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a b s t r a c t

In Cloud Computing markets, owners of computing resources negotiate with their potential clients to
sell computing power. The terms of the Quality of Service (QoS) to be provided as well as the economic
conditions are established in a Service-Level Agreement (SLA). The common objective of a Cloud provider
is tomaximize its economic profit. However, there are situations inwhich providersmust differentiate the
SLAs with respect to the type of client that is willing to access the resources or the agreed QoS, e.g. when
the hardware resources are shared between users of the company that own the resources and external
users.

This article proposes two sets of policies to manage SLAs with respect to the business objectives of
a Cloud provider: Revenue Maximization or classification of clients. The criterion to classify clients is
established according to the relationship between client and provider (external user, internal or another
privileged relationship) and the QoS that the client purchases (cheap contracts or extra QoS by paying an
extra fee). The validity of the policies is demonstrated through exhaustive experiments.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

In recent years, the Utility Computing business model [1] is
increasing its acceptance in the Information Technology sector
thanks to the burst of Cloud Computing paradigm [2]. In Utility
Computing, the users of the resources are not necessarily their
owners: users run their applications or services in remote data cen-
ters andpay as a function of theusage. Utility Computing allows the
users to economically benefit from economies of scale, because it
minimizes the space andmaintenance costs. Cloud Computing has
emerged as a successful implementation of Utility Computing be-
cause virtualization allows to share physical resources transpar-
ently to the clients, by isolating different clients as if each client
were using a dedicated physical host.
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This article considers a Cloud Computing market in which
providers and clients participate in a market to sell or buy services
or resources. Although this market model is not common in cur-
rent commercial Cloud providers, it is based on research propos-
als for creating a market place of computing resources [3–5] and
could be potentially applicable in real scenarios. In such a market,
a client starts a negotiation process with the providers that fulfill
their requirements to establish the terms of the contract [6,7]: the
client creates a proposal of agreement for each provider thatmeets
its requirements and fills a Service-Level Agreement (SLA) tem-
plate with its requirements. When the providers receive the SLA
proposal, they evaluate it and return their SLA proposals, with eco-
nomic information such as pricing, and terms of violations. Then,
the client chooses the provider whose SLA suits best its interests.
From this moment, both parties have reached an agreement, and
the terms of the Quality of Service (QoS) to be provided and the
economic conditions are kept in the SLA, which is shared between
client andprovider. If the SLA terms are not fulfilledwhen the client
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uses the provider’s resources, the provider must pay a penalty to
the client. The penalty is calculated according to the severity of the
SLA violation, and could be influenced by other parameters, such as
the provider–consumer relationship, framework contracts, or risk
assessments.

The behavior of the provider is determined by its Business-Level
Objectives (BLO), which are consideredwhen the SLA is negotiated
and enforced. For a Cloud provider, the maximization of economic
profit is the most common BLO. This objective can be achieved by
maximizing the price of the Cloud service, also by minimizing the
economic impact caused by the penalties derived from possible vi-
olations of the agreed SLAs. However, RevenueMaximization is not
the only BLO that a provider could be interested in.

Despite the economic benefits of using computing as a utility,
there are still open security reasons to not submit the critical or
confidential data to resources that are located in third parties [8].
For example, a company that stores sensible data about its clients
may not be legally allowed to send this information to data cen-
ters belonging to a third company. These companies require an
in-house infrastructure. Aiming for profitability, they may decide
to hire out the spare resources of their data centers to external
users that do not have such security or confidentiality restrictions,
because the price that external clients pay to use the resources con-
tributes to amortize the cost of the data centers. Thanks to virtual-
ization, a company could provide VMs to external clients without
putting its critical data on risk.

In such a scenario, a differentiation between internal and exter-
nal users is advisable. However, a binary classification of the users
as internal/external is not accurate enough in many situations. For
example, headquarters of a big company can classify the users of its
data centers according to different levels: users from theheadquar-
ters that own the resources are completely internal, users from
other companies are completely external, and users from other
headquarters of the same company are in a middle ground. Even
multinationals could define more degrees of proximity for head-
quarters in the same country and headquarters in other countries.
Whilst completely external users pay a fee and completely internal
users use the resources for free, the mid-range users would pay a
reduced fee to encourage each location to only use resources from
external locations when strictly necessary.

Another example of intermediate users are those from trusted
entities that decide to share their computing resources for shar-
ing risks and dealing with peaks of workload without the need to
overprovision resources. Examples of trusted entities are different
companies from the same business cluster [9].

Clients can be classified according to other criteria. Many ser-
vice providers classify their clients according to the QoS that they
have purchased. For example, Spotify [10] is an online music
provider that classifies its clients in three categories (free, unlimited
and premium) according to their monthly fee. The higher the fee,
the more the services and QoS: unlimited streaming hours, high-
est quality of sound, available downloads, etc. The provider must
consider the purchased QoS when allocating the resources.

The usage of the resources by external users can affect the QoS
of internal users if the SLAs do not reflect priorities between clients
in terms of pricing or allocation of resources. Client Classification
is applied to keep high QoS to internal users or users with high
QoS requirements. Client Classification considers the information
about the users when giving them access to the resources and pri-
oritizes some SLAs according to two criteria:

QoS that the users are willing to acquire: the higher the QoS the
higher the price. This is the traditional classification of services in
Utility Computing.

Affinity between the client and the provider: clients from the
same company as the provider or from entities that have a privi-
leged relationship with the provider can hire the services at better
prices, better QoS, or any other privilege. This novel approach was
devised with the success of Cluster and Grid Computing, in which
organizations share part of their resources with users from other
organizations. By prioritizing users to which there is high affinity,
organizations can ensure that their internal userswill have enough
resources or QoS when there is a peak of external demand.

Achieving both RevenueMaximization and Client Classification
BLOs can be difficult because of a limitation of current Cloud mar-
ket models: the lack of communication between market and re-
source layers. Since the Resource Manager at the infrastructure
layer does not have knowledge about the business details, it is
difficult to define accurate policies or objectives to be fulfilled by
the resources. Similarly, if a business broker negotiates the sale
of resources without detailed information about them, this would
potentially lead to waste or overload resources. To deal with this
problem, we introduce the Economically Enhanced Resource Man-
ager (EERM). The EERM enables bidirectional communication be-
tween Business and Resource layers to (1) manage resources and
enforce SLAs for maximizing the BLOs and (2) support the negoti-
ation of SLAs for adjusting them to the market status and the real
capacity of the providers.

The main goal of this article is facing the problem of Cloud re-
source management from both business and performance sides,
which are often conflicting.We provide an integral solution of sev-
eral policies thatwork together formaximizing the achievement of
the BLOs of a Cloud provider, dealing with performance issues. We
describe and evaluate a set of policies for maximizing the BLOs:
Price Maximization and Discrimination, Resources Overselling, Se-
lective SLA Violation, Dynamic Scaling of Resources, and Runtime
Migration of VMs. We demonstrate that they can be applied for
maximizing two different BLOs: Revenue Maximization and Client
Classification. Since both markets and the internal status of the
providers change over time, we evaluate the introduced policies
in terms of relative results and trends (e.g. using a certain policy
you can generally increase the profit).

The experiments have been performed using the EERM simula-
tor [11]; a fine-grained, customizable Cloud market simulator that
triggers several business policies that are defined by users. Both the
policies and the simulations are targeting the infrastructure layer
within Cloud Computing (Infrastructure as a Service, IaaS). The va-
lidity of the policies is evaluated through simulations instead of
real executions mainly because of two reasons: the first is the dif-
ficulty to acquire a testbed large enough to get representative data
from the experiments; the second is that this article does not eval-
uate the performance, but the business benefits of using an EERM
in Cloud Computing markets. These markets are experimental at
this moment, and there are no traces currently available of real ex-
ecutions for their reproduction in experiments.

The rest of the article is structured as follows: after a summary
of the related work, we introduce the SLA negotiation and enforce-
ment model in Section 3. Section 4 describes the group of policies
that have been used for enforcing both RevenueMaximization and
Client Classification objectives: their motivation and their applica-
tion.Wedemonstrate the validity of the policies in Section 5,which
shows the results of the performed simulations. Finally, we expose
the conclusions of our work and depict some future research.

2. Related work

There is a large body of work that considers Business-Oriented
ResourceManagement. Yeo et al. [12] propose amodel for market-
based cluster computerwith some elements common to EERM. The
cluster nodes are connected to a central manager which incorpo-
rates other sub-components for performing pricing, job schedul-
ing, monitoring, and dispatching. The main difference from our
EERM is that EERM is focused on resource management, so it does
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not implement some functions such as billing, or identity provi-
sioning. Freedman et al. [13] focus on Peer-to-Peer (P2P) content
distribution by identifying explicitly highly demanded files and re-
warding most those peers that share highly demanded content.
They use a market-based mechanism for allocating network re-
sources across multiple files and play with the Law of Offer and
Demand to incentivize providers to sell most scarce high-value re-
sources (only files, but not CPUs or memory). Their system is also
designed so that the client chooses files consistent with its best
interests, because it seeks to download at the current minimum
price. This article extends these policies for general purpose com-
puting.

Amazon Spot Instances [14] prices as a function of the market
status. Clients specify the maximum price they are willing to pay
for an instance. The price of the spot instances fluctuates in func-
tion of the offer and demand. When the spot price is lower than
the bid price, the instance is executed until the spot price is higher
again. This paradigm would motivate clients to move their batch
workloads to off-peak hours where the demand is low. However it
is not suitable for Web Services that have real-time requirements
during peak hours.

Pueschel and Neumann [15] use the concept of an EERM for op-
timizing the revenue of a Cloud manager. They apply policies as
a heuristic and demonstrate their achievements on RevenueMaxi-
mization or client classificationwhen applying economic enhance-
ments. This article tries to be a step forward in the usage of policies.
It enables procedural policies that guide the actions of EERM under
certain conditions to get the best solution to given problems. The
authors in [16] present an upgraded EERM that adds more policies
and performs a more intensive evaluation of their validity.

Aiber et al. [17] introduce an autonomic computing approach
to business-oriented self-optimization of service providers. First, a
particular scenario is modeled from both business and IT points of
view, and the impact of IT on business and vice versa is studied.
Next, business rules for continuous optimization of IT resources
and business are defined for maximizing the business utility of the
IT resources and maximize the return of investment of the infras-
tructures. We use a similar approach that differentiates business
and IT layers and uses an EERM between them. The EERM contains
rules for dealing with IT and business relationships and maximiz-
ing the business utility of the infrastructure.

There is some relevant work in rule-based resource manage-
ment for distributed environments. Collaborative AwarenessMan-
agement [18] promotes cooperation between resources for their
optimization by means of a set of rules. Schiefer et al. [19] intro-
duced a business rules management system that is able to sense
and evaluate events to respond to changes in a business environ-
ment or customer needs. We extend these approaches by com-
bining high-level service and business data with the low-level
resource information, enforcing the flow of information between
the two layers for their mutual optimization. Weng et al. [20] pro-
pose an autonomic management system of VMs that rely on poli-
cies. Their system ismainly oriented to guarantee the QoS of a pool
of VMs by dynamically scaling the assignments of CPUs to each VM.
Our article extends this approach by adding other reactive actions,
such as migration of resources or cancelation of tasks, and is not
only limited to guarantee QoS, but also business metrics.

Other related work introduced some policies, which are similar
to the policies introduced in this article. Sulistio et al. [21] pro-
posed overbooking strategies for mitigating the effects of cance-
lations and no-shows for increasing the revenue. The overbooking
policies implemented in this article, in addition, consider the pos-
sibility of under-usage of the reserved resources from the client.
Dube et al. [22] establish different ranges of prices for the same re-
source and analyze an optimization model for a small number of
price classes. Their proposal is similar to the proposal of this arti-
cle of establishing Gold, Silver and Bronze ranges and optimizing
their QoS performance giving priority to the contracts that report
the highest economic profit. This article extends this work by com-
bining the QoS ranges with several other policies, such as pricing
or selective violation.

Menascé et al. [23] demonstrated the importance of managing
the resources taking into account the BLOs. Theymaximize the rev-
enue of e-commerce servers by dynamically calculating Customer
Behavior Model Graphs and prioritizing the workloads of the users
that are willing to spend more money. Poggi et al. [24] introduce a
similar approach, in which QoS for user sessions are shaped based
on the commercial intention of the users. However, these models
are not applicable to the scenario of this article, because the Cloud
provider supports more generic types of workloads, not restricted
to online shops, and does not interact with human customers, but
with other client machines that automatically buy resources in a
market.

Previouswork from the authors of this paper demonstrated that
business-oriented resource management could lead to an increase
of the profit and that management could be in execution time [25],
or in negotiation time [6]. This article presentsworkwhich is a step
forward from previous work by implementing and testing the va-
lidity of these business-oriented policies within an EERM with a
rule engine [26] customizable by the system administrator, and by
introducing new rules and policies, such as Selective SLA Violation
or Resources Overselling.

Client Classification is a usual practice inmany businesses, such
as banking services [27]. These businesses categorize clients in
function of their size, budget, etc. and establish policies that de-
fine clearly the priorities of the clients, their protection level, their
assigned resources, QoS, etc. In Cloud Computing, Amazon Elas-
tic Computing Cloud (EC2) provides a set of predefined VM in-
stances [28], each one with different performance profiles (CPU
load, memory, etc.), but a fixed QoS: they claim that their ma-
chines have an annual availability of 99.5%. With this paradigm,
providers tend to overprovision resources forminimizing risks and
provide high availability, which is not economically suitable for
small providers. We try to channel the risk to the SLAs with the
lowest priority according to the defined BLOs. In case of SLA vio-
lation, the clients will receive an economic compensation propor-
tional to the seriousness of the violation.

Püschel et al. [29] propose a scheme for Client Classification by
means of price discrimination, different priorities in job acceptance
and differentiation in QoS. They adopt the architecture of an EERM.
The EERM supports the optimization of SLA Negotiation and Man-
agement by dealingwith both economic and technical information
of Cloud Computing markets. In addition, this article extends the
research of Püschel et al. in Client Classification with the exten-
sion and details of the policies, and deeper validation of them by
means of a tailored simulation of clients, Cloud market, EERM, and
resource fabrics.

3. Model for SLA negotiation and enforcement

A Cloud market has two main actors: clients and providers.
When clients try to buy resources for hosting their services or ap-
plications, they send offers to providers to start a negotiation. Each
provider owns a set ofN physicalmachines. Each physicalmachine
can host several VMs that execute tasks, such as Web Services or
Batch Jobs. The SLA of a task is described as SLA = {Rev(vt), C,
−→
S , 1t}:

• Rev(vt) is a revenue function that describes how much money
the provider earns after finishing correctly or incorrectly a task.
The Violation Time (vt) is the amount of time in which the
provider has not provided the agreed QoS to the client. Let MP
be the Maximum Penalty (can be seen as negative revenue:
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Fig. 1. Revenue of an SLA as a function of the violation time (Eq. (1)).

lowerMP implies higher penalties),MR theMaximumRevenue,
MPT the Maximum Penalty Threshold, and MRT the Maximum
Revenue Threshold, Eq. (1) describes the revenue function. If
vt < MRT the SLA is not violated (0 violations); if vt > MPT ,
the SLA is completely violated (1 violations).MPT > vt > MRT
implies a partial violation ( vt−MRT

MPT−MRT violations).

Rev(vt) =
MP −MR

MPT −MRT
(vt −MRT )+MR. (1)

This equation allows a grace period where the provider can vi-
olate the SLA without being penalized. When vt surpasses the
MRT threshold, the revenue linearly decreases (see Fig. 1) in
function of vt . TheMaximumPenaltyMP is defined for avoiding
infinite penalties. Client and provider can negotiate the values
of MRT , MR, MPT , MP for establishing different QoS ranges for
the clients, which report different revenues and penalties for
the providers [6].
• C is the client information. Let id be the client identifier and
−→
CD a vector that handles the description of the client, then
C = {id,

−→
CD}. The information contained in

−→
CD must be de-

cided by the business administrator of the provider and ap-
plied consequently in the policies. An example of a template is
−→
CD = {companyname, department, location, accessrights}. The
provider could calculate the affinity to the client by comparing
the client information with its own information (company, de-
partment, etc.).
•
−→
S describes the QoS of the purchased service: throughput, re-
sponse time, and so on.
• 1t is the time period that is requested to allocate the task.

The revenue function Rev(vt) (as well as all the revenue figures
in the evaluation) subtracts the penalties from the incomes, so it
indicates how profitable the allocation and execution of an SLA
with a given set of policies is. However, it does not indicate the
provider’s net benefit because it does not consider other costs, such
as infrastructure maintenance.

4. Business-driven SLA negotiation and enforcement

This article presents policies to autonomously maximize the
achievement of the BLOs of a Cloud provider. This section presents
two sets of policies classified by their BLO: Revenue Maximization
and Client Classification.

To facilitate the reading of this article, the names of the
policies are abbreviated according to the following notation
PolicyNameBLO Name. PolicyName is an abbreviation of the policy
name. The abbreviations of all the policies are shown below, en-
closed in parentheses next to their names. BLO Name is an ab-
breviation of the Business-Level Objective that is pursued by the
PolicyName. The actual abbreviations for the BLOs are: RM for Rev-
enue Maximization, Aff for SLA classification as a function of the
client affinity, and QoS for SLA classification as a function of the
QoS. As example, PrDscAff is the Price Discrimination policy that
applies discount to clients according to their affinity. We will refer
PolicyName∗ to a given policy regardless of the BLO Name.

Table 1 provides a quick reference to each symbol referred in
Sections 3 and 4.
Table 1
Definition of symbols used in Sections 3 and 4.

Symbol Description

vt Violation time
Rev(vt) Revenue function
MP Maximum Penalty
MPT Maximum Penalty Threshold
MR Maximum Revenue
MRT Maximum Revenue Threshold
Ci Client i description
−→
S QoS terms of the purchased service
1t Time slot of a task
up(SLA) Price utility for the provider
RP s Reservation Price of the seller
RPb Reservation Price of the buyer
a(1t) Aggressiveness factor
Rused(t) Predicted usage of reserved resources
Rreq(t) Amount of resources requested by a client
Rj(t) Total of resources in resource j
Rused
j (t) Predicted usage of resources by other clients in resource j

δ Time during which a VM would be selectively violated
aff Client affinity
P(Ci) Priority of client i (affinity-based or QoS-based)
Φ Maximum % to (un)penalize clients according to P(Ci)

4.1. Policies for Revenue Maximization

Revenue Maximization is the main motivation of most Cloud
Computing providers. This goal can be achieved by a combination
of maximizing the incomes from service executions, minimizing
the penalties due to SLA violations, and minimizing the costs of
the infrastructure (e.g. energy consumption, amortization of hard-
ware, etc.). In this article, we focus onmaximizing the incomes and
minimizing the penalties.

A provider may try to maximize the revenue from two points
of view: SLA Negotiation, where the EERM must help the market
agents to achieve the most profitable contracts for their BLOs; and
SLA Enforcement, where the EERM must manage the resources for
minimizing the economic penalties derived from the possible SLA
Violations.

4.1.1. Price Maximization (PrMaxRM )
In a market, providers must establish an adaptable pricing pol-

icy that varies as a function of the offer/demand ratio. The objec-
tive is being attractive to themaximumnumber of clients [30]. Our
PriceMaximization policy is calculated as a function of two param-
eters: Price Utility and Aggressiveness factor.
Price utility: up(SLA). When the provider establishes a price, it must
know the range of prices where the agreement is possible. The
reservation price of the seller (RPs) is the minimum price that the
seller can accept without losing money. The reservation price of the
buyer (RPb) is the maximum price that the buyer can pay and still
get benefit from the acquired good. An agreement between buyer
and seller is only possible when RPs ≤ Price ≤ RPb.

up(SLA) =
Price− RPs
RPb− RPs

. (2)

Eq. (2) defines the price utility. That means that the utility for
the provider is high (up(SLA)→ 1) when the price tends to be RPb.
However, maximizing this utility function may not determine the
price of a task: high prices will enforce clients to look for cheaper
providers in the market.

The main issue of implementing this formula is to know the
reservation price of the buyer, which only can be speculated in
function of the market history.
Aggressiveness factor: a(1t). It calculates the percentage of re-
sources that the provider has already reserved for a given time pe-
riod 1t . A high value for a(1t) enforces the provider to establish
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Fig. 2. Utility histogram as a function of the price and the aggressiveness factor for
an SLA S.

higher prices because it is an indicator of a high demand ratio in the
market. a(1t)may be calculated according to predictions based on
historical data or other information, such as non-linear equation
systems or machine learning algorithms.

Let Rused(t) be a function that predicts the usage of the currently
reservedbottleneck resources over time (for example, CPUor disk);
let Rreq(t) be a constant function which represents the bottleneck
resources requested by the client in the negotiation process (as a
result of the decomposition of the set of QoS terms S); let Rj(t)
be a constant function that represents the amount of bottleneck
resources of the physical resource j; Eq. (3) shows how the ag-
gressiveness factor a(1t) is calculated over a set of N physical ma-
chines.

a(1t) =

N
j=1

 tf
ti

Rused(t)+ Rreq(t) dt

N
j=1

 tf
ti

Rj(t) dt
. (3)

Maximizing the price entails maximizing a utility function
Urv(SLA) whose histogram pattern is shown in Fig. 2. In previous
work [6], we checked that prices must tend to RPs in most scenar-
ios, because clients are able to switch to providers that offer min-
imum prices. When the demand is very high (this is, a(1t)→ 1),
prices tend to RPb because the alternatives to find another provider
are limited.

4.1.2. Resource Overselling (OvrsRM )
Clients tend to slightly overprovision the computing resources

that they eventually use [31]. Although thanks to virtualization
the resources are elastic and the overprovisioned proportion is
low [32].

We propose to sell the computing capacity that has been al-
ready sold but the clients are not using:when a client negotiates an
SLA and there are not enough resources to allocate it, the scoring
function in Eq. (4) is calculated over the set j = {1 . . .N} of physical
machines. The physical resource jwith the highest positive score is
selected as candidate for executing the task and the PrDsc policy is
triggered for establishing a price. If there are no physical resources
whose score is positive, the job is rejected.

scorej = 1−

 tf
ti

Rused
j (t)+ Rreq(t) dt tf

ti
Rj(t) dt

. (4)

The terms of Eq. (4) are described below:
• Rreq(t) is a constant function that represents the amount of bot-

tleneck resources requested in the SLA that is being negotiated.
• Rj(t) is a constant function that represents the total amount

of bottleneck resources that are available in the physical re-
source j.
• LetRused
j (t)be a prediction of the total bottleneck resources used

by the other clients in the physical resource j during the re-
quested period.

The prediction of resource usage for a given resource (Rused
j (t))

can be calculated statistically or by Machine Learning algo-
rithms [33] from the monitoring information. In this article, we
use the CPU usage from resource monitoring because it is the bot-
tleneck resource for the majority of services to be executed in the
Cloud provider. Eq. (4) is abstract enough to allow using any other
type of resource, such as memory or network bandwidth.

4.1.3. Selective violation of SLAs (SLAViolRM )
When the previous policies are applied, a Cloud provider could

oversell too many resources due to errors in workload estimation.
Consequently, some SLAs would be violated indiscriminately. For
minimizing the economic impact of such SLA violations, we pro-
pose to violate first the SLAs with lower penalties, or those that
report less revenue [25].

We propose to violate first the SLAs that will report lowest rev-
enue if fulfilled, or lowest penalties if violated. Their allocated VMs
are paused temporarily (using virtualization facilities). For each
SLAi in a set of M SLAs that are being executed in the overloaded
physical resource, the next formula is calculated:

NR(SLAi) =

i−1
j=0

Rev(vtj)+
M

j=i+1

Rev(vtj)+ Rev(vti + δ). (5)

In Eq. (5), δ is the time during which the SLAi will be violated.
The SLA whose NR(SLAi) value is the maximum will be violated
during δ time.

As defined in Eq. (1), each SLA has a grace period (MRT ). If vt ≤
MRT , the violation will not involve any penalty. As a consequence,
the system will tend to violate first the SLAs whose vt ≤ MRT ,
or the SLAs whose economic penalty is low. This will lead to the
distribution of the selective violations across the SLAs in grace
period and keep a compromise between Revenue Maximization
and QoS.

4.1.4. Dynamic scaling of resources (DynScalRM )
DynScal uses the potential of elasticity in virtualization: hard-

ware resources are transparently reallocated within VMs at run-
time [34]: when an SLA cannot be fulfilled, the EERM looks for VMs
that are in the same physical machine and are not using all their
allocated resources; then the EERM transfers the needed resources
from the VMs with idle resources to the VM of the SLA that is not
being fulfilled.

4.1.5. Runtime migration of tasks (RtMigrRM )
Due to the heterogeneous nature of the Cloud, it is possible that

the system becomes unbalanced and some physical resources in
the pool are underutilized while others are overloaded. We pro-
pose Runtime Migration of Tasks to deal with this issue: when the
load of a physical resource is over a given threshold (e.g. 90% of its
total capacity), the system triggers the next rule:

Some VMs from the overloaded machine are randomly mi-
grated to another machine with enough free space, if any. The
process is stopped when the resource load is under the threshold
or when there are no physical machines whose load is under the
threshold.

Recent studies [35] reveal that the cost of migrating Web Ser-
vices in Cloud Computing is near zero thanks to virtualization, be-
cause creating, booting, and populating a virtualmachinewith data
takes few seconds (negligible in tasks that take from one to several
hours). This policy could also be used for energy efficiency policies,
by means of workload consolidation [36].
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m← overloaded physical resource that triggers the rule;
while systemLoad(m)≥ threshold do

n← physical resource with the lowest load in the
resources pool;
ifm ≠ n then

Choose a random VM fromm that would fit on n;
Migrate the chosen VM fromm to n;

else
Finish Rule;

end
end

Algorithm 1: RtMigrRM policy

4.2. Policies for Client Classification

In addition to RevenueMaximization, another BLO is the classi-
fication of clients according to the priority that the provider assigns
to them. This priority can be defined by considering two different
criteria:

Client affinity: the affinity (aff ⊆ [0, 1])measures how the client
is related to the provider. For example, aff = 1 for a completely
internal user; aff = 0.25–0.75 for a client from a company with
privileged relationshipwith the provider (e.g. in the same business
cluster); aff = 0 for a completely external client. The calculation of
the affinity can be different among different providers, depending
on their business goals. How affinity is calculated is not important
in this article: themain topic is how to discriminate clients in func-
tion of their affinity.

Quality of service: the sameCloud provider can host critical tasks
and tasks that can tolerate lower QoS. For example, e-commerce
applications can need extra QoS guarantees to avoid losing money
on service unavailability. It is reasonable to allow critical clients to
buy extra QoS guarantees at higher prices, and keep cheap prices
(but fewer QoS guarantees) for non-critical tasks. The different
ranges of QoS are defined by establishing different values forMRT ,
MR, MPT and MP in Rev(vt) (Eq. (1)). We define three ranges of
QoS, in descending order: Gold, Silver, and Bronze. The higher the
QoS range, the higher theMR and the lower theMP ,MRT andMPT
(lower values of these three values imply higher penalties).

As in Revenue Maximization scenarios, the application of the
policies for Client Classification can be performed from both SLA
negotiation and SLA enforcement points of view. Actually, the poli-
cies for Client Classification are similar to the policies for Revenue
Maximization, but considering the client priority as a first classifi-
cation criteria and the maximization of the revenue as a secondary
objective.

4.2.1. Price discrimination (PrDscAff )
The PrDscAff policy is built on top of the PrMaxRM policy:

after calculating the best resource allocation for maximizing the
economic profit (see Section 4.1.1), the calculated revenue is
multiplied by (1− affinity). This allows users with some affinity to
receive a discount that is proportional to their affinity. This policy
combines Client Classification with Revenue Maximization as a
secondary BLO and always considers affinity as the main priority.
Multiplying price by (1 − affinity) will linearly prioritize users (a
user whose affinity is 1 will have the double of priority than a user
whose affinity is 0.5). However, other distributions such as (1 −
affinity2) could be considered depending on the provider policies.

The PrDscQoS policy is not considered because itwould notmake
sense: Gold tasks must not be cheaper than Silver tasks, and Silver
tasks must not be cheaper than Bronze tasks.

4.2.2. Overselling of resources (OvrsAff and OvrsQoS)
OvrsAff and OvrsQoS are built on top of OvrsRM : the provider sells

computing capacity that has been already sold, assuming that not
all the clients will use always 100% of their allocated resources. In
this way, the provider can allocate more resources than its actual
capacity.

The difference with OvrsRM is the scoring function that deter-
mines if a physical resource is suitable for allocating an oversold
resource (see Eq. (6)). Recall that the physical resource j with the
highest positive score will be selected as candidate for executing
the task.

The calculation of the scoring function is updated so that the
prediction of the used resources in the scored physical resource
is artificially increased when the priority of the client that nego-
tiates the SLA is low and artificially decreased when the priority
is high. Let φ ⊂ [0, 1] be the maximum multiplier to penalize
or unpenalize the predicted resource usage as a function of the
client priority P . The priority-corrected prediction is defined as
(1+ φ − 2φP)Rused

j (t).

scorej = 1−

 tf
ti

(1+ φ − 2φP)Rused
j (t)+ Rreq(t) dt tf

ti
Rj(t) dt

. (6)

The adjustment made to Rused
j (t) will motivate a higher accep-

tance of clients to which the provider has high affinity, because
physical resources will appear emptier than they really are. As ex-
ample, φ = 0.4 used in the experiments will bias the prediction of
a completely affine client to be 40% lesser than the actual one, and
40% higher for those clients to which there is no affinity. This way
the admission rate of clients to which there is high affinity will be
higher than the rate for clients to which there is low affinity.

This value is only chosen for showing the tendency of the
graphs. Higher values of φ would decrease the revenue and in-
crease both the average affinity and the number of SLA violations.
Lower values of φ would have the opposite effect.

4.2.3. Selective violation of SLAs (SLAViolAff and SLAViolQoS)
Analogously to SLAViolRM , we propose to violate first the SLAs

of clients with low priority: to pause temporarily the tasks of the
clients to which there is low priority (using virtualization facili-
ties). For each SLAi in a set ofM SLAs that are being executed in the
overloaded physical resource, the following formula is calculated:

NR(SLAi) =

i−1
j=0

Rev(vtj) ∗ P(Cj)

+

M
j=i+1

Rev(vtj) ∗ P(Cj)+ Rev(vti + δ) ∗ P(Ci). (7)

In Eq. (7), P(Ci) is the value of the affinity or the QoS of the client
Ci and δ is the time during which the SLAi will be violated. The SLA
whose NR(SLAi) value is the maximum will be violated during δ
time.

Eq. (7) considers both revenue and client priority for choosing
the SLA to be violated, because it would not be a good idea, for
example, to cancel an SLA that reports a big revenue only because
its associated client has 2% less priority than clients that own other
SLAs with very low revenue or penalty.

4.2.4. Dynamic scaling of resources (DynScalAff and DynScalQoS)
This policy extends DynScalRM by adding the client priority to

artificially bias themonitoring data of the resources. The resources
needed for enforcing SLAs from low-priority clients are artificially
decreased by a percentage that is linearly proportional to their
priority. The resources needed for enforcing SLAs from high-
priority clients are artificially increased by a percentage that is
linearly proportional to their priority. Consequently, the system
will act as if low-priority VMs tend to have free resources to
transfer to high-priority VMs.



M. Macías, J. Guitart / Future Generation Computer Systems 41 (2014) 19–31 25
Table 2
List of figures in the experimentation section.

Number Description

4 Revenue and average affinity when using PrMaxRM and PrDscAff policies
5 Revenue and average affinity when using different Ovrs policies
6 Number of violations and their affinity when using different Ovrs policies
7 Proportion of violations by QoS range when using OvrsQoS

8 Revenue and average affinity of violations for SLAViol∗

9 Proportion of violations by QoS range with SLAViolQoS

10 Revenue and average affinity of violations for DynScal∗

11 Proportion of violations by QoS range with DynScalQoS

12 Revenue when triggering different RtMigr policies
13 Proportion of violations by QoS range with RtMigrQoS
Table 3
Values of the parameters for the simulations.

Parameter Value (s)

Φ 0.4
QoS ranges {Gold, Silver, Bronze}
Maximum price for Gold 1.5 ∗maximum price for Silver
Maximum price for Silver 1.2 ∗maximum price for Bronze
Clients asking for Gold QoS 16.7%
Clients asking for Silver QoS 33.3%
Clients asking for Bronze QoS 50%
Distribution of the affinity between provider and clients >0 for 25% of clients,=0 for the rest
Average affinity between provider and clients 0.21
4.2.5. Runtime migration of tasks (RtMigrAff and RtMigrQoS)
If RtMigrRM deals with the fact that the workload is unbalanced

across the resource pool, RtMigrAff and RtMigrQoS policies also
deal with the fact that client priorities are unbalanced across the
resource pool: if a physical machine is executing many tasks to
which there is high priority and SLAViol policy is triggered, a high
priority task could be violated even if there are low priority tasks
in other physical resources. Balancing the client priority across
machines will minimize the aforementioned situations.

Analogously to DynScalAff and DynScalQoS , the RtMigrAff and
RtMigrQoS policies bias linearly the monitoring data from RtMigrRM
(see Algorithm 1) for prioritizing the migration of high-priority
VMs to physical resources where the average priority of VMs is
low.

5. Evaluation

This section described the simulation environment as well as
the results of the simulations for each policy introduced in the pre-
vious section. As a direct reference, Table 2 shows a summary of
the figures that show the results of the simulation for the different
policies that are introduced in this article.

5.1. Simulation environment

This section describes the experimental environment and its
configuration values. We have used the EERM Simulator [11]
to execute and evaluate the policies that are introduced in this
article. The EERM Simulator is a fine-grained Cloud market sim-
ulator that simulates the complete cycle of our Cloud SLA negoti-
ation and enforcement model: service discovery, SLA negotiation
between provider and client, execution of Web Services or batch
jobs and monitoring of the resources. It supports many features of
Cloud Computing, such as elasticity of resources or migration of
VMs. The EERM Simulator integrates the Drools [26] Rule Engine
to allow configuring the SLA management policies with respect to
the BLOs (e.g. the policies described in this article). We have used
a simulated environment because it allows generating more data
with limited resources in short time. This will allow to evaluate the
models more accurately.
The simulated data centers are sized to represent a small-
medium company that wants to externalize part of its resources
for quicker amortization of the infrastructure costs. However, our
research also focuses on big data centers that rent their space to
companies. The policies are scalable for both types of providers,
because they are applied at the level of each individual hardware
node, without data or message dependencies between nodes.

The constant values and the parameters of the simulation de-
scribed are arbitrary because there are no real market traces to
extract data from. Different real market scenarios could require
different values, but the contribution of this article is to show
how Client Classification reports benefit qualitatively, not quanti-
tatively. In other words, this article shows how a given policy can
increase the revenue or improve theQoS to the preferential clients;
this article does not intend to showwhether the constant values in
the policies are optimal, because they would vary depending on
the real market status. In our future work, the provider will auto-
matically adjust its parameters for self-adapting to changing mar-
ket environments. The observed trends are more important than
the specific values. The rest of this Section 5.1 explains the chosen
values for the aforementioned parameters, which are also summa-
rized in Table 3.

In themarket, clients try to buy resources to host theirWeb Ser-
vices. They send resource requests that contain {QoS, C,

−→
S , 1t}, in

whichQoS = {Gold, Silver, Bronze}. For the same task in equal time
and load conditions, themaximumprice that the client iswilling to
pay for Gold QoS is 50% higher than for Silver QoS and 80% higher
than for Bronze QoS.

The Web workload pattern corresponds to the access log of an
ISP within our university domain1 (see Fig. 3), and varies in func-
tion of the hour of the day and the day of the week: there are more
requests fromMonday to Friday evening than during the late night
or theweekend. However, the proportion of QoS and Affinity of the
clients does not vary in time.

Every provider belongs to a different organization, and has an
affinity higher than 0 for 25% of the clients in themarket, and equal

1 The exact data source cannot be disclosed due to confidentiality reasons.
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Fig. 3. Sample web workload pattern.
(a) Revenue. (b) Average affinity.

Fig. 4. Revenue and average affinity when using PrMaxRM and PrDscAff policies.
to 0 for 75% of clients. The affinity of the clients ranges from 0 to
1 with a uniform distribution. Summarizing, the average affinity of
all the clients is∼0.21 for every provider. Each client asks for Gold,
Silver or Bronze QoS, independently of their organization. 1/6 of
the clients ask for Gold QoS, 2/6 ask for Silver QoS, and 3/6 ask for
Bronze QoS.

When the provider checks the request from the client, it applies
Machine Learning techniques (Linear Regression, M5P, REPTree
and/or Bagging) [33] to predict future workloads and verify
whether the offered job can be executed correctly. A bad prediction
could entail a violation of the SLA. The providers that accept the
request return a revenue function Rev(vt), which specifies the
prices and penalties to pay for the execution of the service. Finally,
the client chooses the provider with the lowest price or best time
schedule for its interests, and sends back a confirmation.

The rest of this section demonstrates the validity of the
policies introduced in Section 4. In each subsection, policies are
incrementally added to the EERM rules repository in the same
order as they were explained in Section 4. For demonstrating its
validity, they are simulated in a scenario in which four different
Cloud providers sell their services in a market during a week. Each
provider has its own characteristics:

1. A provider that executes all the policies simulated so far. It
prioritizes users to which the provider has high affinity.

2. Same as provider 1, but prioritizing tasks with high QoS.
3. Same as providers 1 and 2, but excluding the policy that is

being introduced in the corresponding subsection. It is used for
comparison purposes.

4. A provider that executes all the policies simulated so far, with
client affinity as the objective. This formula is used instead
of applying all the policies based on Revenue Maximization
by comparative purposes, to show the real benefits of the
introduced RM policy when compared with Aff policies.
It is important to evaluate how the providers behave and how
effective the policies are in different scenarios. For example, if
there are many providers and few clients, the prices and the load
of the system will be low; if there are too many clients and the
providers cannot host all of them, prices and the system workload
will be high. To evaluate the policies in all the scenarios, all the
experiments are repeated with different offer/demand ratios.

5.2. Experimental results

5.2.1. Pricemaximization and discrimination (PrMaxRM and PrDscAff )
Fig. 4(a) compares the revenue of the providers that are com-

peting in the market. Every provider has different policies for pric-
ing: NoPrDsc policy (which implements a fixed-pricing policy),
PrMaxRM , and PrDscAff . The PrDscQoS policy is not considered be-
cause it does not make sense: Gold tasks must not be cheaper than
Silver tasks, and Silver tasksmust not be cheaper thanBronze tasks.

The x axis shows the number of clients in each experiment,
which varies for showing the performance of the policies in differ-
ent offer/demand ratios. The y axis represents the revenue of the
different providers. Each column group represents the obtained re-
sults of the providers in the experiments.

Fig. 4(a) shows that, as expected, revenue is noticeably in-
creased for the provider that applies PrMaxRM , compared to the
provider that applies NoPrDsc. In the case of PrDscAff -provider, the
revenue is noticeably decreased if compared with fixed-pricing
and Revenue Maximization providers. It is demonstrated that the
increment of the average affinity of the clients of PrDscAff penalizes
the revenue. The need for compensating the impact in revenue of
PrDscAff justifies the application of Ovrs∗ policies.

Fig. 4(b) is structured similarly to Fig. 4(a), but its y axis shows
the average affinity of the clients that used each resource. The av-
erage affinity is the addition of the affinities of all clients divided
by the number of clients. The figure shows that the provider that
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(a) Revenue. (b) Average affinity.

Fig. 5. Revenue and average affinity when using different Ovrs policies.
(a) Number of violations. (b) Average affinity of the violations.

Fig. 6. Number of violations and their affinity when using different Ovrs policies.
implements PrDscAff increases the average affinity of its clients up
to 50%, compared to the other providers. The average affinity of
clients in providers without PrDscAff is almost the same as the av-
erage affinity of all the clients in the market (∼0.21).

5.2.2. Resource overselling (Ovrs∗)
Fig. 5 has a similar structure as Fig. 4: it shows both the revenue

and the average affinity according to the policy combination in the
provider.

Fig. 5(a) compares the revenue of the four providers described
in Section 5.1: the provider labeled as No Ovrs applies PrDscAff but
does not apply any overselling policy; the other providers apply
their respective dynamic pricing policies, as well as overselling
policies based on RevenueMaximization (OvrsRM ), affinity discrim-
ination (OvrsAff ), and QoS range (OvrsQoS), respectively. Fig. 5(a)
shows that all the overselling policies have a positive impact on
earnings. The provider labeled as No Ovrs is the lower bound and
the provider labeled as OvrsRM is the higher bound. OvrsAff and
OvrsQoS stay in the middle of both: the clients are classified with-
out renouncing the revenue completely. The revenuewithOvrsAff is
lower than the revenuewithOvrsQoS becauseOvrsQoS prioritizes the
Gold and Silver contracts, which report more revenue than Bronze
ones.

To compare the usefulness of overselling based on affinity dis-
crimination (OvrsAff ), Fig. 5(b) also includes the results of a provider
that performs PrDscAff , but its overselling policy is driven by rev-
enue instead of affinity (labeled as OvrsRM ). As the intention of
OvrsQoS is not to attract clients towhich the provider has high affin-
ity, this policy is not included in the figure. Fig. 5(b) shows that not
considering the client affinity in the overselling policy decreases
the average affinity of the clients. It is not caused by any type of pe-
nalization, but it is a statistical fact: more clients enter the system,
regardless of their affinity. OvrsAff maintains similar affinity levels
as those of No Ovrs but increasing the revenue of the provider, as
in Fig. 5(a).

The drawback of overselling is that it considerably increases the
number of SLA violations (Fig. 6(a)). There are two reasons: the as-
sociated error to the predictor component, and the permissiveness
in terms of workload with clients to which the provider has high
affinity. The latter makes the provider to violate a highest propor-
tion of SLAs of high-affinity clients (Fig. 6(b)). The provider that ap-
plies OvrsQoS reports the highest number of violations because the
Gold and Silver SLAs have stricter requirements, which are more
difficult to fulfill. Despite the increase in the number of violations,
the proportion of violated SLAs over the total of allocated SLAs re-
mains below 2% in the worst case.

Fig. 7 is a stacked chart that shows the percentage of each QoS
ranges from the total of violations for the OvrsQoS provider in sev-
eral market simulations with different number of clients. It shows
that the higher the QoS rank, the higher the percentage of violated
SLAs. More violations of high-QoS SLAs do not mean that the QoS
for Gold SLAs is lower than the QoS for Silver SLAs. It means that
achieving the QoS requirements of Gold SLAs is difficult because
the QoS requirements are high.

The drawbacks of Ovrs∗ can be minimized by applying the
remainder policies for SLA enforcement at runtime: SLAViol∗,
DynScal∗ and RtMigr∗.

5.2.3. Selective violation of SLAs (SLAViol∗)
The experiments performed in this section show only the re-

sults of simulations from 32 to 64 clients, because the load of the
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Fig. 7. Proportion of violations by QoS range when using OvrsQoS .

system starts to be high from 32 clients, and the number of viola-
tions will be high enough to be representative.

The results of the experiments support the validity of all the
SLAViol∗ policies. Fig. 8(a) shows that the provider that applies
SLAViolRM increases the revenue up to 90%with respect to the other
providers.

Fig. 8(b) compares the average affinity of the SLA violations of
twoproviders. The average affinity here is the addition of the affini-
ties of all the violated SLAs divided by the number of SLA violations.
Both apply PrDscAff and OvrsAff , but one provider applies SLAViolAff

and the other does not. The figure shows that the average affinity
of violations of the provider that applies SLAViolAff is ∼30%–50%
compared to the provider that does not apply it, because SLAViolAff

violates SLAs from clients to which there is low affinity.
The results of prioritizing by QoS range are shown in Fig. 9:

the proportion of high-QoS SLAs that is violated is considerably re-
duced with SLAViolQoS , when compared with only applying OvrsQoS

(Fig. 7).

5.2.4. Dynamic scaling of resources (DynScal∗)
Fig. 10(a) shows that the provider that applies DynScalRM in-

creases its revenue by ∼30%–100% with respect to the providers
that do not apply this policy. Although Revenue Maximization is
not the main BLO of DynScalQoS , the revenue of that provider is
also noticeably increased, because the number of SLA violations for
Gold SLAs is reduced and, in consequence, the provider must pay
less penalties.

Fig. 10(b) shows that DynScalAff reduces the average affinity of
the violations especially in scenarios in which the system load is
not high. The reason is that there is not much leeway for finding
free resources in high-load scenarios, even when the monitoring
results are deviated to enforce Client Classification. Fig. 11, if
Fig. 9. Percentage of violations by QoS range with SLAViolQoS .

compared with Fig. 9, shows that the number of Gold SLAs that are
violated is reduced by 50% when applying DynScalQoS .

5.2.5. Runtime migration of tasks (RtMigr∗)
Fig. 12 shows that providers that apply RtMigrRM and RtMigrQoS

increase their revenue compared to providers that do not apply
them. The gain is proportionally similar to previous policies
because the percentage of tasks with high revenue and penalties
gets more balanced in all the physical resources.

RtMigr policy combines well with SLAViol. Even if the migration
of a task could simply transfer the violation to the target machine,
the key fact is that RtMigr diversifies the priorities of the tasks
in every physical machine. In consequence, it is easy to find SLAs
with low revenue in every overloaded machine. Otherwise, if
RtMigr was not applied therewould be physicalmachines that only
execute high-revenue tasks and the EERM would violate one of
them even if there were low-revenue SLAs in the other resources.
The same principle can be applied to client affinity and QoS.

The effects of RtMigr varywhen applying RtMigrAff or RtMigrQoS .
The average affinity of the violations is only reduced about 3%–5%
on average in all the scenarios (so the figure that shows it has not
been considered relevant to be included). The more the policies
already implemented in the provider the less the percentage of
improvement from new policies.

Fig. 13 shows the notable effects of live migration when priori-
tizing high-QoS tasks: the violations of Gold tasks are almost non-
existent, and Silver violations are reduced. Fig. 13 also shows that
the more the clients, the lower the effects of runtime migration.
The reason is that migrated tasks would be also violated in the tar-
get machines because of the high load of the resources.

The specific value for the threshold over which RtMigr is trig-
gered (90% in the experiments) is not important in this work,
(a) Revenue. (b) Average affinity of violations.

Fig. 8. Revenue and average affinity of violations for SLAViol∗ .
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(a) Revenue. (b) Average affinity of violations.

Fig. 10. Revenue and average affinity of violations for DynScal∗ .
Fig. 11. Percentage of violations by QoS range with DynScalQoS .

Fig. 12. Revenue when triggering different RtMigr policies.

Fig. 13. % of violations by QoS range with RtMigrQoS .
because we want to show that applying RtMigr decreases the vi-
olations of high-priority SLAs. Finding the optimum value for this
threshold autonomously is part of our future work.

6. Conclusions and future work

This article has introduced a set of policies that can be used for
maximizing the achievement rate of the BLOs of a Cloud provider.
TwoBLOs have been considered: RevenueMaximization and Client
Classification. Two facets can be used to classify the clients: client
affinity and QoS.

First, we introduced a set of policies for RevenueMaximization:
PriceMaximization and Resources Overselling, which are triggered
when the SLA is negotiated; Selective Violation of SLAs, Dynamic
Scaling of Resources and Runtime Migration of SLAs, which are
triggered when the VMs are running and the SLAs are enforced.
The set of policies for Client Classification is built by modifying the
Revenue Maximization policies for considering the client priority
as a main objective; Revenue Maximization is kept as a secondary
objective.

Revenue Maximization is suitable for most Cloud providers,
because this is a common objective for ensuring the sustainability
of businesses. Classification by QoS is suitable for a pure Cloud
provider whose business is only based on selling its resources
(it does not use them for its internal applications) and needs to
provide different levels of QoS to gainmaximum range of potential
users, because it targets three types of clients: clients who need
high QoS and are willing to pay high prices for that (because they
may suffer economic losses), clients who do not have such QoS
constraints and prefer to get cheaper resources with an acceptable
rate of availability (for example, some Web pages for the general
public), and an intermediate type of client (medium/high QoS,
medium/cheap price). Classification by affinity is more suitable for
organizations that host their own applications but want to sell part
of their spare resources to amortize the cost of the infrastructure
faster.

From experimental results, we conclude that the objectives of
the policies are achieved: providers multiply their revenue when
they apply RevenueMaximization rules; the percentage of priority
users is increasedwhen applying Client Classification policies. Also
the rate of SLA violations is lower for users to whom there is high
priority when applying Client Classification.

It is important to consider the introduced policies as a whole
set. A Cloud provider should not consider applying only a sub-
set of them because some policies have many drawbacks when
triggered individually: for example, PrDscAff reduces revenue and
Ovrs∗ increases the violations of SLAs. Applying the complete set
of rules allows maximizing the benefits while minimizing the
drawbacks.
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The policies presented in this article rely on some constant val-
ues that could not lead to the optimal achievement of the BLOs.
It is not the main objective in this article: the goal is to show
that the policies increment the metrics of the BLOs. Finding the
optimal values of the aforementioned constants brings a research
opportunity for future work: adding dynamism to rules for al-
lowing them to self-adapt at runtime to the changes in the envi-
ronment and achieve the optimal results according to their own
BLOs.

The objective of this article is not achieving the optimal wel-
fare of the whole market. This article considers Cloud markets as
a decentralized structure in which actors (clients and providers)
may pursue different BLOs. We focus on themaximization of some
BLOs from the viewpoint of each individual rather than finding a
hypothetical scenario in which all the participants collaborate to
attain a global optimal solution. This last scenariowould be feasible
in systems belonging to a single organization, but unrealistic in a
market.

This article also intends to justify the roadmap for future imple-
mentations of Cloudmarkets. Current Cloud providers offer simple
SLAs with few QoS and revenue options. The possibility of defining
fine-grained SLAs would allow both clients and providers tomutu-
ally benefit: clients would find services that fit their requirements
withmore precision; providerswould be able to apply policies that
support a wider range of BLOs. This involves also changes in the
Cloudmarket infrastructure: to set up neutral components to settle
the SLA negotiation and enforcement process and guarantee trust
in the market [4].

In our future research, we will investigate the validity of the
rules in greater detail, by executing the tests in real platforms for
checking how runtime migrations or dynamic scaling of resources
behave in current virtualization systems.
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