NISTIR 6709

Accelerating Scientific Discovery through
Computation and Visualization

James S. Sims, John G. Hagedorn, Peter M. Ketcham,

s
e — 2 Steven G. Satterfield, Terence J. Griffin, William L. George,
T ———— o Howland A. Fowler, Barbara A. am Ende, Howard K. Hung,
i e E Robert B. Bohn, John E. Koontz, Nicos S. Martys,
NI T ENTENNIAL

Charles E. Bouldin, James A. Warren, David L. Feder,
Charles W. Clark, B. James Filla, Judith E. Devaney

U. S. DEPARTMENT OF COMMERCE
Technology Administration

National Institute of Standards and Technology
Gaitheresburg, MD 20899

Standards and Technology

Technology Administration
U.S. Department of Commerce







AcceleratingScientificDiscovery
throughComputatiorandVisualization

JamesS. Sims,JohnG. HagedornPeterM. Ketcham StevenG. Satterfield,Terencel. Griffin,
William L. Geoge,HowlandA. Fowler, BarbaraA. amEnde,HowardK. Hung,RobertB. Bohn,
JohnE. Koontz,NicosS. Martys, CharlestE. Bouldin, JamesA. Warren,David L. Feder
Charlesw. Clark, B. Jamed-illa, JudithE. Devangy

Abstract

1 Intr oduction

The rate of scientific discovery can be accelerated Scienceadvancesthroughiterationsof theoryand ex-

throughcomputationrandvisualization.This acceleration
resultsfrom the synegy of expertise,computingtools,

and hardware for enabling high-performancecomputa-
tion, information science,and visualizationthat is pro-

vided by a team of computationand visualizationsci-

entistscollaboratingin a peerto-peereffort with the re-

searclscientists.

In the context of this discussion,high performance
refersto capabilitiesbeyondthe currentstateof theartin
desktopcomputing. To be effective in this arena,ateam
comprisinga critical massof talent, parallel computing
techniquesyisualizationalgorithms,advancedvisualiza-
tion hardware,and a recurringinvestmentis requiredto
staybeyondthe desktopcapabilities.

This article describesthroughexamples how the Sci-
entific Applicationsand VisualizationGroup (SAVG) at
NIST hasutilized high performanceparallel computing
and visualizationto acceleratescientificdiscosery. The
examplesinclude scientific collaborationsthat have ad-
vancedresearchn thefollowing areas:(1) Bose-Einstein
condensatanodeling, (2) fluid flow in porous materi-
als and in other complex geometries,(3) flows in sus-
pensions(4) X-ray absorption(5) dielectricbreakdevn
modeling,and(6) dendriticgrowth in alloys.

Keywords: discovery sciencedistributedprocessing;
immersie ervironments;IMPI; interoperabléVPl; mes-
sagepassingnterface;MPI; parallelprocessingscientific
visualization

periment.Increasinglycomputatiorandvisualizationare
anintegral partof this processNew discoveriesobtained
from an experimentor a computationalmodel are en-
hancedandacceleratedby the useof parallelcomputing
techniquesyisualizationalgorithms,andadvancedvisu-
alizationhardware.

A scientistwho specializesin a field suchas chem-
istry or physicsis often not simultaneouslyan expertin
computatioror visualization.The ScientificApplications
and VisualizationGroup (SAVG [1]) at NIST providesa
framework of hardware,softwareandcomplementargx-
pertisewhich the applicationscientistcanuseto facilitate
meaningfuldiscoveries.

Parallel computingallows a computercodeto usethe
resource®f multiple computerssimultaneously A vari-
ety of paralleltechniquesreavailablewhich canbeused
dependinguponthe needsof the application. Generally
parallelcomputingis thoughtof in termsof speedingup
an application. While this is true, experienceis show-
ing that usersoften preferto usethis increasedcapabil-
ity to do more computationwithin the sameamountof
time. This may meanmorerunsof the samecompleity
or runswith more complex models. For example,paral-
lel computingcanusethe combinedmemoryof multiple
computergo solve larger problemsthanwere previously
possible.An exampleof thisis describedn Sec.8, Den-
dritic Growth in Alloys.

Visualizationof scientificdatacanprovide anintuitive



understandin@f the phenomenoror databeing studied.
Oneway it contributesto theory validation is through
demonstratiorof qualitative effects seenin experiments
suchas Jefery’s orbits as describedin Sec.5, Flow of
SuspensionsPropervisualizationcanalsoexhibit struc-
ture where no structurewas previously known. In the
Bose-EinsteincondensatdBEC) example (Sec. 3), vi-
sualizationwas key to the discovery of a vortex array
Current visualization technology provides a full range
of hardwareandtechniquedrom statictwo-dimensional
plots, to interactive three-dimensionaimagesprojected
onto a monitor, to large screenfully immersie systems
allowing theuserto interacton ahumanscale.

Immersievirtual reality (IVR) [2] isanemegingtech-
niguewith the potentialfor handlingthe growing amount
of datafrom large parallelcomputation®r advanceddata
acquisitions.The IVR systemdake advantageof human
skills at patternrecognitionby providing a more natural
ervironmentwhereastereoscopidisplayimprovesdepth
perceptionand peripheralvision provides more context
for humanintuition.

Thetechniquesisedfor parallelcomputingandvisual-
ization,aswell astheknowledgeof hardware,arespecial-
izedandoutsidethe experienceof mostscientistsSAVG
makesuseof ourexperiencen solvingcomputationaind
visualizationproblemsaswe collaboratewith scientistdo
enhanceandinterprettheir data. Resultsof this work in-
cludetheoryvalidation,experimentvalidation,new anal-
ysis tools, new insights, standardreferencecodesand
data,new parallelalgorithmsandnew visualizationtech-
nigues.

2 Tools

SAVG hasworked with mary scientistsat NIST on
a wide variety of problems,and makes use of an array
of resourceghat it can bring to bear on thesediverse
projects.Of coursewe malke useof the centralcomputing
resourceshatincludeseveral SGI Origin 2000systems,

1Certaincommercialequipmentjnstrumentspr materialsareiden-
tified in this paperto fosterunderstandingSuchidentificationdoesnot
imply recommendationr endorsemerty theNationallnstituteof Stan-
dardsandTechnologynor doesit imply thatthe materialsor equipment
identifiedarenecessarilyhe bestavailablefor the purpose.

an IBM SP system,a clusterof PCsrunning Linux, as
well asvirtual parallelmachinesreatedrom workstation
clusters. Eachof thesesystemscan be usedfor parallel
aswell assequentiaimplementationf scientificalgo-
rithms. In additionto thesecentralcomputingresources,
SAVG usescommercialtools and freely available tools
whereappropriate augmentinghesewith locally devel-
opedtoolswhennecessaryThefollowing aresometools
in commonuseby SAVG.

2.1 Computation

MPI - MessagdPassinginterface

The majority of our parallelapplicationsarewritten
using the message-passingodel for parallel pro-
grams. In the message-passingodeleachprocess
hasexclusive accesgo someamountof local mem-
ory andonly indirectaccesgo the restof the mem-
ory. Any processthat needsdatathatis not in its
local memoryobtainsthatdatathroughcallsto mes-
sagepassingroutines. MPI is a specificationfor a
library of thesemessage-passingutines[3, 4, 5].
Sinceits introductionin 1994, MPI hasbecomethe
defactostandardor message-passimyogramming
andis well supportedn high performancenachines
aswell ason clustersof workstationsand PCs.

MPI wasdesignedo supportits directuseby appli-
cationsprogrammersas well asto supportthe de-
velopmentof parallel programminglibraries. We
have usedMPI in both of thesecontets (seethe
descriptionsof C-DParLib, F-DParLib, and Au-
toMap/AutoLinkbelow).

Interoperable MPI  (IMPI) [6, 7] is a cross-
implementationcommunicationprotocol for MPI
that greatly facilitates heterogeneousomputing.
IMPI enablesthe use of two or more parallel ma-
chines,regardlessof architectureor operatingsys-
tem, asa singlemultiprocessomachinefor running
ary MPI program. SAVG was instrumentalin the
developmentof theIMPI protocol.

C-DParLib andF-DParLib
The libraries C-DParLib and F-DParLib [8, 9, 10,
11], developedby SAVG, supportdata-parallektyle
programmingin C and Fortran 90, respectiely.



These libraries make heary use of MPI to han-
dle all communication.Data-parallelprogramming
refersto parallelprogrammingin which operations
onentirearraysaresupportedsuchasA = A + B,

whereA andB arearraysof values.C-DParLib and
F-DParLib were developed specifically to support
parallel applicationsthat derive parallelismprimar

ily from the distribution of large arraysamongpro-

cessinghodessuchasin mostfinite-differencebased
parallelapplications.

Both libraries supportbasicdata-parallebperations
suchasarrayinitialization, arrayshifting, andthe ex-
changingof arraydatabetweenadjacentprocessing
nodes. In addition, C-DParLib providesadditional
servicessuchasassistingin the balancingof com-
putationaloadsamongthe processingnodesandthe
generatiorof arraysof pseudo-randonaalues.Both
libraries are portableto ary platform that supports
MPI andC or Fortran90.

OpenMP

A standardizedportabletool setfor implementing
parallel programson shared-memorgystemsn C,
C++,andFortran[12, 13].

AutoMap/AutoLink

Tools for simplifying the use of complex dynamic
datastructuresn MPI-basedbarallelprogramg14].
This software was developedat NIST and is fully
portableto ary platform that supportsMPI and C
[15, 16, 17, 18].

WebSubmit

A Web-basednterface[19] that simplifies remote
submissiorof jobsto NIST’s heterogeneousollec-
tion of high-performancecomputingresources. It

presenta singleseamlessiserinterfaceto thesedi-

verseplatforms.WebSubmitvasdevelopedat NIST
andis portableto otherenvironmentq20, 21].

2.2 Visualization
OpenDX- OpenDataExplorer

An open-sourceisualizationsoftware packagg22]
with a sophisticatedlatamodel. OpenDXcantake
adwantageof multiple processor®n a high perfor

mancemultiple CPUsystem.OpenDXis very useful
for therenderingof volumetricdata.

IDL - Interactve Datal anguage

A commerciallyavailable high-level language[23]
usedfor dataprocessingand analysis. Many stan-
dardanalysisroutinessuchasimageprocessingare
includedas easily callablefunctions. Additionally,
IDL hasroutinesfor developinggraphicaluserinter-
faceqGUI) allowing rapid developmenbf powerful
interactve two andthreedimensionabraphics.

Interactive GraphicsWorkstations
SAVG maintainsa VisualizationLaboratorywhere
high performancegraphicsworkstationsare made
availablefor collaborators.Theseworkstationgpro-
vide afacility for NIST scientistso runawiderange
of interactve computationaland visualizationsoft-
ware.

OpenGL- Performer
A commercialproductfor performance-oriente8D
graphicsapplications. Performer[24] provides a
scenegraph API (application programminginter-
face)andtheability to readavarietyof dataformats.

RAVE - reconfigurableutomaticvirtual environment
A commerciallyavailable productwhich providesa
visuallyimmersive ervironmentfor datadisplayand
interaction. It is drivenby an SGI Onyx2 visual su-
percomputer Our currentconfigurationhasa sin-
gle2.29m 2.44mrearprojectionscreerutilizing
Crystal Eyesactive stereoscopiglasseswith head
andwandtracking.

DIVERSE

The primary softwarelibrary usedto develop RAVE

applications Developedat the Virginia TechCAVE,

DIVERSE [25] software hasthe advantageof pro-
viding a device-independentvirtual ervironment.
The sameapplicationcan run on a desktopwork-

stationaswell as on single and multi-wall immer

sive systems.In addition, the softwareis basedon
SGI's OpenGL Performerallowing applicationsto
take advantageof a wide variety of Performerdata
formats.Thesedesignfeaturescanprovide anappli-
cationcontinuumfrom the desktopto the visualiza-
tion lab to the RAVE.



VRML - Virtual RealityModelingLanguage
A Web basedstandardhat allows interactive view-
ing of threedimensionaldata. SAVG usesVRML
[26] asa mechanisnfor distributing visualizations
andgraphicalsimulationgto collaborators.

Non-linearVideoEditing

A computer/diskbasedvideo editing systemthatal-

lows randomaccesdo video and computergraph-
ics sources.Becauset is digital, sophisticatectdit-
ing techniquesuchasmotioneffects,keying, titling,

andresizingcaneasilybe used.Also, it is very easy
to createmovies in mary different digital formats
for disseminationover the Internet, or movies can
be written out in several video tapeformatsfor use
at presentationandmeetingsor for distribution.

The computatiorandvisualizationresourceslescribed
here, togetherwith the expertiseto use them, enable
SAVG to collaborateon a wide rangeof researchprob-
lemswith NIST scientists.

3 Bose-EinsteinCondensates

A Bose-Einsteircondensat¢BEC) is a stateof matter
thatexistsatextremelylow temperaturesSBECswerefirst
predictedin 1925by Albert Einsteinasa consequencef
guantumstatisticq27].

3.1 Scientific Background

Researcherat the National Institute of Standardsind
Technologyare studyingBECs of alkali atomsconfined
within magnetictraps. These studies are conducted
throughnumericalsimulationaswell aslaboratoryexper
iments. Numericalsimulationof BECsis addressedby
solvingtheappropriatenary-particlewave equation.The
wave function of a BEC correspondg4o a macroscopic
guantumobject.In otherwords,a collectionof atomsin a
BEC beharesasa single quantumentity andis therefore
describeddy a singlewave function.

The evolution of the BEC wave functionis in question
whenthetrappedBECis subjectedo rotation.Uponrota-
tion, quantizedvorticesmayform within theBEC. These

Fig. 1. Array of vorticesin a Bose-Einsteircondensate
underrotation.

vorticesareof interestbecausef their theoreticalimpli-
cationsfor the characteristicef BECs, suchassuperflu-
idity.

Researchergerformnumericakimulationsof theBEC
wave function basedon first principlesto determineif
guantizedvorticesexist in thesesystemsA typical result
of sucha simulationis a sequencef three-dimensional
arraysof complex numbers. Eachcomplex numberre-
flectsthe value of the BEC wave function at a particular
positionandtime.

3.2 DataAnalysis

Simulationsof rotatingBECsarecomputecn athree-
dimensionalgrid of order100 grid pointsalongeachdi-
mension. The simulationdataare subsequentlynterpo-
lated onto a meshwith 200 pointsin eachdimensionfor
the purposeof visualization. Wheneachcomplex num-
ber is decomposednto two real componentsthereare

scalawvalueso consideateachtime step.Tradi-
tionalline andsurfaceplots,for example,arenotadequate
for theinvestigationof three-dimensionajualitative fea-
turessuchasvortices. More suitabletechniquessuchas
scientificvisualization,arerequired.



3.3 Visualization

In somerespectsscientific visualizationis a general-
izationof traditionaltwo-dimensionaplotting andgraph-
ing. Onegoal of visualizationis the creationof a single
“picture” thatcorveysto theresearchea smallnumberof
high-level conceptsA collectionof suchpicturesmaybe
concatenatedhto an animatedsequenceo corvey con-
ceptsthatvary over positionandtime, for example.

In thecaseof BECs,thegoalof thevisualizationtaskis
to identify andisolatepossiblevortex structureswithin a
three-dimensionalolume. Volumerenderingtechniques
are appropriatefor this situation. In particular the vol-
umerenderingmodelusedfor this investigationassumes
thateachpointin three-dimensionapacebothemitsand
absorbdight.

In an abstractsense,the visualization of a three-
dimensionalarray of BEC datarequiresthe construction
of a function to map from the BEC datadomainto an
image domain. The BEC datadomainis composedof
three-dimensionapositionsalong with complex values
from the associatedvave function. The image domain
consistof anopacitycomponenandthreecolor compo-
nents:hue,saturationandbrightness.Opacitydescribes
theextentto whichapointin three-dimensionadpaceab-
sorbdight. Huedescribeshegradatiormamongred,green,

or blue. Saturationdescribesthe degree of pastelness.

Brightnesgdescribeshe degreeof luminance.

The constructionof a function from the BEC datado-
mainto theimagedomainproceedsasfollows: Thecom-
plex valuesassociateavith thewave functionaredecom-
posedinto polarform. The angularcomponenbf acom-
plex valuedetermineghe hueby mappingthe angleto a
correspondingositiononacolorcircle. A colorcircle,as
usedhere,beginswith redat 0 radiansandthentraverses
throughgreenandbluewith areturnto redatthecomple-
tion of the circulartrip. Theradialcomponenbf acom-
plex value determineghe brightnessby mappingsmall
radii to high brightnessandlarge radii to low brightness.
The radial componentof the brightnessmappingcorre-
spondsto density wherelow densityregionsare bright.
Theintentis to exhibit low-densityvorticesasbright re-
gionsandsuppresshe visibility of high-densityregions.
The saturationis determinedby a constantfunction; all
regionsarefully saturated.Finally, the opacityis deter

minedby aconstanfunctionaswell; all regionshavezero
opacity(thatis, completetranspareng).

The function describedaborve is further modified with
respectto the magnetictrap in which the BEC exists.
The purposeof this modificationis the suppressiorof
unimportantregionsbeyondthe confinesof the magnetic
trap. The BEC in themagnetidrapis ellipsoidalin shape
andthe requiredmodificationsare straightforward appli-
cationsof analyticgeometry

3.4 Results

Theresultof the visualizationprocesss a sequencef
images,onefor eachtime step,which form a 3D stereo-
scopicanimation. In this study the BEC imagesdid in-
deedshav thepresencef quantizedrortices.In addition,
the visualizationalso discoreredan unanticipatedstruc-
ture of concentricvortex rings, shovn in Fig. 2, instead
of the line vorticesasshown in Fig. 1. Further theim-
agesarethefirst three-dimensionalisualizationof vortex
structuresn arotatingBEC[28].

Fig. 2. Soliton producedby phaseimprinting of a Bose-
Einsteincondensate.

Additionally, aBECimageof asoliton,producedatthe
trap centerby a phasemprinting techniquejookslike a
flat disk, correspondingo a low-densityplanewithin the



condensateloud. As the soliton propagateshroughthe
condensatelf becomesnore curved becausehe soliton
movesfastesin the condensateenter anddoesnt move
at all at the condensatsurface. At a latertime, the en-
tire solitonstopscompletelyandbecomesnodalsurface.
Ratherthanreturningto the point of creation,it sponta-
neouslydecaysinto concentricquantizedvortex rings, in

aprocesknown asa snake instability; seeFig. 2 [29].

Thisinstability provokeda greatdealof furthersimula-
tionsandcalculations Theresultswerepresentedn Ref.
[30].

Experimentalistsat JILA, Brian Andersonand Eric
Cornell, attemptedo generate¢hesevortex ringsin con-
densate exactly thisway. They have confirmedall the
predictions.

4 Fluid Flow in Porous Materials
and in Other Complex Geome-
tries

The flow of fluids in complex geometrieplaysanim-
portantrolein mary ervironmentalndtechnologicapro-
cessesExampledncludeoil recovery, the spreadf haz-
ardouswastesn soils,andtheservicelife of building ma-
terials. Further suchprocesseslependon the degreeof
saturatiorof the porousmedium.Thedetailedsimulation
of suchtransporiphenomenasubjectto varyingernviron-
mentalconditionsor saturation,is a greatchallengebe-
causeof the difficulty of modelingfluid flow in random
poregeometrieandthe properaccountingof the interfa-
cial boundaryconditions.

Thework describedhereinvolvestheapplicationof the
lattice Boltzmann(LB) methodto this problem. The LB
methodof modelingfluid dynamicsnaturallyaccommo-
dateamultiple fluid componentsindavarietyof boundary
conditionssuchasthe pressuradrop acrossthe interface
betweentwo fluids andwetting effectsat a fluid-solid in-
terface. Indeed the LB methodcanbe appliedto a wide
varietyof complex flow problemshatstronglydepencon
boundaryconditionsincluding phaseseparatiorof poly-
mer blendsunder shear flow in microchanneldevices,
and the modeling of hydrodynamicdispersion. For ex-
ample,Fig. 3 shavsanLB simulationof a phaseseparat-

ing binary mixture undershearf31]. TheLB andrelated
methodsarecurrentlyin a stateof evolutionasthemodels
becomebetterunderstoodcaindcorrectedfor variousdefi-
ciencieq32, 33].

Fig. 3. Phaseseparatinginary mixture undershearsim-
ulatedusinga lattice Boltzmannmethod.

Onedifficulty with LB methodss thatthey areresource
intensive. In general,running simulationson large sys-
tems(greateithan grid points)is not practicaldueto
thelack of memoryresourcesindlong processingimes.
Becausef theseextremedemandsn memoryandcom-
putation,andthefactthatthe LB methodgenerallyneeds
only nearesheighborinformation, the algorithmwasan
ideal candidateto take advantageof parallel computing
resources.

4.1 Implementation of the LB Algorithm

Theapproactof theLB methodis to consideratypical
volume elementof fluid to be composedf a collection
of particlesthatarerepresentedly a particlevelocity dis-
tribution function for eachfluid componentat eachgrid
point. Thetime is countedin discretetime stepsandthe
fluid particlescancollide with eachotherasthey move,
possiblyunderappliedforces.

The sequentialimplementationof the algorithm was



relatively straightforward. We have both active sites(that
hold fluid) andinactive sites(thatconsistof materialsuch
assandstone)For efficient useof memorywe useanin-

directaddressin@pproachwherethe active sitespoint to

fluid dataand the inactive sitespoint to NULL. Hence
only minimal memory needsto be devoted to inactive
sites. At eachactive site we point to the necessarye-
locity andmassdatafor eachfluid component.Over the
courseof aniterationwe visit eachactive cell in the data
volumeandcalculatehedistribution of eachfluid compo-
nentto be streamedo neighboringcells. New massand
velocity valuesare accumulatedit eachactive cell asits

neighborsmake their contrikutions.

We implementedhe parallel versionof the algorithm
usingthe MessagePassinginterface[3] (MPI). The par
allelization was accomplishedwithin a simple single-
programmultiple-data(SPMD) model. The datavolume
is divided into spatially contiguousblocks along the
axis; multiple copiesof the sameprogramrun simultane-
ously, eachoperatingon its own block of data.Eachcopy
of the programrunsasanindependenprocessandtypi-
cally eachprocessunson its own processarAt the end
of eachiteration,datafor theplaneshatlie onthebound-
ariesbetweerblocksare passedetweenrnthe appropriate
processeandtheiterationis completed.

The mechanismdor exchangingdata betweenpro-
cessewvia MPI callsandfor managingthe minor house-
keepingassociatedvith MPI areconcealedvithin a few
routines. This enablesus to have a purely serialversion
of the programanda parallelversionof the codethatare
nearlyidentical. The codeis written in standardANSI C,
andtheonly externallibrary thathasto beusedis the MPI
library, which is available on all of NIST’s parallel sys-
temsaswell as mary other parallelcomputingernviron-
ments. Theseimplementatiorstratgiesenableusto run
the program,without ary modificationon any of NIST’s
diversecomputingplatforms.

4.2 Verification

We verified the correctnes®f the modelwith several
numericaltests. For example,onetestinvolved comput-
ing the permeabilityof porousmediacomposedf a pe-
riodic array of (possiblyoverlapping)spheres.In Fig. 4
we compareour simulationdatawith thoseof Chapman

andHigdon[34], which arebasedon the numericalsolu-
tion of coeficientsof a harmonicexpansionthat satisfies
the Stokesequations Agreementis very good,especially
giventhatthesolid inclusionsaredigitized spheres.
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Fig. 4. Normalizedflow throughspheresasa function

of the solid fraction , centeredon a simple cubic lat-

tice. The permeability is normalizedby the squareof

thedistance betweenspherecenters.Thesolid fraction
is porosity .

We then determined the permeability of several
microtomography-baseninagesof Fontainebleausand-
stone. Figure 5 depictsa portion of one of thesesand-
stoneimages.Theresolutionis m perlattice spac-
ing and datasetswere voxels (volume elements).
Figure 6 shavs the computedpermeabilitycomparedo
experimentaldata[35]. Clearlythereis goodagreement,
especiallyatthe higherporosities.

4.3 Performanceof the Parallel Code

We ranaseriesof timing testson severalof the parallel
systemsat NIST, including an SGI Origin 2000,an IBM
SP2,andan Intel Pentiumcluster Becauseof the porta-
bility of the MPI calls andour standardANSI C codeit
waseasyto runthe samecodeandtestcaseon eachplat-
form.

Thetimingsrecordedor theserunscloselyagreewith



Fig.5. A portionof the porosityFontainebleau
sandstonenedia. The solid matrix is madetransparento
revealthe porespacggrey shadedegion).

avery simplemodeldescribingoerformance:
where

is totaltime for a singleiteration,

is time for the non-parallelizableomputation,

is time for the parallelizablecomputationand

is numberof processors.
The parallelizablecomputationis thatportion of the pro-
cessinghat canbe effectively distributedacrossthe pro-
cessors. The non-parallelizablecomputationincludes
processinghat cannotbe distributed; this includestime
for interprocesscommunicationaswell ascomputation
that mustbe performedeither on a single processaror
mustbedoneidenticallyon all processors.

We foundin all caseghatthe non-parallelizableom-
putation accountsfor between % and % of the
total computationaload. In oneof thetestcaseghe per
formancedatafrom the SGI Origin 2000closelymatches
this formula (T is the total time in secondgor an itera-
tion):

S S

The non-parallizableeomputation is 0.090s, while the
parallelizableportion of the computation usesl11.98s.
So, for example, a single iterationtook 12.08 s on one

(darcy)

log(k)
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015
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\
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Fig. 6. Measuredand modeledpermeabilities( ) of
Fontainebleawsandstonenediaasa function of porosity
Thesolid rectangleshov themodeledresults.

processobut only 1.11son 12 processorsTheseresults
indicatethatthealgorithmis, indeed well suitedto a par
allel computingervironment.

Othertiming testsindicatethatthe time for the paral-
lelizable portion of the codeis roughly proportionalto
the numberof active sitesover the entire volume, while
interproces£ommunicatiortime is roughly proportional
to thesizeof an  cross-sectiorof the volume. So as
we procesdarger systemsthetime for the parallelizable
portion of the code shouldincreaseproportionally with
the cubeof thelinear size of the system,while the non-
parallelizableportion shouldincreasewith the squareof
the linear size of the system. This meansthat for larger
systems.a larger proportionof the time is in the paral-
lelizablecomputatiorandgreaterbenefitscanbe derived
from runningon multiple processors.

4.4 Results

Themodeledoermeabilitieof the Fontainebleasand-
stonemedia and their agreementvith experimentalre-
sults verified the correctnessand utility of our parallel
implementationof the LB methods. Thesesimulations
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would nothave beenpossiblewithout parallelizingtheal-
gorithm. The requirementdor computingresourcesare
beyondthe capacityof single-processamystems.

In addition, parallelizationhas enabledus to try al-
ternatives that would have beenprohibitive in the past.
For example,when calculatingthe permeabilitiesof the
Fontainebleawsandstonesamples,we found that at the
lowest porosity (%), there were not enoughnodes
acrosghe poresto produceareliableflow field. Because
we could handlelarge volumes,we were ableto double
theresolutionon a large subsef the low-porositysam-
ple. This yielded very satishctory results,as indicated
above.

Lattice Boltzmannmethodsfor simulating fluid flow
in complex geometrieshave developedrapidly in recent
years. The LB methodproducesaccurateflows andcan

physicalbehavior, on time scalesmary ordersof magni-
tudegreaterthanthat possiblewith MD, may be studied.
The original DPD algorithmusedan Euler algorithmfor
updatingthe positionsof the free particles(which repre-
sent“lumps” of fluid), andaleapfrog algorithmfor up-
datingthe positionsof thesolidinclusions.Our algorithm
QDPD [37] is a modificationof DPD that usesa veloc-
ity Verlet[38] algorithmto updatethe positionsof both
thefreeparticlesandthesolid inclusions.In addition,the
solidinclusionmotionis determinedrom thequaternion-
basedschemeof Omelayar{39] (hencetheQ in QDPD).
QDPD uses an implementationof the linked cell
method[40, 41] which is a true algorithm. The
QDPD cell is partitionedinto a numberof subcells. For
every time stepa linkedlist of all the particlescontained
in eachsubcellis constructedThe selectiorof all pairsof

accommodata varietyof boundaryconditionsassociated particles within the cutoff is achievedby loopingover all

with fluid-fluid andfluid-solid interactions.With the ad-
vent of parallel systemswith large memories,computa-
tions on large systemsthat were considerecbeyond the
reachof evensome“super” computerdrom a few years
agocannow beconsideredoutine.

5 Computational Modeling of the
Flow of Suspensions

Understandinghe flow propertiesof complex fluids
like suspensionge.g.,colloids,ceramicslurries,andcon-
crete)is of technologicalimportanceand presentsa sig-
nificanttheoreticalchallenge.The computationamodel-
ing of suchsystemss alsoa greatchallengebecausdt is
difficult to track boundariebetweendifferentfluid/fluid
and fluid/solid phases. Recently a new computational
methodcalled dissipatie particle dynamics(DPD) [36]
hasbeenintroducedwhich has several advantagesover
traditional computationabdynamicsmethodswhile natu-
rally accommodatinguchboundaryconditions.In struc-
ture,aDPD algorithmlooksmuchlik e moleculardynam-
ics (MD) where particlesmove accordingto Newton'’s
law. Thatis, in eachtime step,theforceson eachparticle
arecomputedTheparticlesarethenmovedandtheforces
recalculated However, in DPD, the interparticleinterac-
tionsarechoserto allow for muchlargertime stepssothat

pairsof subcells within the cutoff andparticleswithin the
subcells.Becausef their regulararrangementhelist of
neighboringsubcellss fixedandmaybe precomputed.

QDPD wasoriginally written in Fortran77 asa serial
program. To improve performancea parallelizationof
thecodewasdonein MPI [42] usinga simplified version
of thereplicateddataapproach.

5.1 ReplicatedData Approach

In thereplicateddataapproact43, 44, 45] every pro-
cessorhasa completecopy of all the arrayscontaining
dynamicalvariablesfor every particle. The computation
of forcesis distributedover processorsn the basisof cell
indices.Thisis avery efficientway of implementingpar
allelism sincethe forces must be summedover proces-
sorsonly oncepertime step,thusminimizinginterproces-
sorcommunicatiorcosts.On“shared-memorytmachines
like an SGI Origin 2000,this approackis very attractve,
sinceall processorgan sharethe arrayscontainingdy-
namicalvariables.

The biggestdisadwantageof the replicateddatastrat-
egy is that every processomust maintaina copy of all
of the data and thereforethe data must be updatedon
eachprocessomt the end of eachtime step. This is not
a problemin the shared-memorynultiprocessowrersion
if the MPI implementationis smartenoughto take ad-
vantageof the sharedmemory In our implementation,
a global sumtechniqueis usedto addthe separateon-
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tributionsto the forcesvia an MPI_allreducelibrary call.
Thisapproachasworkedwell for smallto mediumsized
problems(tens-of-thousandsf particles)on the shared-
memorySGls. We have found speedup®f asmuchas
17.5timeson 24 processorsf a 32 processoS5GI Origin
2000. Utilizing threesuchsystemsye wereableto com-
pleteayearsworth of corventionalcomputingin aweek.
Among the resultsobtainedby this techniquehasbeen
the calculationandsubsequentisualizationof a sheared
suspensiowof ellipsoids.

5.2 Spatial Decomposition

Fig. 7. Motion of a single ellipsoidalinclusion subject
to shear The single ellipsoid rotationis a well known
phenomenoiseenin experimentsalledJefery’s orbits.

While thereplicateddataapproactof the previoussec-
tion hasbeentheworkhorseof QDPDwork for sometime
now, it hashadits disadwantages.The biggestdisadwan-
tageis thatscalingto very large numbersof processorin
a shared-memorgrvironmentis poor (24 is the practical
limit for us),andit hasturnedout to be almostunusable
on distributedmemorysystemsncludingthosewith high
speednterconnectsketheIBM SP2/SP3ystems.

Whenthe goal is to simulatean extremely large sys-
tem on a distributed-memorycomputerto allow for the
larger total memoryof the distributed-memorycomputer
andalsoto take advantageof a larger numberof proces-
sors,a differentapproachs needed.Our spatialdecom-
position[46, 47] replaceghe seriallinked cell algorithm
with a parallellinked cell algorithm[44, 48]. The basic
ideais this:

Fig. 8. Motion of twenty eightellipsoidalinclusions,of
sizevarying up to a factorof two, subjectto shear Note
that the Jefery’s orbits are suppressediue to hydrody-
namicinteractionsbetweerellipsoids.

Split thetotal volumeinto  volumes,where is the
numberof processors.If we choosea one dimensional
(1D) decompositior(“slices of bread”),thenthe th pro-
cessolis responsibldor particleswhosex-coordinatedie
in therange

where  isthesizeof thevolumealongthe axis.
Similarequationspplyfor 2D and3D decompositions
for simulationdimensions and . Whetherthe de-
compositionis 1D, 2D, or 3D depend®on the numberof
processorsFirst assignparticlesto processorsAugment
particleson eachprocessomwith neighboringparticlesso
eachprocessohasthe particlesit needs. Now on each
processarform alinkedcelllist of all particlesin theorig-
inal volume plus an extendedvolume that encompasses
all of the particlesthat are neededfor computationson
this processarL.oop overthe particlesin the original vol-
ume,calculatingtheforcesonthemandtheir pair particle
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Fig. 9. A screenshotof a Web basedanimationusing
VRML to allow interactve viewing of thetime seriesan-
imation.

(for consenration of momentum).Caremustbetakento
addtheseforceson particlesin theextendedvolumeto the
forceson the processofowning” them. Finally calculate
the new positionsof all particlesand move the particles
which have left the processoto their new homeproces-
Sors.

We distinguishbetween“owned” atomsand “other”
atoms,wherethe later areatomsthatare on neighboring
processorand are part of the extendedvolume on ary
given processar For “other” atomsonly the information
neededo calculateforcesis communicatedo neighbor
ing processorsSecondthe QDPDtechniques beingap-
plied to suspensionsso therearetwo typesof particles:
“free” particlesandparticlesbelongingto solidinclusions
suchasellipsoids.A novel featureof thiswork is thatwe
explicitly do not keepall particlesbelongingto the same
solid inclusionon the sameprocessar Sincethe largest
solid inclusionthatmight be built canconsistof asmary
as50 % of all particles,it would bedifficult if notimpos-

sibleto handlein this way without serioudoad-balancing
implications.Whatwe dois assigneachparticleaunique
particlenumberwhenit is readin. Eachprocessohasthe
list of solid inclusiondefinitionsconsistingof lists of par
ticlesdefinedby theseuniqueparticlenumbers Eachpro-
cessolcomputessolid inclusionpropertiesor eachparti-
cle it “owns”, andthesepropertiesare globally summed
overall processorsothatall processorsiave solid inclu-
sion properties. Sincethereare only a small numberof
solid inclusions(relative to the numberof particles),the
amountof communicatiomecessaryor the global sums
is smallandtheamountof extramemoryis alsorelatively
small. Henceit is aneffective technique.
Currentresultsshav a speedup of a factor of 22.5
on 27 200 MHz Power3 processor®n anIBM SP2/SP3
distributed memorysystem. The sametechniquealsois
very effective in a shared-memongernvironment, where
thespeedupareafactorof 29on32processorsf anSGl
Origin 3000systemanda factorof 50 on 64 processors.

5.3 Visualization

While variousquantitatie testsare usedto help vali-
dateour algorithms visualizationplaysanimportantrole
in thetestingandvalidationof codes.Evensimplevisual
checksto make surethesolid inclusionssatisfyboundary
conditionscanbe helpful.

Figure7 shaws a time seriesof the motion of a single
ellipsoidalinclusionsubjectto shear Thedifferentcolors
correspondo the time sequence.The shearingbound-
ary conditionswereobtainedby applyinga constanstrain
rateto the right at the top of the figure andto the left at
the bottom. Note that the single ellipsoid rotates. This
is a well known phenomenorseenin experimentscalled
Jefery’sorbits.

In contrastwe found thatwhenseveral elliposidialin-
clusionswere addedto the system(Fig. 8) the Jefery’s
orbits weresuppressedndthe ellipsoidshada tendeng
to align astheir relative motion was partly stabilizedby
mutualhydrodynamidnteractions.

Virtual Reality Modeling Language(VRML) [26] has
beenusedto distribute animationsof the resultsfrom this
computatior(Fig.9). VRML is aWeb-basedtandardhat
allows interactve viewing of threedimensionaldata. In
contrasto movie loop animationsyYRML allowstheuser
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to interactvely view theanimationwhile theresultsof the
computationamodelis cycled. This interactve viewing

capabilityallows usersto selecttheir own point of view.

Sinceit is Webbasedthe animationcanbe distributedto

ary PCor UNIX basedsystemwith a VRML viewer in-

stalled. Theamountof datadisplayedandspeedf view-

ing is only limited by the speedof the viewing system.
An exampleof usingVRML to animatethe resultsfrom

a computationamodelof the flow of suspensionsanbe
foundonthe Web[49].

6 Rapid Computation of X-ray Ab-
sorption Using Parallel Computa-
tion: FeffMPI

X-ray absorptionspectroscop (XAS) usesenepgy-
dependenimodulationsof photoelectrorscatteringo de-
termine local atomic structure[50]. XAS is usually
divided into the extendedX-ray absorptionfine struc-
ture (EXAFS) with photoelectrorenegiesabove approx-
imately 70 eV, andthe X-ray absorptiommearedgestruc-
ture (XANES) in the 0 to 70 eV range. Theoreticalcal-
culationsof photoelectrorscatteringarenow anintegral
partof bothEXAFS andXANES analysis.Thesetheoret-
ical calculationshave grown in sophisticationand com-
plexity over the past20 years. Fortunately during the
sametime period, Moore’s law [51] hasincreasedcom-
puting power dramatically so that EXAFS calculations
arenow fast,accurateandeasilyexecutedoninexpensve
desktopcomputerqd52, 53]. However, XANES calcula-
tions remaintime-consumingn spite of theseimprove-
ments. The photoelectrormeanfree pathis large at the
low photoelectrorenegiesof the XANES region, soac-
curateXANES calculationgrequirelarge atomicclusters
andremainchallengingon eventhefastessingleproces-
sor machines.Furthermorethe photoelectrorscattering
is strongfor low enegies, so that full multiple scatter
ing calculationsarerequired. Thesecalculationsrequire
repeatednversionsof large matriceswhich scaleasthe
cubeof the size of the atomic cluster[54]. Furtherso-
phisticationin the computercodes,such as the use of
non-sphericallysymmetricpotentialswill improve accu-
ragy but increasecomputationalrequirementseven fur-

ther The computationrequiredfor XANES calculations
led usto investigatehe useof parallelprocessing.

Toimplementparallelprocessingf XANES we started
from the serial versionof the computercode Feff [54].
Feff (for effective potential ) doesreal-spacealcula-
tions of X-ray absorption,is written in portableFortran
77,andusesa numberof computationabtrategyiesfor ef-
ficient calculations Our goalwasto implementa parallel
processingersionof Feff thatretainedall theadvantages
andportability of the single-processarodewhile gaining
atleastanorderof magnitudé@mprovemenin speed Feff
modelsthephysicalprocesof X-ray absorptionsoit was
naturalto exploit theintrinsic taskor physical parallelism,
namely that X-ray absorptionat a given X-ray enegy is
independenbf the absorptionat otherenegies. We use
this physical parallelismto make simultaneouscalcula-
tions of the XANES at differentenegiesusing multiple
processoclusters andthenassemblgheresultsfrom the
individual processorgo producethe full XANES spec-
trum. We usethe MessagePassinginterface (MPI) to
implementthis idea[42]. We have run the parallel Feff
code(FeffMPI) on Linux, Windows NT, IBM-AIX, and
SGI systemswith no changedo the code. FeffMPI can
run on ary parallelprocessinglusterthat supportaViPlI,
andthesesystemscanusedistributedor sharednemory
or evena mixture of distributedandsharednemory

The starting point for “parallelizing” Feff wasto de-
terminewhich partsof the codewerethe mosttime con-
suming. As expectedon physicalgrounds profiling tests
shaved thatthe loop over X-ray enegiesin the XANES
computationdominatedthe time; over 97 % of the CPU
time is spentinside this loop. Therefore,we chosethis
partof thecodefor theinitial work onaparallelversionof
Fefl. A secondanhotspotis asimilarloop thatis usedto
constructself-consistenpotentials In this first versionof
FeffMPI theself-consistengcalculationdoesnotexecute
in parallel;we planto implementthis in alaterrevision.

By concentratingon a single hot spotin the code,we
leave 99.7% of theexisting single-processarodeof Feff
unchanged.We usethe MPI librariesto arbitrarily des-
ignateclusternodenumberone asthe master node,and
designatethe other  procs nodesasworkers. In the
enegy loop of the XANES calculationeachnode(master
andworkers) executes  procs XANES calculationgthat
eachcover procs Of the enegy rangeof the XANES
calculation. After eachworker completests part of the
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task,theresultsaresentbackto themaster andtheworker

processegan be terminated. This approachmeansthat
(1) exactly the sameexecutableis run on every nodein

the cluster; (2) virtually all of the changedo the single-
processorreff are confinedwithin a single subroutine;
(3) the FefMPI codeis nearly identical to the single-
processowersionof Feff, the only differencebeingthat
eachinstanceof the FefMPI procesds awarethatit is a
particularnodeof a clusterof procs processorsand (4)

communicatiorbetweermaster andworker processorss

keptto aminimum.

To evaluatehow well the parallelalgorithm succeeds,
we conductedtests on six systems. As representa-
tive single-processosystemswe did benchmarksn a
450 MHz AMD K6-3 running SuSeLinux 6.1, and an
Apple PaverMac G4 runningat 450 MHz. We thenran
FeffMPI onfour MPI clusters:(1) aclusterof 16 Pentium
Il 333MHz systemsunningRedhat._inux connectedria
100 Mbit Ethernet;(2) a similar clusterof Pentiumlll
400 MHz machinesunning Windows NT connectedy
100 Mbit Ethernet;(3) a clusterof SGI machines;and
(4) anIBM SP2/3usingup to 32 processorsThefastest
timeswereturnedin by using 32 IBM SP3processors.
That systemwas 25 timesfasterthanthe PoverMac G4
and 40 timesfasterthanthe single processot.inux sys-
tem. We foundthat processingpeedcould be predicted,
as a function of clustersize, by the simple scalinglaw

s S proc, Where is the runtime
in secondgs), is ascalingfactorthataccountsfor the
speedof a givensingle processotype andthe efficiency
of the compiler, and  proc is the numberof processorsn
the cluster As shown in Fig. 10, if the runtimeson the
variousclustersarerescaledby the for thatcluster giv-
ing a normalizedruntime of 1.0 for eachclusterwhena
singleprocessois used all the runtimesfall on a univer
salcurvethatshovs how well FeffMPI scaleswith cluster
size.As clustersizeis increasedthe partof the codethat
runsin parallelchange$rom thedominantpartof therun-
time to anirrelevantfraction of the total. In the limit of
largeclustersizes runtimeis dominatedy the 3 % of the
original codethatstill executesequentiallyln suchlarge
clusters,we expectno further increasen speedbecause
theruntimeis thentotally dominatedoy sequentiallyexe-
cutingcode.In fact,large clusterscanevenincrease run-
time dueto communication®verhead.However, on the
largestclusterswe hadavailable,we did not obsene ary

saturatiorof the scalingdueto communicatioroverhead.

FeffMPI Scaling with Cluster Size

PowerPC cluster
Linux cluster
WInNT cluster
SGI cluster

Fit

BHOO®
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Normalized time relative to single processor
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Fig. 10. Runtimeof a typical FefMPI XANES calcu-
lation with clustersize. The calculationhasbeenrun on
four differentclusters. The executiontime on a single
processothasbeennormalizedto 1.0, shaving that the
scalingon all clusterss very similar oncethevariationin
processospeedand compilerquality is eliminated. The
scalingindicateghatabout3 % of theruntimeis still from
thesequentiallyexecutingpartsof thecode,implying that
a very large clustershouldrun FefMPI about30 times
fasterthananequialentsingleprocessar

6.1 Resultson Parallel ProcessingClusters

As one example of thesecalculations,we shav how
XANES measurementare usedin the study of barium-
strontiumtitanate(BST) films thatareof interestashigh-
k dielectricsin electronicdevices [55, 56]. The films
aredepositedy metal-oganicchemicalvapordeposition
(MOCVD) thatmusttake placeat low substratéempera-
turesbecaus@f processingonstraintsn device fabrica-
tion. Dueto thelow depositiontemperaturéhe structure
of thefilms often departsfrom the ideal crystallineBST
state[57]. However, the actualstructureis unknaovn and
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Fig. 11. MeasuredXANES dataof 4 Barium-strontium
titanate(BST) films depositedy MOCVD. Thevariation
in sizeandenegy positionof the pre-edgepeaknear-2

eV to +2 eV is a signatureof the structuralvariationin

thesefilms.

the structuralorigin of the variationin the dielectriccon-
stantis undetermined.Becausehe films containamor
phousmaterialthat gives no clear X-ray diffraction sig-
nal, we usedXANES measurementto help understand
the structureof the films andab initio calculationsusing
FeffMPI to interpretthe XANES spectra.

In Fig. 11 we show a seriesof XANES measurements

of several BST films. The mostimportantfeatureis the

evolution of the peaknear-2 eV to +2 eV (the origin

of the enegy zerois arbitrary) as depositionconditions
arechanged.In Fig. 12 we show theoreticalcalculations
of tetrahedrahndoctahedrabxygencoordinatioraround
the Ti atoms;note the qualitative similarity to the trend
seenin themeasurecKANES datain Fig. 11.

The calculationssuggesthat the obsened changein
the XANES implies a changefrom a non-inversionsym-
metric Ti-O structurewith tetrahedraloxygencoordina-
tion to onethatis a nearly inversionsymmetricoctahe-
dral Ti-O arrangement.The tetrahedralTi-O structures
arenot ferroelectric,so this structuralvariationaccounts
for the changeof the dielectric constantwith film depo-
sition temperatur@ndtitanium-oxygerstoichiometry In
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Fig. 12. XANES calculationfrom the octahdralndtetra-
hedral Ti-O structuresshown in Figs. 13 and 14. The
nearly perfectinversion symmetryof the Ti-O octahe-
dra leadsto only a small low-enegy resonancen the
XANES. The non-inversionsymmetrictetrahedralTi-O
ervironmentgivesa much larger low-enegy resonance.
The qualitatve similarity of thesesimulationswith the
XANES measurementshovn in Fig. 11 indicatesthat
the BST films malke a transitionfrom a non-ferroelectric
phasewith tetrahedralTi-O oxygen coordinationto the
octahedrali-O structurethatis characteristiof

Figs. 13 and 14 we shaw the structuresof and

thatwereusedastheinputsfor the calculations
in Fig. 12. The structurehasa slightly dis-
tortedTi-O tetrahedrastructurewith zig-zagchainsof Ba
atomsseparatinghe Ti-O tetrahedraThe struc-
turecontainsTi-O octahedravith nearlyperfectinversion
symmetry and the octahedraare surroundedby a cage
of Baatoms.The BST films containamorphousnaterial
which areprobablydistortionsof thoseshovn in Figs.13
and 14, but we cansay with certaintythat the Ti-O en-
vironmentchangedgrom onewith inversionsymmetryto
onethatis strongly non-irversionsymmetric. Chemical
constraintsandthe FefMPI calculationssuggesthatthis
is becauseof a transitionfrom octahedrato tetrahedral
oxygencoordination.
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Fig. 13. Renderingof the ideal rhombohedraktructure
of . Thestructures arepetitionof nearlyperfect
Ti-O octahedrahat are separatedby a nearlycubic cage
of Ba atoms. The nearly perfectinversionsymmetryof
theTi-O octahedrdeadsto only a smalllow-enegy reso-
nancein the XANES. Exceptfor amixtureof bothBaand
Sratomsonthesamesite,thisis theexpectedstructurefor
BST films depositedvith high substratéemperatures.

7 Dielectric Breakdonvn Modeling;
growth of streamersin dielectric
liquids

In high-wltage power transformers, catastrophic
breakdavn in the dielectric oil is precededy the rapid
growth of conductingplasmastreamers.Branchingfil-
amentarystructuressometimesform in the streamers,
as documentedhrough high-speedohotographicexper
iments conductedby Hebner Kelley, and Stricklett at
NBS in the 1980s[58]. However, the photographgid
not recordthe very fastprocessegon the orderof tensor
hundredof nanosecondghat causedhefilamentto de-
velop. Our modeldescribeghe “shaping” effects of the
surroundingelectricfield on the rapidly-graving plasma
streamers.

Fig. 14. Renderingof the structureof . The
structureis a repetitionof nearlyperfectTi-O tetrahedra
that are rotatedwith respectto eachotherandare sepa-
ratedby zig-zagchainsof Ba atoms. The lack of inver
sionsymmetryin theTi-O tetrahedrdeadsto averylarge
low-enegy resonancén the XANES.

We have applied stochasticLaplacian growth as a
model to filamentarydielectric breakdevn as described
by PietronercandWiesmann59] andothers[60, 61, 62,
63]. Herewe constructa simplified model of the algo-
rithm on alarge Cartesiargrid usingboundaryconditions
which confinethe electricfield. We examinedthe effect
of parametergthresholdvoltage,choiceof powerlaw) on
thefractalstructurgwhich canbedenseor sparseandthe
timing of thegrowth processThe calculationof the volt-
agefield throughouthefull volume,whichis repeatedf-
ter eachiterationof breakdevn growth, is the majorcom-
putationalburden. The computationatesourcesequired
for this problemsuggestedhe useof parallelmethods.

7.1 Implementation

Ouir first parallelimplementatiorof the algorithmwas
developedin a machine-languagwhich was specificto
the CM-2 ConnectionMachine. This versionof the code
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useda single instruction, multiple data (SIMD) model
which fits our problem closely The current parallel
methodwas then developedin a portableserial version
usingthe array-orientedeaturesof Fortran90. The For-

tran 90 array operationsand intrinsic functionsenabled
us to write the codein a very compactform that closely
correspondso themathematicatiescriptionof theunder

lying algorithm.Furthermoretheseeaturef Fortran90

greatlysimplifiedthe parallelizationof the code.

The serialcodewascorvertedto parallelby usingour
F-DParLib subroutinelibrary. F-DParLib is designedo
be usedin a single-program-multiple-daté€SPMD) pro-
grammingapproach.In otherwords, multiple copiesof
the sameprogramare running simultaneouslyand each
copy is processing differentportion of thedata. In par
ticular, F-DParLib providessimplemechanismso divide
very largearraysinto blocks,eachof whichis handledby
a separatecopy of the program. In practice,this means
that the researchecanwrite parallel codethat looks al-
mostidenticalto serialcode. In our casethe codecould
bewrittenasthoughaddressetb asingleactive grid-node
andits immediateneighborsFortran90, extendedacross
block boundariesby F-DParLib, executedeachinstruc-
tion on all sitesof eacharray

F-DParLib’'semphasi®n arrayhandlingis designedo
meshwith Fortran90’s array syntaxandintrinsic array-
handlingfunctions. Much of F-DParLib consistsof par
allel versionsof the intrinsic array functions such as
CSHIFTandMAXVAL.

In parallelizingthis code, F-DParLib playedthe role
of a high-level languagefor block parallelism. Using F-
DParLib we corvertedthe existing serial versionof the

algorithmto a parallel versionwith very few changes.

The parallelversionof the codecaneasily be run, with-
out modification,on mary processor®n a large parallel
systempronasingleprocessoonadesktopyorkstation.

Multiple parallel algorithms were implemented to
speedheruns. Spatialdecompositiorthroughblock de-
compositionrequiredeachprocessoto trackonly its part
of the space. Parallel breakdovn was alsoimplemented
usingarandomizeded-blackalgorithm. Laplaces equa-
tion wassolvedin parallelusingSOR[64]. Finally, time
compressiorwas usedto reducethe empty (no break-
down) stepsfor periodsof low breakdevn probability
[65].

Fig. 15. Simulationof adensestreamegrowth associated
with alow cutoff-voltageparameter

7.2 Results

The parallel computingmodelwas validatedby com-
parisonof modelvisualizationto photographgaken of
streamersgluringphysicalexperimentg66, 65, 67]. These
imagesenableusto make a detailed,qualitatve compar
ison of featuresof the model versusthoseof the actual
phenomenomeing modeled. We have alsousedanima-
tion andcolorbandingof theimagego simulatetime pro-
gression.

Ouralgorithmhasreachedanew level of detailandre-
alismfor this classof simulations.Thetrendfrom sparse,
forward-directedyrowth to volume-filling side-branching
has beenillustrated for a range of powerlaw response
cunves. Severalparallelalgorithmshave beenincludedin
thenumericaimodeling.We have simulatedarangeof ef-
fectswhich occurin experimentsasthe parametersf the
modelarechangedFor example,Figs.15and16 demon-
stratea narraving of the conicaltop ervelopeassociated
with increaseccutoff voltage,which hasits experimen-
tal counterparin experimentalbehaior underincreased
pressure.
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Fig. 16. The conicaltop ervelopeof the streameis nar
rowed by increasingthe cutoff-voltage parameter The
narroving hasa counterpartn experimentabehaior un-
derincreasegressure.

8 Dendritic Growth in Alloys

8.1 Background

Whenan alloy is cast,the liquid metalfreezesinto a
solid in muchthe sameway that water freezesto form
ice. Justaswaterfreezesorming intricatepatternscalled

snanflakes,castalloys alsoform snownflake-like patterns.

Thesetreelike structuresare genericallyknown as den-
drites,and are ubiquitousin microstructuralcastingpat-
terns.

A Dbetter understandingof the processof dendritic
growth during the solidification of alloys is the goal of
this project. This knowledgewill helpguidethe designof
new alloys andthe castingprocessisedto producethem.

Early versionsof computationalmodels of solidifi-
cation, known as sharp interface models, treated the
liquid-solid interface as a mathematicallytwo dimen-
sionalboundary Trackingthis complicatecboundarywas
acomputationallychallengingtask[68, 69, 70].

In the phasefield method, however, the liquid-solid

transitionis describedby an order parametethat deter

mines,ateachlocationin thesimulatedalloy, whetherthe
alloy is in theliquid or solid phase.The transitionfrom

liquid to solid is not abrupt,but follows a smoothcurve,
thusallowing the interfaceto have thicknessandinternal
structure. The phasefield methodcandeterminethe ex-

actlocationandmovementof the surfaceof the dendrite
during the simulationby simply updatingeachpoint in

the phase-fieldon eachtime stepof the iterationaccord-
ing to the relevant governingequations.This algorithm,
in two-dimensionsijs describedn detail by Warrenand
Boettinger[71].

Our collaborationon this project beganwhen the re-
searcherwvishedto expandtheirtwo-dimensionasimula-
tionto threedimensionsThenew simulationwouldbetter
matchthe actualthree-dimensionahatureof theseden-
drites, aswell asverify physicalpropertiesof dendrites
thatonly appeamwhenall threedimensionsareincluded.
The amountof computingpower aswell asthe amount
of memoryneededto simulatethis processof dendrite
growth in threedimensiongequiredmore hardwarethan
wasavailableon thedesktop.

8.2 Implementation

Our three-dimensionasimulationof dendritic growth
is of a coppernickel alloy. A pair of diffusionequations,
onedescribingthe phase-fieldandonedescribingtherel-
ative concentrationof the two solutes,is solved over a
uniform three-dimensionadirid using a first-orderfinite
differenceapproximationin time andsecond-ordefinite
differenceapproximationin space.On eachtime-stepof
this algorithm,eachpointin thegrid is updated At regu-
lar intervals, a snapshobf the phase-fielcandconcentra-
tion aresavedto disk for laterprocessingnto animations
andstill picturesof the simulateddendrite.

A three-dimensionajrid of size is
requirecto obtainthedetailedandhighly resohedimages
neededrom this simulation. Eight three-dimensionadr
raysof this sizearerequired ,eachcontainingdoublepre-
cision (8 byte) floating point elements. Therefore,this
programrequiresover 64 GB of memoryfor the desired
resolution.In orderto handlesuchalargeamountof data,
we have developeda parallelversionof this simulator

We haveusedMPI [3, 4] to developadata-parallestyle
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programthat can be run efficiently on both distributed cific time steps.For eachsimulation,we produce40snap-
memoryand sharedmemorymachines.The MPI-based shotsat regulartime intervals. TIFF (TaggedimageFile
communicationlibrary C-DParLib [8, 9] hasbeenused Format)imagesaremadefrom thesnapshotiata,thenre-
to simplify the codingof this simulator Sufiicientparal- playedsequentialljto generatenanimationshaving the

lelism is obtainedby distributing the three-dimensional dendriteasit grows. At thesmallergrid sizes pelov ,

arraysamongthe available processorsand exchanging
databetweeradjacenprocessoratthebeginningof each
time step. Currently the arraysaredistributedalongone
axisbut they could bedistributedalongtwo or threeaxes
if needed.

Parallel applicationsbenefit when the computational
load on eachprocessors approximateljthe same.Given
a homogeneousetof processorsload-balancingsome-
timescanbeaccomplishedimply by distributing theele-
mentsof thearraysequallyamongthe processorsUnfor-

tunately this balancingis only effective if the processors

are identical and the computationalload is the sameat
all pointsthroughoutthe finite-differencegrid. Netherof
theseassumptionsiretrue for this simulator The update
algorithmrequiresmorecomputationst grid pointsnear
thesurfaceandinsidethedendritecomparedo therestof
thegrid, sodistributing thearraysequally evenassuming
perfectlyequalprocessorgiesultsin aloadimbalanceln
moderncomputingfacilities, suchasat NIST, asparallel
machinesreupgradedanoriginally homogeneousetof
processorgommonlybecomedheterogeneousver time
with theintroductionof higherspeedorocessorandpro-
cessingnodeswith local memoriesof varyingsizes.This
effect hasresultedin heterogeneougarallelmachinesat
NIST.

At run time, our C-DParLib [72] canperiodicallyre-
distribute the arraysacrossthe processorsaccordingto
simple performanceparameterssuch as executiontime
per elementfor eachiteration. This cangreatlyimprove
theexecutiontime dependingnthesetof processorthat
areassignedo thejob. Theimpactof this dynamicload-
balancingon the sourcecodefor the simulatoris small
with only afew C-DParLib functioncallsrequiredwithin
themainiterationloop.

8.3 Visualization

The outputfrom this simulatorconsistof pairsof files
(snapshotsgontainingthe phase-field ) andtherelative
concentratior( ) of the solutesat eachgrid point at spe-

we usecommonlyavailablevisualizationsoftwareto pro-
cessthesesnapshofilesinto colorimageswith appropri-
atelighting andshadingaddedto enhancdheimages.In
this processwe interpretthe value of 128 (mid-point of
thebyte-scaledlata)in thephasdield to bethe surfaceof
thedendriteandcalculateanisosurfceof the phase-field
datausingthis value. The surfaceis thencoloredusing
the relative concentratiorof the alloys from the datain
thecorresponding snapshofile. An exampleof this for
asimulationon agrid of size is shovnin Fig. 17.

20 30 40 50 60

Fig. 17. A 3D dendritefrom a simulationover a grid
of points. The color bar shaws the coding of the
relative concentratiorof the metalsin the dendrite. The
colorcodingrangesgrom concentrationsf 20 % to 60 %.

Two-dimensionalslices through these snapshotsare
also producedto investigatethe details of the internal
structure. Three slices through the dendrite shavn in
Fig. 17 areshovnin Fig. 18. Animationsof boththeden-
drite andslicesthroughthe dendritearegenerated.
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Fig. 18. Three2D slicesthroughthe 3D dendriteshovn

in Fig. 17. Thescaleis thesamein thesethreeimagesbut

in orderto save spacethe areasurroundingthe dendrite
hasbeenclipped. The color codingusedin theseimages
is identicalto the color codingusedin Fig. 17. The blue
backgroundtorrespondso theinitial concentratiorof ap-
proximately40 %. ImageA is aslicethroughthe baseof

the dendrite,imageB is a slice taken halfway down to-

wardthetip of dendrite andimageC is aslicetakennear
thetip of thedendrite.

Simulationson gridsof size andlargercannotuse

thistechniquedueto theincreasednemoryrequirements

in calculatingtheisosurfice.Althoughour machinesave
theavailablemainmemoryto completeanisosurficecal-

culationonthesdargergrids,mostsoftwareis notcapable lation to datehasbeenon a grid of size

the dendritegrowth. We have thereforebegunto investi-
gatealternatve methoddor visualizingthesesnapshots.

The SGI Onyx2 systemshave high performancéhard-
ware that can provide interactve viewing for large
amountsof polygonaldata. We have developeda visu-
alization procedurethat corvertsthe 3D grid datainto a
polygonaldatasetthat cantake advantageof this hard-
ware acceleration. Each datapoint within the dendrite,
i.e. with a phaseof 128 or less, is representedy a
glyph of threeplanarquadrilateral®rientedin eachof the
threeorthogonalplanes( , , ). Thesizeof these
glyphs correspondo the 3D grid voxel size. A semi-
transparentolor value as a function of concentrations
assignedo the glyph. A full color scalerangingfrom
blackto white represent$éow to high areasof concentra-
tion. The speedof the interactve displayis determined
by the numberof glyphs(polygons)usedto form theden-
drite. As previously stated,phasevaluesin the rangeof
0 to 128 areinsidethe dendrite. Interactivity canbein-
creasedy restrictingthe rangeof the valuesselectedor
glyphs. For example,Fig. 19 usesglyphsfor phaseval-
uesfrom 28to 128. However, the tradeoff for increasing
interactvity is a more sparserepresentatiorof the den-
drite. Using standardSGI software, OpenGLPerformer
this polygonal representatioris easily displayed. The
semi-transparertolors allow a certainamountof inter-
nal structureto be revealedandthe additive effectsof the
semi-transparentolors producesan isosurfice approxi-
mation. A seriesof polygonalrepresentationfrom the
simulatorsnapshotarecycled producinga 3D animation
of dendritegrowth thatcanbeinteractvely viewed. Most
of the currentlyavailableimmersve virtual reality (IVR)
systemsarebasedon OpenGLPerformer Thus,utilizing
this formatimmediatelyallows the dendritegrowth ani-
mationto be placedin anIVR ernvironmentfor enhanced
insight.

8.4 Status

Our largestthree-dimensionatlendritic gronth simu-
using 32

of utilizing all of the availablememorydueto addressing processor®f anIBM SP This simulationtook approxi-
limitations (32-bit limits). In additionto this addressing mately70 h to complete With theincreasen thenumber
limitation, the commonlyavailablevisualizationsystems andspeedf availableprocessorsn our systemsandthe

do not provide interactie viewing in a 3D movie loop of

associateddditionalmemorywewill beableto regularly
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Fig. 19. A 3D dendritevisualizedusingglyphsandsemi-
transparentolors. This imagewas generatedrom the
samedataasin Fig. 17. In this imagethe outputfrom
the simulatorhasbeenmirroredalongall threeaxesgiv-
ing a symmetricsix-pointedstarstructure. Theimagein
Fig. 17, dueto memorylimitationsin computingthe iso-
surface,wasmirroredonly alongthe and axes.

runsimulationson grids of size

Testrunsonour currentsystemswhichincludeanI|BM
SP a Linux basedPC cluster several SGI Origin 2000
machinesandotheravailable SGI workstationsjndicate
thatwe will soonbeableto completea simulation
in 3 to 4 days. This assumeghat we canrun on 70 to
80 of thesecomputenodes,andthateachincludesl GB
of main memoryor more. At that point we will begin
productionrunsof this simulator Theuseof IMPI (Inter-
operableMPI) [6] is expectedto assistusin utilizing the
computenodesfrom thesedifferentmachinesasa single
large heterogeneougarallelmachine.

The 3D phase-fielcsimulatorenabledby parallelcom-
putingwill provide a betterunderstandingf the solidifi-
cationphenomenandincreasedinderstandingf thepa-

rameterspaceasit pertainsto melting. Dendritic growth
modelsareanimportantelementof macroscaleommer
cial solidificationpackagesyhichwill bethetheeventual
usersof ourresults.

9 Conclusion

To maintainour ability to provideworld classcomputa-
tional supportfor our scientificcollaborationsye expect
thatNIST will continueto upgradets centralcomputing
facility with currentgenerationhigh-performancearal-
lel computatiorsenersaswell asclustersof high perfor
mancePCs.Beyondthis, SAVG will continueto develop
andapply advancedparallelscientificcomputingandvi-
sualizationtechniqueshat enableus to run the largest,
mostdetailed andmostusefulcomputationaéxperiments
possible.

The newly installedReconfigurabléutomatic Virtual
Environment(RAVE) is the next stepfor SAVG to im-
prove our acceleratiorof scientificdiscovery. This sys-
tem providesa large rearprojectionscreerfor peripheral
vision, stereoscopidisplay for increaseddepth percep-
tion, andheadtrackingfor morerealisticperspeciie. All
of the featurescombineinto an immersie ervironment
for greateiinsightinto the collaboratve results.

Our collaborationdree physicalscientiststo focuson
their scienceand the output of thesecomputationalex-
perimentswhile we focuson the raw computationabnd
visualizationproblems.Thegoalin theseeffortsis always
to advancethe scientificresearclof our collaborators.
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Fig. 1. Array of vorticesin a Bose-Einsteirtondensatenderrotation.
Fig. 2. Solitonproducedy phase@mprinting of a Bose-Einsteirtondensate.
Fig. 3. Phaseseparatindinary mixture undershearsimulatedusinga lattice Boltzmannmethod.

Fig. 4. Normalizedflow throughspheresas a function of the solid fraction , centeredon a
simple cubic lattice. The permeability is normalizedby the squareof the distance between
spherecentersThesolid fraction is porosity .

Fig. 5. A portion of the porosity Fontainebleatsandstonenedia. The solid matrix is
madetransparento revealthe porespaceggrey shadedegion).

Fig. 6. Measurecandmodeledpermeabilitieg ) of Fontainebleasandstonenediaasa function
of porosity Thesolid rectangleshov themodeledresults.

Fig. 7. Motion of a singleellipsoidalinclusionsubjectto shear The singleellipsoidrotationis a
well known phenomenoseenn experimentscalledJefery’s orbits.

Fig. 8. Motion of twentyeightellipsoidalinclusions,of sizevaryingup to afactorof two, subject
to shear Note thatthe Jefery’s orbits are suppressedueto hydrodynamidnteractionsbetween
ellipsoids.

Fig. 9 A screenshotof a Web basedanimationusingVRML to allow interactve viewing of the
time seriesanimation.

Fig. 10. Runtimeof atypical FefMPI XANES calculationwith clustersize. The calculationhas
beenrun on four differentclusters.The executiontime on a singleprocessohasbeennormalized
to 1.0,showving thatthescalingon all clusterds very similar oncethe variationin processospeed
andcompilerqualityis eliminated.Thescalingindicateghatabout3 % of theruntimeis still from
thesequentiallyexecutingpartsof the code,implying thata very large clustershouldrun FefMPI
about30 timesfasterthananequialentsingleprocessar

Fig. 11. MeasuredXANES dataof 4 Barium-strontiumtitanate (BST) films depositedby

MOCVD. The variationin size and enegy position of the pre-edgepeaknear-2 eV to +2 eV
is asignatureof the structuralvariationin thesefilms.
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Fig. 12. XANES calculationfrom the octahdralandtetrahedralli-O structureshowvn in Figs.13

and14. The nearly perfectinversionsymmetryof the Ti-O octahedrdeadsto only a small low-

enegy resonancé the XANES. Thenon-inversionsymmetricdetrahedralli-O ernvironmentgives
a much larger low-enegy resonance. The qualitatve similarity of thesesimulationswith the
XANES measurementshownn in Fig. 11 indicatesthat the BST films make a transitionfrom a
non-ferroelectriphasewith tetrahedralli-O oxygencoordinatiornto the octahedralli-O structure
thatis characteristiof

Fig. 13. Renderingof theidealrhombohedrastructureof . Thestructures arepetitionof
nearly perfectTi-O octahedrahatare separatedby a nearly cubic cageof Ba atoms. The nearly
perfectinversionsymmetryof the Ti-O octahedrdeadsto only a smalllow-enegy resonancen
the XANES. Exceptfor a mixture of both Ba and Sr atomson the samesite, this is the expected
structurefor BST films depositedwvith high substrateemperatures.

Fig. 14. Renderingof the structureof . The structureis a repetitionof nearly perfect
Ti-O tetrahedrahatarerotatedwith respecto eachotherandareseparatedby zig-zagchainsof
Baatoms.Thelack of inversionsymmetryin the Ti-O tetrahedrdeadsto a very large low-enegy
resonancén the XANES.

Fig. 15. Simulationof a densestreamegrowth associatedavith alow cutoff-voltageparameter

Fig. 16. The conicaltop ervelopeof the streamelis narroved by increasingthe cutoff-voltage
parameterThenarroving hasa counterpartn experimentabehaior underincreasegressure.

Fig. 17. A 3D dendritefrom a simulationover a grid of points. The color bar shavs the
codingof therelative concentratiorof the metalsin the dendrite. The color codingrangesfrom
concentrationsf 20 % to 60 %.

Fig. 18. Three2D slicesthroughthe 3D dendriteshavn in Fig. 17. The scaleis the samein
thesethreeimagesbut in orderto save spacethe areasurroundingthe dendritehasbeenclipped.
The color codingusedin theseimagesis identicalto the color codingusedin Fig. 17. The blue
backgroundcorrespondso the initial concentratiorof approximately40 %. ImageA is aslice
throughthe baseof thedendrite mageB is a slicetakenhalfway down towardthetip of dendrite,
andimagecC is aslicetakennearthetip of thedendrite.

Fig. 19. A 3D dendritevisualizedusing glyphs and semi-transparentolors. This imagewas
generatedrom the samedataasin Fig. 17. In this imagethe outputfrom the simulatorhasbeen
mirroredalongall threeaxesgiving a symmetricsix-pointedstarstructure.Theimagein Fig. 17,
dueto memorylimitationsin computingtheisosurbice,wasmirroredonly alongthe and axes.
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Fig. 1. (JamesS. Sims,etal.)
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Fig. 2. (JamesS. Sims,etal.)
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Fig. 3. (JamesS. Sims,etal.)
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Fig. 4. (JamesS. Sims,etal.)
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Fig. 5. (JamesS. Sims,etal.)
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Fig. 6. (JamesS. Sims,etal.)
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Fig. 7. (JamesS. Sims,etal.)
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Fig. 8. (JamesS. Sims,etal.)
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Fig. 9. (JamesS. Sims,etal.)
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Fig. 10. (JamesS. Sims,etal.)
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Fig. 11. (JamesS. Sims,etal.)
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Fig. 12. (JamesS. Sims,etal.)

40

20

30



Fig. 13. (JamesS. Sims,etal.)
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Fig. 14. (JamesS. Sims,etal.)
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Fig. 15. (JamesS. Sims,etal.)
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Fig. 16. (JamesS. Sims,etal.)
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Fig. 18. (JamesS. Sims,etal.)
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Fig. 19. (JamesS. Sims,etal.)
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