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Introduction

The most popular pricing models used by the current cloud providers
are: pay-as-you-go and subscription-based. Pay-as-you-go involves a high
price per unit hour but does not require long-term commitment. The
subscription-based pricing models are cheaper than pay-as-you-go in the
long-term but normally require a long-term commitment and associated
vendor lock-in. In this chapter, the currently employed pricing models in
cloud computing are briefly described (Section 4). Advance Reservations
(ARs), an efficient way to guarantee the availability of a given amount of
resources for use at a specific time in the future, are studied (Section 4).
Then, the concept of pay-as-you-book (Section 4), a novel manner of
acquiring cloud resources in advance for future use based on ARs, is
presented. Pay-as-you-book combines the main advantages presented
in pay-as-you-go and subscription-based pricing models: no long-term
commitment and low cost, respectively. At the end of this chapter, a case
study comparing the impact of different resource allocation policies on the
economies of a Virtual Cloud Provider (VCP) is developed (Section 4).
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Pricing models in cloud computing

Several economic models from other fields of study have been proposed
for Grid Computing [51]. The commodity market, posted price, tender,
bargaining and auction models are among the commonly studied economic
models employed for managing the resources in the cloud [52]. However,
most of them have not been implemented by current cloud providers.
Pay-as-you-go and subscription-based pricing models are among the most
popular cloud pricing models applied by current cloud providers [53].
In the pay-as-you-go model, users pay a value proportional to their
resource consumption, while in subscription-based pricing models, users
must commit to use the service for a given period of time in exchange
for a lower price per hour than in pay-as-you-go. Generally, purchased
resources through subscription-based pricing models have priority in terms
of availability over resources acquired through pay-as-you-go. The following
cloud pricing models are currently deployed by IaaS cloud providers:

1. Freemium: A product or a service is free of charge, but users must to
pay for advanced features. The product or service may be restricted
by time, capacity, customer class, features, and so on (e.g. Amazon
EC2 Free Tier Instances).

2. Usage duration or pay-as-you-go: Users pay a value proportional
to their resource consumption (e.g. Amazon EC2 On-Demand
Instances).

3. Subscription-based: Users must commit to use the service for a
given period of time, in exchange they pay a lower price in the
long term than in pay-as-you-go. This pricing model allows cloud
providers to foresee the utilization of their cloud infrastructure in
advance and to speed up their Return On Investment (ROI). The
resource allocation, in this pricing model, is based on ARs; cloud
providers lock resources and guarantee their future availability to
end-users [541]. Subscription-based pricing models may be divided
into three categories:

e Flat-fee or flat-rate: Users are charged a fixed fee for a
given period of time, regardless of the resource utilization (e.g.
Amazon EC2 Heavy Utilization Reserved Instances).

e Subscription with quota: Users are charged a fixed fee to
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subscribe the service and are given a usage quota. If the quota
is exceeded, there is an additional charge.

e Subscription without quota: Users are charged a fixed fee to
subscribe the service plus an additional extra charge depending
on usage (e.g. Amazon EC2 Light and Medium Utilization
Reserved Instances).

4. Market-based: Users bid for computing power, resources are allocated
if the bid exceeds the price fixed by the cloud provider (e.g. Amazon
EC2 Spot Instances). This pricing model is used by cloud providers
to sell spare cloud computing capacity.

Users select a pricing model based on their needs (such as computation
power, memory and storage capacities, QoS, execution time, budget and so
on). Thus, users with time-constrained tasks would be more interested in
purchasing flat-rate VMs, in order to assure computing power at anytime.
On the contrary, users without time-constrained tasks would be willing to
acquire VMs through the market-based pricing model. In case of fluctuating
and unpredictable loads, VMs are purchased through the pay-as-you-go
model.

Advance Reservations

Advance Reservations (ARs) have been introduced as an efficient way to
guarantee the availability of a given amount of resources for use at a specific
time in the future. Hotel room bookings are a very well known example
of ARs. In hotel room bookings, an AR is described by at least three
parameters: numbers of rooms to be booked, check-in dates and check-out
dates. AR mechanisms have been applied to several problems of resource
sharing in computer science such as bandwidth reservation, job scheduling
and VM scheduling. A classification of some studies dealing with ARs
applied to computer science is presented in Section 4.3.1 below.

Advance Reservation specified by cloud providers

This type of AR is very closely related to the subscription-based pricing
model, widely proposed by cloud providers (Section "Pricing models in
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cloud computing"). This type of reservation operates on a time-interval
basis. At the beginning of each time-interval, the end-user may adjust
the amount of resources to be reserved by the cloud provider for
the next time-interval. Published research studies can be classified

into short-term reservation plans [55, 56] (e.g.  fine granularity of
10-minute/1-hour time-intervals) and long-term reservation plans (e.g.
multi-year time-intervals) [31,57]. Niu, D. et al. [55] investigated pricing

policies for guaranteed bandwidth reservation in a cloud on a short-term
basis such as hours or tens of minutes. Requests are characterized
by an estimated average bandwidth requirement, its variability and the
percentage of the traffic flow to be satisfied with guaranteed bandwidth.
As for the cloud provider, it computes the current bandwidth reservation
in order to guarantee the required performance in a probabilistic way. It
also decides on the reservation fee taking into account the burstiness and
the time correlation of the various requests. A similar problem, where a
broker is introduced between the cloud providers and the end-users, is also
investigated by Niu, D. et al. [56]. While the broker sells guarantees to
end-users individually, it jointly reserves bandwidth from multiple cloud
providers for the mixed demand, exploiting statistical multiplexing to
save reservation cost. The problem has been solved using a game theory
approach where the equilibrium bandwidth price depends on the demand
expectation, its burstiness as well as its correlation to the market.

The long-term reservation plan was first studied by San-Aniceto, 1. et
al. [57]. This approach considered a single cloud provider and proposed an
algorithm that selects the number of VMs to be reserved by an end-user
while deploying a service in the cloud. In order to cope with request
fluctuations and unpredictability, additional resources may be dynamically
provisioned with an on-demand plan. The proposed algorithm minimizes
the global cost of using a mixture of reserved and on-demand VMs by
taking advantage of the different pricing models within the same provider.
Chaisiri, S. et al. [31] generalized the problem using the context of multiple
cloud providers taking into account the uncertainty on end-users future
requests and providers’ resource prices. They formulated the problem
as an integer stochastic program and solved it numerically using various
approaches.

62



Advance Reservation specified by end-users

In this type of AR, end-users have a higher flexibility as they can specify, in
addition to their capacity requirements, various time constraints associated
with the execution of their tasks. Time constraints can be expressed in
terms of various parameters such as start-time, completion time, duration
and task deadline. Thus end-users have the opportunity to reserve the
estimated required resources for the completion of their tasks without
any further commitment. The AR window is defined as the time-interval
delimited by the start-time and the deadline of a given AR request. ARs
specified by end-users can be classified into the following three categories.

Strict start and completion time

This type of AR is characterized by a duration equal to its AR window.
In other words, end-users require the resources at a specified exact time in
the future and for a specified duration (Figure 4.1). This type of AR does
not leave any flexibility to the cloud provider to reschedule the AR. Several
studies have shown that ARs with strict start and completion times lead
to high fragmentation of resource availability by increasing the number of
time intervals that are left unused [58,59]. In the case of cloud computing
VMs, these time intervals can be used by other types of requests such as
spot or on-demand VMs.

Start Completion
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Figure 4.1: Strict start and completion time Advance Reservation

Aoun, R. et al. [60] investigated the provisioning of computing, storage,
and networking resources in order to satisfy AR requests. They considered
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several basic services and highlighted how distributed data storage and
multicast data transfer can satisfy a larger number of end-users and
improve resource utilization of cloud providers. In further studies, the
business model of the aforementioned problem has been investigated [(1].
The authors proposed and compared three pricing strategies assessing the
expectations of both end-users and cloud providers.

Flexible start but strict completion time

This type of AR is characterized by a higher flexibility than the former as
the AR window is larger than its execution time. However, these ARs
are time-critical and, if accepted, the cloud provider must ensure that
they will complete prior to their firm deadline (Figure 4.2). Thus, cloud
providers may use various mechanisms to efficiently arrange, manage, and
monitor their resources. For instance, Lu, K. et al. [51] introduced a
model based on computational geometry that allows cloud providers to
record and efficiently verify the availability of their resources during the
SLA negotiation and planning phase. According to this model, when the
cloud provider lacks resources, a flexible alternative solution, referred to
as counter-offer, can be generated in order to satisfy the end-user. Hence,
the cloud provider’s reputation can be enhanced by improving its ability to
satisfy as many end-users as possible leading to higher resource utilization
and consequently higher profits. Venugopal, S. et al. [62] investigated
a negotiation mechanism that allows both parties (cloud providers and
end-users) to modify the SLA or to make counter proposals in order to
converge on a mutually acceptable agreement. In the investigated scenarios,
once the SLA has been agreed upon, the cloud provider has to execute the
task at the specified time. Numerical simulations have been carried out
to highlight the benefit of using time-flexible AR requests. Kaushik, N.
et al. [63] investigated the impact of the AR window size on the blocking
probability and the resource utilization for various models of inter-arrival
and service times under the first-come-first-served scheduling policy.

Aoun, R. et al. [61] investigated the resource provisioning problem in a
market-oriented cloud considering ARs with flexible windows, the size of
the AR window being a function of the requirements and the budgets of
end-users. The aim of this study is to propose a fair management algorithm
that guarantees the QoS requirements of end-users while increasing the
expected benefit of cloud providers. For this purpose, the authors
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introduced a weighted cost function that enables service differentiation,
based on disparity in time constraints of the requests. An exact linear

formulation, [(4] as well as an heuristic approach [65], has been considered
for the numerical performance evaluation. Instead of charging fixed prices,
Yeo, C.S. et al. [66] offer to automatically adjust the price for accessing

the resources, whenever necessary, in order to increase the cloud provider
revenues. By charging variable prices, cloud providers can give incentives
to end-users with less urgent requirements to shift their use to off-peak
periods to benefit from lower prices. As the prices are adjusted based on
the expected workload and the resource availability, ARs submitted a long
time in advance are privileged with cheaper prices compared to late ARs.

Deadline
I >
Submission time
time

Figure 4.2: Flexible start but strict completion time Advance Reservation

Similar investigations have been carried out in a slightly different
environment. The new environment allows the cloud provider to modify
the execution schedule of already accepted ARs in order to accommodate
new requests right up until each execution starts [67]. Such rescheduling
of existing ARs is carried out while respecting the deadline constraints
specified in the SLA. The authors have shown that this mechanism can
mitigate the negative effects of ARs and improve the performance of
reservation-based schedulers as it tends to reduce the amount of time
intervals where resources remain free. Another solution to improve
resource utilization is to make use of comprehensive overbooking which
is particularly efficient in scenarios with no-show policy, AR cancelation
[68], and over-estimated execution time of ARs [09]. In this context,
rescheduling existing ARs may allow overbooked ARs to get access to the
resources during their full execution period if previous ARs do not show
or finish earlier. The Earliest Deadline First scheduler has been shown
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to provide probabilistic real-time guarantees for ARs over time-shared
machines [70]. With this scheduling strategy, an admission control policy
is developed where new AR requests are accepted if they do not break the
QoS constraints of previously accepted reservations. This can be achieved,
for instance, by changing the priority of the running ARs to ensure that
the execution completes prior to its deadline.

Flexible start and completion time

This type of AR is also characterized by a high flexibility. However, the
AR window is not clearly defined. Instead of defining a start-time and a
fixed deadline for the execution of each AR, the end-user provides a set of
time-intervals along with its preferences represented by a utility function
(Figure 4.3). The utility function represents the level of satisfaction
that the end-user will experience as a result of the negotiation outcome.
This satisfaction may depend on several parameters such as the time of
execution, the price of the resources, the delays and the QoS requirements.
Not being able to reach an agreement is the worst possible outcome as the
end-user receives a null utility from the rejected request. Dynamic pricing
based on resource utilization and end-users classification was introduced
by Piischel, T. et al. [71]. Such dynamic pricing strategies allow adapting
the price to set incentives for using the resources during off-peak periods.
Two different approaches, which are already well established in other areas,
are compared by Meinl, T. et al. [72] namely, reservation performed by
derivative markets in a perfect competition environment and by yield
management techniques assuming an imperfect competition environment.
The authors analyze the different requirements in order to apply the
proposed approaches in the cloud and provide models to derive the suitable
reservation price. Son, S. et al. [73] introduced a bilateral negotiation
mechanism for cloud service reservation that simultaneously considers price
and execution time. Numerical simulations have been used to compare
the proposed mechanism for traditional pricing models used by current
cloud providers, namely fixed-prices for on-demand and reserved VMs, and
variable prices for spot VMs. The Time-of-Use pricing policy has been
investigated by Saure, D. et al. [71]. According to this policy, the price of
accessing resources is totally independent from the utilization ratio of the
requested resources but varies within a day. The optimal pricing strategy
that maximizes the end-user satisfaction is derived.
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In under-estimated ARs, ARs will run for a longer period than expected.
Yeo, C.S. et al. [06] deal with the problem of under-estimated ARs with
flexible start but strict completion time. However, in order to enforce future
scheduled ARs, ARs are killed once the time period of reservation expires.
In this approach, decisions on whether to kill or keep ARs are made by
evaluating ARs’ SLA constraints.
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Figure 4.3: Flexible start and completion time Advance Reservation. The
mood represents the level of end-user satisfaction for a specific interval.

Pay-as-you-book

Pay-as-you-book is a pricing model between pay-as-you-go and
subscription-based. Pay-as-you-book consists of paying and reserving
time-slots of VMs in advance without a fixed fee to subscribe to the
service and without a long-term commitment, avoiding vendor lock-in,
while obtaining lower prices than in pay-as-you-go. Thus, combining
the advantages of pay-as-you-go and subscription-based pricing models.
Another advantage of pay-as-you-book is a fixed user cost provision, due
to the fact that users pay what they have reserved. This also represents
an advantage for cloud providers, that could substantially reduce or avoid
the use of predictive analytical techniques (e.g. modeling, game theory,
machine learning, and data mining) when determining utilization patterns.
Table 4.1 presents a comparison between the current popular pricing
models of cloud providers and pay-as-you-book.

Pay-as-you-book may be applied in scenarios with predictable
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workloads [75] such as:

e Time-of-day patterns: Scenarios with recurring cycles in user
resource consumption based on people’s behavior, e.g. the
consumption of IT resources by users of a company can be easily
predicted and described by R resources between 8AM to 5PM from
Monday to Friday.

e Industry-specific variability: Scenarios with predictable
variability based on recurrent events, such as tax season, FIFA
World Cup and gift purchases for Christmas.

THE PAY-AS-YOU-BOOK PRICING MODEL

Feature Pay-as-you-go Subscription-based Pay-as-you-book
Cost High Low Medium
User Cost . . Fixed if no
Provision Variable Variable/fixed under-estimated ARs
imb t
,Relm ursemen . Percentage of the X times reservation
in case of service None
o1 1 ets user fees value
unavailability
Up-front or
Payment terms In-arrears Up-front .
in-arrears
Term None Long (From months Short (Duration of
commitments to years) the reservation)
Ava.llablllty during . Depends on cloud
periods of very Low High rovider’s policies
high demand P P
Use of predictive Unpredictable Necessary and done U.n nfe cossary
analytics usage patterns by cloud provider prediction done by
Y g p v p the end-user
Type of Unpredictable Predictable and Very predictable
applications workloads, spiky continuous usage usage

Table 4.1: Current popular pricing models compared with pay-as-you-book

In pay-as-you-book, an AR Q' can be modeled by a set of VMs w; Fach

VM wj- is meant to be used during a specific period of time (“strict start
i pi
) ) YRR Bl
aj denotes the start-time of the VM, ﬂ;- its stop-time estimated by the

and completion times”) and is represented by the tuple (« ’y]i-), where

end-user, and 7}- its real stop-time. An AR is accepted if the set of VMs
described in it can be provisioned.
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Initial scheduling of Advance Reservations

Since ARs are made prior to VM utilization, the cloud provider can use
various scheduling approaches in order to optimize the resource utilization
of its infrastructure and consequently increases its revenue. At this stage,
the cloud provider only has knowledge of the execution time estimated
by end-users. Even though these estimations may be imprecise, the cloud
provider has to decide whether to accept (w® = 1) or reject (@' = 0)
each AR  depending on its resource availability. The initial scheduling
problem can be formulated as follows. Given that there is a number N of
available VMs and the set of M ARs, the cloud provider has to determine,
for each accepted AR, the physical machine that will host it. This should
be carried out while respecting the limited resources of the cloud provider
and the fixed start and completion times estimated by the end-users. The
main objective of the cloud provider is to maximize the utilization of its
resources which can be expressed mathematically as:

M . .
g=>wixy (8 -al) (4.1)
i=1 vj

The choice of the type of the initial scheduling algorithm and its setup
depends on the provider goals. For example, in the case of a cloud provider,
the resource allocation goal may aim to minimize the number of physical
machines used to host VMs in order to reduce the power consumption, thus
reducing the operational expenditures, whilst in the case of a cloud broker
reselling VM time from different cloud providers, the resource allocation
goal may aim to minimize the cost of resold VMs.

This problem turns out to be similar to the 2-dimensional bin
packing problem with rejection. In order to solve this problem, a very
straightforward sequential algorithm commonly known as “ The Decreasing
First Fit” (DFF) algorithm has been used. DFF is a simple offline
heuristic algorithm that achieves a near-optimal solution for the classical
1-dimensional bin packing problem [76]. The DFF strategy operates in two
phases. First, it sorts the ARs in decreasing order based on their duration
Zvj(6§ — aﬁ). Then, it processes the ARs according to the previous order,
and schedules each VM in the first physical host with sufficient remaining
capacity during its execution time. If none of the physical hosts can fully
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accommodate the incoming VM, the AR will be rejected, as previously
stated.

Pricing and rewarding end-users

The cloud provider is responsible for guaranteeing the QoS required by
the reservations. In return, the cloud provider expects a payment in the
form of reward or fee for the successful completion of a reservation. If a;'-
denotes the start-time of a VM and 6;- its expected stop-time estimated by
the end-user, the end-user will be charged a fee ]-"JZ: equal to (ﬁ]’ — aé) x AR
where A is the hourly rate of a reserved VM. However, it may occur that
a VM is needed for more time than initially estimated ('7; > B}) In this
case, the cloud provider can allocate the required resources for a longer
period for a higher hourly rate A? on a best-effort basis (A9 > AR),
In other words, the cloud provider cannot guarantee the VM availability
until the real stop-time 7; 6’;- denotes the time when the VM is stopped
(05 = ~;) or it is forced to terminate by the cloud provider if the VM
is reserved for executing another end-user (9; < fy;) In the case of
under-estimated reservations, the end-user will be charged a fee .7-'; equal

to (8 —a’) x AR (0% — B) x A°.

When the cloud provider accepts an AR, the end-user expects to be
able to access the reserved VMs at the specified starting time. However,
changes may occur between the time when the end-user submits the
reservation and this specified starting time. This can happen for various
reasons such as end-users canceling or modifying requests, resource failures,
and errors in the estimation of the execution time. Since an AR is a
commitment by the cloud provider, failing to meet this commitment may
result in the provider having to pay a penalty P} to the end-user equal to

(B - ai) x AP,

Resource allocation policies

From the previous discussion, three scenarios have been identified:
over-estimated ARs (Figure 4.4a), under-estimated ARs without any
conflict (Figure 4.4b), and under-estimated ARs resulting in a conflict with
other ARs (Figure 4.4c). The first two scenarios are trivial since the cloud
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provider does not have to intervene and the AR will end normally. However,
for the third scenario, a cloud provider motivated by profit has to decide at
the arrival of a new AR oz;f" whether to keep running the under-estimated
AR or abort it. In order to tackle this conflictive scenario, three different
resource allocation policies have been defined: highest priority to running

ARs, highest priority to future ARs and an economic agent.

a)
i i _ 0 i+n >
@, ﬁj =7 &,
b)
i i i i+n >
O!J ﬁj 7/) aJ
d 5 I
< L4
c)
pi] o Y Y >
@, B; Ay Vi

Figure 4.4: Possible scenarios of running Advance Reservations

Strategy 1: Highest priority to running ARs

Under this strategy, the cloud provider will never stop a running VM
and always try to postpone the incoming AR that causes the conflict to
a later period through negotiations. The only incentive for the end-user
to accurately estimate the time of VM utilization is motivated by the
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lower price of ARs (AY > AR). This strategy is characterized by a null
percentage of dropped ARs during their execution.

Strategy 2: Highest priority to future ARs

Under this strategy, under-estimated VMs are penalized as they are aborted
after they have been started if there is a conflict with a future AR. In
order to protect their application from forced termination, end-users with
critical applications must ensure that the ARs times are sufficient for their
applications to be completed. This strategy is characterized by a null
percentage of rejected ARs prior to their execution since all accepted ARs
are honored by the cloud provider.

An economic agent for maximizing revenues under

pay-as-you-book

Under this approach, an agent to manage the conflict between currently
running under-estimated ARs and future ARs is proposed. The cloud
provider has to first estimate the average extra-time § required by the
currently running under-estimated AR. This can easily be obtained
by analyzing the past history of AR executions and hence adjusting
0 accordingly. Based on this, the cloud provider predicts that if the
under-estimated AR is kept running, it will get an additional fee of
(6 + B; — aéf”) x A9 but will have to pay a penalty PJZ/J“" equal to
(6;7” - ajf") x AP, If the under-estimated AR is aborted and the new
AR is executed, the cloud provider estimates its gain to be equal to
f;lﬂ'” = (ﬁ;j‘” — aéf”) x AR, By comparing these two values, the cloud
provider will decide on the way to resolve this conflict. If the cloud provider
decides to keep the under-estimated AR, it should negotiate with the owner
of the incoming AR if it accepts to delay its current execution and get, in
exchange, a penalty and a new time slot for executing its AR. In this
study, it is assumed that the end-user can accept such a proposal with a
probability p.
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Case study: A Virtual Cloud Provider
maximizing revenues through the

pay-as-you-book pricing model

In the mobile business, Mobile Virtual Network Operators (MVNOs)
offer attractive mobile communication services without having their own
infrastructure or spectrum. As in the mobile business, cloud brokers
may operate in the near future, like Virtual Cloud Providers (VCPs)
by assuming credit risk and by creating new pricing models addressing
specific market segments. This case study considers a VCP that resells
VMs, reserved in advance, at a flat rate. For this, the VCP reserves
a large number of VMs across multiple platforms (quota) at a lower
price that announced by the cloud providers and resells them under the
pay-as-you-book pricing model.

Experimental setup

For these simulations, a VCP with a fixed number N of same size VMs
reserved across multiple cloud providers is considered. A simulation period
of 4 days (or equivalently 96 hours) has been defined. The VCP collects
the set of ARs prior to their execution. It is assumed that each AR is
composed of a single VM. The start-time aé of a VM is uniformly chosen
in the interval [0,96] while its estimated utilization ,LL; follows a negative
exponential law of mean 1 = 5 hours bounded by a maximum utilization of
8 hours (ﬁ; = a} + p;) The percentage ¥ of ARs that are under-estimated
varies in the set {20%, 30%, 40%, 50%} and the extra-time required by these
reservations A;- also follows a negative exponential law of mean A equal to
1 or 2 hours (’y; = 6} + )\3) Without loss of generality, the value of A has
been fixed to 1. Consequently, the parameters A? and A? can take their
values in the sets {1,2,3,4,5} and {0.5,1,1.5}, respectively. Finally, the
probability p of a successful negotiation between the VCP and the end-users
was fixed to 100%.

For each simulation, the percentage is reported:
o R;of ARs that were rejected at the end of the offline initial scheduling;

o R, of initially accepted ARs that were dropped during their execution
because their execution times were under-estimated;
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e R, of initially accepted ARs that were rejected prior to their execution
because the VCP decided to keep running an under-estimated request;
e R, of advanced reservations that are accepted and executed during

their complete activity period. It is obvious that the following
equation holds true:

Ri+Rqg+ Ry + Ra = 100% (4.2)

as well as:

o the average utilization ratio xy of the VCP resources during the
simulation period.

o the revenue Z of the VCP computed as a function of A% A© and
AP

All the experiments have been repeated 1000 times. The average and
the standard deviation computed over these different runs are recorded. In
these simulations, the three resource allocation policies previously described
(c.f. Section "Resource allocation policies") as well as the on-demand
approach, have been considered. In the on-demand approach, no ARs
are made at all and the resource allocation is performed online. Upon
the arrival of a new request, the VCP evaluates its instantaneous resource
utilization. If enough free resources are available, the new request is
accepted; otherwise, it is rejected. In return, the end-user is expected to
pay a higher price A© for accessing the resources as they are not reserved
in advance. This approach does not ensure end-user satisfaction with a
request for multiple VMs as there is no guarantee that all the VMs will be
provisioned.

Results and analysis

Impact of the number of submitted ARs

In the first scenario, the parameters of the simulation have been fixed as
follows: N =10, AR =1, AP =1, A9 =3, ¢ =20%, A =1, p = 100%
(Table 4.2).
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M =100 ARs M = 200 ARs
%R: %Ra KR, %x = %Ri;  %Ra %R, Y%ox =
DFF 0.10 0 0 35.45 30500 7.64 0 0 67.51 58000
On-Demand 0.20 * * 38.54 99750 9.68 * * 67.01 173250
Strategy 1 0.10 * 8.17 35.09 33750 7.64 * 10.01 64.77 61000
Strategy 2 0.10 8.97 * 37.15 32750 7.64 11.29 * 69.64 61000
Economic Agent 0.10 6.42 2.32 37.03 35250 7.64 8.00 2.91 69.34 64750

Table 4.2: Impact of the number of submitted Advance Reservations (ARs).
A * denotes 0% by default.

As expected, the on-demand approach ensures the highest VCP revenue
as the end-users are paying a higher price for the execution of all their tasks
(A9 = 3xAT). Tt also achieves a high overall acceptance ratio R, as it does
not have to deal with estimation uncertainties. Notice that both strategies 1
and 2 achieve similar revenue = for the VCP. However, Strategy 1 achieves
the highest acceptance ratio R, for ARs, while Strategy 2 has a better
performance in terms of resource utilization y. The proposed economic
agent achieves slightly lower resource utilization compared to Strategy 2
and keeps the percentage of rejected ARs prior to their execution R4 at an
acceptable value. In summary, the proposed economic agent is a trade-off
in terms of resource utilization and acceptance ratio between the intuitive
strategies 1 and 2, but outperforms both of them in terms of VCP revenue.
These conclusions hold true independently of the number of submitted ARs.

Impact of the percentage under-estimated ARs and their

execution extra-time

In the second scenario, the parameters of the simulation have been fixed
as follows: N = 10, AR =1, AP =1, A9 =3, M = 200, p = 100%
(Table 4.3).

As the initial scheduling does not have any knowledge about the error
in estimating the execution time, it achieves the same performance
independently of the values of 1 and A As the percentage of
under-estimated ARs increases, the percentage of ARs that are rejected
prior to their execution in Strategy 1 also increases. However, this increase
is less pronounced than the increase observed in the Strategy 2 for the
percentage of dropped ARs during their execution. Overall, the proposed
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THE PAY-AS-YOU-BOOK PRICING MODEL

economic agent still keeps its superiority whilst achieving a trade-off in
terms of resource utilization and acceptance ratio between the strategies 1
and 2, whilst also outperforming both of them in terms of VCP revenue.

In general, the results show that the on-demand approach is better
in terms of revenue than the proposed economic agent, and the strategies
1 and 2. Since the main interest for a cloud provider is to maximize
its revenues, the obtained results explain why a pricing policy such as
pay-as-you-book has not been implemented by cloud providers. Thus,
pay-as-you-book may be implemented by a cloud broker taking advantage
of multiple cloud providers’ service offerings, acting as a VCP.
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THE PAY-AS-YOU-BOOK PRICING MODEL

Summary

In this chapter, the problem of resource provisioning while using ARs
under the pay-as-you-book pricing model has been investigated. The
proposed model handles the extra-time required by running ARs at a
higher price, on a best-effort basis. Indeed, an extra-time of an AR
plan may lead to resource conflicts with other AR plans. In order to
resolve such resource conflicts, an economic agent responsible for managing
the under-provisioning problem has been proposed. The economic agent
aims to achieve provider satisfaction by maximizing its revenues through
intelligent resource management. In order to assess the performance of
the proposed agent, the proposed economic agent has been compared with
two intuitive approaches that systematically prioritize reserved ARs or
currently running ARs. The economic agent achieves a trade-off between
the two intuitive strategies in terms of resource utilization and acceptance
ratio, whilst outperforming both in terms of provider’s revenue. These
conclusions remain true regardless of the number of submitted ARs, the
percentage of under-estimated ARs, and the average duration of the
extra-time required.
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Chapter 5

Conclusion and future works

The aim of this book has been to propose new value-added services and
pricing models in cloud brokering at the infrastructure level. With this
in mind, a comprehensive overview of the current and future value-added
services in cloud brokering has been provided. After surveying the research
related to cloud performance evaluation and placement in cloud brokering
(Chapter 1), needs and shortcomings in the current cloud computing
service offerings have been identified. In particular, in the first part of
this book (Chapters 2 and 3), the problem of a single figure of merit for
cloud performance and the problem of VM placement in cloud brokering
have been addressed. In the second part of this book, a new pricing

model for cloud computing known as pay-as-you-book has been proposed
(Chapters 4).

The computation of a single figure of merit for VM cloud performance
has been described as a multi-criterion problem (Chapter 2). This problem
relies on eight criteria: Communication, Computation, Memory, Storage,
Availability, Reliability, Scalability and Variability (Section 1). The
weight of these criteria in the computation of a figure of merit for cloud
performance depends on the application profile foreseen to run on top of the
cloud infrastructure. The Analytic Hierarchy Process (AHP) has been used
to analyze and to solve the Multiple Criteria Decision Making (MCDM)
problem of finding a single figure of merit for cloud performance. In this
case, AHP enables an objective determination of the relative merit of the
VM performance criteria for a given set of cloud providers.

Similarly to the problem of finding a figure of merit for cloud



CONCLUSION AND FUTURE WORKS

performance, the problem of placement in cloud brokering has been
described as a multi-criterion problem (Chapter 3). This problem refers
to the efficient distribution of cloud infrastructure across multiple and
non-interoperable cloud providers. Preemptive goal programming has
been used to tackle this problem by defining a set of multiple LPs
with different priorities assigned by the end-user. A pricing model
between pay-as-you-go and subscription-based known as pay-as-you-book
has been proposed (Chapter 4). Contrary to subscription-based pricing
models, pay-as-you-book allows for the reservations of cloud resources
for future use without long-term commitment. Three resource allocation
policies to manage the extra-time required by running reservations under
pay-as-you-book have been described and evaluated. Among the evaluated
policies, the economic agent maximizes cloud provider’s revenue while
keeping an acceptable ratio of resource utilization.

Cloud brokers have emerged in the cloud computing landscape as
a technical solution to bringing unified self-service access to multiple
non-interoperable cloud providers. By bringing interoperability and
portability of end-user’s applications across multiple cloud providers, cloud
brokers act as an ideal doorway to fill the current technical gaps in cloud
computing and to introduce new pricing and business models. Technically,
cloud brokers already complement or enhance some of the cloud provider
service offerings such as infrastructure monitoring, cost optimization,
elasticity management and consolidated billing. In this manner, cloud
brokers act as a single point of access for consumption of cloud services.
With the introduction of new value-added services, such as those presented
in this book, cloud brokers may become trusted third-parties, providing
un-biased information that benefits end-users.

Current cloud providers look for differentiation through the addition
of mnew value-added services to their portfolios. Similarly to
supermarkets, cloud providers have become a place to find aggregated but
non-interoperable services. For example, cloud providers do not provide
infrastructure monitoring services that monitor the infrastructure of their
competitors. In the near future, cloud brokers can take part of the
cloud economies by actively changing the value chain of cloud computing.
Similarly to the Mobile Virtual Network Operator (MVNO) business model,
cloud brokers, without hardware infrastructure, may develop new and
appealing pricing models addressing untapped market sectors. By acting as
a single point of access for the consumption of cloud services, cloud brokers
could set the bar for how much end-users should pay for a given cloud offer

80



depending on the SLA of the cloud provider and its respective performance.
Thereby, cloud brokers will increase competition between cloud providers.

The practical implication of this book is threefold. First, the proposed
figure of merit can be used to objectively compare cloud providers based on
their performance and on the application profile to be deployed. Second,
the computation of this figure of merit linked with the proposed knowledge
of cloud brokering placement optimizes costs of the distributed resources
depending on the end-user constraints. This knowledge may enrich the
service portfolio of not only cloud brokers, who could automatically respond
to unforeseen scenarios, but also consultancy firms and I'T departments who
may take data-driven decisions when migrating into the cloud. Third, the
proposed pricing model is a first step to the study of mechanisms enabling
new and appealing ways of purchasing cloud infrastructure.

This work has identified two areas for possible further study. These
include the identification of standard sizes and the establishment of
standard SLAs for cloud VMs. The definition of standard VM sizes solves
the problem of product differentiation created by current heterogeneous VM
service offerings from cloud providers. Thus, the challenge is to identify
a measurement for VM configurations that satisfies the largest demand
from end-users by taking into account the different application profiles.
Cloud SLAs vary from one cloud provider to another. In order to enable
the comparison of service offerings, SLAs terms and definitions need to
be standardized across cloud providers. In summary, standard SLAs and
standard VM sizes along with our proposed figure of merit, contribute to
the commoditization of cloud VMs.
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Appendix B

Cloud performance
evaluation: details and

extended results

Related issues to the performance evaluation

Issues faced during the development of this study:

e Not all cloud providers provide an API to manage the VMs. This
fact obliged us to start and stop VMs via the web interface which
prevents the exact measurement of the provisioning time.

e Some cloud providers (particularly the recently emerged) do not
support the import of VM images.

e The image provided by one cloud provider had the root user
account deactivated (for security reasons as expressed by the technical
support). As ceilo was conceived for being used under the root
account, some troubles were encountered during the installation and
configuration of the benchmark tools.

o Acquisition of cloud resources is not automatic for all cloud providers.
For instance, for some cloud providers, the creation of the account
needed to be validated by human-intervention before the resources
could be used. Sometimes the confirmation took more than one



working day.

e One cloud provider had a security policy that considered the
benchmarks used in this study a risk for its cloud infrastructure.
The VMs were immediately stopped and the account got blocked
till further explanation was provided for the reasons behind the tests.

e In some cases, the online documentation is extensive and
well-explained, in other cases, the documentation is insufficient
to solve technical issues but the technical support assisted us in
deploying the applications.

VM configurations

The table B.1 presents the evaluated VM configurations. All prices have
been converted to US$ (1US$ = 1.23€).

Table B.1: VM configurations

Cloud vCPU RAM Disk
VM size Price(USS$)/hr
provider (number) (GB) (GB)
s 1 2 10 0.0309
Arubacloud m 2 4 20 0.0556
1 4 8 40 0.1050
XS 1 0.615 8 0.0200
s 1 1.7 160 0.0650
Amazon m 1 3.75 410 0.1300
1 2 7.5 840 0.2600
x1 4 15 1680 0.5200
XS 1 0.512 10 0.0524
S 1 2 10 0.0807
Cloudsigma m 2 4 10 0.1526
1 4 8 10 0.2339
x1 8 16 10 0.5841
XS 0.15 0.625 20 0.0200
Joyent s 1 1.75 56 0.0560
m 2 7.5 738 0.2400

Continued on next page
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Table B.1: (Continued)

Cloud vCPU RAM Disk
VM size Price(U$)/hr
provider (number) (GB) (GB)

1 4 15 1467 0.4800

x1 8 30 1683 0.9600

XS 1 0.512 10 0.0191

s 1 2 10 0.0469

Lunacloud m 2 4 20 0.0939
1 4 8 40 0.1870

x1 8 16 80 0.3750

S 1 10 0.0413

Profitbricks = 2 20 00825
1 4 40 0.1650

x1 8 16 80 0.3300

xS 1 0.512 20 0.0330

S 1 1 40 0.1210

Rackspace m 2 4 160 0.2430
1 4 8 320 0.4870

x1 8 30 1200 1.5240

XS 2-shared 0.768 20 0.0184

S 1 1.75 70 0.0552

WindowsAzure m 2 3.5 135 0.1105
1 4 7 285 0.2210

x1 8 14 605 0.4410

Benchmark duration

The benchmark duration is important when measuring cloud performance,
since the costs related with the evaluation are directly proportional to its
duration. Regarding the benchmark duration (Figure B.1), half of the cloud
providers (Arubacloud, Cloudsigma, Profitbricks and Rackspace) have a
benchmark duration of under one hour for all VM sizes. For the others,
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the benchmark duration and VM size are inversely proportional. This
proportional relationship is mainly due to three facts. First, a constant
workload in the computation benchmarks (7-Zip and C-Ray) across all
VM sizes is kept. Thus, the lower the number of processors in a VM, the
longer the duration of the computation benchmarks. Second, the practice
of processor-sharing by cloud providers increases the benchmark duration.
For example, Amazon and Joyent share the processor time between VMs for
xs-VMs. Third, the differences in processor brands and qualities make some
cloud providers more powerful than others in computing terms (Table B.2).

meanistd)

35 452(041) : ; .

25

Mean Benchmark duration (hours)

Xs s m | xl

Figure B.1: Benchmark duration

Performance-price correlation with a simple

figure of merit of Cloud performance

The results presented here were calculated with the simple figure of merit
for cloud performance method (c.f. Section 2).
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Provider | Processor
AWS Intel Xeon E5-2650 @ 1.80GHz
CLO AMD Opteron 6380 @ 2.50GHz
JOY Intel Xeon E5645 @ 2.40GHz
LUN Intel Xeon E5-2620 @ 1.50GHz
RAC AMD Opteron 4332 HE @ 3.00GHz
WIN AMD Opteron 4171 HE @ 2.09GHz

Table B.2: Type of processor for zs-VM size

Correlation among VM sizes from different cloud providers

The performance-price relationship for the same VM size from different
cloud providers has been studied. The performance values have been
calculated as previously described for each VM size (i.e. for every graph
presented in Figure B.2). The Average Values (AVE) have been used to
split each graph into four quadrants: High Performance (HP) and Low Cost
(LC), High Performance (HP) and High Cost (HC), Low Performance (LP)
and Low Cost (LC), and, Low Performance (LP) and High Cost (HC). The
highlights of the findings are as follows:

Arubacloud presents the best performance-price relationship among
the evaluated cloud providers for the three VM sizes (s,m and )
evaluated with a low variability in the case of s and m sizes.

AWS is placed on the HC-LP and LC-LP quadrants for all the VMs
sizes but for the m VM size. AWS VMs present a low variability
(0-10%) for the m and al sizes.

Cloudsigma presents a HP and a small variability at a HC for the
small sizes (zs and s). For the m, [ and xl sizes the performance is
close to the AVE. VMs have a low variability for all the sizes but the
m size.

Joyent has a HP at a HC for VMs sizes m, [ and zl sizes but not the
zs size. VMs have a low variability for all the sizes but the zl size.
Lunacloud VMs are on the HP-LC and LP-LC quadrants. VMs have a
performance over the AVE for the [ and zl sizes, with a low variability
for the m and [ sizes.

Profitbricks VMs are on the HP-LC quadrant. VMs have a low

variability for the s, m and [ sizes.

Rackspace presents a low variability and is placed on the HP-HC and
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HP-LC quadrants for all the VMs sizes.

e WindowsAzure VMs are on the HP-LC and LP-LC quadrants.
Performance results are 1 point over the AVE values for zs and ! sizes
and 1 point under for s, [ and m sizes. In terms of cost, WindowsAzure
is under the AVE for all VMs sizes. Low variability is presented in
m, [ and zl VMs.
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Figure B.2: Correlation between performance and price for VM sizes. The
variability of a VM is represented by the size of the spot. Lower bound
equal to 1 and upper bound equal to 10.
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Correlation among different VM sizes from a single cloud
provider

The performance-price relationship for different VM sizes from the same
cloud provider has been studied here. The performance values have been
calculated as previously described. The motivation behind this is to check
the correspondence among size, price and performance of VMs. In general,
prices are proportional to the size and performance of the VMs (Figure B.3).
The highlights of the findings are as follows:

Economic advantage

A VM-pair comparison for every cloud provider in order to find VMs with
similar performance values has been made. Users may reduce costs by
using cheaper VMs with equivalent performance. For each cloud provider,
pairs of VMs (VM,, VM,) have been found as follows. For two VMs, VM,
and VM, where:

Size(VMy) < Size(VMy) (B.1)

The pair (VM,, VM,) is selected if:

Per formance(VMy) > Per formance(VM,) (B.2)

or if:

0 < Per formance(VMy) — Per formance(VM;) < 0.5 (B.3)
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Figure B.3: Correlation between performance and price for cloud providers.
The variability of a VM is represented by the size of the spot. Lower bound
equal to 1 and upper bound equal to 10.

The Economic Advantage Economic Advantage (EA) has been defined as
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the amount of money a user saves when choosing the smallest VM between
two VMs with similar performance. EA is denoted as follows:

Price(VM;)

EA=|1—- ———
[ Price(VM,)

] x 100% (B.4)

Table B.3 presents the pairs of VMs with their corresponding EA that
satisfy equation (B.2) or (B.3).

Provider| (VM,,VM,) | EA
ARU (s,m) 50%
AWS () 50%
CLO (zs,5) 37.5%
JOY (a) 50%
LUN (zs,5) 60%
PRO (L) 195%

(zs,5) 25%
RAC (m,1) 51%

(Lal) 67.8%
WIN (s,m) 45.5%

Table B.3: VM-pair and EA
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CLOUD BROKERING 1S A SERVICE PARADIGM that provides interoperability and
portability of applications across multiple cloud providers. The attractiveness of
cloud brokering relies on the new services and extended computing facilities that
enhance or complement those already offered by isolated cloud providers. These
services provide new value to Small and Medium-sized Businesses (SMBs) and
large enterprises and make cloud providers more competitive. Nowadays, at the
infrastructure level, cloud brokers act as an intermediary between the end-users
and the cloud providers. A cloud broker provides a single point for service con-
sumption in order to avoid vendor lock-in, increase application resilience, provide
a unified billing, and simplify governance, procurement and settlement processes
across multiple cloud providers. In the future, cloud brokers will provide advanced
value-added services and will use attractive pricing models to capture potential
cloud consumers. The aim of this book is to propose advanced value-added ser-
vices and a pricing model for cloud brokers.

This book has three objectives:

« The first one is to present a single figure of merit of cloud VMs performance
based on the application profile.

« The second one is to propose an exact approach for allocation of VMs across
multiple cloud providers based on different optimization criteria.

« The third one is to describe a pricing model for cloud brokering, called pay-as-
you-book.
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