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Abstract

Runningtightly coupledparallelMPI applicationsin a realgrid environment
usingdistributedMPI implementations[1, 2] can,in principle,make betterand
moreflexible useof computationalresources,but for mostparallelapplications
it hasa major downside: Theperformanceof suchcodestendsto bevery poor.
Most often thenaturalcharacteristicsof realworld grids areresponsiblefor this
behavior, for examplerapidly changingandunpredictablenetwork quality, het-
erogeneityandloadimbalance.Worse,in mostcasestheparallelizedcodeitself
doesnot take this grid natureinto account,having beenparallelizedfor single
machineexecution.We have alreadyshown that it is possibleto improve theef-
ficiency of suchcodesby manuallyadaptingtheparallellayoutto thegivengrid
environment[3]. Basedon theseresultswe now presenta new setof algorithms
for parallelcodesrunningwithin theCactusframework [4], whichautomatically
adaptto the grid environment. We show how thesealgorithmscan be imple-
mentedin an abstractandflexible mannerso that a large family of application
codescanbenefitwithout modifications,or evenany knowledge,of theunderly-
ing parallellayeror computationalresources.Thealgorithmsdeterminetheopti-
malprocessortopologyandoptimalloadbalance,minimizecommunicationover
the WAN andapply latency hiding andcompressiontechniqueswhereneeded.
Thoseadaptations,whichaspartof anMPI driver layerarehiddenfrom boththe
Cactusenduserandapplicationprogrammer, areperformedautomaticallyand
dynamicallyduringcodeexecutionin orderto attemptto meettherequirements
of thechangingnatureof theGrid. Largescaletestrunswith realworld applica-
tionshave shown performanceimprovementsof 200-300%,importantlywith no
changesrequiredin theapplicationcodeitself.
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1 Intr oduction

Theincreasingmaturityof grid computingis openinga doorto many new opportuni-
ties andpossibilitiesfor how applicationcodescanbettermake useof the resources
availableto them[5, 6]. New applicationdrivenprojects,suchasGridLab,GriPhyn
andDataGrid[7] areworking togetherwith infrastructuredevelopersto developtech-
nologiessuchasschedulers,monitoringand informationsystems,resourcebrokers,
datamanagementschemesanduserportals.Suchtechnologiespromiseto enablethe
usersof today’s applicationswith increasedaccessibilityto resources,dataandinfor-
mation,simplifying many of the difficulties which currentlyrestrictsupercomputing
to thedomainof a few hardyscientistsandengineers.

Even more exciting is the inspirationgrid computingis providing towardsthe
developmentof fundamentallynew scenariosfor applicationsrunningin a grid envi-
ronment. The EuropeanGridLab projectwill provide genericAPIs andtools which
generalapplicationscaneasilymake useof to, amongmany otherscenarios,migrate
entiresimulationsbetweenmachines,spawn subtasksto lessloadedor lessexpensive
resources,and perform intelligent parametersurveys. New collaborative tools will
provideaccessto, informationabout,andvisualizationof simulationsto wholegroups
of researcherswhile thecodesarerunning,providing interactivecontrolandmonitor-
ing. New messaginginterfaceswill inform usersaboutimportanteventsandproblems
with their jobs wherever they are located,usingemails,mobile phones,PDAs, and
webbrowsers.

One of the key requirementsfor thesenew applicationsis that they no longer
interactwith resourcesas a set of individual machines,networks and datadevices,
but insteadview all thesecomponentsasonelarge virtual supercomputer. The grid
serviceswhich the applicationsuseshouldhave the intelligenceto make useof the
mostappropriatecomponentsor sub-componentsof this virtual machine,considering
factorssuchascoderequirements,performanceandcost.

In this paperwe describetechniqueswhich enablea small pieceof this vision,
allowing tightly coupledMPI applicationsto runefficiently acrossmultiplecomputers,
connectedtogetherby arbitrarynetworks. This work hasthreedriving motivations:
Firstly, today’s largescaleapplicationsoftenrequiremoreresourcesthanareavailable
on a single machine. Making useof larger virtual machineswill enableotherwise
impossiblesimulations.Second,even whenan applicationcanbe run on a multiple
processorsof a singlemachine,it maystill bebeneficialto usedifferentcomponents
from thevirtual supercomputeravoiding long or expensivequeuesto obtaina quicker
or cheapersolution. Finally, the developmentof the flexible, adaptive anddynamic
techniquesdescribedhereis asteptowardsthegoalof enablingapplicationsto beable
to take full advantageof theemerging grid software.



2 Distrib uted Simulations

For someyears,it hasbeenpossibleto run parallelcodesacrossmorethanonesu-
percomputeror cluster(see,e.g., [8]). However, even with the introductionof grid
enabledMPI implementationssuchas[1, 2], mosttightly coupled,communicationin-
tensive codeswill achieve very poorperformance[9] oncethetransferof dataacross
aWAN is introduced.

The main reasonfor this suboptimalperformance,asidefrom load imbalance
resultingfrom processorinhomogeneity, is thefactthatbetweensomeprocessorsthere
is anetwork with acomparatively high latency andlow bandwidth.Typical real-world
numbers,evenfor high performanceresearchnetworks,area latency of 20 to 200ms
for a wide areanetwork link and a bandwidthof between0.5 and 5 MB/s. For a
supercomputeror tightly coupledclusterthosenumbersare2 to 4 ordersof magnitude
better, namelyaround10µsand120MB/srespectively. Sincemany parallelsimulation
codesneeddatasynchronizationacrossprocessorsat eachiteration, it is clear that
unlessspecialcareis taken, a slow network betweenany one pair of processorsis
enoughto arbitrarilydegradethecode’s efficiency.

Thefamily of codeswehaveconsideredin thispaperarefinite differencingcodes
that computefunctionsdiscretizedon a regular grid. This is typical of many codes
in astrophysics,relativity, fluid dynamics,etc. The communicationschemeof those
codesarisesfrom theneedto synchronizedata,thatis, to sendandreceive thediscrete
function valuesat “grid-points” with a neighboredprocessor. The numberof neigh-
borsandalsotheamountof datato sendgrows linearly with thedimension.Similar
considerationsarealsotruefor codesusingunstructuredmeshes,particlemethodsetc.

In apreviouspaper[3] wehaveshown thatit is possibleto executeparallelcodes
in adistributedgrid environmentandobtainahighefficiency (between60%- 88%,see
thepaperfor problemsof definingspeedupandefficiency in a heterogeneoussetup).
The codewasexecutedacrossfour supercomputerswhich weregeographicallydis-
tributedacrossthe United States. Thesedemonstrationrunswere part of the “Dis-
tributedTerascaleFacility” proposal(DTF), which was later fundedby the NSF to
build anationwide“TeraGrid” [10]. Thework describedin [3] wasawardedaGordon
Bell PrizeatSupercomputing2001in Denver.

TheDTF runsrequireda lot of effort. Many communicationanddomaindecom-
positiondetailshadto beadjustedmanuallyfor theenvironmentused(bothmachines
andnetwork). Without suchmanualtuning very poor efficiency ( � 20%) wasseen.
Theseadjustmentsaffectedprimarily the processortopology, the domaindecompo-
sition, compressionandthe choiceof the numberof ghostzones(choosingmultiple
ghostzonesis a techniqueto overcomelatency problems,seeSection6). Theseexpe-
riencesled us to developalgorithmsto implementtheseadjustments,andtheir auto-
matic tuning,in theparalleldriver of thecode.This paperdescribesthesealgorithms
in detail,alongwith their genericimplementation,andpresentsresultsfor realworld
applications.



Otherauthorshave alsoshown that optimizing applicationsfor wide areaexe-
cution is beneficial[11, 12]. Herewe emphasizehowever that the optimizationsde-
scribedhereareperformedsolelyin thedriver levelof thegeneralCactusCode,andas
suchcanbeimmediatelyexploitedbyentirefamiliesof applicationsrunningwithin the
Cactusframework. Further, thewell defineddriverinterfaceandmodularityemployed
in Cactusmeansthatthis grid awaredrivercanalsobeemployedby independentsim-
ulationcodes.

2.1 Considerationsfor Efficient Grid Performance

A wishlist for smartalgorithmsfor parallelcodesrunningin agrid environmentshould
containthefollowing considerations:

load balance: Divide the whole domain into subdomainsfor eachprocessorsuch
that the heterogeneoussetupis accountedfor (in particulardifferentprocessor
speeds).No processorshouldneedto wait for any other, no processorshould
holdupothers.

processortopology: Minimize communicationovertheWAN by calculatingtheopti-
malprocessortopologyaccordingto thenumberof processorsoneachmachine
andtheshapeof thecomputationalgrid.

latencyhiding: The driver codeshouldoptimally coalescegroupsof smallermes-
sagesinto largeroneswhenneeded.This dealswith latenciesin wide areanet-
works(in ourcaseimplementedusingmultipleghostzones,asdiscussedbelow).

apply selectivecompression: The codeshouldoptimally compressdatawhich will
be sentover the WAN. Sincecompressionratesand timesdiffer for different
kindsof datafunctions,eachdatafunctionshouldbeconsideredseparately. For
example,periodic, wave-like functionscompressmuch fasterand betterthan
irregular, noisy functions.Intra machinecommunicationshouldusuallynot re-
quiredatacompression.

dynamically adaptive: Theseissuesin principleall dependon propertieswhich can
changewith time: compressionrates,compressiontimes(calculatedfunctions
changein time) and latency effects (frequency of synchronizationcanchange
with time), load on a processorandthereforeits effective power, etc. This re-
quiresthecodeto continuouslyadaptanddeterminethebestconfiguration.

dimensionindependent: The codeshouldbe dimension-independent,i.e. it should
beableto dealwith 2-dimensionaldiscretizedfunctionsaswell aswith n-dim-
ensionalandshouldcalculatetheoptimalconfigurationfor eachdimension.



single-machineasa specialcase: The implementationof the new algorithmshould
generalizethe previous algorithmin the sensethat it containsthe specialcase
wherethenumberof machinesis oneandshouldthenautomaticallyreduceto a
classicalparallelizingschemewithoutcompression/latency techniques.

minimize overhead: Sinceadditionalcodewill beexecutedalongwith thenumerical
calculationsin orderto make adaptationson thefly it will introduceadditional
computationalandcommunicationoverhead.The goal hereis to minimize in
particularthecommunicationoverhead,i.e. exchangeinformationbetweenpro-
cessorsonly if andwherereally needed.

properly interact with other grid-technologies: Thedesignshouldbegeneralenough
in orderto smoothlyinteractwith othergrid-technologies(like nomadicmigra-
tion [13] or similar).

application doesnot change: Theapplicationitself, i.e. thenumericalcode(written
in Fortran,C, or C++) shouldnotneedto eaffectedandcanremainunchanged.

All theseissuesarenormallynotaddressedin codeswhich havebeenwritten for
singlemachineexecution. The restof this paperwill describehow we have imple-
mentedtheabove items,andshow how thesetechniquesimprovedefficiency signifi-
cantlyfor realworld applications.

Wewould like to makeaspecialremarkaboutthelastpointabove,thattheappli-
cationdoesnotneedto bechanged.In orderto havegrid technologieswidely adopted
by applications,it is crucial to enableexisting codesto exploit grid technologieswith
aslittle changeaspossible;otherwise,gridswill simply not beused!We show below
that for a certainclassof applicationsthatusetheCactusframework, this is possible,
andwith excellentresults.However, we want to emphasizethat in the future,we do
expectthatapplicationdeveloperswill wantto rethinktheiralgorithms,andwrite new
generationsof applicationsthatarespecificallytailoredto run in a grid environment.
The GridLab projectaimsto provide a ”Grid Application Toolkit” that will provide
monitoringtools to see,for example,which partsof an applicationperformwell on
a WAN, to enableenableexisting applicationsto beretooledto bettertake advantage
of grids,andto allow entirelynew familiesof applications,with new grid-awarealgo-
rithms,to bedeveloped.

3 ProcessorTopology

3.1 SingleMachine Case

In the casesconsidered,the calculationsare carriedout on a regular, topologically
cartesiancomputationalgrid in n dimensions.Thedataon this computationalgrid is



distributedacrossprocessorsaccordingto someprocessortopology. This distribution
is characterizedby an n-tuple of numbersk1 � k2 ��������� kn, whereki is the numberof
processorsusedin the ith dimension,andwe have ∏d

i � 1ki � NP whereNP is thetotal
numberof processors.For a threedimensionalgrid using32 processorsthetopology
couldbe4 	 2 	 4 or 16 	 2 	 1 or even32 	 1 	 1, i.e.,32processorsin astraightline
alongthefirst dimension.

Theparticularchoiceof thetopologystronglyinfluencesthecommunicationbe-
havior of thosecodes.A two dimensionalgrid, which is stretchedin the y-direction
(e.g.64 	 128gridpoints)canbedividedup on two processorswith topology1 	 2 or
2 	 1. Sincethecommunicationconsistsof sending/receiving the“f aces”of thesliced
domain,thelatterprocessortopologyturnsout to bemuchmorecommunicationinten-
sive: 128gridpointswouldbesent/receivedevery iterationin thiscase,comparedwith
only 64 pointsin theformercase.Both decompositionswill give thesamenumerical
result.

The amountof communicationis thereforedeterminedby the sizeof the faces.
For a singlemachine,our driver codedoesthe following: It computesall possible
processordecompositionsand sumsup the sizesof the communication-faces. The
topology with the minimal total “f ace size” is chosen. One might think that this
“brute-force” methodcould becomevery slow for large numbersof processorsand
dimensions,but this is not true in our implementation.For exampletheoptimalpro-
cessortopologyfor the6-dimensionalgrid 128 	 64 	 76 	 96 	 32 	 128decomposed
on 2048processors(yielding a processortopologyof 8 	 4 	 4 	 4 	 1 	 4) takes0.3
secondson aEV6 alphaprocessor.

3.2 Multi Machine Case

Theaboveprocedureis optimalfor ahomogeneoussetup– assuminganidenticalnet-
work quality betweenall processors.In themulti machinecase,we dealwith another
picture: We have fast communicationnetworks betweenmost processorsand slow
network betweensomeprocessors.Typically, aspointedout in the introduction,the
network qualityis of 2-4ordersof magnitudeworsein termsof latency andbandwidth.

In our modelwe restrictourselvesto caseswherethe numberof processorson
eachmachinearedivisible. This is usuallythecase,sincemostqueuesonbig systems
allow amaximumprocessornumberwhich is apowerof two.

In orderto minimize thecommunicationover thewide areanetwork we always
pick thesmallestfacesto betheoneswherecommunicationsgo acrossthewide area
network. In a n-dimensionalcuboid,thesearethe faceswhich areorthogonalto the
longestdimension,i.e. the dimensionwith the largestnumberof grid points. This
meansin particular, that the machinesalways have to be “lined up” in the longest
dimensionof thecomputationalgrid.

In orderto solve this generalproblemthecodeneedsto have all thebasicinfor-



mationathand,leadingto thefollowing question:How doesthedrivercodeknow how
many processorsarebeingusedonhow many machines.Thelocal 
���
 ������� �����������
functiononly returnsthe total numberof processors.We thusneedto exploit higher
level informationservices,in our caseGlobus,or in particularit’ s resourcecoallocat-
ing package� ��!�"#� [14].

3.3 Globus and DUROC

OnebasicideabehindtheGlobusMetacomputingToolkit is to provide infrastructure
informationaboutthegrid environment,evendynamicallyin a runningcode.Thepart
of Globuswhich providesthis informationis called � ��!�"$� : Dynamicallyupdatedre-
sourcecoallocator. ThissoftwarecontainsanAPI whichprovidesexactlytheinforma-
tion we need,namelythe job-layout. It allowsusto obtaintheinformationabouthow
many processorsareusedon how many machinesevenbefore 
��%
 
'&(��)*��� is called
(Wearemainlyusingthe +-,#��.�/�� 0 /�1-��2 1$/#&�)��3�4� �'&�)�� 1 ��/�.-5���. ��)�1$/�2�)$/�1������ func-
tion call). Using � ��!�"#� terminology, the numberof processorson one machineis
calledasubjobof a distributedjob.

Theroadmapfor constructingtheoptimalprocessortopologyis thefollowing:

(1) Obtainthejob-layoutusingtheDUROCAPI.

(2) Find outwhichdimensioncontainsthelargestnumberof gridpoints.

(3) Divide up the grid in this longestdimensionacrossthe machinesinto imaginary
subgridsfor eachsubjob. The more processorsa subjobhas, the bigger it’ s
subgrid.

(4) Find thesubjobwith thesmallestnumberof processors.

(5) Usethealgorithmfrom Section3.1to find theoptimalprocessortopologyfor this
smallestsubjobin it’ ssub-domain.

(6) Settheglobalnumberof processorsfor all but thelongestdimensionaccordingto
thetopologyin thesmallestsubjob.

(7) To getthenumberof processorsfor thelongestdimensiondividethetotalnumber
of processorssuccessively by thenumberof processorsin eachotherdimension.

(8) Theoverallprocessortopologyis now determinedfor thewholejob.

The implementationof this algorithmis straightforward. The input parameters
arethesizeof theglobalgrid, thenumberof machines,thenumberof processorson
eachmachineandthedimension.Theoutputthenconsistsof thenumberof processors
in eachdimensionfor eachmachine,namelytheprocessortopology.



3.4 Example

For anexampleof thenew topologyalgorithmin practice,considerathreedimensional
computationalgrid with theshape128 	 256 	 64,andamachinesetupwith four ma-
chinescontaining64, 128,128and256processors.Applying thetopologyalgorithm
in Section3.3: (1) DUROC reportsthe job-layout,namelythat thereare4 machines
orderedwith 64,128,128and256processorsrespectively, (2) Thelongestdimension
is the second,with 256 grid points,(3) For the purposeof finding the topology, the
grid point distribution acrossthefour machinesin this second(longest)dimensionis
taken to be28:57:57:114,(4) Thefirst subjobis the smallestwith 64 processors,(5)
The subdomainfor this subjobis 128 	 28 	 64, applying the singlemachinealgo-
rithm of Section3.1 theprocessortopologyon this subjobis 8 	 2 	 4, (6) Theglobal
topology is then8 	 X 	 4, wherethe numberX of processorsin the seconddirec-
tion is still to be found, (7) This numberX is then the total numberof processors
64 6 128 6 128 6 256 � 576dividedby thenumberof processorsin otherdirections
thanthesecond,X � 576798 8 	 4: � 18, (8) Theglobaltopologyis now determinedto
8 	 18 	 4.

Classicalalgorithmswouldnotconsidermachinetopologiesandmaybenoteven
theshapeof thegrid. Usualinput parameterswould bethetotal numberof processors
andthedimensionof theproblem.A previousalgorithmwe usedfor singlemachine
executionwould try to distributethenumbersof processorsequallyacrossthedimen-
sions,andgivesadecompositionof 8 	 8 	 9, insteadof the8 	 18 	 4 obtainedabove.

To comparetheold andnew methodsof calculatingprocessortopology, we can
calculatethe amountof datasentacrossthe wide areanetwork at eachiteration,as-
sumingthateverygrid point sends8 bytes(1 floatingpoint number)to it’ sneighbor.

Theold algorithm(always)linesup themachinesin thehighestdimension,and
oneslice throughthe third dimensioncontains128 	 256gridpoints. The amountof
datasentacrosstheWAN is then128 	 256 	 8 	 3 ; 0.8MB (multiplied by 3 for 3
wideareaconnectionsbetween4 machines).In factit is evenmorethanthissincethis
decompositiondoesnot respectmachineboundarieswhich meansthattheboundaries
betweenmachinesarenotplanesbut maycontain“edges”(seeFigure1).

For the topologyprovidedby the new algorithm,a slice throughthe seconddi-
mensioncontains64 	 128 gridpointsand since thereare now by constructionno
“edges”theamountof datawhich hasto besentacrosstheWAN is 64 	 128 	 8 	 3
; 0.2MB, a factorfour lessthanthe0.8MB with theold algorithm.

4 Load Balancing

For codeswhich are executedin a real metacomputingenvironmenta proper load
balancingis often the key to high efficiency. The machinesetupusedin [3] used
480R10000processorsand1020Power-3 processorsto calculatea setof differential
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Figure1: A simpleexampleof processortopologywith atwo-dimensionalgrid. Ourexample
showsacomputationalgrid of 128 < 256gridpoints.Computingthisproblemontwo machines
with 8 and 16 processorsrespectively our algorithmswould yield a processortopology of
4 < 6, representedin the upperleft diagram. A standardsinglemachinealgorithmhowever,
even if it yields the sameprocessortopology will most likely end up in a very ineffective
processordistribution dueto the lack of grid environmentinformationascanbe seenin the
right diagram.Thethick line representsthemachine-boundaryin bothcases.Thelongerthis
line themoredatahasto be sentacrossslow inter-machinenetwork connections.Assuming
onebyte per gridpoint we have to send256 =?> 128@ 4ACB 288 bytesper iterationin the right
caseandonly 128bytesin the left case.Moreover we have to dealwith a machine-boundary
which doesnot have a planarform. This would prevent us from usingthe latency-avoiding
techniquesdescribedin Section6. This is a very simple two dimensionalexample,but the
algorithmalwaysprovides the optimal distribution for an arbitrarynumberof machinesand
computationalgridsin arbitrarilyhigh dimensions.
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Figure2: Thedomaindecompositionof a threedimensionalcomputationalgrid with
load320 	 320 	 160. Thereare256processorsdistributedequallyon two machines.
Theprocessortopologyis calculatedto be8 	 8 	 4. Sincethesecondmachineis about
twice asfastasthefirst, it is assignedtwice asmany gridpoints.Thethick line marks
themachineboundary.

equationson a threedimensionalcomputationalgrid. Sincethe Power-3 processors
areabouttwice asfastastheR10000sfor floatingpoint performance,anequallydis-
tributedloadwould cause1020processorsto idle half of their time. Then,sincethey
arerepresenting4/5of thetotalcomputationalpower, thetotalefficiency cannotexceed
3/5= 60%evenfor theidealcaseof no communicationor parallelizationoverhead.

4.1 Domain Decomposition

Section3 illustratedhow theprocessorsarearranged,i.e. which processorhaswhich
neighbor.We have not yet specifiedhow large the part of the computationaldomain
assignedto eachprocessoris. That is, we needto constructa suitabledomaindecom-
position. We have onesingleMPI job consistingof oneor moresubjobs.The total
numberof processorsis thesumof all processorsin thesubjobsandwe assumeone
typeof processorper subjob. From Section3 we know that the processortopology
is calculatedin sucha way thateachsubjob-setof processorsformsann-dimensional
cuboid and that neighboringsubjobsare always locatedin the dimensionwith the
highestnumberof gridpoints(the “longest” dimension).Figure2 illustratesthis for
thecaseof threedimensions.

Taking thesefactsinto account,the domaindecompositionis calculatedin the
followingmanner:Theentirecomputationaldomainis dividedintoslabs(seeFigure2)
of processorsin thelongestdimension.Eachslabis uniquelylocatedon onemachine
or subjob. Thelocalprocessorspeednow determinesthe“thickness”of theslabin the
longestdimension.



This canbe comparedwith the situationwheren paintershave to paint a wall
with all paintersfinishingat thesametime,but whereeachpainterworksatadifferent
speed. The way of dividing up the areaA of the wall betweenthe paintersis the
following. ThespeedSn of everypainterandhispartof thewall An arerelatedby

Ak

A j
�

Sk

Sj

Sincethe sum ∑n
k� 1Ak � A and the speedsSk are known the above systemcan be

solvedfor everyAk.
The distribution of gridpointsacrossthe machinesis calculatedwith the same

principle. Eachsubjobrunsa test loop to measurefloating point performance.The
speedsof themachines(or subjobs)aretheinverseof thetimewhich taken,measured
by the +�� )�1 /��ED$+������ call.

4.2 Example

We illustratedomaindecompositionwith an examplerun across256processors.As
in theDTF case,we performeddistributedrunsbetweenSDCSandNCSA. We used
two machines,an Origin 2000with R12000processorsand’Blue Horizon’ an IBM
SP equippedwith Power3-processors.The global threedimensionalgrid sizeused
was 320 	 320 	 160. The processortopology was calculatedto be 8 	 8 	 4, the
subjobsbeinglined up in thefirst dimension.Thebenchmarkfloatingpoint loop took
2.41 secondson the IBM SPand4.40 secondson the Origin subjob. The resulting
domaindecompositionthencontained41 	 42 grid pointson every processorin the
y andz directionsandthe gridpoint distribution acrossprocessorsin the x direction
looked like: 28 6 28 6 28 6 26 6 52 6 52 6 52 6 54 which meansthat Blue Horizon
calculateswith almosttwice asmuchdataastheOrigin. Of course,sincethenumber
of gridpointsmustbeaninteger, thenumberof gridpointson thelastprocessorof the
subjobchangesslightly (i.e. 26 and54).

4.3 Computation / Communication overlap

In the DTF setup[3] it wasobserved that an additionalperformancegain could be
achievedwhena lower workloadwasgivento theprocessorslocatedat thewide area
network boundary. By this we achieveapartialcomputation/ communicationoverlap
sinceprocessorsdeepinsideamachinecankeepdoingcalculationswhile otherproces-
sorsontheWAN boundaryarewaitingfor data.In theDTF setup,wedecided(without
theoreticaljustification)to give thoseprocessors20% lessworkloadandredistribute
this on theotherprocessorsof thatsubjob.

The new parallelizingalgorithm now includesthis overlap automatically. An
examplecanbeseenin Figure3. We implementeda loadrebalanceof 20%. In future
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Figure 3: A slightly correcteddomaindecompositionof the one in Figure 2. The
processorssitting at the WAN boundary(the thick line) get lessworkload then the
othersin the samesubjob. By this we achieve a partial overlapof computationand
communication.

versionsof ourcodethisnumberwill beestimatedusingnetwork characteristicsof the
wide areanetwork interconnectwhich will bedeterminedby our drivercodein terms
of latency andbandwidth.

5 Compression

Onecommonway to work aroundnetwork bandwidthproblemsis to usedatacom-
pression.In theDTF setup[3] we madethe following simplechoice:all datawhich
wascommunicatedin thedirectionof thecompressed.Sincethemachineshadbeen
manuallylined up in this direction, this meantthat all TCP traffic wascompressed.
Unfortunatelythiswasnotaverysatisfactoryimplementationsinceall communicated
datain this directionwascompressed,includingmessagesacrossintra-machinepro-
cessorboundarieswith relatively highbandwidth.

In the new implementation,compressionis only appliedwhereit provides an
advantage.That is, wherethe time taken to compress,sendanduncompressis less
thansimply sendingtheuncompresseddata.We areworking with floatingpoint data
from discretizedfunctionswhosevalueschangewith time,andthepotentialadvantage
of compressiondependsstronglyon characteristicsof thedata.

Theachievedcompressionratescanvary strongly, dependingon theapplication.
We observed a whole spectrum,from compressingdatadown to lessthan 10% of
theoriginal sizeto ratesof about70%. Thecompressionmethodwe areusingis the



“deflate”algorithmwhich is implementedwithin thezlib package[16]. It is a lossless
compressionmethodwhich representsa mixture betweenthe well known Huffman
codingandtheLempel-Ziv (LZ77) algorithm. Floatingpoint datamaybedifficult to
compress,anddifferentcompressionsalgorithmsmayprovide additionalbenefitover
whatwehaveseento date.

The fundamentalobjectin theCactusCodeis a groupof functionswith usually
haveverysimilarproperties(oftenthecomponentsof avectoror tensor),andweapply
compressionin agroupwisemanner.

Unlike the choiceof the numberof ghostzones(seenext section)the choiceof
whetheror not to compressdatais a local decision.This meansthatevery processor
candecideindependentlyif it wantsto sendcompressedor uncompresseddata.Even
the receiving processordoesnot have to know explicitly: It knows the size of the
uncompresseddata. If the sizeof the arrived datais smallerthan the expectedsize
thenit assumescompression.

Thequestionaboutwhethercompressiongivesa performancebenefitor not de-
pendsin principle on the ratio betweenthe speedof the processorand the network
bandwidth,i.e. is thetimeneededfor compressinganddecompressingshorterthanthe
time onesavesby sendinga compressedmessage?Experienceshows thatthis is defi-
nitely not thecasewithin supercomputersandclusterswith ahighspeedinterconnect,
wherethebandwidthbetweennodesapproaches100MB/s.This is thereasonwhy the
codenevertriesto compressdatawithin oneclusteror supercomputer. This is possible
sincefrom Section3 weexactlyknow whereWAN communicationsoccur.

Theprocedurehereis thefollowing: At agiveniterationthedrivercodeswitches
the compressionmode(on or off) andmonitorsthe communicationtimes for some
iterations(the usercanchoosethe lengthof this monitoring interval, default is 20).
This is being comparedto the times beforeswitching the modeand dependingon
the successthis modeis maintainedor not. This whole procedureis repeateduser
definedintervals (the default is 300 iterations)sincein a dynamicgrid environment
many thingscanchange,likenetworkbandwidth,thecompressionrateof thefunctions
or thenumberof functionsto synchronize.

6 Ghostzones

Ghostzonesarea commontechniqueusedin parallelizingfinite differencingcodes.
They arebufferswhich containdatafrom neighboringprocessorswhich allow all in-
terior grid pointson a processorto be updated.After eachiterationthis datahasto
besynchronized,which meansit hasto berefilled with datafrom theneighboredpro-
cessor. Dependingon the stencil sizeof the numericalalgorithm the depthof the
ghostzonecanbeoneor morepoints.

Thecrucialpoint in ourconsiderationsis thefactthatif theghostzonesizeis twice
asbig asthestencilsize,thesynchronizationof grid functions(thatis, send/receiveop-



erations)onlyneedsto beappliedhalf asfrequently. Thiskindof “message-coalescence”
allows us to overcomelatency effects. In [3] we useda ghostzonesizeof 10 in the
highestdimension.Thisallowedusto exchangedataover thewide areanetwork only
every10thiteration,reducethelatency by a factorof 10.

Increasingtheghostzonesizehowever incursa forfeit – we aretradingnetwork
latency at theexpenseof additionalmemoryandCPU(additionalghostzonesrequire
morememory, andmustalsobeevolvedat eachiteration).

Whereasthecompressionchoicewasseento bea local consideration,thedeci-
sionof whetheror not to changetheghostzonesizeis global in nature.Thenumber
of ghostzonesneedsto be consistentfrom processorto processor. In particularthey
needto havethesamedepthin then-1 dimensionalplanethey form (likee.g.thethick
line in figure2). In our modelthemachineboundariesalwaysform an-1 dimensional
plane,andweneedto changetheghostzonesconsistentlyon thisplane.

Thegoalagainis to automaticallyanddynamicallyselecttheoptimalnumberof
ghostzoneswhile thecodeis running.No a priori assumptionsaboutthequalityof the
network shouldbeassumed.Weproceedasin thecaseof compression.Theghostzone
sizeis successively changed(in stepsof thestencilsizeof thenumericalalgorithm),
andthe impacton codeperformanceis measuredandarchived. Oncethereis no sig-
nificant stepsof the stencil sizeandmeasurethe performancebenefitor loss. This
performanceimprovementthecodesettlesdown to theoptimalnumberof ghostzones.

Sincechangingthe numberof ghostzonesneedsto be consistentacrosssetsof
processors,any individual processorcannotdecideto changeautonomously. Instead
it mustexchangeperformancedatawith all other processorson it’ s slab to make a
consistentdecision.Moreover, it hasto exchangethis informationwith theprocessors
on the oppositesideof the wide areanetwork sincethey alsoneedto usethe same
ghostzonesize.

All thoseextra communicationsareimplementedsuchthatthis overheadis min-
imized. A new 
���
 ������� F#1-��/#G for processorson the slab is created,andonly the
upperleft processorof this slabexchangesghostzoneinformationwith it’ s neighbor
on the othersideof the WAN. This is a simpleimplementationof a topology aware
collectiveoperationon thedrivercodelevel. Efforts of implementingthis on theMPI
level areacurrentresearchtopic [15].

This leadsus to anotherdifferencebetweenadaptive compressionandadaptive
ghostzones:Increasingghostzonesizesduring codeexecutionintroducesadditional
communicationoverheadsinceeachnew ghostzonepoint hasto be filled with data
from theneighboringprocessor.

7 PerformanceMonitoring

The adaptive methodsdescribedin the last two sectionsfollow the samepattern. A
historyof performancenumbersis maintainedandbasedon thesestatistics,thedriver



is able to make decisionson whetheror not, and it which direction, to changethe
communicationinfrastructure.

One importantstatistic is the communicationtime for dataexchangebetween
processors,measuredasthewallclock time. Thesmallerthecommunicationtime, the
betterthechancesfor highperformance.

We alsousethesoftwarepackage,PAPI [17, 18] to obtaindetailedperformance
statisticsfor therunningcodeonthefly. PAPI providesamachineindependentperfor-
manceAPI, which allows thedriver to obtaintherequiredmetrics.Themainquantity
weareinterestedin is thecurrentfloprate.

For example,whentheghostzonesizeis changed,thenew floprateis compared
with thepreviousone.If it improvedtheghostzonesizeis increaseduntil nosignificant
improvementis observed.

8 Results

A majormotivationfor distributedparallelsimulationsis to achievehighperformance
for largescalesimulations.In thischapterwepresentresultsfrom examplerunswhich
demonstratehow a code’s performancecanbedrasticallyimprovedusingthenew al-
gorithmsdescribedin this paper. The testrunsusedhereareexamplesof real world
applications,executedin realgrid environments.In particular, weusedthesamecom-
putationallyintensive modulesetsandparameterfiles from Cactuswhich areusedin
largescaleproductionrunsby NumericalRelativists to simulatethe physicsof black
holes.

8.1 SingleMachine Tests

Thefirst testis a16processorrunonanOrigin 2000machine,usingtwosubjobsonthe
samemachine,eachwith 8 processors.As for realdistributedrunsthecommunication
within a subjobis very fast,with communicationsbetweensubjobsslower acrossa
100MBit fastEthernetinterface( 
��%
H� I�J$F�K routescommunicationsbetweensubjobs
acrossTCPconnectionsevenif they arelocatedon thesamemachine).

Figure4 comparesrunsusingtheold andnew algorithms.Onecanseethatboth
runsstartataboutthesamefloprate,around1100MFlops/s.Theautomaticadaptation
thenswitcheson in thenew algorithms,monitoringthecommunicationperformance
seendatawhich is sentover the network interfaceis compressed.Sincethe local
interfaceis quite fast (more than40MB/s to the local machine)the additionalCPU
time neededfor compressinganddecompressingactuallyleadsto a performanceloss
(atarounditeration45)asthediagramshows. Thedecisionroutinesof ourdrivercode
recognizethis degradation,andswitchoff datacompression.It is quitesurprisingthat
even in this casewith a singlemachine,increasingthe ghostzonesizeimproved the
efficiency.
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Figure4: Singleprocessorrun with two subjobs:Theuppercurve shows a run using
thenew algorithmsandthe lower curve shows a standardrun. Although in this case
compressiondoesnot provide a performancebenefit,increasingthenumberof ghost-
zonesresultsin theperformanceimproving by 20%. In this run, theinitial ghostzone
sizewasone,andthefinal ghostzonesizewasthree.

8.2 Transatlantic Runs

Having proved the logic of our new algorithmswith test runson a singlemachine,
we move to resultsfrom testsin a real distributedgrid environment. The setupnow
comprisestwo Origins on oppositesidesof theAtlantic Ocean.Thefirst machineis
locatedin St.Louis(USA), andthesecondin Potsdam(Germany). Thetwo machines
arebuilt from differentspeedprocessors.As in thepreviousexample,thecodeapplied
all thenew techniquesdiscussedin thispaper, rearrangingprocessorsaccordingto job
layout, loadbalancing,overlapof computationandcommunicationandcompression
applicationandghostzoneadaptationduringtherun. Figure5 clearlyshowshow these
techniquesimproveperformance.Usinganimprovedprocessortopologyanda prop-
erly balancedworkloadthenew codestartswith amuchbetterperformanceright from
thestart.After theapplicationof datacompressionandincreasingtheghostzonesize
thefloprateof theapplicationimprovedonceagainyielding a total performancegain
over theold codeof a factor3-4.

Theapplicationcodeexecutedin this runrequired9 differentgroupsof functions
to besynchronized.Theadaptivecompressionalgorithmappliedfoundthatnot every
groupof functionsled to aperformanceincreasewith theapplicationof compression.
In the run shown, the algorithm choseto apply compressionto only 5 out of the 9
functiongroups.This numberof coursecanchangewhile thecodeis beingexecuted
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Figure5: Thechangein theflopratewith iterationnumberfor a transatlanticrunusing
8 6 8 processorson two Origin 2000sin the USA andGermany. The lower curve
representsthefloprateof a “standard”distributedrun, andtheuppercurve shows the
performanceimprovementwhenapplyingour new algorithms.The applicationcode
is exactly thesamein bothcases.

accordingto theactualnetwork performanceandchangesto thecharacteristicsof the
data.Theghostzonesizeto which thecodeadaptedto wasfoundto be3 or 4 for this
setof testruns.

8.3 Lar geScaleDistrib uted Runs

Thelastresultspresentedhereuseasimilarsetupto thatusedfor theDTFruns,running
betweenOrigin 2000machinesatNCSAin Illinois, USA andaSP2machineatSDSC
in California,USA. For thepreviousDTF runswe useda manuallytunedcode,with
optimizationsneedingto bespeciallyappliedat theapplicationlevel. Theresultshere,
asin theprevioussections,usethenew techniqueswhich areall implementedin the
driver layer, theapplicationcoderequirednochanges.

This particularsetupandapplicationcodewereusedin demonstrationsat Super-
computing2001in Denver. The resultsof thesetestrunscanbe seenin Figure8.3.
Theleft diagramshowstheefficiency of a largescaleddistributedrun betweenNCSA
andSDSCrunningon256processorswhile theright oneplotsthefloprateof asmaller
run. During theseruns,aghostzonesizeof 3 wasshown to beoptimal.
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Figure 6: The efficiency of a larger scaleddistributed runs across256 processorson two
differentsites.Thepicturehereis verysimilar to ourpreviousexampleof a transatlanticrunas
seenin theright diagramwhichshows theFloprateof asmallerrun (16CPUs)betweenSDSC
andNCSAwith andwithoutouralgorithms.

9 Discussionand Summary

We have shown that rewriting a parallel driver for multi-machineexecutioncan in
many casesleadto an large performancebenefitfor computationscarriedout on in
a distributedenvironment. Our algorithmsincludespecialtechniqueswhich reduce
the limitations of network latency andbandwidth. The algorithmsarealsoadaptive,
efficiency is automaticallyimprovedwith time asthecomputationrunswithout need-
ing userintervention.Theadaptationalsoallowsacomputationto dealwith changing
characteristicsof thevariousnetworksconnectingthemachines,on thefly, duringthe
computation.Thetechniquesweredemonstratedto work well for a family of produc-
tion finite differencesimulationcodes.

In a modularframework suchasCactus,developingsucha grid-aware,adaptive
paralleldriver layer canhave enormousbenefits. In principle, the applicationitself,
insertedinto Cactus,doesnot requireany modificationto run in a distributed grid
environment. In practice,using realworld environments,we have shown that some
familiesof applicationscannot only be run without modification,but alsorun quite
efficiently. However, it is certainlythe casethat othertypesof applicationswill not
performaswell, andwouldnotbenefitfrom thetechniqueswehavedeveloped.

Although implementedin a genericway, variousassumptionshave beenmade
abouttheenvironment. For example,althoughwe expectdifferentmachinesto have
different processorcharacteristics,and can automaticallyload balancefor this, at
presentweassumeall processorsonagivenmachineto have thesamecharacteristics.
This canobviously berefinedin the future,andwill alsobeaddressedby scheduling



systems.
Our dynamic,runtimeadaptionalgorithmsarebasedon thepremisethatadjust-

mentsin the communicationsparameterscanbe madequickly enoughto respondto
the changingnetwork characteristics.For example, it is possiblethat the network
quality of a wide areanetwork canchangemuchfasterthanthemonitoringintervals
of ourcodewhichthenleadsto awrongresultof theadaptation.Onemethodfor more
effectivelychoosingwhento try adaptation,wouldbeto interfacewith anetwork mon-
itoring service,suchasNWS [19]. Thecalculationcouldthenadapt,asit startsup, to
thenetwork andcodecharacteristicsat that time, andcouldthenwait for instructions
to adaptagain. The instructionscomingboth from the network monitoringservice,
signalingchangesin theusednetwork, andthedriver which monitorschangesin the
characteristicsanddataof thesimulationitself.

Our techniquesalsointroducesomeoverheads.For examplethelatency reducing
techniquesof changingof ghostzonesduringcodeexecutionintroducesanadditional
communicationoverhead.Our testrunshowever, which werequiteshortascompared
to realproductionruns,thetimeneededfor theextracommunicationwasabout1%of
thetotal executiontime.

We have alsodealt with casesup to now wherethe calculationitself doesnot
changeover time. Althoughwe loadbalanceautomaticallyat theinitialization phase,
giving morework to morepowerful processors,sometypesof calculationswill change
with time, dependingon the algorithms,physicsmodels,etc. For example,adaptive
meshrefinementtechniqueswill automaticallyincreaseor decreasesimulationreso-
lution in variousspatial-temporalregionsof a simulation. This changingresolution
could producedramaticallychanginglocal workloadsas the computationproceeds.
Our adaptive toolswill needto bemodifiedto accountfor suchbehavior in thefuture.

Wehaveimplementedvarioussimpledecisionmakingalgorithmsthattry to make
only thosechangesthatleadto anincreasein efficiency, but aswehavementionedthey
canbefooled,especiallyin caseswheregrid conditionschangerapidly. In thefuture
they canbemadeto bemuchmoreintelligent,makinguseof servicessuchasNWS
for moreinformation,or checkpointingif thenetwork becomesunusable.

Hence,althoughwe have taken an importantstep,both by demonstratingthat
wide areadistributed computingcan indeedbe performedefficiently in a flexible
framework likeCactus,supportingmultiplesimulationcodeswith little or nochanges,
andallowing thecomputationto adaptto thecurrentgrid environment,thereis much
work to be doneto enhanceandimprove both the algorithmsandtheir implementa-
tion. Not only that,but thereis muchto bedonebeforesuchtechniqueswill bewidely
usedby thevariousapplicationscommunities.For example,theacquisitionof multi-
ple resourcesis still verydifficult, andwill requireco-schedulersto bein placeacross
many sitesto beuseful.Further, theuseof portals,thatwill enabletheaverageuserto
simply requestsomeabstractneed,for exampleby clicking awebbutton,will needto
befurtherdevelopedanddeployed.



Even oncesuchportals,co-schedulers,resourcesbrokersbecomeroutinely de-
ployed,muchmorework remainsto accommodatethevastspectrumof applications
that canpotentially run on the grid. To further enhancethe efficiency of even well
suitedcodes,like thoseusedin this paper, andto addressthecaseswherealgorithms
needto be reconsideredor redevelopedfor a grid environment,we aredevelopinga
Grid Application Toolkit in the GridLab project [7] that will allow applicationde-
velopersto custombuild their applicationsto betterexploit grid services.Whenthe
grid environmentfully matures,andwhensucha Grid Application Toolkit becomes
available,with effectivemonitoringtoolsto show applicationdevelopershow theiral-
gorithmsandcodesareperforming,we will finally reacha stagewheregrids canbe
usedtheenablethenew andinnovativeapplicationspeopleareenvisioning.
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