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Abstract—The cloud computing market has emerged as an
alternative for the provisioning of resources on a pay-as-Qu-
go basis. This flexibility potentially allows clients of clad
computing solutions to reduce the total cost of ownership atheir
Information Technology infrastructures. On the other hand, this

market-based model is not the only way to reduce costs. Among

other solutions proposed, peer-to-peer (P2P) grid computig has

achieved by following some common rule-of-thumb approacte
to choosing reservation contracts.

I. INTRODUCTION

Cloud computing has been experiencing a rapid growth,
with many commercial companies currently providing on-

been suggested as a way to enable a simpler economy for thedemand virtual resources such as infrastructure, datagsor

trading of idle resources. In this paper, we consider an IT
infrastructure which benefits from both of these strategies In
such a hybrid infrastructure, computing power can be obtaired
from in-house dedicated resources, from resources acquidefrom
cloud computing providers, and from resources received as
donations from a P2P grid. We take a business-driven approdc
to the problem and try to maximise the profit that can be
achieved by running applications in this hybrid infrastructure.
The execution of applications yields utility, while costs ray be
incurred when resources are used to run the applications, oeven
when they sit idle. We assume that resources made availablefn
cloud computing providers can be either reserved in advangeor
bought on-demand. We study the impact that long-term contrats
established with the cloud computing providers have on the qfit
achieved. Anticipating the optimal contracts is not possite due
to the many uncertainties in the system, which stem from the
prediction error on the workload demand, the lack of guarantees
on the quality of service of the P2P grid, and fluctuations in he
future prices of on-demand resources. However, we show thahe
judicious planning of long term contracts can lead to profitsclose
to those given by an optimal contract set. In particular, we nodel
the planning problem as an optimisation problem and show tha
the planning performed by solving this optimization problem is
robust to the inherent uncertainties of the system, produaig

profits that for some scenarios can be more than double those
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and software services. In this paper the term “resource” may
represent any type of service.

The flexibility to increase and reduce capacities at willl an
pay only for resources that are actually used, imply that the
use of cloud computing can result in substantial reductions
in the costs of running IT infrastructures. However, this is
not the only way to reduce costs. Another possible method
for gaining access to extra computational resources at low
cost is throughpeer-to-peer grid computing, which has been
suggested by Cirne et al. [1] as a way to enable a simpler
economy for the trading of idle resources. Peers in peer-to-
peer (P2P) grids donate their in-house resources to otlees pe
when these resources would otherwise be idle; in returry, the
receive resources from these peers for free, but with natgual
of service guarantees, when these peers are themselves idle

More generally, one can consider a hybrid IT infrastructure
which benefits from both of these strategies for accessing
IT resources [2], [3]. In such a hybrid system, computing
power can be obtained from in-house dedicated resources,
from resources acquired from cloud computing providerd, an
from resources donated by peers in a P2P grid.

One increasingly popular class of applications which are
ideally suited to execute on this hybrid infrastructurehis t
class ofbag-of-tasks applications. These are applications that
are composed of a large humber of independent tasks which
can be scheduled in parallel using as many resources as
are available. Many applications in science, e-commernte, a



several industry sectors, such as pharmaceutical, enangy, Assunc¢do et. al. [12]). These papers, however, only densi
engineering, are of this form. We will assume for the rest @fi-house and cloud resources.
the paper that the applications under consideration areobag Kim et al. [13] and Maciel Jr. et al. [2], [3] propose schedul-
tasks applications. We will also assume that the applinatioing strategies for a hybrid infrastructure similar to theeon
are time-constrained: the utility obtained by the execution of considered in this paper, which in addition includes resesir
the application decreases with the length of time taken ¢btained from a grid. Kim et al. propose two strategies. The
complete its execution, and is zero if this length is greatéirst aims to finish the application as soon as possible, while
than or equal to some fixed value. the second aims to improve the speedup without exceeding
In previous work [2], [3], we and other colleagues proposeal budget. However, Kim et al. only consider the scheduling
a business-driven management approach for maximizing fhrcess at run-time, and do not consider resource resamvati
profitability obtained from the execution of time-constidl As mentioned in Section |, our approach is similar to that
bag-of-tasks applications in this hybrid setting. Althbwg the taken by Maciel Jr. et al., however, while they consider only
time most cloud computing providers offered only resourcehort-term planning, and one application at a time, we focus
on-demand, the authors projected that, as the market senleaon long-term contracts and workloads that comprise many
providers would need to use a business model that includagplications to be executed over a long period of time. Irioth
the possibility of reserving resources for later use. Indloed words, the underlying ideas for the model, capacity plagnin
computing market, both providers and consumers face risksethod, and run-time scheduling method are similar to those
While providers face the risk of having too much of theipresented in [2], [3], however unlike those papers we carsid
capacity under utilised, consumers face the risk of notrigavilong-term planning, with the execution of several appiaat
resources available at reasonable prices when they need thigeing planned at once.
In this respect, reservation contracts are advantageonnstfre
providers’ perspective, since they increase the prediiiabf [1l. SYSTEM MODEL AND PROBLEM STATEMENT
demand, as well as from the customers’ perspective, sirge th

protect against price fluctuations and resource unavéilabi Qgerations Officer (COO) of a corporation who needs to run

We are currently seeing some of the largest players in t . . .
market moving in this direction [4], [5]. However, previousa workload)v over a long time period—typically a year. The

. ._warkload consists of multiple short-lived applications.sat
work envisaged the use of short-term contracts, negotiate . .
. : : . of resource providersR) are at the disposal of the COO. The
without human intervention. Instead, the major cloud Co'mpr

ing providers are offering long-term contracts, typicadlgtin OOs job is to decide on the long-term contracks) (that
9p glong » typicadlyting need to be established with the providers, and the apptepria
for a month or a year.

Thi litv h tivated Us t tend . cheduling (S) to allocate the workload on the available
IS reality has motivaled us to extend our previous Wole asirycture, so that the profit achieved is maximizede Th
to deal with the problem of planning the capacity of

Best choice fors will depend on the val dK.
hybrid IT infrastructure whose contracts established wittud est choice foiS will depend on the values afy and &

. . . L Of course, it is not realistic to expect that the COO will
computing providers are long-term commitments. Similaoly know precisely what the workload will be in the year ahead
our previous work, we take a business-driven approach .

e assume that the COO will plan which contracts to establish
propose a strategy to plan the long-term contracts and t}o

. o fatsed on an estimate of this workload, and will adjust the
use the reserved resources, in order to maximize the profi

: : : - " fun-time scheduling of applications in response to vareti
obtained from running a given workload (comprising muéipl . . . . . .

o ; . . from this estimate. We will show that in the implementation
applications) on the infrastructure over a long time period

. . of our model, good performance can be achieved without a
The rest of the paper is organized as follows. Related Wo\%ry accurate workload estimate

is discussed in Section II. Section Il presents the system

model and gives a formal stat_ement_of the problem of Ion_g-. System Model

term management of a hybrid IT infrastructure. Capacity o _
planning and run-time scheduling are discussed in Section | Let {Ai, ..., A} be the set of applications making up the
A performance evaluation is presented in Section V. Finallporkload W. We characterize each applicatiod; by the

Section VI closes the paper with our concluding remarks afidPle (di, tri, ui(-)),1 < i < m, whered; is the demand
directions for future work. of application.4; (one unit of demand corresponds to one

resource unit used for a unit of time);; is the instant of time
when the applicationd; is ready for execution; and,(-) is
the application4;’s utility function, which specifies the total
Several papers propose heuristics for scheduling applicaiity obtained as a function of the amount of time taken to
tions using cloud resources, for instance Pandey et. ahrjfl] complete the execution of the application. We write for
Silva et. al. [10]. More recently there has also been work dhe time that4; completes its execution; the value t@f will
scheduling strategies for the use@budBursts, in which in- depend on the contracts and scheduling chosen. The utility
house resources are complemented by resources from clgathed from the execution of this application will thus be
providers to address a spike in demand (Marshall et. al, [11] (¢tc; — tr;).

We consider the problem from the perspective of a Chief

Il. RELATED WORK



The cost of using a resource is normally calculated overbe modelled as a provider for whigh; = pu;(t) = 0 for
short time interval, with the use of the resource for a faatti all ¢, since there is no reservation of resources in the grid and
of the time interval being charged the same as if it had be#s cost of use is negligible in comparison to the costs fer th

used for the whole interval. We therefore assume that the tirother providers.

period under consideration consists of discrete time vaisr
of this short length, and that the timés andtc; are always
at the beginning of one of these discrete time intervals. We

A schedule

S ={ud;(t),Vi,j,t]l <i<m,1<j<n1<t<T}

assume that the time period for which the capacity is ﬁr§becifies how the resources available under contfane used

planned, and then used, runs fram= 1 to ¢t = T', and that
the discrete time intervals comprising it are of unit length
Let P = (Py,...,P,) represent the available providers
A single provider P; is characterized by a tuple
(prj,pu;(t)),1 < j < n, wherepr; is the fixed reservation

of one resource unit for one unit of time, and for each tim
t within the reservation periodyu;(¢t) is the price that this
provider charges at time for the use of one resource unit
for a unit of time. The time-dependence of the usage pri
may reflect, for example, seasonal pricing.

We represent a capacity plan

K= {(K1(t),b1,e1), ..., (Kn(t),bn,en))

as the contracts established with each of the availablécserv
providers, where the functioff;(¢) specifies the number of
resource units reserved for use from provi@erat timet, for

to compute the workloa®V; uci (¢) is the number of resources

J

from providerP; that will be used to compute applicatiof
at timet.
We write R(K) for the reservation cost of a long-term

fee that providerP; charges for the long-term reservatiorg??;rjitv/(c)'rﬁ(w’s) for the utility achieved by the execution

oadW under schedules, andC(W, S) for the

Cost incurred to compute the workload (that is, the usage cos
rather than the reservation cost). We define the profit of the
hybrid infrastructure to be the difference between theitytil
Gbtained from the execution of the workload and the sum of
the cost of provisioning the infrastructure for the longie
period considered and the cost of processing the workload.
Thus, the profit ) achieved by a given plaiC to process
workload W under schedulé& is given by:

PW,K,8) =UW,S) — [R(K) +C(W,S)].

all t such thath; <t < e;. (Typically K;(t) is constant over g problem Satement

time, but we prefer to model it in a more general way.) Thus,
at time¢, no more thariC; (¢)
from providerP; by the contractor; and no resources may
used from this provider at times< b; or ¢t > e;.

Notice that the fact that a capacity plan comprises corgra

units of resources may be used The problem to be solved is how to optimize the profit
ined by running the hybrid IT infrastructure. Generaligi

the formulation of the problem given in [2] to the case

gf multiple applications, this problem can be formalized as

with all providers does not imply that a contract is realljollows:

established with all providers. A contraéi;(t) such that

K;(t) = 0 for all ¢ will have a reservation cost equal to zerdven YV, choose K and S so as to maximize

and will make no resource units available for future use lgy th
contractor, being essentially void. This modelling, hoarv
simplifies the formalization of the problem.

With the model defined above, we are able to define differ-
ent types of providers, according to the reservation andaisa
prices specified in their associated contracts. For instaific
pr; # 0 andpu;(t) # 0, thenP; provides reserved resources,
in which a reservation precedes the usage of resources.€On th
other hand, ifpr; = 0 andpu;(t) # 0, thenP; provides only
on-demand resources without requiring previous resemati
In this caseC;(t) is the maximum amount of resources that
can be acquired from the on-demand providgr at time
t. A cloud provider offering both reserved and on-demand
resources can be modelled as two providers, one offering
only reserved resources and one only online resources. If we
assume that the cost of running the in-house IT infrastrectu
(acquiring hardware and software, housing, power, pedpl e
can be evenly amortized over the long-term reservatiorogeri
then by settingpr; # 0 and pu;(t) = 0 for all ¢, we
can also model the in-house infrastructure as a special type
of provider; K;(¢) in this case is the maximum amount of
resources available in-house at timd-inally, a P2P grid can

PW,K,8) =UW,S) — [R(K) +C(W,S)],

where
U(st) = Zul(tcl - tT)v
=1
n T
RIK) = (prj - > K;(1)),
j=1 t=1
and
m n tc; .
CV,8) =D > > (udi(t) - pus (1)),
i=1 j=1t=tr;
subject to
V], ta Z ’U/C; (t) < K:7 (t)
=1
and



We assume that in-house capacity is constant over time

O e ; and known; we will denote this valuk,. We also assume
VZ’Z Z uc(t) = d;. that the workload/V used to do the capacity planning is a
good estimation of the real workload that will be submitted
to the infrastructure. If there is a good characterizatibthe
workload distribution for the duration of the long-term joer
assumed, themV can be generated from this distribution.

We refer to the peer that is in charge of trading the idle
AR . . esources from the in-house infrastructure in the P2P ggid a
another optimization problem to find out the optimal schedu[he local peer. To do the planning we estimate the number
SOPt(W”_C_) for plan £ and wo_rhoadW. . of resources available in the P2P grid at the beginning of the

In addition to_the complexity brought Py_ the_ formulationye ) of timet by the valueh(t), which records the aggregate
of the prgblem in term; of a double optlmlgat|on, there afg, ance at time of past interactions of the local peer with all
other difficulties in solving it. The extra difficulties ardl a other peers in the P2P grid. The balance can be regarded as
related to uncertainties on the information available a ”fhe amount of resources that the grid owes to the local peer.
time that the o_ptlml_zanon; need to be perfqrmed, I.€. at_ t_'ﬁe value of the balance at the beginning of the interval of
Capac't_y _plannmg tw_ne. First (_)f_all, ex<_:ept in very specifiine 4 is the value at the beginning of the previous interval of
cases, It is not pOSS.Ib|e to anticipate with complete A@U&ime, minus the amount of resources consumed from the grid
the workload that will need to be processed over the whalg i previous interval of time, plus the amount of resosirce

period of interest. Second, the future capacity availalBent 54164 to collaboratorsThe balance function(t) is given
a providerP; might not be easy to estimate when resources,.

are not reserved in advance. In more concrete terms, it is not
easy to foresee in advance exactly how many resources will m m
be available, either from an on-demand service provider, gi) — p(¢t — 1) — Zuci(t —1) 4 (Ky — Z“Cé(f —1))-pg
from a best-effort P2P grid. Finally, it may not be possible ) =1
to predict with certainty the future usage prices of resesirc, herey, is the grid quality of service, i.e. the probability of
acquired from the on-demand service providers (i.e. tha® Wi qre being a demand for resources from the grid at a given
prj = 0 andpu;(t) > 0). o _ . time, times the probability that, if a resource is donateds i

In order to overcome these difficulties we take a simplifyingonated to a collaborator.
divide-and-conquer approach. We break the solution of thegyr planning method proceeds as follows. It considers an
problem in two distinct mechanisms that are executed &timation of the real workloadV that will be submitted
different points in time. At capacity planning time, we $lVtq the infrastructure one year ahead and, each time an ap-
a simplified optimization problem that uses estimates basgftation i is ready for execution, the solver finds its best
on the information that is available at that time. Then, @k rucompletion time {c;), given an input reservation scenario. In
time, we optimize the actual execution of the workload, gSiryther words, the solver seeks for the best completion time
that the availability of some of these resources depends SRivity and a reservation scenario. Formally, WYt) C W

the suboptimal planning that has been performed earlies. The the subset of applications that become ready to start at
planning mechanism tries to make the best reservationstthafme ¢, j.e. W(t) = {A; [tr; = t}. For each time interval, the

can, considering the information that it has, while the sicite planning runs an optimization procedure that calculates th
ing tries to “fix”, at run-time, the limitations of the subapial pest completion timest¢;) for all applications4; € W(t),
planning. The next section describes the suboptimal cBpacing the values ofict () that maximize the profit subject to
planning and the run-time scheduling mechanisms that we Ugghjeving these conj1pleti0n times. This optimization takés
account only the applications that are ready to execute at
the beginning of time interval. Moreover, the optimization

For the sake of simplicity, we consider a system with assumes that up t(t) resources may be reclaimed from the
single P2P gridP;, a single in-house provideg?,, and cloud P2P grid at timet and that no resources are used from the
providersPs to P,, which offer either only reserved resourcegrid by these applications in later time intervals. Reses@re
or only on-demand resources. Due to the uncertainty on tieserved for time interval according to the values ofc’(t)
usage prices from the providers that offer on-demand sesvidound by the optimizer. These values imply which contracts
one year ahead, we use an estimate of these prices bdeeatake with which providers.
on the knowledge that is available at the time the planning The projected scheduling plan is then reassessed at ren-tim
is performed. Solving the planning problem boils down tgsing the information which is then available; this incladiee
determining the number of resource units that need to bg ) . ) .

. . *A collaborator is a peer that fully participates in the sgsteonsuming

reserved from each of the providers that offer a reservatighy aiso donating resources.fhee-rider, on the other hand, is a peer who
service, so as to maximize the expected profit. just consumes resources from the system [6].

Jj=1t=tr;

Note that for a given workloadV and capacity planC
there may be several schedulgghat are feasible, leading to
different utilities and associated costs. Thus, calcugatihe
maximum profit that a given plafC yields, requires solving

IV. CAPACITY PLANNING AND RUN-TIME SCHEDULING



actual workload to be processed (at least for the applicaticthe solver took appropriately 5 hours to find the best comple-
that are ready to be executed), the amount of resourcesahattion times for each workload’s application. Thus, the whole
be attained from both the P2P grid and the on-demand servidanning process can take less than a work day to decide
providers, and the current price of the on-demand resourcesich reservations to make, considering several resemnsti
The run-time scheduling assumes that the on-demand pricesoénarios in parallel.

resources does not vary during the time interval over which

the application runs. Since we assume that the workloadds gyaluated Scenarios

comprised of short-lived applications, this is a reasomabl

approximation. We assumed a system withproviders, comprising a P2P
grid, the in-house resources, ahdloud computing providers;
V. PERFORMANCEEVALUATION two offering reserved services and one offering on-demand

In this section we evaluate the performance of the planniggrvices.
and run-time scheduling mechanisms outlined in the previou In order to evaluate the uncertainty that comes from the
sections. Firstly, we describe how the model was implengentgrovider which offers only on-demand services, we modelled
and how the experiments were conducted. Then, we descrétseors in the prediction of future prices. We assume the
the evaluated scenarios and how the model’'s parameters watgent on-demand price practised by the Amazon EC2 service
instantiated. At the end of this section we analyse the t®su(USD$0.10) [4], [5] as a baseline, and for the perturbed

] ] o scenarios we perturb this by prediction error values in the

A. Model Implementation and Experiment Description set{—20%, —10%, 0%, +10%, +20%}. One of the providers

We have implemented the model proposed in Section I11-@f reserved servicesP,, charges the same prices as those
using a solver to evaluate the optimization problem stated ¢urrently charged by the Amazon EC2 service for the reserva-
Section III-B. It works as follows. Given a workload), the tion and use of a small virtual machine instance for a period
set of providersP, and a plankC, the algorithm chooses theof one year [4], [5], while the othefPs, has half the usage
best completion time for each applicatigiy betweentr; and cost and double the reservation cost. In both cases, thesusag
its deadline, considering all resources available. Thewarho price is assumed to be constant over time. We set the capacity
of resources available depends on the amount of resourégsof the in-house infrastructure to b#% of the average
reserved with the cloud computing providers, as well as tlgapacity required per unit time interval to run the expected
amount reclaimable from the P2P grid. The solver executes #innual workload, and set the in-house reservation gasto
planning algorithm, trying out different options for the aomt 5 times the cost per time unit of reserving a small instance
of resources reserved with each provider in order to find tfi®m EC2 (r,). In other words, we assume that the cost of
option that achieves the greatest expected profit. running the in-house infrastructure for the period of onarye

The experiments are conducted as follows. At planning timéae cost of reserving the same amount of resources from EC2,
we consider abasdline scenario, which represents particulamultiplied by an inefficiency factor di. We assume that up to
choices for the values assumed by the system paramef¥rgesource units are available from the on-demand provider
(workload demand, grid quality of service, and usage prieg each interval of time, following the restrictions impddsy
of on-demand resources). These choices are justified in #@mazon for the automated negotiation of EC2 instances. We
next subsection. Then, at run-time we introduce pertushati assume that the on-demand usage price is constant over time.
in the values used in the baseline scenario, to represent th€or the P2P grid provider, we assume that at the beginning
effect of errors in the prediction of the parameters. Thhs, tof each experiment’s execution there are no credits left in
optimization at planning time is executed assuming a givee grid, i.e.b(1) = 0. We set the grid quality of service
scenario (the baseline), while the optimization at schadul p,; to 0.72 in the baseline scenario, and use prediction error
time is executed for another (a particular perturbationhef t values {—20%, —10%, 0%, +10%, +20%} for the perturbed
baseline). For each perturbed scenario we calculate amalpti scenarios. The valug72 was estimated in Carvalho et al. [7]
plan (Coptimai) and associated profit by feeding the planningsing data based on application traces.
phase with the perturbed scenario, instead of the baselineThe workload we have used in the baseline scenario comes
We can then quantify the impact that wrong estimations @&om traces of the Grid Workloads Archive [8] (GWA-T3 —
the system parameters have on the profit achieved, using MrduGrid). Each scenario uses the trace from a particular
following efficiency metric: group of users, running computing-intensive scientificlapp
cations. More specifically, we grouped applications in bé&g-
; tasks and collected information about tasks’ submissimedi
P(Koptimar) and run-times. We assume that the tasks’ run-times are good
which expresses the profit obtained by using the computiedlications of their computational demand. The workloagidus
reservation plan as a percentage of the profit obtained Imgusin the perturbed scenarios is obtained by introducing a fixed
an optimal plan. percentage error on the demadidof each applicatiomd; that

The execution of the experiments’ scenarios was carriedmprises the workloay. The prediction error valueAW
out in parallel using a 64-core cluster and, for each sceparised are in the s€t—40%, —20%, 0%, +20%, +40%}.

E(K) = 100 —2D__



We assumed that the utility gained by the execution of eaghlues of the efficiency measure for the reservations8)(are
applicationA; has a maximum valué{; whentc; = tr;, and shown in Table I. We only show results for scenarios in which
decreases linearly ag; increases until it reaches a value othe prediction errors of the on-demand price and grid qualit
zero attc; = td;, wheretd; is the deadline for applicatiod;; of service were in the s€0%, +20%}, since the other results

in other words, were similar.
Table |
ui(tcl- _ tri) — ma:c{O, Mz . (1 _ (tCi _ tTi)/(tdi _ t’l’i))}. 5(0,8) FOR DIFFERENT DEMAND SCENARIOSVARYING THE PREDICTION
ERRORS IN THE WORKLOAD ON-DEMAND PRICE AND GRID QUALITY OF

In the absence of real data to determine the utility function SERVICE
we follow the proposal of C. Lee and A. Snavely [14] for AW  Price Variation  Price Variation ~ Price Variation
generating synthetic utility functions. More specifically; is of —20%  of 0% of +20%
set to(10-pry-d;), i.e. a maximum utility equivalent td0 in- % gg'gzpred'“'on Eggrg‘;f_%% S
hogse instances times the appllcatlon’s demar!dtdlndtri = —_920% 99.55 99.62 99.69
d;, i.e. if there is just one unit of resource availablgsgt the 0% 100.00 99.98 99.97

icati will fini i +20% 99.75 99.69 99.62
application.A; will finish exactly on the deadline. a0% 99 14 9905 98.94

; Grid Prediction Error 000%
C. Results anq Analysis . . —40% 96.67 96.81 96.95
The planning phase considers all possible values for the —20% 99.46 99.54 99.61

amount of resource units reserved from the two cloud +2ZOV lg%oé%o 2%0'7%0 ggoé(;o

. . . 0 . . .
providers, varying from0 to 40 from each cloud provider. +40% 99.25 99.16 99.07
The output of this phase specifies the amount of resources Grid Prediction Error of+20%
that should be reserved from providéPs and P4 in order to —40% 96.02 96.15 96.27

imize th d brofi —20% 99.38 99.47 99.56
maximize the expected profit. _ _ 0% 100.00 100.00 100.00

Figure 1 is a plot of the profit achieved by all the combi- +20% 99.86 99.80 99.74

nations of values foP; and Py, in experiments in which the +40% 99.33 99.26 99.17
baseline scenario is considered. Theand y axes represent
the number of resources reserved from provideysand Py, It can be seen from the table that errors in predicting the

respectively; while the axis shows the profit obtained. Fromon-demand price and the grid quality of service have little
Figure 1 we can see the importance of the planning phasffect; and that when there is a good estimate of the workload
since the profit obtained can vary significantly depending @lemand, i.eAW is small, the planning algorithm gets good
the amount of resources reserved. results. Negative values &V have a stronger impact on ef-

The profit is in fact calculated as the utility received byiciency. However, the performance of the proposed algarith
executing the workload, minus the reservation and usags cds close to that for the optimal plan in all scenarios evaldat
incurred. Explaining the simplest graph first, the reséovat We also compared our planning and scheduling strategy
cost (Figure 1(d)) increases linearly in both directiongtes against some strategies that use a rule-of-thumb approach
amount of reserved resources increases. We can also noteitisiead of a planning process. To do this, we carried out
the reservation price of provideP; impacts more on the experiments comparing the results of using the resenation
final cost since its reservation price is higher than the ori@, 8) with using seven different reservations, @), (34, 0),
for P,. On the other hand, the usage cost (Figure 1(c)) 8, 34), (17,17), (14,0), (0,14), and @, 7). The first of these
impacted more by the use of resources fréin Moreover, reserves nothing. The next three each reserve a total of
we can note a discontinuity in Figure 1(c). This happens fromsource units, which is the average capacity per unit time
the moment it is more profitable to use more resources frgmriod required to run the expected annual workload, mines t
providersP; and/or P, instead of the on-demand providercapacity available in-house. The last three each reserviak t
Ps, which presents higher usage cost. The utility obtained loy 14 resource units, and assume thatwill be acquired from
executing the workload (Figure 1(b)) is flat after a certaithe on-demand market. These reservations represent n#ive b
amount of reserved resources is reached, because oncectiramon strategies for reserving resources. Results avensho
whole workload is executed witlr; = ¢r; for all applications in Tables Il, Ill and IV. For brevity, these tables only show
A;, the utility can no longer increase. results for the baseline on-demand price, as in the middle

For this particular scenario the reservations that theagpa column of Table I.
planning algorithm proposed wer@,8) - in other words, no  From Table Il we can see that the efficiency obtained by
reservation fronPs;, and a reservation of 8 resource units frorthe reservations0(8) determined by the planning algorithm
Pa. is higher than the efficiency obtained by reservatidh9)in

In order to measure the impact of a bad estimation of tlmost all the scenarios evaluated; the exceptions ar@sgosn
workload demand, of the on-demand market price, ang;of where the actual workload i€0% smaller than predicted, and
on the planning results, we carried out experiments varyioge scenario where it 20% smaller. In these cases it is possi-
all parameters, as explained in the previous subsectioa. Tiie to achieve high efficiency using only on-demand res@jrce
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Figure 1. Planning results for the baseline scenario.

Table Il . . .
(0,8) RESULTS IN COMPARISON WITH THE STRATEGY THAT poes not  IN the scenarios wher€(0,0) is greater than£(0,8), the

RESERVE RESOURCES

AW £(0,0)  £(0,8)

Grid Prediction Error 0f—20%

—40%  100.00 96.97

—20% 99.46 99.62

0% 98.12 99.98
+20% 93.42 99.69
+40% 91.02 99.05

Grid Prediction Error o00%

—40%  100.00 96.81

—20% 99.53 99.54

0% 98.21 100.00
+20% 93.65 99.74
+40% 91.29 99.16

Grid Prediction Error of+20%

—40%  100.00 96.15

—20% 99.68 99.47

0% 98.35 100.00
+20% 93.88 99.80
+40% 91.59 99.26

difference between the two is small.

From Table Ill, it can be seen that the results for the reserva
tions (0, 8) are all better than for the three strategies reserving
34 resource units. For the scenarios withy = —40%, the
profits obtained using reservatiorts §) are more than double
those obtained using4, 0). All the results for strategies that
reserved some resources from providey are worse than
those for strategies that only reserved resources fromigeov
P4. This is becausers + pus > pry + pug and prs > pry,
and as a result the total cost of reserving and using a unit of
resource fromPs is always higher than the cost of reserving
a unit of resource fronP, and using it during the same time
intervals.

Finally, Table IV shows the results of the planning-based
strategy in comparison with the strategies that resde
resource units. As we can see, the results for th8)(reser-
vations are all better than the ones reserving resources fro
the providerP; — (14,0) and (7, 7) — since this provider
has a higher reservation cost. However, the results for the

with no need for resource reservation. This can be explain@d14) scenario are better in the cases of an underestimate of
by the fact that when the workload demand is smaller, fewetorkload demand. Where workload demand is overestimated,
resources are needed to compute the applications. Howetteg, reservations0( 14) and (, 8) both have close to optimal



Table Il
(0, 8) RESULTS IN COMPARISON WITH THE STRATEGIES THAT RESERVE4
RESOURCE UNITS

AW £(34,0) £(0,34) £(17,17)  £(0,8)
Grid Prediction Error of—20%
—40% 45.44 77.40 61.58 96.97
—20% 62.20 86.94 74.83 99.62
0% 72.36 92.21 82.53 99.98
+20% 79.54 95.59 87.84 99.69
+40% 83.28 97.67 90.49 99.05
Grid Prediction Error 000%
—40% 4511 76.82 61.03 96.81
—20% 62.07 86.73 74.64 99.54
0% 72.24 92.04 82.40 100.00
+20% 79.47 95.51 87.76 99.74
+40% 83.18 97.56 90.39 99.16
Grid Prediction Error of+20%
—40% 44.49 75.64 60.09 96.15
—20% 61.78 86.38 74.27 99.47
0% 72.14 91.95 82.28 100.00
+20% 79.41 95.42 87.70 99.80
+40% 83.07 97.43 90.26 99.26
efficiency.
Table IV

(0, 8) RESULTS IN COMPARISON WITH THE STRATEGIES THAT RESERVE4
RESOURCE UNITS

AW £(14,0)  £(0,14) £(7,7) £(0,8)
Grid Prediction Error of—20% 2
—40% 80.03 93.25 86.65 96.97
—20% 87.50 97.80 92.66 99.62
0% 91.26 99.55 95.41 99.98 3]
+20% 93.18 99.97 96.58 99.69
+40% 94.12 99.99 97.06 99.05
Grid Prediction Error 000%
—40% 79.94 92.99 86.47 96.81 [4]
—20% 87.36 97.63 92.50 99.54
0% 91.22 99.49 95.36 100.00 5]
+20% 93.19 99.97 96.58 99.74
+40% 94.13 100.00 97.06 99.16
Grid Prediction Error of+20% 6]
—40% 79.22 92.01 85.62 96.15
—20% 87.21 97.41 92.31 99.47
0% 91.15 99.41 95.28 100.00
+20% 93.18 99.95 96.57 99.80 [7]
+40% 94.13 100.00 97.07 99.26

achieve higher profits than (some) strategies that use simpl
rules of thumb. Moreover, the proposed algorithm achieves
close to optimum profits even when the estimates of workload
demand, the usage price of on-demand resources, and the grid
quality of service are all out bg0%.

As future work, we intend to better characterize the work-
load demand in order to instantiate the model's parameters
with a larger set of suitable values. Moreover, we intend
to evaluate how more accurate information on the available
resources can be used at the run-time scheduling to improve
efficiency. For instance, Amazon EC2 spot instances could
be used to execute the applications and the strategy to bid
the spot-price could take into account the current reserved
and on-demand prices, as well as the grid quality of service.
Finally, we intend to investigate if a mix of long-term and
short-term contracts could improve profitability for thebinigl
infrastructure.
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