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Abstract

Direct numerical simulation of the Navier-Stokes equations(DNS) is an important
techniquefor the futureof computational�uid dynamics(CFD) in engineeringapplications.
However, DNSrequiresmassivecomputingresources.Thispaperpresentsanew approachfor
implementinghigh-costDNSCFDusinglow-costclusterhardware.

After describingthe DNS CFD codeDNSTool, the paperfocuseson the techniquesand
tools that we have developedto customizethe performanceof a clusterimplementationof
this application.This tuningof systemperformanceinvolvesbothrecodingof theapplication
and careful engineeringof the clusterdesign. Using the clusterKLAT2 (Kentucky Linux
Athlon Testbed2), while DNSTool cannot match the $0.64 per MFLOPS that KLAT2
achieveson singleprecisionScaLAPACK, it is very ef�cient; DNSTool on KLAT2 achieves
price/performanceof $2.75perMFLOPSdoubleprecisionand$1.86singleprecision.Further,
thecodeandtoolsareall, or will soonbe,madefreelyavailableasfull sourcecode.

1 Intr oduction

Computational�uid dynamics(CFD) alwayshasbeena disciplinein searchof greatercomputer
power. As codingtechniquesandprocessorspeedshave improved,userdemandsfor increased
accuracy have met and exceededeach increasein computationalability. This problem has
beenmagni�ed asthephenomenastudiedwith CFD simulationshave expandedfrom traditional
applicationsusedby aerospaceengineersand meteorologiststo more diverseproblems. For
instance,the CFD groupat the Universityof Kentucky hasworked on noisereductionin inkjet
printers[18] andon optimizing the thermalperformanceof a fan-sinkcooling systemfor high
powerelectronics[17].

High computationalcostCFDproblemstypically aresolvedatnationalsupercomputercenters
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-memorysupercomputerssuchas thosebuilt by SGI and
HP; however, thesemachinesare expensive, with unclearupgradepathsand relatively high
maintenancecosts. Smaller companiesand researchinstitutions simply cannotafford these
systems.Thus, the very high up-front costof CFD analysishasplacedthe technologybeyond
thereachof many of theresearchersandengineerswhoseapplicationscouldbene�t themostfrom
thenew abilitiesof CFDcodes.

This paperpresentsanalternativeapproachto thecomputationalchallengesof advancedCFD
problems:useinexpensive,high-performance,clustersof PCs– "Beowulfs."[1] Over thepastfew
years,many very positive claimshave beenmadein favor of PC clusters,andthe hypeusually
gives betterperformancethan the actual systemsdo. However, by carefully engineeringthe
clusterdesign,using(andbuilding) tools to improve applicationperformance,andrestructuring
theapplicationcodefor thecluster, it is possibleto realizemostof thebene�ts thataresooften
claimedfor clusters.

SinceFebruary1994,whenwe built the �rst parallel-processingLinux PC cluster, we have
beenveryaggressively pursuingany hardwareandsoftwaresystemtechnologiesthatcanimprove
the performanceor give new capabilitiesto clustersupercomputers.DNSTool requiresa good
network with high bisectionbandwidth;we developeda new classof network architectures,and
designtools for them, that make it possibleto build an appropriatenetwork at minimal cost.
DNSTool alsorequireslotsof memorybandwidthandfast�oating pointmath;weprovidetheseby
usinguniprocessorAthlon PCsandtoolsto accelerate�oating point performanceusing3DNow!.
Our cluster, KLAT2 (Kentucky Linux Athlon Testbed2), wasnot designedto only run DNSTool,
but it wasdesignedto runapplicationslikeDNSTool exceptionallywell.

KLAT2 (�gure 1) is a clusterof 64 (plus2 "hot spare")700MHzAMD Athlon PCs.EachPC
contains128MBof mainmemoryandfour 100Mb/sFastEthernetinterfaces.Nine(andonespare)
32-wayEthernetswitchesareusedin anunusualnetworkarchitectureto interconnectthemachines
with low latency andhighbandwidth.

Of course,it wasnecessaryto restructureDNSTool to runmoreef�ciently onKLAT2. Many of
thechangesweregenericandwould improve thecodeperformanceon any cache-basedmachine.
Someof the changesreducedthe total FLOPsneededfor the computations,reducingtotal time
somewhatby replacing�oating point recomputationswith moreawkwardreferencepatterns– not
really whatwe shouldhave doneif achieving the"peakMFLOPSrate"wasour goal. Still other
changeswerehighly speci�c to the featuresof KLAT2, suchasuseof Athlon 3DNow! support.
Thechangeswerenoteasy, but applyingthemto otherCFDcodeswill now belessdif�cult.

Thecombinationof DNSTool andKLAT2 yieldsexceptionallygoodprice/performance:$2.75
perMFLOPSdouble-precision80/64-bitoperationsand$1.86perMFLOPSusingsingle-precision
3DNow!. Maintenanceis maderelatively painlessby includingsparesin the initial system(and
we have includedthese"unnecessary"sparepartsin thesystemcost). Upgradingthesystemcan
bedoneincrementallyby our toolsto designanimprovednetwork, replacingtheprocessorswith
a later (faster)version,etc. Further, althoughwe have not experimentedwith clusterslarger than
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Figure1: Kentucky Linux Athlon Testbed2 (KLAT2)

KLAT2, givenlargerCFDproblems,thereis nothingaboutthedesignof KLAT2 or DNSTool that
wouldpreventef�ciently scalingthesystemto many moreprocessors.

Thus,thedesigntoolsandimplementationof KLAT2 andDNSTool representasigni�cant step
towardmoving complex CFDsimulationsfrom thesupercomputercenterto thecenterof your lab.

Thenext sectionof thispaperdescribestheequationsthatgovernDNSTool'sCFDsimulation.
Section3 describesKLAT2 and, more importantly, the tools that we have createdto optimize
thesystemdesignandto helpcodeusethesystemmoreef�ciently . In section4, we detail how
DNSTool was restructuredandhow we usedour tools to tune the codefor KLAT2. Section5
presentsboth theCFD outputandcomputationalperformanceobtainedfrom applyingDNSTool
to a real engineeringproblem: �o w over a single turbine blade. The completeparts list and
itemizedcostof KLAT2 also is given in section5. The �nal sectionof the papersummarizes
thecontributionsandsuggestsdirectionsfor futureresearch.

2 The CFD Algorithm

In theory, almostall �uid dynamicsproblemscanbesolvedby thedirectapplicationof theNavier-
Stokes equationsto a suf�ciently �ne grid. Direct numericalsimulationof the Navier-Stokes
equations(DNS) provides a useful tool for understandingthe complex physicsin engineering
processes.Eventhoughwith currentcomputertechnology, DNScanonly beappliedto simpli�ed
problems,DNS is likely to becomethe standardpracticefor engineeringsimulationsin the
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21st century. The challengesin applyingDNS to practicalengineeringproblemsinvolve: (1)
more accuratenumericalsolutions, (2) high demandson computermemory, and (3) greater
computationalspeed.Traditionally, the focusof CFD researchwason improving the numerical
accuracy of the solution through more complicatedmodeling of the physical phenomena.
Continualadvancesin computerarchitectureandtechnologyhaveopenedthedoorfor focusingon
thelatter two areas.Meetingthe latter two challengeswill allow theapplicationof DNS directly
to practicalengineeringproblems.

2.1 The Governing Equations for DNS

Directnumericalsimulationis basedonsolvingthefull, time-dependentNavier-StokesEquations
for anidealgaswhichexpresstheconservationof mass,momentum,andenergy for acompressible
Newtonian�uid. Theequationswritten in curvilinearcoordinatesare
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is thevectorof theconservativevariablesmultipliedby thevolumeof thecomputational
cell, � , andis de�ned by

�

�

��� �

�

�"!

�

�"#

�

�"$

�

�&%('*),+ (2)

The
�

'sand
�

'sdenotetheconvectiveandviscous�ux es,respectively, andthesubscripts



,
�

and
�

representthedirectionsof the�ux es.Theinviscid �ux esaregivenby

��

�

-.

.

.

.

.

.

/

�10

�

�"!20

�

�43

�

��
&56��7

�"#�0

�

�43

�

��
"58��9

�"$�0

�

�:3

�

��
&58��;

�<�=%

�43

5

�>'?0

�A@

3

�

��
&58���

BDC

C

C

C

C

C

E

� (3)

�	�

�

-
.

.

.

.

.

.

/

�10

�

�"!F0

�

�:3

�

����58��7

�"#�0

�

�:3

�

����56��9

�"$�0

�

�43

�

���158��;

�<�=%

�43

5

�>'G0

�H@

3

�

���158���

B
C

C

C

C

C

C

E

� (4)

�I�

�

-.

.

.

.

.

.

/

�10

�

�"!20

�

�43

�

���>58��7

�"#�0

�

�43

�

���>58��9

�"$�0

�

�:3

�

���>58��;

�<�=%

�43

5

�>'G0

�A@

3

�

�<�>58���

BDC

C

C

C

C

C

E

� (5)

4



where� is thedensity, 3 is thepressure,! , # , $ arethecartesianvelocitycomponents,%
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where� and
�

aremolecularviscosityandthermalconductivity, respectively.
Thepressureis relatedto thedensityandtemperature,

	

, accordingto theequationof state
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where� is theratioof thespeci�c heats.Thecoef�cient of viscosity, � , andthermalconductivity,
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, arerelatedby theconstantPrandlnumber��� .
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2.2 Numerical Algorithms

Therearewidevarietyof CFDtechniquesthatcansolvethesegoverningequations.Of theseveral
CFDcodesemployedor underdevelopmentat theUniversityof Kentucky, we havechosento use
DNSTool [9], acodepackageoriginatingat theUniversityof TechnologyMunichandundergoing
further developmentat the University of Kentucky. DNSTool is speci�cally designedto solve
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three-dimensional�o w problemsusingthedirectnumericalsimulationmodelfor turbulence.It has
primarilybeenusedto simulatehypersonic�o w aroundbluntobjects[10], but is readilyapplicable
to a wide rangeof engineeringCFD problems. The choiceof this particularcodeis basedon
it beingMPI-ready, having beentestedon numerousmultiprocessorplatforms,andon its clean
programorganization,makingit readilyaccessibleto code-performanceenhancements.

The baseDNSTool codeis over 20000lines of C, broken into morethan100 separate�les.
Brie�y , DNSTool solves the governingequationsas follows. The �ux vector, representingthe
advective anddissipation�ux termsof the Navier-Stokesequations,aresolvedwith the AUSM
�ux-splitting scheme[14]
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wherethegeometricalquantitiesto accountfor thecurvilinearcoordinatesarecontainedin
@
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' to theface.
A key featureof theAUSM technique,which wasdesignedto handlehigh Machnumber�o ws,
is thereplacementof thenormalvelocity throughtheface, �
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Likewise,thepressureis evaluatedasperLiou [13]
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The dissipationterm evaluation is also M-dependent,althoughthe constructis somewhat
different:
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with theVL termfoundfrom
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andtheAUSM dissipationtermfrom
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Thevaluesof � area functionof thepressuredistribution,while thevalueof
�
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is a functionof the

eigenvalues,�
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The left andright extrapolatedvaluesof theconservative variablesaredeterminedby a third-
orderMUSCL-typeextrapolation,in whichany givenquantity
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Thediffusive �ux gradientsareevaluatedusingavariationof thecirculationmethod
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or in termsof the�nite volumegrid
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Thesespatialcalculationsareperformedin aseriesof threesweepsin thei-, j-, andk-directions.
This trio of sweepsare madeeachsub-iterationof the multi-steptime integration, leadingto
as many as 12 sweepsin the caseof the 4th-orderRunge-Kutta method. Both the 2nd-order
(for unsteadysolutions)and4th-order(for steadysolutions)Runge-Kuttamethodswereusedby
DNSTool/KLAT2 machine.

2.3 Parallelization

The parallelstructureof DNSTool is basedon splitting the computationalgrid into sub-blocks,
whicharethendistributedto eachprocessor(�gure 2). For acomplex geometry, this is anontrivial
exercisewhereanuneven load-balanceacrossdifferentprocessorscouldsigni�cantly reducethe
computationalef�ciency of the overall code. The partitioning of the grid into sub-blocksis
performedindependentlyof the grid generation,using virtual partitionsto de�ne the domains
correspondingto eachprocessor. Thecurrentalgorithmgoverningthepartitionprocessis based
on spectralrecursive bisectionin conjunctionwith a small databaseof thecomputationalspeeds
associatedwith eachnode.Thesplittingis performedasapreprocessingtask,generatinga�le that
mapsthegrid sub-blocksontotheprocessors.This �le is theonly differencebetweenperforming
aserialcomputationandaparallelcomputationwith DNSTool.

Communicationsbetweenthegrid sub-blocksoccurswhenthesub-blocksexchangedataabout
the �o w variablesat the boundaries. As show in �gure 2, the �o w variableson the edgeof
onegrid block arecommunicatedto the dummypointsof the neighboringgrid block, andvice
versa. DNSTool requiressucha communicationstepafter eachupdate,or subiteration,of the
�o w variables.Thelow-level implementationof thecommunicationbetweenthesub-blocksuses
a MPI-basedcommunicationssystem.The communicationmodelis a mailboxalgorithmwhere
thedatais sentin anon-blockingcommunicationmodeasearlyaspossible.

The overall parallel framework of DNSTool is managedby MBLIB, a code library that
ef�ciently controlsthedomaindecompositionandassociatedcommunicationpatterns.On top of
this library theef�cient compressibleNavier-Stokessolver describedpreviously is implemented.
Thanksto MBLIB, theNavier-Stokessolver is isolatedfrom theparalleldecomposition-thesolver
codeis thesamewhethertheoverall computationis performedona singledomainor any number
of subdomains.
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Figure2: Communicationpatternof DNSTool

3 Engineeringa Cluster Supercomputer

SinceFebruary1994,whenwebuilt the�rst parallel-processingLinux PCcluster[4], wehavebeen
very aggressively pursuingany hardwareandsoftwaresystemtechnologiesthatcanimprove the
performanceor givenew capabilitiesto clustersupercomputers.As thelatestin alongsequenceof
clustersthatwe have built, KLAT2 continuesour traditionof usinginnovative new technologies.
However, unlike all our previoussystems,KLAT2's basecon�gurationusesno customhardware
- all of theperformanceimprovementsareaccomplishedby changingtheway in which standard
hardwarecomponentsarecon�guredand/orrestructuringthesoftwareto take betteradvantageof
thehardware.

Withoutusingcustomhardware,therearethreekey approachesthatwecanuseto improvethe
performanceof aCFDcodeonKLAT2:

1. Optimizationand generalrestructuringof the CFD codeto improve performance.Many
of theseoptimizationsare not really speci�c to KLAT2, but improve performanceon
most computers. We have performedmany suchoptimizations,most of which involve
restructuringto changethememoryreferencebehavior andto reorderthecalculationssothat
moreredundantcomputationscanbeeliminated.Our goalhasbeento minimizeexecution
timedespitethefactthatsomeof theoptimizationsalsoreducetheachievedFLOPsrate.

2. Tailoringof thenetworkhardwarestructureandcommunicationpatternstooptimizenetwork
performance.Thenew techniquesweusedto designKLAT2'snetwork allow usto optimize
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network performancein generalor evento specializeKLAT2's network for this CFD code.
All runsreportedherewereperformedwith ageneralizednetworkratherthanonespecialized
for thiscode.

3. Use of the Athlon's 3DNow! vector �oating point instructions. Unfortunately, these
instructionsonly support32-bitprecisionfor �oating pointarithmeticandalsohavevarious
performanceissuesthatmake themdif�cult to use.However, we have developedcompiler
technologyandothersupportthat makesuseof 3DNow! feasible. This is oneof the key
reasonsthatKLAT2 usesAMD Athlon processors.

Achieving high performancefrom this CFD coderequiresthe �rst two approaches.The third
approach,useof 3DNow!, we viewedwith skepticismuntil we wereableto verify that3DNow!
single-precision�oating-point arithmetichassuf�cient precisionto ensurethattheCFDresultsare
valid.

The following subsectionsdiscussKLAT2's specialarchitecturalcharacteristics,its network
andsupportfor 3DNow!, thatwe have usedto improve theperformanceof this CFD code. The
speci�c optimizationsandgeneralrestructuringof theCFDarediscussedin section4.

3.1 Optimizing Network Performance

The cost and baselineperformanceof AMD Athlon processorsis outstanding,and KLAT2's
basicperformancerelies heavily upon that fact, but processorsaloneare not a supercomputer
– a high-performanceinterconnectionnetwork is needed. Further, KLAT2 usesuniprocessor
nodesinsteadof multiprocessor(shared-memorySMP) nodesfor two key reasons:(1) using
single-processornodeseliminatesinter-processormemoryaccesscon�icts, makingfull memory
bandwidthavailableto eachprocessorand(2) SMPAthlon PCswerenot widely availableat the
time KLAT2 wasbuilt. This increasestheimportanceof network performanceandalsoincreases
thenumberof nodes,makingthenetwork largerandmoreexpensive.Oursolutionto thesenetwork
designproblemsis anew typeof network: a "Flat NeighborhoodNetwork" (FNN) [7].

This network architecturecamefrom therealizationthat theswitchingfabricneednot bethe
full width of the clusterin order to achieve peakperformance.Using multiple NICs (Network
InterfaceCards)perPC,single-switchlatency canbeachievedby havingeachPCshareatleastone
switchwith eachotherPC– all PCsdonothave to sharethesameswitch.A switchde�nesa local
networkneighborhood,or subnet.If aPChasseveralNICs,it canbelongto severalneighborhoods.
For two PCsto communicatedirectly, they simplyuseNICs thatarein thesameneighborhood.If
two PCshave morethanoneneighborhoodin common,they have additionalbandwidthavailable
with theminimumlatency.

Beforediscussinghow wedesignanduseFNNs,it is usefulto considerasmallexample.What
is thebestinterconnectionnetworkdesignthatcanbebuilt usingfour-wayswitchesfor aneight-PC
cluster?
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A verypopularansweris to useafat tree[12], becausefat treeseasilyprovidethefull bisection
bandwidth.Unfortunately, mostinexpensiveswitchescannothandleroutingfor afat treetopology.
Assumingthatappropriateswitchesareavailable,theeight-PCnetwork would look like �gure 3.

For this fat tree,thebandwidthavailablebetweenany pair of PCsis preciselythatof onelink;
thus,we saythatthepairwisebandwidthis 1.0 link bandwidthunits. Thebisectionbandwidthof
a network is determinedby dividing themachinein half in theworstway possibleandmeasuring
the maximumbandwidthbetweenthe halves. Becausethe network is symmetric,it canbe cut
arbitrarily in half; the bisectionbandwidthis maximalwhenall the processorsin eachhalf are
sendingin somepatternto the processorsin the other half. Thus, assumingthat all links are
bidirectional,thebisectionbandwidthis 8*1.0 or 8.0.

Pairwiselatency alsois animportant�gure of merit. For a clusterwhosenodesarephysically
neareachother, wecanignorethewire latency andsimplycounttheaveragenumberof switchesa
messagemustpassthrough.Althoughsomepathshave only a singleswitchlatency, e.g.between
A andB, mostpathspassthroughthreeswitches.Moreprecisely, fromagivennode,only 1 of each
of the7 othernodescanbereachedwith a single-switchlatency. Thus,1/7 of all pairswill have
1.0switchlatency and6/7will have3.0switchlatency; theresultingaverageis (1.0+ 3.0*6)/7,or
2.7switchlatency units.

Insteadof using a fat tree, supposethat we usea FNN to connectthesesameeight PCs
with four-way switches. Unlike the fat treecon�guration, the FNN doesnot connectswitches
to switches,socheap,dumb,switchescanbeused.However, moreNICs areneeded.At leastfor
100Mb/sEthernet,thecostsavingsin usingdumberswitchesmorethancompensatesfor thelarger
numberof NICs. In this case,eachPCmusthave 3 NICs connectedin a con�gurationsimilar to
thatshown by theswitchnumbersandcolorsin �gure 4.

Unlike the fat tree,the FNN pairwisebandwidthis not the samefor all pairs. For example,
thereare3.0 link bandwidthunits betweenA andB, but only 1.0 betweenA andC. Although
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the FNN shown hassomesymmetry, FNN connectionpatternsin generaldo not have any basic
symmetrythatcouldbeusedto simplify thecomputationof pairwisebandwidth.However, noPC
hastwo NICsconnectedto thesameswitch,sothenumberof waysin whichapairof connections
throughanS-portswitchcanbeselectedis S*(S-1)/2.Similarly, if thereareP PCs,thenumberof
pairsof PCsis P*(P-1)/2.If we sumthenumberof connectionspossiblethroughall switchesand
dividethatsumby thenumberof PCpairs,wehavea tight upperboundon theaveragenumberof
links betweena PCpair. Becauseboththenumeratoranddenominatorof this fractionaredivided
by 2, the formula canbe simpli�ed by multiplying all termsby 2. In otherwords, the average
pairwisebandwidthfor theaboveFNN is ((4*3)*6)/(8*7), or about1.28571428.

Not only doesthe averagepairwisebandwidthof the FNN beatthat of the fat tree,but the
bisectionbandwidthalso is greater. Bisectionbandwidthof a FNN is very dif�cult to compute
becausethe de�nition of bisectionbandwidthdoesnot specifywhich communicationpatternto
use; for FNNs, the choiceof patterncan dramaticallyalter the value achieved. Clearly, the
best-casebisectionbandwidthis the numberof links times the numberof processors;8*3.0
or 24.0 in our case. If we assumethat only pairwisepermutationcommunicationpatternsare
used,a veryconservativeboundcanbecomputedasthenumberof processorstimestheaverage
pairwisebandwidth; 8*1.28571428or 10.28571428. However, pairwisepermutationpatterns
do not generallyyield the maximumbisectionbandwidthfor a given cut becausethey ignore
bandwidthavailableusingmultiple NICs within eachPC to sendto distinct destinationsat the
sametime. In any case,bisectionbandwidthis signi�cantly betterthanthefat tree's 8.0.

Evenmoreimpressive is theFNN design's pairwiselatency: 1.0ascomparedwith 2.7 for the
fat tree. No switch is connectedto another, so only a singleswitch latency is imposedon any
communication.

However, thebiggestsurpriseis in thescaling.Supposethatwereplacethesix 4-wayswitches
andeightPCswith six 32-wayswitchesand64PCs?SimplyscalingtheFNN wiring patternyields
pairwisebandwidthof ((32*31)*6)/(64*63)or 1.47619047,signi�cantly betterthanthe8 PCvalue
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of 1.28571428.FNN bisectionbandwidthincreasesrelative to fat treeperformanceby thesame
effect. Althoughaveragefat treelatency decreasesfrom 2.7 to 2.5with this scaling,it still cannot
matchtheFNN's unchanging1.0.

It also is possibleto incrementallyscalethe FNN designin anotherdimension– by adding
moreNICs to eachPC.Until thePCsrun out of freeslotsfor NICs, bandwidthcanbe increased
with linearcostby simplyaddingmoreNICsandswitcheswith anappropriateFNN wiring pattern.
This is a farmore�e xible andcheaperprocessthanaddingbandwidthto a fat tree.

If FNNsaresogreat,why hasit notbeendonebefore?Therearefour importantreasons:

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

2. Routingis not trivial; asa minimum,eachmachinemusthave its own uniqueroutingtable.
Optimal routing using multiple NICs as a higher-bandwidthchannelis conceptuallylike
channelbonding[2], but requiresa muchmoresophisticatedimplementationbecausethis
bondingis destination-sensitive (i.e., NICs maybeusedtogetherwhensendingto onePC,
but groupeddifferentlywhensendingto anotherPC).

3. The network wiring patternfor a �at-neighborhoodnetwork is typically not symmetric
andoftenhaspoorphysicallocality properties.This makeseverythingaboutthenetwork,
especiallyphysicalconstruction,somewhatmoredif�cult.

4. It is not easyto designa wiring patternthat hasthe appropriateproperties.For example,
KLAT2's network interconnects64 PCsusing nine 31-way switches. Although 32-way
switcheswould have madethe designeasier, we neededto reserve the 32ndport of each
switchfor thecluster'sconnectionsto theoutsideworld.

Wesolvedthelastthreeproblemsby creatingageneticsearchalgorithm(GA) [11] thatcandesign
anoptimizednetwork, print color-codedwiring labels,andconstructthenecessaryroutingtables.
Althoughit wassomewhatdif�cult to createtheGA, andtheexecutiontimewassuf�ciently large
thatwe actuallyrun it on a cluster, theGA programis capableof optimizingthenetwork design
for any communicationpatternsor othercharacteristicsspeci�ed – an importantnew capability
beyondthatof traditionalnetworks.KLAT2'sgeneticallydesignedFNN is shown in �gure 5.

Thisversionof KLAT2'sFNN waspartiallyoptimizedfor anothercode(ScaLAPACK [3]) that
usescommunicationpatternsthatarecompletelydifferentfrom thoseof theCFD codediscussed
here– it wasnotoptimizedfor thisCFD.However, KLAT2'sFNN usesits nine31-wayswitchesto
yield averagepairwisebandwidthof (((31*30)*8)+(8*7))/(64*63)or 1.859bidirectional100Mb/s
Ethernetlinks/pair (371.8Mb/sperpair). Multiplying thatby 32 PCpairscommunicatingacross
thebisectionyieldsaveryconservativebisectionbandwidthof 11.9Gb/s;theuplink switch(which
holdsthetwo hotsparesandthelinks to theoutsideworld) addsanadditional1.8Gb/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: Comparisonof FNN for ScaLAPACK (left) andDNSTool (right)

uplinkswitchis25.6Gb/s.OurCFDprogramenqueuesmultiplecommunicationsatatime,making
gooduseof paralleloverlapin NIC operationandthusyielding performancemuchcloserto the
upperbound. The basicperformanceof KLAT2's network is suf�cient to keepcommunication
overheadunder20%of programruntime– despitethefactthatthenetwork wasnotoptimizedfor
thiscode.

Redesigningand physically rewiring KLAT2's FNN to be optimal for the CFD code is a
relativelysimpleandquickprocess;welet theGA runfor abouttwohoursonasingle1GHzAthlon
to designthenetwork andthephysicalrewiring took two peoplea totalof about2.5hours.Figure
6 shows KLAT2's color-codedwiring tagsfor the network partially optimizedfor ScaLAPACK
(left) and the new network patternoptimized for DNSTool (right). The immediateresult of
this optimizationwas an additionalspeedupof about1%; much more substantialperformance
improvementsarepossiblebyadjustingDNSTool'sorderof communicationswithin atimestepand
usingFNN advancedrouting[6]. Certainly, this rewiring andtuningof thecommunicationcode
is appropriateif KLAT2 (or any othercluster)is dedicatedto runningthis code. However, even
with theextrapressureof usinguniprocessornodes,thebasicFNN propertiesprovedsuf�cient to
ef�ciently handlethedemandsof this communication-intensiveCFD code.Thus,throughoutthis
paper, wehavequotedtheconservative“generic”FNN performancenumbersfor DNSTool.

At this writing, a version of the FNN design GA has been made freely available at
http://aggregate.org/FNN/via aninteractiveWWW form. In orderto maketheGA runfastenough
for interactiveuse,theGA wassimpli�ed to useonly agenericcommunicationcostfunction.Once
we have completedmakingtheuserinterfacemorefriendly, we plan to 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 microprocessorlogic hasreachedthe
pointwhereaddingSIMD (SingleInstructionStream,Multiple DataStream)or vectorparallelism
can be very cost effective. However, traditional SIMD and vector implementationsrely on
high-performancememoryinterfacesthatsimply arenot compatiblewith currentmicroprocessor
datapaths. Thus, a new �a vor of parallelismhas beendevelopedto mate SIMD semantics
with conventionaluniprocessordatapaths:somethingthat we genericallycall SIMD Within A
Register (SWAR) [5]. SWAR differs from SIMD in that SWAR parallelismpartitionsregisters
anddatapathsinto multiple �elds thatareprocessedsimultaneously. Thus,SWAR requiresmuch
moreconstraineddatalayout,doesnot directly supportdisablingof processingelements,andhas
parallelismwidth thatis notconstant,but afunctionof thedatasize(e.g.,twiceasmuchparallelism
with 16-bitdataaswith 32-bitdata).

Theconceptof SWAR long predatesthemicroprocessorswith hardwaresupportingthis type
of execution.For example,populationcount(importantbecausethepopulationcountof theXOR
of two valuesis the Hammingdistance)haslong beenimplementedusing a SWAR algorithm
usingbitmasks,shifts, andadds. However, therewereno software tools developedfor SWAR
programming.The �rst SWAR hardwaresupport,in processorslike theHummingbirdPA-RISC
andtheMMX PentiumandK6, wasverytightly focusedonspeedingafew hand-codedalgorithms
– especiallyMPEG decodefor playing DVDs – so high-level programmingmodelswere not
a concern. However, we hadextensive experiencein building optimizing compilersfor SIMD
machines,sowesaw animmediateneedto developabettermodelandprogrammingtools.

Thus, about6 monthsbeforeIntel began shippingthe �rst PentiumMMX processors,we
built our �rst high-level languageand optimizing compiler technologyfor SWAR. Our high-
level language,SWARC, is a vectorC dialectsupporting�rst-classarrayswith arbitraryprecision
speci�edfor eachvariableusingthesamesyntaxC usesfor specifyingprecisionof bit �elds within
astruct:int:2 i; declaresi asanintegerhavingnotlessthantwo-bitprecision.To facilitaterewriting
only a smallportionof a C codein SWARC, thelanguageis designedasa trueC supersetandis
implementedby a modulecompiler, Scc. The compiler, which is still evolving, hasbeenfreely
availablefrom ourSWAR WWW site,http://shay.ecn.purdue.edu/swar/,for over two years.

SothatScc'sSWAR outputcodeintegratescleanlywith C code,SccactuallygeneratesC code
andinvokesGCCon that. BecauseGCCdoesnot know aboutany of thenew SWAR instructions
(i.e., MMX, 3DNow!, etc.), Scc generatesGCC-compatibleinline assemblymacrosfor these
instructions. Thesemacrosare actuallyquite high-level in that they allow direct accessto the
variablesof the ordinaryC codewith which they arecompiled,so they easilycanbe editedby
handto furthertuneperformance.In fact,our macrosfor MMX, 3DNow!, andSSEareall freely
availableand often are usedfor coding from scratch. For example,to multiply corresponding
elementsof 2-element�oat arraysc=a*b,onecouldusethefollowing 3DNow! macros:
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movq_m2r(*((mmx_t*) &(a[0])), mm0);/* mm0= (a[0],a[1])*/
pfmul_m2r(*((mmx_t*) &(b[0])), mm0);/* mm0= (a[0]*b[0],a[1]*b[1]) */
movq_r2m(mm0,*((mmx_t *) &(c[0]))); /* (c[0],c[1]) = mm0*/

Despitethehigher-level abstraction,with appropriatecarein specifyingtheaccessof variables,
eachof themacrosresultsin preciselyoneinstruction. Of course,thecodealsowill be fasterif
the�oat arraysstarton 64-bit alignedaddresses,thetight dependencestructureof thesequenceis
interleavedwith or nearothercodethattheAthlon canuseto �ll pipelineslots,etc.

Sccusesquite a few very aggressive optimizationtechniquesto ensurethat the outputcode
is fast, includinga sophisticatedpipelinetiming modelanduseof a modi�ed exhaustive search
combinedcodescheduler, registerallocator, andaddressingmodeselector. However, oftentheScc-
generatedcodecanbe improvedsomewhatby handediting– for example,by insertingprefetch
instructionsor applyinginformationaboutdatavalues(e.g.,integercomparescanbeusedfor �oat
comparisonsif thesignsof thevaluesareknown). In somerelatively rarecases,it is just aseasy
to write theparallelcodedirectlyusingthemacrosasit wouldbeusingScc.To aid in thosecases,
we alsohave developeda codereschedulingtool thatcanautomaticallyreschedulesequencesof
themacrosto improvepipelining.

Thechoiceof Athlonsfor KLAT2 waslargely inspiredby our long experiencewith SWAR in
generalandwith MMX, 3DNow!, andSSEin particular. AlthoughPentiumIII SSEtheoretically
offers comparableperformanceto that of 3DNow! on an Athlon, thereare a variety of minor
differencesthatmake our compilertechnologyandbenchmarkingstronglyfavor 3DNow! on the
Athlon. Aside from our compilertechnologybeingfar bettertunedfor 3DNow! thanSSE,the
AMD processorsmake pipelinebubbleslesslikely andlessharmful. Onereasonis thedifference
betweena single128-bit SSEpipelineand two 64-bit 3DNow! pipelines;anotheris the more
aggressivereschedulingdoneby theK6-2 andespeciallyby theAthlon.

Although we view ScaLAPACK more as a library or benchmarkthan as a full code, we
have createda 3DNow!-awareversionthatcomplieswith therulesfor theLINPACK benchmark
as speci�ed at http://www.top500.org/, and that code provides a good basisfor performance
comparison. Using 32-bit single-precision3DNow!, KLAT2's 64 700MHz Athlons achieve
a very impressive 64.459 GFLOPSon ScaLAPACK for N=40,960. (N1/2 was 13,824; see
http://aggregate.org/KLAT2/ScaLAPACK/ for other details.) That translatesto just over 1
GFLOPSperprocessoror 1.44FLOPs/clockcycle, includingall thecommunicationoverheadof
ScaLAPACK usingourFNN-awareversionof LAM MPI. It alsois lessthan$0.64perMFLOPS.

ThewaywemadeScaLAPACK 3DNow!-awarewasverysimple[8]. ScaLAPACK usesBLAS
andBLACS,BLAS usesATLAS[16], andBLACSusesMPI. Mostof theruntimeis actuallyinside
a singleATLAS-createdroutine,SGEMM. ATLAS is a remarkabletool that actuallyconstructs
many differentvariationson that routineandautomaticallybenchmarksthemto selectthe best
coding.Usingour tools,it tookuslessthanthreedaysto modify theATLAS-optimizedSGEMM
to make gooduseof 3DNow!. The DGEMM/SGEMM performanceusinga 900x900element
matrixonasingle700MHzAthlon systemis shown in table1.

In fact, if we could get the sameperformancefor ScaLAPACK that we get for single-node
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Table1: DGEMM/SGEMMperformanceona single700MHzAthlon
MFLOPS FLOPs/clock

Athlon Legacy IA32 80/64-bitdoubleprecision 799.1 1.1416
Athlon Legacy IA32 80/32-bitsingleprecision 926.1 1.3230

Athlon 3DNow! 32-bit singleprecision 1663.7 2.3767

SGEMM,KLAT2 wouldbeunder$0.39perMFLOPS.
Although cache,TLB, and othereffectsprevent us from achieving the theoretical3DNow!

peak,themeasuredperformanceof theAthlon 3DNow! is substantiallybetterthanonecaneasily
achieve with SSE.Even the IA32 legacy �oating point performanceis quite impressive given
IA32's useof a stackmodel(ratherthangeneralregisters)andthe Athlon's GHz-enablingdeep
pipelines.TheIA32 �oating point registerstackgenerallyresultsin serialdependencechainsthat
the processormustaggressively reschedulein orderto �ll pipelineslotswell enoughto achieve
evenoneFLOP/clock.

Of course,using3DNow! to speed-upa full-featuredCFD codeis muchmoredif�cult thana
singlesubroutineof ScaLAPACK becauseperformancedependson many moreroutinesandthe
natureof thealgorithmis substantiallylesscache-friendly. With ourtools,threedaysof tuningwas
suf�cient for SGEMM;it hastakenusweeksto restructurethevariousCFDroutinesfor 3DNow!.

4 Implementation and Optimization

Weemployedavarietyof codingtechniquesto improvethecomputationalef�ciency of thesolver.
To guideour tuning, we performedcomputationson a 60 x 30 x 30 grid for 10 timestepson a
single processor. 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 and3. Thesegprof usagepro�les reveal that 90% of the CPU time is spentin the
high-level routinesthatsolve theviscous�ux andperformtheAUSM �ux-splitting computations.
Furtherexaminationrevealedthatamongthe lower-level routinesthatmadeup viscous_�uxand
ausm_plus, the primary subroutineswere the �ll_uvwT_stencil, gradient, and ausm_plus_�ux
routines.Thesethreeroutinesbecamethefocusof ouroptimizationefforts.

As an initial step,all of theseroutineswere aggressively 'cleaned', focusingon removing
all redundantcalculationsthat reproducedwork performedelsewhere. Repeatedcalculation
of constanttermswere removed, and wherever feasible,calculationswere shifted outsidethe
innermostloops.Thesestepscreatedbothamorestreamlinedandamorereadablecode,improving
theusabilityof DNSTool.

A secondkey optimizationcamefrom restructuringthebasicdatastorageof thevariablesto
bettermatchacache-basedmemorysystem.Thesolveris employedin aseriesof sweeps,in thei-,
j-, andk-directions,requiringtheremappingof the3-D dataarraysinto 1-D arrayscorresponding
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Table2: Call hierarchypro�le for initial double-precisonDNSTool
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_metrics[17]

0.00 0.29 20/20 apply_boundary_conditions[19]

0.00 0.21 20/20 set_�ux_diff [21]

[2] 74.1 3.22 34.12 20 viscous_�ux[2]

6.51 0.00 36000/36000 �ll_uvwT_stencil2_dir3[4]

5.54 0.00 34800/34800 �ll_uvwT_stencil2_dir2[5]

5.24 0.00 352800/352800 gradient[6]

4.50 0.00 17400/17400 �ll_uvwT_stencil_dir1[7]

3.95 0.00 36000/36000 �ll_metrik_stencil_dir3[8]

2.93 0.00 34800/34800 �ll_metrik_stencil_dir2[10]

2.48 0.00 17400/17400 �ll_metrik_stencil_dir1[13]

2.04 0.00 441000/882000 add2�ux_differences[8]

0.94 0.00 264600/705600 get_1dline_3d�eld[12]

[3] 19.9 2.25 7.76 20 ausm_plus[3]

2.92 0.00 88200/88200 ausm_plus_�ux[11]

2.04 0.00 441000/882000 add2�ux_differences[8]

1.56 0.00 441000/705600 get_1dline_3d�eld[12]

0.92 0.00 88200/88200 get_1d_metric[15]

0.32 0.00 88200/88200 normalize_1d[18]

0.00 0.00 60/60 init_start_end_indices[53]

0.00 0.00 60/60 get_normal_metric[52]

0.00 0.00 20/20 get_max_dimension[62]
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Table3: Pro�le of initial double-precisionDNSTool

% time cum.sec. self sec. calls selfms/call totalms/call name

12.92 6.51 6.51 36000 0.18 0.18 �ll_uvwT_stencil2_dir3

11.00 12.05 5.54 34800 0.16 0.16 �ll_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 �ll_uvwT_stencil2_dir1

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 �ll_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 �ll_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 �ll_metrik_stencil_dir1

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.Whenremappingfrom these3-D arrays,thefull setof thevariables
at one3-D index is requiredto generatethe valuesat one index point in the 1-D arrays. On a
cache-basedmemorysystem,this would requirefetchinga distinct cache-linefor each variable
read.In thei-direction,therestof thesefetchedcache-linescontaindataelementsthatwill beused
in subsequentiterations(i+1, i+2,etc.).Unfortunately, in theothertwo directions(j andk), therest
of thedatain thefetchedcache-lineswill notbeused,wastingmostof thememorybandwidth.

The new data layout is a 3-D array of structures,with eachstructureholding the relevant
variablesfor one3-D index point. Thus,whenremappingfrom the 3-D arrayof structs,all the
variablesneededtocalculatethevaluesfor oneindex pointin the1-Darrayareadjacentin memory.
This resultsin only oneor two cache-linesbeingfetchedfrom mainmemoryfor theentire setof
�o w andgeometryvariablesper3-D index, dramaticallyreducingtherequiredmemorybandwidth.
Additionally, whenusingsingle-precision�oats, the�elds within thestructurewereorderedsothat
pairsof adjacent�elds couldbe loadedinto 3DNow! registerswith individual load instructions,
see�gure 7. Thepairswereselectedsothat thecalculationson themalsocouldbeperformedin
parallel.As shown in the�gure, thisnew datavectorhastheform

�

��� �"!

�

�"#�� �"$

�

�&%�� . Combined
with someeffort to align the datastoragewith the 64-bytecache-linesof the Athlon, this more
ef�cient useof the memoryand cacheeffectedacross-the-boardimprovementswhetherusing
double-precisionor single-precision.

Themostcostlyroutinein DNSTool wasthe�ll_uvwT_stencil, whosepurposewasto extract
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Figure7: Initial memorylayoutandimprovedcachefriendly memorylayout

the �o w variablesfrom 3D arraysinto 1D arrays(correspondingto the i-, j-, or k-directions),
calculatetheprimitivevariables� �

�

!

�

#

�

$

�

	

' from theconservativevariables� �

�

�"!

�

�"#

�

�"$

�

�&%(' ,
andcomputethe intermediatevaluesneededto for the �o w gradientcalculationon eachfaceas
per equation33. This routineis usedrepeatedly, with slightly differentforms dependingon the
direction of the computationalsweep. We aggressively rewrote the computationsin termsof
3DNow!, taking particularadvantageof the fast reciprocalfor the � -division andour new data
structure.Efforts to implementpre-fetchingof thevariablesonly yieldedminimal improvements-
theAthlon scheduleris apparentlygoodenoughthatonly extremelyaggressive pre-fetchingwill
improve on its performance. Overall, thesecombinedenhancementsresultedin a sevenfold
reductionin thesingleprocessorCPU time in the long-stridedirections(j andk), anda � vefold
reductionin thei-direction.

Improvement to the subroutinegradient was achieved in much the samemanneras the
�ll_uvwT_stencilroutines,throughthecombinationof theimproveddatastructureandconverting
thecalculationof the�nite-v olumecirculationtheoremto 3DNow! macros.Equation33illustrates
why thevolumewasincludedin the�o w variablevectorof thenew datastructure,asthevolume
is acomponentin many of the�o w variablecomputations.
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The�nal routinethatwasaggressively optimizedwith 3DNow! macroswasausm_plus_�ux.
In this routine,two importantfeatureswerethe fastreciprocalsquareroot function (particularly
usefulfor calculatingthespeedof sound,�

�

�

���

	

), andreplacingif-then structureswith bit-
maskingtechniques(for instancein thechoiceof




�

and



�

de�nition in equation24) .
It shouldbe notedthat the 3DNow! codingdonein DNSTool wasstrictly in the form of C-

macros;noassemblercodewasexplicitly includedin thecode.NeitherweretheAthlon 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,as it turnedout, we did not directly useany
codegeneratedby it. We did useour codereschedulerto improve someof the3DNow! codein
DNSTool. Throughoutthe3DNow code,carewastakento optimizeregisterusage;3DNow! has
only 8 registernames,but carefuluseof these8 allows the Athlon's registerrenaminglogic to
make betteruseof its 88 physicalregisters.Thenew datastructurealsoimprovesregisteruseby
reducingthepressureon theIA32 registersthatareusedfor addressing.Thevector-arrayallowsa
singlebaseaddressto bekeptin anIA32 registerandindexedby shortconstantsinsteadof forcing
theIA32 registersto jugglesix or moreapparentlyindependentpointers,onefor eachindividual
variablearray.

The resultsof this effort, including the speed-updueto switchingfrom double-precisionto
single-precision�oating-point operationsandincluding3DNow! macros,areshow in tables4 and
5. As canbeseen,the�ll_uvwT_stencilroutineshavedroppedprecipitouslyto the9, 10,and11th
mostCPU-costlyroutines.Thegradientsubroutineis now themostcostly, but its CPUtime has
fallenfrom 5.24secondsto 1.73seconds.Numerousroutinesin which no3DNow! optimizations
wereusedsaw speed-upsdueto the aggressive removal of redundantcalculations,the new data
structure,andthe improvedcache-memoryalignment. The overall computationaltime fell by a
factorof 3, from 50.4to 17.7seconds.

For additionalcomparison,we have includedin tables6 and7 the double-precisionresults,
which eliminatethe advantagesof moving from 64-bit to 32-bit variables,includingmakingthe
3DNow! macrosuseless.As canbeseen,thereis considerableimprovementin thecodesimply
from 'cleaning', cache-memoryalignment,andthenew 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_plus[3]

1.08 0.31 20/20 steady_time_int[5]

0.76 0.00 176400/176400 add2�ux_difference

[2] 53.0 0.06 8.48 20 viscous_�ux[2]

1.58 0.00 36000/36000 �ll_metrik_stencil_dir3[4]

1.23 0.00 34800/34800 �ll_metrik_stencil_dir2[7]

1.16 0.00 88200/88200 stress_�ux[8]

0.90 0.00 36000/36000 �ll_uvwT_stencil_dir3[10]

0.87 0.00 17400/17400 �ll_metrik_stencil_dir1[11]

0.82 0.00 17400/1740 �ll_uvwT_stencil_dir1[12]

0.81 0.00 34800/34800 �ll_uvwT_stencil_dir2[13]

0.76 0.00 352800/352800 gradient[14]

0.33 0.00 264600/264600 scopy_3dnow[19]

0.02 0.00 264600/264600 get_1dline_3d�eld[33]

[3] 25.7 0.38 3.76 20 ausm_plus[3]

1.37 0.00 88200/88200 muscl_extrapolation[6]

1.13 0.00 88200/88200 ausm_plus_�ux[9]

0.51 0.00 88200/88200 get_1d_metric[16]

0.46 0.00 88200/88200 get_1dline_3dvars[17]

0.29 0.00 88200/88200 vn_extrapolation[20]

0.00 0.00 60/60 init_start_end_indices[58]

0.00 0.00 20/20 get_max_dimension[65]
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Table5: Pro�le of optimized3DNow! DNSTool

% time cum.sec. self sec. calls selfms/call totalms/call name

9.81 1.58 1.58 36000 43.89 43.89 �ll_metrik_stencil_dir3

8.50 2.95 1.37 88200 15.53 15.53 muscl_extrapolation

7.64 4.18 1.23 34800 35.34 35.34 �ll_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 �ll_uvwT_stencil_dir3

5.40 9.32 0.87 17400 50.00 50.00 �ll_metrik_stencil_dir1

5.09 10.14 0.82 17400 47.13 47.13 �ll_uvwT_stencil_dir1

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_3dvars

2.61 13.86 0.42 88200 4.76 4.76 normalize_1d

2.36 14.24 0.38 20 19000.00 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_extrapolation

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_diff
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Table6: Call hierarchypro�le for optimizeddouble-precisionDNSTool
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_plus[3]

1.25 0.47 20/20 steady_time_int[10]

[2] 58.7 0.07 15.39 20 viscous_�ux[2]

2.56 0.00 36000/36000 �ll_uvwT_stencil_dir3[5]

2.01 0.00 34800/34800 �ll_uvwT_stencil_dir2[7]

1.95 0.00 36000/36000 �ll_metrik_stencil_dir3[8]

1.86 0.00 352800/352800 gradient[9]

1.61 0.00 17400/17400 �ll_uvwT_stencil_dir1[11]

1.56 0.00 34800/34800 �ll_metrik_stencil_dir2[12]

1.33 0.00 17400/17400 �ll_metrik_stencil_dir1[14]

1.18 0.00 88200/88200 stress_�ux[15]

1.01 0.00 88200/176400 add2�ux_differences[6]

0.32 0.00 264600/264600 get_1dline_3d�eld[21]

[3] 30.6 0.43 7.62 20 ausm_plus[3]

2.83 0.00 88200/88200 ausm_plus_�ux[4]

1.40 0.00 88200/88200 muscl_extrapolation[13]

1.01 0.00 88200/176400 add2�ux_differences[6]

0.97 0.00 88200/88200 get_1dline_3dvars[16]

0.86 0.00 88200/88200 get_1d_metric[17]

0.33 0.00 88200/88200 normalize_1d[20]

0.22 0.00 88200/88200 vn_extrapolation[23]

0.00 0.00 60/60 init_start_end_indices[59]

0.00 0.00 20/02 get_max_dimension[65]
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Table7: Pro�le of optimizeddouble-precisionDNSTool

% time cum.sec. self sec. calls selfms/call totalms/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 �ll_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 �ll_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 �ll_uvwT_stencil_dir1

5.92 16.40 1.56 34800 44.83 44.83 �ll_metrik_stencil_dir2

5.31 17.80 1.40 88200 15.87 15.87 muscl_extrapolation

5.05 19.13 1.33 17400 76.44 76.44 �ll_metrik_stencil_dir1

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_3dvars

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_3d�eld

1.02 25.10 0.27 20 13500.00 13500.00 set_�ux_diff
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5 Results

The primary objective of this paperis to demonstratethe computationalimprovementsyielded
fromtheimplementationof thevarioustechniquesdetailedin theprevioussections.Thesimulation
resultsobtainedsofararenotsuf�cient for drawing conclusionsaboutthe�o w physicsin thelow-
pressureturbine;however, CFD resultspresenteddo indicatethe complexity andrealismof the
engineeringprobleminvolved in this projectandpotentialfor performingCFD simulationson
KLAT2-likeclusters.Thecostof KLAT2 is thenitemized.Combiningtheruntimesobtainedwith
thecostof building KLAT2 demonstratesthecosteffectivenessof ourapproach.

5.1 Simulation Results

Theparticularsimulationwe have focusedon for this paperis thedirectnumericalsimulationof
the�o w overa singleturbineblade.This researchis connectedto NASA's Low-PressureTurbine
Physicsprogram,whichaimsto improvetheef�ciency of turbomachineryin aircraftengines.Our
speci�c concentrationis understandingthe turbulentcascade,i.e. theprocessby which the �o w
over the bladeswitchesfrom laminar to turbulent �o w conditions. This transitionis not well-
understood,but its propertiesareoften critical to the performanceof many aerospacesystems,
includingturbomachinery.

Fundamentalunderstandingof the cascadethroughnumericalsimulationrequiresthe useof
computationally-intensivemodelssuchasLES andDNS,sincethemoreempiricallybased,less-
demandingapproachessuchasRANScannotproperlymodellaminar-turbulenttransition.For the
full turbinecascade,complex geometriceffectsmustbetakeninto account,requiringdensegrids
in certaincritical regions.For thesereasons,theturbineblade�o w is anidealcandidatefor testing
onaclusterusingDNSTool.

The selectedgrid con�guration for the CFD computationhas been used in both two-
dimensionalandthree-dimensionalresearchat theUniversityof Kentucky on theturbinecascade
[15]. As canbe seenin �gure 8, the grid is curvilinear, representingan in�o w region from the
nozzleinto the turbine,throughthe turbineblades,andthenanout�ow region. Theoverall grid
is 400 x 200 x 200, or 16 million grid points. The �o w over the bladeis consideredperiodic
in both the j- andk-directions,with the exceptionof the j-directionbetweenthe two solid blade
boundaries.The �o w is subsonicthroughout,with a transitionalregion occurringsomewhereon
thebladesurfacedependingon theprecise�o w parameters.

For the purposesof timing, we ran steady-statesimulationsof the �o w. The resultsof
thesesimulationsare presentedin �gures 9 and 10 for an in�o w Mach numberof 0.1. This
solution combinedwith homogeneousturbulenceis 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 weeksof
dedicatedusage.
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Figure8: View of thethree-dimensionalgrid

Figure9: Steadystatepressurecontours
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Figure10: Isosurfaceof velocitydisturbancemagnitudecoloredwith pressure
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A technicalpoint is thatthegrid usedin thesesamplecalculationsis probablynot suf�ciently
�ne for astrictDNS;rather, thepresentedresultsaremoreproperlyQDNS.Evidencesuggeststhat
our gridsarewithin a factorof 5 of a strict DNS computation–forcomparison,theFlow Physics
andComputationDivisionof StanfordUniversityclaimsaDNScomputationfor asimilarproblem
domainusing86million grid points(http://www-fpc.stanford.edu/).

5.2 The Costof KLA T2

KLAT2's costis somewhatdif�cult to specifypreciselybecausethemostexpensive components,
theAthlon processors,weredonatedby their manufacturer, AMD (AdvancedMicro Devices). In
theinterestof fairness,wehavequotedtheretailpricefor theseprocessorsasfoundonMultiwave's
WWW siteon May 3, 2000. Similarly, althoughmostapplications(includingthosediscussedin
this paper)useonly 64nodes,KLAT2 alsohas2 "hot spare"nodesandanadditionalswitchlayer
thatareusedfor fault toleranceandsystem-level I/O; becauseweconsiderthesecomponentsto be
anintegral partof KLAT2's design,we have includedtheir cost.We alsoincluded16 spareNICs
andseveralsparesurgeprotectors.Dueto Universityof Kentucky purchasingguidelinesandpart
stockingissues,purchasesfrom thesamevendorweresometimessplit in oddwaysandtherewere
variousinconsistenciesabouthow shippingwascharged;althoughthe vendortotalsarecorrect,
wehavehadto approximatethecomponentcostbreakdown in thesecases.

In summary, KLAT2's total value is about$41,200,with the primary costsbeing roughly
$13,200in processors,$8,100in the network, $6,900in motherboards,and$6,200in memory.
We believe thecostbreakdown in �gure 11 to be a conservative 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 purchasedthe 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 projectsinspirestudentslike beingable to contribute to the constructionof a new type of
supercomputer, so we encouragedas many peopleas possibleto participate. The construction
of the PCswas easily accomplishedwithin a single day (April 11, 2000) with no more than
six studentsworking at any time and most of the studentshaving their �rst experiencein PC
construction;wiring the cluster took two peopleonly a few hours (thanksto the color-coded
cables).Thecostof thesodaandpizzasmayseema �ippant accounting,but areactuallya good
matchfor whatit wouldhavecostfor awell-experiencedresearchassistantto assembleeverything
withoutadditionalhelpor distractions.
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Figure11: Costbreakdown for KLAT2
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Figure12: Distribution of the runtimesover a 15h run for the singleprecisionsimulationusing
3DNow!
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Table8: Finaldoubleprecisionresults
I/O MFLOPcount Walltime SustainedGFLOPS $/MFLOPS

with I/O 338237 23398.8s 14.46 2.85
without I/O 338237 22560.0s 14.99 2.75

Table9: Finalsingleprecisionresults(using3DNow!)
I/O MFLOPcount Walltime SustainedGFLOPS $/MFLOPS

with I/O 338237 16114.9s 20.9 1.96
without I/O 338237 15273.2s 22.1 1.86

5.3 Computational Results

The currentGFLOPSand $/MFLOPSare given in tables8 and 9, while �gure 12 shows the
distribution of thewall-clock timesover 3500timesteps.Therelatively rarevery slow timesteps
occurdueto anunfortunateresonancebetweenminorloadimbalancesandTCP/IPnetwork traf�c;
it shouldbe possibleto eliminatetheseglitches,but their contribution to total runtimewasnot
suf�cient for usto make thatapriority.

Thepresentedcomputationsarefor aDNSTool runona400x 200x 200turbinebladegrid (16
million grid points).Thisgrid pointcountexcludespointsoutsidethephysical�o w regionneeded
for boundaryconditionsor blockoverlap.Thepresentedresultsaretheaveragefor 1000timesteps
for a long time integration. The walltime is maximumover thewholeclusterfor eachiteration.
All of thecomputationsaredoubleprecisionon the64-processorKLAT2. Resultsarepresented
for boththeisolatednumericalcomputationandtheoverallcomputationincludingI/O.

TheGFLOPcountis measuredby �rst doingtheidenticalcomputationon a SGI Origin 2000
andusingSGI performancetools; speci�cally, usingmpirun-np 64 ssrun-ideal to run thecode,
followedby applyingprof -archinfo ideal.* to theoutput,which yields the total FLOPcountfor
thecomputation.Dividing this numberby thewalltimeexpendedin theKLAT2 simulationyields
thegivenGFLOP/sresults.

We do not think that we have yet achieved optimal performancefor this cluster-CFD code
combination.In additionto thepotentialimprovementsdiscussedin section3, we have not done
muchwork on theoptimalgrid con�gurationsfor this cluster, eitherin termsof theconstruction
andloaddistributionof thesubgridblocksor theoverall bestgrid density. TheI/O alsoremainsa
relatively slow partof thecode,playinga largerole in thedifferencebetweentheoverallandpeak
performance.Evenwithout thesepotentialimprovements,theoverallperformanceof DNSTool on
KLAT2 is outstanding.

34



6 Conclusion

In this paper, we have describedthe techniquesandtools that we createdandusedto optimize
theperformanceof thecombinationof DNSTool andKLAT2. This tuningof systemperformance
involvedboth recodingof theapplicationandcarefulengineeringof theclusterdesign. Beyond
restructuringof thecodeto improvecachebehavior, weusedvarioustoolsto incorporate3DNow!
into thesingle-precisionversion,andevenusedaGA to designtheclusternetwork.

Using similar techniquesfor KLAT2 to executeScaLAPACK yieldedbetterthan$0.64per
MFLOPS single precision,but ScaLAPACK is a relatively easycodeto speedup. Although
ScaLAPACK requires substantialnetwork bandwidth, only a single computationalroutine
(DGEMM or SGEMM) neededto be optimizedto obtainthat recordperformance.In contrast,
achieving $2.75 per MFLOPS double precisionand $1.86 per MFLOPS single precisionfor
DNSTool requiresmany more optimizationsto many more routinesand generally taxes the
machinedesignmuchmoreseverely.

The high computationalcomplexity of the DNS approachto CFD provides importantand
uniqueabilities:DNSyieldshigh-qualityresultsfor problemsthatfaster, moreapproximate,CFD
techniquescannotyet handle.Thus,the low costof runningDNS on machineslike KLAT2 can
make a qualitative differencein the rangeof CFD problemsthat can be approached,either to
directly solve them or to designcomputationallycheapermodelsthat can suf�ce for practical
engineeringapplications.

In much the sameway, the techniquesand tools that we developedand usedto engineer
KLAT2, andto tunetheperformanceof DNSTool for KLAT2, alsorepresentqualitativeadvances
over previous approaches.For example,3DNow! was originally intendedfor 3D graphicsin
video games,but our tools make it signi�cantly more accessiblefor scienti�c andengineering
codes.Evenif it is not optimizedfor theparticularcommunicationpatternsthatwill beused,the
GA-designedFNN provideslow latency andhigh bisectionbandwidth;the ability to tunefor a
speci�c application's communicationpatterns,generatingdeliberatelyasymmetricdesignswhen
appropriate,is auniqueadditionalbene�t.

Most importantly, the optimizedDNSTool and the tools to designand similarly optimize
your own clusters with speci�c applications either are or will be freely available from
http://aggregate.org/. Our primarydirectionfor futurework is to take thesetools onegiant step
further, creatingeasily-replicatedpersonalizedturnkey superclusters(PeTS)that will provide
scientistsand engineerswith supercomputerperformancefor speci�c applicationswithout
requiringthemto becomeexpertsin computing.
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