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Abstract

As thetrendin parallelsystemsscalegdoward petaflopperformancdappedby advancesn circuit
densityandby anincreasinglyavailablecomputationalsrid, thedevelopmentf efficient mechanisms
for monitoringlarge systemsecomesmperatve. Whencomputationatomponentsre coupledvia
dynamicallyshifting connectionswith variousremoteresourcesthe numberof potentialfactorsaf-
fecting systembehaior is enormous.Yet the overheadof monitoringcanbe prohibitive. This paper
present@new techniqueor monitoringlarge system$asedn statisticalsampling.Ratherthanmon-
itoring eachcomponentwe selecta statisticallyvalid sampleand measurehe behaior of sample
members.We describethe formal requirement®f sampleselectionandverify the feasibility of our
approachwith experimentson large parallelsystemsandwide-areanetworks. Our resultsshawv that
this techniquecanbe a powerful tool to enableeffective monitoringwithout incurringthe large costs
typically associatedo exhaustve checking.

1 Intr oduction

Recenthardware adwvanceshave enabledthe creationof parallel systemswith thousandsf proces-
sors.Currentsystemgaypically emplgy multiple processorperboardand,giventhe presentrendsin
microelectronicsaand packaging systemswith multiple processorper chip will soonbecomewidely
available. Furthermorewith the ongoingadoptionof the Grid [6] computingplatform, systemswith
increasinglylarge numbersof processorsvill play acentralrole in thefuture of parallelcomputing.

Despitetheir excellent potentialin termsof computingcapability systemswith large numbers
of processorpresentwo major challenges.Thefirst regardsresourcananagementalgorithmsthat
achieve efficient usageof available resourcegypically requireinformationfrom all systemcompo-
nents. Comprehense datacollection can be costly on a large system,becomingcompletelypro-
hibitive in someinstancesConsiderasanexample,a parallelmachinecomprising20,000processors
whereoneneeddso determineghe averageprocessotoad. This could be achieved by postingqueries
to eachindividual processorHowever, evenassumingan optimistic delayof 10 ms perquery which
correspondso thetimer periodin mary systemsijt would take morethanthreeminutesto complete
the measurementd.his durationwould probablymake the obtainedresultuseless.

*Thiswork wassupportedn partby theNationalSciencé~oundatiorundergrantNSFEIA-9975020andby the Department
of Enegy undercontractDOE W-7405-ENG-36.



Thesecona:hallengdacedoy largesystemss reliability. While theprobabilityof failureincreases
with the numberof basiccomponentsthe costof inspectingeachcomponentor failure maypreclude
undertakingregular inspections.In mary situations,the systemcanstill produceusefulwork even
underthe presenceof a limited amountof failing components.The critical problemthusbecomes
to determinef the currentnumberof failureshascrosseda certainthreshold.Again, the procedures
availableto countthe numberof existing failuresmaytake too long andbecomempractical.

In this paperwe proposea new techniquelo monitorlarge systemsbasedon statisticalsampling.
Insteadof checkingevery systemcomponentndividually, we selecta statistically valid subsetof
componentsjnspectthis subsetin detail, and derive estimatedor the whole systembasedon the
propertiesfound in the subset. The quality of theseestimatesdependson the componentsn the
chosensubset. Statisticalsamplingprovides a formal basisfor quantifyingthe resultingaccurag of
theestimation andguidesthe selectionof a subsethatmeetsaccurag specifications.

In contrastto traditionalmonitoringschemeswherethe monitoringcostgrows linearly with the
numberof systemcomponentsstatisticalsamplinghasthe interestingpropertythat samplingcosts
may dependonly on the characteristicef the componentsnot on the numberof componentsThus,
whensuchcharacteristiceemainwithin givenlimits, the samplingcostsmayremainboundedregard-
lessof systemsize. This propertyis essentiato enablingeffective monitoring of increasinglylarge
systemghatareexpectedo beavailablein thefuture.

The remainderof this paperis organizedasfollows. §2 presentghe theoreticalfundamentsof
statisticalsampling. We apply the samplingtechnique,in §3, to estimatethe statusof clustersand
large parallelmachinesandin §4, to assessietwork statusasviewed from a given site. Thosetwo
sectionsclearly demonstrateéhe samplingeffectivenessand the gainsthat are obtainedin termsof
measurementost. §5 discusseselatedwork, andwe concludein §6 presentingdirectionsfor our
futurework.

2 Statistical Sampling Theory

The principlesandmethodof collectingandanalyzingdatafrom finite populationsorm a branchof
Statisticsknowvn asSampleSurvg Methods Their formal basisis termedSamplingTheory Thegoal
of samplingis to estimatesomepropertyof the entirepopulationbasedon datacollectedfrom only a
asubsebf theelements— whatis calleda sample In this sectionwe presenthe majorrequirements
of anappropriatesamplingscheme.

2.1 Principles of Random Sampling

Assumingthat a populationhas N elementsandthat thereis a variable,Y’, that may take different
valuesacrosstheseelementswe canrepresenthe populationby the setof valuesYy, Ys,..., Yy,

whereeachY; is the valuetaken by elementi,1 < ¢ < N. A subsetof that populationwith n

elementsyy, yo, .. ., ¥, iS saidto be a simplerandomsampleif thatsubsets chosemat randomfrom

all (g ) distinctpossiblesubsetsn which no elemenis includedmorethanonce.In otherwords,each
of the (g) subsetdasthe sameprobability(fﬁf)’1 of beingchosen.A simplerandomsamplecan
be obtainedsequentiallyby randomlydraving elementdrom the populationone at a time, without
replacement,e.,oncechosenanelemenis removedfrom subsequerdravings|[1, 4].

An importantfactorrelatedto samplingis the appropriatesamplesize,which correspondso the
samplingcost. The samplesizeis intrinsically associateavith two featuresof the sampleasan es-
timator: the confidenceprovided by the sampleandits accuiacy. The accurag or precisionof an
estimationrschemalefinesanintenal, centeredn theactualvalueof the population$ property where
the estimateis assumedo be. The confidencedetermineshow often the estimatels 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%
Zo 1.645| 1.960| 2.326| 2.576| 3.090| 3.291

Tablel: Valuesfor the confidenceparameter

insidethatintenal. Thereis alwaysa balanceof confidenceandaccurag versussamplingcost: the
betterthe desiredconfidenceor accurayg, the moreexpensve is the sampling.

2.2 Estimation of Mean Values

GiventheY valuesfor thevariouspopulationelementandtheirmeaniMy, we canestimatehevalue
of My usingthe samplemeanm,,, computedrom the samplevaluesy;, 2, . . ., y,. A conditionfor
theminimumsamplesizen canbedeterminedy restrictingto anacceptabléevel the probabilitythat
the absolutedifferencebetweenl/y andm,, begreatethansomespecifiedvalue. This conditioncan
berepresentetly

Pr(|My —my|>d) <o 1)

for somespecifiedaccurag d andrisk o of not obtainingsuchaccurag. Accordingto [1], thiscanbe
achieredwith asamplesizen suchthat

d \?2]7"
14+ N (_S) ] @)
whereS is the standarddeviation of the populationvaluesyY; andz, is the double-tailedn-point of a
normaldistribution with zeromeanandunity variance. Somevaluesof z,, extractedfrom the Standard
Normalprobabilitytable,areshavn in Table1l.

Thus, given the populationsize N and specificationdor the desiredconfidencez, andfor the
accurag d asa certainfraction of S, one canuseFormula 2 directly to determinethe minimum
samplesize. A potentialproblemarisesvhentheaccurag d is specifiedn absolutederms(insteadof
relatively to S) andthe valueof S is unknavn. Therearea few differentpossibilitiesto estimates:
we canuseresultsfrom previous experimentswith the samepopulation,or we cansplit theestimation
in two phasesin thefirst phasea smallsampleis selectedandthe standardieviation from this first
samples usedto computeherequiredsamplesize;in thesecondhasethatfirst sampleis completed
with moreelementgrom the populationforming therequiredfull sample.

Analysisof Formula2 shaws that, for large valuesof N, the minimum samplesize approaches
(245/d)?. Thus,the samplingcostdependson S?, and doesnot dependon the populationsize. If
the standardeviation .S remainsboundedasthe populationgrows, the requiredsamplesizedoesnot
increaseln thatcasetherelatve samplingcostn /N becomegrogressiely smaller

n>N

2.3 Estimation of Proportions

Ratherthanstudyingaquantitatve measureY’, we maysometimedeconcernedvith somequalitatve
attribute or characteristi¢thatcanexist for theelementsn a population.We mightthenneedto assess
the proportion, P, of elementsvho possesshatattribute. We candefinea variable X; describingthe
it" elementof the populationsuchthat X; = 1 if the elementpossessethe attribute, and X; = 0
otherwise.TheproportionP thusbecomes

P—iiV:X 3)
7Ni—1 '



To estimateP, we take a sampleof n elementsanddefinethe variableszq, xs, .. ., z,, for those
elementssuchthat z; is 1 if the i** elementin the samplepossessethe underlyingattribute, and
0 otherwise. An estimationof P is provided by the meanp, computedfrom the samplevariables
x1,T9,...,Ty. Similarly to the caseof meanvalue estimation,we can definea condition for the
minimum samplesizen by imposingthat

Pr(P —p|>d)<a (4)

Undersuchcondition,the minimumsamplesizeis given® by
N-1 /d\?]""
I ( ) ] (5)

> -
n= N1 5T (5,

wherez,, is thesameasin Tablel andd is the specifiedaccurag in the proportionestimation.Notice

thatwe arefacedwith a situationwherethe samplesize dependson the factorwhich we aretrying

to estimate— the proportion P. We could obtaina priori estimatef P by usingthe samemethods
suggestedh the previous subsectiorfor estimatingthe standardleviation, namely prior experiments
or a two-phasesamplingapproach. However, in this casethereis an additionalfeaturethat makes
the estimationdifferent. Becausehe proportion P canonly vary between0.0 and 1.0, the product
P(1 — P) is alwaysbetweer).0 and0.25, reachinga maximumwhenP = 0.5.

For large valuesof N, the right-handside of Formula5 approaches’(1 — P)(z,/d)?. Given
the specificationdor accurag (d) andconfidencqz,), the requiredsamplesizehhasanupperbound
correspondingdo 0.25(z,/d)?, derived from the caseof P = 0.5. Whenthe actualproportion P is
closeto 0.0 or to 1.0, thatupperboundwill resultin anoversamplingmeaningthatwe will beusing
alargersamplethanwould bereally needed.

3 Application to SystemMonitoring

To verify the feasibility of monitoring large systemsusing statisticalsamplingtechniqueswe con-
ductedan extensve seriesof experimentscovering a variety of the largestparallel systemsaxisting
presently We alsosimulatedarger systemghat have not beenbuilt yet, but are expectedto exist in
thefuture.

3.1 Monitoring of LargeClusters

In our first samplingexperimentwe analyzedhe utilization of NCSAs 1A-32 cluster In this cluster
applicationprogramscanrun on upto 480computenodesundermanagemeraf a PBSbatchsystem.
Eachnodeis a dual-processoPentium-1ll box runningat 1 GHz, andis exclusiely allocatedto a
job from one of the submissionqueues. NCSA hasa cluster monitor with a Web interfacé that
displaysclusterinformationupdatedat every minute. We collectedperiodicsnapshot®f suchnode
statusinformationduring thefirst tendaysof February/2002andfor eachsnapshotve measuredhe
fraction of nodeswith a statusof “Available”. We useda periodof 3 minutes(20 measurementger
hour, or 4800for thefull period), obtainingthe free-nodeinformationshavn in Figurel.

After collectingthis full datasetye took eachsnapshoaindappliedsamplingto assessur ability
to estimatethefractionof freenodesatthatmoment.As afirst approachwe usedafixed samplesize.

For details,se€[1].

2http://padmin2.ncsa.uiuc.edu

3During someof those4800measurementsjtherthe clusterwascompletelydown or we did nothave access$o themonitor
information. The numberof effective measurementsas4645.
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Figurel: Obseredfree-nodedractionon NCSAsIA-32 cluster

For apopulationsizeof 480nodesanexpectedconfidenceof 90%andanaccurag of 8%, Formulas
from §2.3 prescribesa minimum samplesizeof 87. Thus,for eachsnapshotye randomlypicked 87
nodesand computedthe free-nodefraction on that subset. Figure 2(a) shavs the estimationresults
acrossall snapshotsandFigure2(b) presentshe absolutevalueof the errorin the free-nodéfraction
estimation.

Inspectionof datain Figuresl and?2 revealsthat our estimatedracked very well the real cluster
status.Among the 4645valid measurementsur estimatesverewithin the valid 8% accurag range
on 4366 of them, correspondingo a succesgate of 94%. This succesgate was betterthan our
designecconfidencerateof 90% becausef the fixed samplesizeused:our samplesizeof 87 nodes
wascomputedassuming free-noddractionof 0.5. Whentheactualfree-noddractionis closerto 0.0
or to 1.0, smallersamplesvould be sufiicient. Basedon suchobseration, we repeatedhe sampling
experiment,this time using a variable samplesize. We implementedthe new samplingschemeby
usingthe free-nodefraction obsenred in the previous samplingmomentto computethe nev sample
sizefor asnapshotandallowedthis samplesizeto beaslow as10nodes.This schemds basednthe
assumptiorthattherealfree-noddractiondoesnot vary significantlyfrom onesnapshoto the next.

Usingthe variablesamplesizeschemeywe obtainedthe new estimateshawn in Figure3(a), with
the correspondingestimationerror of Figure3(b). Estimatedor 4190measurementaerewithin the
valid accurag range representing 90.2%successate. Themearnvaluefor the samplesizeacrossall
measurementwas65.8nodes. Thus,our new samplingschemehada costthatwas24% lower than
in the caseof fixed samplesize(i.e. sampleswvith 65.8nodeson average insteadof thefixed sample
size of 87 nodes),while still achievzing the expected90% confidenceevel. The lower costcomes
from adjustingthe samplesizeat eachmoment.Our resultsshav thatby sampling,on average only
66 nodes(14%of the clustersize),we still managedo obtaina goodassessmermf the clusterstatus.



-

0.5
0.9F 0.451
0.8F 0.4
é 0.7 S0.35f
ED-G g 0.3
9?30-5 § 025/
T w
04 £ o2
g 0.3 Zo1s)
w
0.2 0.1 1
oosfadll AGHRBRANY o8 | N D
0 . . | . o oY \lm\\|im||uu“.ﬂmmmmmm Wi i m.mm\ll\w H\MMUMJMM\.M
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Measurement Number Measurement Number
(a) Estimationresults (b) Estimationerrorandaccurag threshold
Figure2: Estimationon NCSAs IA-32 clusterwith fixed samplesizeof 87 nodes.
1 05
0.9+

e o
N ®
T

o
o

Estimated Free—Node Fraction
o o o
w N n
T

o
N}

o
o

(=}

0.45f

0.4f

o

w

a
T

o
w

I

N

a
T

o
[N}

0.15f

Absolute Estimation Error

0.1

0.05

mmm LW

o

Nl p el MLMMMJM.MLMJA,J.AILM‘MLMJMMJ\M‘
0 1000 3000 4000 5000

. . .
1000 2000 3000 4000 5000

2000
Measurement Number Measurement Number
(a) Estimationresults (b) Estimationerror

Figure3: Estimationon NCSAs IA-32 clusterwith variablesamplesize.

3.2 Analysis of Shared Memory Arrays

In our next experimentwe analyzedorocessoutilizationin the SGI Origin2000arrayat NCSA. That
array consistsof twelve machineswith eachmachinecontainingbetween64 and 256 MIPS-R10K
processors.One of the machinesacceptsinteractve accesswhile the remainingeleven machines,
comprisinga total of 1464processorsservicebatchjobs. We focusedour analysison this partof the
array sincebatchjobsconstitutethe majorloadonthearrayutilization.
TheOrigin2000arraydoesnot have areal-timemonitorof processouitilization like the othersys-
temthatwe analyzedoefore. However, NCSA maintainsa log with informationabouteachexecuted
batchjob. By analyzingsuchlog recordsfrom a ten-weekperiodin the past,we reproducedhe be-
havior of the arrayuponexecutingjobs during that period. For every momentof a job dispatchor a
job termination,we appliedour samplingschemeto estimateprocessogvailability acrossthe entire
array Consideringthe array populationof 1464 processorswe specifieda samplingconfidenceof
90% anda samplingaccurag of 5%, obtaininga minimum samplesize of 229 processorsThus,on
every samplingmomentwe randomlypicked 229 processorandcomputedhefree-processdraction
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Figure4: Estimationresultsfrom samplingNCSAs SGI Origin2000array

for thatsubsetThis samplesizecorrespond$o 15.6%of thetotal arraysize.

Figure4 shaws the obsered and estimatedractionsof free processorsluring the periodof our
analysis. The extremeright andleft partsin the plots correspondo periodswherethe logs did not
containinformationaboutall jobsin thearray Our estimateschieredthe selectedaccurag in 91.5%
of thesamplingtrials. Henceour samplinggoalswerefully met.

3.3 Monitoring of Distrib uted Memory Machines

We analyzedhe usageof NERSCS5 systemknown asSeabog, an IBM-SP with 188 computenodes
where eachnode contains16 shared-memoryaver3 processorgunning at 375 MHz. The job
schedulingpolicy at NERSCis suchthatjobsareexclusively allocatedto aninteger numberof nodes
for execution,andajob canstartbetweeroneandsixteentaskspernode.

Thereis aWebinterface thatshavs processousageor eachnodein the systemghisinformation
is updatedevery 15 minutes. Using that interface,we monitoredthis clusterduring the first twenty
daysof February/20020n eachmeasurementye sampledhe setof 3008 processoro estimatethe
fraction of processorsot usedby the currentjobs. We usedthe samesamplingparameterssin the
NCSASs IA-32 cluster(confidenceof 90% andaccurag of 8%). However, dueto the larger interval
betweemtmeasurementsye adopteda differentmethodto determinethe samplesize. First, we took
a sampleconsistingof ten randomprocessorsand then usedthe fraction of free processorsn that
pre-sampléo find thefinal samplesizeprescribedy Formula5.

Figure5 shaws theresultsfrom our estimation.Amongthe total 1920measurementgur estima-
tion waswithin therequired8% accurag 1747times,correspondingo an estimationsuccessateof
91%. The selectedsamplesizevariedfrom a minimum of 10 processor$o a maximumof 103 pro-
cessorsthe averagesamplesizeobtainedwas46 processorsor 1.5%of themachinesize. Hence we
still track the machines utilization quite well with a costof only 1.5% of an exhaustve monitoring
schemeThis exampleshawvs thatadministrator®f this systemcouldtake a similar approacho obtain
otherkinds of collective informationaboutthe processorge.g. processotoad, faultsdetectedgtc.)
with acostthatis morethan60 timeslower thanthe costof regularmonitoring.

4TheURL is http://hpcf.nersc.ga/cgi-bin/gstat/llgseabog but thatpageis protectedoy username/passwd.
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3.4 Simulation of Future Systems

To assesshe effectivenessof samplingon future systemswe simulateda systemcontaining50,000
processorsin our simulationschemejobs are randomlycreatedand belongto one of two classes,
smallandlarge, accordingto their expecteddurationand numberof processors We simulatedthis
machinerunningfor 1000cycles,anda total of 122,127jobswere executed. The averageprocessor
loadwas75.5%,which is compatiblewith theloadobseredin real productionsystemg3].

Usingthe simulationdata,we conductedseveral samplingexperimentsvherewe variedthe sam-
pling specificationsFor agivenconfidence/accurgcombinationwe sampledheprocessorsneach
cycleusingafixedsamplesize,andestimatedhefractionof freeprocessorsTable2 shavsthesample
sizeusedfor eachexperiment,asprescribedy Formula5 when P = 0.5, andthe resultingsuccess
ratesfrom the estimations.

We cannoteseveralfactsin Table2. First,thesuccessatein the estimatiorwasalwaysbetterthan
thedesignedonfidencethiswasdueto theuseof afixedsamplesizefor eachexperiment.Secondfor
a givenaccuray, increasingconfidencdevels demandedarger samplesizes,but provided,in return,
bettersuccessates,asexpected.Finally, onecanseethatour samplingwasvery effective: a sample
with 106 processorg0.2% of the machinesize)achie/ed the estimationaccurag of 8% in 0.9500f
thecycles;ourlargestsamplewith 1778processor§3.6%of themachinesize),reachedanestimation
accurag of 3%in 0.9980f thecycles.

The numbersn Table2 confirm both the expectediradeof betweensamplingcostandaccurag,
andthe effectivenessof the samplingtechnique. We can monitor an extremely small subsetof the
processorand still achieve specifiedlevels of accurag and confidencein the estimationof global
systemstate. This monitoring costeconomy with the correspondingeductionof a few ordersof
magnitudein the time requiredto derive global systemfigures,may enablethe utilization of system
controlalgorithmsthatwould beimpracticalundertraditionalmonitoringschemes.

4 Application to Network Connectiity Assessment

Anotherfield wheresamplingcanbe extremelyusefulis the analysisof wide-areanetworks,compris-
ing thousand®f geographicallydistributedsites.We canapply samplingto estimateboththefraction
of sitescurrentlyreachabldrom a network point, andthe meanlateny obseredfrom thatpoint.
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4.1 Network Reachability Estimation

Given a collectionof interconnectedites,with oneof themasa sourcesite, one may be interested
in determininghow mary of the remainingsitesarereachableat a certainmoment. Somesitesmay
be down or unreachableueto routing problems.To provide an experimentalbasisfor our tests,we
consideredhelist of Internetsitesassembledby the InternetMappingProject[2]. Thislist comprises
126,930IP addressesf whatthe projectdevelopersclaim to be “registeredinternetentities”. Each
addressnay correspondo a machinearouter or ary device thatrepresents certainsub-netvork.
Taking that list of sitesasour universe,we conductedexperimentsto determinethe fraction of
sitesthat werereachabldrom a specificmachineat Urbana/lllinois. By “reachable”we considera
sitethatrespondgo a ping request.Initially, we madeonerequesto every sitein thelist, andstored
the obtainedresults.On suchexhaustve sequencef accesses2,920sitesrespondedo therequest,
correspondingo 65.3%o0f thetotal sites.Next, we conductedwo experimentdo estimatehefraction
of reachablesitesunderdistinctsamplingspecificationstepeatinghe samplingprocessL000timesin
eachcase Figure6 shavs theestimatiorresults with dottedhorizontallinesindicatingtheunderlying
accurayg specificationsThe numbersof successfuestimationsvere918and962, respecirely; thus,
thecorrespondingonfidencdevelsfrom our design(90% and95%)wereachiezedin bothcases.

4.2 Network Latency Estimation

Another useful metric in network ervironmentsis the lateny betweensites. Marny of the current
efforts to develop Grid applicationservision usinglateny andbandwidthnumberdo selectexecution
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resources.Someserviceg13] provide this informationin real-time,but only acrosdimited setsof
sites. Hence,an efficient mechanisno derive thesefiguresfor a large environmentwould be useful.
In ourtests|ateny is definedasthe meanresponsdime for pacletsreturnedrom the ping requests.

For the exhaustve sequencef requestshatwe hadconductedefore,andconsideringonly those
sitesthat respondedo a requestwe obsered a meanlateny of 143.3ms. Next, we conducteda
samplingexperimentto estimatethe meanaccesdateny to thoserespondingsites. We imposedan
accuray d = S/8, sothatit wasnotnecessaryo know S to determinethe samplesizein Formula2.
Selectinga confidenceof 95%, with our populationof 82,920sites,resultsin a minimumsamplesize
of 246 sites. Usingthis samplesizeon repeatedsamplingtrials, we obtainedthe lateny estimateof
Figure7(a). Theseestimatesverewithin the selectedaccurag 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 paclets even from
the most network-distantsites. Measurementsvith the subsetof 246 siteswill completein nearly
12 minutes,whereasan exhaustve measurementith all 82,920siteswould require69 hours. It is
clearlyimpracticalto conductthis exhaustve procedureon aregularbasis.

4.3 Cost-ConstrainedSampling

Theremay be situationswherethe samplingprocesshasconstraintsotherthan just confidenceand
accurag. Assumingthe wait of 3 secondger ping requestanda samplesize of 246 sitesasin the
previoussubsectionalateny estimatiormeasurememouldrequirenearlyl12 minutes.Thisduration
might be excessiely large in somecases.We mustthenview the samplingdesignfrom a different
angle:giventhe maximumsamplingcostthatcanbetoleratedfind the correspondingonfidenceand
accurayg thatonecanexpectfrom sampling.

Supposinghatwe hadat most6 minutesto conducta completeexperiment,we would belimited
to accessingdl20 sites. If at leasthalf of suchsitesrespondedo the requestswe might designour
experimentwith aneffective samplesetof 60 sites.Accordingto Formula2, this reducedsamplesize
would correspondo lower confidenceor worseaccurag. We took the responsefrom our exhaustve
accesdo all sitesand conductedan experimentwherewe repeatedlysampled60 of the responding
sites. Underthe sameconfidenceof 95% asbefore,this new samplesize representsn accurag of
S/3.95. Figure7(b) presentsheresultsof this experimentwhereour estimatesichieredtherequired
accurag in 952 outof 1000trials.

The effectivenessand tradeofs involved in a samplingschemeshouldnow be clear While a
decreasean the samplesize resultsin more estimationvariability, as one canverify by comparing
Figures7(a) and 7(b), the expectedconfidencein the estimationwas always achiered. Even with
a small samplesize, one can still obtain a good approximationon the statusof accessibilityto a
large network. Furthermoreby usingsamplingtechniquesthis approximatioris achiezedin minutes,
insteadof dayslike requiredby afull precisionmeasurement.

5 RelatedWork

Most applicationsof statisticalsamplingin the past [1, 10, 14] have beenin the context of humanor
animalpopulationsuneys. Statisticalsamplingwasalsoappliedin [8] to estimatesoftwarereliability.
That study combinedoperationaltestingand samplingtechniquesn orderto reducethe numberof
programexecutionsthatmustbe checled manuallyfor conformanceo requirements.

In computersystems,applicationsof samplingtechniquesusually focus on fault detectionand
testingissuegelatedto hardwaredesign.In [7], suchtechniquesvereusedto generatea subsebf the
possibledesignerrorsor testpatternghat onemustconsiderwhenverifying a new hardwaredesign.
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Figure7: Estimationof meannetwork lateng from machineat Urbana/lllinois.

[5] appliedstatisticalsamplingto estimatepower demandsn circuits,andcomparedhe resultsfrom
stratifiedsamplingto thosefrom simplerandomsamplingexperiments.

In the areaof performanceanalysis,statisticalclustering[9] and projectionpursuit [12] have
provedto be efficient techniquedo handlelarge amountsof performancedata. Clusteringcanreduce
the numberof processorso be monitored,andprojectionpursuitcanreducethe numberof captured
metrics. Thesetechniqueshowever, requireperiodicanalysisof datafrom all processorandall avail-
able metrics. Statisticalsamplingcould complementhosecapabilities,by allowing the analysisto
focuson subset®f processorsr metrics,thusbecomingmorecosteffective in large systems.

6 Conclusionand Futur e Work

We have presented nev methodologyto monitor large systemspasedon statisticalsamplingtech-
niques.Our experimentsdemonstratethe effectivenesof thesetechniquedo estimatehefractionof
availableprocessori parallelmachinesthefraction of network sitesreachabldrom a certainpoint,
andthemeanlateny expectedirom thatpointto therestof the network. In all thoseexperimentsthe
confidenceandaccurag specificationsverefully achiered by obsereddata.

Our resultsshav that we canreliably estimatethe stateof a large systemwith a costthatis a
smallfraction of the costrequiredby traditionalmonitoringschemes Our variousexperimentsalso
confirmthatthe relative reductionin measurementostimprovesassystemsizesincrease.This cost
reduction,in turn, canenablemeasurementthat would be completelyimpracticalby regularmeans.
It canalsoenablethe useof more powerful algorithmsfor systemmanagemenand for optimized
resourceutilization.

We are working to expandthe applicability of this techniquein several directions. On parallel
systemsyve arestudyingthefeasibility of othersamplingschemessuchasstratifiedsampling,which
could improve accurag or decreasesamplingcostfor someheterogeneousrvironments,like the
Origin2000array We arealsoinvestigatinga couplingto time-seriesanalysis[11], asan attemptto
improve estimationbasedon pastobsered behaior. Anothercurrenteffort is to applythistechnique
to improve instrumentatiorefficiency; onecouldactivateinstrumentationn a subsebf theprocessors
runninganapplicationandstill capturesufiicient datato understanépplicationperformance.

In network ervironments,we aretrying to combineandcorrelatesampleddatacollectedat more
thanonesite, asa way to improve our assessmerdf global network state. In thatdirection,another

11



goalis to find the convenientnumberand location of collectionsites. We are confidentthat these
efforts will be essentiafor the efficient useof the Grid asa computingplatform. We believe thata
statisticalapproachs oneof the mosteffective waysto manageselectandmonitor Grid resources.
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