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Abstract

Malleable jobs are parallel programs that can
change the numberof processas on which they are exe-

cutingat run timein responseo an externalcommand.

Oneof the advantayesof suc jobsis that a job sched-
uler for malleablejobscanprovideimprovedsystenuti-
lization and average responsédime over a schedulerfor
traditional jobs. In this paper we presenta program-
ming systemfor creating malleablejobs that is more
geneal than other current malleablesystems.In par-
ticular, it is not limited to the masterworker paradigm
or the Fortran SPMDprogrammingmodel,but canalso
support generl purposeparallel programs including
thosewritten in MPI and Charm++, and has built-in
migration andload-balancingamongotherfeatues.

1. Intr oduction

Current multiprogrammedparallel systemsaim at
maximizingthroughputand minimizing idle time. Un-
derspace-sharingchedulingpoliciesincomingjobsare
assignedo a subsebf processorsTherigid andinflex-
ible natureof thejobscangreatlyreducethethroughput
of the parallel system. For examplea parallel system
with 100 processorsunning a single 64 processoifob
must make a new job that requires40 processorsvait
for the completionof thefirst job. This wastagecanbe
avoidedif othersmallerjobs are readyto be executed
[18]. But this may not always be the case,leadingto
undetutilization of the system.Malleablejobs provide
anexcellentsolutionto this problem.

A usefulclassificatiorof paralleljobsfrom theview-
pointof schedulings providedin [6]. Thepaperdivides
paralleljobsinto four classegi) Rigid, (i) Moldable(iii)
Evolving and(iv) Malleable Rigidjobsrequireafixed
numberof processorand cannotexecuteon fewer or
moreprocessorsMoldablejobsareflexible in the num-
ber of processorat the time the job starts,but cannot

be reconfiguredduring execution. Both Evolving and
Malleablejobscanchangetheir processorequirements
during execution. For evolving jobs[8, 7, 23] changes
are applicationinitiated. If the systemcannotsatisfy
the job’s demand,the job cannotproceed. For mal-
leablejobs, the decisionto changethe numberof pro-
cessorgs madeby an externaljob scheduler The dis-
tinction betweenevolving and malleablejobs is fuzzy.
For example,in [8] theevolving job framewnork supports
speciaperformancenonitoringinfrastructuravhichen-
ablesprogramsto decidewhenthey shouldchangethe
numberof processorghey are running on. Although
thereis no external schedulerjobs reactto the system
load. Thereforewe usetheterm AdaptiveJobto denote
jobsthataremalleableand/orevolving.

This paperpresentsa frameavork that supportsadap-
tive jobs. Both traditionaladaptve MPI programsand
adaptve programswrittenin Charm++11, 14], aparal-
lel objectlanguagehave beenimplemented This paper
alsopresentan Adaptive JobSchedulewhichmanages
theseadaptve jobs so asto maximizethe utilization of
the systemand also improve the responsdime of the
jobs. In the above example,our systemwould enable
job B to be startedafter job A hasbeenshrunkto 60
processordncreasingutilization of the system.

Figure 1 shavs the systemcomponents: (1) the
Sdeduler (2) the parallel job runtime support(RTS)
which enablesadaptve migration, and (3) the job-
submissiorclient that remotelysubmitsjobs and mon-
itors them. The scheduler(one per workstationclus-
ter or parallelmachine)runs asa sener listeningon a
well-known port. A client connectsto it and requests
executionof a job. After somenegotiation, the sched-
uler might acceptthe job, which it startson the cluster
and managessia a network connection. Processogas-
signmentis communicatedy the scheduleto the RTS
componenbf eachjob.

With the trend towards supercomputerdecoming
centersthat dispersecomputepower for profit, adap-
tive jobs and schedulerould play an importantrole.
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Figure 1. System Components.

In this scenario,userssubmit jobs from their desktop
computerstypically via web browsers.Userswill have
certainquality-of-servicerequirementssuchasthe to-
tal memoryrequirementanddeadlines.The Computa-
tional Grid will run the job on someavailable parallel
computey uploadfiles to it, anddownloadresultsback
to the desktopwhennecessaryThe parallelcomputers
themseleswill be run asfor-profit centerswhich will
chage for the computepower usedby applicationsin
somefashiont

The restof this paperis organizedasfollows. The
next sectiondescribegelatedwork in developingmal-
leablejobs. Section3 describeshe adaptve runtime
systemthat can redistrikute work (MPI threadsor ob-
jects)to a given setof processor®n demandandalso
presentsneasurementsf the overheacandinterference
of adaptve jobs. Section4 presentsan Adaptive Job
Schedulerthat shrinks and expandsrunning adaptve
jobsto ensurehigh utilization. Thesectionalsopresents
performanceesultsof our scheduletthat shov anim-
proved averageresponsetime and systemutilization.
We then presentsomeideasfor future work and con-
cludein Sectionb.

2. RelatedWork

Malleable and evolving jobs have beenextensively
studiedby theschedulingandload-balancingommuni-
ties. Several adaptie systemshave beenimplemented,

10necanthenimaginethatfundingagenciesuchasNSFwill pay
thecentersndirectly, by fundingapplicationscientistdor thecompute
power they planto use. This may bring aboutadditionalefficiencies
in private managemenf suchcenters.

mary of which areprototypesdevelopedfor experimen-
tal purposes.Most suchsystemsbelongto one of the
following categories:

1. Masterslave programmingnodel(alsocalledtask-
gueue, mastesworker) in which the granularity
at which reconfigurationtakes placeis a task or
thread.[24, 23, 9]

2. Shared-memorynodel in which automaticcom-
piler loop-level parallelismis exploited[8, 7]. The
granularity of work distribution is a set of itera-
tions.

3. Fortran SPMD data-partitioningstyle of program-
ming, wherethe datais partitionedacrosshe pro-
cessorsand a reconfigurationinvolvesthe global
redistritution of data.[17, 5]

We believe that theseprogrammingmodelsare un-
necessarilyestrictve, especiallyfor dynamic,irregular
applicationsandforcethe programmeto usea specific
programmingmodel.

SomeotherrelatedsystemsareDome[19] andCon-
dor [16]. Dome[19] is an objectorienteddistributed
frameawvork whereapplicationsareload-balancedy mi-
gratingparts(i.e. datamemberspf objectshetweerpro-
cessorsn orderto improve the overall executiontime.
A class-specifidoad balancerhasto be implemented
for eachclass.Condor[16] supportsuntimemigration
of a processfrom one workstationto anotherthrough
checkpointing. This systemonly migratessequential
programsexecutingon oneprocessarCARMI [23], ref-
erencedabove in the masterslave model, is basedon
Condor

Ouradaptve systemwhichis basedntheCharm++
runtime system,allows the userto selecttheir desired
programmingnodel,evento theextentof implementing
differentpartsof their programin differentmodels.We
provide the MPI model (without requiring the master
slave style), and we also provide the object-oriented,
message-dvien model of the Charm++ programming
language. The systemis extendableand more models
canbe added. In both models,MPI and Charm++,the
granularityof ataskcanbevery small. The systemhan-
dlesthe mappingof work to processorsmeasurement-
basedoad-balancingand migration of objects/threads.
Theruntimesystemalsoresponddo schedulerequests
for dynamicre-sizingin atransparenmanner

Much work has beendone on schedulingadaptve
jobs. In generalschedulerdor adaptve jobs perform
betterthanthosefor rigid jobs[24, 15, 21, 10, 20, 8, 7].
Variouscriteria have beenusedto comparescheduling
algorithms,including systemutilization, meanresponse
time, meetingreal-timedeadlinesetc. (As anaside,|it is



interestingo notethatbackfilling [18] becomegessrel-

evantfor adaptve jobs,sincetheexisting jobscaneither
expandto occupy holes,or permita new job to occupy

the hole and expandlater) Although mary interesting
schedulingalgorithmsarepresentedthe performancef

eachseemgo dependntheworkload(sizeof programs
in time and space),systemload, and reconfiguration
overheadd9, 3]. We concludethat dynamicequipar

titioning [21, 3] is areasonablyoodalgorithm,andwe

currently use a variant of equipartitioningto schedule
adaptve jobsfor our system.

3. Adaptive Jobs

An adaptvejobis aparallelprogranthatcandynam-
ically (i.e. atrun-time)shrink or expandthe numberof
processorst is runningon, in responsdo an external
commandor aninternalevent. The numberof proces-
sorscanvary within the boundsspecifiedwhenthe job
is started. Typically, the userwill specify the bounds
taking into consideratiormemoryusageand efficiency
of thejob on agivennumberof processors.

3.1 MPI Adaptive Jobs

Traditional MPI jobs, using a corventional imple-
mentationof MPI, are incapableof adaptve behaior.
We usean adaptve implementatiorof MPI (AMPI [1])
to dynamically changethe set of processordeing ac-
tively usedby a job. To use AMPI, a Fortran 90 MPI
programdoesnot needto be changedatall. It is prepro-
cessedyy a sourceto sourcetranslatorandlinked with
the AMPI library, insteadof the usualMPI library. C
basedVPI programshave to be modified, but the mod-
ification is simpleandmechanical All globalvariables
mustbe encapsulateéh a dynamicallyallocatedstruc-
ture. This is necessanpecauseAMPI allows multiple
virtual processeper processqgrand eachprocessmust
have its global variablesseparatdrom the others. For
Fortran90,our preprocessomakesthe necessaryrans-
formation. Similar translationcan also be donefor C
programs,with additional compilerpreprocessosup-
port.

AMPI [1] programsconsistof alarge numberof vir-
tual (or logical) MPI processesimplementedas user
level threads. The numberof suchthreadsis typically
much larger thanthe numberof processors.User pro-
gramsarenot awareof the physicalprocessopn which
eachthreadis runningandcommunicatausingthe rank
of thecorrespondindvPI virtual processonly. This vir-
tualization provides the systemthe ability to dynami-
cally adaptits behaior.

In additionto AMPI, adaptve jobsmayalsobe writ-
tenusingCharm++,a parallelC++ systemthatsupports
virtualizationanddatadrivenobjects[12].

3.2 The Runtime System

Adaptive programs(both AMPI and Charm++)are
implementecbn top of the Charm++[13] runtime sys-
tem. Charm++ provides a sophisticatedoad balanc-
ing framewnork. The load balancingframenork keeps
track of the load presentedy eachthreadand object,
andwhentriggeredby eitheraninternalor externaltrig-
ger, redistritutesthe threadsand objectsto balancethe
load. AMPI usesa sophisticatedchemeto permit mi-
gration of userlevel threads,asdescribedn [1]. The
load balancingframework also supportsplugin strate-
giesthattake relative processoperformanceandback-
groundloadinto account.Somoreloadwill beallocated
to fasterprocessorsand/or processorswith low back-
groundload.

We modifiedthis frameawork sothatit acceptsa pro-
cessormap and allocateswork to only the processors
enabledn the processomap. The currentimplementa-
tion usesa centralizedoadbalancerandloadbalancing
is doneon ‘processol0’ by default. If ‘processor0’ is
not setin the processomap the first processotin the
processomapbecomeshenew loadbalancer

Whenanew paralleljob is createdit is startedon all
theprocessori thesystenbut loadis only allocatedo
theprocessorgnabledn theprocessomap(if thenum-
ber of processorsés large, the job could be startedon a
partitionbut theexpansiorof thejob would berestricted
to thatpartition). Therun-timesystemmapsthethreads
andobjectsto physicalprocessorsinderthe controlof a
loadbalancer

Whentheprocessomapis changeceitherby theap-
plication or by an external job schedulerthe load bal-
ancingframework triggersa thread-migratiorphaseto
move the threadsout from the vacatedprocessors.A
skeletonprocesss left behindon eachvacatedproces-
sor to forward messagemeantfor objects/threadthat
werepreviously housednthatprocessarTheoverhead
of this procesds very small and consistsof a transient
periodof forwardingmessagesndperiodic(but nomi-
nal) participationin globaloperationsuchasreductions
andloadbalancing.The above featuresof theload bal-
ancingframework enablesvolving programdo beeasily
written.

We use the Corverse[1l3 client-sener interface,
which allows an externalclient to inject a messagénto
a running parallel applicationover the network, to in-
form theload balancemodulewhenthe processomap
changesThenew processomapis sentto theloadbal-



ancingframawvork by the Adaptive Job Scheduler As
in the caseof evolving jobstheloadbalancettriggersa
thread-migratiorphasgo move thethreadoutfrom the
vacatedorocessorandleavesa skeletonprocessehind
onthevacatedprocessors.

Two questionsnaturally ariseaboutthe overheadof
this method:(1) how quickly canwe shrink (or expand)
a job? and(2) how muchinterferencedo the residual
processesauseo the performancef anothefjob onthe
sameprocessor¥e now presenexperimentatesultsto
guantitatvely answerthesequestions.

3.3. Performance

To testour Adaptive Job system,we conductedser-
eral experimentson the NCSA Platinum Cluster (a
Linux clusterwith 512 dual-processofl Ghz Pentium
Il nodesconnectedy Myrinet) andthe PSCTCSclus-
ter (which consistsof 750 quad-processoflphaSener
systemsrunning Tru64 UNIX and connectechy elan).
The benchmarkadaptve job we usedwas a molecu-
lar dynamics(MD) program (a simplified version of
NAMDI[2]). We found that two factors affected the
shrink/expandtime of the adaptve jobs. Thefirst factor
is the migrateddata size which is the amountof mem-
ory perprocessothatneeddo be migratedwhenthejob
shrinksor expandsandthe secondfactoris the number
of processorsillocatedo thejob.

So we performedtwo setsof experimentsin which
we varied one of the abore mentionedtwo parameters
while keepingthe otherfixed. In the first setof exper
imentsthe numberof processorss varied for two mi-
grateddatasizesof 1MB and10MB respectiely (total
memorysizesbeing6MB and60 MB perprocessarthe
additionalmemoryin excessof migrateddatasizewas
usedby the MD programfor messagingindbuffering).
Eachrow in theTablesl, 2, 3, 4 presentdoththeshrink
and expandtimes; e.g. it takes 86 msto shrink a job
from 128to 64 processor®n the platinum clusterand
67.6 msto expandit backto 128 processors.The sec-
ondsetof experiments/ary themigrateddatasizefor 16
and64 processorskigure2 shavstheresults.

As seenin Tablesl, 2, 3, 4 andFigure 2, the adap-
tationtime is small andeasily scalesto 128 processors
with a total migrateddatasize of 1.28 GB (Tables2,
4), thusmakingit feasibleto shrinkandexpandjobs at
eachschedulinglecision(whichtypically occurssereral
minutesapart)?

Whenshrunkthejob leavesaresidualprocesonthe
processorst vacatesasdescribedn Section3.2. Fig-

2\We are not sure aboutthe reasonsfor the irregular patternin
shrink/expandtimes. We think it might have to do with network con-
gestionsincewe did notrunthe systemin dedicatednode.

Processors ShrinkTime (ms) | ExpandTime (ms)
128to0 64 86.0 67.6
641032 74.3 57.3
32t0 16 72.2 50.4

16t08 75.0 54.2
8to4 65.7 49.7

Table 1. MD Program with a 1MB migrated
data size on NCSA Platin um

Processors ShrinkTime (ms) | ExpandTime (ms)
128to0 64 614 502
64t0 32 660 538
321016 696 506
16t08 594 461
8to4 564 489

Table 2. MD Program with a 10MB migrated
data size on NCSA Platin um

Processors ShrinkTime (ms) | ExpandTime (ms)
25610128 253.3 84.4
128to 64 165.1 90

64t0 32 256.4 182.1

321016 375.4 261.7

16to 8 185.4 118.7

Table 3. MD Program with a 1MB migrated
data size on PSC TCS

Processors ShrinkTime (ms) | ExpandTime (ms)
128to0 64 2116 790.2
64t0 32 766.8 874
321016 637 516.2
16to 8 559.6 382

Table 4. MD Program with a 10MB migrated
data size on PSC TCS

#Jobdn thesystem| PerformanceCost
2 1.98%
4 1.43%
8 3.24%

Table 5. Adaptive Job Performance Cost
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ure 3 shaws the load on oneof the processorsfter the
job hasbeenvacatedattime 38. This loadis zeromost
of thetime but hasperiodicpeaksof about2%. Figure5
shaws the throughputof anotheradaptve job running
on 16 processorsfterit hasbeenshrunkto 8 processors
andthenexpandedo 16 processorskigure4 shavs the
utilization of a processoiby two adaptve jobs. When
Job2 arrives, the Adaptive Job Schedulerfirst shrinks
JoblandthenstartsJob2. In this way the shrinking of
Joblis overlappedwith the startup time of Job2and
loadsharingbetweerthejobsis minimized. WhenJob2
finishes,the schedulerasksJobl1to expand. Thus, de-
spitethe presencef Job1s residualprocessJob2gets
mostof the CPU.Apartfrom occupying virtual memory
theimpactof residualprocessess very minor. We plan
to do somework on eliminatingthem.

Table5 shawvsthe performancalrop dueto theinter-
ferenceby otheradaptve jobs. The table presentshe
performancecost of running two 8-processoy four 4-
processorand eight 2-processoradaptie jobs on a 16
processoicluster asa percentincreasen total execu-
tion time, e.g. runningtwo 8-processoladaptve jobs
togethertakes1.98 percentmoretime thanrunningtwo
8-processorigid jobs. As canbe seenin Table5 the
lossof performancas very smallevenfor areasonable
numberof jobspresenin the system.

4. The Adaptive Job Scheduler

To testour Adaptive Job Systemwe developedan
Adaptive Job Scheduler In this paperwe presentre-
sults from our Adaptive Job Schedulerwith a simple
schedulingstrategyy which is a variantof equipartition-
ing [21, 3, 24, 9]. Eachincomingjob specifieghe min-



imum and maximumnumberof processorst canuse.
Whenanew job arrives®, theschedulere-calculateshe
numberof processorallocatedto eachrunningjob. All
jobs,includingthenew one,areallocatedheirminimum
numberof processors.Leftover processorsare shared
equally subjecto eachjob’smaximumprocessousage.
If it is not possibleto allocatethe new job its minimum
numberof processorsit is enqueuedWhena running
job finishes,the schedulerappliesthe above algorithm
to eachjob in the queueagain.

After runningthis algorithmsomejobs might shrink,
somemightexpand,andsomemightremainunchanged.
The resultsare communicatedo the running jobs by
sendingeacha bit-vectorof the processorsvailableto
thejob. Thejobswill thenresizethemseles.

The studyin [3], presentghe performancegainsof
the dynamicequipartitioningstrateyy, with anoverhead
of a5 secondstall for eachreconfiguration.Basedon
the performancealatapresentedn 3.3 our systemcom-
fortably meetsthe 5 secondrequiremenfor mostjobs.
We will alsoshaw in the next sectionthat the simple
schedulingstratgy mentionedabove alsoprovidesim-
proved performanceover traditional First Fit queuing
systemgsuchasDQS[4], PBS[22], etc.) Ourscheduler
infrastructureallows us to plug in differentscheduling
stratgies, and more sophisticatedstratgjies are being
explored.

4.1 Adaptive Job Scheduler Performance Re-
sults

To demonstrat¢he effectivenesof our Adaptive Job
Systemwe performedexperimentson a parallel Linux
cluster[25]. Theseexperimentswere performedsepa-
ratelyfor bothadaptve andtraditional(rigid) jobs. The
benchmarkprogramusedfor the experimentswas the
sameMD programdescribedn Section3.3, but with a
smallerproblemsizeof 50,000atoms(about5MB total
memory). The programtakes approximately64.5 sec-
ondsto completelOO0iterationson 64 processorsit uses
anawe parallelalgorithm,andhasa sub-linearspeedup
characteristicas shovn in Figure 6. We usedit asa
realisticexampleapplication.

4.1.1 Experimentson the Linux Cluster

The experimentswere performedon a Linux cluster
with 32 dual 1 GHz Pentiumlll nodesconnectedby
100 Mbps Ethernet. A randomjob generatomwasused
to fire jobs to the schedulerand job arrival was Pois-
son distributed. Eachjob submissionran the bench-
mark program mentionedabove for different number

30naproductionsystemthefrequeny of job arrivalsis oneevery
severalminutes.
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of iterations. The numberof iterationswith an ex-
ponentially distributed with a meanof 100 iterations,
to model an exponential servicetime. The experi-
mentscomputedhe meanResponsd&ime andthe mean
SystemUtilization. All experimentshad 50 job ar
rivals and the resultsare presentedn Figures7 and
8. Herelf is the meanload factor (i.e. If = A %
(execution time on 64 processors), where\ is the
meanarrival rate). The traditionaljobs were submitted
to a scheduletthat emulatedraditional schedulerdik e
PBS[22] andDQSJ4]. Adaptive jobsweresubmittedto
our Adaptive JobScheduler

In theseexperimentghe minpe(minimumnumberof
processorsequestedby eachjob) of theadaptvejobsis
uniformly distributedfrom 1 to 64 andthe maxpeis set
to 64. For thetraditionaljobsthethe numberof proces-
sorsis uniformly distributedbetweenl and64.

4.1.2 Simulations

We believe that the performanceof the Adaptive Job
Systemwould improve with the numberof jobs sub-
mitted. So we performedsimulationsto computethe
meanResponsdime and the meanSystenUtilization
after 10,000job submissionsThe simulationsmodeled
aclusterwith 64 processorsith anAdaptive JobSched-
uler and a Traditional Job Scheduler The simulations
usedthe samerandomnumbergeneratofor generating
job arrival timesandexecutiontimesasthe Linux clus-
ter experiments Thesimulationsalsomodeledthe same
benchmarlprogrammentionedabove. Theresultsof the
simulationsareshovn in Figures9 and10whichpresent
the meanresponsdime andthe meanutilization of the
systemrespectiely, for differentloadfactors.The sim-
ulationsreflectthe long-termsteadystateperformance
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Figure 10. System Utilization for simulated
jobs with sub-linear Speedup

gainsour Adaptive JobSystem.

5. Summary and Futur e Work

We describedhe motivation,design,andimplemen-
tation of an adaptivejob system,and an Adaptive Job
Scheduleffor parallelmachines.Adaptive applications
canbe written in a variety of languagesncluding MPI
andCharm++.The adaptie systembuilds upona mea-
surementbasedload balancingsystem. The original
loadbalancerswhich aimedatresolvingapplicationin-
ducedoadimbalanceswereextendedo shrink,expand
or to changehesetof processorsallocatedo ajob. This
is accomplishedby migratinguserlevel entities(suchas
MPI threadsand Charm++objects)acrossprocessors.
Mechanismgor controllingthebehavior of theloadbal-
ancervia bit vectorsof available processorsvere im-
plementedandvalidated.We alsodescribecandimple-
menteda simplejob schedulingstrateyy, and presented
someperformancelata.

The systemdescribedis a part of a wider Faucets
project,which aimsat supportingthe metaphotof com-
puting power as a utility. Our future work will in-
clude expandednotionsof quality-of-servicecontracts,
andcorrespondinglysophisticatedchedulingstratgyies
that attemptto optimize more comple utility metrics
than just systemutilization. The currentsystemhas
beentestedon clustersof workstations. We plan to
port and evaluatethe systemon dedicatedparallel ma-
chines,suchasthe IBM SR which allows soclet based
communicatiorwith outsideprocessesWe planto uti-
lize Globus componentsand make the job schedulerm
Globus sener. We alsointend to develop techniques
to eliminatethe residualprocesseteft behindwhenan



adaptve job vacatesa processarin orderto reducethe

admittedlytiny residualload. We expectour scheduler
to bein productionuseonthe400processoCSEcluster
atlllinois for runningASCI CenterandCSEjobs.

The software can be downloadedat our website:
http://charm.cs.uiuc.edu/and a demonstratiorof the
Faucets project is also available by clicking on the
Faucetdink.
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