
Exploiting repli
ation and data reuse to eÆ
iently s
heduledata-intensive appli
ations on gridsElizeu Santos-Neto Walfredo Cirne Fran
is
o BrasileiroAliandro LimaUniversidade Federal de Campina Grandehttp://www.lsd.uf
g.edu.br/ourgridfelizeu,walfredo,fubi
a,aliandrog�ds
.uf
g.edu.br18th Mar
h 2004Abstra
tData-intensive appli
ations exe
uting over a 
omputational grid demand large data transfers. Theseare 
ostly operations. Therefore, taking them into a

ount is mandatory to a
hieve eÆ
ient s
heduling ofdata-intensive appli
ations on grids. Further, within a heterogeneous and ever 
hanging environment su
has a grid, better s
hedules are typi
ally attained by heuristi
s that use dynami
 information about thegrid and the appli
ations. However, these information are often diÆ
ult to be a

urately obtained. Onthe other hand, although there are s
hedulers that attain good performan
e without requiring dynami
information, they were not designed to take data transfer into a

ount. This paper presents StorageAÆnity, a novel s
heduling heuristi
 for bag-of-tasks data-intensive appli
ations running on grid environ-ments. Storage AÆnity exploits a data reuse pattern, 
ommon on many data-intensive appli
ations, thatallows it to take data transfer delays into a

ount and redu
e the makespan of the appli
ation. Further,it uses a repli
ation strategy that yields eÆ
ient s
hedules without relying upon dynami
 informationthat is diÆ
ult to obtain. Our results show that Storage AÆnity may attain better performan
e thanthe state-of-the-art knowledge-dependent s
hedulers. This is a
hieved at the expense of 
onsuming moreCPU 
y
les and network bandwidth.1 Introdu
tionEa
h year more data are generated and need to be pro
essed [1℄. Currently, there are many s
ienti�
 andenterprise appli
ations that deal with a huge amount of data [2℄[3℄[4℄. These appli
ations are 
alled data-intensive. In order to pro
ess large datasets, these appli
ations typi
ally need a high performan
e 
omputinginfrastru
ture. Fortunately, sin
e the data splitting pro
edure is easy and ea
h data element 
an often bepro
essed independently, a solution based on data parallelism 
an often be employed.Task independen
e is the main 
hara
teristi
 of parallel Bag-of-Tasks (BoT) appli
ations [5℄[6℄. A BoTappli
ation is 
omposed of tasks that do not need to 
ommuni
ate to pro
eed with their 
omputation. In thiswork, we are interested in the 
lass of appli
ations whi
h has both BoT and data-intensive 
hara
teristi
s.We have named it pro
essors of huge data (pHd). Shortly, pHd = BoT + data-intensive. There areinnumerous important appli
ations that fall in this 
ategory. This is the 
ase, for instan
e, of data mining,image pro
essing, and genomi
s.Due to the independen
e of their tasks, BoT appli
ations are normally suitable to be exe
uted ongrids [7℄[5℄. However, sin
e resour
es in the grid are 
onne
ted by wide area network links (wan), thebandwidth limitation is an issue that must be 
onsidered when running pHd appli
ations on su
h environ-ments. This is parti
ularly relevant for those pHd appli
ations that present a data reutilization pattern. Forthese appli
ations, the data reuse pattern 
an be exploited to a
hieve better performan
e. Data reutilization
an be either among tasks of a parti
ular appli
ation or among a su

ession of appli
ations exe
utions. For1



2 SYSTEM MODEL 2instan
e, in the visualization pro
ess of quantum opti
s simulations results [4℄ it is 
ommon to perform asequen
e of exe
utions of the same parallel visualization appli
ation, simply sweeping some arguments (e.g.zoom, view angle) and preserving a huge portion of the data input from the previous exe
utions.There exists some algorithms that are able to take data transfer into a

ount when s
heduling pHdappli
ations on grid environments [8℄[9℄[10℄[11℄. However, they require knowledge that is not trivial to bea

urately obtained in pra
ti
e, espe
ially on a widely dispersed environment su
h as a 
omputational grid [7℄.For example, XSu�erage [9℄ uses information about the CPU and network loads, as well as the exe
utiontime of ea
h task on ea
h ma
hine, all of whi
h must be known a priori, to perform the s
heduling.On the other hand, for CPU-intensive BoT appli
ations, there are s
hedulers that do not use dynami
information, yet a
hieve good performan
e (e.g. Workqueue with Repli
ation - WQR [12℄[13℄). They userepli
ation to tolerate ineÆ
ient s
heduling de
isions taken due to the la
k of a

urate information aboutboth the environment and the appli
ation. However, these s
hedulers were 
on
eived to target CPU-intensiveappli
ations and thus data transfers are not taken into a

ount by them.In this paper we introdu
e Storage AÆnity , a new heuristi
 for s
heduling pHd appli
ations on grids.Storage AÆnity takes into a

ount the fa
t that input data is frequently reused either by multiple tasks ofa pHd appli
ation or by su

essive exe
utions of the appli
ation. It tra
ks the lo
ation of data to produ
es
hedules that avoid, as mu
h as possible, large data transfers. Further, it redu
es the e�e
t of ineÆ
ienttask-pro
essor assignments via the judi
ious use of task repli
ation.The rest of the paper is organized in the following way. In the next se
tion we present the systemmodel that is 
onsidered in this work. In Se
tion 3, we present the Storage AÆnity heuristi
 as well asother heuristi
s used for 
omparative purposes. In Se
tion 4, we evaluate the performan
e of the dis
usseds
hedulers. Se
tion 5 
on
ludes the paper with our �nal remarks and a brief dis
ussion on future perspe
tives.2 System ModelThis se
tion formally des
ribes the problem investigated and also provides the terminology used in the restof the paper.
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Figure 1: The system environment model2.1 System EnvironmentWe 
onsider the s
heduling of a sequen
e of jobs1 over a grid infrastru
ture. The grid G is formed by a
olle
tion of sites. Ea
h site is 
omprised of a number of pro
essors, whi
h are able to run tasks, and a single1We use the terms job and appli
ation inter
hangeably.



2 SYSTEM MODEL 3data server whi
h is able to store input data required in the exe
ution of a task, and output data generatedby the exe
ution of a task. More formally:G = fsite1; : : : ; sitegg; g > 0; and sitei = Pi [ fSig,where Pi is the non-empty set of pro
essors at sitei and Si is the data server at sitei. We assume that theresour
es owned by the various sites are disjoint, i.e. 8i; j; i 6= j; sitei \ sitej = ?.Pro
essors belonging to the same site are 
onne
ted to ea
h other through a high bandwidth lo
al areanetwork, whose laten
y is small and throughput is large when 
ompared to those experien
ed by the wideare networks that inter
onne
t pro
essors belonging to di�erent sites. Be
ause of this assumption we only
onsider one data server per site, i.e. the 
olle
tion of data servers that may be present in a site is 
ollapsedinto a single data server.We de�ne two sets to en
ompass all pro
essors (PG) and all data servers (SG) present in a grid G. Thatis to say: PG = [1�i�jGjPi; and SG = [1�i�jGjfSig:We assume that the user spawns the exe
ution of appli
ations from a home ma
hine that does not belongto the grid (phome 62 G). Further, we assume that before the �rst exe
ution of an appli
ation, all its inputdata are stored at the lo
al �le system of the home ma
hine (Shome). Figure 1 illustrates the assumedenvironment.2.2 Appli
ationJob Jj , j > 0, is the jth exe
ution of the appli
ation J . A job is 
omposed by a non-empty 
olle
tion oftasks, in whi
h ea
h task is de�ned by two datasets: the input and the output datasets. Formally:Jj = ftj1; : : : ; tjng; n > 0, and tjt = (I; O); I [O 6= ?,where tjt :I and tjt :O are the input and the output datasets of task tjt , respe
tively.For ea
h data server Si; Si 2 SG, let dsj(Si) be the set of data elements that are stored at Si before theexe
ution of the jth job was started, and let ds(Shome) be the set of data elements that are stored at thehome ma
hine. We de�ne Dj as the set of all data elements that are available to be taken as input by thejth job to be exe
uted. Dj is given by:Dj = ds(Shome) [( [Si2SG dsj(Si)) :We have that tjt :I � Dj and after the exe
ution of the jth job, the set of available data elements Dj+1 isgiven by the union of Dj with all data elements that have been output by Jj :Dj+1 = Dj [8<: [1�t�jJj j tjt :O9=; :We also de�ne the input dataset of the entire appli
ation as the union of the input dataset of ea
h taskin the job. It is expressed by: Jj :I = jJjj[k=1 tjk:I



3 SCHEDULING HEURISTICS 42.3 Job S
heduling and Performan
e Metri
sA s
hedule �j of the job Jj 
omprises the s
hedule of ea
h one of the tasks that form Jj . The s
hedule of aparti
ular task tjt of Jj spe
i�es the pro
essor that is assigned to exe
ute tjt . Note that it is possible for thesame pro
essor to be assigned to more than one task. Formally,�j = fpj1; : : : ; pjng; n = jJj j; pjt 2 PG; 0 6 t 6 nWe assume that a task 
an only a

ess the data server at the same site of the pro
essor on whi
h the taskis running. Consequently, if all data elements in the dataset tjt :I are not already stored at Si, the absentdata elements must be �rst transferred to Si before the exe
ution of tjt 
an be started at pjt . Thus, after tjtis exe
uted at pjt 2 sitei, Si will have stored all data elements in the dataset tjt :O.We measure the appli
ation exe
ution time to evaluate the eÆ
ien
y of a s
heduling. Thus, the heuristi
we propose in this paper and also the others that we dis
uss, all have a 
ommon goal, whi
h is to minimizethis metri
. The appli
ation exe
ution time, normally referred as its makespan [14℄, is the time elapsedbetween the moment the �rst task is started until the earliest moment in whi
h all tasks have �nished theirexe
ution.3 S
heduling Heuristi
sDespite the fa
t that pHd appli
ations are suitable to run on 
omputational grids, the eÆ
ient s
hedulingof these appli
ations on grid environments is not trivial. The diÆ
ulty in s
heduling pHd appli
ation istwofold. The �rst problem relates to the very nature of pHd appli
ations, whi
h must deal with a hugeamount of data. The issue here is that the appli
ation overall performan
e is greatly a�e
ted by the largedata transfers that o

ur before the exe
ution of tasks. The se
ond problem is related to obtaining a

urateinformation about the performan
e resour
es will deliver to the appli
ation. Despite the fa
t that theseinformation are typi
ally not available a priori, they are input for most available s
hedulers. In fa
t, therehas been a great deal of resear
h on predi
ting future CPU and network performan
e as well as appli
ationexe
ution time [15℄[16℄[17℄[18℄[19℄. As the results of these e�orts show, this is by no means an easy task.To 
ompli
ate matters further, the la
k of 
entral grid 
ontrol poses an obsta
le for deploying resour
emonitoring middleware.We 
an observe that the diÆ
ulty in obtaining dynami
 information and the impa
t of large data transfershave been individually atta
ked. Therefore, we 
omment two s
heduling heuristi
s that deal with theseproblems separately, Workqueue with Repli
ation (WQR) [12℄ and XSu�erage [9℄. We also introdu
e ourapproa
h to address the two pHd s
heduling problems together.3.1 Workqueue with Repli
ationThe WQR s
heduling heuristi
 [12℄ has been 
on
eived to solve the problem of obtaining pre
ise informationabout the future performan
e tasks will experien
e on grid resour
es. Initially, WQR is similar to thetraditional Workqueue s
heduling heuristi
. Tasks are sent at random to idle pro
essors and when a pro
essor�nishes a task, it re
eives a new task to exe
ute. WQR di�ers from Workqueue when a pro
essor be
omesavailable and there is no waiting task to start. At this point, Workqueue would just wait for all tasks to�nish. WQR, however, starts repli
ating the tasks yet running. The result from a task 
omes from the �rstrepli
a to �nish. After the �rst repli
a 
ompletes, all other repli
as are killed.The idea behind the task repli
ation is to improve the appli
ation performan
e by in
reasing the 
han
esof running a task on a fast/unloaded pro
essors. WQR a
hieves good performan
e for CPU-intensive ap-pli
ation [12℄ without using any kind of dynami
 information about pro
essors, network links or tasks. Thedrawba
k is that some CPU 
y
les are wasted with the repli
as that do not 
omplete. Moreover, WQR doesnot take data transfers into a

ount, what results in poor performan
e for pHd appli
ations, as we shall seein Se
tion 4.



3 SCHEDULING HEURISTICS 53.2 XSu�erageXSu�erage [9℄ is a knowledge-based s
heduling heuristi
 that deals with the impa
t of large data transferson pHd appli
ations running on grid environments. XSu�erage is an extension of the Su�erage s
hedulingheuristi
 [20℄. Su�erage prioritizes the task that would \su�er" the most if not assigned to the pro
essorthat fastest runs it. How mu
h a task would su�er is gauged by its su�erage value, whi
h is de�ned as thedi�eren
e between the best and the se
ond best 
ompletion time for the task.The main di�eren
e between XSu�erage and Su�erage algorithms is the su�erage value determinationmethod. In XSu�erage, the su�erage value is 
al
ulated using the site-level task 
ompletion times. The site-level 
ompletion time of a given task is the minimum 
ompletion time a
hieved among all pro
essors withinthe site. The site-level su�erage is the di�eren
e between the best and se
ond best site-level 
ompletiontimes of the task. The other di�eren
e is that XSu�erage 
onsiders input data transfers in the 
al
ulationof the 
ompletion time of the task, thus, di�erently from Su�erage, it requires information about networkavailable bandwidth as input.The algorithm input is a job Jj and a grid G. The algorithm traverses the set Jj until it �nds the tasktjt with the highest su�erage value. This task is assigned to the pro
essor that has presented the earliest
ompletion time. This a
tion is repeated until all tasks in Jj are s
heduled.The rationale behind XSu�erage is to 
onsider the data lo
ation when performing the task-to-host assign-ments. The expe
ted e�e
t is the minimization of the impa
t of unne
essary data transfers on the appli
ationmakespan. The evaluation of XSu�erage shows that avoiding unne
essary data transfers indeed improvesthe appli
ation's performan
e [9℄. However, XSu�erage 
al
ulates su�erage values based on the knowledgeabout CPU loads, network bandwidth utilization and task exe
ution times. In general, these informationare not easy to obtain.input : G, Jjoutput : �j [ �rwhile (Jj 6= ?) dotjt  f tjt0 j 9 sitei 2 G, SA(tjt0 ; sitei) > SA(tjt00 ; sitei), 8 tjt00 2 Jj , t0 6= t00g�j  �j [ f pit gJj  Jj � ftjtgif (8 p 2 PG, p is busy) thenwaitForATaskCompletionEvent()endendJr  getAllRunningTasks()while (Jr 6= ?) doJr  Jr � ftrt 2 Jr j 8 sitei 2 G; SA(trt ; sitei) = 0gJr  Jr � ftrt 2 Jr j getRepli
ationDegree(trt ) > repli
ationDegreemingtrt  f trt0 j 9 sitei 2 G, SA(trt0 ; sitei) > SA(trt00 ; sitei), 8 trt00 2 Jr, t0 6= t00g(trt )d�r  �r [ f pit:d gif (8 p 2 PG j p is busy) thenwaitForATaskCompletionEvent()killAllRepli
asOfTheCompletedTask()endJr  getAllTasksRunning()end Algorithm 1: Storage AÆnity s
heduling heuristi
3.3 Storage AÆnityStorage AÆnity was 
on
eived to exploit data reutilization to improve the performan
e of the appli
ation.Data reutilization appears in two basi
 
avors: inter-job and inter-task. The former arises when a jobuses the data already used by (or produ
ed by) a job that exe
uted previously, while the latter appears in



4 PERFORMANCE EVALUATION 6appli
ations whose tasks share the same input data. More formally, the inter-job data reutilization patterno

urs if the following relation holds:(j < k) ^ ((Jj :I [ Jj :O) \ Jk:I 6= ?)On the other hand, the inter-task data reutilization pattern o

urs if this other relation holds:jJj j\t=1 tjt :I 6= ?In order to take advantage of the data reutilization pattern and improve the performan
e of pHd appli-
ations, we introdu
e the storage aÆnity metri
. This metri
 determines how 
lose to a site a given task is.By how 
lose we mean how many bytes of the task input dataset are already stored at a spe
i�
 site. Thus,storage aÆnity of a task to a site is the number of bytes within the task input dataset that are already storedin the site. Formally, the storage aÆnity value between tjt and sitei is given by:SA(tjt ; sitei) = Xd2(tjt :I\dsj(Si)) jdjin whi
h, jdj represents the number of bytes of the data element d.We 
laim that information about data size and data lo
ation 
an be obtained a priori without diÆ
ultyand loss of a

ura
y, unlike, for example, CPU and network loads or the 
ompletion time of tasks. Forinstan
e, this information 
an be obtained if a data server is able to answer the requests about whi
h dataelements it stores and how large is ea
h data element. Alternatively, an implementation of a Storage AÆnitys
heduler 
an easily store a history of previous data transfer operations 
ontaining the required information.Naturally, sin
e Storage AÆnity does not use dynami
 information about the grid and the appli
ationwhi
h is diÆ
ult to obtain, ineÆ
ient task-to-pro
essor assignments may o

ur. In order to 
ir
umvent thisproblem, Storage AÆnity applies task repli
ation. Repli
as have a 
han
e to be submitted to faster pro
essorsthan those pro
essors assigned to the original task, thus in
reasing the 
han
e of the task 
ompletion timebe de
reased.Algorithm 1 presents Storage AÆnity . Note that this heuristi
 is divided in two phases. In the �rstphase Storage AÆnity assigns ea
h task tjt 2 Jj to a pro
essor p 2 G. During this phase, the algorithm
al
ulates the highest storage aÆnity value for ea
h task. After this 
al
ulation, the task with the largeststorage aÆnity value is 
hosen and s
heduled. This 
ontinues until all tasks have been s
heduled. The se
ondphase 
onsists of task repli
ation. It starts when there are no more waiting tasks and there is, at least, oneavailable pro
essor. A repli
a 
ould be 
reated for any running task. Considering that the repli
ation degreeof a parti
ular task is the number of repli
as that have been 
reated for the task, whenever a pro
essor isavailable, the following 
riteria are 
onsidered to 
hoose the task to be repli
ated: i) the task must havea positive storage aÆnity with the site that has an available pro
essor; ii) the 
urrent repli
ation degreeof the task must be the smallest among all running tasks; and iii) the task must have the largest storageaÆnity value among all remaining 
andidates. When a task 
ompletes its exe
ution, the s
heduler kills allremaining repli
as of the task. The algorithm �nishes when all the running tasks 
omplete. Until this o

ursthe algorithm pro
eeds with repli
ations.4 Performan
e EvaluationIn this se
tion we analyze the performan
e of Storage AÆnity, 
omparing it against WQR and XSu�erage.We have de
ided to 
ompare our approa
h to these heuristi
s be
ause WQR represents the state-of-the-artsolution to 
ir
umvent the dynami
 information dependen
e, whereas XSu�erage is the state-of-the-art fordealing with the impa
t of large data transfers. We have used simulations to evaluate the performan
e ofthe s
heduling algorithms. These simulations were validated by performing a set of real-life experiments (seeSe
tion 4.5).Sin
e the performan
e attained by a s
heduler is strongly in
uen
ed by the workload [21℄ [22℄[23℄, wehave designed experiments that 
over a wide variety of s
enarios. The s
enarios vary in the heterogeneity of



4 PERFORMANCE EVALUATION 7both the grid and the appli
ation, as well as the appli
ation granularity (see Se
tion 4.2). Our hope was notonly to identify whi
h s
heduler performs better, but also to understand how di�erent fa
tors impa
t theirperforman
e.4.1 Grid EnvironmentEa
h task has a 
omputational 
ost, whi
h expresses how long the task would take to exe
ute in a dedi
atedreferen
e pro
essor. Pro
essors may run at di�erent speeds. By de�nition, the referen
e pro
essor hasspeed = 1. So, a pro
essor with speed = 2 runs a 100-se
ond task in 50 se
onds (when dedi
ated). Sin
ethe 
omputational grid may 
omprise pro
essors a
quired at di�erent points in time, grids tend to be veryheterogeneous (i.e. their pro
essors speed may vary widely). In order to investigate the impa
t of gridheterogeneity on s
heduling, we 
onsider four levels of grid heterogeneity, as shown in Table 12. Thus,for heterogeneity 1x, we always have speed = 10, and the grid is homogeneous. On the other hand, forheterogeneity 8x, we have maximal heterogeneity, with the fastest ma
hines being up to 8 times faster thanthe slowest ones. Note that, in all 
ases, the average speed of the ma
hines forming the grid is 10.Grid Heterogeneity Pro
essor Speed Distributions1x U(10; 10)2x U(6:7; 13:4)4x U(4; 16)8x U(2:2; 17:6)Table 1: Grid heterogeneity levels and the distributions of the relative speed of pro
essorsThe grid power is the sum of the speed of all pro
essors that 
omprise the grid. For all experimentswe �xed the grid power to 1; 000. Sin
e the speed of pro
essors are obtained from the Pro
essor SpeedDistributions, a grid is \
onstru
ted" by adding one pro
essor at a time until the grid power rea
hes 1; 000.Therefore, the average number of pro
essors in the grid is 100. Pro
essors are distributed over the sites thatform the grid in equal proportions. Similarly to Casanova et al [9℄, we assume that a grid has U(2; 12) sites.For simpli
ity, we assume that the data servers do not run out of disk spa
e (i.e., we do not addressdata repla
ement poli
ies in the present work). As previously indi
ated, we negle
t data transfers within asite. Inter-site 
ommuni
ation is modeled as a single shared 1Mbps link that 
onne
ts the home ma
hineto several sites. It important to highlight that, in the model, 1Mbps is the maximum bandwidth that anappli
ation 
an use in the wide area network. However, the 
onne
tions are frequently shared among severalappli
ations, thus, the limit is often not a
hieved by a parti
ular appli
ation. We used NWS [24℄ real tra
esto simulate 
ontention for both CPU 
y
les and network bandwidth. For example, a pro
essor of speed = 1and availability = 50% runs a 100-se
ond task in 200 se
onds.4.2 pHd Appli
ationsIn pHd appli
ations, the appli
ation exe
ution time is typi
ally related to the size of the input data. Theexplanation for this fa
t is quite simple. The more data there is to pro
ess, the longer the tasks take to
omplete. In fa
t, there are pHd appli
ations whose 
ost is 
ompletely determined by the size of the inputdata. This is the 
ase, for example, of a s
ienti�
 data visualization appli
ation, whi
h pro
esses the wholeinput data to produ
e the output image [4℄. There are other appli
ations that have the 
ost in
uen
ed, butnot 
ompletely determined, by the size of the input data. This is the 
ase of a pattern sear
h appli
ation,in whi
h the size of the input data of ea
h task determines an upper bound for the 
ost of the task, not the
ost of the task itself. We simulated both kinds of appli
ations.The total size of the input data of ea
h simulated appli
ation was �xed in 2GBytes. Based on experi-mental data available [4℄, we were able to 
onvert the amount of input data pro
essed by ea
h task of thevisualization appli
ation into the time (in se
onds) required to pro
ess the data, whi
h is its 
omputational
ost. We have used the same proportionality fa
tor (1:602171 ms/KByte) to 
al
ulate the 
omputational
ost of the pattern sear
h appli
ation, as a fun
tion of the amount of data a
tually pro
essed by its tasks.2Note the U(x; y) denotes the uniform distribution in the [x; y℄ range.



4 PERFORMANCE EVALUATION 8To determine the 
omputational 
ost of ea
h task of the pattern sear
h appli
ation, we used an uniformdistribution U(1; UpperBound), in whi
h UpperBound is the 
omputational 
ost to pro
ess the entire inputof a parti
ular task.We also wanted to analyze how the relation between the average number of tasks and the number ofpro
essors in the grid would impa
t the performan
e of a s
hedule. Note that when both appli
ation andgrid sizes are �xed, this relation is inversely proportional to the average size of the input data of the tasksthat 
omprise the appli
ation, i.e. the appli
ation granularity. We have 
onsidered three appli
ation groupsthat are de�ned by the following appli
ation granularity values: 3MBytes, 15MBytes and 75MBytes.The tasks that 
omprise the appli
ation 
an vary in size. Therefore, to simulate this variation, weintrodu
ed an appli
ation heterogeneity fa
tor. The heterogeneity fa
tor determines how di�erent are thesizes of the input data elements of the tasks that form the job, and 
onsequently their 
osts. The size of theinput data are taken from the uniform distribution U(AverageSize� (1� Ha2 ); AverageSize� (1+ Ha2 )), inwhi
h AverageSize 2 f3MBytes; 15MBytes; 75MBytesg and Ha 2 f0%; 25%; 50%; 75%; 100%g.4.3 Simulation Setting and EnvironmentA total of 3; 000 simulations were performed, with half of them for ea
h type of appli
ation (Visualizationand Pattern Sear
h). As we shall see in Se
tion 4.4.1, 3; 000 simulations make for good per
ision of results(in 95Our simulation tool has been developed using an adapted version of the Simgrid toolkit [25℄. TheSimgrid toolkit provides the basi
 fun
tionalities for the simulation of distributed appli
ations on grid envi-ronments. Sin
e the set of simulations is itself a BoT appli
ation, we have exe
uted it over a grid 
omposedof 107 ma
hines distributed among �ve di�erent administrative domains (LSD/UFCG, Instituto Eldorado,LCAD/UFES, UniSantos and GridLab/UCSD). We have used the MyGrid middleware [5℄ to exe
ute thesimulations.4.4 Simulation ResultsIn this se
tion we show the results obtained in the simulations of the s
heduling heuristi
s and dis
uss theirstatisti
al validity. We also analyze the in
uen
e of the appli
ation granularity, as well as the heterogeneityof both the grid and the appli
ation on the performan
e of the appli
ation s
heduling.4.4.1 Summary of the resultsTable 2 presents a summary of the simulation results. It is possible to note that, in average, Storage AÆnityand XSu�erage a
hieve 
omparable performan
es. Nevertheless, the standard deviation values indi
atethat the makespan presents a smaller variation when the appli
ation is s
heduled by Storage AÆnity when
ompared to the other two heuristi
s.Makespan (se
onds) Storage AÆnity WQR XSu�erageMean (x) 14377 42919 14665Standard deviation (�) 10653 24542 11451CPU Wasting Storage AÆnity WQR XSu�erageMean (x) 59:243% 1:0175% �Standard deviation (�) 52:715% 4:1195% �Bandwidth Wasting Storage AÆnity WQR XSu�erageMean (x) 3:1937% 130:88% �Standard deviation (�) 8:5670% 135:82% �Table 2: Summary of simulation resultsIn order to evaluate the pre
ision and 
on�den
e of the summarized means presented in Table 2, we havedetermined the 95% 
on�den
e interval [26℄ for the population mean (�) based on those values in Table 2.That is, using the sample mean, standard deviation and the sample size (number of makespan values) weestimate the 
on�den
e intervals, as shown in Table 3.
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Figure 2: Summary of the performan
e of the s
heduling heuristi
sHeuristi
 95% Con�den
e intervalStorage AÆnity 14241 < � < 14513Workqueue with Repli
ation 42547 < � < 43291XSu�erage 14498 < � < 14832Table 3: 95% 
on�den
e intervals for the mean of the makespan for ea
h heuristi
.Sin
e the width of the 
on�den
e interval (w) is relatively small 
ompared to the results (see Table 4),we feel that we have performed enough simulation to obtain a good pre
ision in the results.Heuristi
 w % with respe
t the makespanStorage AÆnity 330 2:2%Workqueue with Repli
ation 330 2:2%XSu�erage 850 2%Table 4: Width of the 
on�den
e intervals and proportion with respe
t the meanIn Figure 2 we show the average appli
ation makespan and in Figure 3 we present the resour
e wastefor all performed simulations with respe
t to all heuristi
s analyzed. The results show that both data-aware heuristi
s attain mu
h better performan
e than WQR. This is be
ause data transfer delays dominatethe makespan of the appli
ation, thus not taking them into a

ount severely hurts the performan
e of theappli
ation. In the 
ase of WQR, the exe
ution of ea
h task is always pre
eded by a 
ostly data transferoperation (as 
an be inferred from the large bandwidth and small CPU waste shown in Figure 3). This impairsany improvement that the repli
ation strategy of WQR 
ould bring. On the other hand, the repli
ationstrategy of Storage AÆnity is able to 
ope with the la
k of dynami
 information and yield a performan
every similar to that of XSu�erage. The main in
onvenien
e of XSu�erage is the need for knowledge aboutdynami
 information, whereas the drawba
k of Storage AÆnity is the 
onsumption of extra resour
es due toits repli
ation strategy (an average of 59% of extra CPU 
y
les and a negligible amount of extra bandwidth).From this result we 
an state that the Storage AÆnity task repli
ation strategy is a feasible te
hnique toobviate the need for dynami
 information when s
heduling pHd appli
ations, although at the expenses of
onsuming more CPU.
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Figure 3: Summary of resour
e waste
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Figure 4: Impa
t of appli
ation granularity4.4.2 Appli
ation granularityNext, we investigate the impa
t of appli
ation granularity on the appli
ation s
heduling performan
e. InFigure 4 we 
an see the in
uen
e of the three di�erent granularities on the data-aware s
hedulers. Fromthe results presented we 
on
lude that no matter the heuristi
 used, smaller granularities yield better per-forman
e. This is be
ause smaller tasks allow greater parallelism. We 
an further observe that XSu�eragea
hieves better performan
e than Storage AÆnity only when the granularity of the appli
ation is 75Mbytes.This is be
ause the larger a parti
ular task is, the bigger its in
uen
e in the makespan of the appli
ation.Thus, the impa
t of a possible ineÆ
ient task-host assignment for a larger task is greater than that for asmaller one. In other words, the repli
ation strategy of Storage AÆnity is more eÆ
ient when 
ir
umventingthe e�e
ts of ineÆ
ient task-host assignments when the appli
ation granularity is small. Nevertheless, forpHd appli
ations, it is normally possible - and quite easy - to redu
e the appli
ation granularity by 
onvert-ing a task with a large input into several tasks with smaller input datasets. The 
onversion is performed bysimply sli
ing large input datasets into several smaller ones.
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Figure 5: Performan
e of the heuristi
s with respe
t to the granularities 3Mbytes and 15MBytesGiven the above dis
ussion, we show in Figure 5 the values for the makespan of the appli
ations, 
on-sidering only the granularities 3Mbytes and 15Mbytes. For these simulations, Storage AÆnity outperformsXSu�erage by 42%, in average. Further, as 
an be seen in Figure 6, the per
entage of CPU 
y
les wastedis redu
ed from 59% to 31%, in average. We emphasize that redu
ing the appli
ation granularity is a goodpoli
y as smaller tasks yields more parallelism (see Figure 4).
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Figure 6: Resour
e waste with respe
t to the granularities 3Mbytes and 15MBytes4.4.3 Appli
ation typeIn order to analyze the in
uen
e of the di�erent 
hara
teristi
s of pHd appli
ations on the appli
ationmakespan and the resour
e waste, we have 
onsidered two types of appli
ations (see Se
tion 4.2). Theresults show that the behavior of the heuristi
s has not been a�e
ted by the di�erent 
hara
teristi
s ofthe appli
ation. On the other hand, we found out that the waste of resour
es was a�e
ted by the type ofappli
ation 
onsidered. Figure 9 and Figure 10 show the results attained. Re
all that in the data visualizationappli
ation, the 
omputational 
ost of the task is 
ompletely determined by the size of its input dataset.Sin
e Storage AÆnity prioritizes the task with the largest storage aÆnity value, it means that the largesttasks are s
heduled �rst. Therefore, task repli
ation only starts when most of the appli
ation has already
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Figure 8: Grid Heterogeneity impa
t for Pattern Sear
h appli
ationbeen exe
uted. In the 
ase of the pattern sear
h appli
ation, the 
omputational 
ost of the tasks is not
ompletely determined by the size of the input dataset of the task, thus proportionally large tasks 
an bes
heduled at later stages in the exe
ution of the appli
ation. Therefore, repli
ation may start when a largeportion of the appli
ation is still to be a

omplished, and 
onsequently more resour
es are wasted to improvethe appli
ation makespan.
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Figure 7: Grid Heterogeneity impa
t for S
ienti�
 Visualization appli
ation4.4.4 Grid and Appli
ation heterogeneityFinally, we have analyzed the impa
t of the heterogeneity of the grid and the appli
ation in both S
ienti�
Visualization and Pattern Sear
h appli
ations.In Figure 7 and Figure 8 we 
an see how the heterogeneity of the grid in
uen
es the makespan of bothtypes of appli
ations, 
onsidering the three heuristi
s dis
ussed. It is possible to see that the two data-aware heuristi
s are not greatly a�e
ted by the variation of the grid heterogeneity. It is not surprisingthat XSu�erage presents this behavior, given that it uses information about the environment. However,



4 PERFORMANCE EVALUATION 13Storage AÆnity shows that its repli
ation strategy 
ir
umvents the e�e
ts of the variations of the speed ofpro
essors in the grid, even without using information about the environment. WQR is in
uen
ed a lot bythe grid heterogeneity variation, we 
an see that in
reasing the grid heterogeneity the appli
ation makespanget worse.
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Figure 9: Resour
e waste 
onsidering the S
ienti�
 Visualization Appli
ation
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Figure 10: Resour
es wasted 
onsidering the Pattern Sear
h Appli
ationStorage AÆnity and XSu�erage present a similar behavior with respe
t to appli
ation heterogeneity.Both heuristi
s show good toleran
e to the variation of the appli
ation heterogeneity. In Figure 11 andFigure 12 we observe that the appli
ation makespan presents a tiny 
u
tuation for both types of appli
ation(Visualization and Sear
h).
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Figure 11: Appli
ation heterogeneity impa
t for S
ienti�
 Visualization appli
ation
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Figure 12: Appli
ation heterogeneity impa
t for Pattern Sear
h appli
ation4.5 ValidationIn order to validate our simulations, we have 
ondu
ted some experiments using a prototype version of StorageAÆnity. The Storage AÆnity prototype has been developed as a new s
heduling heuristi
 for MyGrid [5, 27℄.The grid environment used in the experiments was 
omprised by 18 pro
essors lo
ated at 2 sites (Car
araCluster/LNCC - Teres�opolis, Brazil and GridLab/UCSD - San Diego, USA). The home ma
hine (phome) waslo
ated at the Laborat�orio de Sistemas Distribu��dos/UFCG - Campina Grande, Brazil. It is important tohighlight that during the experiments the resour
es were shared with other appli
ations.With respe
t to the appli
ation, we have used blast [2℄. blast is an appli
ation that sear
hes a givensequen
e of 
hara
ters into a database. These 
hara
ters represent a protein sequen
e and the database
ontains several identi�ed sequen
es of proteins. The appli
ation re
eives two parameters: a database anda sequen
e of 
hara
ters to be sear
hed. The database size is of the order of many GBytes, but it 
an besli
ed into many sli
es of few MBytes. On the other hand, the size of the sequen
e of the 
hara
ters to besear
hed does not surpass 4KBytes.
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ation was 
omposed of 20 tasks. Ea
h task of the appli
ation re
eives a sli
e of 3MBytes ofa large database downloaded from the blast site [28℄ and a sequen
e of 
hara
ters smaller than 4KBytes.Sin
e the simulations have been fo
used on appli
ations that present inter-job data reuse pattern (Se
tion3.3), we have set the appli
ation to present the same data reuse pattern. Most of the input of ea
h taskwas reused (the database), while a minor part of the input (the sear
h target of few KBytes) has 
hangedbetween exe
utions.4.5.1 MethodologyTwo s
heduling heuristi
s have been analyzed in the experiments: Storage AÆnity and Workqueue withRepli
ation. We did not use XSu�erage due to the very la
k of deployed monitoring infrastru
ture that
ould provide resour
e load information. On the other hand, MyGrid already has a version of Workqueuewith Repli
ation heuristi
 available.In order to minimize the e�e
t of the grid dynamism on the results, the experiment 
onsisted of ba
k-to-ba
k exe
utions of the two s
heduling heuristi
s (i.e. we did intermixed the experiments of both s
hedulingheuristi
s). Following this approa
h, 11 experiments have been exe
uted. Ea
h experiment 
onsisted of4 su

essive exe
utions of the same appli
ation for ea
h s
heduling heuristi
, thus adding to a total of 88appli
ation exe
utions.4.5.2 ResultsIn Figure 13 we present the average of the appli
ation makespan for ea
h s
heduling heuristi
. Figure 14
ontains the simulation of the s
enario used in the experiment. The results show that both Storage AÆnityand Workqueue with Repli
ation present the same overall behavior noti
ed in the simulations. However, theexperiment does di�er from the simulation in some aspe
ts. One is the greater 
u
tuation the makespanvalues in the experiment. This is due to the high level of heterogeneity of the grid environment, and to thefa
t that we were ran mu
h fewer 
ases than we simulated.
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Figure 13: Experiment results - average of the appli
ation makespan for ea
h heuristi
We 
an also observe a di�eren
e between the makespan in the experiment results and the simulateds
enario. We believe there are two reasons for this dis
repan
y. First, we 
ould not 
olle
t CPU and networkloads experien
ed during the real life experiments. The standard NWS logs we used instead. Therefore, thegrid s
enario is not quite the same for the simulation and the experiments. Se
ond, the Storage AÆnityprototype always queries the sites to obtain information on the existen
e and size of �les. This 
ostlyremote operation was not modeled in the simulator. However, sin
e the s
heduler itself is the responsible fortransfering �les to the sites, this information 
an be 
a
hed lo
ally, thus greatly redu
ing the need for remote
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ations during the exe
ution of Storage AÆnity. We are 
urrently implementing su
h 
a
hing strategyand expe
t su
h a modi�
ation to greatly redu
e the dis
repan
y between simulation and experimentation.

Figure 14: Simulation of the s
enario 
onsidered in the experiments5 Con
lusions and future workIn this paper we have presented Storage AÆnity, a novel heuristi
 for s
heduling pHd on grid environments.We have also 
ompared its performan
e against that of two well-established heuristi
s, namely: XSu�erage [9℄and WQR [12℄. The former is a knowledge-
entri
 heuristi
 that takes data transfer delays into a

ount,while the latter is a knowledge-free approa
h, that uses repli
ation to 
ope with ineÆ
ient task-pro
essorassignments, but does not 
onsider data transfer delays. Storage AÆnity also uses repli
ation and avoidsunne
essary data transfers by exploiting a data reutilization pattern that is 
ommonly present in pHdappli
ations. In 
ontrast with the information needed by XSu�erage, the data lo
ation information requiredby Storage AÆnity is trivially obtained, even in grid environments.Our results show that taking data transfer into a

ount is mandatory to a
hieve eÆ
ient s
heduling ofpHd appli
ations. Further, we have shown that grid and appli
ation heterogeneity have little impa
t in theperforman
e of the studied s
hedulers. On the other hand, the granularity of the appli
ation has an importantimpa
t on the performan
e of the two data-aware s
hedulers analyzed. Storage AÆnity is outperformed byXSu�erage only when appli
ation granularity is large. However, the granularity of pHd appli
ations 
anbe easily redu
ed to levels that make Storage AÆnity outperform XSu�erage. In fa
t, independently ofthe heuristi
 used, the smaller the appli
ation granularity the better the performan
e of the s
heduler (atleast the granularity size whi
h 
orresponds to an overhead starts to dominate the exe
ution time). In thefavorable s
enarios, Storage AÆnity a
hieves a makespan that is in average 42% smaller than XSu�erage.The drawba
k of Storage AÆnity is the waste of grid resour
es due to its repli
ation strategy. Our resultsshow that the wasted bandwidth is negligible and the wasted CPU 
an be redu
ed to 31%.As future work, we intend to investigate the following issues: i) the impa
t of the inter-task data re-utilization pattern on appli
ation s
heduling; ii) disk spa
e management on data servers; iii) the emergentbehavior of a 
ommunity of Storage AÆnity s
hedulers 
ompeting for shared resour
es; and iv) the use ofintrospe
tion te
hniques for data staging [29℄ to provide the s
heduler with information about data lo
ationand disk spa
e utilization. Finally, we are about to release a stable version of Storage AÆnity within theMyGrid middleware [5, 27℄. We hope that pra
ti
al experien
e with the s
heduler will help us to identifyaspe
ts of our model that need to be re�ned.
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