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Abstract

Dynamicstructured adaptivemeshre nement(SAMR)
techniguesalong with the emepgenceof the computational
Grid offer the potentialfor realisticscienti c andengineer
ing simulationsof comple physicalphenomenaHowever,
the inherent dynamic nature of SAMR applications cou-
pledwith the hetepgeneityanddynamisnof theunderlying
Grid ervironmentpresentsigni cant reseach challenges.
This paper presentgproactiveruntime partitioning strate-
giesbasedon performanceredictionfunctionsthat are ex-
perimentallyformulatedin termsof systenparametes sud
as CPU load and available memory Theseproactivepar-
titioning strategiesform a part of the GridARM autonomic
framavorkwhich enableself-manging, self-adaptingand
self-optimizingSAMR applicationson the Grid. Experi-
mentalevaluation of the proactive schemesusingthe 3-D
RichtmyerMeshlov compeessibleuid dynamicskernelfor
differentsystenton gurationsandworkloadsdemonstates
theimprovemenin overall runtimeperformance

1 Intr oduction

Theemegenceof thecomputationalGrid andthepoten-
tial for seamlessaggraation, integration, andinteractions
hasmadeit possibleto conceve anew generatiorof realis-
tic, scienti ¢ andengineeringimulationsof comple phys-
ical phenomena.Thesenext-generationGrid applications
will provide new andimportantinsightsinto complex sys-
temssuchasinteractingblack holesandneutronstars,for-
mationsof galaxies,subsurfce o wsin oil reseroirs and
aquifersanddynamicrespons®f materialsto detonation.

Dynamically adaptve simulationsbasedon structured
adaptve meshre nement (SAMR) techniquescan yield
highly adwantageougatios for cost/accurag when com-
paredto methodsbasedon static uniform approximations,
andcanbeeffectively usedto enabldarge-scalephysically
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realistic scienti ¢ and engineeringsimulations. SAMR
techniquesstartwith a coarsebasegrid with minimumac-
ceptablaesolutionthatcoversthe entirecomputationatio-
main. As the simulationprogressesiegionsin the domain
requiring additional resolutionare identi ed and are dy-
namicallyre ned. Parallel/distritutedimplementationsof
SAMR applicationdeadto interestingesearciproblemsn
dynamicresourceallocation,data-distrilution andloadbal-
ancing,andcommunicatiorandcoordination Furthermore,
theunderlyingGrid infrastructurds dynamicandheteroge-
neousin nature. As a result, con guring, managing,and
optimizingthe executionof dynamicSAMR applicationdo
exploit the underlyingcomputationapower of the hetero-
geneoussrid ervironmentremainsa signi cant challenge.
This paperpresentproactiveruntimepartitioningstrate-
giesbasecdon performanceredictionfunctionsto optimize
the performanceof SAMR applicationsin distributed and
dynamic Grid executionervironments. In theseenviron-
ments,applicationperformancemay be severely degraded
due to changesn the available CPU, network load, and
memoryresources.The performancepredictionfunctions
presentedh this paperareexperimentallyformulated6] in
termsof the currentsystemstateparametersnd estimate
the expectedperformancedf a particularapplicationdistri-
bution, giventhe currentsystemstate. ThoughCPU load,
available memory and bandwidthare the primary system
parametergonsiderechere,the samestratgiescanapply
to otherparametersuchascachesizeetc.,oncethe perfor-
mancefunctionis obtained.Thepartitioningstratgiesthen
usethe performanceunctionsto identify a redistribution
of theapplicationdomainthataddresseshangesn system
stateandavailableresourcesandmaximizesperformance.
Theseproactive partitioning stratgies form a part of
the GridARM autonomiauntimeframevork whichenables
self-managing,self-adapting,and self-optimizing SAMR
applicationson the Grid. Experimental evaluation of
the proactive schemeausing the 3-D adaptie Richtmyer
Meshlov compressible uid dynamics kernel (RM3D?)

1RM3D hasheendevelopedby Ravi Samtang aspartof thevirtual test
facility atthe CaltechASCI/ASAP Center



for differentsystemcon gurationsandworkloadsdemon-
strategheimprovementin overall runtimeperformance.
Therestof this paperis organizedasfollows. Section2
presentsan overview of the GridARM framework andits
components Section3 detailsthe proactie runtime parti-
tioning stratgiesfor distributed SAMR applications.Sec-
tion 4 describesheexperimentakvaluationof the proactive
schemesor differentsystemcon gurationsandworkloads.
Sectionb presentgoncludingremarksandfuturework.

2 GridARM Autonomic Framework

The overall goal of the GridARM autonomicruntime
framawork is to reactively andproactvely manageandop-
timize SAMR applicationexecutionusing currentsystem
and applicationstate,online predictve modelsfor system
behaior andapplicationperformanceandan agentbased
control network. The framewnvork manageghysical Grid
resourcesallocatesthem “on-demand”,and spatially and
temporallymapsvirtual resourcego physicalnodes. The
conceptualGridARM framework, shovn in Figure 1, has
three components: (1) servicesfor monitoring Grid re-
sourcecapabilitiesand applicationdynamicsand charac-
terizing the monitoredstateinto applicationunits; (2) per
formanceanalysisnoduleanddeductiorenginethatdefine
theappropriateptimizationstrateyy basednruntimestate
andpolicies; and(3) autonomicruntime managemwhich is
responsibldor hierarchicallypartitioning,schedulingand
mappingapplicationunitsontoavailableresourcesandtun-
ing executionwithin the Grid ervironment.

Themonitoringcomponentithin the GridARM frame-
work is responsiblefor detectingconditionsunderwhich
the parameteraffecting the applicationexecutiondeviate
from their acceptabldehaior or operation.For example,
applicationperformancemay degradeseverely dueto in-
creaseccomputationabnd/ornetwork load, low available
memory or dueto softwareor hardwarefailures.The char
acterizatiorof currentstateis thenusedto drive the predic-
tive performancdunctionsandmodelsthatcanestimateats
performancen the nearfuture. The performanceanalysis
moduleis responsibldor describingthe behaior of a sys-
tem component,subsystenor compoundsystemthrough
Performancé&unctionsdevelopedn previousresearchi6].
The deductionenginedetermineshe appropriateapplica-
tion recon gurationstratgy andthe resourcesequiredto
repartitionwork andoptimize SAMR performance.

The work presentedn this paperbuilds on earlier Gri-
dARM efforts on application-senste partitioning [1, 3],
system-sensite partitioning[5], Pragmanfrastructurg4],
andadaptve runtimemanagemen, 6]. Thefocusof this
paperarethe proactive runtimepartitioningstratgiesbased
onperformanceredictionfunctions formulatedrom mon-
itoredsystenmstateparametersp optimizethe performance

of SAMR applicationsn Grid ervironments.

3 Proactive SAMR Partitioning Strategies

Distributed SAMR applications are CPU-intensie,
memory-intensie,andbandwidth-intensie programs.The
applicationperformancemay degradeseverely due to in-
creasedCPUand/ornetwork loads,andwith reducedavail-
able memory To optimize applicationperformance the
runtimepartitionerusescurrentsystenparametersbtained
usingresourcamonitoringagentscurrentapplicationstate,
andperformancédunctionsto repartitionthe entireapplica-
tion domainamongprocessorsluringruntime. The overall
modelis asfollows. Supposehat the work is to be dis-
tributedamong processors.

1)

where representshecombinedwork partitioningratio
of processoii de ned asfollows. Thework W assigned
to the ith processocanbe computedas

whereW is thetotalwork. Thecombinedwork partitioning
ratio cannow be computedusing systeminformation, i.e.
CPUload,availablememoryandnetwork load.

(@)

where and  arework partitioningratiobasedn
CPU load, available memory and link bandwidthrespec-
tively. and describethe weightsre ecting how
importantCPU, memory andbandwidthareand  +

+ =1. Notethat

(3)

The applicationand systemstateson eachprocessorare
monitoredat runtime. In the caseof SAMR applications,
applicationstateis de ned in termsof the currentlevels of
re nement, the number shape,and aspectratio of the re-
ned patchesandthe dynamismof the application[1, 3].
SystemstateincludesCPU availability, available memory
andlink bandwidth. The runtime partitionerusesapplica-
tion con guration, stateinformation, and the appropriate
performancdunctionto calculatethe combinedwork par
titioning ratio for eachprocessomt runtime. These
ratios are thenusedto redistritute the applicationdomain
amongprocessori subsequertime-steps.

The frequeng for monitoring applicationand system
state,recomputingsystemcapacity and repartitioningthe
applicationdependson the rate of system/applicationly-
namicsand SAMR adaptation. There are three extreme
casesn equation(2), which leadto threedifferent strate-
giesfor work partitioning.
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Figure 1. Conceptuamodelof the GridARM framewvork

CPU-baseduntime partitioning: When is 1 and

, are0, becomes  Thisstratgy parti-
tions the work amongprocessor$asedon their CPU
loadstatus.

Memory-baseduntime partitioning: When is 1
and , are0, becomes This stratgy
partitionsthe work amongprocessordasedon their
availablememory

Bandwidth-baseduntimepartitioning: When is 1
and are0, becomes This strat-
egy partitionsthework amongprocessobasedntheir
link bandwidth.

3.1 CPU-basedRuntime Partitioning

Theperformancef parallelSAMR applicationsn time-
sharedsystemsamay degradedueto multi-programming.lt
hasbeenobsenedthattheexecutiontime of acomputation-
intensive programlinearly increaseswith the number of
jobssharingthesameprocessarTo optimizethe SAMR ap-
plicationperformancepur CPU-basegbartitioningstrateyy
usesthe CPU currentload and applicationstateto reparti-
tion thework amongprocessors.

3.1.1 CPU PerformanceFunction Model

Performancd-unctions(PF) describeghe behaior of sys-
tem or applicationin terms of changesin one or more
of its attributes. We can characterizehe relationshipbe-
tweenthe executiontime of a SAMR applicationand its

attributes-applicatiorwork andre nementlevel asa time

performancédunction . By usingtheper

formancefunction,we canestimatethetime to nish work

W at re nementlevel LV for an AMR applicationon one
processoif this processois dedicatedo it. If this proces-
soris sharedwith otherapplicationsthe AMR application
would experiencdongerdelay Let L betheloadindex for

processoi, which is representetyy the lengthof the CPU
waiting queue.In sucha multiprogrammingcase the exe-

cutiontime of the AMR applicationcanbe estimatedasa
functionof the CPU load, applicationwork andre nement
level asfollows:

(4)

Thetime performancédunctionfor RM3D is empiricallyde-
ned asfollows:

()

where s heuristiccoefcient derivedfrom our previ-
ousresearch2].

3.1.2 Work Partitioning Algorithm

The averageexecutiontimesof an AMR applicationon all
processorsanbeestimatedasfollows.

— (6)



where .

To improve the applicationperformancethe execution
time shouldbeasequalaspossibleonall processorsin do-
ing so, the work partitioningratio of eachprocessors ad-
justedat runtime suchthat their executiontime during the
next time stepswill beidenticalwithin anacceptablé¢oler-
ance.Theadjustmentactorassociateavith eachprocessor
is de ned as,

— (7)

whereT (t) is the estimatedexecutiontime for processoi
attime stept; T  (t) is the averageestimatedexecution
time for all processorattime stept.

Oncethe adjustmenfactoris determinedwe cancom-
pute CPU-basedvork partitioning ratio of processot for
thenext time stepasfollows:

(8)

To make surethatthe sumof partitioningratioson all pro-
cessorss equalto 1, thenew ratiois normalizedasfollows:

(9)

3.2 Memory-basedRuntime Partitioning

The performancef distributedSAMR applicationamay
degradeon heavily loadedprocessorshathave little avail-
able memorybecausepagefaults occurfrequently Thus,
the memory-basegartitioning stratgy optimizesperfor
manceby minimizing the numberof pagefaults and bal-
ancingwork amongprocessors.

3.2.1 Memory Function Model

Using a memoryfunction model, the memoryusageof a
SAMR applicationcanbe characterize@s:

(10)

whereAM is the amountof memoryusedby a givenwork
W of the AMR application.

The memoryfunction for the RM3D applicationis em-
pirically de ned asfollows.

(11)

where:  =8187.5036; = 0.1348959memoryneeded
for eachprocessoatruntimebasednthecurrentworkload
assignedo eachprocessarin whatfollows, we describehe
algorithmusedto proactvely partitionthe work amongthe
processoraccordingto memoryavailability.

3.2.2 ProcessoiGrouping

In order to efciently repartition the work among the
processorsthe memory-basedtratgy must rst identify
which processorare heavily loaded,lightly loaded,or in
between Consequentlywe divide the processoren which
theapplicationis runninginto differentgroupsaccordingto
their availablephysicalmemoryspace.

Let M be the amountof available physical memory
spaceon processor, i=1,...,K. We usetwo-level threshold
MT andMT todescribehememorycharacteristiof pro-
cessorslf its availablememoryM is lessthanMT , pro-
cessoli is heavily loadedandpagefaultsoccurfrequently
If M is greatethanMT , processor is lightly loadedand
pagefaultsrarelyoccur If M is betweerMT andMT ,
processoi is moderatelyloadedand pagefaultsoccuroc-
casionally Accordingto the amountof available memory
M andtwo-level thresholdMT andMT , processorgan
be groupednto thefollowing threegroups.

Lowmemorygroup(X :If M MT , processor
isin groupX which haslittle availablememory The
numberof processorsn group X is representedy
N .

High memorygroup(X :If M MT , processor
i isin groupX which haslarge amountof available

memory The numberof processorsn group X is

representedy N

Border memorygroup (X): If M is betweenMT and
MT , processoi belongsto group X. The numberof
processorin groupX is representetly N.

To optimizethe executionof the application,somework on
theprocessori groupX shouldbetransferredo thepro-
cessorsn groupX andthework of theprocessors group
X shouldbekeptunchangedThiswill leadto betterperfor
mancedueto reductionin numberof pagefaults. Thereare
threeimportantcaseghathave to be dealtwith.

Certain processorshave too little available memory
andcertainprocessorfiave excessavailablememory
i.e.bothN andN aregreaterthanzero.

Someprocessorhiave excessavailablememorywhile
no processordave little available memory N is
greaterthanzeroandN is equalto zero.

Certainprocessorsave little availablememorywhile
no processorhave excessavailablememory N is
greatetthanzeroandN is equalto zero.

In the rst casethe work assignedo processorsn group
X shouldbepartiallytransferredo theprocessors group
X . In the secondcase,there are processorswith ex-
cessavailablememorybut no processois heaily loaded.



Thereforethe work assignmenbf all processorsvould not
change. In the third case,thereis an absoluteshortage
of memorybut no processohasexcessavailablememory
Thus,we keepthe currentassignmenof work unchanged.

3.2.3 Work Partitioning Algorithm

After identifying the amountof available memoryin each
processoanddividing theminto groups.onemustcalculate
how muchwork shouldideally be transferredrom group
X togroupX . LetW bethewholework assignedo
processorin groupX .

(12)

To avoid overloadthe processorén groupX , we initially
transfempartof thewholework W . WeuseP torepresent
the transferringpercentagend the work to be transferred
is . The remainingwork on processorén group
X is . To balancethe work transfer the
work shouldbe movedto processoré group  asevenly
as possible. Sowe de ne U asthe unit of work being
transferredo oneprocessar

(13)

In orderto achieve the desiredoptimization,a processoin
groupX mustguarante¢hatits availablememoryspaces
greatethanMT afterit acceptghework transfer In doing
S0, it mustestimatethe memoryusageof its currentwork
W andthememoryusageof its work afterthetransfer Let
thework of processor afterthetransferbeW and

. For RM3D applicationthesewo memoryusages
canbe estimatedby using the memoryfunction shovn in
Equation(10). In orderto guaranteéts available memory
greatethanMT afterthetransferthefollowing condition
mustbe metfor eachprocessom groupX .

(14)

We sortthe processorin groupX in theascendingrder

of available memoryM .Thuswe checkwith the proces-
sorhaving leastavailablememory rst. Thenthe processor
with the secondeastavailable memoryis checled and so

forth. In whatfollows, we will analyzethe behaior of the

algorithmin termsof four cases:

Upon substituting
for processor in groupX

into (13), we check
if conditionin (13) canbemet.

1. Casel: If the conditionin (13) cannotbe met, we
reducethesizeof thework to betransferredLet P be
thereductionpercentagandthework to betransferred
then becomes . Thenwe checkthe
conditionin (13) againby substituting

(a) Casel-1: If the conditioncanbe met, the new
work of processoi after the transferwould be

(b) Casel-2: If the conditionstill cannotbe met,
morereductiorwould bemade.If afterthewhole
unitofwork U isreducedandtheconditionstill
cannotbe made which meangrocessor cannot
acceptary additionalwork, the currentwork of
processor would be keptunchanged

2. Case2: If theconditionin (13) canbe metaftertrans-
ferring unit of work U  to processoi, we will check
if thereis remainingwork left from the previous pro-
cessoli-1. LetW  (i-1) betheremainingwork from
the previous processoi-1. If thereexists W (i-1),
we will try to transferit to processoi aswell. Then
the work of processori after the transfer becomes

. The conditionin
(13)is checledagainwith thenew W .

(a) Case2-1: If the condition can be met,
would bethe new work
of processor afterthetransfer

(b) Case2-2: If the condition cannotbe met, the
same reduction method would be applied to
W  (i-1) After all thecheckingandreductionon
processor, theremainingwork from processor
to next processoW (i) would be updated. If
thereis still somework left after checkingall
the processorsn group X ,
it would be assignedback to the processorsn
groupX accordingotheircontributionstoW .

After thework transfer eachprocessohasanen work W .
Thenthe new memory-basedvork partitioning ratios can
be computedasfollows:

— (15)

4 Experimental Results

Theautonomigroactizeruntimepartitioningsysterrhas
beenintegratedinto the GrACE (Grid Adaptive Compu-
tational Engine) data managemenframework for paral-
lel/distributed SAMR applications.Theautonomiauntime
partitioning stratgjiesare evaluatedusingthe RM3D CFD
kernelon Beowulf clustersat RutgersUniversity and Uni-
versityof Arizona. We establistthreescenariogo evaluate
our proactie partitioningapproaches.

Lightly loaded scenario Among the processorsx-
ecuting the RM3D application, 75% processorsare
lightly loadedandthe other25%areheaily loaded.



Modemtely loaded scenario Among the processors
executingthe RM3D application,50% processorsre
lightly loadedandthe other50%areheavily loaded.

Heavily loadedscenario Among the processorsx-
ecuting the RM3D application, 25% processorsare
lightly loadedandthe other75%areheaily loaded.

4.1 CPU-basedProactive Partitioning

In this subsectionye quantifytheperformancejainthat
canbeachievedby usingthe CPU-basegbroactive partition-
ing approacho adaptto CPU load dynamics.A synthetic
programis usedto controlthe CPU load dynamicsamong
the processorsand establishthe three different load sce-
nariosdiscussereviously. we comparethe performance
of the RM3D applicationwith andwithout the CPU-based
proactive partitioningapproach.

Figure 2 presentsCPU load situationon 16 processors
andthe correspondingvork assignmenbf the RM3D ap-
plicationwith andwithout CPU load adaptatiorunderthe
moderatelyloadedscenario.The CPUloadis measureds
the length of the CPU waiting queueandis monitoredby
systemmonitoringtool at runtime. The work is the size of
computationpoint setof the RM3D application. Without
CPU load adaptationthe work is assignedalmostevenly
amongthe processors.However, by using proactve CPU
partitioningalgorithm,work is assignedo processorbased
onits CPUloadstatus.Tablesl, 2, 3, and4 presenthe per
formancegain of RM3D with CPU-basedroactive parti-
tioning strateyy for differentbasesizeanddifferentnumber
of processorsinderdifferentload scenarios.

Table 1. CPU-basedroactve partitioning performance
gainon 8 processors(Basegrid size: 64*16*16)

Scenarios Execution Executiontime  Percentagém-
time w/o CPU  with CPU  provement
adaptation adaptation
(seconds) (seconds)

Lightly loaded 2618.2 1560.87 40.38%

Moderately 2706.84 1964.87 27.41%

loaded

Heavily loaded 2727.51 2127.32 22%

The above resultsshav that RM3D experiencedonger
delayswhen someprocessorsare heaily loaded. With-
outthe CPU-basegbroactve partitioningalgorithm,the ap-
plicationwork is partitionedequallyamongthe processors
regardlessof their CPU load statusthat leadsto a longer
applicationexecutiontime. However with our CPU-based
proactive runtimepartitioningstrateyy theapplicationwork
is partitionedaccordingto the processorsCPU load status

Table 2. CPU-basedroactve partitioning performance
gainon 16 processors(Basegrid size:64*16*16)

Scenarios Execution Executiontime  Percentagém-
time w/o CPU  with CPU  provement
adaptation adaptation
(seconds) (seconds)

Lightly loaded 2126.06 727.17 65.8%

Moderately 2301.15 1641.73 28.66%

loaded

Heavily loaded 2378.25 1624.15 31.71%

Table 3. CPU-basedroactve partitioning performance
gainon 32 processor¢Basegrid size: 128*32*32)

Scenarios Execution Executiontime  Percentagém-
time w/o CPU  with CPU  provement
adaptation adaptation
(seconds) (seconds)

Lightly loaded 4908.79 2901.1 40.9%

Moderately 4976.78 3378.65 31.35%

loaded

Heavily loaded 5170.52 4140.56 20.45%

and the performanceof RM3D could be signi cantly im-
proved. For example,in Tablel, for lightly loadedscenario
we can obtain 40% percentagemprovement. The results
also demonstratehat better performancecan be achieved
underlightly and moderatelyloadedscenarios. The rea-
sonis thatunderheaily loadedscenariomostprocessors
areheaily loadedandtherearenot enoughlightly loaded
processorto accepimorework. Furthermorebetterperfor
mancecanbeobtainedvith largenumberof processorsk-or
example,in Table2, 65.8%percentagémprovementis ob-
tainedon 16 processorsinderlightly loadedscenariowith
the samebasegrid size of 64*16*16 asshavn in Table1.
With moreprocessorghework assignedo eachprocessor
would bereduced.

4.2 Memory-basedProactive Partitioning

In this subsectionwe quantifytheperformancegainthat
canbe achieed if the work assignmentakesinto consid-
erationthe amountof availablememoryat eachprocessar
In our experimentthe memoryavailability of processorss
controlledby a syntheticmemoryconsumingprogram.

Figures3, 4, and 5 demonstratehe memoryavailabil-
ity on 8 processorandthe correspondingvork assignment
by usingthememory-basegroactize partitioningapproach
for threedifferentscenarios.During the executionof the
RM3D applicationthe memory-baseg@roactve partitioner



Figure 2. Moderatelyloadedscenarimn 16 processorsCPUloaddistribution (left) andwork assignmentor 16 processorgright)

Figure 3. Lightly loadedscenarioon 8 processorsMemory availability (left) andwork assignmentor memory-basegroactve

partitioningalgorithm(right)

Table 4. CPU-basedroactve partitioning performance
gainon 64 processors(Basegrid size: 128*32*32)

Table 5. Memory-basedproactve partitioning perfor
mancegainon 8 processor¢Basegrid size: 128*32*32)

Scenarios Execution Executiontime ~ Percentagém- Scenarios Executiontime  Executiontime  Percentagém-
time w/o CPU  with CPU  provement w/o  memory with memory provement
adaptation adaptation adaptation adaptation
(seconds) (seconds) (seconds) (seconds)

Lightly loaded 4904.78 2827.29 42.36% Lightly loaded 6922.14 5210.87 24.72%

Moderately 5049.72 5049.72 35.02% Moderately 15890.47 7401.61 53.42%

loaded loaded

Heavily loaded 5119.89 3587.89 29.92% Heavily loaded 16962.1 8284.84 51.16%

assigndargerwork to processorsvith high availablemem-
ory. On the other hand, processorswith little available
memoryareassignedelatively smallerworkload.

Table 5 compareghe performanceof RM3D with and
without the memory-basegroactive partitioning stratey
and shaws the substantialimprovementdue to memory-
basedpartitioning. Without the memory-basegartition-
ing algorithm, the applicationwork is partitionedevenly
amongthe processorsDue to large numberof pagefaults
on heavily loadedprocessorshe RM3D applicationexpe-
rienceslong delays. However, with the memory-basedal-
gorithm, the applicationwork is reassignedo processors
accordingo memoryavailability, resultingin reducedver
all executiontimes. Theabove resultsalsoshav thatbetter

performancecan be achieved undermoderatelyand heav-
ily loadedscenariossince most processordave very lit-
tle available memoryandthe pagefaultsoccurfrequently
resulting in extremely long application delays. Using
memory-basegartitioningstrateyy to assigrwork basecn
processorsinemoryavailability, the heavily loadedproces-
sorswill be assignedesscomputationand, consequently
theperformanceanbesigni cantly improved.

5 Conclusionsand Futur e Work

This paper presentedproactive runtime partitioning
stratgiesbasedn performanceredictionfunctionsto op-
timizetheperformancef SAMR applicationsn distributed



Figure 4. Moderatelyloadedscenaricon 8 processorsMemory availability (left) andwork assignmentor memory-basegroac-
tive partitioningalgorithm(right)

Figure 5. Heavily loadedscenaricon 8 processorsMemory availability (left) andwork assignmentor memory-basegroactve
partitioningalgorithm(right)
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