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Abstract

As thetrendin parallelsystemsscalestowardpetaflopperformancetappedby advancesin circuit
densityandby anincreasinglyavailablecomputationalGrid, thedevelopmentof efficientmechanisms
for monitoringlarge systemsbecomesimperative. Whencomputationalcomponentsarecoupledvia
dynamicallyshifting connectionswith variousremoteresources,the numberof potentialfactorsaf-
fectingsystembehavior is enormous.Yet theoverheadof monitoringcanbeprohibitive. This paper
presentsanew techniquefor monitoringlargesystemsbasedonstatisticalsampling.Ratherthanmon-
itoring eachcomponent,we selecta statisticallyvalid sampleandmeasurethe behavior of sample
members.We describethe formal requirementsof sampleselectionandverify the feasibility of our
approachwith experimentson large parallelsystemsandwide-areanetworks. Our resultsshow that
this techniquecanbea powerful tool to enableeffective monitoringwithout incurringthe largecosts
typically associatedto exhaustive checking.

1 Intr oduction

Recenthardwareadvanceshave enabledthe creationof parallelsystemswith thousandsof proces-
sors.Currentsystemstypically employ multiple processorsperboardand,giventhepresenttrendsin
microelectronicsandpackaging,systemswith multiple processorsperchip will soonbecomewidely
available. Furthermore,with theongoingadoptionof theGrid [6] computingplatform,systemswith
increasinglylargenumbersof processorswill playacentralrole in thefutureof parallelcomputing.

Despitetheir excellent potential in termsof computingcapability, systemswith large numbers
of processorspresenttwo majorchallenges.Thefirst regardsresourcemanagement:algorithmsthat
achieve efficient usageof available resourcestypically requireinformationfrom all systemcompo-
nents. Comprehensive datacollection can be costly on a large system,becomingcompletelypro-
hibitive in someinstances.Consider, asanexample,aparallelmachinecomprising20,000processors
whereoneneedsto determinetheaverageprocessorload. This couldbeachievedby postingqueries
to eachindividual processor. However, evenassuminganoptimisticdelayof 10 msperquery, which
correspondsto the timer periodin many systems,it would take morethanthreeminutesto complete
themeasurements.Thisdurationwouldprobablymake theobtainedresultuseless.

�
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Thesecondchallengefacedby largesystemsis reliability. While theprobabilityof failureincreases
with thenumberof basiccomponents,thecostof inspectingeachcomponentfor failuremaypreclude
undertakingregular inspections.In many situations,the systemcanstill produceusefulwork even
underthe presenceof a limited amountof failing components.The critical problemthusbecomes
to determineif thecurrentnumberof failureshascrosseda certainthreshold.Again, theprocedures
availableto countthenumberof existing failuresmaytake too longandbecomeimpractical.

In this paper, we proposea new techniqueto monitorlargesystems,basedon statisticalsampling.
Insteadof checkingevery systemcomponentindividually, we selecta statisticallyvalid subsetof
components,inspectthis subsetin detail, and derive estimatesfor the whole systembasedon the
propertiesfound in the subset. The quality of theseestimatesdependson the componentsin the
chosensubset.Statisticalsamplingprovidesa formal basisfor quantifyingthe resultingaccuracy of
theestimation,andguidestheselectionof asubsetthatmeetsaccuracy specifications.

In contrastto traditionalmonitoringschemes,wherethemonitoringcostgrows linearly with the
numberof systemcomponents,statisticalsamplinghasthe interestingpropertythat samplingcosts
maydependonly on thecharacteristicsof thecomponents,not on thenumberof components.Thus,
whensuchcharacteristicsremainwithin givenlimits, thesamplingcostsmayremainbounded,regard-
lessof systemsize. This propertyis essentialto enablingeffective monitoringof increasinglylarge
systemsthatareexpectedto beavailablein thefuture.

The remainderof this paperis organizedas follows.
�
2 presentsthe theoreticalfundamentsof

statisticalsampling. We apply the samplingtechnique,in
�
3, to estimatethe statusof clustersand

large parallelmachines,andin
�
4, to assessnetwork statusasviewed from a given site. Thosetwo

sectionsclearly demonstratethe samplingeffectivenessand the gainsthat areobtainedin termsof
measurementcost.

�
5 discussesrelatedwork, andwe concludein

�
6 presentingdirectionsfor our

futurework.

2 Statistical SamplingTheory

Theprinciplesandmethodsof collectingandanalyzingdatafrom finite populationsform a branchof
Statisticsknown asSampleSurvey Methods. Their formal basisis termedSamplingTheory. Thegoal
of samplingis to estimatesomepropertyof theentirepopulationbasedon datacollectedfrom only a
asubsetof theelements— whatis calledasample. In thissection,wepresentthemajorrequirements
of anappropriatesamplingscheme.

2.1 Principles of RandomSampling

Assumingthat a populationhas � elementsandthat thereis a variable, � , that may take different
valuesacrosstheseelements,we can representthe populationby the set of values �������
	��������
����� ,
whereeach ��� is the value taken by element������������� . A subsetof that populationwith �
elements� � ��� 	 �����������
� is saidto bea simplerandomsampleif thatsubsetis chosenat randomfrom
all � ��� distinctpossiblesubsetsin whichnoelementis includedmorethanonce.In otherwords,each
of the � ��  subsetshasthe sameprobability � ��  "! � of beingchosen.A simplerandomsamplecan
be obtainedsequentiallyby randomlydrawing elementsfrom the populationoneat a time, without
replacement,i.e.,oncechosen,anelementis removedfrom subsequentdrawings[1, 4].

An importantfactorrelatedto samplingis theappropriatesamplesize,which correspondsto the
samplingcost. The samplesizeis intrinsically associatedwith two featuresof the sampleasan es-
timator: the confidenceprovided by the sampleand its accuracy. The accuracy or precisionof an
estimationschemedefinesaninterval, centeredon theactualvalueof thepopulation’s property, where
the estimateis assumedto be. The confidencedetermineshow often the estimateis expectedto be
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# 0.10 0.05 0.02 0.01 0.002 0.001
Confidence 90% 95% 98% 99% 99.8% 99.9%$�% 1.645 1.960 2.326 2.576 3.090 3.291

Table1: Valuesfor theconfidenceparameter.

insidethat interval. Thereis alwaysa balanceof confidenceandaccuracy versussamplingcost: the
betterthedesiredconfidenceor accuracy, themoreexpensive is thesampling.

2.2 Estimation of Mean Values

Giventhe � valuesfor thevariouspopulationelementsandtheirmean&(' , wecanestimatethevalue
of &(' usingthesamplemean)+* , computedfrom thesamplevalues� � ��� 	 �����������
� . A conditionfor
theminimumsamplesize� canbedeterminedby restrictingto anacceptablelevel theprobabilitythat
theabsolutedifferencebetween&(' and)+* begreaterthansomespecifiedvalue.This conditioncan
berepresentedby,.- �0/ &1'324)+*5/7698  �9: (1)

for somespecifiedaccuracy 8 andrisk : of notobtainingsuchaccuracy. Accordingto [1], this canbe
achievedwith asamplesize� suchthat

�3;9� �=<>� 8? %A@
	 ! �

(2)

where @ is thestandarddeviation of thepopulationvalues��� and ? % is thedouble-tailed: -point of a
normaldistributionwith zeromeanandunity variance.Somevaluesof ? % , extractedfrom theStandard
Normalprobabilitytable,areshown in Table1.

Thus,given the populationsize � andspecificationsfor the desiredconfidence? % and for the
accuracy 8 as a certain fraction of @ , one can useFormula 2 directly to determinethe minimum
samplesize.A potentialproblemariseswhentheaccuracy 8 is specifiedin absoluteterms(insteadof
relatively to @ ) andthevalueof @ is unknown. Therearea few differentpossibilitiesto estimate@ :
wecanuseresultsfrom previousexperimentswith thesamepopulation,or wecansplit theestimation
in two phases:in thefirst phase,a smallsampleis selected,andthestandarddeviation from this first
sampleis usedto computetherequiredsamplesize;in thesecondphase,thatfirst sampleis completed
with moreelementsfrom thepopulation,forming therequiredfull sample.

Analysisof Formula2 shows that, for large valuesof � , the minimum samplesizeapproaches
� ? %A@CB 8  	 . Thus, the samplingcostdependson @ 	 , anddoesnot dependon the populationsize. If
thestandarddeviation @ remainsboundedasthepopulationgrows, therequiredsamplesizedoesnot
increase.In thatcase,therelative samplingcost� B � becomesprogressively smaller.

2.3 Estimation of Proportions

Ratherthanstudyingaquantitativemeasure,� , wemaysometimesbeconcernedwith somequalitative
attributeor characteristicthatcanexist for theelementsin apopulation.Wemight thenneedto assess
theproportion,

,
, of elementswho possessthatattribute. We candefinea variableDE� describingthe

�GFIH elementof the populationsuchthat DE�KJL� if the elementpossessesthe attribute, and DE�KJLM
otherwise.Theproportion

,
thusbecomes

, J �
�

�
�ON � DE� (3)
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To estimate
,

, we take a sampleof � elements,anddefinethevariablesP � ��P 	 ����������P5� for those
elementssuchthat P � is 1 if the �GFIH elementin the samplepossessesthe underlyingattribute, and
0 otherwise. An estimationof

,
is provided by the meanQ , computedfrom the samplevariables

P � ��P 	 ����������P5� . Similarly to the caseof meanvalue estimation,we can definea condition for the
minimumsamplesize� by imposingthat

,.- �0/ , 24QR/S698  �9: (4)

Undersuchcondition,theminimumsamplesizeis given1 by

�3;9� �=< �T2U�, �V�=2 ,  
8? %

	 ! �
(5)

where? % is thesameasin Table1 and 8 is thespecifiedaccuracy in theproportionestimation.Notice
that we arefacedwith a situationwherethe samplesizedependson the factorwhich we aretrying
to estimate— theproportion

,
. We couldobtaina priori estimatesof

,
by usingthesamemethods

suggestedin theprevioussubsectionfor estimatingthestandarddeviation, namely, prior experiments
or a two-phasesamplingapproach.However, in this casethereis an additionalfeaturethat makes
the estimationdifferent. Becausethe proportion

,
canonly vary betweenMS�IM and �S�IM , the product, �V�=2 ,  is alwaysbetweenMS�IM and MS�IWSX , reachingamaximumwhen

, J9MS�IX .
For large valuesof � , the right-handsideof Formula5 approaches

, �V�Y2 ,  � ? %AB 8  	 . Given
thespecificationsfor accuracy ( 8 ) andconfidence( ? % ), the requiredsamplesizehasanupperbound
correspondingto MS�IWSXS� ? %ZB 8  	 , derived from the caseof

, J[MS�IX . Whenthe actualproportion
,

is
closeto MS�IM or to �S�IM , thatupperboundwill resultin anoversampling,meaningthatwe will beusing
a largersamplethanwouldbereallyneeded.

3 Application to SystemMonitoring

To verify the feasibility of monitoring large systemsusingstatisticalsamplingtechniques,we con-
ductedan extensive seriesof experimentscovering a variety of the largestparallelsystemsexisting
presently. We alsosimulatedlarger systemsthathave not beenbuilt yet, but areexpectedto exist in
thefuture.

3.1 Monitoring of Lar geClusters

In our first samplingexperiment,we analyzedtheutilization of NCSA’s IA-32 cluster. In this cluster,
applicationprogramscanrunonupto 480computenodes,undermanagementof aPBSbatchsystem.
Eachnodeis a dual-processorPentium-III box runningat 1 GHz, and is exclusively allocatedto a
job from one of the submissionqueues. NCSA hasa clustermonitor with a Web interface2 that
displaysclusterinformationupdatedat every minute. We collectedperiodicsnapshotsof suchnode
statusinformationduringthefirst tendaysof February/2002,andfor eachsnapshotwe measuredthe
fractionof nodeswith a statusof “Available”. We useda periodof 3 minutes(20 measurementsper
hour, or 4800for thefull period3), obtainingthefree-nodeinformationshown in Figure1.

After collectingthis full dataset,we tookeachsnapshotandappliedsamplingto assessourability
to estimatethefractionof freenodesat thatmoment.As afirst approach,weusedafixedsamplesize.

1For details,see[1].
2http://padmin2.ncsa.uiuc.edu
3Duringsomeof those4800measurements,eithertheclusterwascompletelydown or wedid nothaveaccessto themonitor

information.Thenumberof effectivemeasurementswas4645.
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Figure1: Observedfree-nodefractionon NCSA’s IA-32 cluster.

For apopulationsizeof 480nodes,anexpectedconfidenceof 90%andanaccuracy of 8%,Formula5
from

�
2.3prescribesa minimumsamplesizeof 87. Thus,for eachsnapshot,we randomlypicked87

nodesandcomputedthe free-nodefraction on that subset.Figure2(a) shows the estimationresults
acrossall snapshots,andFigure2(b) presentstheabsolutevalueof theerror in thefree-nodefraction
estimation.

Inspectionof datain Figures1 and2 revealsthatour estimatestracked very well the real cluster
status.Amongthe4645valid measurements,our estimateswerewithin thevalid 8% accuracy range
on 4366 of them, correspondingto a successrate of 94%. This successrate was better than our
designedconfidencerateof 90%becauseof thefixedsamplesizeused:our samplesizeof 87 nodes
wascomputedassumingafree-nodefractionof 0.5.Whentheactualfree-nodefractionis closerto 0.0
or to 1.0,smallersampleswould besufficient. Basedon suchobservation,we repeatedthesampling
experiment,this time usinga variablesamplesize. We implementedthe new samplingschemeby
usingthe free-nodefraction observed in the previous samplingmomentto computethe new sample
sizefor asnapshot,andallowedthissamplesizeto beaslow as10nodes.Thisschemeis basedonthe
assumptionthattherealfree-nodefractiondoesnot vary significantlyfrom onesnapshotto thenext.

Usingthevariablesamplesizescheme,we obtainedthenew estimatesshown in Figure3(a),with
thecorrespondingestimationerrorof Figure3(b). Estimatesfor 4190measurementswerewithin the
valid accuracy range,representinga90.2%successrate.Themeanvaluefor thesamplesizeacrossall
measurementswas65.8nodes.Thus,our new samplingschemehada costthatwas24%lower than
in thecaseof fixedsamplesize(i.e. sampleswith 65.8nodeson average,insteadof thefixedsample
sizeof 87 nodes),while still achieving the expected90% confidencelevel. The lower cost comes
from adjustingthesamplesizeat eachmoment.Our resultsshow thatby sampling,on average,only
66 nodes(14%of theclustersize),westill managedto obtainagoodassessmentof theclusterstatus.
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(a) Estimationresults (b) Estimationerrorandaccuracy threshold

Figure2: Estimationon NCSA’s IA-32 clusterwith fixedsamplesizeof 87nodes.
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Figure3: EstimationonNCSA’s IA-32 clusterwith variablesamplesize.

3.2 Analysis of Shared Memory Arrays

In ournext experiment,weanalyzedprocessorutilization in theSGIOrigin2000arrayatNCSA.That
arrayconsistsof twelve machines,with eachmachinecontainingbetween64 and256 MIPS-R10K
processors.One of the machinesacceptsinteractive access,while the remainingeleven machines,
comprisinga total of 1464processors,servicebatchjobs. We focusedour analysison this partof the
array, sincebatchjobsconstitutethemajorloadon thearrayutilization.

TheOrigin2000arraydoesnothave areal-timemonitorof processorutilization like theothersys-
temthatwe analyzedbefore.However, NCSA maintainsa log with informationabouteachexecuted
batchjob. By analyzingsuchlog recordsfrom a ten-weekperiodin thepast,we reproducedthebe-
havior of thearrayuponexecutingjobsduring thatperiod. For every momentof a job dispatchor a
job termination,we appliedour samplingschemeto estimateprocessoravailability acrosstheentire
array. Consideringthe arraypopulationof 1464processors,we specifieda samplingconfidenceof
90%anda samplingaccuracy of 5%, obtaininga minimumsamplesizeof 229processors.Thus,on
everysamplingmomentwerandomlypicked229processorsandcomputedthefree-processorfraction
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(a)Observedfree-processorfraction (b) Estimatedfree-processorfraction

Figure4: Estimationresultsfrom samplingNCSA’s SGI Origin2000array.

for thatsubset.This samplesizecorrespondsto 15.6%of thetotal arraysize.
Figure4 shows the observed andestimatedfractionsof free processorsduring the periodof our

analysis.The extremeright andleft partsin the plots correspondto periodswherethe logs did not
containinformationaboutall jobsin thearray. Ourestimatesachievedtheselectedaccuracy in 91.5%
of thesamplingtrials. Hence,oursamplinggoalswerefully met.

3.3 Monitoring of Distrib uted Memory Machines

We analyzedtheusageof NERSC’s systemknown asSeaborg, an IBM-SP with 188computenodes
where eachnode contains16 shared-memoryPower3 processorsrunning at 375 MHz. The job
schedulingpolicy at NERSCis suchthat jobsareexclusively allocatedto anintegernumberof nodes
for execution,anda job canstartbetweenoneandsixteentaskspernode.

Thereis aWebinterface4 thatshows processorusagefor eachnodein thesystem;this information
is updatedevery 15 minutes. Using that interface,we monitoredthis clusterduring the first twenty
daysof February/2002.On eachmeasurement,we sampledthesetof 3008processorsto estimatethe
fractionof processorsnot usedby thecurrentjobs. We usedthesamesamplingparametersasin the
NCSA’s IA-32 cluster(confidenceof 90%andaccuracy of 8%). However, dueto the larger interval
betweenmeasurements,we adopteda differentmethodto determinethesamplesize. First, we took
a sampleconsistingof ten randomprocessors,and thenusedthe fraction of free processorsin that
pre-sampleto find thefinal samplesizeprescribedby Formula5.

Figure5 shows theresultsfrom our estimation.Amongthetotal 1920measurements,our estima-
tion waswithin therequired8% accuracy 1747times,correspondingto anestimationsuccessrateof
91%. Theselectedsamplesizevariedfrom a minimumof 10 processorsto a maximumof 103pro-
cessors;theaveragesamplesizeobtainedwas46 processors,or 1.5%of themachinesize.Hence,we
still track the machine’s utilization quite well with a costof only 1.5%of an exhaustive monitoring
scheme.Thisexampleshows thatadministratorsof thissystemcouldtakeasimilarapproachto obtain
otherkinds of collective informationabouttheprocessors(e.g. processorload, faultsdetected,etc.)
with acostthatis morethan60 timeslower thanthecostof regularmonitoring.

4TheURL is http://hpcf.nersc.gov/cgi-bin/qstat/llqseaborg but thatpageis protectedby username/password.
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(a)Observedfree-processorfraction (b) Estimatedfree-processorfraction

Figure5: EstimationonNERSC’s IBM-SPwith variablesamplesize.

3.4 Simulation of Futur eSystems

To assesstheeffectivenessof samplingon futuresystems,we simulateda systemcontaining50,000
processors.In our simulationscheme,jobs arerandomlycreatedandbelongto oneof two classes,
small and large, accordingto their expecteddurationandnumberof processors.We simulatedthis
machinerunningfor 1000cycles,anda total of 122,127jobswereexecuted.Theaverageprocessor
loadwas75.5%,which is compatiblewith theloadobservedin realproductionsystems[3].

Usingthesimulationdata,we conductedseveralsamplingexperimentswherewe variedthesam-
pling specifications.For agivenconfidence/accuracy combination,wesampledtheprocessorsoneach
cycleusingafixedsamplesize,andestimatedthefractionof freeprocessors.Table2 showsthesample
sizeusedfor eachexperiment,asprescribedby Formula5 when

, J\MS�IX , andthe resultingsuccess
ratesfrom theestimations.

Wecannoteseveralfactsin Table2. First,thesuccessratein theestimationwasalwaysbetterthan
thedesignedconfidence;thiswasdueto theuseof afixedsamplesizefor eachexperiment.Second,for
a givenaccuracy, increasingconfidencelevelsdemandedlargersamplesizes,but provided,in return,
bettersuccessrates,asexpected.Finally, onecanseethatour samplingwasvery effective: a sample
with 106processors(0.2%of the machinesize)achieved theestimationaccuracy of 8% in 0.950of
thecycles;our largestsample,with 1778processors(3.6%of themachinesize),reachedanestimation
accuracy of 3% in 0.998of thecycles.

Thenumbersin Table2 confirmboth theexpectedtradeoff betweensamplingcostandaccuracy,
and the effectivenessof the samplingtechnique.We canmonitor an extremelysmall subsetof the
processorsandstill achieve specifiedlevels of accuracy andconfidencein the estimationof global
systemstate. This monitoring cost economy, with the correspondingreductionof a few ordersof
magnitudein the time requiredto derive global systemfigures,may enabletheutilization of system
controlalgorithmsthatwouldbeimpracticalundertraditionalmonitoringschemes.

4 Application to Network Connectivity Assessment

Anotherfield wheresamplingcanbeextremelyusefulis theanalysisof wide-areanetworks,compris-
ing thousandsof geographicallydistributedsites.Wecanapplysamplingto estimateboththefraction
of sitescurrentlyreachablefrom anetwork point,andthemeanlatency observedfrom thatpoint.
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SampleSize(Processors) SuccessRate
Confidence Confidence

Accuracy 90% 95% 98% 99% 90% 95% 98% 99%

8% 106 150 211 258 0.950 0.972 0.993 0.995
5% 270 382 536 655 0.962 0.977 0.987 0.998
3% 741 1045 1460 1778 0.948 0.981 0.987 0.998

Table2: Estimationresultsfrom samplingsimulatedmachine.
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Figure6: Resultsof network reachabilityestimation.

4.1 Network Reachability Estimation

Given a collectionof interconnectedsites,with oneof themasa sourcesite, onemay be interested
in determininghow many of the remainingsitesarereachableat a certainmoment.Somesitesmay
bedown or unreachabledueto routingproblems.To provide anexperimentalbasisfor our tests,we
consideredthelist of Internetsitesassembledby theInternetMappingProject[2]. This list comprises
126,930IP addressesof what the projectdevelopersclaim to be “registeredInternetentities”. Each
addressmaycorrespondto amachine,a router, or any device thatrepresentsacertainsub-network.

Taking that list of sitesasour universe,we conductedexperimentsto determinethe fraction of
sitesthat werereachablefrom a specificmachineat Urbana/Illinois. By “reachable”we considera
sitethat respondsto a ping request.Initially, we madeonerequestto every site in thelist, andstored
theobtainedresults.On suchexhaustive sequenceof accesses,82,920sitesrespondedto therequest,
correspondingto 65.3%of thetotalsites.Next, weconductedtwo experimentsto estimatethefraction
of reachablesitesunderdistinctsamplingspecifications,repeatingthesamplingprocess1000timesin
eachcase.Figure6 shows theestimationresults,with dottedhorizontallinesindicatingtheunderlying
accuracy specifications.Thenumbersof successfulestimationswere918and962,respectively; thus,
thecorrespondingconfidencelevelsfrom ourdesign(90%and95%)wereachievedin bothcases.

4.2 Network Latency Estimation

Another useful metric in network environmentsis the latency betweensites. Many of the current
efforts to developGrid applicationsenvisionusinglatency andbandwidthnumbersto selectexecution
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resources.Someservices[13] provide this information in real-time,but only acrosslimited setsof
sites.Hence,anefficient mechanismto derive thesefiguresfor a largeenvironmentwould beuseful.
In our tests,latency is definedasthemeanresponsetime for packetsreturnedfrom theping requests.

For theexhaustive sequenceof requeststhatwe hadconductedbefore,andconsideringonly those
sitesthat respondedto a request,we observed a meanlatency of 143.3ms. Next, we conducteda
samplingexperimentto estimatethemeanaccesslatency to thoserespondingsites. We imposedan
accuracy 8]J @ZBS^ , sothatit wasnot necessaryto know @ to determinethesamplesizein Formula2.
Selectinga confidenceof 95%,with our populationof 82,920sites,resultsin a minimumsamplesize
of 246sites.Usingthis samplesizeon repeatedsamplingtrials, we obtainedthelatency estimatesof
Figure7(a).Theseestimateswerewithin theselectedaccuracy in 95.9%of thetrials.

It is instructive to analyzethe gainsprovided by the samplingtechniqueis this case. Assume
a 3 seconddurationper ping request,suchthat we obtain at leasta few return packets even from
the mostnetwork-distantsites. Measurementswith the subsetof 246 siteswill completein nearly
12 minutes,whereasan exhaustive measurementwith all 82,920siteswould require69 hours. It is
clearlyimpracticalto conductthisexhaustive procedureona regularbasis.

4.3 Cost-ConstrainedSampling

Theremay be situationswherethe samplingprocesshasconstraintsother than just confidenceand
accuracy. Assumingthe wait of 3 secondsper ping requestanda samplesizeof 246 sitesasin the
previoussubsection,alatency estimationmeasurementwouldrequirenearly12minutes.Thisduration
might be excessively large in somecases.We mustthenview the samplingdesignfrom a different
angle:giventhemaximumsamplingcostthatcanbetolerated,find thecorrespondingconfidenceand
accuracy thatonecanexpectfrom sampling.

Supposingthatwe hadat most6 minutesto conducta completeexperiment,we would belimited
to accessing120 sites. If at leasthalf of suchsitesrespondedto the requests,we might designour
experimentwith aneffective samplesetof 60 sites.Accordingto Formula2, this reducedsamplesize
would correspondto lower confidenceor worseaccuracy. We took theresponsesfrom ourexhaustive
accessto all sitesandconductedan experimentwherewe repeatedlysampled60 of the responding
sites. Underthe sameconfidenceof 95% asbefore,this new samplesizerepresentsan accuracy of@ZBS_ �I`SX . Figure7(b)presentstheresultsof thisexperiment,whereourestimatesachievedtherequired
accuracy in 952outof 1000trials.

The effectivenessand tradeoffs involved in a samplingschemeshouldnow be clear. While a
decreasein the samplesize resultsin more estimationvariability, as one can verify by comparing
Figures7(a) and 7(b), the expectedconfidencein the estimationwas always achieved. Even with
a small samplesize, one can still obtain a good approximationon the statusof accessibilityto a
largenetwork. Furthermore,by usingsamplingtechniques,thisapproximationis achievedin minutes,
insteadof dayslike requiredby a full precisionmeasurement.

5 RelatedWork

Most applicationsof statisticalsamplingin thepast [1, 10, 14] have beenin thecontext of humanor
animalpopulationsurveys. Statisticalsamplingwasalsoappliedin [8] to estimatesoftwarereliability.
That studycombinedoperationaltestingandsamplingtechniquesin order to reducethe numberof
programexecutionsthatmustbecheckedmanuallyfor conformanceto requirements.

In computersystems,applicationsof samplingtechniquesusually focus on fault detectionand
testingissuesrelatedto hardwaredesign.In [7], suchtechniqueswereusedto generateasubsetof the
possibledesignerrorsor testpatternsthatonemustconsiderwhenverifying a new hardwaredesign.
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(a)Accuracy acbedgf�h , 246sampledsites (b) Accuracy acbedgf�ikj�lkm , 60sampledsites

Figure7: Estimationof meannetwork latency from machineat Urbana/Illinois.

[5] appliedstatisticalsamplingto estimatepower demandsin circuits,andcomparedtheresultsfrom
stratifiedsamplingto thosefrom simplerandomsamplingexperiments.

In the areaof performanceanalysis,statisticalclustering[9] and projectionpursuit [12] have
provedto beefficient techniquesto handlelargeamountsof performancedata.Clusteringcanreduce
thenumberof processorsto bemonitored,andprojectionpursuitcanreducethenumberof captured
metrics.Thesetechniques,however, requireperiodicanalysisof datafrom all processorsandall avail-
ablemetrics. Statisticalsamplingcould complementthosecapabilities,by allowing the analysisto
focusonsubsetsof processorsor metrics,thusbecomingmorecosteffective in largesystems.

6 Conclusionand Futur eWork

We have presenteda new methodologyto monitor large systems,basedon statisticalsamplingtech-
niques.Ourexperimentsdemonstratedtheeffectivenessof thesetechniquesto estimatethefractionof
availableprocessorsin parallelmachines,thefractionof network sitesreachablefrom a certainpoint,
andthemeanlatency expectedfrom thatpoint to therestof thenetwork. In all thoseexperiments,the
confidenceandaccuracy specificationswerefully achievedby observeddata.

Our resultsshow that we can reliably estimatethe stateof a large systemwith a cost that is a
small fraction of the costrequiredby traditionalmonitoringschemes.Our variousexperimentsalso
confirmthat therelative reductionin measurementcostimprovesassystemsizesincrease.This cost
reduction,in turn, canenablemeasurementsthatwould becompletelyimpracticalby regularmeans.
It canalso enablethe useof more powerful algorithmsfor systemmanagementand for optimized
resourceutilization.

We areworking to expandthe applicability of this techniquein several directions. On parallel
systems,we arestudyingthefeasibilityof othersamplingschemes,suchasstratifiedsampling,which
could improve accuracy or decreasesamplingcost for someheterogeneousenvironments,like the
Origin2000array. We arealsoinvestigatinga couplingto time-seriesanalysis[11], asanattemptto
improve estimationbasedon pastobservedbehavior. Anothercurrenteffort is to applythis technique
to improve instrumentationefficiency; onecouldactivateinstrumentationin asubsetof theprocessors
runninganapplicationandstill capturesufficient datato understandapplicationperformance.

In network environments,we aretrying to combineandcorrelatesampleddatacollectedat more
thanonesite,asa way to improve our assessmentof globalnetwork state.In thatdirection,another
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goal is to find the convenientnumberand location of collectionsites. We areconfidentthat these
efforts will be essentialfor the efficient useof the Grid asa computingplatform. We believe that a
statisticalapproachis oneof themosteffective waysto manage,selectandmonitorGrid resources.
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