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Abstract

Traditionally parallel supercomputinghas focusedon the

inner kernel of scienti c simulations: the solver. The

front and back endsof the simulation pipeline—problem
descriptionand interpretationof the output—hae taken a

back seatto the solver when it comesto attention paid

to scalability and performance and are often relegated to

of ine, sequentiacomputation. As the largestsimulations
move beyond the realm of the terascaleandinto the petas-
cale, this decompositionin tasksand platforms becomes
increasinglyuntenable We proposean end-to-endapproach
in which all simulationcomponents-meshingpartitioning,

solver, and visualization—aretightly coupledand execute
in parallelwith shareddatastructuresand no intermediate
I/0. We presentour implementationof this new approach
in the context of octree-basedhite elementsimulation of

earthquak groundmotion. Performancesvaluationon up

to 2048 processorslemonstrateshe ability of the end-to-
endapproacho overcomethe scalabilitybottleneckf the

traditionalapproach.

1 Intr oduction

The traditional focus of parallel supercomputindnasbeen
on the inner kernel of scienti ¢ simulations: the solver,
a term we use genericallyto refer to solution of (numer
ical approximationsof) the governing partial differential,
ordinary differential, algebraic,integral, or particle equa-
tions. Greateffort has goneinto the design, evaluation,
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and performanceoptimization of scalableparallel solvers,

and previous Gordon Bell awards have recognizedthese
achiezements. However, the front and back endsof the

simulationpipeline—problendescriptionandinterpretation
of the output—hae taken a back seatto the solver when

it comesto attentionpaid to scalability and performance.
This of coursemakes sense: solvers are usually the most
cycle-consumingcomponentwhich makes them a natural
target for performanceoptimization efforts for successie

generationsf parallelarchitectureThefront andbackends,
ontheotherhand,oftenhave sufciently smallmemoryfoot-

prints and computerequirementshat they canbe relegated
to of ine, sequentiatomputation.

However as scienti ¢ simulations move beyond the
realmof theterascalendinto thepetascalethis decomposi-
tion in tasksandplatformsbecomesncreasinglyuntenable.
In particular multiscalethree-dimensiond?DE simulations
oftenrequirevariable-resolutiomnstructureanesheso ef -
ciently resohe thedifferentscalesof behaior. Theproblem
descriptionphasecanthenrequiregenerationof a massie
unstructuredmesh; the output interpretation phasethen
involvesunstructured-mestolumerenderingof evenlarger
size.As thelargestunstructureaneshsimulationsnove into
the hundredmillion to billion elementrange,the memory
andcomputerequirementgor meshgeneratiorandvolume
renderingprecludethe useof sequentiatomputers.On the
otherhand scalableparallelalgorithmsandimplementations
for large-scalemeshgeneratiorand unstructuredneshvol-
ume visualizationare signi cantly moredif cult thantheir
sequentiatounterparts.

We have beenworking over the last several yearsto
develop methodsto addresssome of thesefront-end and
back-endberformancéottlenecksandhave deployedthem
in support of large-scalesimulationsof earthquaks [3].
For the front end, we have developed a computational
databasesystemthat can be usedto generateunstructured
hexahedraloctree-basednesheswith billions of elements
onworkstationswith sufciently largedisks[26,27,28,30].
For the backend, we have developedspeciall/O stratgies
that effectively hide I/O costswhen transferringindividual
time stepdatato memoryfor renderingcalculations[32],

'For example,in areportidentifying the prospectf scalability
of a variety of parallelalgorithmsto petascalerchitecture§22],
meshgeneratiorand associatedoad balancingare cateyorizedas
Class 2—"scalable provided signi cant researchchallengesare
overcome.



which themseles run in parallel and are highly scalable
[16,17,19,32]. Figurel illustratesthe simulationpipeline
in the contt of our earthquak modeling problem, and,
in particular the sequencef les thatarereadandwritten
betweercomponents.
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However, despiteour bestefforts at devising scalable
algorithms and implementationsfor the meshing, solver,
andvisualizationcomponentsasour resolutionand delity
requirementhiave growvn to targethundredmillion to multi-
billion elementsimulations,signi cant bottlenecksremain
in storing, transferring,and reading/writingmulti-terabyte
les betweerthesecomponentsin particular I/O of multi-
terabyteles remainsa penasive performancéottleneckon
parallel computers,to the extent that the ofine approac
to themeshing—partitioning—solvevisualizationsimulation
pipeline becomesdntractable for billion-unknownunstruc-
tured meshsimulations. Ultimately, beyond scalabilityand
I/0 concernsthe biggestlimitation of the of ine approach
is its inability to supportinteractve visualization of the
simulation: the ability to delug andmonitor the simulation
atruntimebasednvolume-renderedisualizationdecomes
increasinglycrucialasproblemsizeincreases.

Thus, we are led to concludethat in order to (1)
deliver necessaryperformance scalability and portability
for ultrascaleunstructuredmesh computations,(2) avoid
unnecessarpottlenecksassociateavith multi-terabytel/O,
and(3) supportruntimevisualizationsteeringwe mustseek
an end-to-endsolutionto the meshing—partitioning—sodr
visualizationparallelsimulationpipeline. The key ideais to
replacehetraditional,cumbersomde interfacewith ascal-
able, parallel, runtime systemthat supportsthe simulation
pipelinein two ways: (1) providing a commonfoundation
on top of which all simulation componentsoperate,and
(2) servingasa mediumfor sharingdataamongsimulation
components.

Following this designprinciple,we have implementeda
simulationsystemnamedHerculesthattargetsunstructured
octree-basednite elementPDE simulationsrunning on
multi-thousandprocessorsupercomputers.Figure 2 illus-
tratesthe new computingmethod. All simulationcompo-
nents(i.e. meshing,partitioning, solver, and visualization)
areimplementecbn top of, andoperateon,auni ed parallel
octreedatastructure. Thereis only one executable(MPI

code). All componentsaretightly coupledand executeon
thesamesetof processorsTheonly inputsarea description
of the spatialvariation of the PDE coefcients (a material
property databasdor a 3D domainof interest),a simula-
tion speci cation (earthquak sourcede nition, maximum
frequeng to beresolhed, meshnodesperwavelength.etc.),
anda visualizationcon guration (imageresolution transfer
function, view point, etc.); the only outputsarelightweight
jpeg-formattedimage frames generatedas the simulation
runs? Thereis no other le 1/0.
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The relative simplicity of the parallel octreestructure
has certainly facilitated the implementationof Hercules.
Nevertheless,additional mechanismson top of the tree
structureareneededo supportdifferentscalablealgorithms
within the Herculesframavork. In particular we needto
associatainknavns with meshnodes,which correspondo
the verticesof the octantsin a paralleloctree® The problem
of how to handle octree mesh nodesalone representsa
nontrivial challengeto meshingand solving. Furthermore,
in orderto provide uni ed dataaccessservicesthroughout
thesimulationpipeline,a e xible interfaceto the underlying
paralleloctreehasto be designedandexportedsuchthatall
componentganefciently sharesimulationdata.

It is worth noting that while the only post-processing
componentwe have incorporatedin Herculesis volume
renderingvisualization, there should be no technical dif-
culty in addingother components. We have chosen3D
volumerenderingover othersmainly becausét is oneof the
mostdemandindackendsin termsof algorithmcompleity
anddif culty of scalability By demonstratinghat online,
integrated, highly parallel visualizationis achievable, we
establishthe viability of the proposedend-to-endapproach
andamguethatit canbe implementedor a wide variety of
othersimulationpipelinecon gurations.

We have assessethe performanceof Herculeson the
Alpha EV68-basederascalesystemat the Pittshurgh Super
computingCenterfor modelingearthquak groundmotion
in heterogeneousasins.Preliminaryperformanceandscal-
ability results(Sectiord) shaw:

2 Fixed-sizescalability of the entire end-to-endsimu-
lation pipeline from 128 to 2048 processorsat 64%

20ptionally, we canwrite out the volumesolutionat eachtime
stepif necessaryor future post-processing—thoughe arerarely
interestedin preservingthe entire volume of output, and instead
preferto operateonit directly in-situ.

3In contrastptherparalleloctree-basedpplicationssuchasN-
bodysimulationsdo not needto manipulateoctants'vertices.



overall parallelef ciency for 134 million meshnode
simulations

2 |sogranularscalability of the entireend-to-endsimu-
lation pipelinefrom 1 to 748 processorsit combined
81% parallel ef ciency for 534 million meshnode
simulations

2 |sogranularscalability of the meshing,partitioning,
andsolver componentsat 60% parallelef ciency on
2000processorsor 1.37billion nodesimulations

Already we are able to demonstrate—wébelieve for
the rst time—scalabilityto 2048 processorf an entire
end-to-endsimulation pipeline, from mesh generationto
wave propagtionto scienti ¢ visualization,usinga uni ed,
tightly-coupled,online, minimal I/O approach.

2 Octree-basednite elementmethod

Octreeshave beenusedasa basisfor nite elementapprox-
imation sinceat leastthe early 90s [31]. Our interestin
octreesstemsfrom their ability to adaptto the wavelengths
of propagting seismicwaves while maintaininga regular
shapeof nite elements. Here, leaves associatedvith the
lowestlevel of theoctreeareidenti ed with trilinear hexahe-
dral nite elementsandusedfor a Galerkinapproximation
of a suitable weak form of the elastic wave propagtion
equation. The hexahedraare recursvely subdvided into
8 elementsuntil a local re nement criterion is satis ed.
For seismicwave propagtion in heterogeneousiedia,the
criterionis thatthelongestelemeniedgeshouldbe suchthat
thereresultatleastp nodegperwavelength asdeterminedy
thelocal sheawave velocity andthe maximumfrequeny
of interesff yax . IN otherwords,hpax < e For trilinear
hexahedraandtakinginto accountthe accurag with which
we know typical basinpropertieswe usuallytake p = 10.
An additionalconditionthat drives meshre nementis that
the elementsize not differ by more than a factor of two
acrossneighboringelements(the octreeis then saidto be
balanced. Notethatthe octreedoesnot explicitly represent
materialinterfaceswithin theearth andinsteadaccept©(h)
errorin representinghemimplicitly. Thisis usuallyjusti ed
for earthquak modelingsincethe location of interfacesis
known at bestto the orderof the seismicwavelength,i.e. to
O(h). If warranted,higherorderaccurag in representing
arbitrary interfacescan be achieved by local adjustmenif
the nite elementbasis(e.g.,[31]).

Figure3 depictstheoctreemesh(andits 2D counterpart,
a quadtree). The left drawing illustratesa factorof-two
edgelengthdifference(a legal re nement) anda factorof-
four difference(an illegal re nement). Unlessadditional
measuresare taken, so-calledhanging nodesthat separate
differentlevels of re nement(indicatedby solid circlesand
the subscriptd in the gure) resultin a possiblydiscontinu-
ous eld approximationwhich candestry the cornvergence
propertiesof the Galerkin method. Several possibilities
exist to remedy this situation by enforcing continuity of
displacementeld acrossthe interfaceeitherstrongly(e.g.,
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Figure3: Quadtree- and octree-based meshes.

by constructionof specialtransition elements)or weakly
(e.g.,via mortarelementsr discontinuousGalerkinapprox-
imation). The simplesttechniqueis to enforcecontinuity
by algebraicconstraintsthat require the displacementof
the hanging node be the averageof the displacemenif
its anchored neighbors(indicatedby opencircles and the
subscripta). As illustratedin Figure 3, the displacement
of an edgehangingnode,ry, shouldbe the averageof its
two edgeneighborsu’, andul,, andthe displacemenbf a
facehangingnode,bq, shouldbetheaverageof its four face
neighborsu',, ul, uX, andul,. Efcient implementation
of thesealgebraicconstraintswill be discussedn the next
section. As evident from the gure, when the octreeis
balancedananchoredhodecannotalsobe a hangingnode.

The previous versionof our earthquak modelingcode
wasbasedn anunstructuredneshdatastructureandlinear
tetrahedralnite elements|[6, 7]. The presentoctree-based
method [8] has several important advantagesover that
approach:

2 The octreemeshesare much more easily generated
thangeneralunstructuredetrahedrameshespartic-
ularly whenthe numberof elementdncreasesbove
50 million.

2 Thehexahedrgroviderelatively greateraccurag per
node(the asymptoticcorvergencerateis unchanged,
but theconstants typically improvedovertetrahedral
approximation).

2 Thehexahedraall have the sameform of the element
stiffnessmatrices,scaledsimply by elementsizeand
materialpropertiegwhich arestoredasvectors),and
thusno matrix storageis requiredat all. This results
in a substantiatiecreasén requiredmemory—about
an orderof magnitude comparedo our node-based
tetrahedratode.

2 Becausef thematrix-freeimplementation(stiffness)
matrix-vectorproductsare carriedout at the element
level. This producesnuchbettercacheutilization by
relegating the work that requiresindirect addressing
(andis memorybandwidth-limited)to vectoropera-
tions, and recastingthe majority of the work of the



matrix-vector product as local element-wisedense
matrix computationsTheresultis a signi cant boost
in performance.

Thesefeaturespermit earthquak simulationsto substan-
tially higher frequenciesand lower resohed shearwave
velocitiesthan heretoforepossible. In the next section,we
describethe octree-basediscretizationand solution of the
elasticwave equation.

2.1 Wavepropagationmodel. Wemodelseismiovave
propagtion in the earthvia Navier's equationsof elasto-
dynamics. Let u representthe vector eld of the three
displacementomponents; and! the Lamé moduli and
Ythe density distribution; b a time-dependenbody force
representingheseismicsourcet thesurfacetractionvector;
and- anopenboundeddomainin R3 with freesurface; ¢ s,
truncationboundaryj ag , and outward unit normalto the
boundaryn. The initial-boundaryvalue problemis then
written as:

h 3 ’ i
Vakir ¢ ru+ru’ +  (r ¢u)l

=b in - £(0;T);

n£n£t=n£n£u_pl7z“I on jas £ (0;T);
not=nou % +2) on jas £ (0;T);

1)
t=0 on jgs£ (0;T);
u=0 in - £ ft= 0g;
u=0 in - £ ft= 0g;

p With this model,p waves propagiteV\Lith v@@@ =

(, + 2t )=%andswaveswith velocity = =% The
continuoudorm above doesnotincludematerialattenuation,
whichweintroduceatthediscretdevel viaaRayleighdamp-
ing model. The vectorb comprisesa setof bodyforcesthat
equilibratean induceddisplacementislocationon a fault
plane, providing an effective representatiorof earthquak
ruptureon the plane. For example,for a seismicexcitation
idealizedasapointsourcep = j v AM f (t)r £(xj ») [4].
In this expression\v is the averageearthquak dislocation;
A the rupturearea; M the (normalized)seismicmoment
tensorwhichdepend®ntheorientationof thefault; f (t) the
(normalizedtime evolution of therupture;and» the source
location.

Since we model earthquaks within a portion of the
earth,we requireappropriatelypositionedabsorbingoound-
ariesto accountfor the truncatedexterior. For simplicity, in
(1) the absorbingooundariesregivenasdashpotonj ag ,
which approximatethe tangentialand normal components
of the surface traction vector t with time derivatives of
correspondingomponent®f thedisplacementector

Even thoughthis absorbingboundaryis approximate,
it is local in both spaceand time, which is particularly
importantfor large-scaleparallelimplementation. Finally,
we enforcetraction-freeconditionson the earthsurface.

2.2 Octreediscretization. Weapplystandardsalerkin
nite elementapproximationin spaceto the appropriate
weakform of the initial-boundaryvalue problem(1). (The
rest of this sectionhas beencommentedut to satisfythe
lengthrequirement;it will berestoedin thefull paper)

2.3 Temporal approximation. The time dimension
is discretizedusing central differences. (The rest of this
sectiorhasbeencommentedutto satisfythelengthrequire-
ment;it will berestoedin thefull paper)

Thecombinatiorof anoctree-basedavelength-adapte
mesh,piecavise trilinear Galerkin nite elementsn space,
explicit centraldifferencesn time, constraintghat enforce
continuity of the displacemenéapproximationandlocal-in-
space-and-timabsorbingboundarieyieldsa second-order
accuratén time andspacemethodthatis capableof scaling
up to thevery large problemsizesthatarerequiredfor high
resolutionearthquak modeling.

3 An end-to-endapproach

Theoctree-basedite elemenimethodustdescribeadtanbe
implementedisingatraditional,of ine, le-basedapproach
[3,19,26,27,32]. However, theinherentpitfalls, asoutlined
in Sectionl, cannotbe eliminatedunlesswe introducea
majorchangen designprinciple.

Our new computingmodelthusfollows anonline, end-
to-endapproach.We view differentcomponent®f a simu-
lation pipelineasintegral partsof a tightly-coupledparallel
runtimesystemratherthanindividual stand-alon@rograms.
A numberof technicaldif culties emegein the processof
implementingthis nev methodologywithin anoctree-based
nite elemensimulationsystem.This sectiondiscussesev-
eralfundamentalssuego beresoled,outlinestheinterfaces
betweersimulationcomponentsandpresentasketchof the
corealgorithms.

Someof thetechniquepresentedherearespeci c to the
targetclassof octree-basethethods.On the otherhand,the
designprinciplesaremorewidely applicablewe hopethey
will help acceleratdhe adoptionof end-to-endapproaches
to parallelsupercomputingvhereapplicable.

3.1 Fundamental issues. Below we discussfunda-
mentalissuesencounteredn developing a scalableoctree-
based nite elementsimulationsystem. The solutionspro-
vided are critical to efcient implementationof different
simulationcomponents.

3.1.1 Organizingaparallel octree. Theoctreesenes
asa naturalchoicefor the backbonestructuretying together
all add-oncomponentgi.e., datastructuresandalgorithms).
We distribute the octree amongall processordo exploit
dataparallelism. Eachprocessorretainsits local instance
of the underlyingglobal octree. Conceptually eachlocal
instancds anoctreeby itself whoseleaf octantsaremarked
aseitherlocal or remoteasshawvn in Figure4(b)(c)(d).(For



clarity, we use2D quadtreesndquadrants$n the gures and
examples.)

The bestway to understandhe constructionof a local
instanceon a particular processolis to imaginethat there
exists a pointerbased fully-grown, global octree(seeFig-
ure4(a)). Every leaf octantof this treeis markedaslocal if
the processomneedsto usethe octant,for example,to map
it to a hexahedralelement,or remoteif otherwise.We then
applyanaggraationprocedurdo shrinkthesizeof thetree.
The predicateof aggreation is thatif eightsibling octants
are marked as remote prune them off the tree and make
their parenta leaf octant, marked asremote For example,
on PE O, octantsg, h, i, andj (which belongto PE 1) are
aggregatedandtheir parents markedasaremoteleafoctant.
The shrunlen tree thus obtainedis the local instanceon
the particularprocessar Note that all internal octants—the
ancestor®f leaf octants—areinmarled. They exist simply
becauseve needto maintainapointerbasedctreestructure
oneachprocessor

(a) (b) (c) (d)

Figure4: Parallel octree organization on 3 proces-
sors. Circles marked by | represent local leaf octants;
and those marked by r represent aggregated remote
leaf octants. (a) A global octree. (b)(c)(d) The local
instances on PEO, PE1 and PE2, respectively.

We partition a global octreeamongall processorsvith
a simplerule that eachprocessois a hostfor a contiguous
chunkof leaf octantsin the pre-ordentraversalordering. To
maintainconsisteng in the paralleloctree,we alsoenforce
an invariant that a leaf octant, if marked as local on one
processar should not be marked as local on ary other
processors.Therefore,the local instanceon one processor
differsfrom thatonary otherprocessqgrthoughtheremaybe
overlapsbetweenocal instancesFor example,a leaf octant
markedasremoteon oneprocessomayactuallycorrespond
to a subtreeon anotherprocessar

Sofar, we have useda shallov octreeto illustrate how
to organizea paralleloctreeon 3 processorsin our simple
example, the idea of local instancesmay not appearto
be very useful. But in practice,a global octreecan have
mary levels andneedso be distributedamonghundredsor
thousandsf processors.In thesecasesthe local instance
methodpays off becausesachprocessorallocatesenough
memoryto keeptrackof only its shareof theleaf octants.

Due to massie memory requirementsand redundant
computationatosts,we never—andin fact,areunableto—
build a fully-grown global octreeon a single processoand
then shrink the tree by aggreating remote octantsas an
afterthoughtinstead]ocalinstance®n differentprocessors

grow andshrink dynamicallyin synepgy at runtimeto con-
sene memoryandmaintainacoherenglobalparalleloctree.

3.1.2 Addressingan octant. In orderto manipulate
octantsin adistributedoctree we needto be ableto identify
individual octants,for instanceto supportneighbor nding
operationr datamigrations.

The foundationof our addressingschemeis the linear
octreetechnique[1,13,14]. Thebasicideaof alinearoctree
is to encodesachoctantwith ascalarkey calledalocational
codethatuniquelyidenti es theoctant.Let uslabeleachtree
edgewith a binary directional codethat distinguishesach
child of aninternaloctant. A locationalcodeis obtainedby
concatenatinghedirectionalcodeson the pathfrom theroot
octantto a target octant [23]. To malke all the locational
codesof equallength, we may needto pad zeroesto the
concatenatedirectionalcodes.Finally, we appendhelevel
of thetamgetoctantto the bit-stringto completea locational
code. Figure5 shavs how to derive the locationalcodefor
octantg, assumingherootoctantis atlevel 0 andthelowest
level supporteds 4.

concatenate the directional
codes 100100

Level 1 l

pad 2 zeroes
100100 « 00

Level 3 ,
append g's level

10010000+ 011

©: Interior octant O : Leaf octant

(@) (b)

Figure 5. Deriving locational codes using a tree
structure . (a) A tree representation. (b) Deriving the
locational code for g.

The procedurgust describedassumesghe existenceof
a tree structureto assistwith the derivation of a locational
code.Sincewe do not maintaina global octreestructure we
have devised an alternatve way to computethe locational
codes. Figure 6 illustratesthe idea. Insteadof a tree
structure we view an octreefrom a domaindecomposition
perspectie. A domainis a Cartesiancoordinatespacethat
consistsof a uniform grid of 2" £ 2" indivisible pixels To
computethe locationalcodeof octantg, we rst interleave
the bits of the coordinateof its lower left pixel to produce
theso-calledViorton code[21]. Thenwe appendy'slevel to
composehelocationalcode.

It can be veried that the two methodsof deriving
locationalcodesareequivalentandproducethe sameresult.
Thesecondmethod though,allows usto computea globally
uniqueaddresdy simplelocal bit operations.

3.1.3 Locating an octant. Given the locationalcode
of an octant, we needto locatethe octantin a distributed
ervironment. Thatis, we needto nd out which processor
hostsa given octant. Whetherwe can efciently locate



y g’s left lower corner pixel(4, 8)

binary form (0100, 1000)

interleave the bits to
obtain Morton code

0100 1000

append g's level
10010000 < 011

(@) (b)

Figure6: Computing locational codes without us-
ing a tree structure . (a) A domain representation. (b)
Computing the locational code for g.
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an octantdirectly affects the performanceand scalability
of our system. We have developeda simple but powerful
techniquebasedon a locational codeinterval table to solve
this problem.

The basisof our solutionis a simplefact: the pre-order
traversalof the leaf octantsproduceshe sameorderingas
the ascendingocational code ordering. The dottedlines
in Figure 5(a) and Figure 6(a) illustrate the two identical
orderings,respectiely. Sincewe assignto eachprocessor
a contiguouschunk of leaf octantsin pre-ordertraversal
ordering(asexplainedin Section3.1.1),we have effectively
partitionedthe locationalcoderangein its ascendingrder
Eachprocessohostsa rangeof ascendindocationalcodes
thatdoesnot overlapwith others.

Accordingly, we implementalocationalinterval tableas
an array that mapsprocessoids to locationalcodes. Each
elementof the array recordsthe smallestlocational code
on the correspondingrocessofi.e. theith elementrecords
the smallestlocationalcodeon processoti). This tableis
replicatedon all processorsin our example(Figure4(a)),a
locationalcodeinterval table containsthreeentries,record-
ing thelocationalcodesof octantb, g, andk, respectiely.

We usealocationalcodeinterval tableto performquick
inverselookups. Thatis, givenan arbitrarylocationalcode,
we conducta binary searchin the locationalcodeinteral
tableand nd the interval index (i.e., processoiid) of the
entry whoselocationalcodeis the largestamongall those
thataresmallerthanthegivenlocationalcode.Notethatthis
is alocal operationandincursno communicatiorcost.

A locationalcodeinterval tableis ef cient in bothspace
and time. The memory overheadon each processorto
storeaninterval tableis O(P), whereP is the numberof
processors.Even whenthereare 1 million processorsthe
memoryfootprint of thelocationalcodelookuptableis only
12 MB. Time-wise, the overheadof an inverselookup is
O(log P), thecostof abinarysearch.

3.1.4 Manipulating an octant. Therearevarioussit-
uationswhenwe needto manipulateanoctant.For example,
we needto searchor a neighboringoctantwhengenerating
amesh.If thetargetoctantis hostedon the sameprocessor

wherean operationis initiated, we usethe standardoointer

basedoctreealgorithm [23] to traversethe local instance
to manipulatethe octant. If the target octantis hostedon

a remote processqr we computeits locational code and
conducta lookup usingthe locationalcodeinterval tableto

nd its hostingprocessarWe storethelocationalcodeof the

target octantandthe intendedoperationin a requestouffer

destinedfor the hostingprocessar The requestbuffers are
later exchangedamongprocessorsEachprocessoexecutes
the requestsissuedby its peerswith respectto its local

octants. On the receving end, we are able to locate an

octantusingits locationalcodeby reversingthe procedure
of deriing a locationalcodefrom a tree structure(shovn

in Figure 5). Without a locally computedand globally
uniqueaddresssuchcross-processaperationsvould have

involved muchmorework.

3.2 Interfaces. Therearetwo typesof interfacesin the
Herculessystem: (1) the interfaceto the underlyingoctree,
and(2) theinterfacebetweersimulationcomponents.

All simulation componentananipulatethe underlying
octreeto implementtheir respectie functions.For example,
the meshemeedsto re ne or coarserthe tree structureto
effect necessaryspatial discretization. The solver needs
to attach runtime solution resultsto mesh nodes. The
visualizationcomponenneedgo procesghe attachedlata.
In orderto supportsuchcommonoperationsef ciently, we
implementthe backboneparalleloctreein two abstracdata
types(ADTs): octant _t andoctree _t, andprovide a
smallapplicationprograminterface(API) to manipulatethe
ADTSs. For instanceattheoctantlevel, we provide functions
to searchfor anoctant,install anoctant,andsproutor prune
anoctant.At theoctreelevel, we supportvarioustreetraver
saloperationsaswell astheinitialization andadjustmenbf
the locationalcodelookup table. This interfaceallows us
to encapsulatghe compleity of manipulatingthe backbone
paralleloctreeswithin theabstractiatatypes.

Note that thereis one (andthe only one) exceptionto
thecleanlines®f theinterface.We resere a place-holdein
octant _t, allowing asimulationcomponente.g.,asolver)
to install a pointer to a data structurewhere component-
speci c datacanbe storedandretrieved. Neverthelesssuch
e xibility doesnotundermingherobustnes®f theHercules
system becauseary structural changesto the backbone
octreemuststill be carriedout througha pre-de ned API
call.

We have also designedbinding interfacesbetweenthe
simulationcomponents.However, unlike the octree/octant
interface, the inter-componeninterfacescanbe clearly ex-
plainedonly in thecontet of thesimulationpipeline. There-
fore, we defer the descriptionof the intercomponentin-
terfacesto the next section where we outline the core
algorithmsof individual simulationcomponents.

3.3 Algorithms. Engineeringa complex parallelsimu-
lation systemlike Herculesnot only involves careful soft-
ware architecturaldesign,but also demandson-trivial al-



gorithmic innovations. This section highlights important
algorithmandimplementatiorfeaturesof Hercules We have
omittedmary of thetechnicaldetails.

3.3.1 Meshingand partitioning. We generatectree
mesheonline in-situ [29]. Thatis, we generatean octree
meshin parallelon the sameprocessorsvherea solver and
a visualizer will be running. Mesh elementsand nodes
are createdwherethey will be usedinsteadof on remote
processorsThis stratgy requiresthat meshpartitioningbe
anintegral partof the meshingcomponentThe partitioning
methodwe useis simple [5, 11]. We sort all octantsin
ascendindocationalcodeorder often referredto asthe Z-
order[12], anddivide theminto equallengthchunksin such
away thateachprocessowill beassignedneandonly one
chunk. Becausehe locationalorderingof the leaf octants
correspond®xactly to the pre-ordertraversalof an octree,
the partitioning and data redistritution often involve leaf
octantsmigratingonly betweenadjacenprocessorsWhen-
ever datamigration occurs,local instancesf participating
processorsireadjustedo maintaina consistenglobal data
structure.As shawvn in Sectiond, this simplestrategly works
well andyieldsalmostidealspeedugor x ed-sizeproblems.

The processof generatingan octree-basedhexahedral
meshis shovn in Figure 7. First, NEWTREE bootstrapsa
small andshallav octreeon eachprocessar Next, the tree
structureis adjustedby REFINETREE and COARSENTREE,
either statically or dynamically While adjustingthe tree
structure, each processoris responsibleonly for a small
areaof the domain. Whenthe adjustmentompletesthere
are mary subtreedistributed amongthe processors.The
BALANCETREE step enforcesthe 2-to-1 constrainton the
paralleloctree. After a balancedparalleloctreeis obtained,
PARTITIONTREE redistritutes the leaf octantsamongthe
processoraising the space- lling curve partitioning tech-
nigue.Finally andmostimportantly EXTRACTMESH derives
mesh elementand node information and determinesthe
various associationsbetweenelementsand nodes. The
overall algorithm compleity of the meshingcomponenis
O(N logE), whereN andE arethenumberf meshnodes
andelementsrespectiely.

Upfront adaptation guided by
material property or geometry

Qe — ey — oy o~ G
Octree and mesh handles
to solver and visualizer

Figure7: Meshing and partitioning component.

Online adaptation guided by
solver's output (e.g. error est.)

It shouldbenotedthatthe paralleloctreealone—though
scalableand elegant for locating octantsand distributing
workloads—ishot sufcient for implementingall meshing
functionality The key challengehereis how to deal with
octants'vertices(i.e., meshnodes). We can calculatethe
coordinatesof the verticesin parallel and obtain a col-
lection of geometricobjects (octantsand vertices). But

by themseles, octantsand vertices are not a nite ele-
ment mesh. To generatea meshand malke it usableto a
solver, we mustidentify the associationdetweenoctants
andvertices(meshconnectvity), andbetweernverticesand
vertices,eitheron the sameprocessofhanging-to-anchored
dependenciespr on different processorginterprocessor
sharing information). Therefore,in order to implement
stepssuchas BALANCETREE and EXTRACTMESH, which
require capabilitiesbeyond thoseoffered by paralleloctree
algorithms,we have incorporatedauxiliary datastructures
anddevelopedsereralnew algorithmssuchasparallel ripple
propagationandparallel octreebudket sorting[29].

As mentionedin Section 3.2, the interface between
simulationcomponentprovidesthe glue that ties the Her
culessystemtogether The interface betweenthe meshing
and solver componentsonsistsof two parts: (1) abstract
datatypes, and (2) callbackfunctions. When meshingis
completed a meshabstractdatatype (mesh_t ), alongwith
a handleto the underlyingoctree(octree _t), is passed
forward to a solver. The mesh.t ADT containsall the
information a solver would needto initialize an execution
ervironment. On the other hand, a solver controls the
behaior of a meshervia callbackfunctionsthat are passed
asparameterso the REFINETREE and COARSENTREE steps
atruntime. Thelatterinterfaceallows usto performruntime
meshadaptationyhichis critical for future extensionof the
Herculesframework to supportsolutionadaptvity.

3.3.2 Solving. Figure8 shaws the solver component
work ow. After themeshingcomponenhandsover control,
the INITENV stepsetsanexecutionervironmentby comput-
ing element-independerstiffnessmatrices,allocatingand
initializing variouslocal vectors,and building a communi-
cation schedule. Next, the DEFSOURCE step corverts an
earthquak sourcespeci cationto a setof equivalentforces
appliedon meshnodes.Then,a solver entersits mainloop
(innerkernel)wheredisplacementandvelocitiesassociated
with meshnodesare computedfor each simulationtime
step (i.e., the comPDISP step). If a particulartime step
needsto be visualized,which is determinedeithera priori
or at runtime (online steering),the CALLVIS step passes
the control to a visualizer Once an image is rendered,
control returnsto the solver, which repeatsthe procedure
for the next time stepuntil termination. The explicit wave
propagtionsolver hasoptimalcompleity, i.e. O(N 3‘) This
stemsfrom thefactthatsimply writing the solutionrequires
O(N %) compleity, sinceO(N) meshnodesare required
for accuratespatialresolution,and O(N ) time stepsfor
accurategemporalresolution,which is of the orderdictated
by the CFL stability condition.

The compDISP step (performing local element-wise
densematrix computationgxchangingdatabetweerproces-
sors,enforcinghangingnodeconstraintsgtc.) presentsno
major technicaldif culty, sincethis inner kernelis by far
the mostwell studiedand understoodpart. Whatis more
interestingis how the solver interactswith othersimulation
componentandwith the underlyingoctreein the INITENV,



DEFSOURCE, andCALLVIS steps.

Octree and mesh
handles from mesher
i N N
G~ o G+ <>
Y Y
Octree handle

Figure8: Solving component.

In the INITENV step,the solver receivesanin-situ mesh
via an abstractdata type mesh_t, which containssuch
importantinformationasthe numberof elementsandnodes
assignedo a processqrthe connecwity of the local mesh
(element—nodassociationhanging-anchoredodeassocia-
tion), and the sharinginformation (which processorshares
which local meshnodes),and so forth. All initialization
work, including the setup of a communicationschedule,
is thus performedin parallel without ary communication
amongprocessors.

Along with themesh_t ADT, the solver alsorecevesa
handleto the backboneoctrees local instanceoctree _t .
One of the two important applicationsof the octree _t
ADT is to provide an ef cient searchstructurefor de ning
earthquak sources(the DEFSOURCE step). We support
kinematic earthquak sourceswhosedisplacementgslips)
are prescribed. The simplestcaseis a point source. Note
that the coordinateof a point sourceis not necessarily
that of any meshnode. We implementa point sourceby
nding the enclosinghexahedralelementof the coordinate
andcorvertingtheprescribedlisplacementt anequialent
setof forcesappliedontheeightmeshnodesof theenclosing
element.For generalcasesof fault planesor arbitraryfault
shapeswe rst transformafaultto a setof pointsourcesand
thenapplythetechniquefor the singlepoint sourcemultiple
times. In otherwords, regardlessof the kinematicsource,
we must always locate the enclosingelementsof arbitrary
coordinatesWe areableto implementthe DEFSOURCE step
usingthe octree/octaninterface ,which providesthe service
of searchindgor octants.

Theotherimportantapplicationof theoctree t ADT
is to sene as a vehicle for the solver to passdatato the
visualizationcomponent. Recall that we have resered a
place-holderin the octree _t ADT. Thus, we allocatea
buffer that holds resultsfrom the solver (displacement®r
velocities),andinstall the pointerto the buffer in the place-
holder As new resultsare computedat eachtime step,
the resultbuffer is updatedaccordingly Note thatto avoid
unnecessandouble buffering, we do not copy oating-
point numbersdirectly into the result buffer. Instead,we
storepointers(arrayoffsets)to internalsolutionvectorsand
implementa setof macrosto manipulatethe result buffer
(de-referencepointers and computeresults). So from a
visualizationperspectie, the solver hasprovided a concise
dataservice.Oncethe caLLvIs steptransferthe controlto a
visualizer the latteris ableto retrieve simulationresultdata

from the backboneoctreeby calling thesemacros’

3.3.3 Visualization. Simulation-time3D visualization
hasrarely beenattemptedn the pastfor threemainreasons.
First, scientistsarereluctantto usetheir supercomputingl-
locationsfor visualizationwork. Secondadataorganization
designedfor a simulationis generallyunlikely to support
efcient visualizationcomputations.Third, performingvi-
sualizationon a separatesetof processorsequiresrepeated
movementof large amountsof data, which competesfor
scarcenetwork bandwidthand increaseghe compleity of
thesimulationcode.

Octree handle
UPDATEPARAM RENDERIMAGE)—»COMPOSI TIMAGE)

Figure9: Visualizing component.

Figure 10: A sequence of snapshot images of
propagating waves of 1994 Northridg e earthquake .

By takinganonline,end-to-endapproachwe have been
ableto incorporatehighly adaptve parallelvisualizationinto
Hercules.Figure9 shavs how the visualizationcomponent
works. First, the UPDATEPARAM stepupdateshe viewing
and renderingparameters.Next, the RENDERIMAGE step
renderslocal data, that is, valuesassociatedwvith blocks
of hexahedralelementson eachprocessar The detailson
the renderingalgorithm can be found in  [19,32]. The
partially renderedimagesare then compositedtogetherin
the COMPOSITIMAGE step. We usesdeduledinear image
compositing(SLIC) [24], which hasprovento be the most
exible and efcient algorithm. Previous parallel image
compositingalgorithmsare either not scalableor designed
for a speci c network topology [2, 15,18]. Finally, the
SAVEIMAGE stepstoresanimageto disk. Figure 10 shavs
asequencef exampleimages.The costof thevisualization
componentper invocation is O(xyE 3 logE), where x,y

“Whenvisualizationdoesnot needto be performedat a given
time step,no dataaccessnacrosarecalled;thusnomemoryaccess
or computatioroverheadccurs.



PEs 1 16 52 184 748 2000
Frequeng 0.23Hz 0.5Hz | 0.75Hz 1Hz 1.5Hz 2Hz
Elements 6.61E+5| 9.92E+6 | 3.13E+7 | 1.14E+8 | 4.62E+8| 1.22E+9
Nodes 8.11E+5| 1.13E+7 | 3.57E+7| 1.34E+8 | 5.34E+8 | 1.37E+9
Anchored 6.48E+5| 9.87E+6| 3.12E+7 | 1.14E+8| 4.61E+8 | 1.22E+9
Hanging 1.63E+5| 1.44E+6| 4.57+6| 2.03E+7| 7.32E+7| 1.48+8
Max leaflevel 11 13 13 14 14 15
Min leaflevel 6 7 8 8 9 9
Elements/PE 6.61E+5| 6.20E+5| 6.02E+5| 6.20E+5| 6.18E+5| 6.12E+5
Time steps 2000 4000 10000 8000 2500 2500
E2Etime (sec) 12911 19804 38165 48668 13033 16709
Replication(sec) 22 71 85 94 187 251
Meshing(sec) 20 75 128 150 303 333
Solwer (sec) 8381 16060 31781 42892 11960 16097
Visualization(sec) 4488 3596 6169 5528 558 *
E2Etime/step/elem/PE s) 9.77 7.98 7.93 7.86 8.44 10.92
Solvertime/step/elem/PE s) 6.34 6.48 6.60 6.92 7.74 10.52
M ops/sec/PE 569 638 653 655 * *

Figurell: Summary of the characteristics of the isogran ular experiments. The entries marked as “*” are data
points that we have not yet been able to obtain due to various technical reasons.

representhe 2D imageresolutionand E is the numberof
meshelements.

The visualizationcomponentrelies on the underlying
parallel octreefor two purposes:(1) to retrieve simulation
data from the solver, and (2) to implementits adaptive
renderingalgorithm. We have describedthe rst usagein
the previous section. Let us now explain the second. To
implementa ray-castingbasedrenderingalgorithm, the vi-
sualizationcomponenheedsdo traversethe octreestructure.
By default, all leaf octantsintersectinga particularray must
be processedn order to project a pixel. However, we
might not always want to renderat the highestresolution,
i.e. at the nest level of the octree. For example, when
renderinghundredf millions of elementonasmallimage
of 512£ 512 pixels,little additionaldetailis revealedif we
renderatthe highestevel, unlessaclose-upview is selected.
Thus, to achieve better performanceof renderingwithout
compromisingmagequality, we performa view-dependent
pre-processingtep to choosean appropriateoctree level
beforeactually renderingthe image[32]. Operationally it
meansthat we needto ascendhe tree structureandrender
imagesatacoarsetevel. Thesmallsetof API functionsthat
manipulatehebackbonectree(seeSection3.2) senesasa
building block for supportingsuchadaptve visualization.

4 Performance

In this section,we provide preliminary performanceaesults
that demonstratethe scalability of the Hercules system.
We alsodescribdnterestingoerformanceharacteristicand
obsenationsidenti ed in the processof understandinghe
behaior of Herculesasa completesimulationsystem.

The simulationshave beenconductedo modelseismic
wave propagtion during historical and postulatedearth-
gualesin the GreaterlLos AngelesBasin,which comprises
a 3D volumeof 100£ 100£ 37:5 kilometers. We report
performanceon Lemieuxthe HP AlphaSenrer systemat the

Pittskurgh SupercomputingCenter The M ops numbers
were measuredising the HP Digital ContinuousPro ling
Infrastructurg DCPI) [10].

The earth property model is the SouthernCalifornia
Earthquak Center3D communityvelocity model[20] (Ver-
sion 3, 2002),known asthe SCECCVM model. We query
the SCEC CVM model at high resolutionofine and in
adwance,andthencompressstoreandindex the resultsin
a materialdatabasg25] (%2 2:5GB in size). Note that this
is a one-timeeffort, and the databasés reusedby mary
simulations. In our initial implementation,all processors
guerieda single materialdatabasestoredon a parallel le
system. But unacceptabl@erformancded usto to modify
ourimplementatiorio replicatethedatabasentolocal disks
attachedo eachcomputenodeprior to a simulation.

4.1 Isogranular scalability study. Ourmaininterest
is understandindnow the Herculessystemperformsasthe
problemsizeandnumberof processorfcreasemaintaining
moreor lessthe sameproblemsize (or work pertime step)
oneachprocessar

Figurell summarizeshe characteristicef theisogran-
ular experiments. PEs indicatesthe numberof processors
usedin a simulation. Frequencyrepresentshe maximum
seismicfrequeng resohed by a mesh. Element Nodes
Anchored, andHangingcharacterizehe size of eachmesh.
Max leaf level andMin leaf level representhe smallestand
largestelementdn eachmesh respectiely. Elements/PEs
usedasa roughindicator of the workload per time stepon
eachprocessar Given the unstructurechatureof the nite
elementmeshesiit is impossibleto guaranteea constant
numberof elementsper processor Neverthelesswe have
containedhedifferenceto within 10%. Time stepsindicates
the numberof explicit time stepsexecuted. The E2E time
representtheabsoluteunningtime of aHerculessimulation
from the momentthe codeis loadedonto a supercomputer



to the momentit exits the system. This time includesthe
time of replicatinga material databasestoredon a shared
parallel le systenmtothelocaldiskattachedo eachcompute
node (Replication, the time to generateand partition an
unstructured nite elementmesh (Meshing, the time to
simulateseismicwave propagtion (Solve), andthetime to
createvisualizationsandoutputjpeg images(Msualizatior).
E2Etime/step/elem/PBndSolvertime/step/elem/PBrethe
amortizedcost per elementper time stepper processoifor
end-to-endime andsolvertime, respectiely. M ops/sec/PE
standdor the sustainednega ops persecondoerprocessar

Note that the simulationsinvolve highly unstructured
mesheswith the largestelements64 timesaslargein edge
sizeasthesmallesbnes.Becausef spatialadaptvity of the
meshesthereare mary hangingnodes,which accountfor
11%to 20% of thetotal meshnodes.

A traditionalway to assessheoverallisogranulaiparal-
lel ef ciency is to examinethe degradationof the sustained
averageM ops per processoiasthe numberof processors
increasesln our casewe achieze 28%to 33% of peakper
formanceon the Alpha EV68 processor$2 GFlops/sec/PE).
However, no degradationin sustainedwerage oating-point
rateis obsered. On the contrary the rateincreasesaswe
solve larger problemson larger numbersof processorgup
to 184 processors)This counterintuitive obsenationcanbe
explainedasfollows: the solver is the most oating point-
intensize and time-consumingcomponent;as the problem
sizeincreasesprocessorspendmoretime in the solver ex-
ecuting oating-point instructions thusboostingthe overall
M ops/s perprocessorate.

To assesghe isogranularparallel ef ciency in a more
meaningfulway, we analyzethe runningtimes. Figure 12
illustratesthe contribution of eachcomponentf Herculesto
the total runningtime. One-timecostssuchasreplicating
the material databaseand generatinga meshare inconse-
quential and are almostinvisible in the gure.® Among
the recurring costs, visualization has lower pertime step
algorithmic compleity (O(xyE 7 logE)) than that of the
solver (O(N)). (N, the numberof meshnodes,is of the
orderof E, thenumberof meshelementsin anoctree-based
hexahedralmesh.) Therefore ashboth the problemsizeand
numberof processorincreasethe solver time overwhelms
thevisualizationtime by greaterandgreatemaigins.

Figure 13 shaws the trendsof the amortizedend-to-
endrunningtime andsolver time pertime stepper element
per processar Although the end-to-endtime is always
higher than the solver time, as we increasethe problem
size, the amortizedsolver time approacheshe end-to-end
time due to the solver's asymptoticdominance. The key
insight here is that, with careful design of parallel data

SFor the 1.5 Hz (748-PErun) and 2 Hz (2000-PErun) cases,
we have computedjust 2,500 time steps. Becauseof this, the
replication and meshingcostsappearslightly more signi cant in
the gure thanthey would had a full-scale simulation of 20,000
time stepsbeenexecuted.Also notethatthe 2000-PEcasedoesnot
includethevisualizationcomponent.
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Figure 12: The percentage contrib ution of each
simulation component to the total running time.

structuresandalgorithmsfor the entire simulationpipeline,

thelimiting factorfor high isogranulaiscalabilityon alarge

numberof processorss the scalability of the solver proper

rather than front and back end components. Therefore,
it is reasonableto use the deggradationin the amortized
solver time to measurethe isogranularefciency of the

entire simulationpipeline (in placeof the end-to-endime,

which in fact implies greaterthan 100% ef ciency). As

shavn in Figure11,the solvertime perstepperelementper

processois 6.341 sonasinglePEand7.74* son 748 PE.

Hence,we obtainanisogranulamparallelef ciency of 81%,

agoodresultconsideringhehighirregularity of themeshes.
The 2000-PEdatapoint shavn in the gure correspondso

solutionof a1.37billion nodeproblemwithoutvisualization.
In this casewe achiese anisogranulaimparallelef ciency of

60%.
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Figure 13. The amortized running time per per
step per element per processor. The top curve
corresponds to the amortized end-to-end running time
and the lower corresponds to the amortized solver
running time.

4.2 Fixed-size scalability study. In this set of ex-
periments,we investicate the x ed-sizescalability of the
Herculessystem.Thatis, we x theproblemsizeandsolve
the sameproblem on different numbersof processorgdo
examinethe performancémprovementin runningtime.

We have conductedthree setsof x ed-sizescalability
experiments,for small size, medium size, and large size
problems respectiely. The experimentalsetupsareshavn
in Figure 14. The performanceresultsare shovn in Fig-
ure15. Eachcolumnrepresentsheresultsfor asetof x ed-
sizeexperiments Fromleft to right, we displaythe plotsfor



PEs |1 2 4 8 16 32 64 128 256 512 1024 2048

Smallcaseg(0.23Hz,0.8Mnodes) | x X X X X
Mediumcase(0.5Hz, 11M nodes) X X X X X
Largecase(1 Hz, 134M nodes) X X X X X

Figurel4: Setup of x ed-siz e speedup experiments. Entries marked with “x” represent experiment runs.
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Figure15: Speedups of x ed-size experiments. The horizontal axes represent the number of processors. The
vertical axes represent the running time in seconds. The rst row shows the end-to-end running time; the second
the meshing and partitioning time; the third the solver time; and the fourth the visualization time.

thesmall,medium,andlarge casesrespectiely. parallel ef ciencies are 66%, 76%, and 64%, for the small
The rst row of the plots shaws thatHercules asa sys- case(16 PEvs. 1 PEs),mediumcase(128 PEsvs. 8 PEs),

tem for end-to-endsimulations,scaleswell evenfor x ed- andlarge case(2048PEsvs. 128 PEs) respectiely.

size problems. As we increasethe numbersof processors The secondrow shows the performanceof the mesh-

(to 16 times as mary for all three cases),the end-to-end ing/partitioningcomponenonly. Althoughnot perfect,this

runningtimesimprove accordingly Theactualrunningtime componentchieresreasonablespeedupsvhile runningon

cunetrackstheidealspeedugurve closely Theend-to-end a large numberof processorsFor earthquak wave propa-
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gationsimulationsmeshesrestaticandareonly generated
justonceprior to computation.Therefore the costof mesh-

ing and partitioningis dwarfed by thousandf simulation

time steps provided meshgeneratioris reasonablyastand

scalable.

Thethird row of Figure15 shavs asomeavhatsurprising
result:thesolver achieresalmostideal speedumn hundreds
to thousandsof processorsgeven though the partitioning
stratgy we used(dividing aZ-orderedsequencef elements
into equalchunks)is rathersimplistic. In fact, the solver's
parallelef ciency is 97%,98%,and86%,for thesmallcase,
mediumcase,andlarge case respectrely. Sincesolvingis
the most time-consumingcomponentof the Herculessys-
tem, its high x ed-sizeparallelef ciency hasimproved the
performancef the entireend-to-endsystemin a signi cant
way.

The speedupf the visualizationcomponentas shavn
in thefourth row of Figure15, is, however, lesssatistctory
even thoughthe generaltrend of the running time indeed
showvs improvementas more processorgre used. Because
this components executedat eachvisualizationtime step
(usually every 10th solver time step),the less-than-optimal
speeduphas a much larger impact on the overall end-to-
end performancehanthe meshing/partitioninggomponent.
The visualizationparallel ef ciency is actually 44%, 36%,
and 38%, for the small case,mediumcase,andlarge case,
respectrely.

We attribute this performancealegradationto the space-
ling curve basedpartitioning stratey, which assignsan
equalnumberof neighboringelementdo eachprocessqra
stratgyy thatis optimalfor thesolver. However, this strateyy
is suboptimalfor the visualization component,since the
workload on eachprocessoi(Figure 16(a)) is proportional
to both the numberand the size of the local elementsto
be rendered. Therefore, different processorsmay have
dramatically different blodk sizesto render as shavn in
Figure16(b). Thelight blocksrepresentlementsassigned
to one processorand the dark blocks anotherprocessar
As a result, the workload can be highly unbalancedfor
the RENDERIMAGE and COMPOSITIMAGE steps,especially
whenlargernumbersof processorareinvolved. To remove
this performancebottleneck,a viable approachis to usea
new hybrid renderingschemethat balancesthe workload
dynamicallyby taking into accountthe costof transferring
elementsversusthat of pixels [9]. An elementis rendered
locally only if the renderingcostis lower than the cost
of sendingthe resulting projectedimage to the processor
responsibléor compositingheimage.Alternatively, we can
re-evaluatethespace- lling curve basedartitioningstratey
anddevelopanew schemehatbetteraccommodatesoththe
solver andthe visualizationcomponentsStriking a balance
betweerthedatadistributionsfor thetwo is aninherentissue
for parallelend-to-endsimulations.
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Figure 16: Workload distrib ution. (a) Elements as-
signed on one processor. (b) Unbalanced visualization
workload on two processors.

5 Conclusion

We have demonstratedhat the bottlenecksassociatedvith

front-endmeshgeneratiorandback-endrisualizationcanbe

eliminatedfor ultra-laige scalesimulationsthroughcareful
designof parallel data structuresand algorithmsfor end-
to-end performanceand scalability By eliminating the

traditional, cumbersomele interface, we have beenable
to turn “heroic” runs—Ilage-scalesimulationsthatoften re-

quire weeksof preparatiorand post-processing—intdaily

exerciseghatcanbelaunchedeadily on parallelsupercom-
puters.

Our new approachcalls for new ways of designing
and implementing high-performancesimulation systems.
Besidesdatastructuresand algorithmsfor eachindividual
simulation componentsjt is importantto accountfor the
interactionsbetweenthese componentsin terms of both
control ow and data ow. It is equally important to
designsuitableparalleldatastructuresandruntime systems
that can supportall simulationcomponents.Although we
have implementeddur methodologyin aframewvork thattar
getsoctree-basechite elementsimulationsfor earthquak
modeling, we expect that the basic principles and design
philosoply canbe appliedin the context of othertypesof
large-scalgphysical simulations.

Theend-to-endapproactcallsfor new waysof assessing
parallelsupercomputingmplementations We needto take
into accountall simulationcomponentsjnsteadof merely
the inner kernelsof solvers. Sustainedoating point rates
of innerkernelscan help explain achieved fasterrun times.
But they shouldnot be usedas the only indicator of high
performanceor scalability No clock time—usedeitherby
processorsgisk, network, or humans—shouldbe excluded
in the evaluationof the effectivenesf a simulationsystem.
After all, overall turnaroundtime is the most important
performancemetricfor real-world scienti c andengineering
simulations.
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