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Abstract. Irregular and iterative I/O-intensive jobs needa different approach
from parallel job schedulers.The focus in this caseis not only the processing
requirementsanymore:memory, network andstoragecapacitymustall be con-
sideredin makinga schedulingdecision.Jobexecutionsare irregular anddata
dependent,alternatingbetweenCPU-boundand I/O-boundphases.In this pa-
per, we proposeandimplementa paralleljob schedulingstrategy for suchjobs,
calledAnthillSched,basedon a simpleheuristic:we mapthebehavior of a par-
allel applicationwith minimal resourcesaswe vary its input parameters.From
that mappingwe infer the bestschedulingfor a certainsetof input parameters
given theavailableresources.To testandverify AnthillSchedwe usedlogs ob-
tainedfrom arealsystemexecutingdatamining jobs.Ourmaincontributionsare
theimplementationof a paralleljob schedulingstrategy in a realsystemandthe
performanceanalysisof AnthillSched,which allowed us to discardsomeother
schedulingalternativesconsideredpreviously.

1 Intr oduction

Increasingprocessingpower, networkbandwidth,mainmemory, anddiskcapacityhave
beenenablingef�cient andscalableparallelizationsof a wideclassof applicationsthat
includedatamining [1,2], scienti�c visualization[3,4], andsimulation[5]. Theseap-
plicationsarenot only demandingin termsof systemresources,but alsoa paralleliza-
tion challenge,sincethey areusuallyirregular, I/O-intensive,anditerative.We referto
themas3I applicationsor jobs.As irregularjobs,theirexecutiontime is not reallypre-
dictable,andpureanalyticalcostmodelsareusuallynotaccurate.Thefactthatthey are
I/O intensive make themevenlesspredictable,sincetheir performanceis signi�cantly
affectedby thesystemcomponentsandby theamountof overlapbetweencomputation
andcommunicationthat is achievedduringthejob execution.Further, 3I jobsperform
computationsspanningseveraldatadomains,not only consumingdatafrom thosedo-
mains,but alsogeneratingnew datadinamically, increasingthevolumeof information
to behandledin real time. Finally, iterativenessraisestwo issuesthataffect theparal-
lelization: locality of referenceanddegreeof parallelism.The locality of referenceis
importantbecausetheaccesspatternsvaryover timewith eachiteration.Thedegreeof
parallelismis a functionof thedatadependenciesamongiterations.As a consequence
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of thesecharacteristics,schedulingof 3I jobsis quitea challenge,anddeterminingop-
timal schedulingfor themis a very complex task,sinceit mustconsiderlocality, input
size,datadependences,andparallelizationopportunities.

Generallyspeaking,paralleljob schedulershave beendesignedto dealwith CPU-
intensive jobs [6–17]. Someresearchershave proposedstrategies to deal with I/O-
intensiveandirregularjobs[18,19,4,5,20–22],but notwith 3I jobs.

In this paperwe investigatethe schedulingof 3I jobs, in particular�lter -labeled
streamprogramsexecutedin Anthill, our run-timesystem[23]. Filter streamprograms
arestructuredaspipelinesof �lters thatcommunicateusingstreams,whereparallelism
is achievedby the instantiationof multiple copiesof any given�lter [24]. Thelabeled
streamabstractionextendsthe model by guaranteeingconsistentaddressingamong
�lter instancesby the useof labelsassociatedwith any datathat traversesa stream.
Theseprogramsare fundamentallyasynchronousand implementedusing an event-
basedparadigm.In the scopeof this work, a job is the executionof a programwith
speci�c input parameterson speci�c datausinga numberof instancesfor each�lter .
Themain issueis thateach�lter demandsa differentamountof CPUandI/O and,in
order to be ef�cient, theremustbe a continuousandbalanceddata�o w between�l-
ters.Our premiseis that thebalanceof thedata�o w between�lters maybe achieved
by schedulingthe propernumberof �lter copiesor instances.In this paperwe pro-
pose,implement,andevaluatea parallel job schedulingstrategy calledAnthillSched,
which determinesthenumberof �lter instancesaccordingto each�lter' s CPUandI/O
demandsandschedulesthem.We evaluateAnthillSchedusing logs derived from ac-
tualworkloadssubmittedto theTamandúa1 system,which is adataminingservicethat
executesdatamining3I jobsonAnthill.

This paperis organizedasfollows. We presentthe relatedwork in Section2. The
following sectionintroducestheAnthill programmingenvironment,andSection4 de-
scribesour proposedschedulingstrategy. We thenpresentthe workload,metrics,ex-
perimentalsetup,resultsandtheperformanceanalysisof AnthillSchedin thefollowing
sections.Finally, we presentourconclusionsanddiscusssomefuturework.

2 RelatedWork

While we are not aware of works on scheduling3I jobs, other researchershave ad-
dressedthe issueof schedulingparallel I/O-intensive jobs. Wisemanet al. presented
Paired-GangScheduling,in whichI/O-intensiveandCPU-intensivejobssharethesame
time slots [21]. Thus,when an I/O-intensive job waits for an I/O request,the CPU-
intensive job usestheCPU,increasingutilization.This approachindicatesthatproces-
sorsharingis agoodmechanismto increaseperformancein mixedloads.

Anotherwork showsthreeversionsof anI/O-AwareGangScheduling(IOGS)strat-
egy [22]. The�rst one,for eachjob, looksfor therow in theOusterhoutMatrix (time-
spacematrix) with the leastnumberof free slots wherejob �le nodesareavailable,
consideringa serverless�le system.This approachis not ef�cient for workloadswith
lower I/O intensity. The secondversion,calledAdaptive-IOGS,usesIOGS, but also

1 Tamandúa meansanteaterin Portuguese.
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tries the traditionalgangschedulingapproach.It fails to dealwith high I/O-intensive
workloads.The last version,calledMigration-Adaptive IOGS, includesthemigration
of jobs to their associated�le nodesduring execution.This strategy outperformedall
theotherones.

A job schedulingstrategy for datamining applicationsin a cluster/gridwaspro-
posedby Silva andHruschka[20]. It groupsindependenttasksthatusethesamedata
to form abiggerjob andschedulesit to thesamegroupof processors.Thus,theamount
of transferreddatais reducedandthejobsperformanceis increased.

StorageAf�nity is a job schedulingstrategy thatexploits temporalandspatialdata
locality for bag-of-tasksjobs.It schedulesjobscloseto theirdataaccordingto thestor-
ageaf�nity metric it de�nes (distancefrom data)andalsousestaskreplicationwhen
necessary. It haspresentedbetterperformancethanXSufferage(a priori informed)and
WQR(non-informed)[5].

Finally, averycloselyrelatedwork is LPSched,a job schedulingstrategy thatdeals
with asynchronousdata�o w I/O-intensive jobs using linear programming[4]. It as-
sumesthatinformationaboutjob behavior is availablea priori andit dynamicallymon-
itors cluster/gridresourcesat run time. It maximizesthe data�o w betweentasksand
minimizesthenumberof processorsusedper job. AnthillScheddiffers from LPSched
in many points: it supportslabeledstreamsanditerative data�o w communication;it
usesasimpleheuristicanddoesnotuserun-timemonitors.

3 The Anthill Programming Envir onment

A previous implementationof the Filter-Streamprogrammingmodel is DataCutter, a
middleware that enablesef�cient applicationexecutionon distributedheterogeneous
environments[3]. DataCutterallows the instantiationof several (transparent)copies
of each�lter at runtimeso that the applicationcanbalancethe differentcomputation
demandsof different�lters aswell asachieve high performance.The streamabstrac-
tion maintainstheillusion of point-to-pointcommunicationbetween�lters, andwhena
givencopy outputsdatato thestream,themiddlewaretakescareof deliveringthedata
to oneof the transparentcopieson the otherend.Broadcastis possible,but selecting
a particularcopy to receive thedatais tricky, sinceDataCutterimplementsautomatic
destinationselectionmechanismsbasedon round-robinor demand-drivenmodels.

We extend that programmingmodel in the Anthill environmentby providing a
mechanismnamedlabeledstreamwhich allows the selectionof a particularcopy as
destinationbasedon someinformationrelatedto thedata(the labels).Suchextension
providesa richerprogrammingenvironment,makingit easierfor transparentcopiesto
partitionglobalstate[23]. Besidesthat,Anthill providesa task-orientedframework, in
whichtheapplicationexecutioncanbemodeledasacollectionof taskswhichrepresent
iterationsover theinput datathatmayor maynot bedependenton oneanother. In that
way, Anthill exploresparallelismin timeandspace,aswell asit makesit easyto exploit
asynchrony.

As we seein Figure1, a job in Anthill explorestime parallelismlike a pipeline,
sinceit is composedof N �lters (processingphasesor stages)connectedby streams
(communicationchannels).This job modelexplicitly forcestheprogrammerto divide
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thejob in well de�ned phases(�lters), in which input datais transformedby each�lter
into anotherdatadomainthatis requiredby thenext �lter .
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Fig.1. Anthill programmingmodel

TheAnthill programmingmodelalsoexploresspatialparallelism,aseach�lter can
havemultiplecopies,or instances,executingin differentcomputenodes.Eachcommu-
nicationchannelbetween�lters canbe de�ned aspoint-to-point,to direct eachpiece
of datato a speci�c �lter copy (eitherround-robinor by de�ning a labeledstream)or
broadcast,wheredatais copiedto all �lter copiesof the �lter in next level. A con-
sequenceof spatialparallelismis dataparallelism,becausea datasetis automatically
partitionedamong�lter copies.Togetherwith streams,dataparallelismprovidesanef-
�cient mechanismto divide theI/O demandsamong�lters, while labelingallows data
delivery to remainconsistentwhennecessary.

The task-orientedinterfaceis what allows Anthill to ef�ciently exploit the asyn-
chrony of theapplication.Eachjob is seenasa setof work slices(WS) to beexecuted
whichmayrepresentiterationsof analgorithmandmaybecreateddynamicallyasinput
datais beingprocessed(thatis particularlyusefulfor data-dependent,iterativeapplica-
tions).Whena work sliceW Si is created,its datadependenciesto any previousslice
W Sj areexplicitly indicated.ThatgivesAnthill informationaboutall synchronization
that is really requiredby theapplication,allowing it to exploit all asynchrony in slices
thatalreadyhadtheir dependenciesmet.

4 Anthill Scheduler

It shouldbenotedthatAnthill' sprogrammingmodeldealswith only qualitativeaspects
of 3I jobs.As we presented,Anthill allows asynchrony, iterativeness,spatialanddata
parallelism,but it doesnot dealwith quantitative aspectssuchasthe numberof �lter
copies,numberof transmittedbytesduringaniterationetc.Thus,to dealwith quantita-
tive aspects,we needa job schedulingstrategy thatcandeterminethenumberof �lter
copiesconsidering�lter executiontimes, �lter I/O demands,datacomplexity, etc. It
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is importantto noticethat theoverall applicationperformanceis highly dependenton
suchschedulingdecisions.

ToaddressthatproblemweproposeAnthillSched,aparalleljobschedulingstrategy,
implementedas Anthill' s job scheduler. It focuseson the properschedulingof a 3I
job on a cluster, that is, the decisionaboutthe numberof copiesof each�lter , based
on the job input parameters.Theseparametersarespeci�c for eachalgorithmbeing
executedin a job; for a clusteringalgorithm,for example,it might be the numberof
clustersto be considered.Basedon thoseparameters,AnthillSchedmust output the
numberof instancesfor each�lter in thealgorithm.Therearetwo possiblealternatives
to implementthat:useanalyticalmodeling,whichis verycomplex andcanbeinfeasible
to our problem,or a simplersolution,which is whatwe chosein thework.

Our approachis basedon a simpleexperimentalheuristicto solve a very complex
problemin anef�cient, althoughpossiblynotoptimal,way. Ourdecisiontouseaheuris-
tic wasbasedon thefact that the3I applicationsin which we areinterestedhave very
complex interactions,Sincetheprocessingandtheapplicationsthemselvesareiterative
(usersmayrun a samealgorithmmultiple timeswith differentinput parameters,trying
to get a betterresult for their particularproblems).Going for a full analyticalmodel
would mostoften be a very complex task.Although we may not be ableto get to an
optimalsolution,with thesimplerschedulingstrategy, however, westill expectto elim-
inatepossiblebottlenecksandprovidea continuousdata�o w with high asynchrony to
3I jobs.

Givenaprogramthatmustbescheduled,thedomainof its inputparametersmustbe
�rst identi�ed andclearlymapped.AnthillSchedrequiresq controlledexecutions,one
for eachpossiblepermutationof the input parameters.For example,if we have input
parametersA andB, andeachparametercanassume10 differentvalues,we have 100
possiblepermutations.A controlledexecutionis theexecutionof a job with onecopy
of each�lter (sequentialpipeline)with certaincombinationof input parameters(say,
combinationi ). For eachjob execution,we collect thenumberof input bytes� ij and
theexecutiontime E ij for each�lter j . During theexecutionof AnthillSchedwe use
B ij to representthebytesactuallyreceivedby a�lter , sincethatmaychangeduringthe
computation.At �rst, B ij = � ij .

In Anthill, eachjob is executedaccordingto a FCFSstrategy with exclusiveaccess
to all processorsin thecluster. Whena new job arrives,Anthill executesAnthillSched
with thejob'ssetof input parameters(i ) andthenumberof availableprocessors(p) as
input.Thescheduleroutputsthenumberof �lter copiesCij for each�lter j (represented
asa wholeasCi ), afterm iterations.First, for eachiteration,thenumberof copiesof
each�lter Cij is calculatedaccordingto Fig. 2, wheren is thenumberof �lters in the
pipelinefor thatapplication.In the �rst step,we normalizethenumberof input bytes
B ij andtheexecutiontime E ij dividing themby thetotal sumof bytesandexecution
times,respectively. Then,we sumthenormalizedvaluesanddivide it by two, in order
to obtaintherelative resourcerequirementsof each�lter . For example,if we hada job
with 3 �lters, we might �nd that �lter1, �lter2 and�lter3, respectively, utilize 0.6,0.2
and0.2 of the total of resourcesto executethe job. Finally, accordingto the number
of availableprocessorsp, we calculatethenumberof copiesCij proportionallyto the
relativerequirementsof each�lter .



6

function AnthillSched(i , p : integer): arrayof integer
for 1 to m do

for j = 1 to n do

Cij = p �

�
B ijP n

k =1
B ik

+
E ijP n

k =1
E ik

�

2
endfor;

for j = 1 to n do
q = (j + 1)mod(n)
if (broadcast(Sij ; Siq ))

B iq = � iq � Ciq

endfor;
endfor;
return Ci

end;

Fig.2. AnthillSched'salgorithm

Thesecondstepin Fig. 2 handlesbroadcastoperations,sincewhena broadcastoc-
cursbetweentwo �lters, thenumberof inputbytesof thedestination�lter will increase
accordingto it' s numberof copies.For every �lter j , we mustconsiderits streamto
thenext �lter q (whereq = (j + 1)mod(n)); thatstreamis identi�ed asSj q. If Sj q is
a broadcaststream,thenumberof input bytesreceivedby thedestination�lter during
thecontrolledexecution� iq (whichhadasinglecopy of each�lter) mustbemultiplied
by thenumberof copiesCiq . Thus,AnthillSchedmustrecalculatethenumberof input
bytesB iq for that�lter anditerateagain.

If we have a large numberof possibleinput permutations,it is not feasibleto run
all controlledexecutionsandstorethem.A solutionin this caseis to consideronly a
samplingof the spaceof possiblepermutations.Whena new, or not yet considered,
combinationof input parametersof a job is found, an interpolationbetweenthe two
nearestcombinationscanapproximatethenumberof copiesfor each�lter for thatjob.

Foreachnew submittedjob,Anthill callsAnthillSchedwith thejob'spermutationof
input parameters.Theschedulingprocessoverheadis negligible, becausetheheuristic
is very simple andcanbe solved in polynomial time aswe seein Figure2, sinceit
de�nesa limit for theiterations,m.

During preliminarytestswe veri�ed thatcontrolledexecutionsthatspentlessthan
5 secondsdid notneedto beparallelized.This thresholdcanvaryaccordingto thejobs
andinputdata,but asageneralrule,shortsequentialjobsdonotneedto beparallelized
to improve performance.Thus,we createdan optimizedversionof AnthillSchedthat
determinesif a certainjob must executein parallel (more than one copy per �lter).
Otherwise,it executesasequentialversionof thejob. WenamedthisversionOptimized
AnthillSched(OAS).

5 Results

In this sectionwe evaluateour schedulingstrategy by applying it to a datamining
application:the ID3 algorithm for building decisiontrees.In particular, we want to
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investigatewhetherthenumberof �lter copiesCi for a 3I job dependsequallyon the
numberof inputbytesB ij andexecutiontimeE ij of each�lter j . Thus,if thenumberof
each�lter' scopiesCij is uniformly distributedaccordingto B ij andE ij , weeliminate
possiblebottlenecksandprovideacontinuousdata�o w with highasynchrony for a job.

To test and analyzeour hypothesis,we comparedtwo versionsof AnthillSched
(non-optimizedandoptimized)to othertwo job schedulingstrategies:BalancedStrat-
egy(BS)andAll-in-all Strategy(AS).Theproposedstrategiesusethemaximumnumber
of processorsavailable.The BS tries to balancethenumberof processorsassignedto
each�lter , assumintthatall �lters haveequalloads.For example,if wehavea job with
3 �lters anda clusterof 15processors,each�lter will have5 copies.In AS, every �lter
hasonecopy oneveryprocessor, executingconcurrently.

5.1 Experimental Setup

For theworkloadweusedreallogsof datamining jobsexecutedin theTamandúaplat-
form by its users.As previously mentioned,Tamandúa is a scalable,service-oriented
datamining platformexecutingon differentclustersthatusesef�cient algorithmswith
largedatabases.Thelogsusedarefrom clusterswereTamandúa is beingusedto mine
governmentdatabases(one on public expenditures,anotheron public safety— 911
calls).Currentlytherearevariousdataminingalgorithmsimplementedin Anthill, such
asA priori , K-Means,etc. In our experiments,we choseto focuson ID3 (a decision
treealgorithmfor classi�cation) [1]. The main input parameterthat in�uencesID3 is
the minimum nodesize,which de�nes the minimum numberof homogeneouspoints
neededto createa nodein thedecisiontree.

Basedon reallogsfrom Tamandúa,we characterizedtheinter-arrival timebetween
jobs asshown in Fig. 3(b) andthe minimum nodesizeusedasa parameterfor each
job in Fig. 3(a). As we seein Fig. 3(a), the majority of minimum nodesize values
areconcentratedbetween0 and10. In ID3, asan approximation,the minimum node
sizemay be consideredinverselyproportionalto the executiontime, so it meansthat
long-runningjobsarepredominantovershortjobs.
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Basedon thecharacterizationof Tamandúa logs,wecreateda workloadmodelthat
usesthe inter-arrival time patternbetweenjobs and the minimum nodesize pattern.
We veri�ed that the inter-arrival time (Fig. 3(b)) �ts an exponentialdistribution with
parameter� = 0:00015352, with chi-squaretestvalueequalto 0. Theminimumnode
size�ts a Paretodistribution with parameters� = 0.61815anda = 0.00075019,where
� is thecontinuousshapeparameteranda is thecontinuousscaleparameter(Fig. 3(a)).
Usinga workloadgenerator, we generated10 workloads,eachonecomposedof 1000
jobsexecutingtheID3 algorithmwith minimumnodesizeandsubmissiontimederived
from thedistribution in Figure3.

To testtheschedulingstrategiesunderdifferentconditions,we variedtheload(job
arrival rate) betweenlight, mediumand heady. The light load consideredthe inter-
arrival time betweenjobs basedon all pointsshown in 3(b), so it haslong periodsof
inactivity anda few peakperiods,in which theinter-arrival time betweenjobsis small.
To createthe mediumload workload,we usedonly a subsetof the inter-arrival times
from Fig 3(b)with thepeakperiods.Finally, theheavy loadassumesthatall jobsof the
workloadarriveat sametime; in this casewe just ignoretheinter-arrival time between
jobs.

To evaluateourproposal,we used5 performancemetrics:workloadexecutiontime
(Eq. 1), workload idle time (Eq. 2), meanjob responsetime (Eq. 4), meanjob wait
time(Eq.3) andmeanjob slowdown (Eq.5).As theparallelcomputer, weusedaLinux
clustercomposedof 16nodeswith 3.0GHzPentium4 processors,1 GB mainmemories
and120GB secondarymemorieseach,interconnectedby a FastEthernetSwitch.

W orkloadExecTime =
P n

i =1 J obExecTime i (1)

W orkloadI dleTime = TotalT ime �
P n

i =1 J obExecTime i (2)

M eanJobWaitT ime =
P n

i =1
J obW aitT ime i
N umber O f J obs (3)

M eanJobRespTime =
P n

i =1
J obW aitT ime i + J obE xecT ime i

N umber O f J obs (4)

M eanJobSlowdown =
P n

i =1

J obRespT ime i
J obE xecT ime i

N umber O f J obs (5)

5.2 Experimental Results

Using the workloadderived from the previous characterization,we presentsomeex-
perimentalresultsin orderto evaluatetheeffectivenessof theschedulingstrategiesdis-
cussed.More speci�cally, we evaluatehow well the schedulingstrategieswork when
thesystemis submittedto varyingworkloadandnumberof processors.

In orderto evaluatethe impactof thevariability of theworkloadon theeffective-
nessof thestrategies,weincreasedtheloadoneachexperimentto testwhichscheduling
strategy presentsabetterperformanceto eachsituationandwhichstrategiesareimpos-
sible to usein practice.In the �rst threeexperiments(light, mediumandheavy load),
we useda clustercon�guration composedof only 8 processors.With theheavy load,
we saturatedthesystemto testthealternatives.In our �nal experiment(scalabilityun-
der heavy load),we comparethe two beststrategieswith the sameoptimizationsand
analyzethe scalabilityof the strategiesfor differentclustercon�gurations(8, 12 and
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16 processors).We useda 0.95con�dencelevel andapproximatevisual inspectionto
compareall alternatives.Thecon�denceintervalsarerepresentedby c1 (lower bound)
andc2 (upperbound).

This �rst experimentteststhe schedulingstrategiesunderlight load for a cluster
with 8 processors.As we seein Table1(a),themeanexecutiontime for all workloads
andstrategieswasveryclose.

Strategy Average Min Max Std.Dev c1 c2

AS 2065488.412029272.332155312.6836921.232042604.832088371.99
BS 2065463.772029279.842155222.4136903.642042591.092088336.45
NOAS 2065464.682029245.122155317.2036930.322042575.472088353.90
OAS 2065410.482029242.962155136.9936896.762042542.062088278.89

(a)Executiontime for eachstrategy underlight load

Strategy Average Min Max Std.Dev c1 c2

AS 1189.0861.863980.32 1309.36377.542000.61
BS 1214.0857.104070.59 1321.27395.172033.00
NOAS 1209.7090.263975.80 1304.82400.982018.43
OAS 1263.5590.194156.01 1328.39440.222086.88

(b) Idle time for eachstrategy underlight load.

Strategy AverageMin Max Std.Dev c1 c2

AS 9.617.0711.82 1.498.6910.53
BS 7.875.77 9.32 1.157.16 8.59
NOAS 8.136.0110.24 1.337.30 8.95
OAS 4.843.64 5.89 0674.43 5.25

(c) Meanjob wait time for eachstrategy underlight load

Strategy Average Min Max Std.Dev c1 c2

AS 189.28186.76191.46 1.50188.35190.21
BS 162.16158.03164.50 2.04160.89163.42
NOAS 168.28166.28170.67 1.36167.44169.44
OAS 107.82101.68110.65 2.63106.45109.19

(d) Meanjob responsetime for eachstrategy underlight load

Table1. Schedulingstrategiesperformancefor differentworkloadsunderlight load

A light load implies large inter-arrival times;in this case,the intervalswereoften
larger thanthe time necessaryto executea job. Thus,if a schedulingstrategy spends
moretimeexecutingjobsthananotherone,for a light loadit doesnotmatter. However,
we observe in Table1(b) thatsystemusingOptimizedAnthillSched(OAS) spentmore
time idle than the other ones.This is a �rst indication that jobs executedwith OAS
strategy have a lower responsetime, aswe con�rm in Table1(d). Whena job spends
lesstime executing,as the inter-arrival time is long, the systemstaysidle for more
time,waiting for a new job submission,thanasystemin whicha job spendsmoretime



10

executing.As canbeseenon Table1(c), themeanjob wait time,andconsequentlythe
meanjob responsetime for OAS, is really lower thantheotherstrategies.

As our �rst conclusions,this experimentshows that for a light load, independent
of schedulingstrategy, the inter-arrival time betweenjobs prevails over the workload
executiontime,becausejobsareshorterthanthat.As weexpected,aschedulingstrategy
that reducesthemeanjob wait time andconsequentlytheresponsetime, increasesthe
idle time of thesystem.

Table2 showstheresultsfor themoderateloadpro�le.

Strategy Average Min Max Std.Dev c1 c2

AS 179681.76179401.58179807.61 106.49179615.75179747.77
BS 154321.87150995.24155923.211394.01153457.87155185.87
NOAS 160181.04159284.49161230.22 548.70159840.95160521.12
OAS 103100.88 97447.90106026.052413.90101604.76104597.01

(a) Executiontime for eachstrategy undera mediumload

Strategy AverageMin Max Std.Dev c1 c2

AS 11.400.00 86.56 27.22-5.4828.27
BS 10.420.00 84.74 26.52-6.0226.86
NOAS 21.010.00120.53 39.66-3.5745.60
OAS 32.590.00119.77 48.37 2.6162.57

(b) Idle time for eachstrategy undermediumload

Strategy Average Min Max Std.Dev c1 c2

AS 56660.1453618.3258737.131442.2655766.2357554.05
BS 44165.6941342.7946325.721612.3343166.3745165.00
NOAS 46849.7243929.0149249.101449.2345951.4947747.95
OAS 18721.5115228.0821785.222032.2917461.9019981.11

(c) Meanjob wait time for eachstrategy undermediumload

Strategy Average Min Max Std.Dev c1 c2

AS 56839.8153798.0158916.781442.2855945.8857733.73
BS 44319.9741497.7046481.641613.0143320.2345319.71
NOAS 47009.8744089.3749409.531449.2146111.6647908.09
OAS 18824.4915325.5221891.152033.9217563.8820085.10

(d) Meanjob responsetime for eachstrategy undermediumload

Table2. Schedulingstrategiesperformancefor differentworkloadsundermediumload

With mediumload,theinter-arrival timesarenotalwayslargerthanresponsetimes.
In Table2(a),AS presentedtheworstexecutiontime for all workloads.After that,BS
andNon OptimizedAnthillSched(NOAS) presentedsimilar performance,with a little
advantagefor BS.Table2(b)showsthatonaverage,OAS achievedthehigheridle time.
As wecon�rm in Table2(c,d),themeanjob wait andresponsetimearelowerwhenthe
OAS is used,sothesystemhavemoreidle time waiting for anotherjob arrival.
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With this experiment,we observe that the All-in-all Strategy (AS) is not a viable
strategy basedto all evaluatedmetrics.In our context, we cannotassumethatall �lters
arecomplementary(CPU-boundandI/O-bound),asAS does.However, for othertype
of jobsor maybea subgroupof �lters, resourcesharingcanbea goodalternative [21].
Moreover, theBalancedStrategy (BS) andNon-OptimizedAnthillSched(NOAS) pre-
sentedsimilarperformance,sowecannotdiscardbothalternatives.

Basedon our previousexperiment,we do not considerAS analternative from this
point on. In the third experiment,we evaluatethe schedulingstrategiesunderheavy
load. In this casewe do not considerthesystemidle time, giventhatall jobs aresub-
mittedat thesametime.Theresultsareshown in Fig. 4.
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Fig.4. Schedulingstrategiesperformancefor 10differentworkloads

In thiscase,for all metrics,OAS wasthebeststrategy, andNOAS theworst.NOAS
andBSparallelizeshortjobs,creatingunnecessaryoverheadandreducingperformance.
Not only that,but NOAS schedulingdecisionsareslightly worsethanBS.Thathappens
becausein our datamining jobs,the�rst �lter tendsto have muchmorework thanthe
others,soNOAS assignsmoreprocessorsto it andfewer processorsto theotherones.
However, the�rst �lter readsdatafrom secondarystorage;its copiesareonly effective
if they canbeplacedwheredatais stored.If therearemorecopiesof it thannodeswith
input data,somecopieswill be idle, while other�lters, thatgot fewer copies,become
bottlenecks.
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Basedon thecon�denceintervals,our resultsshow thatNOAS is notaviablealter-
native,becausefor shortjobs,theparallelizationof jobsleadsto a high responsetime,
asweseein Fig. 4(b).Moreover, BSpresenteda lowerperformancethanOAS. Despite
of thelow performanceachievedwith BS,we arenot convincedyet thatOAS is really
betterthanBS.Becausethereis a considerableamountof shortjobs in theworkloads,
theoptimizationin AnthillSchedmaybewhatgivesit anadvantageoverBS.To check
that,we includedthesameoptimizationin BS for thenext experiment.

Our�nal experimentveri�es whetherOAS hasabetterperformancethanOBS(Op-
timizedBalancedScheduling)andif it scalesup from 8 to 16 processors.We usedthe
heavy load con�guration andvariedthenumberof processorsfrom 8, 12 to 16 while
consideringfour performancemetrics(execution,response,wait andslowdown times,
meanvaluesfor all workloads).

According to Fig. 5 anda visual inspectionof the con�denceintervals, all met-
rics show thatevenwith theoptimizedversionof BS,OAS hasbetterperformance.In
Fig. 5(d), thelargeslowdown is dueto theshortjobs,whichhave low executiontimes,
but high job wait times(Fig. 5(c))undertheheavy load.
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Fig.5. OBSandOAS performancefor all workloadsin aclusterwith 8, 12and16processors

Finally, thislastexperimentshowedthatOAS ismoreef�cient thanOBS.Moreover,
OAS scaledupfrom 8 to 16processors.Dueto our limitationsoncomputingresources,
we could not vary the numberof processorsbeyond 16. From the results,our main



13

hypothesisthatthenumberof �lter copiesCi for 3I jobsdependsequallyonthenumber
of input bytesB i andtheexecutiontime E i of each�lter wasveri�ed. In preliminary
tests,not shown in this paper, we observed that the useof differentweightsfor CPU
andI/O requirementsin theAnthillSchedalgorithm(Fig. 2) did not seemto bea good
alternative as the executiontime of the controlledexecutionincreased.However, as
futurework, theseexperimentscanbemoreexploredbeforewe de�nitely discardthis
alternative.

6 Conclusion

In this work we have proposed,implemented(in a realsystem)andanalyzedtheper-
formanceof AnthillSched.IrregularandIterativeI/O-intensivejobshavesomefeatures
thatarenot taken into accountby paralleljob schedulers.To dealwith thosefeatures,
we proposedaschedulingstrategy basedonsimpleheuristicsthatperformswell.

Ourexperimentsshow thatsharingall resourcesamongall �lters is nota viableal-
ternative.They alsoshow thatabalanceddistributionof �lter copiesamongprocessors
is not thebestalternativeeither. Finally, weconcludedthattheuseof aschedulingstrat-
egy whichconsidersjobsinputparametersanddistributesthe�lter copiesaccordingto
eachjob's CPU and I/O requirementsis a good alternative. We namedthis strategy
AnthillSched.It createsa continuousdata�o w among�lters, avoidingbottlenecksand
taking iterativenessinto account.Our experimentsshow that AnthillSchedis also a
scalablealternative.

Ourmaincontributionsaretheimplementationof ourproposedparalleljob schedul-
ing strategy in a real systemanda performanceanalysisof AnthillSched,which dis-
cardedsomeotheralternativesolutions.

As futureworkswe see,amongothers:thecreationandvalidationof a mathemat-
ical modelto evaluatetheperformanceof parallel3I jobs, theexplorationof different
weightsfor CPUandI/O requirementsin AnthillSched,andits usewith otherapplica-
tions.
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