably defined. Cloud providers Jo and Js offer customers both reservation and
on-demand plans, while J4 has only on-demand option. Cloud providers Jo and Js
offer customers three different reservation contracts i.e., 3-month (3M), 6-month (6M),
and 1-Year (1Y) contracts. We assume that only the 1Y contract is available for
resource provisioning with two-stage recourse (i.e., l-year provisioning in advance).
Pricing of resource in the expending and on-demand phases is charged on the pay-per-
use model. The resource unit of processing time is CPU-hour, while one of storage
capacity and network bandwidth is GBs per month. For the network bandwidth,
only the outbound data transfer is charged, while the inbound one is free of charge
in every cloud provider. Table 3.2 summarizes the resource pricing of the different
cloud providers in this evaluation. Note that the prices in the reservation phase are
the prices per reserved single VM, while the prices in the expending and on-demand

phases are the unit prices of computational resource.

Two uncertain parameters are considered in the evaluation, i.e., resource prices and
demand per VM class as the number of required VMs. We assume that the price in
the on-demand phase of all resource types can be increased by 100%, with probability
0.1, from the price defined in Table 3.2. With probability 0.9, the price in the on-
demand phase remains unchanged. For the demand uncertainty, the actual number of
required VMs of VM class can vary from 1 to 50. We assume that the demand of one
VM class is the same as the other class. Three distributions of demand are considered
in the experiment, i.e., discrete normal distribution, discrete uniform distribution,

and distribution of test data. Means of both normal and uniform distributions are

2The power consumption of cooling system is omitted as it is the fixed cost of private cloud.
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Figure 3.5: Optimal solution of resource provisioning.

set to 25.50. The variance of normal distribution is set to 6, while the variance of
uniform distribution 2 is 208.25. The last distribution is synthesized from the test data
which is the logged data obtained from the Institute of High Performance Computing
(IHPC) in Singapore as presented in Appendix C. The probability distribution (with
mean = 21.64 and variance = 389.93) of the resource usage representing the number

of required VMs is derived as shown in C.2.

2. Study of cost structure — First, the cost structure to provision resources is studied.
To ease the illustration, this study considers only single VM class I; and single cloud
provider Jy. A simple simulation program is coded in MATLAB [100] to evaulate
the cost structure. The number of required VMs (i.e., demand) varies following the
aforementioned normal distribution. In Fig. 3.5, given different number of reserved
VMs, different costs are presented, i.e., cost in the first provisioning stage called (i.e.,
first stage cost which is the reservation cost), cost in the second stage (i.e., second stage
cost including the costs in the expending and on-demand phases), and total cost. As
expected, the first stage cost increases, as the number of reserved VMs increases.
However, the second stage cost decreases after the demand is realized, since the cloud
consumer needs smaller number of VMs provisioned with on-demand option. In this
case, the optimal number of reserved VMs can be determined to be 30 reserved VMs
as shown in Fig. 3.5 which is the point that the total cost is minimum. Clearly, even in
this small setting (i.e., one VM class and one cloud provider), the optimal solution is

not trivial to obtain due to the demand uncertainty. Therefore, the OVMP algorithm

3The variance of discrete uniform distribution of N elements is calculated by w

NTU - School of Computer Engineering



Chapter 3: Resource Provisioning on Consumers’ Side 46

300,000

—+Provisioning with reservation
250,000 | @ Provisioning without reservation

200,000

Effective

reservation
150,000+

L00,000r

Optim'jsolution
50,000

00 10 20 30 40 50

Number of required VMs (demand)

Figure 3.6: Comparison between total costs of resource provision with and without
reservation.

would be required to guarantee the minimum cost to the consumer.

In Fig. 3.5, given the optimal reservation of 30 VMs as shown, the comparison between
resource provisioning with and without reservation can be performed as illustrated in
Fig. 3.6. Without the reservation, the number of VMs is to dynamically provision re-
sources in the second stage by only provisioning the resources through the on-demand
option. Given different demands (i.e., realization of required number of VMs) from 1
to 50, the resource provisioning cost of the reservation option becomes cheaper than
that without reservation due to the discounted price of the reservation option for the
processing time. However, the cost of the reservation option may not always be the
cheapest. As shown in Fig. 3.6, the total cost of the resource provisioning without the
reservation is lower than that with the reservation until the demand is 15 in which the
effective reservation begins. This fact indicates that even if the solution is optimal,
it cannot guarantee the best solution for all realizations of the observed parameters
(e.g., observed fluctuated demand). Therefore, the effective way to tackle the uncer-
tainty is not to search for the best solution for every possible situation happening
in the future, but to obtain the solution which is able to minimize the tradeoff be-
tween advance reservation and on-demand provision while the uncertainty is taken

into account.

3. Provisioning in different provisioning phases — For the next experiments, all aforemen-

tioned parameters of the cloud computing environment are applied. The stochastic
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Figure 3.7: Costs in different provisioning phases.

programming model for the OVMP algorithm derived in (3.17)-(3.20) is implemented
and solved using GNU Linear Programming Kit [57].

Fig. 3.7 shows costs in the different provisioning phases under the defined normal
distribution. The oversubscribed cost is also shown. The optimal numbers of reserved
VMs for classes I; and Is obtained from the solved OVMP algorithm are 30 and 29,
respectively. Given the optimal solutions, if the actual demand of both VM classes is
one VM, the oversubscribed cost is highest. Since the 29 VMs of I; and 28 VMs of
I will not be utilized. Although this is the worst case, it happens with the smallest
probability. As compared to cases close to the mean (i.e., 25.50 or 26 VMs), the
probability is much higher. Although an on-demand cost starts increasing when 30
VMs of Iy are needed, the solution ensures that the cost is not too high. Another
worst case is when 50 VMs are required, that is, the on-demand cost is the highest.
Again, this case happens with the smallest probability. We can conclude that the
optimal solution of the OVMP algorithm ensures that the highest cost (i.e., higest

on-demand or highest oversubscribed cost) could be potentially avoided.

4. Impact of probability distributions — The stochastic effect of demand under different
probability distributions is investigated. In Table 3.3, the number of reserved VMs
provisioned in the first stage is presented. Note that N.R., R.C. E.C., O.C., and OS.C.

refer to as “the number of reserved VMs”, “reservation cost”, “ expending cost”, “on-
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Table 3.3: Number of reserved VMs and costs given different probability distributions.

. Expected costs
Distribution || N.R. R.C. B.C. 0.C. 0S.C. Total
Norm vA 56 || $16,173.50 | $236,495.21 | $7.033.96 | $1,528.60 | $260,602.67
Norm v6 59 || $16,706.00 | $233,807.69 | $11,427.56 | $2,361.33 | $261,941.25
Norm v8 62 || $17,338.50 | $231,800.24 | $14,200.54 | $3,220.51 | $263,429.28
Uniform 77 |1 $20,430.50 | $230,305.62 | $19,414.95 | $7,168.24 | $270,151.07
Test data 95 || $23,825.50 | $203,197.30 | $9,387.16 | $12,815.84 | $236,409.96

demand cost”, and “oversubscribed cost”, respectively. Note that OS.C. is the cost
of unused reserved VMs only. Also, the expected second stage costs incurred due to
different probability distributions are shown. The discrete probability distributions
investigated in this experiment include the normal distribution (Norm), the uniform
distribution (Uniform), the distribution from the test data. Furthermore, three vari-
ances of the normal distribution are considered, i.e., the variance values are set to 4

(Norm v4), 6 (Norm v6), and 8 (Norm v8).

In Table 3.3, we observe that the number of reserved VMs increases (i.e., the reser-
vation cost or R.C. increases) as the variance increases. Such a larger variance also
results in higher total cost. For the normal distribution, the larger variance increases
the probability of occurrence for the worst case (i.e., the case when either 1 VM or 50
VMs will be required). Consequently, Norm v8 incurs higher total cost and reserves
more VMs than those of Norm v4 and Norm v6. Again, the increment of the number
of reserved VMs can ensure that the on-demand cost can be significantly reduced.
Since the variance in the test data is the highest, the number of reserved VMs is the

largest.

5. Comparison with other resource provisioning algorithms — Next, a comparison be-
tween competitive resource provisioning algorithms is performed. The algorithms in-
clude the proposed OVMP algorithm presented in Algorithm 1, on-demand provision
(OND) in (B.6)-(B.8) (Appendix B), expected-value of uncertainty provision (EVU)
in (B.9)-(B.12) (Appendix B), maximum advance reservation provision (MaxRes) in
(B.13)-(B.15) (Appendix B). The EVU algorithm uses average values of uncertain
parameters (e.g., resource prices and demand). Then, the EVU algorithm with the
fixed average values can be solved by traditional deterministic programming. The
MaxRes algorithm reserves the maximum number of available VMs, while the OND
algorithm does not reserve any resources. Both MaxRes and OND algorithms also

apply traditional deterministic programming for allocating VMs to cloud providers.
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Table 3.4: Number of reserved VMs and average costs given different resource provisioning

algorithms.
. Average costs
Algorithm | N.R. R.C. EC. 0.C. 05.C. Total
OVMP 59 | $16,706.00 | $232,222.94 $11,044.30 $2,438.25 | $259,973.24
EVU 52 | $15,463.50 | $219,197.27 $25,785.50 $1,549.33 | $260,446.27
MaxRes 100 | $28,783.50 | $241,430.05 $0.00 | $13,684.96 | $270,213.55
OND 0 $0.00 $0.00 | $312,308.08 $0.00 | $312,308.08

All algorithms with the defined input parameters are coded and solved by the GNU
Linear Programming Kit [57]. The distributions mentioned in the parameter setting
decribe the scenarios of possible demand and price. The solution obtained from each
solved algorithm yields the number of reserved VMs (N.R.) and the allocation of VMs
to the providers. Then, a simulation program is coded in MATLAB [100] for evaluat-
ing the algorithms. The simulation contains a thousand iterations. In each iteration,
the random number is uniformly selected from interval [0, 1]. Next, a certain scenario
describing demand and price is generated according to the inverse transformation
method given the random number and cumulative probability distributions of sce-
narios. The provisioning costs incurred by purchasing the provisioning options given
by the solution of each algorithm are recorded. After finishing the last iteration, the
simulation calculates the average costs as presented in Table 3.4. The costs include
reservation cost (R.C.), expending cost (E.C.), on-demand cost (O.C.), oversubscribed

cost (OS.C.) and total cost. Note that OS.C. is the cost of unused reserved VMs only.

In Table 3.4, the proposed OVMP algorithm achieves the lowest total cost, while the
OND algorithm yields the highest total and on-demand costs. The OVMP algorithm
reserves 59 VMs (including both classes I; and Iz). Although the MaxRes algorithm
reserves 100 VMs (i.e., 50 VMs as the maximum number of required VMs reserved for
each VM) to entirely avoid the higher cost in the on-demand plan, the algorithm still
incurs much higher cost than that of the OVMP algorithm. Additionally, the MaxRes
algorithm incurs the highest oversubscribed cost (i.e., OS.C.), since the number of
reserved VMs is greater than the actual demand. The EVU algorithm incurs the
lower total cost than those of the MaxRes and OND algorithms. Although the over-
subscribed cost of the OVMP algorithm is higher than that of the EVU algorithm,
the on-demand cost of the OVMP algorithm is much lower. Again, it is possible

that the on-demand cost can increase due to the price uncertainty. As a result, the

diminution of the on-demand cost is more important. The result of this experiment
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Figure 3.8: Convergence of the upper and lower bounds by applying the Benders decompo-
sition algorithm.

shows the optimal balance obtained from the OVMP algorithm between the numbers

of provisioning resources to be acquired in the first and second provisioning stages.

6. Study of convergence of Benders decomposition — Finally, in Fig. 3.8, the evolution of
bound convergence for solving the OVMP algorithm with the Benders decomposition
algorithm (discussed in Section 3.3.4) is presented. To illustrate the working of the
algorithm, the small number of scenarios are considered. We assume that the demand
(i.e., the number of VMs) varies from 1 to 5 (i.e., set {1,2,3,4,5}) and probability of

the demand realization follows a normal distribution.

Fig. 3.8 shows the bound convergence of the lower and upper bounds. When the
Benders decomposition algorithm is executing at each iteration, the adjustment of
the lower and upper bounds is performed. At iteration v = 42, the bound con-
verges and the algorithm stops executing. The optimal solution obtained from the
decomposition is the same as one obtained by solving the OVMP algorithm without
the decomposition. We observe that the subproblems can be solved efficiently due
to their smaller number of variables. However, solving the master problem requires

substantial amount of time since more Benders cuts have to be added.
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3.4 Resource Provisioning with Robust Optimization

In this section, we present the resource provisioning algorithm based on the robust opti-
mization. With the robust optimization, the optimal solution obtained from the algorithm
can offer both solution- and model-robustness which is not addressed in the stochastic

programming.

3.4.1 Overview of Resource Provisioning with Robust Optimization

As presented in the previous sections, the resource provisioning algorithms based on stochas-
tic programming (SP) are applied to address the resource provisioning under the uncertain-
ties. However, the algorithms ignore moderate and high-risk decisions which are preferred
by risk averse decision makers. To address this issue, the robust optimization (RO) can
be applied to satisfy the decision makers’ preferences to tackle risks under the uncertain-
ties [29]. While SP considers only the first moment of probability distribution to describe
the uncertainty (i.e., an expected value), RO leverages higher moments (e.g., a variance).
With the higher moments, the optimal solution obtained from RO is less sensitive to the un-
certainties and the solution-robustness can be achieved. Furthermore, unlike SP, a penalty

function can be used to deal with constraint violations and increase the model-robustness.

In this section, a robust cloud resource provisioning (RCRP) algorithm is proposed to min-
imize the total resource provisioning cost, while the uncertainties (e.g., price and demand
uncertainties) are taken into account. The solution of the algorithm is obtained by formulat-
ing and solving a robust optimization model. Numerical studies are extensively performed
in which the results show that the obtained solution can achieve both solution- and model-
robustness. That is, the total resource provisioning cost is close to the optimality (i.e.,
solution robustness) and both on-demand and oversubscribed costs as the risks in resource

provisioning can be significantly decreased (i.e., model robustness).

3.4.2 General Form of Robust Optimization Model

The system model of cloud computing and assumption defined in Section 3.1 and Sec-

tion 3.3.1 are applied for deriving the robust optimization model. The stochastic program-
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ming model derived in (3.17)-(3.20) can be extended to the robust optimization model as

follows:

D DL A IS D DL LA (3.33)
Tij Ti5w g0 weN weN weD

subject to  (3.5),(3.11),(3.12), (3.18), (3.19), (3.20)

where £, represents the total resource provisioning cost in all provisioning phases given

scenario w, namely

= R) (R) | ~(e) () , (o) (o)
S = Z Z (Cij Tij" + Oy Tije T Cij wijw) - (3.34)
€L jeTJ

As shown in objective function (3.33), the model is considered a multi-criteria optimization
consisting of three terms. The first term (i.e., > .o 7o &) represents the expected total
resource provisioning cost which is the first moment of distribution of &,,. The second term
weighted by ~ forms higher moments of the distribution of £,. Based on the mean/variance
models [29], the variance of the distribution can be applied to o,. A value of weighting
constant 7 represents the cost of deviation from the mean. The last term weighted by (£
represents a feasibility penalty function p,. To deal with the uncertainties, this function is

used to penalize violations of constraints in (3.18)—(3.20) under some scenarios. With the
()

ijw

and x(o)) will be adjusted

penalty function, the variables with the uncertainties (i.e., i

to avoid the cost of the penalty defined by the weighting constant .

Function o, represents the variance of distribution of &,. A quadratic function can be

applied for function o, as follows:

2
Ow = (50.) - Z T’ 5w’> (335)

w'eN

The goal of penalty function p, with weight 8 in (3.33) is to avoid the undesired over-
provisioning and underprovisioning problems (i.e., the risks in resource provisioning). The

function can be formulated as follows:
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Pw = P+ P (3.36)
where Z Z Bmw ( SD” SL)
i€l jeJ
Z Z Bzyw z]w
i€l jeJ

Function p,, in (3.36) embraces two cost functions representing two different violation con-
R) _ .(e)

i — i, > 0) and underpro-

+
1jw

straints, i.e., pf and p,, to penalize overprovisioning (i.e., =

(0)

visioning (i.e. s Tijey > 0), respectively. Two types of penalty weights, i.e., or overpro-

vistoning weights and ﬁl;w or underprovisioning weights represent the penalty costs of pJ)

and 3.

to the reservation and on-demand costs, respectively. For ease of setting, let B+ =bte

should be proportional
®R)
Cij

and B, = b~ 9 where bt > 0 and b~ > 0 denote the coefficients of C’(R) and C©)

1w Jw? ijs?

and p,,, respectively. For our guideline, the values of

z]w ijw

respectively.

3.4.3 Solution and Model Robustness

The RO model integrates the goal programming, since v > 0 and 8 > 0 in objective function
(3.33) can vary to adjust the tradeoff between solution- and model-robustness. In terms of
RO, the obtained solution is solution-robust when it is almost optimal for any realization
w € Q. The solution is model-robust when it is almost feasible, that is, the violation of
constraints can almost be avoided for any realizations w € . In (3.33), the first and second
terms are formulated for the solution-robustness, whereas the last term is formulated for

the model-robustness.

A decision maker can seek a desirable balance of both robustness by varying the values of
v and (. For example, a decision maker can apply a larger value of v when the decision
maker prefers the solution-robustness which results less deviate from the optimality for
any realization. In contrast, the decision maker can set a larger value of 8 to achieve the
model-robustness which is to avoid underprovisioning and overprovisioning problems for
any realization. Note that if both v and g are set to be zero, the RO model becomes the
equivalent SP model [101].

NTU - School of Computer Engineering



Chapter 3: Resource Provisioning on Consumers’ Side 54

3.4.4 Robust Cloud Resource Provisioning Algorithm

In this part, the robust cloud resource provisioning (RCRP) algorithm is presented by im-
proving the robust optimization model derived in Section (3.4.2). In Section (3.4.2), the
disadvantage of quadratic function oy, in (3.35) results in higher computational complexity.
In particular, the optimization model in (3.33) can be considered a quadratic programming
model which requires more computational time to solve the model. To deal with the com-
plexity, the approach used in [102] can be applied, that is, non-negative variables 6,, are

added to the model to redefine function o, as follows:

0w = &o— Y M & +2 0, (3.37)

w'eN

0., in (3.37) is a linear function whose complexity is much less than that of (3.35). Additional

constraints to govern 6,, must be inserted to the model as follows:

fo— ) M & +05 >0, VweQ (3.38)
w'eN
., >0, Ywe (3.39)

In (3.37)—(3.39), 0., always generates a non-negative value by adjusting 6,,. It can be verified
that if & — > cq M & <0, then 0, = > cq T & — & and o, = 6,. Otherwise,
Hw =0 and Op = €w - Ew/EQ T é.w/.

Algorithm 2 Robust Cloud Resource Provisioning Algorithm
Input: ., Cyy, O, i), Doy Bir, Ajrus v, B, and 8,

g g ) Yijw?

Output: z*.
1. x* < solve model in (3.40).
2: Wait until the second provisioning stage occurs.
3: Observe scenario w.
4: Apply the recourse action for observed scenario w based on z*.

5. return z*.
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Table 3.5: Pricing of cloud providers for evaluating the RCRP algorithm.

. . Unit price in expending phase | Unit price in on-demand phase
Provider in Eeglgfvg‘ﬁgr}/ 1g/ﬁase CPIIJ) Storagz 1\% e‘i)work CPUp Storage Nei)work
J1 $357 $0 $0 $0.15 | N/A N/A N/A

Jo $227.50 $0.03 $0.10 $0.15 | $0.85 $0.10 $0.15

J3 $277.50 | $0.025 $0.05 $0.15 | $0.10 $0.05 $0.15

Ja N/A N/A N/A N/A | $0.02 $0.10 $0.15

The RCRP algorithm is shown in Algorithm 2 and the completed robust optimization model

for the RCRP algorithm is expressed as follows:

(R) Hg)n (0) Z Mo &+ Z Tw <§“’ o Z Pur Eur + 2 9w>
X X X

ij PijwTijw weN weN w'eN

# Xm0 (6 (o) ) + 85, 42 ) | 340

weN i€ jeJ
subject to  (3.5), (3.11), (3.12), (3.18), (3.19), (3.20), (3.38), (3.39)

3.4.5 Performance Evaluation

1. Parameter setting — The parameter setting for two VMs classes (i.e., I; and Iy) is the

same as defined in Table 3.1. The parameter setting for four cloud providers (i.e., J,
Ja, J3, and Jy) are defined in Table 3.5. We assume that the reservation option offered
by Ji, J2, and Jg is the 12-month subscription, while J4 does not offer the reservation
option. Three types of uncertainty used in the evaluation (i.e., demand, price, and
availability uncertainties) are defined as follows. Under the demand uncertainty, the
actual number of VMs required by VM class, i.e., I; and I, in the second provisioning
stage can vary. Let ng) = {4,8,12} and Dém) = {1,2,...,24} denote the sets
of possible numbers of VMs in the second stage required by VM classes I; and Io,
respectively. The probability distribution of each demand in D%ro) is set to 0.1, 0.2,
and 0.7, respectively, while the normal distribution (with mean = 12.50 and variance
= 2) is appied to Déro). Under the price uncertainty, we assume that the price in
the on-demand phase of all resources can increase by 100% from the price defined in
Table 3.5, with probability 0.4. Let P°) = {normal price, increasing price} denote

the set of possible prices in the second stage. We assume that the computing power

capacity offered by provider J4 can fluctuate. Let Alo) — {0,17520, 35040} denote the
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Figure 3.9: Tradeoff between solution- and model-robustness.

set of possible available CPU-hours offered by J4 in the second stage with respective
probabilities {0.2,0.3,0.5}. We assume that the occurrence of scenario in these three
types of uncertainty is independent of each other. Therefore, the set of multivariate

scenarios €2 can be expressed as the Cartesian product of all uncertainty sets as follows:

0 =D x DI x plro) . gro), (3.41)

Note that the total number of scenarios (i.e., |2|) is 432.

2. Tradeoff between solution- and model-robustness — The models of RCRP and other
compared algorithms are implemented and solved by GAMS/CPLEX [65]. The afore-
mentioned parameter setting and uncertainty sets are considered. A number of ex-

periments are performed to study the impact of various input parameters.

First, the tradeoff between solution- and model-robustness is investigated as follows.
The values of penalty weights used in the RCRP algorithm can adjust the tradeoff
between solution- and model-robustness. In this experiment, the coefficients of un-
derprovisioning weight (or f7~) and weight v are fixed to zero, while the coefficient of
overprovisioning weight (or 87) is varied from 0 to 50. In Fig. 3.9, the expected total
provisioning cost (on the left Y-axis) and oversubscribed cost (on the right Y-axis)
are shown. Again, when all weights are set to zero, the solution is identical to that

obtained from the stochastic programming (i.e., 37 = 0 in this case). We observe
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Figure 3.10: Tradeoff between overprovisioning and underprovisioning.

that the larger value of 87 decreases the oversubscribed cost but increases the total
provisioning cost. Since the overprovisioning weight is proportional to the reservation
cost, it directly increases the cost of violation in constraint (3.18). Thus, the solu-
tion will avoid the violation by decreasing the oversubscribed cost. Furthermore, we

observe that the solution converges when 87 is set to a large value.

3. Tradeoff between overprovisioning and underprovisioning — In this experiment, the
balance between overprovisioning and underprovisioning incurred in the RCRP algo-
rithm is shown in Fig. 3.10. We assume that the weights v and 8T are fixed to 0 and
1, respectively, while the weight 5~ is varied from 0 to 3. The expected on-demand
cost due to the underprovisioning violation and expected oversubscribed cost due to
the overprovisioning violation are plotted in Fig. 3.10. We observe that larger value
of B~ decreases the on-demand cost but increases the oversubscribed cost. Since the
underprovisioning weight is proportional to the price in the on-demand phase and
the overprovisioning weight is fixed, they can greatly reduce the on-demand cost with

larger value of f~. We also observe that the solution is quickly converged (e.g., when

p™=2).

4. Selection of appropriate solution — RO provides a flexible way for a cloud broker
(i.e., a decision maker) to select solutions to fit its goals by varying the weights. In

this experiment, we show an example to select a solution that meets a desirable goal.
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Figure 3.11: Standard deviation of total provisioning cost.

We define that all underprovisioning weights are always fixed to zero, since we allow
the RCRP algorithm to freely choose the on-demand plan from any cloud providers
without incurring any penalty. We assume that both values of 3% and v are varied

from 0 to 2. Then, we observe that the change in different costs.

Fig. 3.11 presents the standard deviation of total provisioning cost. Given the same
weight 31 > 0, we observe that the larger value of v can reduce the standard deviation.
Since ~ is comparable to a cost to penalize the deviation from mean, the RCRP
algorithm will reduce this deviation. However, given the same value of ~y, the larger
value of 3% can increase the standard deviation. Since the penalty weight of 31 has
the higher priority than « (i.e., the larger value of weight), the solution will reduce

the oversubscribed cost rather than the standard deviation.

Fig. 3.12 and Fig. 3.13 present the expected reservation and oversubscribed costs,
respectively. Clearly, both figures have the uniform patterns. That is, the larger
value of BT given the same 7 decreases the reservation and oversubscribed costs. In
other words, to reduce the oversubscribed cost, the RCRP algorithm reserves the
smaller amount of resource. In addition, given the same 3% > 0, the larger value of
~ causing the higher cost of the deviation results in more amount of resource to be

reserved.

Fig. 3.14 shows the expected on-demand cost. Given the same 8% > 0, the larger value
of ~v can decrease the on-demand cost which is contrary to the result in Fig. 3.13 in

which the oversubscribed cost increases. The tradeoff between oversubscribed and on-
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Figure 3.13: Expected oversubscribed cost.

demand costs could be also adjusted by ~; however, this tradeoff is more controllable

by adjusting either ST or 8~ (e.g., as shown in Fig. 3.10).

From the results shown in Fig. 3.9 to Fig. 3.14, the cloud broker can select an appro-
priate solution with 4T and v to meet a goal. This goal can be set by some acceptable
maximum (or minimum) costs or some conditions. For example, the first condition is
that the expected oversubscribed and on-demand costs must be less than $1,200 and
$1,000, respectively. The later condition is that the standard deviation from the RO
model must not be higher than that from SP. Clearly, the weights v = 1 and either

Bt =1 or T = 1.5 meet both conditions. In this experiment, both candidates of 5T
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have the same result. Consequently, the cloud broker can choose the solution with
~=1and 87 =1 as the solution to practically provision resources. We observe that
this solution efficiently remains both model- and solution-robustness. Fig. 3.15 shows
that the solution can greatly reduce both oversubscribed and on-demand costs (i.e.,
model-robustness), and the solution is also very close to the minimum expected total

provisioning cost (i.e., solution-robustness).

5. Comparison between resource provisioning algorithms — The comparison among RCRP
and other resource provisioning algorithms is performed. The compared algorithms

include optimal virtual machine placement (OVMP) presented in Algorithm 1, on-
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Table 3.6: Comparison among different resource provisioning algorithms.
i Expected costs ($)
Algorithms Reservation | Expending | On-demand | Oversubscribed STD Total
RCRP $7,501.50 | $98,783.71 $635.26 $1,061.87 | $14,440.65 | $106,920.47
OVMP $7,451.50 | $95,536.66 $3,001.51 $1,202.93 | $14,442.29 | $106,889.68
EVU $6,819.00 | $93,767.82 $7,804.67 $653.90 | $16,283.73 | $107,859.14
MaxRes $10,149.00 | $99,136.61 $0.00 $3,635.25 | $14,041.41 | $109,285.61
OND $0.00 $0.00 | $156,183.28 $0.00 | $59,515.69 | $156,183.28

demand provision (OND) in (B.6)-(B.8) (Appendix B), expected-value of uncertainty
provision (EVU) in (B.9)-(B.12) (Appendix B), and maximum reservation (MaxRes)
in (B.13)-(B.15) (Appendix B). RCRP applies the selected solution obtained from the
previous experiment. In Table 3.6, different expected costs and standard deviation
generated by these algorithms are presented. We observe that the OVMP algorithm
achieves the minimum expected total cost, while the OND algorithm yields the high-
est total cost due to the higher on-demand cost. Although MaxRes entirely avoids the
higher fluctuated on-demand cost, it incurs the highest oversubscribed cost. The EVU
algorithm can substantially gain the lowest oversubscribed cost; however, it produces
much higher on-demand cost than that of RCRP and OVMP. Since EVU simply pro-
visions resources to meet the average demand, it abandons the variation of uncertain

parameters.

In this comparison, although the OVMP algorithm gives the lowest total cost (i.e., the
most solution-robustness). However, the solution of the OVMP algorithm is sensitive
to the uncertainties, since the OVMP algorithm requires greater costs for the recourse
action in the second provisioning stage. Consequently, it incurs the higher oversub-
scribed cost and even much higher on-demand cost than that of the RCRP algorithm.
In contrast, the RCRP algorithm can achieve both solution- and model-robustness.
That is, the solution obtained from the RCRP algorithm is model-robust, since the
RCRP algorithm can greatly reduce the oversubscribed and on-demand costs. In ad-
dition, the solution obtained from the RCRP algorithm is solution-robust, since the
solution is very close to the lowest total cost incurred by the OVMP algorithm (only
~ 0.03% higher). Moreover, while the obtained solution of the OVMP algorithm is
already fixed, RCRP can be flexible controlled by the cloud broker.
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Figure 3.16: Difference between two- and multi-stage recourse models.

3.5 Resource Provisioning for Multiple Provisioning Stages

As discussed in Section 3.3, the stochastic programming model considers only two provi-
sioning stages. However, in several situations, we need to consider multiple provisioning
stages, especially for long-term planning. For example, a yearly plan may consist of 12
provisioning stages, that is, a stage represents respective month in the year. In particular,
a stochastic programming model with multi-stage recourse (SPM) can be formulated for
multiple provisioning stages. The SPM is different from the stochastic programming model
with two-stage recourse (SPT) as derived in (3.10)-(3.12). That is, the SPM can provision
additional reserved resources with different reservation contracts and on-demand options
for multiple stages, while the SPT can reserve resources with only one reservation contract
in the first stage and provision more resources in the second stage. For the SPM, each
provisioning stage has associated probability distributions describing the uncertainties. As
a result, the SPM has the fine-grained optimal solution for multiple provisioning stages, i.e.,

the solution is more accurate but less sensitive to the uncertainties.

Fig. 3.16 illustrates the difference between SPT and SPM through an example of yearly
resource provisioning plan. Fig. 3.16 (a) shows a solution of SPT. The SPT model considers

only 2 provisioning stages, i.e., T1 and Ts. First, a certain number of VMs are reserved in
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T; with a 1-year reservation contract. Then, the reserved VMs will be utilized within the
whole one year in Ts. In other words, To covers the whole one year time span. Additional
resources may be provisioned with the on-demand option in Tsy. In contrast, as shown in
Fig. 3.16 (b), the SPM considers 12 provisioning stages, i.e., from T; to T12. Each stage
represents a certain month. At each provisioning stage shown in Fig. 3.16 (b), SPM can
reserve more VMs. That is, a number of VMs are reserved with 1-year contract in T; and
with 3-month contract in T3 and Ty. For instance, the peak demand occurs with a very
high chance in the third, fourth, and tenth months (e.g., high season) and on-demand prices
can significantly increase with a high chance in the fifth, ninth, and tenth months. As a
result, the SPM reserves more VMs with the short-term contract in T3 and Tg to reduce

the expensive on-demand cost.

To derive an SPM, the SPT derived in (3.17)-(3.20) used by Algorithm 1 is extensively
enhanced. In fact, Algorithm 2 based on the robust optimization model can be applied to
derive an SPM as well. However, such an SPM based on the robust optimization model
is too complex to be solved due to the large number of parameters including weights (i.e.,
variance, underprovisioning, and overprovisioning weights) and scenarios in all provisioning
stages. Hence, we do not derive the SPM based on the robust optimization model in this

thesis.

3.5.1 System Model and Assumption for Multiple Provisioning Stages

Provisioning Stages

As mentioned in Section 3.1, a provisioning stage is a time epoch when the cloud broker
makes a decision for provisioning resources. The number of provisioning stages is based
on the number of planning epochs considered by the cloud broker, e.g., a yearly plan may
consist of twelve provisioning stages (i.e., twelve months). Let 7 € N; denote the set of all

provisioning stages where |T| > 2.

Every provisioning stage can have one or more provisioning phases. Fig. 3.17 illustrates
the relationship between provisioning phases and provisioning stages, where a yearly plan
with twelve provisioning stages (e.g., T = {T1,T2,...,T12}) is considered. Fig. 3.17 (a)

shows the example of all three provisioning phases existing in every stage. In contrast,
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Figure 3.17: Relationship between provisioning phases and provisioning stages.

Fig. 3.17 (b) shows that each provisioning stage may not consist of all three provisioning
phases. For example, the reservation phase is performed in T and the amount of resource
is reserved. From T;-Tj, the expending phase starts in some points of time when some
resources reserved in T; are utilized. Then, the on-demand phase starts in T3 due to
the insufficiency of the reserved resources so that some resources are provisioned with the

on-demand option. In T4, the reservation phase starts again.

Reservation Contracts

A cloud provider can offer the cloud consumer the reservation option through reservation
contracts. Each reservation contract states the advance reservation of resources with the
specific time duration of usage. Let I denote the set of all reservation contracts offered by
cloud providers. Let Lj denote the time duration (in unit of provisioning stages) specified
in reservation contract k € K. Let T denote the set of stages at which the cloud broker can
provision resources by contract k. Let T denote the set of provisioning stages at which the
resources reserved by contract k£ could be utilized at stage t € 7. Given the total number

of stages |T|, both T and Y, are expressed as follows:

Te = {1,...,|T|— L+ 1} (3.42)
Tie = {max(l, t—Lx+1),...,min(¢, |T|— Lx+1)}. (3.43)

In Fig. 3.18, the example of advance reservation for the yearly plan with 3-month (Kj)

and 6-month (K3) reservation contracts is presented (i.e., Lx, = 3 and Lk, = 6). The
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Figure 3.18: Example of advance reservations with 3-month (K;) and 6-month (Ky)
contracts.

boxes above the timeline represent the time coverage of some reserved contracts. As shown
in (3.42), Tk, = {T1,Te,...,Ti0o} and Tk, = {T1,To,...,T7} are the sets of stages at
which resources can be provisioned by K1 and K2, respectively. Contract K1 is subscribed
3 times (e.g., T7-Ty), while contract K2 is subscribed twice (e.g., T5-T19). Fig. 3.18 also
shows that some stages can be covered by two (or more) subscribed contracts e.g., T1-T3

are covered by contracts K1 and K2. In Fig. 3.18, any set Fj; in (3.43) can be obtained
e.g., Fi,1y = {T2, T3, Ta}, 1y, = {To, T10}, and F,r,, = {T7}.

Uncertain Parameters

The solution used by the cloud broker is obtained by solving a stochastic programming
model with multi-stage recourse [28]. Uncertain parameters described by scenarios (i.e.,
realizations) are taken by the cloud broker into account. Let €2 denote the set of all scenarios
in all provisioning stages and €2; denote the set of all scenarios in only provisioning stage t.

Q) is defined as the Cartesian product of all £; as follows:

Q=J]U=2xQx- xQ (3.44)
teT

There are three kinds of uncertain parameters as follows:

o Demand Uncertainty — A demand represents the number of VMs required in the
expending and on-demand phases of a certain VM class. Let D;z,, denote the possible
number of VMs required to execute VM class 4 in provisioning stage ¢ under scenario

Ww.

e Price Uncertainty — Resource prices fluctuate over time. Let CJ(Z)TW and C’](.Z)rtw denote
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the cost (e.g., one-time reservation fee) to reserve resources for a single VM and unit
price to utilize the reserved resources of type r € R at cloud provider j € J with
reservation contract k € K in provisioninng stage ¢t € 7 under scenario w € §. Let

Cj(gzw denote the unit price of on-demand option of resource type r offered by cloud

provider j in provisioning stage ¢ under scenario w. The total cost of all resource

types for reservation, expending, and on-demand phases (denoted by C’l.(;,ltw ngflitw,

and C’Z-(;t)w, respectively) can be defined as follows:

reR

s = D BirCli (3.46)
reR

Ci(]c')t)w = ZBiTC'L'(;tL' (3.47)
reR

Note that the cost to reserve resources in the first provisioning stage denoted by C’i(ﬁc)
is assumed to be a non-uncertain parameter. That is, the parameter does not vary

according to any scenario w € €.

o Awailability Uncertainty — Resources could be unavailable for some reasons, e.g., power
outage and system failure. Let Aj,.4, denote the amount of resource of type r which
is available in cloud provider j under scenario w and provisioning stage t. Thus,

Ajrt = 0 means that the resource is unavailable.

Scenario w € € can be described by a random vector denoted by &(w), namely

S(w) = (C'i(;])ctw7 Ci(;‘alltw, Ci(](')t)w7 Dz‘tu.n Ajrtw) .

3.5.2 Stochastic Programming Model with Multi-stage Recourse

In a generic form, a nested formulation of stochastic programming model with multi-stage
recourse for multiple provisioning stages can be derived by following the basic properties of

stochastic programming with multi-stage recourse [97] as follows:
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- ®R)
® 0 e o Z Z Z Cis

Tiik " Cijktw Lijhtw Tijtw i€ jeTJ kek
+Eq |2y, (ml,w) + Eq [ -+ Eq [QT (mTl,w)H] (3.48)
. R r . .
subject to: :rgjk) = xgjzctlw, VieZl,jeJ,kek (3.49)
2 €eNo, VieT,jeT kek (3.50)
:):Z(.;Ltw, EjitweNo, VieZ jeJ, kekK,teT,we (3.51)
2), eNg, VieI,jeJ teT,we. (3.52)

The objective function in (3.48) minimizes the total provisioning cost in multiple provision-

ing stages. To provision VM class i € Z at cloud provider j € J, variables x(P;) and :L'E j;ct »

denote the numbers of VMs reserved with reservation contract k € IC in the first stage and
t-th stage (i.e, t € T) under scenario w € €, respectively. A scenario represents a pos-
sible outcome of uncertain parameters which can be represented by a random vector, i.e.,

(w) = <Ci(;12:tw7 C’Z.(;,ztw, C’Z(;)tL, Do, Ajrtu,). In provisioning stage ¢ under scenario w, variable
(e)

xzyktw

denotes the number of VMs utilized in the expending phase for class i subscribed

with contract k from cloud provider j. In stage ¢t under scenario w, variable 29

itw denotes

the number of VMs provisioned in the on-demand phase for class ¢ from cloud provider j.

Z(]Z,tw and xz(]Rk) are equal for

Only the first stage, constraint (3.49) ensures that the values of x
each class ¢, provider j, and contract k. Constraints (3.50)-(3.52) ensures that all variables

take the values from the set of non-negative integers.

As shown in (3.48), Eq |2, (:El,w) + Eq [ + Eq [QT(le’w)H represents the ex-

pected value of provisioning cost incurred from the second stage (denoted by t2) to the
last stage (denoted by T'). Function 2, (mtfl,w) denotes the provisioning cost in stage ¢
given scenario w and composite variable containing variables in previous stage denoted by

Ty = (:cg.it,w, xz(;fllt,w,xgjt), ) t=t—1. 2 (xt,l,w) can be formulated as follows:
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S R D) 9 3 3L: e

ijktw Lijktw Vijtw Li€T jET kEK tET
) (o) ,.(0)
+ Z Z Z (Z Czjektw zjktw + C tw zgtw) ] (353)
€L jeTJ te€T \keK
; . (e) (r) . )
subject to: Tkt S Z Tigww VIELJET keEK (3.54)
€Y gy
D <Y (z s xg;gw) vier .59
JE€J \kek

S B (Z ) + x§;2w> < Ajpy, ViET,rER.  (3.56)

€L ke

Constraint in (3.54) ensures that the amount of resource utilized in the expending phase
does not exceed the number of reserved resources as stated in (3.43). Constraint in (3.55)
ensures that the provisioned VMs can meet the consumer’s demand for VM class 7 in stage
t under scenario w. Constraint in (3.56) states that the allocation of resources for VMs

must not exceed the maximum capacity of resource r offered by cloud provider j.

3.5.3 Deterministic Equivalent of Stochastic Programming Model with
Multiple Stage Recourse

When the probability distribution of 2 has finite support, the stochastic programming
model in (3.48)-(3.52) can be transformed into a deterministic equivalent model. That is,
Q) contains a finite number of scenarios. Each scenario w € €2 associates with a probability,

i.e., 0 <m, <1. The deterministic equivalent model can be derived as follows:
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(R) (1) mil(le) (o) Z Z Z Uk Wk + Z Z Z Z Z Tw zgrktw ijktw

Tijk Cijktw Tijktw Tijtw i€Z jeTJ kek 1€ jET keK teT, we
(e) .(e) (0) .0)
+ Z Z Z Z Tw (Z CZ]ktw ijktw + C]tw ijtw (357)
1€ jeJ teT wed ke

subject to:  (3.50), (3.51), (3.52)
r < Y A, VieLjeJ keKteT,weQ (3.58)

ijktw
'€ ks
9%(?13 = xﬁ}%hw, Viel,jeJ, keKwe (3.59)
Diy, < Z (Z xgj,ltw + ngt)w) , Viel,teT,weQ (3.60)
JET \kek
S B, (z o9, ¢ §j2w> < A Vi€ T ER.
i€ kek

teT,weld (3.61)

The deterministc equivalent model in (3.57)-(3.61) can be solved by optimization solver
sofware supporting integer programming. Then, an optimal cloud resource provisioning

(OCRP) algorithm is proposed as shown in Algorithm 3.

Algorithm 3 Optimal Cloud Resource Provisioning (OCRP) Algorithm
Input: T, 7, c® o ol o) Dty Ajrtw-

ijk ) Tijktw’ “igktw’ Tigtw?

Output: z*.
1: x* < solve model in (3.57)-(3.61).
2: fort=2to T do
3:  Wait until the ¢-th provisioning stage occurs.

4:  Observe scenario w in the t-th stage.

o

Apply the recourse action for observed scenario w based on x*.
6: end for

7: return z*.

(R) () _x(0) (o)

. . .
As presented in Algorithm 3, z* = <ngk s Tkt Tijetaws Tijiw

) denotes a composite variable

representing the optimal solution of the model in (3.57)-(3.61) solved by the optimization
#(R) x(r)  x(e) *(0)
ijk xijktw’ xijktw’ ijtw

®R) (1) (e) (0)

igk> xijktw’ xijktw’ ijtw”

solver software where x and x.,’ denote the optimal values for respective

variables z and z;
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3.5.4 Resource Provisioning with Sample-Average Approximation

When the number of scenarios is numerous, it will not be efficient to solve the OCRP al-
gorithm based on the deterministic equivalent model defined in (3.57)-(3.61). To address
this complexity issue, the sample-average approximation (SAA) is applied [39]. This SAA
selects a set of scenarios from the original scenario set (i.e., ), e.g., selected N scenarios
where N < |€2|. Then, these N scenarios can be used and solved in another similar deter-
ministic equivalent model. Thus, the model can be solved faster than the original model
due to the smaller size of input scenarios. Theoretically, the optimal solution obtained by

using the SAA approach can be achieved when N is sufficiently large which can be verified.

Sample-Average Approximation-based Optimization Model

As aforementioned, the SAA approach can produce an optimal solution when the number

of chosen scenarios (i.e., N) is sufficiently large which can be verified as follows:

First, a linear programming model based on the SAA approach is formulated as follows:

(R) (r) mH(le) (0) Z Z Z ijk 5JRIC) Z Z Z Z z]ktw zgktw

ik Pighto Tijhtw Tijt i€Z jeJ kek i€T jeJ keK teT,,
(0) .(0)
+ Z Z Z Tw (Z ljktw z]ktw + Czytw ijtw (362)
i€ jeJ teT kel

where Q<+« Qpy

subject to  (3.50), (3.51), (3.52), (3.58), (3.59), (3.60), (3.61)

where (2 denotes the set of chosen scenarios whose cardinality is N and Qy C €.

Then, let 2 and z3;, denote the values of optimal solutions of the original deterministic
equivalent model in (3.57)-(3.61) and the SAA model in (3.62), respectively. Although z}
becomes closer to z* when N is large, value of z} varies based on samples (i.e., selected
scenarios) in Qy. Thus, an estimate is required to determine the lower and upper bounds
of the optimal solution. In this case, z}; constitutes the upper bound of zf,, while the lower

bound of z¢ is formed by the unbiased estimator of the mean [39]. That is,
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zH < zZy (3.63)
Elzn] < 2z (3.64)

For properties in (3.63) and (3.64), a bounding method is required to achieve the estimates

of upper and lower bounds on z* with a certain confidence interval as presented as follows:

e Lower bound estimation — By applying a sampling technique, the expectation E[z}]
can be estimated by generating M batches of scenarios, each of size N denoted by
Wims - -, WN,m Where m € {1,...,M}. For each batch, the optimization in (3.62)
is solved. Let ZJ*V,m denote the solution of batch m. Next, the lower bound can be

obtained as follows:

M
Lny = Mszmm (3.65)

where Ly jr denotes an unbiased estimator of expectation E[z};| which forms the lower
bound of z§, as mentioned in (3.64). Based on the Central Limit Theorem, when M
batches are independent and identically distributed (i.i.d.), the distribution of lower
bound estimate converges to a normal distribution A (pur,02)* where pu = E[2%]

and 0?2 = Var[z}] denotes the sample variance of z%. That is,
VM (Ly s — E[2]) 2 A (ur,02), as M — oo (3.66)

where 2 represents the convergence of the distribution. Next, the sample variance
of z (i.e., 0%) can be approximated by the estimator denoted by s% (M) which is

defined as follows:

M
1 *
VI > (Zhm — L) (3.67)
=1

sp(M) =

4 ¥ (u,0?) denotes the normal distribution with mean p and variance o>.
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Finally, the (1 — «)—confidence interval of the SAA lower bound can be defined as

follows:

Lo — Za/2 sp(M) Ly a2 sp(M)
’ vM T VM

where z, satisfies Prob{.#/(0,1) < z,} = 1 —a. Note that the value z,/, from

(3.68)

the normal distribution can be replaced by critical value ¢ /3 p7—1 from the Student’s

t-distribution if M is small.

e Upper bound estimation — As mentioned in (3.63), 23, constitutes the upper bound of
z&,. Given solution x}; obtained from the model in (3.62), the upper bound can be
estimated with the unbiased estimator of z5, by sampling M batches of scenarios, each
of size N denoted by Wi, - W g where m € {1,..., M} Since x7y is already fixed
to the SAA model in (3.62), the model can be later divided into N independent linear
programming subproblems. Thus, each subproblem can be solved independently and
in parallel. After all subproblems are solved, each subproblem generates the solution

denoted by zg . (77). Then, the upper bound is estimated as follows:

i
Ug i Z 25 () (3.69)

where Uy r(27}) denotes an unbiased estimator of the upper bound given fixed so-
lution z};. The distribution of SAA upper bound estimate converges to a normal

distribution A (py, o (2})) when M is large as follows:

VM (Ug i (a) = z(@s)) 2 A (n, o (@), as M — oo (3.70)

where puy = Elzg(2%)] and o (z}) = Var[zg(z})] which can be approximated by

the variance estimator denoted by s%](M , ) as follows:

SQU(Mv xN

M 2
> ( 25w (TN) — UN,M(JU*N)) : (3.71)

m=1

M 1
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Finally, the (1 —«)—confidence interval of the SAA upper bound can be obtained from

Ra)2 SU(M7'%.}<V) * Ra2 SU(va?V)

Uy a1(2n) = T Ug xr(*n) Vi

(3.72)

Based on the above verification, the optimal solution of SSA can be estimated by executing

Algorithm 4.

Algorithm 4 Sampling-Average Approximation
Input: SAA model, N, M, N, M, x7, and (1 — o)—confidence interval.

Zas2 sL(M) % 2oz su(Mzy)
Output: Ly + % and Ug y(z}) £ W

1: for m=1to M do

2:  Qn < choose N scenarios based on sampling technique.

3z, < solve the SAA model given Qy.

4: end for
1 M
5: LN,M < M Z Z]*V,m‘
m=1
1 M
6: S%(M) — M—1 Z(Z;:V,m - LN,M)Q'
m=1
7: Compute [LN,M - %\/%(M), Ly + %\/%(M) :

8: for m=1to M do
9: Qg < choose N scenarios using on sampling technique.

10: 2% _(2}) « the SAA model given 3, and Q.

N,
11: end for
1 M
12: UN,M($7V) — = Z z]{/’m(xy]‘\f)'
=1
- 1 2
13: 53, (M,xY) + — Z (sz(x*N) - Uy ~(l“7v)> :
M—1 m=1 ’ ’
14: Compute |Ug v (2}y) T Ui r(an) + i .

15: return Ly £+ %\/%(M) and Uy y(z}y) +

As shown in Algorithm 4, the SAA model is an input of the algorithm. To solve the OCRP
with the SAA approach, the SAA model in (3.62) is given to Algorithm 4. Note that, in
line 3 of Algorithm 4, a solution obtained from the lower bound estimation (i.e., z}"vm) of

large N can be applied to the fixed solution z7;.

NTU - School of Computer Engineering



Chapter 3: Resource Provisioning on Consumers’ Side 74

Algorithm 5 Finding Optimal Solution of Sampling-Average Approximation

Input: C, SAA model, N/, M, N, M, x}, and (1 — a)—confidence interval.
Za/2 SL(M)
VM

* Za/ SU(va*)
s and UN,M(:UN) + #

Output: 2%, Ly vy £
1: repeat
2: N « take the next value in NV.
3. execute Algorithm 4 given SAA model, N, M, N, M, x’y, and (1 — o)—confidence
interval.
4: until (identical solutions in the lower bound estimation are found within C' consecutive
batches of the same size) or (all values in NV are considered).

2 sp(M)

N Za Za)o S M ,z*
5 return I3, Ly oy £ /T and Uy y(2}y) £ Zaj2 suMTy)

Vi

As aforementioned, the optimal solution of the SAA approach can be achieved when the
number of selected N scenarios are sufficiently large. In this experiment, we assume that
the optimal solution of the SAA can be found when identical solutions in the lower bound
estimation are found within C consecutive batches of the same size where C' < M. There-
fore, Algorithm 4 needs to be iteratively executed until such identical solutions are found.
In each iteration, the value of N increases. Practically, the larger N increases the chance

that the solutions under the same batch size will converge.

Algorithm 5 shows the steps to find the optimal solution of the SAA approach. N denotes
the list of values of N and the values are sorted in ascending order. In the end of each
iteration of performing Algorithm 4, the optimal solution is checked as shown in line 4,
that is, the identical solution are found or all values in N are considered. Note that a7
(in Algorithm 5) denotes the optimal solution of the SAA approach which is found in the
batch size N.
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Sampling Techniques

Algorithm 6 Algorithm of Monte Carlo Sampling Technique
Input: N, .7 (w).

Output: Q.

1: QN<—®
2: fori=1to N do

3 p<+[0,1].
4: W 971(]9).
5: QN%QNU{M/}.

6: end for

7: return Q.

As aforementioned, a sampling technique is applied to generate batches of scenarios. That
is, each generated batch consists of N scenarios (i.e., Q). Monte Carlo [103] and Latin
Hypercube [104] techniques, for example, are simple and efficient sampling techniques. Both
techniques require the cumulative distribution function of Q2 denoted by .% (w). As presented
in Algorithm 6, to generate a sampling batch by using the Monte Carlo technique, a random
number p is uniformly chosen from interval [0, 1]. Then, a scenario w’ is obtained from the
inverse function of .#(w), i.e., w' + .F !(p). The same process is repeated until the N

scenarios are chosen.

Algorithm 7 Algorithm of Latin Hypercube Technique
Input: N, .7 (w).

Output: Q.

1: Qn <0

2: fori=1to N do
33 p<«[0,1].

v pe P,

5 W« FYp).

6: Qn+ QvuU{u}.
7: end for

8 return Q.

As presented in Algorithm 7, to generate a sampling batch using the Latin Hypercube
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technique, the cumulative distribution of 2 is divided into N equiprobable intervals. A
random number p is uniformly selected from each divided interval of .# (w). After N random

numbers are chosen, the N scenarios are obtained from .% ~1(p) for each p.

3.5.5 Numerical Study

e Parameter Setting — The SAA model in (3.62) is implemented and solved using GNU
Linear Programming Kit [57] for the OCRP algorithm. Then, Algorithm 4 estimates
the lower and upper bounds of the optimal solution. The parameter setting defined
in Section 3.3.5 is also used in this evaluation. However, only provider Jo and Js3 are
considered. Twelve months in a year are divided into twelve decision stages. We as-
sume that the resource price is fixed (i.e., without uncertainty) and the demand varies
within set {10, 20, 30,40, 50} (i.e., 52 = 244, 140, 625 scenarios for the twelve stages).
For sampling data, four sample sizes are determined, namely N' = {200, 500, 600, 750}.
Then, the Monte Carlo sampling technique (in Algorithm 6) generates demand real-
izations for five batches per each size i.e., M = 5. The lower bound estimate of
each sample size is calculated by solving five SAA problems with respective batches.
Practically, the optimal solution based on the SAA model can be found by solving
optimization problems in the lower bound estimation. When the number of solutions
of the problems with the same size is identical, it could be assumed to be the optimal
solution. In this experiment, we assume that the optimal solution can be achieved
when the same solutions in the lower bound estimation of the same size are found
within the 5 consecutive batches of the same size. For the upper bound estimate, the
solution obtained from the lower bound SAA problem with size 750 is fixed to another
new SAA problem whose sample size is 750 i.e., N = 750. Ten batches are sampled
with the Monte Carlo sampling technique (i.e., M = 10) and solved in the new SAA
problem. Finally, the solutions obtained from the ten batches can be calculated to

obtain the upper bound.

e Numerical Study of sample-average approximation — In Table 3.7, the estimates of
SAA lower and upper bounds are presented. The optimal solution is found in the
sample size of 750. From this optimal solution, advance reservations with only the
6-month reservation contract are used in only T; and T7. That is, 10 VMs will be

reserved from provider Jo in stages T1 and T7 each and 30 VMs will be reserved from
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Table 3.7: Estimation of lower and upper bounds of provisioning costs in the twelve provi-
sioning stage problem.

Sample size Lower bound Upper bound
308,127.28 + 664.16
308,532.91 £ 706.13
307,867.89 + 848.34
308,754.77 4+ 1,054.02
308,343.21 £ 691.58
309,279.03 £ 718.57
308,692.47 + 846.25
307,604.94 + 798.90
308,813.45 4+ 1,128.59
308,376.38 £ 863.05
308,319.20 £ 435.36
308,637.95 £+ 994.99
307,997.97 4+ 1,602.84
307,754.95 £ 677.16
308,654.15 £ 776.73
308,847.21 4+ 1,281.17
308,780.37 & 1,038.88
308,147.03 4+ 1,183.10
308,699.35 4+ 742.89
308,454.52 + 852.28

200 $306,878.48 + 2,385.37

500 $308,503.54 + 1,227.10

600 $308,860.94 £+ 601.41

750 $307,843.31 £ 813.70

$
$
$
$
$
$
$
$
$
$
$
$
$
$
$
$
$
$
$
$

provider Js in stages T and T7 each. It can be concluded that 40 reserved VMs are
only needed in stages T; and T7 each. This solution can avoid the higher on-demand
cost, since only 10 more VMs could be provisioned with the on-demand option in any

provisioning stages to meet the peek demand (i.e., 50 VMs are required).

3.6 Conclusion

In this chapter, we have proposed the resource provisioning algorithms for a cloud consumer.
The first algorithm has been proposed based on the stochastic programming with two-stage
recourse for provisioning resources under two provisioning stages (i.e., current and future
time epochs). The algorithm can obtain the resource provisioning solution for the current
time epoch and generate a set of solutions for provisioning resources in the future time
epoch. Next, the algorithm has been improved by the robust optimization so that the
solution of the algorithm will be less sensitive to the uncertainties. Then, the algorithm
for two provisioning stages has been improved by the stochastic programming with multi-
stage recourse. Similarly, this improved algorithm can obtain the resource provisioning
solution for the current time epoch. In addition, the algorithm can generate a set of resource

provisioning solutions for multiple future time epochs. The sampling-average approximation
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and Benders decomposition methods have been also applied to the proposed algorithms for
addressing the computational complexity. We have performed the numerical studies and
simultion. The results show that the algorithms can minimize the total provisioning cost
under the uncertainties. In the next chapter, we have applied the algorithms to Amazon

Elastic Compute Cloud (EC2) as a case study.
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Chapter 4

Case Study: Server Provisioning in

Amazon Elastic Compute Cloud

In this chapter, we demonstrate how the stochastic programming and robust optimiza-
tion models proposed in Section 3.3 and Section 3.4 can be applied to Amazon Elastic
Compute Cloud (EC2) [18], a widely used commercial TaaS-service, as a case study. EC2
provides three different provisioning options, namely reservation, on-demand, and spot op-
tions. Generally, both on-demand and spot options are suitable for short-term provisioning.
In contrast, the reservation option is for long-term provisioning (e.g., 1 year or 3 years). We

propose two algorithms for both long-term and short-term resource provisioning in EC2.

This chapter is organized as follows. First, we introduce how a virtual server can be pro-
visioned from KEC2 in Section 4.1. We present the system model and assumption of the
proposed algorithms in Section 4.2. Then, the proposed algorithms are discussed in Sec-
tion 4.3. Next, the numerical studies are presented in Section 4.4. Finally, the conclusion

is stated in Section 4.5.
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4.1 Overview of Server Provisioning in Amazon Elastic Com-

pute Cloud

Amazon EC2 provides a cloud computing service by renting out computational resources
(e.g., CPU, storage, and network bandwidth) to customers [3,18]. Amazon EC2 leverages
virtualization technologies in which customers’ FC2 instances (i.e., virtual servers) can
be provisioned in datacenters operated by Amazon. When the provisioned servers utilize

resources, Amazon charges the customers by the usage cost on a pay-per-use basis.

To provision EC2 instances, Amazon offers three purchasing options (i.e., provisioning op-
tions), namely on-demand, reservation, and spot options [18]. With the on-demand option,
EC2 instances can be dynamically provisioned by a customer anytime without a commit-
ment. In contrast, with the reservation option, EC2 instances need to be subscribed with
1- or 3-year contract. The customer pays a one-time fee for the contract. When the EC2
instances are run, the discounted usage price is charged additionally. With the spot option,
the customer has to submit the request for EC2 instances (i.e., spot instances). This re-
quest includes a bid price which is the customer’s maximum affordable cost to execute the
requested EC2 instances. Then, Amazon sets an offer price or spot price, i.e., the actual
resource usage price of the spot option. This spot price is often varied by Amazon based on
supply-and-demand of available resources in EC2. Only the customers whose bid prices are
higher than the latest spot price can run their spot instances. Every running spot instance

is charged with the same spot price regardless of the bid price.
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Figure 4.1: Discrete probability distribution of spot prices of Linux/UNIX ¢1.micro in
Northern Virginia region (recorded in October 2010).

While on-demand and reservation options from EC2 offer fixed prices and reliable services,
they are considerably more expensive than the spot option. Although the reservation op-
tion offers the discounted usage price, this option could result in the overprovisioning and
underprovisioning problems due to the demand uncertainty. The overprovisioning problem
causes the oversubscribed cost when the number of reserved instances is greater than the
actual demand. The oversubscribed cost is due to the non-refundable one-time fee paid
by customers to Amazon. In contrast, the underprovisioning problem causes on-demand
cost to provision more instances with on-demand option when the reserved instances cannot

meet the actual demand.

In this chapter, we address optimal virtual server provisioning under uncertainties of spot
price and demand. The objective is to minimize the total provisioning cost while meeting
customer’s demand. In particular, virtual server provisioning algorithms are proposed to
obtain the optimal solutions for purchasing the on-demand, reservation, and spot options.
We develop two algorithms for long- and short-term provisioning, i.e., long- and short-
term provisioning algorithms. Stochastic programming [28], robust optimization [29] and
sample-average approximation (SAA) [39] are applied to obtain optimal solutions of the
algorithms. Monte Carlo [103] and Latin Hypercube [104] sampling techniques are applied
to obtain the SAA solution. To evaluate the performance of the proposed algorithms, we
perform numerical studies extensively. Furthermore, the real historical spot prices collected

from Amazon EC2 and computational resource usage obtained from the High Performance
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Computing Centre at the Nanyang Technological University are used in the evaluation. The
results show that the proposed algorithms significantly reduce the total provisioning cost

under the price and demand uncertainties.

4.2 System Model and Assumption of Amazon EC2

Regions and Zones

Amazon organizes datacenters for hosting servers in 5 major geographical locations or re-

L namely Northern Virginia, Northern California, Ireland, Singapore, and Tokyo.

gions
Prices of resources may vary in regions. Each region also comprises multiple locations
called availability zones. Failures occurring in an availability zone are isolated from others.
Prices of data transfer among zones in the same region are cheaper than that of distinct

regions. We assume that the cost of all data transfers is also assumed to be neglected.

EC2 Instances

Amazon offers 11 instance types (i.e., types of virtual servers). However, some instance types
are not currently available in all regions. Each instance type features different hardware
specification. For example, instance type m1.small comes with 1.7 gigabytes (GB) of main
memory, 1 virtual CPU core (vCPU), and 160 GB of temporary storage. Instance type
m1.zlarge comes with 7 GB of main memory, 8 vCPUs, and 1,690 GB of temporary storage.
To provision an EC2 instance, an operating system (e.g., Linux/UNIX and Windows) must
be chosen for the instance. The cost of the Windows instance is more expensive. Let Z

denote the set of instance types in a certain region bundled with an operating system.

Based on the three purchasing options (i.e., on-demand, reservation, and spot options),
each instance type can be classified into three subtypes, i.e., on-demand, reserved, and spot
instances. Amazon limits the maximum number of active EC2 instances for a customer to
be 20 on-demand or reserved instances or 100 spot instances. However, the customer can

request more EC2 instances than the limit. We assume that the maximum number of active

!The information for Amazon EC2 stated in this chapter was gathered from [18] and last updated on
March 3, 2011.
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EC2 instances is unbounded.

Purchasing Options

The reservation, on-demand, and spot options are considered in the algorithms. Since
on-demand instances can be flexibly provisioned with on-demand option at anytime, we
assume that the option is automatically applied when the running provisioned instances
are deficient to meet the fluctuating demand. For instance type ¢, the price of on-demand
instance (i.e., on-demand price) is denoted by C’i(o). With reservation option, we assume
that either 1- or 3-year contract is initially selected to reserve EC2 instances (i.e., reserved
instances). For instance type 4, the one-time fee denoted by C’i(R) is charged to subscribe the

selected contract. Parameter Ci(e) is the discounted usage price (i.e., expending price) to

run the reserved instances. With spot option, the price for instance type i denoted by Cl-(f))

(i.e., spot price) is charged to provision spot instances. This spot price fluctuates according

to demand-and-supply in Amazon EC2.

Spot Instances

With spot option, the number of spot instances and their bid price need to be set and
submitted to Amazon EC2 by the customer. A submitted bid price set by the customer
is called spot request. To guarantee the availability of spot instances, the bid price must
be higher than the latest spot price (i.e., C’i(f))). The bid submitted by the customer will
be determined by Amazon to be either success bid or fail bid. With success bid, the EC2
instances will be able to execute in Amazon EC2. In any point in time, a running spot
instance can be terminated by Amazon EC2 when the associated bid price of this spot
instance is lower than the spot price (i.e., fail bid). Nevertheless, we assume that the
checkpointing mechanism is employed to record the current state of applications running
on spot instances [96]. Therefore, whenever the spot instances are terminated by EC2,
on-demand or reserved instances will be created. Then, the applications with checkpointed
state recorded from terminated spot instances will be resumed on the new on-demand or

reserved instances.
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Additional Products

We assume that the costs of additional products and services associated with instances (e.g.,
Amazon Simple Storage Service, Amazon Elastic Block Store, licensed software, etc) are

not considered.

Long-term and Short-term Provisioning Plans

The proposed algorithms named long-term provisioning algorithm and short-term provi-
sioning algorithm are developed to obtain optimal solutions for long- and short-term plans,
respectively. The on-demand option is considered by both algorithms. The long-term pro-
visioning algorithm provisions EC2 instances for being utilized in a long time period, i.e.,
one year or three years. Thus, the reservation option is exclusively considered by the long-
term provisioning algorithm to obtain the optimal number of reserved instances. On the
other hand, the short-term provisioning algorithm provisions EC2 instances for being used
in short time periods, e.g., several minutes to few hours. Since the spot price could reduce
the total provisioning cost in short periods, the spot option is exclusively considered by the
short-term provisioning algorithm to obtain the optimal number of bid server-hours (i.e.,
optimal number of requesting spot instances). Note that server-hour is a unit of measure-
ment of running an EC2 instance for one hour.? The number of server-hours can be later

converted to the number of instances.

Long-term plan duration

A
4 N\
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L UL L Time

s R >

T T 1 Time

S 8§ §S § S
——

Short-term plan duration

Figure 4.2: Relationship between long-term plan (L) and short-term plan (S).

2The measurement unit of “server-hour” is similar to the concept of “man-hour” in management science.
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Fig. 4.2 illustrates the relationship between long- and short-term plans. The long-term plan
is determined by the long-term provisioning algorithm by subscribing reserved instances for
the long-term usage (e.g., one year). However, the reserved instances may not be sufficient
to accommodate the fluctuating demand. Hence, the on-demand and spot options need to
be considered. As shown in Fig. 4.2, inside the long-term plan, multiple short-term plans
are determined by the short-term provisioning algorithm to obtain the optimal number of
new spot instances. Since the price and availability of spot instances cannot be guaranteed,
the short-term plans are periodically performed. In addition, the duration of the plans is
short (e.g., hours). Moreover, when the running spot instances are more expensive than
that of on-demand instances or the running spot instances are terminated by EC2, new
on-demand instances can be created to replace the spot instances. In practice, the long-
term provisioning algorithm must be executed to achieve the optimal number of reserved
instances before executing short-term provisioning plans. The number of reserved instances
obtained from the long-term plan will be used as a parameter in the short-term provisioning

plans.

Applications and Instance Pool

An EC2 instance is provisioned for a certain application. Let A denote the set of applica-
tions. All provisioned EC2 instances are collected into the instance pool where applications
can be partitioned and assigned to the EC2 instances from this pool. Each application re-
quires the sufficient number of server-hours to finish its workload processing. The number
of required server-hours is referred to as demand denoted by D, i.e., the demand of appli-
cation a. We assume that multiple instances can be grouped together to offer the sufficient
server-hours to the same application. Multiple instances in the same group can also run
in a parallel fashion to speedup the application. We assume that each EC2 instance is ex-
clusively assigned to a certain application. Load balancing mechanism, distributed system
middleware, and job scheduler are assumed to be available to manage the group of EC2

instances.
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Performance Factor

The number of required server-hours of application a (i.e., Dy, ) is based on the total
execution time spending to execute in a certain server called base server. The base server
has to be benchmarked with a suitable performance metric to determine the computational
performance [105]. Let B, denote the performance measured on the base server, and E;
denote the performance measured on instance type i of Amazon EC2. The performance

factor is a ratio defined as follows:

1

i = 1B, /B

(4.1)

where [-] denotes the ceiling function.

Uncertainty

Optimal solutions of the proposed algorithms are obtained by solving stochastic program-
ming models [28]. The models take the uncertainty of parameters into account. The uncer-
tain parameter is described by scenarios, and there is a probability distribution associated
with the uncertain parameter. Three uncertain parameters are considered, namely de-
mand, spot price, and bid outcome. The set of scenarios for demand uncertainty denoted
by Q([ldemand] contains the possible numbers of server-hours required by application a. The
set of scenarios for spot price uncertainty denoted by Qgprice] consists of the possible spot
prices of instance type ¢. Given a certain bid price, the set of scenarios for bid outcome is

denoted by

ngmcome] = {0, 1} where values 0 and 1 represent the failure and success bids,

respectively. We assume that the probability distribution of each scenario set has finite
support. For instance, QEprice] has a finite number of scenarios. Each scenario associates

with probability 0 < #/, < 1. Note that T = 1. The uncertain parameters

W' GQEprice]

are assumed to be independent of each other.

The set of all possible scenarios denoted by €2 can be obtained through the Cartesian product

as follows:
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O = H Q([ldemand} % H Qgprice] % H ngutcome]. (42)
acA 1€ 1€T

Next, scenario w € 2 can be described by a random vector denoted by {(w), namely

f(w) = <Daw7 Cz'(fz)v Nz‘w) .

In practice, the long-term provisioning plan considers only the uncertain parameter of the
demand, i.e., diemand]. This parameter with its probability distribution can be obtained by
analyzing historical information of demand in past several months to years. In contrast, the
short-term provisioning plan considers every uncertain parameter. However, the information
about demand, spot prices, bid outcomes should be periodically analyzed to obtain all
uncertain parameters with their up-to-date probability distributions due to their frequent
fluctuation. For our guideline, the uncertain parameters for the short-term plan should
be updated by analyzing the lastest 10 days of historical information. Such a duration of
updating historical information was also applied in [96] to generate a probability distribution
of resource availability based on the latest 10 days of price history. The frequency to
perform the short-term plan can vary. We provide a discussion regarding such a frequency

in Section 4.4.2-4.

4.3 Long-term and Short-term Provisioning Algorithms

The long- and short-term provisioning algorithms are proposed to optimally purchase the
provisioning options for long- and short-term planning, respectively. Optimal solutions
of the algorithms are obtained by formulating and solving stochastic programming (SP)
models [28]. Each model consists of first- and second-stage decision variables, i.e., here-
and-now and wait-and-see decisions, respectively. The here-and-now decisions have to be
made before the value of uncertain parameter (i.e., w € Q) will be observed. In contrast,
the wait-and-see decisions will be made based on the observed value of uncertain parameter.
The stochastic programming formulations can be transformed into deterministic equivalent
models which are conveniently solved by linear optimization solver software, e.g., GNU
Linear Programming Kit (GLPK) [57], solvers supported by General Algebraic Modeling
System (GAMS) [65], and solvers provided in the NEOS Server[66].
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4.3.1 Long-term Provisioning Algorithm

The deterministic equivalent model of long-term provisioning algorithm is derived by follow-

ing the basic properties of stochastic programming with two-stage recourse [97] as follows:

<R) (el)n (o) Z Z C (R) + Z Z Z ( A azw + C(O) EL?BU) (4'3)

Tai TaiwTaiw ac€A i€l 1€L a€Awe
subject to: x((leu)d <L a:(R), Vac AjieZ,wel) (4.4)
Daw = > dai (2l +20)), VaeAweq (4.5)
€L
xfj? €Ny, VacAiel (4.6)
29 29 >0 VaeAicTweq (4.7)

The objective function in (4.3) minimizes the expected total provisioning cost. The model

R)

consists of three decision variables as follows. Variable T,

(e) (0)

decision. Variables z; i

o)

represents the here-and-now
and T, represent the wait-and-see decisions. Specifically, variable
denotes the number of reserved instances subscribed in the first provisioning stage.

(e

Variable T, .) denotes the number of utilized server-hours taken from the reserved instances,

(o) -

while x; ijew 18 the number of server-hours to be provisioned with on-demand option. For long-

[demand] .

term planning, set {2 contains only Qg in which the probability distribution of demand

is determined from the historical data.

Constraint (4.4) ensures that the number of utilized reserved server-hours must not exceed
the total number of reserved hours. Constant L denotes the time duration of the availability
of reserved instances associated with the signed contract, i.e., L = 8,760 hours for 1-year
contract and L = 26, 280 hours for 3-year contract. Constraint (4.5) governs the number of
provisioned server-hours which needs to meet the demand under scenario w. Performance
factor Ay defined in (4.1) is applied to scale the performance of instance types to that of
demand which is determined from the base server. Constraints (4.6) and (4.7) indicate that
the variables take the values from the sets of non-negative integers and non-negative real

numbers, respectively.

The optimization model in (4.3)-(4.7) mainly employs the reservation option for the here-
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R)

and-now decision (i.e., z;;”), since this option has the fixed discounted price (i.e., C’l-(e)) and

guarantees the availability of reserved instances for a certain time duration.

The solution obtained from the long-term provisioning algorithm (i.e., value of xglj)) can
be employed to the short-term provisioning algorithm as the utilizable number of reserved

server-hours with instance type 4 provisioned for application a denoted by R,; follows:

Ry = LW, (4.8)

at

The optimization model defined in (4.3)-(4.7) can be extended into a robust optimization
(RO) model [29]. As discussed in Section 3.4, the term “robust” means that the solution
is less sensitive to any occurrence of uncertainty. When the solution is close to the optimal
solution, the solution is solution-robust. In addition, the RO model introduces penalty
functions to penalize undesirable costs for each scenario w. The solution that almost avoids
the undesirable costs is model-robust. To achieve both solution- and model-robustness in

the long-term plan, the RO model is formulated as follows:

0 Dbl Y Mol + B maplS (4.9)
ij FijwrtijwYw we we we
subject to: (4.4) — (4.7)
§o— Y M & +0,>0, YweQ (4.10)
w'e)
0, >0, YweQ (4.11)

where &(f}ro) denotes the total provisioning cost given scenario w defined as follows:
€ = YT O ) 4 OO, (12
acA i€l

In (4.9), 6, is an additional slack variable introduced to avoid a quadratic function as

aforementioned in Section 3.4.4. As a result, constraints (4.10) and (4.11) need to be
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inserted into the model.

Function pff 1) in (4.9) is the penalty function used to avoid two undesirable effects, i.e.,

overprovisioning and underprovisioning. With the penalty function, the model-robustness

can be achieved. The penalty function can be expressed as follows:

o = 33 (B (Lal = all) + Baaldl) (4.13)

i€L jeJ

where ﬂ:’i and 8, denote the costs to penalize the overprovisioning and underprovisioning
effects, respectively. The penalty function consists of two costs, i.e., overprovisioning cost

(i.e., La\® — 3l (@) ).

p i) and underprovisioning cost (i.e., x;,,

As shown in (4.9) and (4.13), functions o,, and p,, associate with the non-negative weights,
ie., 7, B;; and 3_,. The decision makers can freely choose the weights that meet their goals
to balance the tradeoff between solution- and model-robustness. That is, the larger value
of v increases the solution-robustness whereas the larger values of B:{i and 3, increase the

model-robustness. Note that when all weights are zeros, the RO model becomes SP model.

4.3.2 Short-term Provisioning Algorithm

The deterministic equivalent model of the short-term provisioning algorithm is derived by
following the basic properties of stochastic programming with two-stage recourse [97] as

follows:
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min > muthe (4.14)
T T T e Y i Yo Vs o
subject to: Z)‘aixai < rilgs))( Dy, Vae A (4.15)
€L
28 = e, VacAieTweq (4.16)
yc(;;w —Ec(;y)w Vae Ajie I,peP,wel (4.17)
yfﬁl < E,g?), Vae AjieZ,w e (4.18)
Y, <EY, VaedieTweq (4.19)
2+ B~y <Ry, YaeAieTLweq (4.20)
Daw <Y (uwxm > (E};p ajpw)
i€L peEP

azw yazw azw yazw

+2 + B9~y 45 L B (e)),VaeA,wEQ(4.21)

(®) () () () () (o) ()>0

xaz ) xazw’ xazw’ xauu’ yazpw’ yazw’ yazw -

Vae AjieZ,peP,wel(4.22)

where 1, denotes the total provisioning cost for the short-term plan expressed as follows:

Z Z (MW w azw + Z C <Ec(zik c(zizyw>

acA i€l pEP

+ 8 (b + B — ) + ¢ (2l + B — y5)) ) . (42)

The objective function in (4.14) minimizes the expectation of cost function t),. In the

(b)

model, variable x ;" is the here-and-now decision indicating the number of bid server-hours,

(s) and 33( °) denote the

while other variables are the wait-and-see decisions. Specifically, x; i

numbers of server-hours taken from spot and reserved instances, respectively. :cfm)d denotes
the server-hours of provisioned on-demand instances. Since the model also considers the

provisioned server-hours being left from previous time (i.e. EL(;L, Eé‘;), and E( )) variables
(s) (0) (e )

yazpw’ yazw and y

are introduced to let a set of provisioned servers be terminated if they

incur higher costs.
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Constraint (4.15) bounds the value of 3751};) to the maximum amount of demand. Constraint
(4.16) controls the number of utilizable server-hours of spot instances to be equal to the
number of bid server-hours. Constraints (4.17)-(4.20) indicate the conditions to terminate
the existing provisioned server-hours. The provisioned server-hours are controlled by con-
straint (4.21) to meet the demand. Constraint (4.22) indicates that all variables take the
values from a set of non-negative real numbers. As shown in (4.16), (4.21), and (4.23), the
model associates with coefficient p;, denoting the bid outcome. Specifically, p;, returns

values 0 and 1 for failure and success bids of instance type ¢ under scenario w, respectively.

The optimization model in (4.14) yields the optimal number of bid spot instances through
the here-and-now decision. Although the spot option does not guarantee the availability of
spot instances, the spot option could be the cheapest. This is the reason why the model

mainly minimizes the cost of spot option to achieve the optimal number of bid server-hours.

Since the short-term provisioning algorithm will be applied periodically to obtain additional
spot instances, the algorithm needs to be solved efficiently such that the optimal number
of bid server-hours can be instantly used in the short-term plan. However, the number of
scenarios to be considered in the algorithm could be substantially large which results in
more computational complexity. To deal with such a complexity issue, the sample-average
approximation (SAA) approach [39] addressed in Section 3.5.4 is applied. With the SAA
approach, NN scenarios are chosen from set 2 by a sampling technique where N is much
smaller than [2|. Next, the N scenarios can be used in a linear programming model which
can be solved much faster than the original model defined in (4.14)-(4.22). The optimal
solution can be achieved when N is sufficiently large which can be theoretically verified as

shown in Section 3.5.4.

Let Qn C 2 denotes the set of scenarios generated by a sampling technique whose car-
dinality is N. The linear programming model based on the SAA can be formulated as

follows:

. 1
min = g (% (4.24)
(b) (s) (o) (e) _(s) (o)  (e) N
Tij 7 Tijw PijuwTijwr Yijkw Yijw Yijw wEeN

where QO+ Qn

subject to: (4.15) — (4.22).
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Table 4.1: Detail about instance types in Northern Virginia region used in the numerical
studies.

Instance type B Ci(e) Ci(o) E; Aai
Linux/UNIX c1.zlarge | $1,820 | $0.24 | $0.68 | 57.20 GFLOPS | 1/2
Linux/UNIX m1.zlarge | $1,820 | $0.24 | $0.68 | 24.44 GFLOPS | 1/3
Linux/UNIX ¢1.micro $54 | $0.007 | $0.02 | 4.96 GFLOPS | 1/15

Since the optimal solution of the SAA approach is yielded by solving the approximated prob-
lem, the lower and upper bounds of the solution can be estimated by executing Algorithm 4

given the SAA model in (4.24).

4.4 Performance Evaluation

Numerical studies are performed to evaluate the performance of long- and short-term pro-
visioning algorithms. The algorithms are implemented and solved by the GAMS/CPLEX
optimization solver [65]. Furthermore, the real historical data of demand and spot prices
are used in the evaluation. That is, the computational resource usage obtained from the
High Performance Computing Centre at the Nanyang Technological University represents

the demand. The historical spot prices are gathered from Amazon EC2.

4.4.1 Evaluation of Long-term Provisioning Algorithm

1. Parameter setting — The robust optimization model of long-term provisioning algo-
rithm in (4.9) is analyzed. Only one application is considered. Since the amount of
real historical data (recorded for three months) is not sufficient for long-term provi-
sioning, we assume that the probability distribution of demand is the discrete normal
distribution with mean 8.5 and variance 2. The demand of application is described
by the number of servers required to execute the application, where 16 possibilities of
demand are considered namely, Qldemand] _ {1,2,...,16}. In addition, the reservation
option with 1-year contract is chosen, hence constant L = 8,760. Since the demand
parameter (i.e., Dg,) represents the number of required server-hours, the number of
servers required by the application is converted into the number of server-hours by

multiplying with constant L.
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Table 4.2: Number of reserved instances and costs given different variance and overprovi-
sioning weights.

Y

ﬁ(coef)

#

STD

Expected cost ($)

reservation

on-demand

total

oversub.

Expected penalty

0.00

0.00

18

11,012.42

32,760.00

6,626.32

72,788.42

3,844.56

0.00

0.50

0.00

20

8,703.47

36,400.00

2,972.95

74,064.47

6,368.33

0.00

0.50

0.10

16

14,921.82

29,120.00

12,583.12

73,002.82

2,024.56

10,192.00

0.50

0.50

6

19,198.90

10,920.00

65,541.09

89,069.74

4.98

5,460.00

0.50

1.25

2

19,209.44

3,640.00

89,352.00

97,196.80

0.00

0.00

Only one instance type in Northern Virginia region is considered, i.e., Linux/UNIX
cl.zlarge. The prices to provision c1.zlarge with on-demand and reservation options
are shown in Table 4.1. The performance factor of cI.xlarge shown in Table 4.1 is
based on formula (4.1). The values of B; and E; are obtained by the benchmark
tools, namely HPL [106] and GotoBLAS2 [107]. In this case, the performance metric
is the number of floating point operations per second (or GFLOPS?). The base server

is the machine that originally processes the application whose performance is 69.71

GFLOPS.

. Adjustment of weights — For the first study, the weights of robust optimization model

in (4.9) is adjusted. Only variance weight (i.e., 7) and overprovisioning weight (i.e.,
5;@) are evaluated, while underprovisioning weight (i.e., 5 ;) is not considered. Let
B;'i be proportional to CER), ie., ﬂ:[z- = ﬁ(coef)(cgm /L), where Beoet) i a non-negative
coefficient. The result of the weight adjustment is shown in Table 4.2. Given v = 0
and B(°¢f) = 0, the optimal solution of stochastic programming model is obtained.
Clearly, given () = 0, the larger v decreases the standard deviation (STD) and
on-demand cost but increases the reservation cost. The reason is that the increment
of v decreases the sensitivity of the algorithm to the uncertainty, and, hence, the
solution will result in purchasing more reserved instances (#) to avoid an effect from
the demand fluctuation. In contrast, given v = 0.5, the larger (¢°*f) decreases the
reservation and oversubscribed (oversub.) costs but increases on-demand cost, since
Bleoed) directly reduces the overscription of reservation option. From the results in
Table 4.2, the long-term provisioning algorithm is flexibly adjustable by users to meet
their risk-preferences. For example, the solution with v = 0.5 and (¢ = 0.10 can

achieve both solution- and model-robustness. That is, the solution is close to the

optimal solution and oversubscribed cost can be greatly reduced.

3GFLOPS = billion floating point operations per second.
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Table 4.3: Costs incurred by solving deterministic and on-demand optimization models.

Table 4.4: Costs incurred by

w Z(*de) Z?od)

1 $7,844.80 $11,913.60
2 $15,689.60 $23,827.20
3 $23,534.40 $35,740.80
4 | $31,379.20 | $47,654.40
7 $54,913.60 $83,395.20
8 $62,758.40 $95,308.80
9 $70,603.20 $107,222.40
10 | $78,448.00 | $119,136.00
12 | $94,137.60 | $142,963.20
16 | $125,516.80 | $190,617.60

solving stochastic programming and robust optimization

models.
o Stochastic programming solution Robust optimization solution
2(sp) odc. 0SsC. v zz‘m) odc. osc. v

1 $36,964.80 $0.00 | $29,120.00 | 4.71 $33,324.80 $0.00 | $25,480.00 | 4.25
2 $41,169.60 $0.00 | $25,480.00 | 2.62 $37,529.60 $0.00 | $21,840.00 | 2.39
3 $45,374.40 $0.00 | $21,840.00 | 1.93 $41,734.40 $0.00 | $18,200.00 | 1.77
4 $49,579.20 $0.00 | $18,200.00 | 1.58 $45,939.20 $0.00 | $14,560.00 1.46
7 $62,193.60 $0.00 $7,280.00 | 1.13 $58,553.60 $0.00 $3,640.00 1.07
8 $66,398.40 $0.00 $3,640.00 1.06 $62,758.40 $0.00 $0.00 1.00
9 $70,603.20 $0.00 $0.00 | 1.00 $74,672.00 | $11,913.60 $0.00 1.06
10 $82,516.00 | $11,913.60 $0.00 | 1.06 $86,585.60 | $23,827.20 $0.00 1.10
12 | $106,344.20 | $35,740.80 $0.00 1.13 | $110,412.80 | $47,654.40 $0.00 1.17
16 | $153,998.40 | $83,395.20 $0.00 | 1.23 | $158,067.20 | $95,308.80 $0.00 1.26
3. Comparison among different models — Next, the comparison among deterministic

(DE), on-demand (OD), stochastic programming (SP), and robust optimization (RO)
models is presented. As presented in (3.1)-(3.6), in the DE model, the demand is
known in advance. Thus, the reservation option is only used in the DE model. In con-
trast, as derived in (B.6)-(B.8), the OD model considers only the on-demand option.
As presented in Table 4.2, the SP model solution with all zero weights is considered,

while the solution with v = 0.5 and 3(©°0) = 0.10 is used in the RO model.

The comparison is performed through 10 realizations of observed demand. Note that
the original distribution of demand contains 16 realizations, and each realization de-
noted by w is the actual number of required virtual servers which is observed in the
future. In Table 4.3, the total costs yielded by DE and OD models are denoted by zE" de)
and zE*O d)’ respectively. In Table 4.4, different costs are presented, e.g., on-demand
(odc.) and oversubscribed (osc.) costs. The total costs yielded by SP and RO models
are denoted by szsp) and zZ‘rO), respectively. As shown in Table 4.3 and Table 4.4, the

DE model always incurs the minimum total cost (i.e., deterministic optimal solution)
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for every realization. Then, the comparison of DE solution and solutions of other

(ind)

models can be performed using the ratio v as an indicator which is defined as

follows:

plind) = = (4.25)

where 2 denotes the compared total cost. If the value of ratio »™9 approaches one,

z will be close to the optimal solution, and, hence, the model performs well. The OD
model always yields »(4) = 1.52 for every realization. Specifically, the total cost of
on-demand option is higher than that of DE model 1.52 times. For SP model, there
are four realizations of demand whose solutions are worse than the OD model, as
shown by the bold font in Table 4.4. That is, the values of »("®) are higher than 1.52.
Since the SP model generates the minimum expected total cost under uncertainty,
the SP model cannot achieve the efficient solution in a few cases. Interestingly, it
is observed that only three realizations of RO model give the solutions worse than
that of OD model, since the RO solutions also minimize the oversubscribed costs. For
most demand realizations, both SP and RO models achieve the solutions which are

close to the deterministic optimal solution. In other words, the long-term provisioning

algorithm performs well under the demand fluctuation.

4.4.2 Evaluation of Short-term Provisioning Algorithm

Proability

[ uhuuéuiu ‘\H | | . | . |

0.6 08 1
Spot price ($)

Figure 4.3: Probability distribution in October 2010 of spot prices of Linux/UNIX c1.zlarge
in Northern Virginia region.
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Figure 4.4: Probability distribution in October 2010 of spot prices of Linux/UNIX m1.zlarge
in Northern Virginia region.
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Figure 4.6: Probability distribution of integrated multivariate scenarios.
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1. Parameter setting — To evaluate the short-term provisioning algorithm, the stochas-
tic programming model in (4.14) and sample-average approximation (SAA) model
in (4.24) are implemented. Two instance types in Northern Virginia region are con-
sidered, i.e., Linux/UNIX c¢!.zlarge and Linux/UNIX m1.zlarge. The probability dis-
tributions of their spot prices based on their historical prices in October 2010 are
shown in Fig. 4.3 and Fig. 4.4, respectively. The prices and performance factors of
instance types are presented in Table 4.1. Only one application is considered whose
demand distribution based on the real data is shown in Fig. 4.5. For each instance
type, the distribution of bid outcome is simulated by bidding the average historical
spot price in October 2010. The bid prices are $0.264 and $0.240 for Linux/UNIX
cl.zlarge and Linux/UNIX m1.zlarge, respectively. Then, the number of success bids
and probability of outcome can be calculated, i.e., the probabilities of success bid
are 0.899 and 0.467 for Linux/UNIX cI.zlarge and Linux/UNIX m1.xlarge, respec-
tively. Finally, the joint probability distribution of all uncertain parameters (i.e., 2)

is obtained as shown in Fig. 4.6.

2. Fluctuation of spot prices — First, the impact of fluctuation in spot prices is inves-
tigated. To simplify the experiment, only Linux/UNIX cI.zlarge is considered, while
the demand distribution is the same (i.e., Fig. 4.5). The stochastic programming
model in (4.14) is solved without applying the SAA model. The result shows that
the optimal number of bid server-hours is equal to the maximum number of required
server-hours (i.e., 100). In the same way, when only Linux/UNIX mI.zlarge is con-
sidered with the same setting, the number of bid server-hours is also 100. The reason
is that the spot price is less than that of on-demand option with probability 0.97 for
Linux/UNIX cI.zlarge but with probability 1 for Linux/UNIX m1.zlarge, given the
historical price distribution. In other words, the chance of obtaining a cheaper spot
price is significantly high for both instance types. However, this observation may not
be applied to instance types, e.g., Linux/UNIX ¢1.micro whose spot price distribu-
tion is shown in Fig. 4.1. Among all instance types, Linux/UNIX t1.micro is the
cheapest since it may have the minimum computational performance. The spot price
of Linux/UNIX t1.micro is cheaper than that of on-demand option with probability
0.635. However, the optimal number of bid server-hours for ¢1.micro is zero. In other
words, the optimal number of bid server-hours (or request of spot instances) is varies

according to the spot price fluctuation.
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Table 4.5: Expected total costs and numbers of bid server-hours given different spot price

distributions.
Case p&Sp R péSpt) mg’) Expected total cost
1] $0.24 | $0.68 66 $38.429
2 | $0.68 | $0.24 10 $41.167
3| %$0.24 | $0.76 34 $39.823
4 | $0.76 | $0.24 4 $41.457
51 $0.68 | $0.76 0 $41.666

Table 4.6: Estimation of lower and upper bounds and bid server-hours of spot instances
obtained from Monte Carlo sampling.

Sample size Lower bound Upper bound f(?)mt recil(ls)s ts
1 2

$5.087 £+ 0.063 1 2

$5.122 + 0.076 1 2

500 $5.326 + 0.483 | $5.157 + 0.061 2 2

$5.105 £ 0.081 1 2

$5.119 + 0.067 1 2

$5.097 £ 0.058 1 2

$5.080 + 0.067 1 2

1000 $4.852 + 0.367 | $5.173 £ 0.069 2 2

$5.102 £ 0.088 1 2

$5.165 + 0.060 1 2

$5.141 + 0.064 1 2

$5.119 + 0.090 1 2

5000 $5.067 + 0.163 | $5.110 £ 0.079 1 2

$5.109 £ 0.062 1 2

$5.127 + 0.059 1 2

$5.104 + 0.047 1 2

$5.088 + 0.051 1 2

10000 $5.064 + 0.089 | $5.086 + 0.074 1 2

$5.094 £ 0.082 1 2

$5.091 + 0.072 1 2

A similar experiment is performed where only Linux/UNIX c!.zlarge is considered.

We assume that there are only two possible spot prices, namely pgsm) and pgsm)

pgsm) occurs with probability 0.95. In Table 4.5, the result shows that when p; is equal

, where

to the discounted usage price of reservation option, the number of bid server-hours is
high (i.e., case 1 and case 3). In contrast, the number of bid server-hours decreases

(spt)

when p;™ is equal to or greater than the on-demand price.

. Sample-average approximation results — Next, the SAA model in (4.24) is investigated.
As shown in Fig. 4.6, the total number of integrated scenarios is 590,000. It is observed
that the model with this large number of scenarios cannot be solved by stochastic

programming model in (4.14) efficiently on a test machine with two 2.8 GHz quad-
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Table 4.7: Estimation of lower and upper bounds and bid server-hours of spot instances
obtained from Latin Hypercube sampling.

#spot requests

Sample size Lower bound Upper bound ) 5
! Lo
$5.073 £ 0.057 1
$5.082 + 0.036
500 $4.837 £ 0.426 | $5.104 £+ 0.066

$5.139 £ 0.065
$5.087 £ 0.057
$5.116 £ 0.061
$5.073 £ 0.057
1000 $5.057 £ 0.306 | $5.114 + 0.065
$5.095 £ 0.051
$5.128 £ 0.054
$5.136 £ 0.057
$5.151 +£ 0.062
5000 $5.128 £+ 0.139 | $5.135 £ 0.065
$5.149 £ 0.050
$5.145 £ 0.062
$5.128 £ 0.054
$5.115 £ 0.063
10000 $5.100+ 0.066 | $5.105 + 0.047
$5.106 £ 0.051
$5.103 £ 0.060

N e e e e e e I Y I IS I [ Y [ Y I O]
NI NN NN NN NN NN NN N NN

core processors and 16 GB of RAM. With such a great number of scenarios, the
insufficient memory problem can occur when the model is being executed on the test
machine. Therefore, the SAA model is applied to approximate the optimal solution
based on the original problem size. The lower bound estimate is obtained by sampling
five batches of scenarios, each of size m € M, where M = {500, 1000, 5000, 10000}.
Then, every batch is solved with the SAA model defined in (3.62). Hence, for each
batch size, five solutions are produced. Next, for each size m, ten different batches
with size 10,000 are sampled to obtain the upper bound estimate. The solution of
each size m obtained from the lower bound estimate is fixed to SAA problems of the
generated ten batches. As a result, for each size m, the SAA model of the upper
bound estimate can be divided into fifty linear programming problems which can be
solved separately. Finally, the lower and upper bounds are calculated based on the
95% confidence interval. The execution time of this SAA experiment takes about 1

minute on the machine. This execution time is acceptable for the offline algorithm.

This experiment applies both Monte Carlo (MC) and Latin Hypercube (LH) sampling
techniques as shown in Algorithm 6 and Algorithm 7. The results obtained from both
techniques are shown in Table 4.6 and Table 4.7, respectively. Note that the columns
titled by acgb) and xgb) show the numbers of bid server-hours for Linux/UNIX c1.zlarge

NTU - School of Computer Engineering



Chapter 4: Case Study: Server Provisioning in Amazon FElastic Compute Cloud 101

and Linux/UNIX m1.zlarge, respectively. We assume that the optimal solution can be
obtained when five consecutive solutions in the same batch size are identical. Thus,
the solution of MC is firstly found in size 5,000, while the solution of LH is firstly
found in size 1, 000. It is noticed that the larger sample size produces the tighter lower
bound interval for both MC and LH. However, LH can yield tighter bound than that
of MC due to the variance reduction of LH. The result of the SAA model shows that

the algorithm can perform efficiently although the size of input data is large.

4. Issues about short-term planning — The short-term plan needs to be performed fre-
quently since the spot price could be changed several times a day. As a result, a
number of provisioned spot instances may be terminated due to fail bids. The histor-
ical data of spot prices gathered from EC2 are helpful to estimate the time when the
next short-term plan should be performed. For example, in October 2010, the spot
price of Linux/UNIX c1.zlarge was changed approximately every 102 minutes. There-
fore, the short-term plan to provision this instance type could be performed about at
most every 102 minutes as well. Furthermore, each short-term plan should regenerate
new probability distributions based on the last updated spot prices and demand, e.g.,

last ten days of spot prices and demand form a new probability distribution.

In addition, the optimal number of server-hours obtained from the algorithm has to be
converted into the number of instances. There are no specific rules for the conversion.

The application deadline can be considered for converting the number of bid server-
(b)
ij
certain application, Let the number of bid server-hours be z*. If the application has

hours (i.e., x;.”) to the number of requesting spot instances. For example, for a
time of 30 minutes to execute before the deadline, the number of spot instances must
be at least /0.5 (i.e., 30 minutes = 0.5 server-hour). Furthermore, the conversion
should consider the time at which the next short-term plan will be performed to avoid
the spot price fluctuation, e.g., if the next short-term plan will be performed in the
next 2 hours, then the number of spot instances should be at least £*/2 to obtain

more throughputs.
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4.5 Conclusion

In this chapter, we have proposed the two virtual server provisioning algorithms for long-
and short-term provisioning of virtual servers in Amazon EC2. For long-term planning, we
can achieve the optimal number of reserved virtual servers by formulating and solving the
robust optimization model. The performance evaluation results show that the long-term
provisioning algorithm is adjustable to meet a decision maker’s goal in which the solution-
and model-robustness can be achieved. That is, the solution is close to the deterministic
optimal solution (i.e., solution-robustness), while the overprovisioning and underprovision-
ing problems can be avoided (i.e., model-robustness). For short-term planning, we can
achieve the optimal number of bid server-hours (i.e., optimal number of spot instances)
by formulating and solving the stochastic programming model. Also, we have applied the
sample-average approximation to address the complexity issue. The results show that the
short-term provisioning algorithm can minimize the total provisioning cost under the un-
certainties of price and demand. The combination of both algorithms can potentially save
the total provisioning cost in Amazon EC2 for both short and long terms. In addition,
both algorithms can be practically applied to other cloud providers, e.g., GoGrid [19] and
Windows Azure [25] as well.
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Chapter 5

Resource Provisioning on

Providers’ Side

In this chapter, we focus mainly on resource provisioning from the cloud provider’s per-
spective. We present two main contributions in this chapter. For the first contribution, we
propose the joint optimization framework for a cloud provider owning multiple datacenters
where the smart grid technology is involved. We derive the multi-stage stochastic program-
ming model for the power and resource management. In this chapter, the terms “power”
and “electricity” are synonymous. For the second contribution, we propose the resource
provisioning algorithm for a cloud retailer. We demonstrate a case study where the cloud
retailer rents resources from Windows Azure and makes a profit by selling value-added

services built on top of the provisioned resources to cloud consumers.

This chapter is organized as follows. First, we present the joint optimization framework in
Section 5.1. Then, we present the resource provisioning algorithm derived from the cloud

retailer’s perspective in Section 5.2. Finally, we conclude the chapter in Section 5.3.

103



Chapter 5: Resource Provisioning on Providers’ Side 104

5.1 Joint Power Optimization and Cloud Resource Manage-

ment for Datacenters

In cloud computing, a cloud provider owns datacenters to deliver services to a large number
of cloud consumers. The datacenters consume a large amount of power which is the major
operating cost of the cloud provider. In addition, the public utility can implement smart
grid, whose one of the important features is the realtime pricing (i.e., electric power price can
be changed dynamically depending on the load and power generation conditions). Therefore,
the cloud provider could encounter a risk of fluctuating spot prices of electric power. The
cloud provider can hedge against such a risk by signing forward contracts in electricity
futures markets. In this section, a multi-stage stochastic programming model is proposed
for the forward contract portfolio optimization of power supply and optimization of resource
management (i.e., virtual machine allocation) of the datacenters. The optimization model
is formulated primarily from the cloud provider’s perspective to minimize the expected cost
under power price and compute demand uncertainties. Specifically, the important activities
are considered including carbon emission, server consolidation, and application data transfer
in the joint optimization framework. Moreover, a scenario reduction technique is applied
to reduce the computational complexity of the proposed model. Numerical studies and
simulation are extensively performed. The results clearly show that the proposed model
can significantly reduce the cost of operating datacenters under the uncertainty of demand

and power spot prices in the smart grid environment.

5.1.1 Introduction to Joint Optimization Model for Cloud Provider

Cloud computing is a large scale distributed computing environment where a pool of com-
pute resources and cloud services located in datacenters are available to users via the Inter-
net [2,3]. The services could be social network, online office suite, compute-/data-intensive

application, web/application hosting, and MapReduce-based data analysis [109] services.

Several studies have reported that datacenters for cloud computing can consume a large
amount of energy. For example, about 10-15% of the total cost of ownership (TCO) of a
datacenter is the electrical cost [110,111]. The U.S. Department of Energy (DoE) reported

that the amount of energy consumed by datacenters is up to 100 times more than a typical
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office building [112]. Furthermore, DoE presented that the power costs for the datacenter
will expectedly exceed the cost of the original capital investment by 2012 and the carbon

footprint of datacenters will exceed the airline industry by 2020 [113].

Electrical cost accounts for large proportion of the operating costs. Thus, the electrical cost
to operate the servers, cooling systems, and other equipment are crucial and need to be
optimized by the cloud provider [111]. Several studies have proposed solutions to reduce the
electrical costs for datacenters [42,83,84,108,114-118]. Typically, the server consolidation
and virtualization technologies (i.e., virtual machine allocation) are leveraged to address
such costs [16]. In addition, smart grid will be implemented by the public utility in the near
future. One of the important features of the smart grid is the demand side management
(DSM) through realtime power pricing [30]. In the realtime pricing, the spot power price
can be changed dynamically [31] and the cloud provider will require an intelligent power

management to minimize the electric power cost.

Unlike other works, the optimization model derived in this section considers the electric-
ity futures markets to minimize the expected cost to operate datacenters [31], while other
factors are altogether taken into consideration, e.g., carbon emission [32], server consolida-
tion [16], and application data transfer [33]. The cloud provider as a consumer of electricity
markets can significantly reduce the power cost through purchasing a forward contract in
an electricity futures market, since the power price is fixed at a specified future time [119].
A forward contract could be signed through hourly, daily, weekly, monthly, and yearly
terms [117,120]. Without the forward contracts, the cloud provider could inevitably en-

counter higher non-fixed power prices in spot markets (i.e., spot prices) [121].

Specifically, the stochastic programming model with multi-stage recourse [55] is derived to
minimize the cost of datacenters incurred to the cloud provider. Given the uncertainties
of spot prices of power and the compute demand of accessing virtual machines in the
datacenters, the stochastic programming model provides the optimal solution in terms of
electric power to be purchased in the futures market and the virtual machines to be allocated

to the physical servers.
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5.1.2 Related Work

Several studies have exploited the use of server consolidation to reduce the overall cost for
operating datacenters. The goal of server consolidation is to assign multiple processes or
virtual machines (VMs) into a single physical server, while the overall performance could
be maintained at the target level [16]. Thus, the number of active physical servers and elec-
trical cost can be reduced. In [108], broker-based architecture and algorithm for allocating
VMs were developed. In [114], a bin packing-based algorithm that considers characteristics
of workloads was proposed for a server consolidation. In [115], an energy efficient resource
management based on server consolidation was proposed such that the method can reduce
operational costs of datacenters, while the Quality of Service (QoS) can be maintained.
A monitoring infrastructure to collect the information about electrical power consumption
from servers was proposed in [116]. As a result, a server consolidation given the collected
information can reduce the power consumption and also performance degradation in a data-
center. In [83], the resource management was proposed to maximize a global system utility
of a datacenter by consolidating multiple VMs into the same server, while service-level-
agreements (SLAs) are considered together. A similar resource management was proposed
in [84] to address the trade-off between application performance (i.e., controlled by SLAs)

and energy consumption.

Without the use of server consolidation, the energy management to achieve the number of
active servers has been studied. An optimization problem based on constrained Markov
decision process was formulated in [42] to obtain the optimal number of active servers and
yield a solution to assign jobs to the servers. In [117], a simulation that considers power
prices in both futures and spot markets was developed to obtain a solution to switch on
and off servers located at multiple datacenters such that the system performance can be
maintained at the desirable level and energy costs can be reduced. However, this simula-
tion did not address the contract portfolio optimization in the futures markets. In [118],
an energy-aware server allocation based on an estimation of user demand was proposed to
maximize users’ experience while the amount of power consumption can be reduced by ob-
taining the appropriate number of active servers. The authors in [32,122] mainly considered
electricity markets to optimize the cost for a cloud provider. That is, service request routing
algorithms were proposed in [122] to balance workloads in datacenters, while power prices

in smart power grids are taken into account. In [32], the authors also formulated optimiza-
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tion models to achieve the numbers of servers and locations for building datacenters given
different objective functions. However, the models proposed in [32,122] did not consider

the futures markets and the uncertainty of spot prices and service demand.

To deal with the risk of spot prices of electricity, the stochastic programming models were
proposed [119-121,123], since the stochastic programming can efficiently deal with the
uncertainties of power prices and power load [55]. the contract portfolio optimization mod-
els based on multi-stage stochastic programming were proposed in [119,120], while the
conditional-value-at-risk (CVAR) was applied to measure the risk in electricity markets.
The scenario reduction was applied in [121,123] for contract portfolio optimization models.
Scenario reduction techniques are needed for cutting down the number of scenarios (i.e.,
parameters related to the uncertainties), while the stochastic information of the original set

of scenarios can be retained [43].

Unlike previous works, we mainly focus on the contract portfolio optimization for a cloud
provider such that the expected cost to operate datacenters can be minimized under the
uncertainties of demand (of service) and spot prices (of electricity). Specifically, we alto-
gether consider carbon taxes [32], data transfer [33], and server consolidation which affect
power costs. Moreover, the simultaneous backward reduction [43] is applied as a scenario
reduction technique to address the computational complexity of the proposed model. To
the best of our knowledge, the contract portfolio optimization in the electricity market pri-
marily derived for a cloud provider has never been exclusively studied. This is important
especially when the compute resources have to be managed. The cloud provider can jointly
optimize the power purchasing and virtual machine allocation in the datacenters under the

uncertainties to achieve the minimal cost.

5.1.3 System Model and Assumption

In this part, the major entities in cloud computing under consideration are first presented.
Then, the decision making process with decision stages and solution are discussed. Next,

the uncertainties of system parameters are described.
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Major Entities
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Figure 5.1: System model of a cloud provider.
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Figure 5.2: Example of VM classes for cloud services.

The system model of a cloud provider is illustrated in Fig. 5.1. The model consists of
five major entities, i.e., users (i.e., cloud consumers), datacenters, servers, virtual machines
(VMs), and power grids. The cloud provider owns datacenters which provide cloud services
to the users. The VMs provide the computing facility to deliver the cloud service to users.
The VMs are grouped into the class. The set of VM classes is denoted by Z where VM
class i € 7 has a; VMs which are able to run on different datacenters. Multiple VM classes
could be provisioned for one cloud service. For example, Fig. 5.2 shows two cloud services,
i.e., shopping and data mining services. The shopping service requires 3 VM classes as the
three-tier architecture [124] (i.e., web, application, and database servers), while the data
mining service requires only one VM class of MapReduce servers [109]. Each VM class may

require different number of VMs to execute tasks or transactions.
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Datacenters are connected through a wide area network. As a result, all datacenters work
as a single unified computing infrastructure. Let D denote the set of datacenters. Each
datacenter d € D houses a number of (physical) servers. Each server hosts VMs to provide
services. Let S and Sy denote the set of all servers in the infrastructure and the set of servers
in datacenter d, respectively, where Sy C S. Server s € § has the number of CPU cores and

] ]

amount of main memory denoted by S£Cp " cores and S.Lmem gigabytes (GB), respectively.
Each datacenter supplies a shared storage (e.g., storage area network). The capacity of
shared storage in datacenter d is denoted by tho] GB. The network bandwidth capacities
of server s and datacenter d are denoted by Sgnet] GB per hour (GBph) and Dgleﬂ GBph,

respectively.

In Fig. 5.1, two major modules for managing a datacenter are power management and
virtual machine management. The power management decides the purchase of electric
power from the power grid. The virtual machine management allocates VMs to the phys-
ical servers for maintaining the power consumption in datacenters. We assume that the
necessary distributed system middleware and tools (e.g., load balancer, process synchro-
nization mechanism, data caching process, monitoring tools, and distributed job scheduler)
are available to manage VMs in each class. We assume that the operating system and
software are preinstalled in the VMs. The VM in each class requires different amount of
compute resource. For class ¢ € Z, the number of CPU cores, the amounts of main memory,
permanent storage, and network bandwidth required by one VM are denoted by [ i[Cpu} cores,
I}mcm] GB, Ii[sm} GB, and Il[f el GBph, respectively. To efficiently place multiple VMs into
the same server, we assume that the average CPU utilization ratios (i.e., expected-values
of the number of busy CPU cores in an hour divided by the total number of available CPU

cores) of servers and VMs are known. Let ,u[Vir] € (0,1] and ,uLhOS] € (0, 1] denote the average

i
CPU utilization ratio of one VM of class i and the average CPU utilization ratio of server

s, respectively.

The VM can access application/service data. This application data is stored in the shared
storage of a datacenter. If the VM is allocated to the physical server in the different dat-
acenter, the application data has to be transferred to the storage in the target datacenter.
However, in this case, the cost of transferring application data to the datacenter will be in-
curred (e.g., bandwidth consumption) and the virtual machine management has to minimize

this cost as well.
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In Fig. 5.1, the datacenter requires the electric power supplied from the power grid to operate

electrical equipment (e.g., cooling systems, light bulbs, network devices, and servers). Let

pa € [0, 1] denote the power transmission loss rate for transmitting the power from the power

grid to datacenter d [122]. The power management module is responsible for purchasing

the electric power from the power grid. Furthermore, to reduce the power consumption,

server s can be turned off when the server does not host any VMs (i.e., referred to as the
[hos]

inactive server). Let Eg ' kW and E([iﬁx] kW denote the amounts of electric power required

to operate the active server s and the other equipment in datacenter d, respectively.

We assume that power grids can offer the forward contract and spot price purchasing op-
tions. The cloud provider can purchase the power through spot prices anytime without a
commitment. In contrast, the cloud provider can purchase a forward contract to obtain a

F émax) kWh denote the maximum amount of

fixed price of the signed amount of power. Let
power of the forward contract offered by the power grid that the cloud provider can purchase
for datacenter d at a specific duration. The cost of the electric power forward contract for
datacenter d is denoted by C’L[;fc] $ per kWh. In addition, since the datacenter consumes a
large amount of power, the government can charge the datacenter for the carbon tax. The
carbon tax is denoted by C’gax] $ per kWh. Note that if the carbon tax is not applicable,

then CI™ — .

Decision Stages and Global Solution

Decision stages are the time epochs when the power and virtual machine managements
apply the decision (i.e., solution obtained from the optimization formulation) to manage a
datacenter. Let T = {to,t1,...,T} denote the set of decision stages where T denotes the
last decision stage and total number of stages (i.e., T = |T|). The time length of stage
t € {t1,...,T} is denoted by Z[t] hours.
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Figure 5.3: Example of decision stages for the daily forward contract basis.

Fig. 5.3 shows the example of the daily forward contract [120]. A day is divided into three
periods, and each of which lasts for 8 hours, i.e., 00:00-08:00, 08:00-16:00, and 16:00-24:00.
Thus, there are 4 decision stages. The first decision stage is at time ¢y that the power grid
requires the cloud provider to sign the forward contract. For example, the forward contract
must be signed to the power grid before 18:00, for purchasing electric power for the next day.
The second, third, and fourth decision stages are at times t1, to, and t3, respectively. At
these decision stages, the cloud provider can purchase the actual power to meet the power
demand. Also, at these decision stages, the VMs of cloud services have to be allocated to

the datacenters according to the compute demand.

A global solution is a series of stage solutions applied by the power and virtual machine
management modules in every datacenter. In this case, the global solution is obtained by
solving the stochastic programming model which will be presented in Subsection 5.1.4. In

each decision stage, there are three solutions, namely

1. Power purchase is the solution to purchase the electric power. We assume that the

forward contract has to be signed only in the first decision stage. The fixed-price
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electric power purchased with the forward contracts will be available for the follow-
ing decision stages. Alternatively, the electric power can be additionally purchased

through spot prices from the second stage and so on. The decision variables of power

purchase are yc[lUfC], ygem], and y([ipow]. yC[lUfC} is the amount of power signed for a forward

[rem]

contract. y, is the amount of power remaining in the forward contract. y s

C[lPOW] i
the amount of addition power purchased using the spot price to meet the immediate

power demand.

2. VM allocation is the solution to allocate VMs to physical servers. It is assumed that a
VM migration can be applied to reallocate VMs among physical servers. It is assumed
that the servers which do not host any VMs can be turned off. The solution of VM

allocation will be applied after the first stage, i.e., the forward contract is purchased.

[hos] and ZLhOS]. x[hos]

VMs of class i to be allocated to physical server s. zE“’S} is the indication whether

The decision variables of VM allocation are x is the number of

server s is active or not.

3. Application data transfer is the solution to transfer application data to the datacen-
ter. This solution will be applied in every decision stage. The decision variables of
the application data transfer are zz[jz,t] and zi[fieq]. zz[jjf] is the indication whether the

application data required by VM in class ¢ is transferred from datacenter d to data-

[req]

center d’ or not. z;; - is the indication whether the application data in datacenter d

is required by VM in class ¢ or not.

Uncertain Parameters

For power and virtual machine management modules, there are uncertain parameters. The
uncertain parameter can be described by a scenario associated with the possible outcome.
Let ©Q and ; denote the sets of scenarios in every decision stage and only stage ¢, re-
spectively, where €; C Q. Let 7(w) € T denote the decision epoch (i.e., time when the
decision is made) given scenario w € Q. Two uncertain parameters considered in the power

management and virtual machine management modules are as follows:

o Demand uncertainty — There are two types of demand uncertainty, namely processing
demand and power demand. The processing demand denoted by «;, is the number

of VMs required for class ¢ under scenario w. On the other hand, the power demand
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denoted by By, kWh is the amount of power required to operate datacenter d under

scenario w. This By, can be defined as follows:

B = Ll (@) B | B+ 3 BRedupel ol (5.1)

SESy
where ZEJ,OS] € {0,1} denotes the binary decision variable indicating whether server
s is active (i.e., plhos) 1) or inactive (i.e., plhosl 0). Ec[lpue] denotes the power

usage effectiveness (PUE) applied in datacenter d [111]. Clearly, the power demand
is directly proportional to the processing demand [122]. That is, the larger value of
@, can result in larger value of By, since the number of active servers has to be
increased as the number of VMs increases. The relationship between power demand

and processing demand will be presented later by the constraints in (5.16)-(5.32).

e (Cost uncertainty — The costs can vary, namely spot price, carbon tax, hosting cost,
and data transfer cost. Let Cg;ow] $ per kWh and Cc[ltix] $ per kWh denote the spot
price and carbon tax charged to datacenter d under scenario w, respectively. For a
datacenter where a power price is not fluctuating or spot prices are not available (e.g.,
the datacenter has its own power generators), CC[II;OW] for such a datacenter is set to the
same constant for every scenario w. Let CZ[SSS] $ per VM per hour denote the hosting
cost for one VM of class ¢ hosted in physical server s under scenario w. Let ng;g $

per GB denote the data transfer cost to transfer application data from datacenter d

to datacenter d’ € D under scenario w.

The outcomes of uncertain parameters of scenario w € Q = {wo,w1,...,wn} (e, Q] =
M + 1) can be described by a vector denoted as follows:

fw) = (aw,cf™ cli el cil). (5.2)

1Sw !

Note that wg is the scenario in the first decision stage (i.e., root scenario) which is not
associated with any uncertain parameters. In contrast, scenarios in other decision stages

(i.e., from ¢; to T') are associated with the uncertain parameters.

Due to the uncertainties, the cloud provider can realize the scenario (i.e., w € Q) and apply

the decision accordingly. Therefore, some decision variables will be associated with the

: . : . f
scenario w. These decision variables are for power purchase (i.e., yg;c], ygzm], and ygiow]),
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VM allocation (i.e., :UZ[}SIZS] and zL{‘j’S}), and application data transfer (i.e., ZEZFL and zz[gi?]).
We can define the composite decision variable associated with scenario w as follows:
h fi h dat
= (alhe gl e yfpo] bl ] el Cx)

Given the example of decision stages for the daily forward contract shown in Fig. 5.3, the
power management and virtual machine management of the cloud provider work as follows.
First, the cloud provider has to sign the forward contract with the amount of power y([;fc]
for datacenter d at decision stage £y (e.g., at time 18:00 of the day before). At time 00:00 of
the current day, the cloud provider observes the scenario w which indicates the processing
demand, power demand, spot price, carbon tax, hosting cost, and data transfer cost. Given
scenario w, for time 00:00-08:00, the cloud provider applies the solution (i.e., A;;) which
consists of the amount of power to be consumed from forward contract ygifc], and from
spot price yg;ow], the VM to be allocated to datacenters xgggs], the number of servers to be
active zL{‘j’s], the application data to be transferred ZZ[SZZL, and the application data required
by VM ZZ[ZZ?]' The cloud provider also calculates the remaining power in forward contract
ygsm}. Then, at time 08:00, the cloud provider observes the scenario w’, and then applies
the solution (i.e., Ay,) for period 08:00-16:00. This is the same for decision stage t3. In
addition, at time 18:00, the cloud provider has to decide on the amount of power to sign

the forward contract for the next day.

5.1.4 Proposed Optimization Model

In this part, the stochastic programming model with multi-stage recourse is presented to

obtain the optimal solution of power purchase (i.e., yg;fc]*, y([jrjm}*, and y&iow]*), VM alloca-
tion (i.e., x,E};ZS]* and zEjj’S}*), and application data transfer (i.e., zl[jg,t}: and zz[gi?]*). Then,

the scenario tree representation used in the stochastic programming model is described.

Next, the scenario tree reduction algorithm is presented.

Stochastic Programming Model

The stochastic programming model is derived by following the basic properties of stochastc

programming with multi-stage recourse [97] to obtain the global solution to manage the
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datacenters (i.e., solutions for both power and VM managements in Fig. 5.1) as follows:

Minimize: Y 5yl 4 B

2, My, w) +E [ 4 E [QT()\T,w”)]H (5.4)

deD
where 2 (M\,w) = AteArtr(l/i\?_l,w) Hw] + Pw] + JV[w]] (5.5)
subject to: Z};gs €{0,1,...}, VieI,seSwe (5.6)
yF >0, vieD (5.7)
gl yheml vl > 0, vdeDwe (5.8)
2ol € 10,1}, VseS,weQ (5.9)
A% 401}, VieZ,deD,d eDwen (5.10)
Avd e 0,1}, VieI,deDwe. (5.11)

The objective function in (5.4) minimizes the cost, i.e., the expected cost incurred by hosting

VMs, purchasing electric power, and transferring application data among datacenters. In

the first decision stage, the function yields the solution to sign the forward contract. That is,

y([;fc] kW denotes the amount of power signed through a forward contract for datacenter d.
[sfc

Note that the amount of signed forward contract y, I does not depend on any scenario,

since this decision has to be made before a scenario will be observed.

As shown in (5.4), the nested function E [Qtl ()\tl , w) +E [ 4 E [QT(/\T, w”)]] represents

the expected costs incurred from the second stage to the last stage, where E[-] denotes
the expectation. The function 2Z; (\,w) as defined in (5.5) denotes the cost in stage ¢
given scenario w € §2; and composite decision variable A;_i. In particular, variable A\; as
defined in (5.3) yields the recourse actions (i.e., solutions to deal with observed uncertain

parameters) for decision stage t. The constraint in (5.6) ensures that variable a;E SZS] takes the

values from the set of non-negative integers. The constraints in (5.7) and (5.8) ensure that

variables y[SfC] , ygifc] , ygsm] and yc[lzow] take the values from the set of non-negative numbers.

[hos] _[hos] [hos]

Zsw 'y Zsw ', and zs, @ are the binary variables controlled by the constraints in (5.9), (5.10),

and (5.11), respectively.

As shown in (5.5), composite variable \; is governed by set A;(A\;—1,w) which deals with
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uncertainty in decision stage t given composite variable A;_; and scenario w. In addition,
2, (M, w) consists of three major cost functions, namely hosting (i.e., 5 [w]), power (i.e.,

P|w]), and data-transfer (i.e., .4 [w]) functions. These cost functions are defined as follows:

A = LS oyl (5.12)
i€Z seS
Pl = 21 Y |(ch+ o)l + X | (el o)l 519
deD deD
Nl = 3D O s, (5.14)
i€Z deD d' €D

As shown in (5.12)-(5.14), the decision variables are associated with the functions as follows.

[hos] [pow]

’LSUJ
[ufc]

[

24 d,] denotes the binary variable, where z;

denotes the number of VMs in class i allocated to server s under scenario w. y; =~ and

denote the amounts of power purchased through spot and futures markets, respectively.
[da id d,] = 1 means that the application data required
by the VM of class i is transferred from datacenter d to datacenter d’. Il[f?t]) GB denotes

the size of application data required by the VM of class i in decision stage 7(w).

Suppose a probability distribution of 2 has finite support. That is, 2 has the finite number
of scenarios with probabilities 0 < 7w, < 1, Vw € Q. The stochastic programming model in
(5.4) can be transformed into the deterministic equivalent as shown in (5.15)-(5.32). The

model consists of the constraints which can be described as follows.

o Decision variable constraints — As aforementioned, the constraints in (5.6)-(5.11) de-

fine the set of feasible values for all decision variables.

e Processing demand constraints — The constraint in (5.16) ensures that the processing
demand is met, where Qo = O\ {wy} denotes the set of scenarios excluding the root
scenario. Next, the constraint in (5.17) states that the application data required by
the VM in class i has to be transferred to datacenter d (i.e., binary variable olre i ed _ =1)
and the number of VMs hosted in server s has to be limited. Si[:lr] > (0 denotes the

maximum number of VMs in class 7 which can be allocated to server s.

o Computational resource constraints — For server s, the amounts of CPU cores, memory,
and network bandwidth provisioned for VMs are limited by the constraints in (5.18),
(5.19), and (5.20), respectively. In addition, for datacenter d, the amounts of storage
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Minimize: Y CEBT 1 3™, [,%”[w] + Pl + mw]] (5.15)
deD weN
subject to:  (5.6) — (5.11)
i <Y 2l vieT,we Q) (5.16)
seS
el < gl led g e T d e D, s € Sgyw € Q) (5.17)
Z ’u£v1r] Ii[cpu}xf?;zb} < (1 . Mghos})sgcpu] ZEZJOS]’ Vs € S,w e Q[wo] (518)
€L
S eyl < glmeml v € 8w e Qo (5.19)
€L
I}fffj)azl[};zs} < Shetl - vs e 8w e qlwol (5.20)
€L
SNt < DL va e pyw e gl (5.21)
€L SESy
SN et < D, vd e Dw e ol (5.22)
1€Z s€8y
g < pmed g e p (5.23)
Baw < Yl 4 ylbov] g € D € ol (5.24)
yhot =5 vdeD (5.25)
b = > [l -l vde Dow e il (5.26)
w'eT(w)
id < ylrem] = gg e D w e ol (5.27)
il <1l vieZdeD,d eDweq (5.28)

> STG ) AR =0, ieZ,d eD,s e Sp,we 0l(5.29)
deD w' €T (w)

A <1 vieZ,deD,d eD,wen (5.30)

deD
Yo Y =0, Vd €D (5.31)
zhosl — 0, vseS. (5.32)

and network bandwidth provisioned for VMs are limited by the constraints in (5.21)
and (5.22), respectively.

e Purchased power constraints — The constraint in (5.23) limits the amount of power
which can be signed in the forward contract for datacenter d (i.e., yc[lec}) such that

the amount must not exceed the maximum amount offered by the power grid (i.e.,
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F Cgmax})‘ The constraint in (5.24) ensures that the power demand (i.e., 54,) meets the

amounts of power purchased through spot and futures markets (i.e., yg;ow] and ygfd,

respectively). Since the amount of power purchased through the forward contract will

be deducted (i.e., consumed) in any decision stages, the amount has to be controlled by

[r

the constraints in (5.25)-(5.27) where ydem] denotes the remaining amount of power

w
purchased for datacenter d through the forward contract under scenario w. Y(w)

denotes the closest precedent scenario of scenario w.

e Data-transfer constraints — The constraint in (5.28) ensures that the application data
of the VM in class ¢ can be transferred from datacenter d to datacenter d’ where

[ava]

the binary variable I iztva indicates whether the application data of the VM in class

i is available in datacenter d in stage t (i.e., Ii[zza} = 1) or not (i.e., IZ»[Z:a] = 0).
The constraint in (5.29) implies that the application data needs to be transferred to
datacenter d in advance before scenario w occurs. The constraint in (5.30) ensures

that the application data is transferred from a source to the destination.

e [Initial-value constraints — For the first decision stage, the constraints in (5.31) and

(5.32) provide the initial values (i.e., zeros) for decision variables ygjg], yg?j)w], and
[hos]
Zsug -

Scenario Tree Reduction and Construction

OGO (——1)
O—C—® (2—19—(8)
O——©® B—1—019
O—)—1 (42—
@6 53—y
OmOn® 09—
OmOnE 05—
@64 (®)—(e—a9

to t t t3 to t t t3 to t t; 13

(b) Fan (c) Relabeled Fan (d) Reduced tree

Figure 5.4: Example of decision stages for the daily forward contract basis.
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Table 5.1: Demand, spot prices, and probability of each scenario.
C [pow] C [pow] C [pow]

w Qi djw dow d3w Tw
w1 80 | 0.075 | 0.065 | 0.060 | 0.70
wg | 120 | 0.085 | 0.077 | 0.067 | 0.30
w3 | 130 | 0.075 | 0.065 | 0.060 | 0.35
wg | 180 | 0.085 | 0.077 | 0.067 | 0.35
ws | 150 | 0.075 | 0.065 | 0.060 | 0.20
we | 200 | 0.085 | 0.077 | 0.067 | 0.10
wr | 130 | 0.075 | 0.065 | 0.060 | 0.05
wg | 200 | 0.085 | 0.077 | 0.067 | 0.30
wg | 200 | 0.075 | 0.065 | 0.060 | 0.30
wio | 250 | 0.085 | 0.077 | 0.067 | 0.05
wir | 80 | 0.075 | 0.065 | 0.060 | 0.05
wig | 130 | 0.085 | 0.077 | 0.067 | 0.15
wiz | 150 | 0.075 | 0.065 | 0.060 | 0.08
wig | 180 | 0.085 | 0.077 | 0.067 | 0.02

As mentioned in Subsection 5.1.3, the scenarios (i.e., w € §2) are associated with uncertain
parameters (i.e., power prices and compute demand). All scenarios in 2 can be connected
and presented as a tree structure called a scenario tree. The scenario tree can be constructed
as either tree or fan structure (e.g., as shown in Fig. 5.4(a) and Fig. 5.4(b), respectively).
Both structures can represent the equivalent scenario tree consisting of four decision stages
(i.e., to, t1, t2, and t3). A node (illustrated by a circle) represents a scenario. The number
inside the circle is the subscript (or label) of scenario, e.g., wg is the root node (i.e., root

scenario) indicated by number 0. As an example, the number of VMs in a class «y,, three

clpow] lpow] - 4lpow]

diw dow 7 dsw

different power prices charged at datacenters and probability of each
scenario 7, are shown in Table 5.1. The root node has probability m,,, = 1 since scenario wy
in the first decision stage is not associated with any uncertain parameter. A node (except
the root node) connects only one closest precedent scenario (i.e., parent node), whereas
a node can connect more than one closest descendent scenario (i.e., child node). For a

scenario in any decision stage except the last decision stage, the sum of probabilities of its

descendent scenarios must be equal to its associated probability.

Basically, the tree structure (e.g., Fig. 5.4(a)) can be transformed into the fan structure
(e.g., Fig. 5.4(b)). The simple conversion is to replicate nodes from decision stage t7_1 (e. g.,
t2 in Fig. 5.4(b)) to decision stage t;. That is, the number of replicated nodes in decision

stage t, is equal to the number of its descendent nodes in ¢,41. Finally, the scenario fan
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will have the number of branches as the number of leaf nodes. Except for the root node, all
scenarios in the same branch have the same probability as that of its respective leaf node.
For example, the scenarios in the first branch (i.e., wi, ws, and w7) have the probability
of 0.05. Then, the subscriptions of scenarios in Fig. 5.4(b) can be relabeled as shown in

Fig. 5.4(c).

Generally, the number of scenarios can be considerably large which may result in high
computational complexity to solve using stochastic programming model. Thus, the scenario
reduction algorithms can be applied to reduce the number of scenarios while maintaining
the stochastic information of the original set of scenarios [43]. In addition, the model with
the reduced set of scenarios can be efficiently solved but yield the solution close to the

optimal solution of the model with the original set of scenarios.

e Scenario Reduction — The goal of the scenario reduction algorithm is to choose the
scenarios to be deleted from the original set of scenarios in decision stage t (i.e.,
Q). First, the scenario reduction algorithm measures the probability distance between
scenarios in §2; and ®;, where ®; C €); denotes the set of the deleted scenarios in
decision stage t. Then, the algorithm searches for the set ®; such that the probability
distance is minimized. That is, the cardinality of ®; is maximal while retaining most
of the stochastic information of the scenario set. In this case, the Kantorovich distance

denoted by function Z [Q;, ®;] can be applied as follows:

D[, @] = Z To min € [w,w’] (5.33)

=y w' €\ Py
where function € [w, w'] measures the probability distance between scenarios w and w’
on the time horizon of decision stages {tg,...,t} C T. In particular, function €} [w,w’]

can be described as the Wasserstein metric of order r [125] as follows:

Glow] = Y Ew®) @I (5.34)

fe{to,.‘.,t}

where £(w(?)) denotes the random vector of scenario w(t) in decision stage ¢. Finally,
the minimization problem, namely ming,q, Z [Q:, ®¢], can be formulated and solved
to obtain the maximum cardinality of ®;, i.e., the minimum cardinality of preserved

scenarios (denoted by €} = €, \ ®;) can be obtained. However, such a problem could
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be NP-hard. To solve such a problem efficiently, we adopt the heuristic method to

obtain the set of reduced scenarios, which works as follows.

1. Given the number of scenarios to be deleted N (i.e., the cardinality of ®;), the
simultaneous backward reduction algorithm [43] is used (Algorithm 8). From
line 1 to line 11 of Algorithm 8, the algorithm chooses a deleted scenario from
the original set ;. ®[! denotes the deleted scenario set in iteration v. Therefore,

&, = &IV is the set of the deleted scenarios at the last iteration N.

2. Algorithm 9 is applied to redistribute the probabilities of remaining scenarios

(i.e., probability redistribution algorithm).

3. The maximal reduction strategy [43] is applied to check if the probability distance
between the original set of scenarios and the set of the deleted scenarios is less

than the threshold or not, i.e.,
9 [Qt, (I)t] < Et (535)

where ¢; > 0 denotes the small tolerance value.

If the condition in (5.35) is true, the solution solved with the preserved scenario set
(i.e., @, = Q; \ @) is acceptable. Otherwise, the probability distance between the
original set of scenarios and the set of the deleted scenarios is too big. As a result,

the value of N has to be decreased, and the all steps are repeated.

e Scenario Construction — The scenario reduction technique presented in Algorithm 8
can reduce the scenarios for a certain decision stage t. When all the scenarios in
Q are considered by the scenario reduction algorithm, the preserved scenario tree
needs to be reconstructed by the scenario tree construction algorithm [43] as shown

in Algorithm 10.

To apply Algorithm 10, we assume that a scenario tree is represented as a fan struc-
ture, e.g., the fan in Fig. 5.4(c). Let (Q, (Qi,t € T),(T(w),w € Q), (FP(w),w €
Q), (Fl95) (), w € Q), (1, w € Q)) and (Q (Ut € T), (Y (w),Yw € @), (FIPrel (W), Vw €
Q), (Flesl(w),Yw € ), (7, Yw € )) denote the original and preserved scenarios
trees, respectively. FP'(w) and .Z19°(w) denote the functions which yield the sets of
all the precedent scenarios and the closest descendent scenarios of scenario w, respec-

tively. As shown in lines 2 and 9 of Algorithm 10, for each decision stage t starting

NTU - School of Computer Engineering



Chapter 5: Resource Provisioning on Providers’ Side 122

Algorithm 8 Simultaneous backward reduction algorithm.
Input: Scenario set §2; with probabilities 7, Vw € 2; and number of deleted scenarios V.
Output: Deleted scenario set V.

1: Select a deleted scenario from 2; as follows

2: Compute c[ |« min b [w w] ; Vo € Q.

w'#®

3: Compute d[ l wwcm Yo € Q.

Select w!l) € arg min d[ ]
weN

Set ® « {wll}.
Iteratively select a deleted scenario as follows:
for v=2to N do
Compute CEZL “— min @ [w,w'] 5 Vo €\ o1 e dUu{a).
W eQ\ (el —tu{w})
9:  Compute d([;} — Z moc s Vo e \ e,

ww )
wedl—u{w}

r'?

10:  Select w! € arg  min d([;}.
weQ\ @1l

e Set B e @1 ).

12: end for

13: return MV,

Algorithm 9 Probability redistribution algorithm.
Input: Deleted scenario set ®; with original probabilities m,, Vw € Q.
Output: Preserved scenario € with redistributed probabilities 7, Vw € €.

1: Set Q/t — Q \ P,.

2: Set m, ¢ my + Z T 3 Y €y,

wed(w)
3: where ®(w) ={w € & |w =0(w)},0(w) € arg 1}16161/ % [w,w'].
Wiy

4: return 7, Vw € Q.

from stages T to ¢, the set ®; is iteratively chosen based on the condition in (5.35).
In line 10, the preserved scenario tree (denoted by ) is iteratively reconstructed
when scenarios are removed. That is, every descendent node of a deleted scenario has
to be reconnected to the new and closet preserved precedent scenario based on the
Wasserstein metric as defined in (5.34). In the final iteration, the reduced scenario
tree can be obtained (i.e., Q). For example, the scenario tree in Fig. 5.4(c) is reduced
by Algorithm 10 and transformed to the new smaller tree as depicted in Fig. 5.4(d).
For this new tree shown in Fig. 5.4(d), the number on top of each node represents the

new probability redistributed by Algorithm 9.
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Algorithm 10 Scenario tree construction.

Input: Scenario tree (Q, (Q,Vt € T), (T(w),Yw € Q), (FP(w),Yw € Q), (F1)(w),Vw €

0), (7, Vw € Q)) and tolerance constants e; > 0,Vt € T \ {to}.

Output: Preserved scenario tree (Q’, vt € T), (Y (w),Vw € ), (FPel(w),Vw ¢

o

11:

12:
13:
14:
15:
16:
17:
18:

), (F4e3) (), Y € ), (], Yw € Q/)).

. Initialize t < T3  « Q Q) « Q. Vt € T; T (w) « T(w),Vw € Q; FlPrel(w) «

Flerel(w), Vw € Q; Flaesl () « Fldesl (), Yw € Q; 7/, « 7, Vw € Q.
Apply Algorithm 8 to choose ¢; C €); that conforms to the following condi-
tion:

E T, min % [w,w'] < g.
e\ @
s w' e\ Py

Set 7/,,Vw € Qp \ @7 with Algorithm 9.

: Reconstruct preserved scenario tree:

Set Q' < (Q'\ (FPrel(w') U {w'})) U {wo}, Vo' € By; Qf + Q) \ Dy
Frldesl () = Faesl (o) \ (FPrel(w) U {w'}), Vo' € @y
Reduce scenarios in the other stages as follows:
repeat

Set t «+—t—1.

Redo the same operation as shown in line 2.

Reconstruct preserved scenario tree:

Select §(w') € arg uI)Iélél € [w, W], Vo' € Oy

t

Set Y/ (w) + {8(w)}, Yo' € By, w € Fldesl (W),
Set F'Prel (w) < FlPrel(9(w')) U {8(w))}, Vo' € @y, w € Fldesl(u).
Set Fldesl(9(w')) « Flaesl(9(w')) U {w}, Vo' € &y, w € Fldesl().
Set Wé(w,) — Wé(w,) + my, V' € Py
Redo the same operations as shown in line 5.
until t =1
return (Q (Ut € T),(T(w),Yw € ), (FPe(w),Yw e @), (FHesl(w),Yw €

V), (x,, Y € Q’)).
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5.1.5 Performance Evaluation

To evaluate the proposed optimization model in Section 5.1.4, the deterministic equivalent
in (5.15)-(5.32) and other models for comparison are implemented by the General Algebraic
Modeling System (GAMS) and solved by IBM ILOG CPLEX (i.e., GAMS/CPLEX) [65].

The solutions obtained from the models are used for numerical studies and simulation.

1. Parameter Setting — In this evaluation, we assume that a cloud provider owns three
datacenters, i.e., D = {d,d2,ds}. Each datacenter is located in a different geograph-
ical location possibly connected to different power grids. We assume that only the
power grids connecting to datacenters d; and ds offer forward contracts for the daily
basis (24-hour). All the datacenters can purchase the power from the spot markets
(i.e., with spot prices). The maximum amount of power which can be purchased
through forward contracts by datacenters dy and dy is 1.5 MWh each. The fixed
prices of the contracts are $0.012 and $0.010 per kWh for d; and ds, respectively.
The carbon taxes charged to di, da, and ds are fixed to be 0.20, 0.40, and 0.50 cents
per kWh, respectively. We assume that the loss rate to transmit the power from any

power grids to datacenters is 0.01.

The network costs to transfer the application data between datacenters di and do,
ds and ds, di and dz are $0.10, $0.20, and $0.30 per GB, respectively. Datacenters
di, do, and ds house 100, 100, and 32 servers, respectively. Servers in dy, do, and
ds contain 2 CPU cores with 4 GB of RAM each, 4 CPU cores with 8 GB of RAM
each, and 4 CPU cores with 16 GB of RAM each, respectively. The average power
consumed by a server in dj, d2, and d3 is 380, 440, and 440 watts, respectively. We
assume that the maximum number of VMs of any class which can be allocated to the
server will be fixed to 16. We assume that the maximum amount of shared storage in
all datacenters is unbounded. In this evaluation, one VM class is evaluated. The VM
of this class consists of 2 CPU cores, 4 GB of main memory, and 160 GB of storage.
The average CPU utilization ratios of the VM in this class and all servers are 0.50
and 0.10, respectively. The hosting cost for one VM of any class is fixed at $0.015 per

hour.

Three data sets of uncertain parameters (i.e., price and demand) are considered in
this evaluation. The first dataset (i.e., dataset A) is the smallest dataset described by

the scenario tree with 4 decision stages and 15 tree nodes as shown in Fig. 5.4(a). This
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dataset A has the scenarios and parameters given in Table 5.1. The representation
of the decision stages for dataset A is depicted in Fig. 5.3. The second dataset (i.e.,
dataset B) is represented by a fan structure with 25 decision stages and 7,201 tree
nodes. The third dataset (i.e., dataset C) is based on the real data which can be
represented by the fan structure with 25 decision stages and 8,497 tree nodes. Dataset
C'is based on the analysis of the computational usage of the computer cluster in the
Nanyang Technological University [126]. The spot prices of electric power of dataset
C are the real power prices evaluated in [127]. The time length of a decision stage
for dataset A is 8 hours, while that for dataset B and dataset C'is 1 hour. Note that
the time length of decision stage depends on the spot price market (e.g., whether
the power grid allows the cloud provider to purchase the electric power through spot
prices for every 8 hours or for every 1 hour). The datacenter consisting of 500 servers
with the same parameter setting as that of d; and the VM consisting of 1 CPU core
with 1 GB of RAM and taking 90% CPU utilization are evaluated for dataset C.
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Figure 5.5: Number of VMs hosted in datacenters under different scenarios.
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Figure 5.6: Average number of VMs hosted in datacenters under different decision stages.

2. VM allocation — First, given dataset A, the VM allocation obtained by solving the
stochastic programming model in (5.15)-(5.32) is evaluated. We assume that the ap-
plication data transfer is ignored in this experiment. The solution for the first decision
stage yields 398 and 1,500 kW for the amount of power in the forward contracts for
datacenters dy and da, respectively. The amount of power signed through the forward
contract for datacenter dy is much higher than that of datacenter d; since the overall
power cost in datacenter ds is cheaper and the servers in datacenter ds can host more
VMs. The numbers of VMs allocated to datacenters under different scenarios are
shown in Fig. 5.5. The average number of VMs for each decision stage is shown in
Fig. 5.6. Clearly, most VMs are allocated in datacenter do since the power cost in
datacenter ds is the cheapest due to the signed contract. In the first stage, all servers
in datacenters dy and ds can be turned off (i.e., inactive) since the amount of demand
is not high (as shown in Table 5.1), and the demand can be assigned to datacenter ds.
Although datacenter ds can host the largest number of VMs due to the largest server
capacity, it has the least number of VMs allocated. The reason is that the carbon tax
in datacenter ds is the highest and the power grid connected to datacenter ds does
not offer forward contract. A number of servers from all datacenters are required to

serve the high demand (e.g., peak demand in scenario wyg).
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Figure 5.7: Average number of VMs hosted in each datacenter given different application
data size.

3. Impact of Application Data Sizes — Next, the impact of application data transfer is
investigated given different sizes of application data and dataset A. We assume that
the application data is originally located in datacenter d3. Thus, the data has to be
transferred to the datacenters whose VMs require them. Given different size of data,
the average number of VMs allocated in each datacenter is shown in Fig. 5.7. It is
observed that the larger size of application data prohibits the data transfer, i.e., when
the data size is 150 GB, VMs are not allocated to datacenter d; since the cost to

transfer the data from datacenter ds to datacenter d; is the highest.
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Figure 5.8: Average number of VMs hosted in each datacenter for different scenarios.
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Table 5.2: Cost comparison among different optimization models.

Scenario UL CL MS EU SP
wr 133.76 369.42 194.34 161.26 165.21
ws 164.12 577.84 203.86 170.78 174.73
wo 184.16 685.60 210.66 195.50 184.16
w10 204.20 866.88 217.46 235.57 223.76
w11 137.69 409.00 195.70 158.62 166.57
w12 160.11 519.55 202.50 168.42 173.37
w13 188.17 707.67 212.02 216.61 193.26
w14 200.65 816.19 216.10 245.97 220.32

Average | 171.60 | 619.02 (260.72%) | 206.58 (20.38%) | 194.09 (13.10%) | 190.88 (11.23%)

4. Impact of Server Availability — The impact of server availability on the solutions of the

proposed model is evaluated, given dataset A and 50 GB of application data originally
located in datacenter ds. In Fig. 5.8, the average number of VMs allocated to each
datacenter under different scenarios is shown. The considered scenarios are as follows.
All servers in every datacenter are available (i.e., HA). All servers in datacenter ds are
unavailable in scenarios wy, wg, ws, wy, w1, and wig (i.e., LA). HA and LA scenarios
do not have the forward contracts (i.e., HA w/o and LA w/o, respectively). To study
the impact of availability, the decision variable zELOS] for the servers in datacenter do
given the controlled scenarios is fixed to zero. Note that the result from the HA case is
the same as that of Fig. 5.7. Clearly, for the LA and LA w/o scenarios, the number of
VMs allocated to datacenter ds significantly decreases since the entire datacenter ds is
not available. Without the forward contract subscription (HA w/o and LA w/o0), VMs

are allocated in datacenter d3 since the spot price for datacenter dg is the cheapest

and the application data are already locally available in datacenter ds.

Since the servers (and also datacenters) may not be always available due to some
unexpected conditions (e.g., power disruption, network failures, and hardware crash),
the uncertainty of server availability should be taken into account. This experiment

shows that the proposed model can be adjusted to address the availability of servers.

. Cost Comparison among Different Models — Different optimization models are com-
pared to the proposed model based on the proposed stochastic programming model
(i.e., SP). The compared models include the uncertainty-less (UL), contract-less (CL),
maximum subscription (MS), and expected-value of uncertainty based on Jensen’s in-
equality [55] (EU) models. The UL model is a deterministic optimization model in
which all the parameters are known. The CL and MS models are also deterministic

optimization models. The CL model does not take the forward contract into account,
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Table 5.3: Applying scenario reduction with different tolerance.

5 #nodes Average cost ($)
Original fan 25 (1, 8, 8, 8) 190.32
(0.00, 0.00, 0.05) | 22 (L, 7, 7, 7) 190.32
(0.00, 0.05, 0.05) | 16 (L, 4, 4, 7) 100.32
(0.05, 0.05, 0.05) | 14 (1, 2, 4, 7) 100.32
(0.00, 0.00, 0.10) | 16 (1, 5, 5, 5) 100.32
(0.10, 0.10, 0.10) | 11 (1, 2, 3, 5) | 197.58 (3.81%)

while the MS model purchases the maximum amount of power of the forward con-
tract offered by power grids. The EU model applies the expected values of uncertain
parameters (given dataset A) and considers them as deterministic parameters to be

solved in an optimization model.

Table 5.2 shows the total costs (in dollars) and average cost given different realized
scenarios. Total costs are the final costs after the scenarios in the final decision stage
are observed. Note that the percentage shown after the average cost is the percentage
difference between the cost of UL and that of its compared model. Although the UL
model clearly yields the (deterministic) minimum costs, the model is not applicable
in the real system when the uncertain parameters are involved. The CL model yields
the highest costs since the forward contract is not considered, while the MS model
can significantly reduce the costs with the forward contract. The EU model can
considerably reduce the costs. Theoretically, the EU model yields a less optimal
solution than that of SP model (i.e., expected cost from EU model cannot be lower
than that from SP model [55]). The costs obtained from the SP model in scenarios
wr, Wy, w11, and wis are higher than that of the EU model. However, the SP model
yields the minimum average cost under uncertainty. In other words, the SP model
can effectively minimize the expected cost incurred by scenarios presented in objective

function (5.4).

6. Impact of Scenario Reduction — Next, given dataset A, the scenario reduction is eval-
uated. To apply the scenario reduction, the scenario tree of dataset A in Fig. 5.4(a)
is transformed into the fan structure as shown in Fig. 5.4(c). Then, as shown in Ta-
ble 5.3, Algorithm 10 is performed to reduce the scenario fan and construct a new
scenario tree given tolerance &, (mentioned in inequality (5.35)). In Table 5.3, the
first column shows the given tolerance values for the decision stages t1, to, and t3,

i.e., (€4,,€ty,€t5). After the tree reduction is performed, the second column lists the
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numbers of nodes in the new scenario tree, decision stages t1, to, and t3, respectively.

The last column summarizes the average cost given different tolerance.

In Table 5.3, it is noticed that the larger tolerance decreases the number of nodes in
the scenario fan. As shown in (5.33) and (5.35), the larger tolerance increases the
number of deleted scenarios, i.e., |P|. Given the three tolerance values set to 0.10,
the number of nodes of the reduced scenario fan (i.e., Fig. 5.4(d)) is less than half

of the original scenario fan and the average cost is not equal to that of the original

scenario fan.
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Figure 5.9: Probability distribution of leaf nodes in original tree.
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Figure 5.10: Probability distribution of leaf nodes in reduced tree with € = 0.005.
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Figure 5.11: Probability distribution of leaf nodes in reduced tree with ¢ = 0.05.

Given dataset B, the impact of scenario reduction on stochastic information of the
reduced scenario tree is investigated. In Fig. 5.9, the discrete normal distribution of
the leaf nodes in the original scenario tree is shown. Given two different tolerance
values of ¢ (i.e., 0.005 and 0.05) for only the last decision stage, the new scenario tree
is reduced by Algorithm 10 and solved to obtain the global solution. The number
of leaf nodes in the original scenario tree and reduced scenario trees with € = 0.005
and € = 0.05 is 300, 281, and 209, respectively. For the probability distributions of
the two reduced scenario trees, the stochastic information of the original scenario tree
is maintained by redistributing the probabilities of remaining scenarios as shown in
Fig. 5.10 and Fig. 5.11. That is, the probabilities of deleted scenarios are redistributed
and added to that of some remaining scenarios based on Algorithm 9. The average
costs of the reduced scenario trees with tolerance ¢ = 0.005 and € = 0.05 are higher

than that of the original scenario tree about 0.003% and 0.13%, respectively.
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Table 5.4: Performance evaluation of scenario reduction with different tolerance.

€ #nodes #var #con #mem | R-time T-time Contr. Cost
Original 8,497 | 3,423,892 | 1,733,187 | 966 MB — 1,583.22 s | 1,356.00 kW | $3,247.38
0.001 5,673 | 2,245,520 | 1,136,691 | 673 MB 0.27 s 809.05 s | 1,357.29 kW | $3,255.62
0.010 2,367 953,502 482,667 | 353 MB 0.14 s 235.14 s | 1,349.37 kW | $3,264.93
0.100 319 128,158 64,875 | 148 MB 0.09 s 22.96 s | 1,460.25 kW | $3,301.77

Optimization model

2500 3000 3500 4000
Average cost ($)

Figure 5.12: Cost comparison between different optimization models obtained from the
simulation.

7. Simulation— A discrete event simulation is developed to evaluate the proposed stochas-
tic programming model as follows. First, given the real data of dataset C, the models
including SP, UL, EU, MS, and CL as mentioned in the previous experiment are
solved. In addition, the SP model applied together with the scenario reduction with
defined tolerance € = 0.01 for all decision stages (called SR model in this experiment)
is solved. Note that all models are solved with GAMS/CPLEX on the test machine
with two 2.8 GHz quad-core processors and 16 GB of RAM. For each model, 30 global
solutions are obtained for 30 day basis. The simulation program randomizes discrete
events (i.e., demand and prices) for the 30 day basis such that an event in each hour
is generated according to the cumulative distribution functions of spot prices and
demand. The average cost incurred by each model from the simulation is shown in
Fig. 5.12. Again, the UL model yields the minimal cost since all the parameters are
assumed to be perfectly known. With the uncertainty in parameters, the SP model
yields the minimal cost. Although the scenario reduction is used in the SR model, the

lower cost than that of the other models can still be achieved.

Then, given dataset C and different tolerance values, the proposed model is solved
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and the simulation is performed to evaluate the performance of scenario reduction as
presented in Table 5.4. The average amount of power purchased with the forward
contract given the original scenario tree is 1,356 kWh (shown in column “Contr.”).
Although solving the model with the original scenario tree yields the lowest average
cost, the model takes about 1,582 seconds (in column “Total time”) and consumes 966
MB of RAM (in “#mem”) using the largest scenario tree, i.e., the largest numbers of
variables (in “#var”) and constraints (in “#con”). In Table 5.4, the larger tolerance
results in the smaller number of variables and constraints. As a result, the computa-
tional time to solve the model with a reduced scenario tree is significantly faster than
that of the original scenario tree. The larger tolerance also reduces the time to exe-
cute the scenario reduction algorithm (in “R-time”). Since Algorithm 10 iteratively
chooses the deleted scenario set (i.e., ®; C §);) starting from the largest cardinality of
the set to the smallest cardinality, the condition in (5.35) can be quickly reached given
the larger number of deleted scenarios and a larger tolerance. As a result, the exe-
cution time of scenario reduction is reduced. In Table 5.4, the average cost decreases
given a larger tolerance since the stochastic information of the original probability
distribution is altered by the scenario reduction. However, the average cost given a

small tolerance (e.g., e = 0.001) is very close to that of the original scenario tree.

5.2 Profit Maximization Model for Cloud Retailer

In this section, we focus on the resource provisioning on a cloud retailer’s perspective.
A cloud retailer is a cloud provider that provisions resources from other cloud providers.
Then, the cloud retailer integrates value-added services (e.g., SaaS and PaaS) into the
provisioned resources. The cloud retailer can profit by selling the value-added services to
cloud consumers. In contrast, a cloud consumer may or may not provision resources for
selling to others. In this thesis, an optimization model derived for a cloud provider or
a cloud retailer maximizes the profit, whereas an optimization model derived for a cloud

consumer aims to minimize the total provisioning cost.

The cloud retailer can decrease the cost (i.e., increase more profit) by purchasing a reser-
vation option for long-term resource provisioning. Similar to a cloud consumer, the cloud

retailer can encounter the overprovisioning and underprovisioning problems due to the de-
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Figure 5.13: System model of the cloud provider’s computational service.

mand uncertainty. That is, reserved resources could be provisioned inefficiently. The op-
timization models for cloud consumers derived in Chapter 3 can be slightly modified to
a cloud retailer. For example, the stochastic programming model in (3.17)-(3.20) can be

modified to be an optimization model for a cloud retailer as shown in (5.36)-(5.37).

LB (c) o) Z Z Z Tw <(% - Cz‘(;)) ‘Tz(jc)u + (Vi — Z(joz, ij> Z Z C 5 (5.36)

’Lj ? z]w’ Tjw iEI jeijQ lGI ]Gj
subject to:  (3.5),(3.11), (3.12), (3.18), (3.20)
Diy =Y (2l +al)), vieTweq (5.37)
JjET

where 7; denotes the selling price of a single VM of class ¢. In particular, the objective

function in (5.36) is to maximize the retailer’s profit.

In this section, we present a case study when a cloud retailer rents resources from Microsoft
Windows Azure [25]. To deal with the overprovisioning and underprovisioning problems, we
propose a resource provisioning algorithm for the cloud retailer to provision resources from
Windows Azure by applying the algorithms proposed in Chapter 3. The main objective of

the algorithm is to maximize the cloud retailer’s profit under the demand uncertainty.
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Table 5.5: Compute instances offered by Windows Azure.

Instance Specification (CPU / RAM / storage) | $ per hour | 0;
Extra Small 1 GHz / 768 MB / 20 GB 0.04 1
Small 1.6 Glz / 1.75 GB ] 225 GB 0.12 1
Medium 2x 1.6 GHz / 3.5 GB / 490 GB 0.24 2
Large 4x1.6 GHz /7 GB / 1,000 GB 0.48 4
Extra Large 8 x 1.6 GHz / 14 GB/ 2,040 GB 0.96 8

5.2.1 System Model and Assumption

The architectural system model of a cloud provider’s computational service is depicted in
Fig. 5.13. The model consists of four layers, i.e., cloud service, instance manager, compute
instance, and Windows Azure. The top three layers are manageable by the cloud provider
whereas the bottom layer is operated by Microsoft. The cloud service layer represents a set
of cloud services (i.e., set J) offered by the cloud provider to the customers. Let P; denote
the selling price for cloud service j. The cloud provider rents computational resources from
Windows Azure to operate the cloud services. To simplify the model, we assume that that
only CPU time of compute instances is the only one type of resource considered in the
model. Thus, costs incurred by other resources and services (e.g., storage, service bus,
caching, SQL Azure, the Internet traffic for the data transfer, etc.) are ignored. We assume

that all compute instances are installed with a set of software required by all cloud services.

To efficiently manage compute instances, we assume that the instance manager layer offers
main functions, for example, distributed scheduling, load balancing, accounting and billing,
and monitoring functions. The compute instance layer provides a pool of compute instances
rented from Windows Azure. Windows Azure layer offers the platform to host compute

instances.

Windows Azure provides 5 classes of compute instances (i.e., set Z) as shown in Table 5.5.
Each type features different (virtual) hardware specification and on-demand price. The 6-
month subscription and on-demand options are both considered in the model. Although the
subscription option is the 6-month term, the model determines the option in a month-by-
month basis. Let the monthly subscription length (i.e., L) be 750 hours [25]. We assume that
Windows Azure does not limit the number of hours that the cloud provider can purchase,

and the rented compute instances are always available to the cloud provider.

The subscription option includes 750 hours of Small instance, i.e., 1 base unit [25]. Users
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can increase the number of base units. The monthly subscription is $71.99 per base unit
(i.e., F'). The 750-hour size of a base unit can be converted to the number of hours for
any compute instances. Windows Azure defines the equivalent ratio denoted by 6; for the
conversion as presented in Table 5.5. This equivalent ratio is useful for selecting appropriate
compute instances to efficiently accommodate cloud services. In this model, for each cloud
service, the customer’s demand is represented as the number of CPU hours (i.e., aj,,) which

will spend in Small instance.

In Fig. 5.13, the instance broker (IB) is available in the compute instance layer. IB is
responsible for making a decision to purchase compute instances. The main contribution is

to develop an optimization model for IB.

The decision of IB consists of 3 decision variables, i.e., x, y;j.,, and z;;,. Variable x denotes
the number of base units of the subscription option which needs to be purchased in advance.
To deal with the demand uncertainty, variables y;;, and z;;, are considered as recourse
actions. According to observed scenario w € €2, the recourse actions state the number of
hours to be taken from base units (i.e., ¥;j.,) and also the number of hours to be purchased
with the on-demand option (i.e., zjj,). A scenario represents possible demand (i.e., ajy,).
Let €; denote the set of scenarios of demand for cloud service j. A multivariate set of

scenarios for every cloud service can be obtained through the Cartesian product as follows:
o=1J . (5.38)
jeJ
Finally, scenario w € ) can be represented as a random vector as follows:

{(w) = (aijlun aijgun e ,ai‘j‘w) . (539)

We assume that the discrete probability distribution of € associated with respective prob-

abilities (i.e., m,) is available in the model.
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5.2.2 Profit Maximization Formulation

A stochastic programming model can be derived by following the basic properties of stochas-

tic programming with two-stage recourse [97] for the instance broker as follows:

Maximize:  E[2[z,w]] — F (5.40)
subject to:  x € {0,1,...} (5.41)
Yijw, Zijw > 0,Vi€ L, j € J,w e (5.42)
DY bigijw < La,Yw € Q (5.43)
i€l jeJ
Qjyy = Zﬁi [yijw + zijw], VieJ,we. (5.44)
1€T

In (5.40), the objective function is to maximize the cloud provider’s profit. E[-] denotes the
expected value of profits incurred by every scenario w € 2 where function 2(x,w) denotes
the maximization problem, given the value of variable x and scenario w defined as follows:

o@[.%', (.d] = max Z Z |:1DJ Yijw + (Pj — C’z)zww} . (5.45)

YijwrZijw iteEJ
Suppose €2 has finite support. That is, ) has the finite number of scenarios, and each
scenario w is described by respective probability, i.e., 0 <7, <1 and ) .o m, = 1. Then,
the stochastic programming model in (5.40)-(5.44) can be transformed into a deterministic
equivalent model which is a mixed integer linear programming model. That is, given a

probability distribution of 2, E[2[z,w]] in (5.40) can be redefined as follows:

E[Q[SE,QJH = Z Z Z Tw |:P] Yijw T (.P] — C’i)zijw] . (546)

€L jeJ wed

The model consists of the following constraints. Constraints in (5.41) and (5.42) indicate
that the variables take the values from the sets of non-negative integers and non-negative
real numbers, respectively. Constraint in (5.43) controls the amount of utilizable hours
of base units. Constraint in (5.44) states that the number of hours offered by the cloud

provider has to meet the customers’ demand.
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The resource provisioning algorithm for a cloud retailer based on Windows Azure can be

derived as shown as follows:

Algorithm 11 Resource Provisioning Algorithm for Windows Azure Based Cloud Retailer

Input: =, C;, P;.

Output: z*.

1:

2

3

x* < solve model in (5.40)-(5.44).
: Wait until the second provisioning stage occurs.

: Observe scenario w.

4: Apply the recourse action for observed scenario w based on z*.

5:

return z*.

5.2.3 Numerical Studies

1. Parameter Setting — To evaluate the performance of the optimization model derived

in (5.40)-(5.44), the proposed model and other compared models are implemented and
solved by GAMS/CPLEX [65].

For experimental parameters, the actual prices to rent compute instances in Windows
Azure are applied. To simplify the experiment, only Small instance is used in the
evaluation. Two cloud services are evaluated, namely J; (e.g., web hosting service)
and Jy (e.g., application hosting service). The selling prices for J; and J are $0.20
and $0.40 per hour, respectively. Let the demand (i.e., a;.,) for the cloud service vary
in the interval [1000, 16000] hours, and 16 scenarios are considered for each demand
(i.e., |©2] = 256 scenarios). We assume that the discrete probability distributions of

demand for J; and Js are uniform and exponential distributions, respectively.

. Impact of On-demand Prices — The impact of on-demand prices on the decision of

the proposed model is investigated. We assume that the on-demand price can be
later adjusted by Microsoft without notifying the cloud provider in advance, while the
subscription fee and selling prices of cloud services are fixed. The on-demand price is
varied in the interval [$0.10, $0.21]. Asshown in Fig. 5.14, the increment of on-demand
price results in subscribing more number of base units. Since the on-demand price is
more expensive, the model purchases the fixed-price subscription option. In contrast,
the higher on-demand price clearly decreases the profit as shown in Fig. 5.15. Note

that the average profit used in this experiment is calculated by a developed simulation.
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Figure 5.14: Impact of on-demand price on the number of base units.
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Figure 5.15: Impact of on-demand price on the average profit.

That is, the simulation generates a number of possible scenarios, and then an average

profit is obtained given the profit under generated scenarios.

3. Comparison among Different Models — Next, the different profit maximization models
are evaluated, namely the proposed stochastic programming (STO) derived in (5.40)-
(5.44), deterministic-demand (DET), only-on-demand (OOD), on-demand-less (ODL),
and expected-value of uncertainty (EVU) models. DET is a deterministic optimization
model in which the demand is assumed to be precisely known in advance. OOD and
ODL are considered as deterministic optimization models as well. OOD can instantly
apply the on-demand option at the moment when a scenario is observed. Hence,

OOD does not require the subscription option. In contrast, ODL solely determines
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Figure 5.16: Impact of on-demand price on the number of base units.

the worst-case scenario to hedge peak demand by applying the subscription option
without later purchasing the on-demand option. EVU is a well-known optimization
model for dealing with the uncertainty. To address the demand uncertainty issue,
EVU uses the expected-value of demand of each cloud service as the fixed demand.
Then, a deterministic linear programming can be formulated and solved given the

expected-value of demand.

In Fig. 5.16, the average profit, on-demand cost (i.e., cost of purchased on-demand
option), and oversubscription cost (i.e., cost of unused hours of base units) incurred
by each compared model are presented. Again, the simulation is developed to obtain
the average costs given a set of generated possible scenarios. Clearly, DET yields the
best solution. However, DET is not applicable when there is a demand uncertainty.
ODL yields the least profit, since ODL oversubscribes to completely avoid the on-
demand option. Hence, the oversubscription cost is the highest, and such a cost
decreases the profit margin. Since OOD solely purchases the more expensive on-
demand option, the yielded profit is poor. EVU performs well in which both on-
demand and oversubscription costs greatly decrease. However, the profit of EVU is
still less than that of STO since EVU considers only the expectation of demand. In
particular, STO takes the probability distribution of all scenarios into the optimization

model. STO yields the highest profit when the demand uncertainty is regarded.

As presented in Table 5.6, other solutions given different numbers of base units (shown
in the first column) are compared with STO as well. A simulation is developed to
generate a number of scenarios to evaluate costs incurred by purchasing the fixed

number of base units. Different average costs are evaluated (as shown in the column
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Table 5.6: Cost comparison among different numbers of base units.

# | $Subscribe | $On-demand $Over $Profit

4 $287.96 $2,206.28 $2.15 $3,951.07
12 $863.88 $1,549.33 $52.58 $4,032.11
15 $1,079.85 $1,325.43 $89.45 $4,040.04
16 | $1,151.84 $1,253.43 | $103.85 | $4,040.05
17 $1,151.84 $1,184.09 $120.38 $4,037.39
20 $1,439.80 $984.65 $176.82 $4,020.86
30 $2,159.70 $440.61 $461.55 $3,845.00

headers), i.e., subscription ($Subscribe), on-demand ($On-demand), oversubscription
(3Over), and profit ($Profit) costs. In Table 5.6, 16 base units (as highlighted) are the
same solution as that of STO (i.e., optimal solution). It is observed that a solution of

the number of base units close to 16 has the average costs converging to that of STO.

Although the simulation used in this experiment can be applied to obtain the optimal
number of base units, the computational complexity of the simulation is higher than
that of STO. That is, the simulation needs several iterations to evaluate the number
of base units. With a large number of scenarios, the simulation takes a longer time
to evaluate the candidate numbers of base units. In terms of the computational per-
formance, STO performs well. That is, for this parameter setting, the total execution
time for solving STO is less than one second, while the simulation takes longer than
a few ten seconds on the test machine with 2.93 GHz quad-core processor and 4 GB

of RAM.

5.3 Conclusion

In this chapter, we have addressed the resource provisioning designed for cloud providers.
First, we have proposed the stochastic programming model with multi-stage recourse in
which the cloud provider can jointly optimize the power and resource allocation costs under
the uncertainties of compute demand and power prices. The numerical studies and simu-
lation have been extensively performed. From the results, the proposed model can obtain
the optimal solution and outperform the other compared models. Moreover, in the chapter,
we have proposed the resource provisioning algorithm designed from the cloud retailer’s
perspective. We have derived the stochastic programming model for the cloud retailer to
provision resources from Windows Azure. The performance evaluation results show that

our proposed model can maximize the cloud retailer’ profit under the demand uncertainty
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and outperform the other competitive models. The proposed model can be extended to

cloud retailers based on other cloud providers rather than Windows Azure as well.
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Summary and Future Works

6.1 Conclusions

In this thesis, we have focused mainly on the resource provisioning in cloud computing.
On-demand and reservation options offered by cloud providers have been applied for pro-
visioning resources. FEach option has different price and benefit. Due to uncertainties, the
common problems encountered in resource provisioning with the two options are overprovi-
sioning and underprovisioning. We have considered three uncertainties causing the resource
provisioning problems, i.e., uncertainties of demand, price, and availability of resources. We
have proposed novel algorithms and framework to deal with the uncertainties and optimize
the resource provisioning cost for different cloud stakeholders (i.e., cloud consumer, cloud

provider, and cloud retailer).

The research contributions presented in this thesis can be summarized as follows:

e Resource provisioning algorithms for a cloud consumer: We have proposed novel re-
source provisioning algorithms for provisioning the resources from IaaS-based cloud
providers to a cloud consumer. The main objective of the algorithms is to minimize
the resource provisioning cost incurred to the cloud consumer, while the uncertainties

are taken into account.

First, we have formulated a stochastic programming model with two-stage recourse

for the first proposed algorithm. With stochastic programming, the uncertainties are
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described as scenarios associated with a probability distribution. We have applied
Benders decomposition to divide this optimization problem into smaller independent

problems which can be solved faster.

Second, we have proposed a new algorithm by extending the two-stage stochastic pro-
gramming model using the robust optimization. This new algorithm can be adjusted
according to the cloud consumer’s risk preference for balancing the tradeoff between
the solution- and model-robustness. That is, the solution will be close to the deter-
ministic optimal solution for the solution-robustness, while the overprovisioning and

underprovisioning problems will be reduced for the model-robustness.

Third, we have proposed a resource provisioning algorithm based on stochastic pro-
gramming with multi-stage recourse. The algorithm is useful for provisioning resources
when multiple reservation contracts offered by cloud providers and multiple provision-
ing stages are involved. To deal with a large number of scenarios, we have applied
the sample-average approximation (SAA) technique. With the SAA technique, the
number of scenarios can be reduced such that the computational complexity of the

algorithm can be reduced, while the near optimal solution can be achieved.

Fourth, we have demonstrated how the proposed resource provisioning algorithms
can be applied to Amazon EC2 (a well-known cloud provider) using real data. In
particular, we have developed two resource provisioning algorithms for the long- and
short-term resource provisioning plans. That is, the long-term provisioning algorithm
is for purchasing the reservation option, while the short-term algorithm is for pur-
chasing the spot option. The on-demand option will be additionally purchased when

the provisioned resources are not sufficient.

We have performed numerical studies and simulation to evaluate the proposed algo-
rithms. The results show that the algorithms can give the lowest resource provisioning

cost when the algorithms are compared with other well-known algorithms.

e Joint power optimization and resource management for a cloud provider: We have
designed a joint power and resource management framework for a cloud provider. We
have focused on the smart grid technology for the cloud provider’s datacenters. In
this smart grid environment, the cloud provider encounters risk of fluctuating spot
prices of electric power. To deal with the problem in our proposed framework, we
have formulated a stochastic programming model with multi-stage recourse from the

cloud provider’s perspective to minimize the expected cost under power price and
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compute demand uncertainties. The expected cost is composed of the virtual machine
hosting, electric power, and application data transfer costs. We have used the scenario
tree construction for describing uncertainties of the multi-stage recourse problem. In
addition, we have applied the scenario reduction technique to reduce the size of a

scenario tree such that the computational complexity of the problem can be reduced.

We have performed numerical studies to evaluate the framework. The results show
that the proposed framework can give the lowest cost. Although the size of scenario

tree taken into the framework is reduced, the near optimal solution can be achieved.

Resource provisioning algorithm for a cloud retailer: We have focused on a cloud
computing market where a cloud retailer can earn a profit by implementing and selling
value-added services on top of other cloud providers’ resources. We have proposed a
resource provisioning algorithm from the cloud retailer’s perspective for provisioning
resources under uncertainty from laaS-based cloud providers to the cloud retailer.
The main objective of the algorithm is to maximize the retailer’s profit. The optimal
solution of this algorithm is obtained by solving stochastic programming with two-
stage recourse. To show how the algorithm can be derived, a case-study is presented
where the cloud retailer implements cloud services on top of resources provisioned
from Windows Azure. The results show that the cloud retailer can maximize the

profit.

Thus, in this thesis, we have addressed the resource provisioning problems from three cloud

stakeholders, i.e., cloud consumer, cloud provider, and cloud reseller. We have proposed

novel algorithms and framework to optimize the cloud stakeholders’ profit taking uncer-

tainties into account. Our contributions will be useful for the resource provisioning opti-

mization in cloud computing. The proposed algorithms and framework will be useful for

cloud providers who want to optimally operate the cloud computing business and cloud

consumers who want to optimally utilize resources located in cloud computing.

6.2

Future Works

Some of the issues will be addressed in our future research as follows:
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6.2.1 Extension of the Current Work

The resource provisioning algorithms proposed in this thesis could be extended as follows:

e Integrating a scheduling policy to resource provisioning: One future research direc-
tion is to integrate a scheduling policy to resource provisioning. The scheduling
policy describes a set of actions that jobs submitted from cloud consumers will be
dispatched to provisioned resources. There are a number of scheduling policies for a
distributed system environment [128], e.g., first-come-first-serve (FCFS), round-robin,
and shortest remaining time policies. Each scheduling policy potentially affects a re-
source provisioning solution. Currently, our proposed algorithms mainly address the
resource provisioning without taking any scheduling policies into consideration. We
could investigate the impact of differrent scheduling policy on the optimal resource

provisioning solution.

e Biologically inspired resource provisioning: In this thesis, our proposed resource pro-
visioning algorithms were developed by stochastic programming. With stochastic
programming, information about stochastic parameters (i.e., probability distribution
of demand and price) needs to be publicly available. However, such information
might not be available in a real situation. To overcome this problem, a resource pro-
visioning algorithm with learning and evolution capability could be explored using
bio-inspired computing [129], e.g., evolutionary algorithm [130] together with a fore-
casting method [45] to handle the uncertainties in multiple provisioning stages. This
algorithm will be able to observe, learn, and adapt a resource provisioning decision
without complete and perfect information about the stochastic parameters. The com-
putational complexity of the algorithm is smaller than that of stochastic programming

and can be implemented with small overhead.

This biologically inspired resource provisioning algorithm will be able to gradually
learn how the resources will be provisioned. In each provisioning stage, the algo-
rithm collects historical information (e.g., cloud consumers’ demand, resource prices
and availability) to be used in the forecasting method. Then, in each provisioning
stage, the algorithm will make a decision to provision resources with the on-demand
option from appropriate cloud providers. In addition, the algorithm will adapt a re-

source provisioning solution to deal with the incoming provisioning stages, e.g., the
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algorithm will provision more resources with the reservation option or release some

unused provisioned resources.

e Resource provisioning optimization with probabilistic constraints: For the next re-
search issue, an optimization model with probabilistic constraints [131] could be de-
rived for resource provisioning. Such a model imposes constraints on the probability
of events. For example, the optimization model of the OVMP algorithm in (3.17)-
(3.20) may include a probabilistic constraint. Suppose a cloud provider would like the
probability that the demand of every VM class be satisfied to be larger than some
fixed service level 1 — a, where o € (0,1) is small. The demand constraint in (3.19)

could be redefined as a probabilistic constraint as follows:

Prq Di, <) (xEjZJ + xE;l) >l—a, VieT,we (6.1)
i€

Such an imposing constraint on probability is important when high uncertainty is
involved and reliability is a major issue. For example, a certain level of SLA for
the cloud consumer’ demand has to be strictly controlled, while the cloud consumer’
demand is highly fluctuated. As a future work, we will need to explore appropriate
probabilistic constraints which will be included in an optimization model for resource
provisioning in cloud computing. In addition, a method for efficiently solving the
optimization model with the probabilistic constraints needs to be investigated, since

the probabilistic constraints increase the computational complexity.

6.2.2 Cost-benefit analysis of resource provisioning

Cost-benefit analysis (CBA) is a technique for analyzing costs and benefits of projects [132].
Between two or more mutually exclusive projects, a decision maker (or analyst) can use CBA
to choose a project which will be operated. In the literature about cloud computing, CBA
was applied. For example, Kondo et al. [133] calculated and compared the costs and benefits
of cloud computing and desktop grid. Assuncao et al. [134] determined the costs to expand

the size of local clusters by using cloud computing.

As a future work, we can apply CBA to determine the costs and benefits of upgrading
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on-premise resources (e.g., private cloud [12]) versus deploying some or all IT applications
to public clouds. For example, some IT applications might be hosted in a current IT
system (e.g., legacy system of servers) in which they could not operate efficiently to serve
the current amount of workload. Some resources (e.g., storage and main memory) might
not be sufficient to serve the applications. The amount of data may exponentially increase
until the current system cannot sustain to store and process the data in the near future.
Moreover, new applications (e.g., compute- and data-intensive applications) might not be
able to perform well in the current system. Upgrading the current system or purchasing
additional physical resources (e.g., latest-model servers) could be a possible option; however,
it definitely results in higher TCO [8]. In contrast, the resources can be provisioned in cloud

computing for such IT applications and large data.

Different from the previous works [133,134], multiple cloud providers with various provi-
sioning options, QoS, SLAs, resources, and prices will be analyzed with CBA. First, costs
and benefits of physical resources for upgrading the current system will be calculated. Then,

cloud computing will be evaluated with different aspects as follows.

Each provisioning options offered by providers has different benefits. Some providers offers
an auction-based provisioning option such that the prices of resources could be the cheapest,
e.g., the spot option from Amazon EC2 [18]. However, the auction-based option may
not guarantee the resource availability. Moreover, a similar resource of cloud providers
could be different in terms of prices, QoS, and SLAs. A benchmark tool [105] would be
required to determine the average performance of resources, since an I'T application usually
requires a target performance and a certain number of resources. Then, benefits of utilizing
resources from multiple cloud providers need to be compared such that an appropriate
number of resources from cloud providers can be chosen for a specific application. In
addition, the benefit could be determined from the security and data size aspects. For
example, deploying some applications with sensitive data and applications with a big data
set in cloud computing may not be suitable. Finally, we could make a decision whether

upgrading the current system or deploying the system to the cloud providers will be chosen.
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6.2.3 Optimal Capacity Planning Algorithm

For a cloud provider, a capacity expansion planning is to determine the resource capacity
needed by cloud consumers [135]. With capacity expansion planning, the cloud provider
can prepare the number of servers and other resources in advance to meet cloud consumers’
demand in a long-term plan such that the cloud provider can maximize the profit. In
particular, the cloud provider supplies a set of physical resources for serving demands.
When the physical resources are not sufficient or not available to conform to a target
service-level-agreement (SLA), the cloud provider can purchase additional resources from
suppliers. A supplier gives a price list of selling resources to the cloud provider. Then, the
price list is considered by the cloud provider for purchasing and provisioning more resources
in the future. This purchasing process usually takes a long time due to the availability of
products in suppliers’ warehouses and time to deliver the products. Therefore, the cloud

provider must carefully perform the capacity expansion plan in advance.

An optimal capacity planning (OCP) algorithm could be developed as another future re-
search direction. The main objective of the OCP algorithm from a cloud provider’s per-
spective is to maximize the profit, while target system utilization and SLAs held by the
cloud provider and cloud consumers are maintained. Uncertainties, e.g., demand, price, and

availability of resource, will be considered in the algorithm as well.

This OCP algorithm could be applied with the optimization model for a cloud provider
addressed in Section 5.1. That is, the joint optimization of power and resource manage-
ment will be considered together with the capacity expansion planning optimization. The
power and resource management will be applied for short- or medium-term planning, while
the capacity expansion planning will be the long-term plan. To integrate the short- and
long-term optimization models as a single unified optimization model, a bilevel optimiza-
tion [136] can be applied. The bilevel optimization is a problem where one optimization
problem is embedded in another optimization problem, i.e., the short-term power and re-
source management problem is dependent on the long-term capacity expansion planning

problem.
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6.2.4 Study of Interactions among Cloud Stakeholders

In this thesis, we have proposed the resource provisioning algorithms for each cloud stake-
holder. Three cloud stakeholders are considered, i.e., cloud consumer, cloud provider, and
cloud retailer. The interactions among the stakeholders could be studied in the future work.
For example, the resource price uncertainty on the cloud provider’s side could affect the
demand on the cloud consumer’s side. The interactions among the cloud stakeholders could
be analyzed by game theory [137]. This analytical study will be able to show the impact of
one fluctuating uncertain parameter (e.g., a cloud provider’s resource price) on other uncer-
tain parameters (e.g., other cloud providers/retailers’ resource prices, and cloud consumers’

demands).
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Appendix A

Nomenclature

A.1 Nomenclature used in Chapter 3 and Chapter 4

Sets and Indices

Notation Definition
No Set of non-negative integers i.e., No = {0,1,...}
A Set of applications, a € A
D Set of datacenters, d € D
Fhrt Set of decision stages from stage ¢t that reserved resources provisioned with contract k can
be utilized i.e., Fxt C T
T Set of virtual machine (VM) classes or EC2 instance types, i € Z
J Set of cloud providers, j € J
K Set of reservation contracts, k € K
P Set of purchased spot instances, p € P
R Set of resource types, r € R
T Set of decision stages (i.e., provisioning stages), t € T
Te Set of decision stages at which resources can be provisioned by contract k, i.e., T C T
Q Set of scenarios, w € (2
QN Set of sampling scenarios with size N, Qn C Q2
Oy Set of scenarios in decision stage t, {2; C 2

Table A.1: List of sets and indices used in Chapter 3 and Chapter 4
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Constants and Parameters

Notation Definition
Ajrw Amount of resource of type r which is available in cloud provider j under scenario w and
provisioning stage t
Ajrtw Amount of resource of type r which is available in cloud provider j under scenario w
Bir Amount of resource of type r required by a single VM of class &
Ci(jR ) Reservation fee of VM class i at cloud provider j
C’f;) Expending cost of VM class i at cloud provider j
C’f;i On-demand cost of VM class ¢ at cloud provider j under scenario w
Ci(]}.? Reservation fee of VM class ¢ with contract k at cloud provider j
C};Lw Reservation fee of VM class ¢ with contract k at cloud provider j under scenario w and
provisioning stage t
Cg;,lw Expending cost of VM class ¢ with contract k at cloud provider j under scenario w and
provisioning stage t
ijc-’gw On-demand cost of VM class % at cloud provider j under scenario w and provisioning stage ¢
Ci(R> One-time fee of reserved instance type ¢
C’Ee) Unit price to execute reserved instance type @
C’i(o) Unit price to execute on-demand instance type ¢
C’i(Z) Unit price to execute spot instance type ¢ under scenario w
éf;i; Unit price to execute instance type ¢ of spot instance p under scenario w
D;., Number of VMs required to execute VM class i under scenario w
Dj., Number of server-hours required for application j under scenario w
Dite Number of VMs required to execute VM class ¢ under scenario w and decision stage ¢
E((;) Number of provisioned server-hours of existing reserved instance type ¢ for application j
Ef;;) Number of provisioned server-hours of existing on-demand instance type ¢ for application j
E((;; Number of provisioned server-hours of existing spot instance type i of purchased spot instance
p for application j
N Number of sampling scenarios
L Time duration of reservation contract
Ly, Time duration of reservation contract k
Aai Performance factor of instance type ¢ for application a
e Bid outcome of instance type ¢ under scenario w
Tw Probability of scenario w

Table A.2: List of constants and parameters used in Chapter 3 and Chapter 4
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Decision Variables

WE?) Number of reserved VMs provisioned from cloud provider j in the first provisioning stage

mEjL Number of VMs of class ¢ provisioned from cloud provider j in expending phase under
scenario w

E;)ZJ Number of VMs of class ¢ provisioned from cloud provider j in on-demand phase under

scenario w

xEJRk) Number of reserved VMs provisioned from cloud provider j with reservation contract k£ in
the first provisioning stage

mg)km Number of reserved VMs provisioned from cloud provider j with reservation contract k in
provisioning stage t

xgj,lw Number of VMs of class ¢ provisioned from cloud provider j with reservation contract k in
expending phase of provisioning stage ¢ under scenario w

mi?iw Number of VMs of class ¢ provisioned from cloud provider j in on-demand phase of provi-
sioning stage ¢ under scenario w

:rg) Number of reserved instances of type ¢ provisioned for application a

1"5;20 Amount of utilized server-hours of reserved instance type i for application a under scenario
w

zf;;l) Number of server-hours of on-demand instance type ¢ provisioned to application a¢ under
scenario w

xf;)w Number of server-hours of spot instance type i provisioned to application a under scenario
w

yf;zz, Number of terminating server-hours of reserved instance type ¢ for application a under
scenario w

yifgd Number of terminating server-hours of on-demand instance type i for application a under
scenario w

yfj-im Number of terminating server-hours of spot instance type ¢ purchased spot instance p of
application a under scenario w

Table A.3: List of decision variables used in Chapter 3 and Chapter 4
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A.2 Nomenclature used in Chapter 5

Sets and Indices

Notation Definition
No Set of non-negative integers i.e., No = {0,1,...}
D Set of datacenters, d € D
FPrel () | Set of all the precedent scenarios of scenario w
Flaesl(y) | Set of the closest descendent scenarios of scenario w
z Set of VM classes (or compute instances of Windows Azure), i € 7
J Set of cloud services, j € J
S Set of (physical) servers, s € S
Sa Set of servers in datacenter d, Sq C S
T Set of decision stages, t € T
Q Set of scenarios, w € 2
Q4 Set of scenarios in decision stage ¢
T(w) Set of the single closest precedent scenario of scenario w
Q4 Set of scenarios in decision stage ¢
Liig Set of deleted scenarios
D, Set of deleted scenarios in decision stage ¢

Table A.4: List of sets and indices used in Chapter 5
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Constants and Parameters

Notation Definition
C; On-demand price of instance ¢
C’([;fc] Fixed electrical price signed through forward contract for datacenter d
C’c[;jx] Carbon tax charged to datacenter d under scenario w
CE:ZS] Cost of maintaining single virtual machine of class 4 in server s under scenario w
C([ir('ic,z]) Cost of transferring data from datacenter d to datacenter d’ under scenario w
D([;m] Amount of shared storage capacity in datacenter d
ng] Maximum amount of network bandwidth capacity in datacenter d
EE“S] Average amount of electric power required to operate server s
Egﬁx] Fixed amount of electric power required by datacenter d
E([ipue] Power usage effectiveness (PUE) required to operate datacenter d
F Monthly subscription fee for a single base unit
Fémax) Maximum amount of electric power of the forward contract which can be purchased for
datacenter d
glevy] Number of CPU cores of virtual machine of class ¢
mem] Amount of main memory of virtual machine of class ¢
el Amount of storage of virtual machine of class i
I i[fet] Average amount of network data transfer of virtual machine of class i at stage ¢
IZ.[f at] Size of application data required by virtual machines of class i at stage t
I!Z:a] Binary variable indicating whether application data required by virtual machines in class %
are initially available at datacenter d in stage ¢
L Length of subscription for one base unit
P; Selling price for cloud service j
glepul Number of CPU cores of server s
Glmem] Amount of main memory of server s
Glnet] Amount of network bandwidth capacity of server s
shvir] Maximum number of virtual machines of class ¢ which can be hosted in server s
Zt] Time length of stage ¢
Qi Number of virtual machines in class ¢ under scenario w
Qjiw Number of hours required for cloud service j under scenario w
B Electric power required by datacenter d under scenario w
EVir] Average CPU utilization ratio of virtual machine in class ¢ under scenario w
u[shos] Average CPU utilization ratio of server s
Tw Probability of scenario w
Pd Power transmission loss rate from the electrical grid to datacenter d
7(w) Decision epoch given scenario w
0; Equivalent ratio of compute instance

Table A.5: List of constants and parameters used in Chapter 5
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Decision Variables

T Number of based units
Yijo Number of hours utilized from base units for service j under scenario w
Zijw Number of hours of compute instance i purchased with on-demand price for service j under
scenario w
my;zs] Number of virtual machines of class ¢ allocated to server s under scenario w
y&sm Amount of power signed under the forward contract for datacenter d
yg:fc] Amount of power consumed from the signed forward contract for datacenter d under sce-
nario w
ygjm] Amount of power available in the forward contract signed for datacenter d under scenario w
yg:ow] Amount of power purchased through spot price for datacenter d under scenario w
ZELOS] Binary variable indicating whether server s is turned on (i.e., active) under scenario w
EZ?L Binary variable indicating whether data required by virtual machines in class i is transferred
from datacenters d to d’ under scenario w
zzlffj] Binary variable indicating whether data in datacenter d is required by virtual machines in
class ¢ under scenario w

Table A.6: List of decision variables used in Chapter 5
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Other Resource Provisioning

Optimization Models

In this thesis, other resource provisioning optimization models are investigated with the

proposed models as follows:

B.1 Fixed Reservation Provisioning Model

The fixed reservation provisioning (FixRes) model fixes the number of VMs which is provi-
sioned with the reservation option. Next, a number of VMs could be instantly and addition-
ally provisioned with the on-demand option when the fixed number of reserved VMs cannot
meet the observed demand. When the number of reserved VMs are fixed, a deterministic
optimization model can be formulated and solved much faster than a stochastic program-

ming model. Let constant X (R)

i denote the fixed number of reserved VMs provisioned for

VM class i € T at cloud provider j € J. Then, the model can be formulated as follows:
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D 9 DRI 9) Wi (611 IRES L) BENCEY

Tij L i€Z jeJ €L jeTJ
subject to: (3.6)

20 < x® . .
v < X0, Viel,jeJ (B.2)
D<Z< © 42l ) Viel (B.3)
JjeJ

> B ( >) <A, VieJremr (B.4)

€L
29 >0, viel,jeJ, (B.5)
where decision variables 2 and :E( °) denote the numbers of VMs provisioned in the expend-

ij
ing and on-demand phases for VM class 7 at cloud provider j, respectively. C’i(j) denotes the

observed on-demand cost spent to provider j for class 1. D; denotes the observed demand

of class i. Ajr denotes the amount of resources type r € R offered by provider j.

B.2 Adhoc On-demand Provisioning Model

The adhoc on-demand provisioning (OND) model does consider only the on-demand option
to adequately fit the demand without applying the reservation option. The model can be

formulated as follows:

m(gl Z Z C(O (0) (B.6)

Tij €L jeTJ
subject to: (B.5)
D;i<Y &Y, vier (B.7)
JjeTJ
S Bual? < Aj, VieJreR. (B.8)
i€l
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B.3 Expected-value of Uncertainty Provisioning Model

The expected-value of uncertainty provisioning (EVU) model applies expected values of
uncertainty parameters. Then, a deterministic programming formulation can be derived as

follows:

i oY e Y (0« 10 4) 9

’L] ’IZ] ’x’L] ’LEI jej ’LEI jej
subject to:  (3.5),(3.6), (B.5)

2 <oV, vieTjeg (B.10)
Di<Y (2 +al)), vier (B.11)
JjeJ
> B (o) +0l)) < Ay, VieTreR (B.12)
i€l

where C’Z(JO) =Eq [C’Z(;’l} denotes the average on-demand cost of all scenarios (i.e., Yw € Q)
for class i provisioned at provider j, D; = Eq [D;,] denotes the average demand of all
scenarios for class i, and fljr = Eq [Aj,] denotes the average capacity of all scenarios for

resource 1 offered by provider j.

After the EVU model is solved, the obtained solution .%Ej ) will be assigned to XZ-(]-R ). When-
ever the uncertainty parameters are observed, the FixRes model in (B.1)-(B.5) given X Z.(]R)
will be solved to achieve the recourse action (i.e., the solution to provision VMs in expending

and on-demand phases).

B.4 Maximum Reservation Provisioning

The maximum reservation provisioning (MaxRes) model applies the maximum possible

demand. The on-demand cost denoted by C'Z(]O)

and capacity of resource denoted by Ajr are
fixed with certain values e.g., their maximum or expected values. Then, the model can be

derived as follows:
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: R) y(R) () (e) (o) (o)
®) (o ZZCU X ¥ ZZ <Cij iy T ) (B-13)
Tij T Lij i€ je€T i€ jeJ
subject to:  (3.5), (3.6), (B.5), (B.10)
, () (0) ;
T?%DM < Z <zij + x5 ) , Viel (B.14)
€T

> Bir (2 +2f) < Ajy, Viegrem (B.15)
€L

Similar to the EVU model, after the MaxRes model is solved, the obtained solution a:g-{)
)

will be assigned to Xl-(jR . Whenever the uncertainty parameters are observed, the FixRes

model in (B.1)-(B.5) given x®

i will be solved to achieve the recourse action.
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Appendix C

Historical Data

In this part, the detail of the test data used in Chapter 3 is discussed. The test data is
obtained from Institute of High Performance Computing (IHPC) in Singapore!. The data
containing 572,757 records is collected from the actual usage of compute resources located
in three clusters. The data are synthesized to fit the experiments in Section 3.3.5. Actually
the data consists of several fields per record e.g., job identification number (job ID), name
of cluster, date when the job was submitted (submitting date), date when the job started
computing (starting date), required memory capacity, real memory usage, required CPU
hours, actual CPU usage (or execution time), etc. However we are interested only a few
fields i.e., starting date and execution time. Then, we use MATLAB to read each record
and group a collection of records having the same starting date. Then, all execution times
(in seconds) of the same group of records are summed up as total execution time. After
grouping, there are totally 279 groups. Then, the 279 groups are truncated to 50 groups to
fit the experiment (that consists of 50 VM classes).

Let t; denote the total execution time in group ¢. Then, ¢; is synthesized to fit the experiment
basd on the following formulation.

24 x 60 x 60

7

THPC is a Research Institute under the Agency for Science, Technology and Research (A*STAR),
http://www.ihpc.a-star.edu.sg
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Figure C.1: Histogram of test data.
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Figure C.2: Probability distribution of test data.

After the synthesis, the mean and variance of test data consisting of 50 groups are 21.64
and 389.93, respectively. The mean of test data is not so different from one of the normal
distribution and uniform distribution used in Chapter 3.3, that is, 25.50. The total execution
time 11,75, ...,T5o are plotted in the histogram as depicted in Fig. C.1. The probability
distribution of test data is shown in Fig. C.2.
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