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Abstract

Runningtightly coupledparallelMPI applicationsn arealgrid environment
usingdistributed MPI implementationgl, 2] can,in principle, make betterand
moreflexible useof computationatesourcesbut for mostparallelapplications
it hasa major downside: The performancenf suchcodestendsto be very poor.
Most oftenthe naturalcharacteristic®f realvorld grids areresponsibldor this
behaior, for examplerapidly changingand unpredictablenetwork quality, het-
erogeneityandloadimbalance Worse,in mostcaseghe parallelizedcodeitself
doesnot take this grid natureinto account,having beenparallelizedfor single
machineexecution. We have alreadyshaowvn thatit is possibleto improve the ef-
ficiengy of suchcodesby manuallyadaptingthe parallellayoutto the given grid
ernvironment[3]. Basedon theseresultswe now presenia new setof algorithms
for parallelcodesrunningwithin the Cactusiramenwork [4], which automatically
adaptto the grid ervironment. We shav how thesealgorithmscan be imple-
mentedin an abstractandflexible mannerso that a large family of application
codescanbenefitwithout modificationsor evenary knovledge,of theunderly-
ing parallellayeror computationatesourcesThealgorithmsdetermineheopti-
mal processotopologyandoptimalloadbalance minimizecommunicatiorover
the WAN and apply lateng hiding and compressioriechniquesvhereneeded.
Thoseadaptationsywhich aspartof anMPI driver layerarehiddenfrom boththe
Cactusenduserand applicationprogrammerare performedautomaticallyand
dynamicallyduring codeexecutionin orderto attemptto meetthe requirements
of the changingnatureof the Grid. Largescaldestrunswith realworld applica-
tionshave shavn performancemprovementsof 200-300% jmportantlywith no
changesequiredin theapplicationcodeitself.
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1 Intr oduction

Theincreasingmaturity of grid computingis openinga doorto mary newv opportuni-
ties and possibilitiesfor how applicationcodescanbettermake useof the resources
availableto them[5, 6]. New applicationdriven projects,suchasGridLab, GriPhyn
andDataGrid[7] areworking togethemwith infrastructuredevelopersto developtech-
nologiessuchas schedulersmonitoring and information systemsyesourcebrokers,
datamanagemengchemesinduserportals. Suchtechnologiepromiseto enablethe
usersof today's applicationswith increasediccessibilityto resourcesgataandinfor-
mation, simplifying mary of the difficulties which currently restrict supercomputing
to thedomainof afew hardyscientistsandengineers.

Even more exciting is the inspirationgrid computingis providing towardsthe
developmentof fundamentallynew scenariogor applicationsrunningin a grid envi-
ronment. The EuropeanGridLab projectwill provide genericAPIs andtools which
generalapplicationscaneasilymake useof to, amongmary otherscenariosmigrate
entiresimulationsbetweemmachinesspavn subtaskdo lessloadedor lessexpensve
resourcesand perform intelligent parametersurneys. New collaboratve tools will
provide accesso, informationabout,andvisualizationof simulationgo wholegroups
of researchera/hile the codesarerunning,providing interactive controlandmonitor
ing. New messagingnterfaceswill inform usersaboutimportanteventsandproblems
with their jobs wherever they are located,using emails, mobile phones,PDAs, and
webbrowsers.

One of the key requirementdor thesenew applicationsis that they no longer
interactwith resourcesas a setof individual machines networks and datadevices,
but insteadview all thesecomponentsas one large virtual supercomputerThe grid
serviceswhich the applicationsuse shouldhave the intelligenceto make useof the
mostappropriatecomponent®r sub-componentsf this virtual machine considering
factorssuchascoderequirementsperformancendcost.

In this paperwe describetechniqueswvhich enablea small pieceof this vision,
allowing tightly coupledVIPI applicationdo run efficiently acrossmultiple computers,
connectedogetherby arbitrary networks. This work hasthreedriving motivations:
Firstly, today'slarge scaleapplicationsoftenrequiremoreresourceshanareavailable
on a single machine. Making use of larger virtual machineswill enableotherwise
impossiblesimulations. Second,even whenan applicationcanbe run on a multiple
processor®f a singlemachine,it may still be beneficialto usedifferentcomponents
from thevirtual supercomputeavoiding long or expensve queuedo obtaina quicker
or cheapersolution. Finally, the developmentof the flexible, adaptve and dynamic
techniqueslescribedereis asteptowardsthe goalof enablingapplicationdo beable
to take full advantageof theemeqging grid software.



2 Distrib uted Simulations

For someyears,it hasbeenpossibleto run parallel codesacrossmore than one su-
percomputeor cluster(see,e.g.,[8]). However, even with the introductionof grid
enabledvIPl implementationsuchas[1, 2], mosttightly coupled,communicationn-
tensve codeswill achieve very poor performancd9] oncethetransferof dataacross
aWAN is introduced.

The main reasonfor this suboptimalperformance asidefrom load imbalance
resultingfrom processomhomogeneityis thefactthatbetweersomeprocessorthere
is anetwork with acomparatrely high lateng andlow bandwidth.Typical real-world
numbersgvenfor high performanceesearcmetworks, area lateng/ of 20to 200ms
for a wide areanetwork link and a bandwidthof between0.5 and5 MB/s. For a
supercomputenr tightly coupledclusterthosenumbersare?2 to 4 ordersof magnitude
better namelyaroundl1Ous and120MB/srespectrely. Sincemary parallelsimulation
codesneeddatasynchronizationacrossprocessorst eachiteration, it is clear that
unlessspecialcareis taken, a slow network betweenary one pair of processorss
enoughto arbitrarily degradethe codes efficiengy.

Thefamily of codeswe have consideredn this paperarefinite differencingcodes
that computefunctionsdiscretizedon a regular grid. This is typical of mary codes
in astrophysicsrelatvity, fluid dynamics,etc. The communicatiorschemeof those
codesarisesdrom theneedto synchronizalata thatis, to sendandreceve thediscrete
function valuesat “grid-points” with a neighboredorocessar The numberof neigh-
borsandalsothe amountof datato sendgrows linearly with the dimension. Similar
considerationarealsotruefor codesusingunstructureaneshesparticlemethodsetc.

In apreviouspaper[3] we have shovn thatit is possibleto executeparallelcodes
in adistributedgrid environmentandobtainahigh efficiency (betweer60%- 88%,see
the paperfor problemsof definingspeedumndefficiengy in a heterogeneousetup).
The codewas executedacrossfour supercomputershich were geographicallydis-
tributed acrossthe United States. Thesedemonstratiorruns were part of the “Dis-
tributed TerascaleFacility” proposal(DTF), which was later fundedby the NSF to
build anationwide‘TeraGrid” [10]. Thework describedn [3] wasawardeda Gordon
Bell Prizeat Supercomputin@001in Denver.

The DTF runsrequiredalot of effort. Many communicatioranddomaindecom-
positiondetailshadto be adjustednanuallyfor the ervironmentused(both machines
andnetwork). Without suchmanualtuning very poor efficiengy (< 20%) was seen.
Theseadjustmentsaffected primarily the processotopology the domaindecompo-
sition, compressiorandthe choice of the numberof ghostzonegchoosingmultiple
ghostzoness atechniqueo overcomelateng problems seeSection6). Theseexpe-
riencesled usto develop algorithmsto implementtheseadjustmentsandtheir auto-
matictuning,in the paralleldriver of the code. This paperdescribeghesealgorithms
in detail, alongwith their genericimplementationandpresentsesultsfor realworld
applications.



Other authorshave also shovn that optimizing applicationsfor wide areaexe-
cutionis beneficial[11, 12]. Herewe emphasizénowever thatthe optimizationsde-
scribedhereareperformedsolelyin thedriver level of thegeneralCactusCode andas
suchcanbeimmediatelyexploitedby entirefamiliesof applicationgunningwithin the
Cactudramenork. Further thewell defineddriverinterfaceandmodularityemployed
in Cactusmeanghatthis grid awaredriver canalsobeemployedby independensim-
ulationcodes.

2.1 Considerationsfor Efficient Grid Performance

A wishlist for smartalgorithmsfor parallelcodesunningin agrid ervironmentshould
containthe following considerations:

load balance: Divide the whole domaininto subdomaindor eachprocessorsuch
that the heterogeneousetupis accountedor (in particulardifferentprocessor
speeds).No processoshouldneedto wait for any other no processoshould
hold up others.

processortopology: Minimize communicatiorovertheWAN by calculatingthe opti-
mal processotopologyaccordingo the numberof processoren eachmachine
andthe shapeof the computationagrid.

latency hiding: The driver code should optimally coalescegroupsof smallermes-
sagesnto largeroneswhenneeded.This dealswith latenciesn wide areanet-
works(in ourcaseémplementedisingmultiple ghostzonesasdiscussedelow).

apply selectve compression: The codeshouldoptimally compressdatawhich will
be sentover the WAN. Sincecompressiomratesandtimes differ for different
kinds of datafunctions,eachdatafunctionshouldbe consideredeparatelyFor
example, periodic, wave-like functionscompresamuch fasterand betterthan
irregular, noisy functions. Intra machinecommunicatiorshouldusuallynot re-
guiredatacompression.

dynamically adaptive: Theseissuesn principle all dependon propertieswhich can
changewith time: compressiomates,compressiorimes (calculatedfunctions
changein time) andlateny effects (frequeng of synchronizatiorcan change
with time), load on a processorandthereforeits effective power, etc. This re-
guiresthe codeto continuouslyadaptanddeterminethe bestconfiguration.

dimensionindependent: The codeshouldbe dimension-independenitg. it should
be ableto dealwith 2-dimensionatliscretizedunctionsaswell aswith n-dim-
ensionalandshouldcalculatethe optimal configurationfor eachdimension.



single-machineasa specialcase: The implementatiorof the new algorithm should
generalizethe previous algorithmin the sensethatit containsthe specialcase
wherethe numberof machiness oneandshouldthenautomaticallyreduceto a
classicalparallelizingschemewithout compression/laterydechniques.

minimize overhead: Sinceadditionalcodewill beexecutedalongwith thenumerical
calculationsn orderto make adaptation®n thefly it will introduceadditional
computationalbnd communicationoverhead. The goal hereis to minimize in
particularthecommunicatioroverheadj.e. exchanganformationbetweernpro-
cessoronly if andwherereally needed.

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

application doesnot change: The applicationitself, i.e. the numericalcode(written
in Fortran,C, or C++) shouldnot needto e affectedandcanremainunchanged.

All theseissuesarenormally notaddresseth codeswhich have beenwritten for
single machineexecution. The restof this paperwill describehow we have imple-
mentedthe above items,andshov how thesetechniquesmproved efficiency signifi-
cantlyfor realworld applications.

We would lik e to make a specialremarkaboutthelastpointabove, thatthe appli-
cationdoesnot needto be changedIn orderto have grid technologiesvidely adopted
by applicationsijt is crucialto enableexisting codesto exploit grid technologiewith
aslittle changeaspossiblejotherwise gridswill simply notbe used!We shawv below
thatfor a certainclassof applicationghatusethe Cactusframework, this is possible,
andwith excellentresults. However, we wantto emphasizehatin the future, we do
expectthatapplicationdeveloperswill wantto rethinktheir algorithms andwrite new
generation®f applicationghatarespecificallytailoredto runin a grid ervironment.
The GridLab projectaimsto provide a "Grid Application Toolkit” thatwill provide
monitoringtools to see,for example,which partsof an applicationperformwell on
aWAN, to enableenableexisting applicationgo be retooledto bettertake advantage
of grids,andto allow entirely new familiesof applicationswith new grid-avarealgo-
rithms,to bedeveloped.

3 ProcessorTopology

3.1 SingleMachine Case

In the casesconsideredthe calculationsare carried out on a regular, topologically
cartesiarcomputationalrid in n dimensions.The dataon this computationalrid is



distributedacrossgprocessorsiccordingto someprocessoitopolagy. This distribution
is characterizedy an n-tuple of numbersky,k,, ..., k,, wherek; is the numberof
processorsisedin theit" dimensionandwe have [1L; k = NP whereNP is the total
numberof processorsFor a threedimensionalrid using32 processorshe topology
couldbe4 x2x4o0rl6x2x1oreven32x 1x1,i.e.,32processors astraightline
alongthefirst dimension.

The particularchoiceof the topologystronglyinfluenceghe communicatiorbe-
havior of thosecodes. A two dimensionalgrid, which is stretchedn the y-direction
(e.g.64 x 128gridpoints)canbedividedup on two processorsvith topology1 x 2 or
2 x 1. Sincethecommunicatiorconsistof sending/receing the “f aces”of thesliced
domain thelatterprocessotopologyturnsoutto bemuchmorecommunicationnten-
sive: 128gridpointswould be sent/recaiedeveryiterationin this case comparedvith
only 64 pointsin theformer case.Both decompositionsvill give the samenumerical
result.

The amountof communications thereforedeterminedoy the size of the faces.
For a single machine,our driver code doesthe following: It computesall possible
processomecompositionsand sumsup the sizesof the communication-dices. The
topology with the minimal total “face size” is chosen. One might think that this
“brute-force” methodcould becomevery slow for large numbersof processorand
dimensionshut this is not true in our implementation.For examplethe optimal pro-
cessotopologyfor the 6-dimensionagrid 128x 64 x 76 x 96 x 32x 128decomposed
on 2048 processorgyielding a processotopologyof 8 x 4 x 4 x 4 x 1 x 4) takes0.3
second®naEV6 alphaprocessar

3.2 Multi Machine Case

Theabove proceduras optimalfor ahomogeneousetup- assuminganidenticalnet-
work quality betweerall processorsin the multi machinecase we dealwith another
picture: We have fast communicationnetworks betweenmost processorsand slow
network betweensomeprocessors.Typically, aspointedout in the introduction,the
network quality is of 2-4 ordersof magnitudewvorsein termsof latengy andbandwidth.

In our modelwe restrictoursehesto caseswvherethe numberof processor®n
eachmachinearedivisible. Thisis usuallythe case sincemostqueuesnbig systems
allow amaximumprocessonumberwhichis a power of two.

In orderto minimize the communicatiorover the wide areanetwork we always
pick the smallestfacesto be the oneswherecommunicationgo acrosshe wide area
network. In a n-dimensionatuboid,thesearethe faceswhich are orthogonalto 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 the computationagrid.

In orderto solve this generalproblemthe codeneedso have all the basicinfor-



mationathand Jeadingto thefollowing question:How doesthedrivercodeknow how
mary processorarebeingusedon how mary machinesThelocalMPI_Comm_size ()
function only returnsthe total numberof processorsWe thusneedto exploit higher
level informationservicesjn our caseGlobus,or in particularit’ s resourcecoallocat-
ing packagebUROC [14].

3.3 Globusand DUROC

Onebasicideabehindthe Globus Metacomputingroolkit is to provide infrastructure
informationaboutthegrid environment,evendynamicallyin arunningcode.Thepart
of Globuswhich providesthis informationis calledDUROC: Dynamicallyupdatedre-
sourcecoallocator. ThissoftwarecontainanAPI which providesexactlytheinforma-
tion we need,namelythejob-layout It allows usto obtainthe informationabouthow
mary processorareusedon how mary machinessvenbeforeMPI_Init () is called
(Wearemainlyusingtheglobus_duroc_runtime_inter_subjob_structure() func-
tion call). Using DUROC terminology the numberof processoron one machineis
calleda subjobof a distributedjob.
Theroadmapfor constructinghe optimalprocessotopologyis the following:

(1) Obtainthejob-layoutusingthe DUROC API.
(2) Find outwhichdimensioncontainsthelargestnumberof gridpoints.

(3) Divide up the grid in this longestdimensionacrossthe machinesnto imaginary
subgridsfor eachsubjob The more processorsa subjob has, the biggerit’'s
subgrid.

(4) Findthesubjobwith thesmallesihumberof processors.

(5) Usethealgorithmfrom Section3.1to find the optimal processotopologyfor this
smallestsubjobin it's sub-domain.

(6) Settheglobalnumberof processor$or all but thelongestdimensionaccordingo
thetopologyin the smallestsubjob

(7) To getthenumberof processorfor thelongestdimensiondivide thetotal number
of processorsuccessiely by thenumberof processorgn eachotherdimension.

(8) Theoverall processotopologyis now determinedor thewholejob.

The implementatiorof this algorithmis straightforvard. The input parameters
arethe sizeof the global grid, the numberof machinesthe numberof processorsn
eachmachineandthedimension.Theoutputthenconsistof thenumberof processors
in eachdimensionfor eachmachine namelythe processotopology



3.4 Example

For anexampleof thenew topologyalgorithmin practice consideathreedimensional
computationagrid with theshapel28x 256 x 64,anda machinesetupwith four ma-
chinescontaining64, 128,128 and 256 processorsApplying the topologyalgorithm
in Section3.3: (1) DUROC reportsthe job-layout,namelythatthereare4 machines
orderedwith 64,128,128 and256 processorsespectrely, (2) Thelongestdimension
is the secondwith 256 grid points, (3) For the purposeof finding the topology the
grid point distribution acrossthe four machinesn this secondlongest)dimensionis
takento be 28:57:57:114(4) The first subjobis the smallestwith 64 processors(5)
The subdomairfor this subjobis 128x 28 x 64, applying the single machinealgo-
rithm of Section3.1the processotopologyon this subjobis 8 x 2 x 4, (6) Theglobal
topologyis then8 x X x 4, wherethe numberX of processorsn the seconddirec-
tion is still to be found, (7) This numberX is thenthe total numberof processors
64+ 128+ 128+ 256= 576 divided by the numberof processorén otherdirections
thanthesecondX = 576/(8 x 4) = 18, (8) Theglobaltopologyis now determinedo
8x18x4.

Classicakllgorithmswould not considemrmachinetopologiesandmaybenot even
the shapeof the grid. Usualinput parametersvould be the total numberof processors
andthe dimensionof the problem. A previous algorithmwe usedfor singlemachine
executionwould try to distributethe numbersof processorgquallyacrosshe dimen-
sions,andgivesadecompositiorof 8 x 8 x 9, insteadof the8 x 18 x 4 obtainedabove.

To comparethe old andnew methodsof calculatingprocessotopology we can
calculatethe amountof datasentacrossthe wide areanetwork at eachiteration, as-
sumingthatevery grid point sends8 bytes(1 floating point number)to it’s neighbor

The old algorithm (always)lines up the machinesn the highestdimension,and
oneslice throughthe third dimensioncontains128 x 256 gridpoints. The amountof
datasentacrossthe WAN is then128x 256x 8 x 3 ~ 0.8MB (multiplied by 3 for 3
wide areaconnectiondetweer machines)ln factit is evenmorethanthis sincethis
decompositiordoesnot respecimachineboundariesvhich meanghatthe boundaries
betweermachinesarenot planesbut may contain“edges”(seeFigurel).

For the topology provided by the new algorithm, a slice throughthe seconddi-
mensioncontains64 x 128 gridpoints and since there are now by constructionno
“edges”the amountof datawhich hasto be sentacrosshe WAN is 64 x 128x 8 x 3
~ 0.2MB, afactorfour lessthanthe 0.8MB with theold algorithm.

4 Load Balancing

For codeswhich are executedin a real metacomputingervironmenta properload
balancingis often the key to high efficiengy. The machinesetupusedin [3] used
480R10000processorand1020Power-3 processorso calculatea setof differential
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Figurel: A simpleexampleof processotopologywith atwo-dimensionagrid. Ourexample
shavs acomputationagrid of 128x 256 gridpoints.Computingthis problemontwo machines
with 8 and 16 processorsespectrely our algorithmswould yield a processotopology of
4 x 6, representedh the upperleft diagram. A standardsingle machinealgorithmhowever,
even if it yields the sameprocessottopology will mostlikely endup in a very ineffective
processodistribution dueto the lack of grid ervironmentinformationascanbe seenin the
right diagram.Thethick line representshe machine-boundarin both cases.Thelongerthis
line the moredatahasto be sentacrossslow intermachinenetwork connections.Assuming
one byte per gridpointwe have to send256+ (128/4) = 288 bytesperiterationin the right
caseandonly 128 bytesin theleft case.Moreover we have to dealwith a machine-boundary
which doesnot have a planarform. This would prevent us from usingthe lateng-avoiding
techniquesdescribedn Section6. This is a very simpletwo dimensionalexample, but the
algorithm always provides the optimal distribution for an arbitrary numberof machinesand
computationagridsin arbitrarily high dimensions.
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Figure2: Thedomaindecompositiorof a threedimensionacomputationafrid with
load320x 320x 160. Thereare 256 processorslistributedequallyon two machines.
Theprocessotopologyis calculatedo be8 x 8 x 4. Sincethesecondnachines about
twice asfastasthefirst, it is assignedwice asmary gridpoints. Thethick line marks
themachineboundary

equationson a threedimensionalcomputationafgrid. Sincethe Powver-3 processors
areabouttwice asfastasthe R10000dor floating point performancean equallydis-
tributedload would causel020processorso idle half of their time. Then,sincethey
arerepresenting/5 of thetotalcomputationapower, thetotal efficiency cannotexceed
3/5=60%evenfor theideal caseof no communicatioror parallelizationoverhead.

4.1 Domain Decomposition

Section3 illustratedhow the processorarearrangedj.e. which processohaswhich
neighboWe have not yet specifiedhow large the part of the computationaldomain
assignedo eachprocessors. Thatis, we needto constructa suitabledomaindecom-
position We have onesingle MPI job consistingof one or more subjobs. The total
numberof processorss the sumof all processors the subjobsandwe assumeone
type of processomer subjob From Section3 we know that the processotopology
is calculatedn suchaway thateachsubjob-sebf processorformsann-dimensional
cuboid and that neighboringsubjobsare always locatedin the dimensionwith the
highestnumberof gridpoints(the “longest” dimension). Figure 2 illustratesthis for
the caseof threedimensions.

Taking thesefactsinto account,the domaindecompositioris calculatedin the
following manner:Theentirecomputationatlomainis dividedinto slabs(seeFigure2)
of processor# thelongestdimension.Eachslabis uniquelylocatedon onemachine
or subjob Thelocal processospeedchow determineshe “thickness”of theslabin the
longestdimension.



This canbe comparedwith the situationwheren paintershave to painta wall
with all painterdinishingatthe sametime, but whereeachpainterworksat a different
speed. The way of dividing up the areaA of the wall betweenthe paintersis the
following. The speeds, of every painterandhis partof thewall A, arerelatedby

A X

A S
Sincethe sumy}_; A, = A andthe speedsS, are known the abore systemcan be
solvedfor every A,..

The distribution of gridpointsacrossthe machiness calculatedwith the same
principle. Eachsubjobrunsa testloop to measurdloating point performance.The
speed®f themachinegor subjobs)retheinverseof thetime which taken,measured
by thegetrusage () call.

4.2 Example

We illustrate domaindecompositiorwith an examplerun across256 processorsAs
in the DTF case we performeddistributedrunsbetweenSDCSandNCSA. We used
two machinesan Origin 2000with R12000processorsand’Blue Horizon’ an IBM
SP equippedwith Power3-processors.The global threedimensionalgrid size used
was 320x 320x 160. The processotopology was calculatedto be 8 x 8 x 4, the
subjobsbeinglined up in thefirst dimension.The benchmarKkloating pointloop took
2.41 secondn the IBM SPand4.40 secondson the Origin subjob The resulting
domaindecompositiorthen contained41 x 42 grid pointson every processoin the
y and z directionsandthe gridpoint distribution acrossprocessorsn the x direction
looked like: 28+ 28+ 28+ 26+ 52+ 52+ 52+ 54 which meansthat Blue Horizon
calculateswith almosttwice asmuchdataasthe Origin. Of course sincethe number
of gridpointsmustbe aninteger, the numberof gridpointson thelastprocessopf the
subjobchangeslightly (i.e. 26 and54).

4.3 Computation / Communication overlap

In the DTF setup[3] it wasobsered that an additionalperformancegain could be
achievedwhena lower workloadwasgivento the processor$ocatedat the wide area
network boundary By this we achiese a partial computation communicatioroverlap
sinceprocessordeepnsideamachinecankeepdoingcalculationsvhile otherproces-
sorsontheWAN boundaryarewaiting for data.In theDTF setupwe decidedwithout
theoreticaljustification)to give thoseprocessor20% lessworkload andredistritute
thisontheotherprocessorsf thatsubjob
The new parallelizing algorithm now includesthis overlap automatically An

examplecanbeseenin Figure3. We implementeda loadrebalancef 20%. In future



Figure 3: A slightly correcteddomaindecompositiorof the onein Figure2. The
processorsitting at the WAN boundary(the thick line) get lessworkload thenthe
othersin the samesubjob By this we achieve a partial overlap of computationand
communication.

versionsof our codethis numberwill beestimatedusingnetwork characteristicef the
wide areanetwork interconnectvhich will be determinedy our driver codein terms
of lateny andbandwidth.

5 Compression

Onecommonway to work aroundnetwork bandwidthproblemsis to usedatacom-
pression.In the DTF setup[3] we madethe following simplechoice: all datawhich
wascommunicatedn the directionof the compressedSincethe machineshadbeen
manuallylined up in this direction, this meantthat all TCP traffic wascompressed.
Unfortunatelythis wasnota very satishctoryimplementatiorsinceall communicated
datain this directionwas compressedncluding messageacrossintra-machinepro-
cessoboundariewvith relatively high bandwidth.

In the new implementation,compressions only appliedwhereit providesan
adwantage. Thatis, wherethe time taken to compresssendand uncompresss less
thansimply sendingthe uncompressedata. We areworking with floating point data
from discretizedunctionswhosevalueschangewith time, andthe potentialadvantage
of compressiomependstronglyon characteristicef the data.

The achieved compressiomatescanvary strongly dependingon the application.
We obsened a whole spectrum,from compressinglatadown to lessthan 10% of
the original sizeto ratesof about70%. The compressioimmethodwe areusingis the



“deflate” algorithmwhichis implementedwithin the zlib packagd16]. It is alossless
compressiommethodwhich representa mixture betweenthe well knowvn Huffman
codingandthe Lempel-Zv (LZ77) algorithm. Floatingpoint datamay be difficult to
compressanddifferentcompressionalgorithmsmay provide additionalbenefitover
whatwe have seernto date.

The fundamentabbjectin the CactusCodeis a group of functionswith usually
have very similar propertieqoftenthecomponentsf avectoror tensor) andwe apply
compressioln agroupwisemanner

Unlike the choiceof the numberof ghostzonegseenext section)the choiceof
whetheror not to compresgsiatais a local decision. This meanghatevery processor
candecideindependentlyf it wantsto sendcompressedr uncompressedata. Even
the receving processomoesnot have to know explicitly: It knows the size of the
uncompressedata. If the size of the arrived datais smallerthanthe expectedsize
thenit assumesompression.

The questionaboutwhethercompressiorgivesa performanceenefitor not de-
pendsin principle on the ratio betweenthe speedof the processomlnd the network
bandwidthj.e. is thetime neededor compressingnddecompressinghorterthanthe
time onesaresby sendinga compressethessageExperienceshowvs thatthis is defi-
nitely notthe casewithin supercomputerandclusterswith a high speednterconnect,
wherethe bandwidthbetweemodesapproache400MB/s. Thisis thereasorwhy the
codenevertriesto compresslatawithin oneclusteror supercomputeiThisis possible
sincefrom Section3 we exactly know whereWAN communication®ccut

Theproceduréhereis thefollowing: At agiveniterationthedriver codeswitches
the compressiormode (on or off) and monitorsthe communicatiortimes for some
iterations(the usercan choosethe length of this monitoringinterval, default is 20).
This is being comparedto the times before switching the mode and dependingon
the succesghis modeis maintainedor not. This whole procedures repeateduser
definedintervals (the default is 300 iterations)sincein a dynamicgrid ervironment
mary thingscanchangelik e network bandwidth thecompressiomateof thefunctions
or the numberof functionsto synchronize.

6 Ghostzones

Ghostzonesre a commontechniqueusedin parallelizingfinite differencingcodes.
They arebufferswhich containdatafrom neighboringprocessorsvhich allow all in-
terior grid pointson a processoto be updated. After eachiterationthis datahasto
be synchronizedwhich meanst hasto berefilled with datafrom the neighboredro-
cessor Dependingon the stencil size of the numericalalgorithm the depth of the
ghostzoneanbe oneor morepoints.

Thecrucialpointin our considerationgs thefactthatif theghostzonesizeis twice
asbig asthestencilsize,thesynchronizatiorof grid functions(thatis, send/receie op-



erationspnly needgo beappliedhalf asfrequently Thiskind of “message-coalescence”
allows usto overcomelateng effects. In [3] we useda ghostzonesize of 10 in the
highestdimension.This allowedusto exchangedataover the wide areanetwork only
every 10thiteration,reducethe lateng by afactorof 10.

Increasingthe ghostzonesize however incursa forfeit — we aretradingnetwork
lateng at the expenseof additionalmemoryand CPU (additionalghostzonesequire
morememory andmustalsobe evolvedat eachiteration).

Whereaghe compressiorthoicewasseento be a local considerationthe deci-
sion of whetheror not to changethe ghostzonesizeis global in nature. The number
of ghostzonesieedsto be consistenfrom processoto processar In particularthey
needto have the samedepthin then-1 dimensionaplanethey form (like e.g.thethick
line in figure 2). In our modelthe machineboundarieslwaysform an-1 dimensional
plane,andwe needto changehe ghostzonesonsistentlyon this plane.

The goalagainis to automaticallyanddynamicallyselectthe optimalnumberof
ghostzonesvhile thecodeis running.No a priori assumptionaboutthequality of the
network shouldbeassumedWe proceedasin the caseof compressionTheghostzone
sizeis successiely changedin stepsof the stencilsize of the numericalalgorithm),
andtheimpacton codeperformanceas measurecgndarchived. Oncethereis no sig-
nificant stepsof the stencil size and measurehe performancebenefitor loss. This
performancemprovementthecodesettlesdown to the optimalnumberof ghostzones.

Sincechangingthe numberof ghostzonesieedsto be consisteni@acrosssetsof
processorsary individual processocannotdecideto changeautonomously Instead
it mustexchangeperformancedatawith all other processor®n it’s slabto make a
consistentlecision.Moreover, it hasto exchangethis informationwith the processors
on the oppositeside of the wide areanetwork sincethey alsoneedto usethe same
ghostzonesize.

All thoseextracommunicationgreimplementedsuchthatthis overheads min-
imized. A new MPI_Comm_Group for processor®n the slabis created,andonly the
upperleft processonf this slabexchangeghostzonanformationwith it’s neighbor
on the otherside of the WAN. This is a simpleimplementatiorof a topology aware
collective operationon thedriver codelevel. Efforts of implementingthis on the MPI
level area currentresearchiopic [15].

This leadsus to anotherdifferencebetweenadaptve compressiorand adaptve
ghostzonesincreasingghostzonesizesduring codeexecutionintroducesadditional
communicationoverheadsinceeachnewn ghostzonepoint hasto be filled with data
from theneighboringprocessar

7 PerformanceMonitoring

The adaptve methodsdescribedn the lasttwo sectionsfollow the samepattern. A
history of performancenumberss maintainedandbasedon thesestatisticsthedriver



is able to make decisionson whetheror not, andit which direction, to changethe
communicationnfrastructure.

One importantstatisticis the communicationtime for dataexchangebetween
processorgneasuregsthewallclock time. The smallerthe communicatiortime, the
betterthe chancegor high performance.

We alsousethe softwarepackagePAPI [17, 18] to obtaindetailedperformance
statisticdor therunningcodeonthefly. PAPI providesa machinendependenperfor
manceAPI, which allows thedriver to obtainthe requiredmetrics. The main quantity
we areinterestedn is thecurrentfloprate.

For example,whenthe ghostzonesizeis changedthe new floprateis compared
with thepreviousone.If it improvedtheghostzonesizeis increasedintil nosignificant
improvementis obsened.

8 Results

A majormotivationfor distributedparallelsimulationss to achieve high performance
for large scalesimulations.In this chaptemwe presentesultsfrom examplerunswhich
demonstratéow a codes performanceanbe drasticallyimprovedusingthe new al-
gorithmsdescribedn this paper The testrunsusedhereare examplesof realworld
applicationsgxecutedn realgrid ervironments.In particular we usedthe samecom-
putationallyintensve modulesetsandparametefiles from Cactuswhich areusedin
largescaleproductionruns by NumericalRelatvists to simulatethe physicsof black
holes.

8.1 SingleMachine Tests

Thefirsttestis a16 processorunonanOrigin 2000machine usingtwo subjobsonthe
samemachine gachwith 8 processorsAs for realdistributedrunsthe communication
within a subjobis very fast, with communicationdetweensubjobsslower acrossa
100MBIt fastEthernetinterface (MPICH-G2 routescommunicationdetweensubjobs
acrossTCP connectiongvenif they arelocatedonthesamemachine).

Figure4 comparesunsusingthe old andnew algorithms.Onecanseethatboth
runsstartat aboutthe samefloprate,around1100MFlops/s.Theautomaticadaptation
thenswitcheson in the new algorithms,monitoringthe communicatiorperformance
seendatawhich is sentover the network interfaceis compressed.Sincethe local
interfaceis quite fast(more than 40MB/s to the local machine)the additional CPU
time neededor compressingnddecompressingctuallyleadsto a performancdoss
(atarounditeration45) asthediagramshows. Thedecisionroutinesof ourdriver code
recognizethis degradation andswitch off datacompressionlt is quite surprisingthat
evenin this casewith a single machine,increasingthe ghostzonesize improvedthe
efficiengy.
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Figure4: Singleprocessorun with two subjobs:The uppercurve shavs arun using

the new algorithmsandthe lower curve shavs a standardun. Althoughin this case
compressiomoesnot provide a performancéenefit,increasinghe numberof ghost-

zonesresultsin the performancemproving by 20%. In this run, theinitial ghostzone
sizewasone,andthefinal ghostzonesizewasthree.

8.2 Transatlantic Runs

Having proved the logic of our new algorithmswith testrunson a single machine,
we move to resultsfrom testsin a real distributedgrid environment. The setupnow
comprisegwo Origins on oppositesidesof the Atlantic Ocean. The first machineis
locatedin St.Louis(USA), andthe secondn Potsdam{Germaury). Thetwo machines
arebuilt from differentspeedprocessorsAs in thepreviousexample thecodeapplied
all thenew techniquesliscussedh this papeyrearrangingprocessorsccordingo job
layout, load balancing,overlapof computatiorand communicatiorand compression
applicationandghostzonedaptatiorduringtherun. Figure5 clearlyshovs how these
techniquesmprove performanceUsinganimproved processotopologyanda prop-
erly balancedvorkloadthenew codestartswith amuchbetterperformanceight from
the start. After the applicationof datacompressiorandincreasinghe ghostzonesize
thefloprateof the applicationimproved onceagainyielding a total performancegain
overtheold codeof afactor3-4.

Theapplicationcodeexecutedn this runrequired9 differentgroupsof functions
to be synchronizedThe adaptve compressiomlgorithmappliedfoundthatnot every
groupof functionsled to a performancencreasewith the applicationof compression.
In the run shown, the algorithm choseto apply compressiorto only 5 out of the 9
functiongroups. This numberof coursecanchangewhile the codeis beingexecuted
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Figure5: Thechangen theflopratewith iterationnumberfor atransatlanticunusing
8+ 8 processor®n two Origin 2000sin the USA and Germary. The lower curve
representshe floprateof a “standard”distributedrun, andthe uppercurve shows the
performancemprovementwhenapplyingour new algorithms. The applicationcode
is exactly the samein bothcases.

accordingto the actualnetwork performanceindchangego the characteristicef the
data. The ghostzonesizeto which the codeadaptedo wasfoundto be 3 or 4 for this
setof testruns.

8.3 LargeScaleDistrib uted Runs

Thelastresultspresentedhereuseasimilarsetupto thatusedfor theDTF runs,running
betweerOrigin 2000machinesat NCSAIn lllinois, USA anda SP2machineat SDSC
in California, USA. For the previous DTF runswe useda manuallytunedcode,with
optimizationsneedingo be speciallyappliedattheapplicationlevel. Theresultshere,
asin the previous sections usethe new techniqueswhich areall implementedn the
driverlayer, theapplicationcoderequiredno changes.

This particularsetupandapplicationcodewereusedin demonstrationat Super
computing2001in Derver. Theresultsof thesetestrunscanbe seenin Figure 8.3.
Theleft diagramshowvsthe efficiengy of alarge scaleddistributedrun betweerNCSA
andSDSCrunningon 256 processorsvhile theright oneplotsthefloprateof asmaller
run. During theseruns,a ghostzonesizeof 3 wasshown to be optimal.



40

600

500 | 1
30 - 1
400 | 1

300 -

efficiency
N
o
MFlop/s

200 -
10
100 -

0 . . . . 0 .
10 30 50 70 90 20 70
iteration iteration

Figure 6: The efficiengy of a larger scaleddistributed runs across256 processoron two
differentsites.Thepicturehereis very similarto our previousexampleof atransatlanticunas
seenin theright diagranwhich shavs the Floprateof a smallerrun (16 CPUs)betweernSDSC
andNCSAwith andwithout our algorithms.

9 Discussionand Summary

We have shown that rewriting a parallel driver for multi-machineexecutioncanin
mary casedeadto an large performancebenefitfor computationscarriedout on in
a distributed ervironment. Our algorithmsinclude specialtechniquesvhich reduce
the limitations of network lateng andbandwidth. The algorithmsare alsoadaptve,
efficiengy is automaticallyymprovedwith time asthe computatiorrunswithout need-
ing userintervention. The adaptatioralsoallows a computatiorto dealwith changing
characteristicsf the variousnetworks connectinghe machinespn thefly, duringthe
computation.Thetechniquesveredemonstratetb work well for afamily of produc-
tion finite differencesimulationcodes.

In amodularframewvork suchasCactus,developingsucha grid-avare,adaptve
paralleldriver layer can have enormousbenefits. In principle, the applicationitself,
insertedinto Cactus,doesnot requireany modificationto run in a distributed grid
ervironment. In practice,using realworld ervironments,we have shavn that some
familiesof applicationscannot only be run without modification,but alsorun quite
efficiently. However, it is certainlythe casethat othertypesof applicationswill not
performaswell, andwould not benefitfrom thetechniquesve have developed.

Although implementedn a genericway, variousassumptionfhave beenmade
aboutthe ervironment. For example,althoughwe expectdifferentmachinego have
different processorcharacteristicsand can automaticallyload balancefor this, at
presentve assumall processoren agivenmachineto have the samecharacteristics.
This canobviously be refinedin the future,andwill alsobe addressedy scheduling



systems.

Our dynamic,runtimeadaptionalgorithmsare basedon the premisethat adjust-
mentsin the communicationgparameterganbe madequickly enoughto respondo
the changingnetwork characteristics.For example, it is possiblethat the network
guality of a wide areanetwork canchangemuchfasterthanthe monitoringintervals
of our codewhichthenleadsto awrongresultof theadaptationOnemethodfor more
effectively choosingwhento try adaptationywould beto interfacewith anetwork mon-
itoring service,suchasNWS [19]. The calculationcouldthenadapt,asit startsup, to
the network andcodecharacteristicat thattime, andcould thenwait for instructions
to adaptagain. The instructionscoming both from the network monitoring service,
signalingchangesn the usednetwork, andthe driver which monitorschangesn the
characteristiceanddataof the simulationitself.

OurtechniqueslsointroducesomeoverheadsFor examplethelateng reducing
techniqueof changingof ghostzonesluring codeexecutionintroducesan additional
communicatioroverhead Our testrunshowever, which werequite shortascompared
to realproductionruns,thetime neededor the extra communicatiorwasabout1% of
thetotal executiontime.

We have alsodealtwith casesup to now wherethe calculationitself doesnot
changeovertime. Althoughwe load balanceautomaticallyat the initialization phase,
giving morework to morepowerful processorssometypesof calculationswill change
with time, dependingon the algorithms,physicsmodels,etc. For example,adaptve
meshrefinementtechniqueswill automaticallyincreaseor decreaseimulationreso-
lution in variousspatial-temporategions of a simulation. This changingresolution
could producedramaticallychanginglocal workloadsas the computationproceeds.
Our adaptvetoolswill needto be modifiedto accountfor suchbehaior in the future.

We haveimplementedrarioussimpledecisionmakingalgorithmsthattry to make
only thosechangeshatleadto anincreasen efficiengy, but aswe have mentionedhey
canbefooled, especiallyin casesvheregrid conditionschangerapidly. In the future
they canbe madeto be muchmoreintelligent, makinguseof servicessuchasNWS
for moreinformation,or checkpointingf the network becomesinusable.

Hence,althoughwe have taken an importantstep, both by demonstratinghat
wide areadistributed computingcan indeedbe performedefficiently in a flexible
framework like Cactus supportingmultiple simulationcodeswith little or no changes,
andallowing the computatiorto adaptto the currentgrid environment,thereis much
work to be doneto enhanceandimprove both the algorithmsandtheir implementa-
tion. Not only that, but thereis muchto bedonebeforesuchtechniquesvill bewidely
usedby the variousapplicationscommunities.For example,the acquisitionof multi-
ple resourcess still very difficult, andwill requireco-schedulerto bein placeacross
mary sitesto be useful. Further theuseof portals,thatwill enablethe averageuserto
simply requessomeabstracheed,for exampleby clicking aweb button,will needto
befurtherdevelopedanddeployed.



Even oncesuchportals,co-schedulerstesourcesrokers becomeroutinely de-
ployed, muchmorework remainsto accommodaté¢he vastspectrumof applications
that can potentiallyrun on the grid. To further enhancehe efficiency of evenwell
suitedcodes ik e thoseusedin this paper andto addresshe casesvherealgorithms
needto be reconsideredr redevelopedfor a grid environment,we are developinga
Grid Application Toolkit in the GridLab project[7] thatwill allow applicationde-
velopersto custombuild their applicationsto betterexploit grid services.Whenthe
grid ervironmentfully maturesandwhensucha Grid Application Toolkit becomes
available,with effective monitoringtoolsto showv applicationdevelopershow their al-
gorithmsandcodesare performing,we will finally reacha stagewheregrids canbe
usedthe enablethe new andinnovative applicationgpeopleareenvisioning.
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