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Abstract

Direct numerical simulation of the Navier-Stokes equations(DNS) is an important
techniquefor the future of computationaluid dynamics(CFD) in engineeringapplications.
However, DNSrequiresmassie computingresourcesThis papempresents new approachor
implementinghigh-costDNS CFD usinglow-costclusterhardware.

After describingthe DNS CFD code DNSTool, the paperfocuseson the techniquesand
tools that we have developedto customizethe performanceof a clusterimplementatiorof
this application.This tuning of systemperformanceénvolveshbothrecodingof the application
and careful engineeringof the clusterdesign. Using the clusterKLAT2 (Kentuck Linux
Athlon Testbed?2), while DNSTool cannotmatch the $0.64 per MFLOPS that KLAT2
achiereson singleprecisionScaLARACK, it is very ef cient; DNSTool on KLAT2 achiees
price/performancef $2.75perMFLOPSdoubleprecisionand$1.86singleprecision.Further
thecodeandtoolsareall, or will soonbe,madefreely availableasfull sourcecode.

1 Intr oduction

Computationaluid dynamics(CFD) alwayshasbeena disciplinein searchof greatercomputer
power. As codingtechniquesand processospeedsave improved, userdemanddor increased
accurag have met and exceededeachincreasein computationalability. This problem has
beenmagni ed asthe phenomenatudiedwith CFD simulationshave expandedrom traditional
applicationsusedby aerospacesngineersand meteorologistdo more diverse problems. For
instance the CFD groupat the University of Kentuck/ hasworked on noisereductionin inkjet
printers[18] and on optimizing the thermalperformanceof a fan-sinkcooling systemfor high
power electronicq17].

High computationatostCFD problemgaypically aresolvedat nationalsupercomputerenters
or similar facilities. However, accessto thesefacilities is limited, with most organizations
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outsideof governmentand academiahaving no accessat all. Alternately large corporations
and universitiescan purchaseshared-memonrgupercomputersuchas thosebuilt by SGI and
HP; however, thesemachinesare expensve, with unclearupgradepathsand relatvely high

maintenancecosts. Smaller companiesand researchinstitutions simply cannotafford these
systems. Thus, the very high up-front costof CFD analysishasplacedthe technologybeyond

thereachof mary of theresearcherandengineersvhoseapplicationsouldbene t themostfrom

thenew abilitiesof CFD codes.

This papempresent@analternatve approacho the computationathallenge®f advancedCFD
problems:useinexpensve, high-performanceglustersof PCs—"Beowulfs."[1] Overthe pastfew
years,mary very positive claimshave beenmadein favor of PC clusters,andthe hype usually
gives better performancethan the actual systemsdo. However, by carefully engineeringthe
clusterdesign,using (and building) tools to improve applicationperformanceand restructuring
the applicationcodefor the cluster it is possibleto realizemostof the bene tsthatareso often
claimedfor clusters.

SinceFebruary1994, whenwe built the rst parallel-processinginux PC cluster we have
beenvery aggressiely pursuingary hardwareandsoftwaresystemechnologieshatcanimprove
the performanceor give new capabilitiesto clustersupercomputersDNSTool requiresa good
network with high bisectionbandwidth;we developeda new classof network architecturesand
designtools for them, that make it possibleto build an appropriatenetwork at minimal cost.
DNSTool alsorequiredots of memorybandwidthandfast oating pointmath;we providetheseoy
usinguniprocessoAthlon PCsandtoolsto accelerateoating point performanceising3DNow!.
Our cluster KLAT2 (Kentuck Linux Athlon Testbed?), wasnot designedo only run DNSTool,
but it wasdesignedo run applicationdike DNSTool exceptionallywell.

KLAT2 (gure 1) is aclusterof 64 (plus2 "hot spare")700MHz AMD Athlon PCs.EachPC
containsl28MB of mainmemoryandfour 100Mb/sFastEtherneinterfaces.Nine (andonespare)
32-way Etherneswitchesareusedn anunusuahetwork architecturéo interconnecthemachines
with low lateng andhigh bandwidth.

Of coursejt wasnecessarto restructurddNSTool to runmoreef ciently onKLATZ2. Many of
the changesveregenericandwould improve the codeperformancen ary cache-basenhachine.
Someof the changeseducedthe total FLOPsneededor the computationsreducingtotal time
somevhatby replacing oating pointrecomputationsvith moreawkwardreferencepatterns- not
really whatwe shouldhave doneif achiesing the "peakMFLOPSrate"wasour goal. Still other
changeavere highly speci c to the featuresof KLATZ2, suchasuseof Athlon 3DNow! support.
Thechangesverenoteasy but applyingthemto otherCFD codeswill now belessdif cult.

Thecombinatiorof DNSTool andKLAT?2 yieldsexceptionallygoodprice/performance$2.75
perMFLOPSdouble-precisioB0/64-bitoperationand$1.86perMFLOPSusingsingle-precision
3DNow!. Maintenanceas maderelatively painlessby including sparesn the initial system(and
we have includedthese'unnecessarysparepartsin the systemcost). Upgradingthe systemcan
be doneincrementallyby our toolsto designanimprovednetwork, replacingthe processorsvith
a later (faster)version,etc. Further althoughwe have not experimentedvith clusterdargerthan



Figurel: Kentucly Linux Athlon Testbed (KLAT?2)

KLAT2, givenlarger CFD problemsthereis nothingaboutthedesignof KLAT2 or DNSTool that
would preventef ciently scalingthe systemto mary moreprocessors.

Thus,thedesigntoolsandimplementatiorof KLAT2 andDNSTool represenasigni cant step
towardmoving complex CFD simulationdrom the supercomputerenterto the centerof yourlah.

Thenext sectionof this paperdescribeshe equationghatgovernDNSTool's CFD simulation.
Section3 describeKLAT2 and, more importantly the tools that we have createdto optimize
the systemdesignandto help codeusethe systemmoreefciently. In section4, we detail how
DNSTool was restructuredand how we usedour tools to tunethe codefor KLAT2. Section5
presentdoth the CFD outputand computationaperformancebtainedfrom applyingDNSTool
to a real engineeringproblem: o w over a single turbine blade. The completepartslist and
itemizedcostof KLAT2 alsois givenin section5. The nal sectionof the papersummarizes
the contributionsandsuggestslirectionsfor futureresearch.

2 The CFD Algorithm

In theory almostall uid dynamicgproblemscanbesolvedby thedirectapplicationof theNavier-
Stokes equationsto a sufciently ne grid. Direct numericalsimulationof the Navier-Stokes
equations(DNS) provides a useful tool for understandinghe complex physicsin engineering
processesEventhoughwith currentcomputetechnologyDNS canonly beappliedto simpli ed
problems,DNS is likely to becomethe standardpracticefor engineeringsimulationsin the



21stcentury The challengesn applying DNS to practicalengineeringproblemsinvolve: (1)
more accuratenumerical solutions, (2) high demandson computermemory and (3) greater
computationabpeed. Traditionally the focusof CFD researctwason improving the numerical
accurag of the solution through more complicatedmodeling of the physical phenomena.
Continualadvancesn computerarchitectureindtechnologyhave openedhedoorfor focusingon
thelattertwo areas.Meetingthe lattertwo challengewill allow the applicationof DNS directly
to practicalengineeringproblems.

2.1 The Governing Equationsfor DNS

Directnumericalsimulationis basedn solvingthefull, time-dependertlavier-StokesEquations
for anidealgaswhichexpresgheconserationof massmomentumandenegy for acompressible
Newtonian uid. Theequationsvrittenin curvilinearcoordinatesre

— 1)

where is thevectorof the conserative variablesnultiplied by the volumeof thecomputational
cell, ,andisde nedby

(2)

The 'sand 'sdenotethecorvective andviscous ux es,respectrely, andthesubscripts,
and representhedirectionsof the ux es.Theinviscid ux esaregivenby

3)

(4)
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where isthedensity isthepressure,, , arethecartesiarvelocitycomponents,
is thetotal enegy perunit volumeandequalto the sumof theinternalenegy, , andthekinetic
enegy, , andthe 'sarethecontrazariantvelocity componentsle ned by

- - - = (6)

Theviscousux esinthe , and directionsaregivenby
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where
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Thestresdensor andtheheat ux vector arede nedby
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where and aremoleculaviscosityandthermalconductvity, respectrely.
Thepressures relatedto thedensityandtemperature, , accordingo the equatiornof state

(20)

where is theratio of thespeci c heats.Thecoefcient of viscosity , andthermalconductvity,
, arerelatedby the constanPrandinumber

— (21)

2.2 Numerical Algorithms

Therearewide varietyof CFD techniqueshatcansolve thesegoverningequationsOf the several
CFD codes=mployedor underdevelopmentat the University of Kentucly, we have choserto use
DNSTool [9], acodepackageoriginatingat the Universityof TechnologyMunichandundegoing
further developmentat the University of Kentuck. DNSTool is speci cally designedo solve
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three-dimensionab w problemausingthedirectnumericakimulationmodelfor turbulence. It has
primarily beenusedto simulatenypersonico w aroundbluntobjectg10], butis readilyapplicable
to a wide rangeof engineeringCFD problems. The choiceof this particularcodeis basedon
it being MPI-ready having beentestedon numerousmultiprocessoplatforms,andon its clean
programorganizationmakingit readilyaccessibléo code-performancenhancements.

The baseDNSTool codeis over 20000lines of C, brokeninto morethan100 separateles.
Brie y, DNSTool solvesthe governing equationsasfollows. The ux vector representinghe
adwective anddissipation ux termsof the Navier-Stokes equationsare solved with the AUSM

ux-splitting schemq14]

(22)

wherethe geometricafjuantitieso accounfor the curvilinearcoordinatesrecontainedn
and . TheL subscriptcorrespondso the valuesextrapolatedrom theleft volumecenter

totheface theR subscripto thoseextrapolatedrom theright volumecenter totheface.
A key featureof the AUSM techniquewhich wasdesignedo handlehigh Mach number o ws,
is thereplacemenof the normalvelocity throughtheface, ,with | ortheMach
numbemultiplied by the speedf sound.Theterm _ is evaluatedasfollows

(23)

wherethe superscripts and indicate

(24)

Likewise,thepressures evaluatedasperLiou [13]

(25)



(26)

The dissipationterm evaluationis also M-dependentalthoughthe constructis someavhat
different:

_ ‘ ) 27)
with theVL termfoundfrom
_ o R (28)
andthe AUSM dissipatiortermfrom - i
_ _ _ (29)

Thevaluesof areafunctionof the pressurealistribution, while thevalueof is afunctionof the
eigervalues,

Theleft andright extrapolatedvaluesof the conserative variablesaredeterminedy a third-
orderMUSCL-typeextrapolationjn which ary givenquantity or isde nedby

(30)
where
B} (31)
Thediffusive ux gradientsareevaluatedusinga variationof the circulationmethod
(32)



or in termsof the nite volumegrid

(33)

Thesespatialcalculationsareperformedn aseriesof threesweepsn thei-, j-, andk-directions.
This trio of sweepsare madeeachsub-iterationof the multi-steptime integration, leadingto
as mary as 12 sweepsin the caseof the 4th-orderRunge-Kitta method. Both the 2nd-order
(for unsteadysolutions)and4th-order(for steadysolutions)Runge-Kittamethodswere usedby
DNSTool/KLAT2 machine.

2.3 Parallelization

The parallelstructureof DNSTool is basedon splitting the computationalyrid into sub-blocks,
whicharethendistributedto eachprocessof gure 2). Foracomplex geometrythisis anontrivial
exercisewherean unevenload-balancexcrosdifferentprocessorgould signi cantly reducethe
computationalef ciency of the overall code. The partitioning of the grid into sub-blocksis
performedindependentlyof the grid generationusing virtual partitionsto de ne the domains
correspondingo eachprocessar The currentalgorithmgoverningthe partition processs based
on spectralrecursve bisectionin conjunctionwith a small databasef the computationakpeeds
associatewvith eachnode.Thesplittingis performedasapreprocessintpsk,generating le that
mapsthe grid sub-blocksontothe processorsThis le is theonly differencebetweerperforming
aserialcomputatioranda parallelcomputatiorwith DNSTool.

Communicationbetweerthegrid sub-blockccurswhenthesub-blocksxchangalataabout
the ow variablesat the boundaries. As shav in gure 2, the ow variableson the edgeof
onegrid block are communicatedo the dummy pointsof the neighboringgrid block, andvice
versa. DNSTool requiressucha communicatiorstep after eachupdate,or subiteration,of the

o w variables.Thelow-level implementatiorof the communicatiorbetweerthe sub-blockauses
a MPI-basedcommunicationsystem. The communicatiormodelis a mailbox algorithmwhere
thedatais sentin a non-blockingcommunicatioomodeasearlyaspossible.

The overall parallel framewvork of DNSTool is managedby MBLIB, a code library that
efciently controlsthe domaindecompositiorandassociatedommunicatiorpatterns.On top of
this library the ef cient compressibldNavier-Stokessolver describedoreviously is implemented.
Thanksto MBLIB, the Navier-Stokessolweris isolatedfrom the paralleldecomposition-theolver
codeis the samewhetherthe overall computatioris performedon a singledomainor any number
of subdomains.
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Figure2: Communicatiorpatternof DNSTool

3 Engineeringa Cluster Supercomputer

SinceFebruaryl 994 whenwe built the rst parallel-processinginux PCcluster{4], wehavebeen
very aggressiely pursuingary hardware andsoftware systemtechnologiegshat canimprove the
performancer give new capabilitiego clustersupercomputerds thelatestin along sequencef
clustersthatwe have built, KLAT2 continuesour tradition of usinginnovative new technologies.
However, unlike all our previous systemsKLAT?2's basecon guration usesno customhardware
- all of the performancemprovementsareaccomplishedby changingthe way in which standard
hardwarecomponentsrecon guredand/orrestructuringhe softwareto take betteradvantageof
thehardware.

Without usingcustomhardware,therearethreekey approachethatwe canuseto improvethe
performancef a CFD codeon KLAT?2:

1. Optimizationand generalrestructuringof the CFD codeto improve performance.Many
of theseoptimizationsare not really speci c to KLAT2, but improve performanceon
most computers. We have performedmary such optimizations,most of which involve
restructuringo changehememoryreferencdehaior andto reorderthecalculationsothat
moreredundantomputationganbe eliminated.Our goal hasbeento minimize execution
time despitethefactthatsomeof the optimizationsalsoreducetheachiezed FLOPsrate.

2. Tailoringof thenetwork hardwarestructureandcommunicatiorpatterngo optimizenetwork
performanceThenew techniquesve usedto designKLAT2's network allow usto optimize
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network performancen generalor evento specializeKLAT2's network for this CFD code.
All runsreportecherewereperformedvith ageneralizedhetwork ratherthanonespecialized
for this code.

3. Use of the Athlon's 3DNow! vector oating point instructions. Unfortunately these
instructionsonly support32-bit precisionfor oating pointarithmeticandalsohave various
performancessueshatmake themdif cult to use.However, we have developedcompiler
technologyand othersupportthat makesuseof 3DNow! feasible. This is one of the key
reasonshatKLAT2 usesAMD Athlon processors.

Achieving high performancdrom this CFD coderequiresthe rst two approaches.The third
approachuseof 3DNow!, we viewed with skepticismuntil we wereableto verify that 3DNow!
single-precisionoating-point arithmetichassufcient precisiornto ensurahatthe CFDresultsare
valid.

The following subsectionsliscussKLAT2's specialarchitecturalcharacteristicsits network
andsupportfor 3DNow!, thatwe have usedto improve the performanceof this CFD code. The
speci c optimizationsandgenerarestructuringdf the CFD arediscussedn sectior4.

3.1 Optimizing Network Performance

The cost and baselineperformanceof AMD Athlon processorss outstanding,and KLAT2's
basic performancerelies hearily upon that fact, but processorslone are not a supercomputer
— a high-performancenterconnectiometwork is needed. Further KLAT2 usesuniprocessor
nodesinsteadof multiprocessor(shared-memorysMP) nodesfor two key reasons:(1) using
single-processanodeseliminatesinter-processomemoryaccesson icts, makingfull memory
bandwidthavailableto eachprocessoand(2) SMP Athlon PCswerenot widely availableat the
time KLAT2 wasbuilt. Thisincreasesheimportanceof network performanceindalsoincreases
thenumberof nodesmakingthenetwork largerandmoreexpensve. Our solutionto thesenetwork
designproblemsds a new type of network: a"Flat NeighborhoodNetwork™ (FNN) [7].

This network architecturecamefrom the realizationthat the switchingfabric neednot be the
full width of the clusterin orderto achieve peakperformance.Using multiple NICs (Network
InterfaceCards)perPC,single-switcHateny canbeachievedby having eachPCshareatleastone
switchwith eachotherPC—all PCsdo nothave to sharethe sameswitch. A switchde nesalocal
network neighborhoodpr subnetlf aPChasseveralNICs, it canbelongto severalneighborhoods.
For two PCsto communicatalirectly, they simply useNICsthatarein the sameneighborhoodlf
two PCshave morethanoneneighborhoodn common they have additionalbandwidthavailable
with theminimumlateng.

Beforediscussindiow we designanduseFNNSs, it is usefulto considera smallexample.What
is thebestinterconnectiometwork desigrnthatcanbebuilt usingfour-way switchedor aneight-PC
cluster?
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Figure3: A fattreenetwork

A verypopularanswelis to useafattree[12], becauséattreeseasilyprovide thefull bisection
bandwidth.Unfortunatelymostinexpensve switchescannothandleroutingfor afattreetopology
Assumingthatappropriateswitchesareavailable,the eight-PCnetwork wouldlook like gure 3.

For this fattree,the bandwidthavailablebetweerary pair of PCsis preciselythatof onelink;
thus,we saythatthe pairwisebandwidthis 1.0 link bandwidthunits. The bisectionbandwidthof
anetwork is determinedy dividing the machinen half in theworstway possibleandmeasuring
the maximumbandwidthbetweenthe halves. Becausdhe network is symmetric,it canbe cut
arbitrarily in half; the bisectionbandwidthis maximalwhenall the processorsn eachhalf are
sendingin somepatternto the processorsn the otherhalf. Thus, assumingthat all links are
bidirectional the bisectionbandwidthis 8*1.0 or 8.0.

Pairwiselateny alsois animportant gure of merit. For a clusterwhosenodesarephysically
neareachother we canignorethewire lateng andsimply counttheaveragenumberof switchesa
messagenustpassthrough.Althoughsomepathshave only a singleswitchlateng, e.g. between
A andB, mostpathspasshroughthreeswitches More preciselyfrom agivennode,only 1 of each
of the 7 othernodescanbe reachedvith a single-switchlateng. Thus,1/7 of all pairswill have
1.0switchlateny and6/7 will have 3.0switchlateng; theresultingaverages (1.0+ 3.0*6)/7,0r
2.7 switchlateng units.

Insteadof using a fat tree, supposethat we usea FNN to connectthesesameeight PCs
with four-way switches. Unlike the fat tree con guration, the FNN doesnot connectswitches
to switchessocheapdumb,switchescanbe used.However, moreNICs areneeded At leastfor
100Mb/sEthernetthecostsaringsin usingdumberswitchesnorethancompensatefor thelarger
numberof NICs. In this case gachPC musthave 3 NICs connectedn a con guration similar to
thatshowvn by the switchnumbersandcolorsin gure 4.

Unlike the fat tree,the FNN pairwisebandwidthis not the samefor all pairs. For example,
thereare 3.0 link bandwidthunits betweenA and B, but only 1.0 betweenA andC. Although
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Figure4: Flatneighborhoodhetwork

the FNN shovn hassomesymmetry FNN connectionpatternsn generaldo not have ary basic
symmetrythatcouldbeusedto simplify the computatiorof pairwisebandwidth.However, no PC
hastwo NICs connectedo the sameswitch,sothe numberof waysin which a pair of connections
throughan S-portswitchcanbeselecteds S*(S-1)/2.Similarly, if thereareP PCs,the numberof
pairsof PCsis P*(P-1)/2.1f we sumthe numberof connectionpossiblethroughall switchesand
divide thatsumby the numberof PC pairs,we have atight upperboundon the averagenumberof
links betweera PC pair. Becausédoththe numeratomanddenominatoof this fractionaredivided
by 2, the formula canbe simpli ed by multiplying all termsby 2. In otherwords, the average
pairwisebandwidthfor theabove FNN is ((4*3)*6)/(8*7), or about1.28571428.

Not only doesthe averagepairwisebandwidthof the FNN beatthat of the fat tree, but the
bisectionbandwidthalsois greater Bisectionbandwidthof a FNN is very dif cult to compute
becausehe de nition of bisectionbandwidthdoesnot specifywhich communicatiorpatternto
use; for FNNSs, the choice of patterncan dramaticallyalter the value achiezed. Clearly the
best-casebisectionbandwidthis the numberof links times the numberof processors8*3.0
or 24.0in our case. If we assumehat only pairwise permutationcommunicationpatternsare
used,a very conservativdboundcanbe computedasthe numberof processoréimesthe average
pairwise bandwidth; 8*1.285714280or 10.28571428. However, pairwise permutationpatterns
do not generallyyield the maximumbisectionbandwidthfor a given cut becausehey ignore
bandwidthavailable using multiple NICs within eachPC to sendto distinct destinationsat the
sametime. In ary case pisectionbandwidthis signi cantly betterthanthefattree's 8.0.

Evenmoreimpressieis the FNN designs pairwiselateng: 1.0 ascomparedwith 2.7 for the
fat tree. No switchis connectedo another so only a single switch lateng is imposedon ary
communication.

However, thebiggestsurpriséds in thescaling.Supposéhatwe replacethe six 4-way switches
andeightPCswith six 32-way switchesand64 PCs?Simply scalingthe FNN wiring patternyields
pairwisebandwidthof ((32*31)*6)/(64*63)or 1.47619047signi cantly betterthanthe8 PCvalue
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of 1.28571428.FNN bisectionbandwidthincreaseselatie to fat tree performancey the same
effect. Althoughaveragefattreelateny decreasefom 2.7 to 2.5with this scaling,it still cannot
matchthe FNN's unchangindL.O.

It alsois possibleto incrementallyscalethe FNN designin anotherdimension— by adding
moreNICs to eachPC. Until the PCsrun out of free slotsfor NICs, bandwidthcanbe increased
with linearcostby simplyaddingmoreNICsandswitcheswith anappropriatd=-NN wiring pattern.
Thisis afarmore e xible andcheapeprocesghanaddingbandwidthto afattree.

If FNNsaresogreat,why hasit not beendonebefore?Therearefour importantreasons:

1. It only workswell if fairly wide wire-speedswitchesareavailable;only recentlyhave such
switchesbecomdnexpensve.

2. Routingis nottrivial; asa minimum,eachmachinemusthave its own uniqueroutingtable.
Optimal routing using multiple NICs as a higherbandwidthchannelis conceptuallylike
channelbonding[2], but requiresa muchmore sophisticatedmplementatiorbecausehis
bondingis destination-sensite (i.e., NICs may be usedtogetherwhensendingto onePC,
but groupeddifferentlywhensendingo anothePC).

3. The network wiring patternfor a at-neighborhoodnetwork is typically not symmetric
andoften haspoor physicallocality properties.This makeseverythingaboutthe network,
especiallyphysicalconstructionsomevhatmoredif cult.

4. It is not easyto designa wiring patternthat hasthe appropriateproperties. For example,
KLATZ2's network interconnect$4 PCsusing nine 31-way switches. Although 32-way
switcheswould have madethe designeasier we neededo resene the 32nd port of each
switchfor the clusters connectionsgo the outsideworld.

We solvedthelastthreeproblemsoy creatinga geneticsearchalgorithm(GA) [11] thatcandesign
anoptimizednetwork, print color-codedwiring labels,andconstructhe necessaryoutingtables.
Althoughit wassomavhatdif cult to createthe GA, andthe executiontime wassufciently large
thatwe actuallyrun it on a cluster the GA programis capableof optimizingthe network design
for any communicatiorpatternsor othercharacteristicspeci ed — an importantnev capability
beyondthatof traditionalnetworks. KLAT2's geneticallydesigned=NN is shovnin gure 5.
Thisversionof KLAT2'sFNN waspatrtially optimizedfor anotheicode(ScaLARACK [3]) that
usescommunicatiorpatternghatarecompletelydifferentfrom thoseof the CFD codediscussed
here—it wasnotoptimizedfor this CFD.However, KLAT2'sFNN usesdts nine31-way switchego
yield averagepairwisebandwidthof (((31*30)*8)+(8*7))/(64*63)or 1.859bidirectionall00Mb/s
Ethernetinks/pair (371.8Mb/sper pair). Multiplying thatby 32 PC pairscommunicatingacross
thebisectionyieldsaveryconservativdisectionbandwidthof 11.9Gb/stheuplink switch(which
holdsthetwo hotsparesandthelinks to the outsideworld) addsanadditionall.8Gb/sof bisection
bandwidth,for a total of 13.7Gb/s. The upperboundbandwidthon KLAT2's FNN without the
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Figure5: Physicalwiring of KLAT2
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Figure6: Comparisorof FNN for ScaLARACK (left) andDNSTool (right)

uplink switchis 25.6Gb/s Our CFD programenqueuemultiplecommunicationgtatime, making

gooduseof paralleloverlapin NIC operationandthusyielding performanceanuchcloserto the

upperbound. The basicperformanceof KLAT2's network is sufcient to keepcommunication
overheadunder20% of programruntime— despitethe factthatthe network wasnot optimizedfor

this code.

Redesigningand physically rewiring KLAT2's FNN to be optimal for the CFD codeis a
relatively simpleandquick processyelettheGA runfor abouttwo hoursonasinglelGHzAthlon
to designthe network andthe physicalrewiring took two peopleatotal of about2.5hours.Figure
6 shavs KLATZ2's color-codedwiring tagsfor the network partially optimizedfor ScaLARACK
(left) and the new network patternoptimizedfor DNSTool (right). The immediateresult of
this optimizationwas an additionalspeedupof about1%; much more substantialperformance
improvementsarepossibléby adjustingDNSTool's orderof communicationsvithin atimestepand
using FNN adwancedrouting[g. Certainly this rewiring andtuning of the communicatiorcode
is appropriataf KLAT2 (or ary othercluster)is dedicatedo runningthis code. However, even
with the extra pressuref usinguniprocessonodesthebasicFNN propertiegprovedsufcient to
ef ciently handlethe demand®f thiscommunication-intenge CFD code. Thus,throughouthis
paperwe have quotedthe consenrative “generic”’ FNN performanceaumberdor DNSTool.

At this writing, a version of the FNN design GA has been made freely available at
http://aggregate.og/FNN/via aninteractve WWW form. In orderto makethe GA runfastenough
for interactve use the GA wassimpli ed to useonly agenericcommunicatiorcostfunction. Once
we have completednakingthe userinterfacemorefriendly, we planto distributethe full GA as
publicdomainsourcecode.
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3.2 SIMD Within A Register3DNow! Optimizations

Over the past ve years,the on-chip spaceavailable for microprocessofogic hasreachedhe
pointwhereaddingSIMD (SinglelnstructionStreamMultiple DataStream)or vectorparallelism
can be very cost effective. However, traditional SIMD and vector implementationgely on
high-performancenemoryinterfacesthatsimply arenot compatiblewith currentmicroprocessor
datapaths. Thus, a new avor of parallelismhas beendevelopedto mate SIMD semantics
with corventionaluniprocessodatapaths:somethingthat we genericallycall SIMD Within A
Ragister (SWAR) [5]. SWAR differs from SIMD in that SWAR parallelismpartitionsregisters
anddatapathsnto multiple elds thatareprocessedimultaneouslyThus,SWAR requiresmuch
moreconstrainedlatalayout,doesnot directly supportdisablingof processinglementsandhas
parallelismwidth thatis notconstantbut afunctionof thedatasize(e.g. ,twiceasmuchparallelism
with 16-bitdataaswith 32-bitdata).

The conceptof SWAR long predateghe microprocessorwith hardware supportingthis type
of execution.For example,populationcount(importantbecausehe populationcountof the XOR
of two valuesis the Hammingdistance)haslong beenimplementedusinga SWAR algorithm
using bitmasks,shifts, and adds. However, therewere no software tools developedfor SWAR
programming.The rst SWAR hardware support,in processorsike the HummingbirdPA-RISC
andtheMMX PentiumandK6, wasverytightly focusedon speeding few hand-codealgorithms
— especiallyMPEG decodefor playing DVDs — so high-level programmingmodelswere not
a concern. However, we had extensve experiencein building optimizing compilersfor SIMD
machinessowe sav animmediateneedto developa bettermodelandprogrammingools.

Thus, about6 monthsbefore Intel began shippingthe rst PentiumMMX processorsye
built our rst high-level languageand optimizing compiler technologyfor SWAR. Our high-
level languageSWARC, is avectorC dialectsupportingrst-class arrayswith arbitraryprecision
speci edfor eachvariableusingthe samesyntaxC usedor specifyingprecisionof bit elds within
astruct:int:21i; declares asanintegerhaving notlessthantwo-bit precision.To facilitaterewriting
only asmallportionof a C codein SWARC, the languagés designedasa true C supersetindis
implementedby a modulecompiler Scc. The compiler which is still evolving, hasbeenfreely
availablefrom our SWAR WWW site, http://shayecn.purdue.edu/sw/,for overtwo years.

SothatSccs SWAR outputcodeintegratescleanlywith C code,Sccactuallygenerate€ code
andinvokesGCConthat. Becausé&sCCdoesnot know aboutarny of thenev SWAR instructions
(i.,e., MMX, 3DNow!, etc.), Scc generatesSCC-compatibleinline assemblymacrosfor these
instructions. Thesemacrosare actually quite high-level in that they allow direct accesdo the
variablesof the ordinary C codewith which they are compiled,so they easily canbe editedby
handto furthertuneperformanceln fact,our macrosfor MMX, 3DNow!, andSSEareall freely
available and often are usedfor codingfrom scratch. For example,to multiply corresponding
elementof 2-elementoat arraysc=a*b,onecouldusethefollowing 3DNow! macros:
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movg_m2r(*((mmx_t*) &(a[0])), mmO0);/* mmO= (a[0],a[1])*/

pfmul_m2r(*((mmx_t*) &(b[0])), mmO0);/* mmO0= (a[0]*b[0],a[1]*b[1]) */

movd_r2m(mmo;((mmx_t*) &(c[0]))); /* (c[O0],c[1]) = mmO*/

Despitethehigherlevel abstractionwith appropriatearein specifyingtheacces®sf variables,
eachof the macrosresultsin preciselyoneinstruction. Of course the codealsowill be fasterif
the oat arraysstarton 64-bitalignedaddresseshetight dependencstructureof the sequences
interleavedwith or nearothercodethatthe Athlon canuseto Il pipelineslots,etc.

Sccusesquite a few very aggressie optimizationtechniquedo ensurethat the outputcode
is fast, including a sophisticategipelinetiming modelanduseof a modi ed exhaustve search
combinedcodeschedulerregisterallocator andaddressingnodeselector However, oftentheScc-
generatedodecanbe improved somavhatby handediting— for example,by insertingprefetch
instructionsor applyinginformationaboutdatavalues(e.g.,integercompares€anbe usedfor oat
comparisond#f the signsof the valuesareknown). In somerelatively rarecasesit is just aseasy
to write the parallelcodedirectly usingthe macrosasit would beusingScc. To aid in thosecases,
we alsohave developeda codereschedulingool that canautomaticallyreschedulesequencesf
themacrogo improve pipelining.

Thechoiceof Athlonsfor KLAT2 waslargely inspiredby our long experiencewvith SWAR in
generalandwith MMX, 3DNow!, andSSEin particular AlthoughPentiumlll SSEtheoretically
offers comparableperformanceo that of 3DNow! on an Athlon, thereare a variety of minor
differenceghat make our compilertechnologyandbenchmarkingtronglyfavor 3DNow! onthe
Athlon. Aside from our compilertechnologybeingfar bettertunedfor 3DNow! thanSSE,the
AMD processorsnake pipelinebubbleslesslik ely andlessharmful. Onereasonis the difference
betweena single 128-bit SSE pipeline and two 64-bit 3DNow! pipelines;anotheris the more
aggressie reschedulingloneby the K6-2 andespeciallyby the Athlon.

Although we view ScaLAFACK more as a library or benchmarkthan as a full code, we
have createda 3DNow!-awareversionthatcomplieswith the rulesfor the LINPACK benchmark
as speci ed at http://www.top500.0g/, and that code provides a good basisfor performance
comparison. Using 32-bit single-precision3DNow!, KLAT2's 64 700MHz Athlons achieve
a very impressve 64.459 GFLOPSon ScaLAFRACK for N=40,960. (N1/2 was 13,824, see
http://aggregate.og/KLAT2/ScaLARRCK/ for other details.) That translatesto just over 1
GFLOPSperprocessoor 1.44FLOPs/clockcycle, includingall the communicatioroverheacdof
ScaLARACK usingour FNN-awvareversionof LAM MPI. It alsois lessthan$0.64per MFLOPS.

Thewaywe madeScaLAFACK 3DNow!-awarewasvery simple[8]. ScaLAFACK usesBLAS
andBLACS,BLAS usesATLAS[16], andBLACSusesMPI. Mostof theruntimeis actuallyinside
a single ATLAS-createdroutine, SGEMM. ATLAS is a remarkableool that actually constructs
mary differentvariationson that routine and automaticallypenchmarkghemto selectthe best
coding.Usingourtools, it took uslessthanthreedaysto modify the ATLAS-optimizedSGEMM
to make gooduseof 3DNow!. The DGEMM/SGEMM performanceaisinga 900x900element
matrix on asingle700MHz Athlon systemis shavn in table1.

In fact, if we could getthe sameperformancdor ScaLARACK that we get for single-node

18



Tablel: DGEMM/SGEMM performancen asingle700MHz Athlon
| | MFLOPS| FLOPs/clock|

Athlon Legagy IA32 80/64-bitdoubleprecision| 799.1 1.1416
Athlon Legacgy IA32 80/32-bitsingleprecision | 926.1 1.3230
Athlon 3DNow! 32-bitsingleprecision 1663.7 2.3767

SGEMM, KLAT2 would beunder$0.39perMFLOPS.

Although cache,TLB, and other effects prevent us from achieving the theoretical3DNow!
peak,the measuregerformancef the Athlon 3SDNow! is substantiallybetterthanonecaneasily
achieve with SSE.Even the IA32 legag/ oating point performancds quite impressve given
IA32's useof a stackmodel(ratherthangeneralregisters)andthe Athlon's GHz-enablingdeep
pipelines.ThelA32 oating pointregisterstackgenerallyresultsin serialdependencehainsthat
the processomustaggressiely reschedulen orderto Il pipelineslotswell enoughto achieve
evenoneFLOP/clock.

Of courseusing3DNow! to speed-up full-featuredCFD codeis muchmoredif cult thana
singlesubroutineof ScaLAFACK becausgerformancalependon mary moreroutinesandthe
natureof thealgorithmis substantiallyesscache-friendlyWith ourtools,threedaysof tuningwas
sufcient for SGEMM; it hastakenusweeksto restructurghevariousCFD routinesfor 3DNow!.

4 Implementation and Optimization

We employedavarietyof codingtechniqueso improve thecomputationaéf ciency of thesolver.
To guide our tuning, we performedcomputationn a 60 x 30 x 30 grid for 10 timestepson a
single processar Using the gprof tool, we were able to exam the amountof CPU time spent
on eachsetof routines. An exampleof the gprof outputfor the untunedDNSTool is presented
in tables2 and 3. Thesegprof usagepro les reveal that 90% of the CPU time is spentin the
high-level routinesthatsolve theviscous ux andperformthe AUSM ux-splitting computations.
Furtherexaminationrevealedthat amongthe lower-level routinesthat madeup viscous_ uxand
ausm_plusthe primary subroutineswere the II_uvwT_stencil gradient and ausm_plus_ ux
routines.Thesethreeroutinesbecamehefocusof our optimizationefforts.

As an initial step,all of theseroutineswere aggressiely ‘cleaned’, focusingon remaoving
all redundantcalculationsthat reproducedwork performedelsavhere. Repeatedcalculation
of constanttermswere removed, and wherever feasible, calculationswere shifted outsidethe
innermostoops. Thesestepreatedothamorestreamlinedindamorereadableode jmproving
theusabilityof DNSTool.

A secondkey optimizationcamefrom restructuringhe basicdatastorageof the variablesto
bettermatcha cache-baseshemorysystem.Thesolveris employedin aseriesof sweepsin thei-,
j-, andk-directions requiringthe remappingof the 3-D dataarraysinto 1-D arrayscorresponding
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Table2: Call hierarchypro le for initial double-preciso®NSTool

index | %time | self | children called name

[1] 99.8| 0.00 50.28 main[1]
3.22 34.12 20/20 viscous_ ux[2]
2.25 7.76 20/20 ausm_plus[3]
1.33 0.63 20/20 steady_time_int[14]
0.04 0.33 1/1 calc_metricq17]
0.00 0.29 20/20 apply_boundary_corntions[19]
0.00 0.21 20/20 set_ ux_dif[21]

[2] 74.1| 3.22 34.12 20 viscous_ ux[2]
6.51 0.00 | 36000/36000 | I_uvwT_stencil2_dir34]
5.54 0.00 | 34800/34800 | Il_uvwT_stencil2_dir2[5]
5.24 0.00 | 352800/352800 gradient[6]
4.50 0.00| 17400/17400 | Il_uvwT_stencil_dir1[7]
3.95 0.00| 36000/36000 | II_metrik_stencil_dir3[8]
2.93 0.00 | 34800/34800 | II_metrik_stencil_dir2[10]
2.48 0.00| 17400/17400 | II_metrik_stencil_dir1[13]
2.04 0.00 | 441000/882000 add2 ux_differenced8]
0.94 0.00 | 264600/705600 get_1dline_3d eld12]

[3] 19.9] 2.25 7.76 20 ausm_plug3]
2.92 0.00 | 88200/88200 | ausm_plus_ u}11]
2.04 0.00 | 441000/882000 add2 ux_differenced8]
1.56 0.00 | 441000/705600 get_1dline_3d eld12]
0.92 0.00 | 88200/88200 | get_1d_metri¢15]
0.32 0.00 | 88200/88200 | normalize_1d18]
0.00 0.00 60/60 init_start_end_indicefs3]
0.00 0.00 60/60 get_normal_metri¢52]
0.00 0.00 20/20 get_max_dimensioi$2]
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Table3: Pro le of initial double-precisiodNSTool

%time | cum.sec.| selfsec. calls | selfms/call | totalms/call | name
12.92 6.51 6.51| 36000 0.18 0.18 | Il_uvwT_stencil2_dir3
11.00 12.05 5.54 | 34800 0.16 0.16 | Il_uvwT_stencil2_dir2
10.40 17.29 5.24 | 352800 0.01 0.01 | gradient
8.93 21.79 4.50| 17400 0.26 0.26 | Il_uvwT_stencil2_dirl
8.08 25.86 4.07 | 882000 0.00 0.00 | add2 ux_differences
7.84 29.81 3.95| 36000 0.11 0.11 | II_metrik_stencil_dir3
6.39 33.03 3.22 20 161.00 1867.12| viscous_ ux
5.82 35.96 2.93 | 34800 0.08 0.08 | II_metrik_stencil_dir2
5.80 38.88 2.92| 88200 0.03 0.03 | ausm_plus_ ux
4.96 41.38 2.50 | 705600 0.00 0.00 | get_1dline_3d eld
4,92 43.86 2.48 | 17400 0.14 0.14 | Il_metrik_stencil_dirl
4.47 46.77 2.25 20 112.50 500.38 | ausm_plus
2.64 47.44 1.33 20 66.50 98.00 | steady_time_int
1.83 48.36 0.92| 88200 0.01 0.01 | get_1d_metric
1.09 48.91 0.55 5 110.00 110.00| compute_local_dts

to a singledirection. The original datalayout consistedof a separate3-D arrayfor eachof the
o w andgeometricvariables Whenremappingrom these3-D arrays thefull setof thevariables
at one 3-D index is requiredto generatehe valuesat oneindex pointin the 1-D arrays. On a
cache-basethemorysystem,this would requirefetchinga distinct cache-linefor ead variable
read.In thei-direction,therestof thesefetchedcache-linegontaindataelementghatwill beused
in subsequenterationg(i+1,i+2, etc.). Unfortunatelyin theothertwo directionsj andk), therest
of thedatain thefetchedcache-linesvill notbe usedwastingmostof thememorybandwidth.

The new datalayoutis a 3-D array of structureswith eachstructureholding the relevant
variablesfor one 3-D index point. Thus,whenremappingfrom the 3-D array of structs,all the
variablesneededo calculatehevaluesor oneindex pointin thel-D arrayareadjacentn memory
This resultsin only oneor two cache-linedeingfetchedfrom main memoryfor the entire setof
o w andgeometryariablegper3-D index, dramaticallyreducingtherequiredmemorybandwidth.
Additionally, whenusingsingle-precisionoats, the elds within thestructurenvereorderedsothat
pairsof adjacentelds could be loadedinto 3DNow! registerswith individual load instructions,
see gure 7. Thepairswereselectedsothatthe calculationson themalsocould be performedn
parallel.As shavnin the gure, thisnew datavectorhastheform . Combined
with someeffort to align the datastoragewith the 64-bytecache-linesf the Athlon, this more
efcient useof the memoryand cacheeffected across-the-boaranprovementswhetherusing
double-precisiomr single-precision.

The mostcostlyroutinein DNSTool wasthe Il_uvwT _stenci| whosepurposewasto extract
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initial memory layout cache friendly memory layout

ru ru ru ru ru
rv rv rv rv rv rv rv
rw rw rw rw rw rw rw

Figure7: Initial memorylayoutandimprovedcachefriendly memorylayout

the ow variablesfrom 3D arraysinto 1D arrays(correspondingo thei-, j-, or k-directions),
calculatethe primitive variables from the conserative variables

and computethe intermediatevaluesneededo for the o w gradientcalculationon eachfaceas
perequation33. This routineis usedrepeatedlywith slightly differentforms dependingon the
direction of the computationalweep. We aggressiely rewrote the computationdgn terms of
3DNow!, taking particularadvantageof the fastreciprocalfor the -division and our new data
structure Efforts to implementpre-fetchingof the variablesonly yieldedminimal improvements-
the Athlon schedulers apparentlygoodenoughthatonly extremelyaggressie pre-fetchingwill
improve on its performance. Overall, thesecombinedenhancementgesultedin a sevenfold
reductionin the single processolCPU time in the long-stridedirections(j andk), anda vefold
reductionin thei-direction.

Improvementto the subroutinegradient was achiezed in much the samemanneras the
ll_uvwT _stencilroutines throughthe combinatiorof theimproveddatastructureandcornverting
thecalculationof the nite-v olumecirculationtheorento 3DNow! macros Equation33illustrates
why the volumewasincludedin the o w variablevectorof the new datastructure asthe volume
is acomponentn mary of the o w variablecomputations.
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The nal routinethatwasaggressiely optimizedwith 3DNow! macroswasausm_plus_ ux
In this routine, two importantfeatureswerethe fastreciprocalsquareroot function (particularly
usefulfor calculatingthe speedof sound, ~ ), andreplacingif-then structureswith bit-
maskingtechniquegfor instancan thechoiceof and de nition in equatior24).

It shouldbe notedthatthe 3DNow! codingdonein DNSTool wasstrictly in the form of C-
macrosnoassemblecodewasexplicitly includedin thecode.Neitherwerethe Athlon extensions
to 3DNow! appliedto the code;the 3DNow! codewe usedis compatiblewith the K6-2 as
well as Athlon processors.Although the SWARC compiler was useful as a referencestarting
point for 3DNow! coding of DNSTool routines,asit turnedout, we did not directly use ary
codegeneratedy it. We did useour coderescheduleto improve someof the 3DNow! codein
DNSTool. Throughouthe 3DNow code,carewastakento optimizeregisterusage 3DNow! has
only 8 registernames but carefuluseof these8 allows the Athlon's registerrenaminglogic to
make betteruseof its 88 physicalregisters. The new datastructurealsoimprovesregisteruseby
reducingthe pressurenthelA32 registersthatareusedfor addressingThevectorarrayallows a
singlebaseaddresso bekeptin anlA32 registerandindexedby shortconstantsnsteadof forcing
the IA32 registersto juggle six or moreapparentlyindependenpointers,onefor eachindividual
variablearray

The resultsof this effort, including the speed-uplueto switching from double-precisiono
single-precisionoating-point operationsandincluding3DNow! macrosareshaw in tables4 and
5. As canbeseenthe Il_uvwT _stencilroutineshave droppedorecipitousiyto the9, 10,and11th
mostCPU-costlyroutines. The gradientsubroutings now the mostcostly, but its CPUtime has
fallenfrom 5.24secondgo 1.73secondsNumerougoutinesin whichno 3DNow! optimizations
wereusedsaw speed-upsiueto the aggressie removal of redundantalculationsthe nev data
structure,andthe improved cache-memorglignment. The overall computationatime fell by a
factorof 3, from 50.4to 17.7seconds.

For additionalcomparisonwe have includedin tables6 and7 the double-precisiomesults,
which eliminatethe advantageof moving from 64-bit to 32-bit variables,including makingthe
3DNow! macrosuseless As canbe seenthereis considerablemprovementin the codesimply
from 'cleaning’, cache-memorglignmentandthe new datastructure.
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Table4: Call hierarchypro le for optimized3DNow! DNSTool

index | %time | self | children called name

[1] 98.2 | 0.00 15.82 main[1]
0.06 8.48 20/20 viscous_ ux(2]
0.38 3.76 20/20 ausm_plug3]
1.08 0.31 20/20 steady_time_inb]
0.76 0.00 | 176400/17640Q add2 ux_difference

[2] 53.0 | 0.06 8.48 20 viscous_ ux2]
1.58 0.00| 36000/36000 | Il_metrik_stencil_dir3[4]
1.23 0.00 | 34800/34800 | Il_metrik_stencil_dir2[7]
1.16 0.00 | 88200/88200 | stress_ ux[8]
0.90 0.00 | 36000/36000 | Il_uvwT_stencil_dir3[10]
0.87 0.00| 17400/17400 | II_metrik_stencil_dir1[11]
0.82 0.00| 17400/1740 | Il_uvwT_stencil_dirl[12]
0.81 0.00| 34800/34800 | Il_uvwT_stencil_dir2[13]
0.76 0.00 | 352800/35280Q gradient[14]
0.33 0.00 | 264600/26460Q scopy_3dnoji9]
0.02 0.00 | 264600/264600 get_1dline_3d eld33]

[3] 25.7 | 0.38 3.76 20 ausm_plug3]
1.37 0.00 | 88200/88200 | muscl_atrapolation[6]
1.13 0.00 | 88200/88200 | ausm_plus_ ux9]
0.51 0.00 | 88200/88200 | get_1d_metri¢16]
0.46 0.00| 88200/88200 | get_1dline_3dvas|[17]
0.29 0.00| 88200/88200 | vn_etrapolation[20]
0.00 0.00 60/60 init_start_end_indicefs8]
0.00 0.00 20/20 get_max_dimensigi6 5]
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Table5: Pro le of optimized3DNow! DNSTool

%time | cum.sec.| selfsec. calls | selfms/call | totalms/call | name
9.81 1.58 1.58| 36000 43.89 43.89 | II_metrik_stencil_dir3
8.50 2.95 1.37| 88200 15.53 15.53 | muscl_gtrapolation
7.64 4.18 1.23| 34800 35.34 35.34| Il_metrik_stencil_dir2
7.20 5.34 1.16| 88200 12.81 12.81| stress_ ux
7.01 6.47 1.13| 88200 12.81 12.81| ausm_plus_ ux
6.70 7.55 1.08 20 54000.00 69500.00| steady_time_int
5.59 8.45 0.9 3600 25.00 25.00 | Il_uvwT_stencil_dir3
5.40 9.32 0.87| 17400 50.00 50.00 | II_metrik_stencil_dirl
5.09 10.14 0.82| 17400 47.13 47.13| Il_uvwT_stencil_dirl
5.03 10.95 0.81| 34800 23.28 23.28 | ll_uvwT_stencil_dir2
4,72 11.71 0.76 | 352800 2.15 2.15 | gradient
4,72 12.47 0.76 | 176400 4.31 4.31 | add2 ux_differences
3.17 12.98 0.51| 88200 5.78 5.78 | get_1d_metric
2.86 13.44 0.46| 88200 5.22 5.22 | get_1dline_3dvas
2.61 13.86 0.42| 88200 4.76 4.76 | normalize_1d
2.36 14.24 0.38 20 19000.00f 207000.00| ausm_plus
2.05 14.57 0.33 | 264600 1.25 1.25 | scopy_3dnow
1.80 14.86 0.29 | 88200 3.29 3.29 | vn_etrapolation
1.61 15.12 0.26 5 52000.00 52000.00| compute_local_dts
1.30 15.33 0.21 20 10500.00 10500.00| set_ux_dif
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Table6: Call hierarchypro le for optimizeddouble-precisioiNSTool

‘ index ‘ %time‘ self‘ children‘ called ‘ name ‘

[1] 99.5| 0.00 26.23 main[1]
0.07 15.39 20/20 viscous_ ux[2]
0.43 7.62 20/20 ausm_plug3]
1.25 0.47 20/20 steady_time_intL0]

[2] 58.7| 0.07 15.39 20 viscous_ ux2]
2.56 0.00 | 36000/36000 | Il_uvwT_stencil_dir3[5]
2.01 0.00 | 34800/34800 | Il_uvwT_stencil_dir2[7]
1.95 0.00| 36000/36000 | II_metrik_stencil_dir3[8]
1.86 0.00 | 352800/35280Q gradient[9]
1.61 0.00| 17400/17400 | Il_uvwT_stencil_dir1[11]
1.56 0.00 | 34800/34800 | II_metrik_stencil_dir2[12]
1.33 0.00| 17400/17400 | II_metrik_stencil_dir1[14]
1.18 0.00 | 88200/88200 | stress_ ux[15]
1.01 0.00 | 88200/176400| add2 ux_differenceg6]
0.32 0.00 | 264600/26460Q get_1dline_3d eld21]

[3] 30.6 | 0.43 7.62 20 ausm_plug3]
2.83 0.00 | 88200/88200 | ausm_plus_ ux4]
1.40 0.00 | 88200/88200 | muscl_eatrapolation[13]
1.01 0.00 | 88200/176400| add2 ux_differenceg6]
0.97 0.00| 88200/88200 | get_1dline_3dvas[16]
0.86 0.00 | 88200/88200 | get_1d_metri¢l17]
0.33 0.00| 88200/88200 | normalize_1d20]
0.22 0.00 | 88200/88200 | vn_extrapolation[23]
0.00 0.00 60/60 init_start_end_indicefs9]
0.00 0.00 20/02 get_max_dimensidi65]
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Table7: Pro le of optimizeddouble-precisio®NSTool

‘ % time ‘ cum.sec.‘ selfsec.‘

calls ‘ selfms/call ‘ total ms/call ‘ name

10.74 2.83 2.83| 88200 32.09 32.09 | ausm_plus_ ux
9.72 5.39 2.56 | 36000 71.11 71.11| Il_uvwT_stencil_dir3
7.67 7.41 2.02 | 176400 11.45 11.45| add2 ux_differences
7.63 9.42 2.01| 34800 57.76 57.76 | ll_uvwT_stencil_dir2
7.40 11.37 1.95| 36000 54.17 54.17 | Il_metrik_stencil_dir3
7.06 73.23 1.86 | 352800 5.27 5.27 | gradient
6.11 14.84 1.61| 17400 92.53 92.53 | Ill_uvwT_stencil_dirl
5.92 16.40 1.56 | 34800 44.83 44.83 | lI_metrik_stencil_dir2
5.31 17.80 1.40| 88200 15.87 15.87 | muscl_atrapolation
5.05 19.13 1.33| 17400 76.44 76.44 | 1l_metrik_stencil_dirl
4.74 20.38 1.25 20 62500.00 86000.00| steady_time_int
4.48 21.56 1.18 | 88200 13.38 13.38 | stress_ ux
3.68 22.53 0.97| 88200 11.00 11.00 | get 1dline_3dvas
3.26 23.39 0.86| 88200 9.75 9.75 | get_1d_metric
1.63 23.82 0.43 20 21500.00| 402500.00{ ausm_plus
1.37 24.18 0.36 5 72000.00 72000.00| compute_local_dts
1.25 24.51 0.33| 88200 3.74 3.74 | normalize_1d
1.21 24.83 0.32 | 264600 1.21 1.21 | get 1dline_3deld
1.02 25.10 0.27 20 13500.00 13500.00| set_ ux_dif
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5 Results

The primary objectve of this paperis to demonstratehe computationaimprovementsyielded
fromtheimplementatiorof thevarioustechniquesletailedn theprevioussections.Thesimulation
resultsobtainedsofararenotsufcient for drawving conclusionsboutthe o w physicsin thelow-
pressurdurbine; however, CFD resultspresentedlo indicatethe compleity andrealismof the
engineeringprobleminvolved in this projectand potentialfor performing CFD simulationson
KLAT2-like clusters.Thecostof KLAT2 is thenitemized.Combiningthe runtimesobtainedwith
the costof building KLAT2 demonstratethe costeffectivenesof our approach.

5.1 Simulation Results

The particularsimulationwe have focusedon for this paperis the directnumericalsimulationof
the o w overasingleturbineblade.This researchs connectedo NASA's Low-Pressur&urbine
Physicgprogramwhich aimsto improve theef ciency of turbomachineryn aircraftengines Our
speci ¢ concentrations understandinghe turbulent cascadei.e. the processy whichthe ow
over the blade switchesfrom laminarto turbulent o w conditions. This transitionis not well-
understoodput its propertiesare often critical to the performanceof mary aerospaceystems,
includingturbomachinery

Fundamentalnderstandingf the cascadehroughnumericalsimulationrequiresthe use of
computationally-intense modelssuchasLES andDNS, sincethe moreempirically based]ess-
demandin@pproachesuchasRANS cannotproperlymodellaminarturbulenttransition.For the
full turbinecascadegomplex geometriceffectsmustbetakeninto accountyequiringdensegrids
in certaincritical regions.For thesereasonstheturbineblade o w is anidealcandidatdor testing
onaclusterusingDNSTool.

The selectedgrid con guration for the CFD computationhas been used in both two-
dimensionabndthree-dimensionaksearclat the University of Kentucly on theturbinecascade
[15]. As canbeseenin gure 8, the grid is curvilinear representinganin o w region from the
nozzleinto the turbine,throughthe turbineblades,andthenan out ow region. The overall grid
is 400 x 200 x 200, or 16 million grid points. The o w over the bladeis considerederiodic
in boththe j- andk-directions,with the exceptionof the j-directionbetweerthe two solid blade
boundaries.The o w is subsonidhroughoutwith a transitionalregion occurringsomeavhereon
thebladesurfacedependingnthe precise o w parameters.

For the purposesof timing, we ran steady-statesimulationsof the ow. The resultsof
thesesimulationsare presentedn gures 9 and 10 for anin ow Mach numberof 0.1. This
solution combinedwith homogeneousurbulenceis an initial condition for unsteadyturbulent
simulations. The resultsfor the unsteadysimulationare as of yet preliminary; even with the
superiorperformanceof KLAT2, a single unsteadysimulation would require eight weeks of
dedicatedusage.
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Figure8: View of thethree-dimensionajrid

Figure9: Steadystatepressureontours
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Figurel0: Isosurhceof velocity disturbancenagnitudecoloredwith pressure

30



A technicalpointis thatthe grid usedin thesesamplecalculationsgs probablynot sufciently
ne for astrict DNS; rather thepresentedesultsaremoreproperlyQDNS.Evidencesuggestshat
our gridsarewithin a factorof 5 of a strict DNS computation—folcomparisonthe Flow Physics
andComputatiorDivision of StanfordUniversityclaimsa DNS computatiorfor asimilarproblem
domainusing86 million grid points(http://www-fpc.stanford.edu/).

5.2 The Costof KLAT2

KLAT?Z2's costis somavhatdif cult to specifypreciselybecausehe mostexpensve components,
the Athlon processorsyeredonatedoy their manutcturey AMD (AdvancedMicro Devices). In
theinteresbf fairnessye have quotedtheretail pricefor thesgprocessorasfoundonMultiw ave's
WWW site on May 3, 2000. Similarly, althoughmostapplicationgincludingthosediscussedn
this paper)useonly 64 nodes KLATZ2 alsohas2 "hot spare"'nodesandanadditionalswitchlayer
thatareusedfor faulttoleranceandsystem-lgel I/O; becauseve consideithesecomponent$o be
anintegral partof KLAT2's designwe have includedtheir cost. We alsoincluded16 spareNICs
andseveralsparesuge protectors.Dueto University of Kentuck purchasingyuidelinesandpart
stockingissuespurchasefrom the samevendorweresometimesplitin oddwaysandtherewere
variousinconsistencieabouthow shippingwas chaged; althoughthe vendortotalsare correct,
we have hadto approximatehe componentostbreakdavn in thesecases.

In summary KLATZ2's total value is about$41,200,with the primary costsbeing roughly
$13,200in processors$8,100in the network, $6,900in motherboardsand $6,200in memory
We believe the costbreakdavn in gure 11 to be a conserative upperboundon the full system
cost.

Somepeoplehave taken issuewith our accountingof the assemblycostof KLAT2 because
of the large numberof studentvolunteers.However, peopleoften forget that, asa university; it
is our job to inspireandtrain students.In fact, we could have purchasedhe PCsasassembled
systemswithout signi cant extra cost, but buying componentsallowed us to build precisely
the con guration we wantedand, more importantly was pedagogicallythe right thing to do.
Few projectsinspire studentdik e beingableto contrikute to the constructionof a new type of
supercomputerso we encourageds mary peopleas possibleto participate. The construction
of the PCswas easily accomplishedwithin a single day (April 11, 2000) with no more than
six studentsworking at ary time and mostof the studentshaving their rst experiencein PC
construction;wiring the clustertook two peopleonly a few hours (thanksto the color-coded
cables).The costof the sodaandpizzasmay seema ippant accountingput areactuallya good
matchfor whatit would have costfor awell-experiencedesearclassistanto assembleverything
withoutadditionalhelpor distractions.
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AMD, http://www.amd.com/ $13,200
66 Donated 700MHz Athlon OEM processor modules @ “$200
MemoryX, http://memoryx.com/ $6,182
66 128MB PC100 CAS2 SDRAMs @ $93
Technology Partners, http://www.tpi-us.com/ $5,455
66  Polaris Il ATX Mid Towers 300W @ $58
66  Sony 1.44MB Floppy Drives (for net boot) @ $11
Multiwave Technology, http://mwave .com/ $14,338
66 FIC SD11 Motherboards @ $104
10  Smartlink 32-port wire-speed 100Mb/s switches @ $527
28  Smartlink 100Mb/s NIC 10-packs @ $80
Buy.Com, http://buy.com/ $706
32 Hawking 15’ color-coded Cat.5 cable 5-packs @ $9
32 Hawking 15’ transparent color-coded Cat.5e cable 5-packs @ $12
Coolerstar, http: //coolerstar.com/ $607
66 AMD K7/PIl Dual Fans (CPU heat sinks & fans) @ $5
66 DC Fans 80mm (extra case fans) @ $4
Lowe’s $256
4  48"x18"x72" black wire-frame shelves @ $64
Wal-mart $109
2 WindDance fans (to direct airflow between shelves) @ $15
20  Surgestrip model 201 surge protectors @ $4
Various local stores $352
16 3" diameter threaded-mount wheels for shelves @ $9
16  Pizzas for student helpers @ $10
4  Cases of soda for student helpers @ $7
4 2" diameter threaded-mount wheels for rack @ $7
Available at no cost/indirectly used items
1 10-year-old rack & mounting hardware
1 Surplus 17" monitor used for cluster status
1 Old PCI video card used for cluster status
1 18GB EIDE disk drive
66  Set of inkjet-printed labels for each node
2  Other clusters for KLAT2’s HW design and SW development
Total $41,205

Figurell: Costbreakdevn for KLAT2
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Figure 12: Distribution of the runtimesover a 15h run for the single precisionsimulationusing
3DNow!
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Table8: Finaldoubleprecisionresults

| I/0 | MFLOP count| Walltime | SustainedsFLOPS| $/MFLOPS |
with 1/0 338237 23398.8s 14.46 2.85
without /O 338237 22560.0s 14.99 2.75

Table9: Final singleprecisionresults(using3DNow!)

| 110 | MFLOP count| Walltime | SustainedsFLOPS| $/MFLOPS |
with I/O 338237 16114.9% 20.9 1.96
without1/O 338237 15273.2s 22.1 1.86

5.3 Computational Results

The current GFLOPSand $/MFLOPSare given in tables8 and 9, while gure 12 shaws the
distribution of the wall-clock timesover 3500timesteps.Therelatively rarevery slow timesteps
occurdueto anunfortunateesonancéetweeminorloadimbalancesndTCP/IPnetwork traf c;

it shouldbe possibleto eliminatetheseglitches,but their contrikution to total runtime was not
sufcient for usto make thata priority.

Thepresented@omputationgrefor aDNSTool runona400x 200x 200turbinebladegrid (16
million grid points).This grid pointcountexcludespointsoutsidethe physical o w region needed
for boundaryconditionsor block overlap.The presentedesultsaretheaveragefor 1000timesteps
for along time integration. The walltime is maximumover the whole clusterfor eachiteration.
All of the computationsaredoubleprecisionon the 64-processoKLAT2. Resultsarepresented
for boththeisolatednumericalcomputatiorandthe overall computatiorincludingl/O.

The GFLOPcountis measuredby rst doingtheidenticalcomputatioron a SGI Origin 2000
andusing SGI performanceools; speci cally, usingmpirun-np 64 ssrun-ideal to run the code,
followed by applyingprof -archinfo ideal.* to the output,which yields the total FLOP countfor
the computationDividing this numberby thewalltime expendedn the KLAT2 simulationyields
thegivenGFLOP/sresults.

We do not think that we have yet achievzed optimal performancefor this clusterCFD code
combination.In additionto the potentialimprovementdiscussedn section3, we have notdone
muchwork on the optimal grid con gurationsfor this cluster eitherin termsof the construction
andloaddistribution of the subgridblocksor the overall bestgrid density Thel/O alsoremainsa
relatively slow partof thecode,playingalargerole in thedifferencebetweerthe overallandpeak
performanceEvenwithoutthesepotentialimprovementstheoverall performancef DNSTool on
KLAT2 is outstanding.
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6 Conclusion

In this paper we have describedhe techniquesandtools that we createdand usedto optimize
the performancef the combinationrof DNSTool andKLAT2. Thistuningof systemperformance
involved both recodingof the applicationand carefulengineeringof the clusterdesign. Beyond
restructuringpf the codeto improve cachebehaior, we usedvarioustoolsto incorporateSDNow!
into the single-precisioversion,andevenuseda GA to designthe clusternetwork.

Using similar techniquedor KLAT2 to executeScaLARACK yielded betterthan $0.64 per
MFLOPS single precision,but ScaLARACK is a relatively easycodeto speedup. Although
ScaLARACK requires substantialnetwork bandwidth, only a single computationalroutine
(DGEMM or SGEMM) neededo be optimizedto obtainthat recordperformance.In contrast,
achiezing $2.75 per MFLOPS double precisionand $1.86 per MFLOPS single precisionfor
DNSTool requiresmary more optimizationsto mary more routinesand generally taxes the
machinedesignmuchmoreseverely

The high computationalcompleity of the DNS approachto CFD provides importantand
uniqueabilities: DNS yieldshigh-qualityresultsfor problemshatfaster moreapproximateCFD
techniquesannotyet handle. Thus,the low costof runningDNS on machinedike KLAT2 can
malke a qualitatve differencein the rangeof CFD problemsthat can be approachedeitherto
directly solve them or to designcomputationallycheapemodelsthat can sufce for practical
engineeringpplications.

In much the sameway, the techniquesand tools that we developedand usedto engineer
KLATZ2, andto tunethe performancef DNSTool for KLATZ2, alsorepresentualitatve advances
over previous approaches.For example,3DNow! was originally intendedfor 3D graphicsin
video games but our tools make it signi cantly more accessibldor scienti ¢ and engineering
codes.Evenif it is not optimizedfor the particularcommunicatiorpatternghatwill be used,the
GA-designed=NN provideslow lateny andhigh bisectionbandwidth;the ability to tunefor a
speci ¢ applications communicatiorpatterns generatingdeliberatelyasymmetriadesignswhen
appropriateis a uniqueadditionalbene t.

Most importantly the optimized DNSTool and the tools to designand similarly optimize
your own clusters with specic applicationseither are or will be freely available from
http://aggregate.og/. Our primary directionfor future work is to take thesetools one giant step
further, creatingeasily-replicatedpersonalizedurnkey superclustergPeTS)that will provide
scientistsand engineerswith supercomputemperformancefor specic applicationswithout
requiringthemto become=xpertsin computing.
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