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Abstract

ComputationalGrids are becomingan increasinglyim-
portant and powerful platform for the executionof large-
scale resouce-intensivapplications.However, it remains
achallengefor applicationsto tap into thepotentialof Grid
resoucesin orderto achieveperformanceln thispaperwe
illustrate howwork queueapplicationscan leverage Grids
to achieve performancehroughcoallocation. We describe
our experienceslevelopinga schedulingstrategy for a pro-
ductiontomagraphyapplicationtargetedto Grids that con-
tain bothworkstationsand parallel supecomputes.

Our strategy usesdynamicinformation exported by a
supecomputers batch schedulerto simultaneouslysded-
ule taskson workstationsand immediatelyavailablesuper
computernodes. This strategy is of great practical inter-
estbecausat combinesesoucesavailableto the typical
reseach lab: time-shaed workstationsand CPU time in
remotespace-shard supecomputes. We showthat this
strategyimprovestheperformancef thetomagraphyappli-
cationcompaedto traditional schedulingstrategies,which
targetthe applicationto eithertypeof resoucealone
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1. Introduction

The aggreyationof heterogenousesourcesnto a Com-
putationalGrid [9] providesa powerful platformfor the ex-
ecutionof large-scaleesource-intense applications.The
simultaneoususe of heterogeneougesourcescan greatly
improvetheperformancef mary applicationsandpermits
researchers$o run applicationsat the very large problem
sizescritical to the discovery of new results. Althoughwe
aregainingconsiderablexperiencen the developmentof
infrastructureswhich integrate distributed, heterogeneous
resourceswe have lessexperiencedevelopingapplications
which canleveragethe distributedresource®f the Grid to
improve performance.

Oneapplicationwhich hasprofitedfrom leveragingthe
processingpower of the ComputationalGrid is the Paral-
lel Tomography(GTOMO) applicationbeingusedin pro-
ductionatthe NationalCenterfor Microscopy andimaging
ResearctiNCMIR). GTOMO is anembarrassingly-parallel
applicationimplementedwith a work queue scheduling
stratgy. It usesGlobus[10] servicego performa 3-D re-
constructiorfrom a seriesof imagesproducedy NCMIR’s
electronmicroscope. As is the casewith mary laborato-
ries,NCMIR ownsalimited numberof workstationgwhich
areusedasdesktopmachinesandasa platformfor parallel
processingandhasaccesdo supercomputetime. In this
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paper we describea coallocationstrategy for using both
supecomputes and interactiveworkstationclustes to im-
provetheexecutionperformancef GTOMOwithinthecon-
text of a typical lab ervironment.

The scheduling stratggy for GTOMO works at the
application-leel to targettheapplicationto bothinteractive
workstationclustersand supercomputersin aninteractve
workstationcluster typically a time-shaed computational
platform, jobs begin executionimmediatelybut sharethe
CPUandnetwork with othercompetingprocessesln con-
trast,job submissionso asupercomputetypically aspace-
shaed computationaplatform, mustwait in a batchqueue
until the desirednumberof the machines processorde-
comeavailablefor dedicateduse. The time anapplication
spendswaiting in the queueimpactsits turnaround time,
thetime elapsedrom the submissiorof the applicationby
the useruntil all of the resultsare available. Becausethe
gueuewait time canbe quite lengthy[20], anapplications
turnaroundime canberelatively largecomparedo its exe-
cutiontime ! Furthermorethequeuewaittimesmalkeit dif-
ficult to usesupercomputerandworkstationsconcurrently
a stratgy that could increasethe processingpower avail-
ableto an application. Our strateyy avoids unpredictable
gueuetime delaysby adaptvely submittingrequestgo the
supercomputethatcanstartrunningimmediately

Theadaptvescheduledevelopedior GTOMO s framed
asanAppLeS[2]. An AppLeSapplicationscheduletinte-
grateswith thetargetapplicationto develop a schedulédor
deploying the applicationin a shared,dynamicGrid ervi-
ronmen{3, 23, 22]. Theschedulemakespredictionsof the
performancethe applicationmay experienceon prospec-
tive resourcesat executiontime. Using thesepredictions,
a potentially performance-dicient schedulefor the appli-
cationis identified and deployed. We developeda simple
andeffective coallocatiorstratgy for the GTOMO AppLeS
whichtamgetsbothsupercomputerandinteractve worksta-
tions. Our experimentsshav that the GTOMO AppLeS
coallocationstrategyy improvesthe turnaroundtime of the
applicationover strategjies which target either interactve
workstationsaloneor a parallel supercomputealone. We
believethatthe GTOMO AppLeScoallocationstrateyy will
be effective for otherwork queueapplicationsaswell.

The next section provides a brief description of
GTOMO. Section3 describeour coallocationstrateyy for
schedulingGTOMO over workstationsand supercomput-
ers.Sectiond presentsheresultsof comparingour stratey
againstother schedulingalternatves. Section5 discusses
relatedwork. Section6 concludeghe paperanddiscusses
futurework.

1In practice queuetimesmay rangefrom secondso days.

2. GTOMO Structure

Tomographyallows for the reconstructionof the 3-D
structureof an objectbasedon 2-D projectionsthroughit
takenatdifferentangles.Electronmicroscoyy is aclassical
usefor tomography Biological specimensn the cellular
and sub-cellularlevel are viewed with an electronmicro-
scopeandtheir imagesarerecordedat a numberof differ-
entangles. Theseémagesarethenalignedandreconstructed
into 3-D volumesusinganalyticanditerative tomographic
technique$18].

Reconstructing typically sizedvolumeusinga simple
algorithm (filtered back-projectioncurrently takes several
hourson a workstation.NCMIR researcherbave beenin-
terestedn increasingthe computationspeedof the recon-
struction for two reasons. First, they want to make use
of more elaborate¢omographicalgorithms,which produce
morerefined3-D volumes.Thesealgorithmsaremorecom-
putationally intensve than the algorithmscurrently used.
SecondNCMIR is interestedn on-linetomographywhere
thevolumeis renderedvhile the biologistis still collecting
dataon the microscope This providesimmediatefeedback
aboutthe specimerbeingviewed andthusmay promptthe
researcheto changdheexperimentasawhole,or justsome
parametersf it (e.g.,orientationand/ornumberof projec-
tions). For this to be useful,a roughreconstructiorwould
have to finish in 5 to 10 minutes. No single processorcan
achievethis presentlywhichled the NCMIR researcherto
exploreparallelism.

The tomographyapplicationis highly amenablgo par
allelism. Becausespecimensreonly rotatedaboutasingle
axisasimagesareacquired for ary slice orthogonalo the
axisof rotation,all informationfor thatslicefalls ontoasin-
gleline on eachof the projectiongseeFigurel). Moreim-
portantly any suchslicecanbereconstructethdependently
of projectioninformationfor the restof the volume. This
malkes the reconstructionrembarrassinglyarallel. There-
fore, the the tomographicreconstructioncan naturally be
implementedasa work queue In our implementationwe
useGlobus servicesto supportefficient applicationexecu-
tion within aheterogeneouslistributedernvironment.

The structureof GTOMO is depictedin Figure2. There
are four types of application processes:driver, reader
writer, and ptoma The driver controlsthe work queue:
it assignsone work unit or slice to a free ptomo until no
moreslicesremain. The driver is invoked by the userand
startsup the otherprocessesThereaderandwriter arel/O
processesndhencehave directaccesgo the userfile sys-
tem. Thereadereadsnputfiles off thediskandsendghem
to the ptomosfor processing. The writer receves output
files from ptomosand writes themto disk. Note that the
readerand writer enableGTOMO to run acrossdifferent
file systemdomains.The ptomorecevesinputfiles from a



Figure 1. Projection geometry relating to a single-axis tilting experiment (from [12])

reader doesall the computationalwork, and sendsoutput
to awriter. In this study we useonereadeyonewriter, and
ary numberof ptomos.Dueto the multi-threadechatureof
Globus’ Nexuscommunicationdibrary, onereadercanser
vice I/0 requestdor mary ptomossimultaneouslyandthe
sameappliesto thewriter.

3. Scheduling GTOMO

Generallyspeakingthe setof potentialresourceswvail-
ableto GTOMO consistof workstationaws , ..., w,, andsu-
percomputerss, ..., s,. A requestto run a processp on
workstationw causesp to startimmediately but p time-
sharesw with other processes.To usea supercomputer
s, onehasto specifyhow mary processors will execute
copiesof p andfor how long t. Then copiesof p do not
necessarilstartimmediately;they might wait in the queue
for anindeterminateamountof time until n nodesbecome
availablefor ¢ secondsHowever, supercomputeprocesses
run over dedicatedesource®ncethey areacquired.

Schedulinga GTOMO job consistsof (i) choosingthe
requestdo sendto both supercomputerandworkstations,
and(ii) assigningwork for the ptomos.For (ii), we usethe
work queuestratgyy shavn in Figure2 thatassignsvork on
demand.For thefirst, we have to determineperformance-
efficientvaluesof n andt for eachavailablesupercomputer
s. Our goalis to selectn andt in a way that minimizes
GTOMO's turnaroundtime. Note that difficulty in pre-
dicting supercomputequeuewait timesmale it difficult to

find an optimaln andt [8, 20, 14]. We avoid the queue
time predictionproblemby usingsupercomputemodeghat
are immediately available. Therefore,we minimize the
turnaroundime of GTOMO by schedulingts executionat
onceonworkstationsandary immediatelyavailablesuper
computemodes.

We assuméhatthesupercomputeschedulecanprovide
uswith themaximumvaluesof n andt for which execution
canbegin immediately In our implementationthis infor-
mationis suppliedby the showbf commandprovidedwith
the Maui Schedulef15], a schedulervailablefor the IBM
SP2. The showbf commandreturnsa setof bad«fill win-
dows by, ..., by. Eachb; = (n, t) wheren nodesareavailable
for immediateexecutionfor thenext ¢t seconds.

The GTOMO AppLeSscheduletusesthe following al-
gorithmto scheduleghe ptomos:

for i =1to o
b = showbf (s;);
for j =1to 6
start b;.n ptonos on s; for time b;.t
for i =1to w:
start ptonp on w;

Therefore,if backfill windows are available on ary of the
supercomputerghe job will be coallocatedon thoseidle
supercomputenodesandworkstations.If no backfill win-
dows are returnedby ary of the supercomputersthe job



reader

Figure 2. Application components of GTOMO. Solid lines represent transfer of input and output.

Dotted lines denote contr ol connections

will run only on workstations.The readeris scheduledn
the machinewherethe input datais locatedandthe writer
is scheduledn the machinewherethe outputdatawill be
placed.

Note that the nodesimmediately available in the SP2
maynotbeavailablefor thefull durationof theapplication.
Thereforethe GTOMO AppLeSschedulehasto copewith
ptomo processeshat detachthemselesfrom the applica-
tion beforeexecutionhascompleted We have addeda fault
recovery mechanismto GTOMO, which enableaisto treat
this problemasa ptomofailure. Wheneer a ptomofails,
the slice it was processings returnedto the work queue.
We canusesuchasimpleschemébecaus@rocessingslice
hasno sideeffects. Theadvantageof reducingthis problem
to faultrecoveryis, of coursethatit alsocoversrealfaults.

4. Experimental Results

We denotethe GTOMO AppLeSschedulingstratey as
SP2Immed/WSinceit adaptvely combinesboth the im-
mediatelyavailable SP2nodesand workstations.In order
to ascertainhow this stratgy performs,we comparedit
againsitherpossibleschedulingstratgjies: usingworksta-
tionsonly (W9, usingonly the nodesthatareimmediately

availablein the SP2(SP2Imme} andrequesting predeter

minednumberof nodesn the SP2andprobablywaiting for

themin the queue(SP2Queue WS andSP2Queueespec-
tively arethe standardvaysto usea clusterof workstations
anda parallelsupercomputer

We ranexperimentson a clusterof 7 workstationsavail-
ablein the Parallel Computation_aboratory(PCL) at U.C.
SanDiego andon the SanDiego Supercompute€enters
SP2,0neof the supercomputeravailableto NCMIR scien-
tists. The PCL workstationclusterincludesone 200 MHz
UltraSRARC 2,a110MHz Sparc5, a85MHz Sparcs, and
four 400MHz Pentiumlls. Theworkstationsaareconnected
by amixture of 10 and100Mbit/s ethernesubnetsThe SP
has128thin nodePONER2processorsunningat160MHz
whereprocessopairsareinterconnectetby a 110MB/s bi-
directionalnetwork [21]. Otheruserswere presenton all
resourcesluring the experiments.Our datasetonsistedf
300slices;eachinputslicewas238KB andtheoutputslice
was1l.2MB.

We note that it is problematicto designexperiments
which comparemultiple schedulingstratejies under the
sameload and queueconditionsfor multi-userproduction
ervironments.In suchervironmentstheloadandavailabil-
ity of resourceshangeovertime, soreproducibilityof the



sameambientioad conditionsis generallynotanoption. In
contrastjt is possibleto achieve reproducibilityusingsim-
ulation, but it may be difficult to representdynamicload
variationin complex heterogeneousystemsauthentically

For our experiments,we performedsets of runs of
SP2Immed SP2Immed/WSWS, and SP2Queudack-to-
back? hopingthat experimentswithin the samesetwould
enjoy roughlysimilar load conditions.Moreover, we moni-
toredthe numberof free nodesin the SP2andusedthisin-
formationto discardexecutionsetsn whichthenodesvail-
able to SP2Immed/WSand SP2Immeddiffered by more
thantwo. In this case,we consideredhe load conditions
for stratgiesin the samesetto be different. This wasthe
casein 37 (outof 100)experimentsets.We thereforeended
up with 63 valid experimentsets.

Therearetwo otherdetailsto notein the designof our
experimentsFirst,whenwe useonly theresourcegmmedi-
atelyavailablein the SP2,it mightbethattherearenonodes
availableto executetheapplication.In this casewe did not
run the setof experimentauntil the necessaryesourcede-
cameavailable. This happene® timesout of 63 attempts.
Notice that by excluding this retry time, we presentopti-
mistic turnaroundimesfor the SP2Immednethod.A user
usingthis methodwould have experiencedongerdelays.

Secondwe neededo decideonn andt whenwe used
the SP2in the traditionalway (i.e., SP2Queue) Note that
the determinatiorof the bestn requiresan accuratequeue
time prediction. Sincesuchpredictionsare not available,
we rotatedamongvaluesof n likely to beusedoy GTOMO
users:8, 16, and32 nodes.We thenexecutedbenchmarks
on the SP2to determinethe averageprocessingtime of
oneslice, t,. This enabledusto conseratively determine
t givenn (a consenative estimateis needecbecause job
is killed whenits executionexceeds) usingthefollowing:

f— 9 ty X number of slices

n

The results of the 63 experimental sets are parti-
tioned into three groups using the number of nodesre-
guestedor SP2QueueSP2Queue(8)SP2Queue(16)nd
SP2Queue(32) Figure 3 shaws the resultsof the experi-
mentsetsin which SP2Queu@sed8 nodesFigure4 shavs
theresultsfor 16 nodes,andFigure5 shows theresultsfor
32 nodes. Figures3-5(a) depict the turnaroundtimes of
the different stratgies (WS, SP2Immed/WSSP2Immed,
and SP2Queue).Eachset of barsin the figure depictsa
setof four executions,one undereachof the four strate-
gies. Sinceseveral of the SP2Queudurnaroundtimesdid
notfit onthegraphs,Tablel displaystheturnaroundimes
for the SP2Queueuns. The numberof nodesSP2Immed

2We useda 5 minuteintenal betweenexperimentsto ensurethat the
Maui schedulehadtime to updateits availability information.

and SP2Immed/WSacquiredin eachsetof experimentss
shawvn in Figures3-5(b).

We seethatthe SP2Immed/WStrateyy yieldedthe best
performancen all casesxceptone(Figure4, run 8). Fur
therstudyindicatedcontentioron thereaderandwriter due
to the selectionof too mary ptomos(in this experimentset,
we received the highestnumberof immediatelyavailable
SP2nodes). A future scheduleimprovementwould be to
modelthe contentionandincorporateit into the GTOMO
AppLeS.

We alsoassesshe variability of eachstrategyy usingthe
coeficient of variance,c,, which measureshe amountof
variancerelativeto themean[7]. It is definedasfollows:

_ standard deviation
mean

The SP2Immed/WSstratgy exhibited the lowestc, in all
groupsof experiments. Table 2 shavs the mean, coefi-
cientof variance minimum,andmaximumvaluesfor each
stratgyy in eachgroup of experiments. Table 2(a) shavs
the resultsof the experimentsetswhere SP2Queuaised
8 nodes, Table 2(b) shaws the resultsfor 16 nodes,and
Table 2(c) shaws the resultsfor 32 nodes. As expected,
SP2Queus ¢, is quite large dueto the unpredictablevait
timesin the queue. While its turnaroundtime was some-
timescloseto SP2Immed/W&544sfor SP2Queu®s. 601s
for SP2Immed/W Sor theonetimeit beatSP2Immed/WS),
its worst time was more than two orders of magnitude
greaterthan SP2Immed/W$S(88,323sfor SP2Queuevs.
601sfor SP2Immed/WS)Also, we notethatthe SP2Immed
stratgyy had a high ¢, in the SP2Queue(8jesultsdue to
the variability of numberof nodesacquired. This variabil-
ity wasamortizedn the SP2Immed/WStratgy becausef
therelatively low ¢, of WS.

Cy

5. Related Work

The GTOMO codeis alsousedin the ComputedMicro-
tomography(CMT) Projectat ArgonneNational Labora-
tory (ANL) [26, 27]. In contrastto NCMIR, projections
are collectedfrom a x-ray sourceat the AdvancedPhoton
Source(APS) locatedat ANL. Their work hasfocusedon
on-line tomographywheredatais collectedat APS, trans-
ferredto a 128 node SGI Origin 2000 for processingand
then transferredback to the userfor visualization. Cur-
rently, they areableto deliver a reconstructedmnageto the
userwithin minutesafter dataacquisitionhas completed.
The CMT andNCMIR versionsof GTOMO are currently
being integratedas part of the NPACI TelescienceAlpha
Project[25].

Applicationschedulingor Gridsis arecentandvery ac-
tive area.Existingwork hasfocusedprimarily on resource
discovery and scheduling[4, 17, 10, 28] and coallocation



[ run| 8nodes| 16nodes| 32nodes]
1 685.0235 591.2153| 1293.9811
2 759.2754 581.2684 532.6011
3 698.2693| 20483.5053 536.9106
4 3077.8569 723.0844 541.6972
5 701.3900| 17268.0273 658.2000
6 708.8977| 2097.6415 565.0041
7 691.5886 579.8207| 27480.0918
8 1805.0212 543.7824| 9868.9585
9 6163.5884 581.0620| 2267.3595
10 687.5382 615.1581 614.1135
11 689.0494 793.9383| 17735.0314
12 682.3540| 9193.4053| 39286.8783
13 700.8448 742.4905| 34642.5641
14 | 4625.1468| 2164.4710| 1120.0531
15 | 1260.1495 621.3329| 88322.6571
17 3249.5812 574.9321| 1809.4320
18 710.8228 593.0303 664.4993
19 718.0481| 1203.5411| 6815.6301
20 721.3216 575.2712 607.1331
21 719.9383| 33715.8070| 29675.0315
22 707.4284 580.8794
23 717.6290

Table 1. Turnaround times for SP2Queue

| strateyy | mean| ¢, [ min | max |
SP2Immed 1946.68| 2.10 | 504.81 | 19694.46
SP2Immed/WS| 437.99| 0.17 | 346.71 554.50
WS 775.98| 0.19 | 596.26| 1133.44
SP2Queue 1430.94| 1.05 | 682.35| 6163.59
(a) SP2Queue(8)esults
| stratgy | mean| ¢ | min ] max |
SP2Immed 660.58 | 0.28 | 502.75| 1105.61
SP2Immed/WS| 402.31| 0.17 | 342.03 600.98
WS 777.53| 0.19 | 588.76| 1127.03
SP2Queue 4515.41| 1.94 | 543.78 | 33715.81
(b) SP2Queue(16esults
| stratgy | mean| ¢, | min ] max |
SP2Immed 659.30| 0.33 | 500.24| 1262.72
SP2Immed/WS| 397.37| 0.12 | 342.70 519.13
WS 789.69| 0.20 | 587.68| 1128.41
SP2Queue 13251.89| 1.66 | 532.60 | 88322.66
(c) SP2Queue(32esults

Table 2. Summary results of experiments



SP2Queue(8) results
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Figure 3. Experiment results when 8 nodes were requested for SP2Queue. (a) Turnaround time.
(SP2Immed values too large to fit on graph: run 14 -5067s, run 21 - 19694s) (b) Number of SP2 nodes
used by SP2Immed/WS and SP2Immed.



SP2Queue(16) results
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Figure 4. Experiment results when 16 nodes were requested for SP2Queue. (a) Turnaround time. (b)
Number of SP2 nodes used by SP2Immed/WS and SP2Immed.



SP2Queue(32) results
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Figure 5. Experiment results when 32 nodes were requested for SP2Queue. (a) Turnaround time. (b)
Number of SP2 nodes used by SP2Immed/WS and SP2Immed.



amongworkstationg3, 1, 19, 22, 23, 9]. Thework reported
hereinextendsthe targetdomainfor GTOMO by targeting
both parallel supercomputerand interactive resourcesi-
multaneously

6. Discussion and Conclusions

In thiswork, we shov haw to combineworkstationsand
supercomputert run GTOMO, a work queueapplication
usedin productionat NCMIR. Our solutionautomatically
selectsall resourcesmmediatelyavailable acrossthe sys-
tem. We leveragethe Maui Schedulerto obtaininforma-
tion onimmediatelyavailable SP2nodes.This strategy has
the advantageof not requiring predictionsof how long re-
guestswait in the supercomputequeue.Our experimental
resultsshav thatthe GTOMO AppLeSschedulingstrateyy
consistentlyoutperformsthree other stratgiesthat can be
usedfor schedulingin antypical laboratorysettingwhere
researchertiave accesdo a local clusterof workstations
andsupercomputeiime.

We have learnecthreeinterestingessonsaboutCompu-
tationalGridsin generalasaresultof this effort. First, the
interfaceexportedby the resourceschedulethasgreatim-
pacton applicationschedulers.n fact, we canimplement
our stratgy in a very straightforvard mannerthanksto the
Maui Scheduless showbf command. On the other hand,
the Maui Scheduler(as with other supercomputesched-
ulers, for that matter)precludedus from trying something
moresophisticatediueto the difficulty in predictingqueue
timesfor supercomputerequests. Emewging efforts such
as$?® [6], GARA [11], andmoregenerallythe Grid Forum
SchedulingNorking Group[13] areworkingto changehis.

Second,evaluating solutionsfor real applicationsrun-
ning over productionenvironmentshasprovento be diffi-
cult dueto theimpossibility of reproducinghe systenload
andqueueconditionsfor comparisorruns. Othershave en-
counteredhe sameproblem.Indeed,a simulationernviron-
mentspecificallytargetedtoward Grids suchasthe Bricks
project [24], the MicroGrid [16], or the work described
in [5] would bevery useful.

Third, faulttolerances likely to beevenmoreimportant
in Grid computingthanit is in parallelcomputing.For our
solutionin particular fault recorery was a naturalway to
dealwith the time expiration of SP2requests.In general,
using autonomousand distributed resourcesncreaseghe
chancehatsomecomponentf theapplicationwill fail.

The GTOMO AppLeSschedulehasbeenincorporated
with the productionversionof GTOMO at NCMIR andis
useddaily beresearchersCurrentwork involvesextending
theapplicabilityof thescheduleto additionalresourceand
differentscenario®f theapplication.
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