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Abstract

We presentan approachfor precomputingdata-drven modelsof interactize physically baseddeformablescenes.
The method permits real-time hardware synthesisof nonlineardeformationdynamics,including self-contactand
global illumination effects, and supportsreal-time userinteraction. We usedata-drven tahulation of the systems
deterministicstatespacadynamics andmodelreductionto build ef cient low-rank parameterizationsf thedeformed
shapes.To supportruntimeinteraction,we alsotakulate impulseresponsdunctionsfor a paletteof externalexcita-
tions. Although our approactsimulatesparticularsystemaundervery particularinteractionconditions,it hasseveral
adwantages First, parameterizingll possiblescenedeformationsenableaisto precomputenovel reducedcoparam-
eterizationsof global sceneillumination for low-frequeng lighting conditions. Second,becausehe deformation
dynamicsare precomputedand parameterizeés a whole, collisions are resoled within the sceneduring precom-
putationsothatruntimeself-collisionhandlingis implicit. Optionally the data-drven modelscanbe synthesizean
programmablgraphicshardware,leaving only thelow-dimensionaktatespacedynamicsandappearancdatamodels
to becomputecdby themain CPU.
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1 Intr oduction

Deformationis anintegral partof our everydayworld, anda key aspecbf animatingvirtual creaturesglothing, frac-
tured materials,sugical biomaterials,andrealistic naturalernvironments. It also constitutesa specialchallengefor
real-timeinteractive ervironments.Designerf virtual environmentsmaywish to incorporatenumerousieformable
componentgor increasedealism,but oftenthesesimulationsareonly of secondarymportancesovery limited com-
puting resourcesare available. Unfortunately mary realistic deformablesystemsare still notoriouslyexpensve to
simulate;robustly simulatinglarge-scalenonlineardeformablesystemswith mary self-collisionsis fundamentally
expensve [BFA02], anddoing sowith real-timeconstraintanbe onerous.Perhapsasa consequence/ery few (if
ary) majorvideogameshave appearedor which complex deformablephysicsis a substantiatomponentNumerous
self-collisionscomplicateboth runtimesimulationandprecomputatiorof interestingdeformablescenesandarealso
a hurdlefor synthesizingphysical modelsin real-timegraphicshardware. Finally, realistic real-timeanimationof
globalillumination effectsis alsovery expensve for deformablesceneslargely becausdét cannotbeprecomputecs
easilyasfor rigid models.

The goal of this paperis to strike a balancebetweencompleity andinteractvity by allowing certaintypesof
interactve deformablesceneswith very particularuserinteractionsto be simulatedat minimal runtime costs. Our
methodtakulatesstatespacanodelsof the systems$ deformationrdynamicsin away thateffectively allows interactve
dynamicsplaybackat runtime. To limit storagecostsandincreaseef ciency, we projectthe statespacemodelsinto
verylow-dimensionakpacesisingleast-square@arhunen-L@we) approximationsnotivatedby modalanalysis.One
might notethatthehighly complex geometryof dynamicakystemsphaseportraits,evenfor modessystemssuggests
thatit may beimpracticalto exhaustvely samplethe phaseportrait[GH83, AS92Z. Fortunately this is unnecessary
in our case.Our goalis notto exhaustvely samplethe dynamicsto a speci ed accurag, nor build a control system,
insteadwe wish only to plausiblyanimateorbits from the phaseportraitin a compellinginteractve fashion. To this
end,we samplehe phasespacedynamicsusingparameterize@mpulseresponséunctions(IRFs)thathave thebene t
of beingdirectly “playable”in asimulationprovidedthe systemis excitedin similar contets. We usesmallcatalogues
of interactiongde ned in discreteémpulsepalettesto constrairtherangeof userinteraction,andthusreducethe effort
requiredto takulate systemresponses.This diminishedrangeof interactionand controlis a trade-of that canbe
suitablefor virtual ervironmentswhereinteractionmodalitiesarelimited.

A majorbene t of precomputinga reducedstatespaceparameterizationf deformableshapess thatwe canalso
precompute low-rankapproximatiorto the scenes globalillumination for real-timeuse.To addressealisticappear
ancemodelingwe build on recentwork by Sloan,KautzandSryder[SKS0Z for radianceransferapproximation®of
globalilluminationfor diffuseinterre ectionsin low-frequeng lighting ervironments.Datareductionis performedon
the spaceof radianceransfer elds associatedavith the spaceof deformablemodels.The nal low-rankdeformation
andtransfemrmodelscanthenbe synthesizedh real-timein programmablgraphicshardwareasin [JP02a SKS0J.

(a) Precomputation (b) Reducedlynamicsmodel (c) Reducedlluminationmodel (d) Real-timesimulation

Figurel: Overviav of our approac: (a) Givenadeformablescenesuchascloth onausermaovabledoor, we precom-
pute (impulsive) dynamicsby driving the scenewith parameterizethteractiongrepresentate of runtimeusage.(b)
Model reductionon obsened dynamicdeformationsyields a low-rank approximatiornto the systems$ parameterized
impulseresponsdunctions. (c) Deformedstategeometriesarethensampledand usedto precomputeandcoparam-
eterizea radiancetransfermodelfor deformableobjects. (d) The nal simulationrespondglausiblyto interactions
similarto thoseprecomputedincludescomple collision andglobalillumination effects,andrunsin realtime.



1.1 RelatedWork

Deformableobjectsimulationhashadalonghistoryin computegraphicsandenormougprogresfiasbeermadegWei86,
TPBF87 PW89 BW98, OH99 BFA02]. More recently attentionhasbeengiven to techniquedor interactive sim-
ulation, andseveral approachebave appearedhattradeaccurag for real-timeperformance For example,adaptive
methodghatexploit multiscalestructurearevery effective [DDCBO01, GKS02 CGC' 02, JP03.

In this paperwe areparticularlyinterestedn data-drven precomputiorfor interactve simulationof deformable
models.Prior work includesGreens functionmethoddor linearelastostaticfCDA99, JP99 JP03, andmodalanal-
ysis for linear elastodynamic$PW89, Sta97 JP024& Thesemethodsoffer substantiaspeedupsbut unfortunately
do not easilygeneralizeo morecomple, nonlinearsystemgalthoughsee[JP02h KJP0Z for quasistatiarticulated
models).

Dimensionaimodelreductionusingthe ubiquitousprincipalcomponenanalysigPCA) method[Nel0Q] is closely
relatedto shapeapproximatiormethodsusedin graphicsfor compressingime-dependengjeometryLen99 AMOO]
and representingollectionsof shapedBV99, SIC01. For deformation,it is well-known that dimensionalmodel
reductionmethodsbasedon least-squarefKarhunen-L@we) expansionsyield optimal modal descriptiondor small
vibrations[PW89, Sha9(, andprovide ef cient low-rank approximationgo nonlineardynamicalsystemgLum67].
We usesimilar least-squaresiodelreductiontechniquego reducethe dimensionof our statespacemodels.Finally,
onlinedata-reductiomasbeenusedo construcfastsubspacerojection(Newmark)time-steppingchemefKLMO01],
however our goalis to avoid runtimetime-steppingcostsentirely by takulating data-drven statespacemodelsusing
IRF primitives.

Ourwork is partly motivatedby programmabléardwarerenderingof physicaldeformablemodelsusinglow-rank
linear superposition®f displacementelds. Applicationsinclude morphablemodels,linear modal vibration mod-
els[JP023, anddata-drien PCA mixture modelsfor characterskinning[KJP0J. Key differencesarethat (a) we
addressomple nonlineardynamicswith self-collisions,and(b) our appearancearebasedon low-rankapproxima-
tionsto radianceransfer elds insteadof surfacenormal elds.

Data-driventakulationof statespacedynamicss animportantstratayy for identifying andlearninghow to control
compl nonlinearsystemgNel0Q]. Grzeszczuletal. [GTH9§] trainedneuralnetworksto animatedynamicalmodels
with dozensof degreesof freedom,andlearnedthe in uence of several control parametersReissellandPai [RP0]
trainedcollectionsof autorgressie modelswith exogenousnputs(ARX models)to build interactize stochasticsim-
ulationsof a candle ame silhouetteand a falling leaf. In robotics, Atkesonet al. [AMS97] avoid the dif culties
andeffort of training a global regressiormodel, suchasneuralnetworks or ARX models. Insteadthey use“locally
weightedearning”to locally interpolatestatespacedynamicsandcontroldata,andonly whenneededatruntime,i.e.,
lazylearning.Ourdata-drvenstatespacanodeldiffersfrom thesethreeapproachem severalways. Mostnotably our
methodsacri cesthe quality of continuouscontrolin favor of a simplediscrete(impulsive) interaction. This allows
usto avoid learningand(local) interpolationby usingsampleddata-drven IRF primitivesthatcanbedirectly “played
back” at runtime;this permitscomplex dynamics,suchasnonsmoothcontactandself-collisions,to be easilyrepro-
ducedandavoidsthe needto generalizenotionsfrom possiblyincompletedata. The simpleIRF playbackapproach
alsoavoids runtimecostsassociatedavith statemodelevaluation,e.g.,interpolation.Anothermajor differenceis that
our methodusesmodelreductionto supportvery large dynamicalsystemswith thousand®r millions of degreesof
freedom.Data-reductiorquality canlimit the effectivenesof the approactfor large systemsbput moresophisticated
datacompressiotiechniquesanbeused.Finally, our statespacanodelincludesglobalillumination phenomena.

Ourblendingof precomputedarbital dynamicssegmentsds relatedto Video Textures[SSSEOQ, whereinsegments
of video arerearrangedand piecedtogetherto form temporallycoherentimage sequencesThis is alsorelatedto
synthesisof charactemotionsfrom motion capturedatabasesising motion graphs[KGP02, LCR* 02]. Important
differencesarethat our continuousdeformabledynamicsandappearancenodelscanhave a potentiallymuchlarger
statespacedimensionality andthe physical natureof datareductionis fundamentallydifferentthan, e.g.,character
motion. Also, the phenomenagoverningdynamicsegmenttransitionsarequite different,e.qg.,impulseresponsesan
resultin discontinuougransitions,andwe are not concernedvith the issueof control, so muchasphysicalimpulse
resolution.

Globalillumination andphysically basedleformatiorarehistoricallytreatedseparatelyn graphics.Thisis duein
partto thefactthatlimited renderingorecomputationsanbeperformedge.g.,dueto changingyisibility. Consequently
real-timemodelanimationhasbene ttedsigni cantly from the adventof programmablegraphicshardware[LIMO1]
for generalighting modelg§POAUOO, PMTHO01, OHHMO02], stenciledshadevs [EK02], raytracing[PBMHO02], inter-
active displayof precomputedjlobalillumination models[Hei01], andradianceransfer(for rigid models)[SKS03.



Our contribution: In this paperwe introducea precomputediata-drven statespacemodelingapproachfor gen-
eratingreal-timedynamicdeformablemodelsusingblack box of ine simulators. This avoids the costof traditional
runtime computationof dynamicdeformablemodelswhennot absolutelynecessaryThe approachs simpleyet ro-

bust,canhandlenonlineardeformationsself-contactandlargegeometrianodels.Thereducedhasespacedynamics
modelalsosupportshe precomputatiorand datareductionof comple radiancetransferglobalillumination models
for real-timedeformablescenes.Finally, the data-drven modelsallow dynamicdeformablescenego be compiled
into shadergor (future) programmablgraphicshardware.

Scopeof Deformation Modeling:  Our approachs broadly applicableto modelingdeformablescenesand can
handlevariouscompleities dueto materialandgeometricmonlinearitiesnonsmoottcontactandmodelsof verylarge
size. Giventhe combinednecessityof (a) stationarystatisticsfor modelreductionand(b) samplinginteractionsfor

typical scenariosthe approachs mostappropriator scenesnvolving physical processethatdo not undego major
irreversiblechangese.g.,fracture. Put simply, the morerepeatable systems behaior is, the morelikely a useful
representatiorwan be precomputed.Our examplesinvolve structured nonlinear viscoelastiodynamicdeformation;
all modelsareattachedo arigid supportandreachequilibriain nite time (dueto dampingandcollisions).

2 Data-Driven Deformation Modeling

At the heartof our data-drven simulatoris a stratey for replayingappropriateprecomputedmpulseresponsedn
responséo userinteractions Thesedynamicaltime seriessggments or orbits (after Poincaé [Poi57)), livein a high-
dimensionalphasespace andthe setof all possibleorbits composeghe systems phaseportrait [GH83]. In this
sectionwe rst describethe basiccompressedata-divenstatespacanodel.

2.1 Deterministic State SpaceModel

We model the discreteevolution of a system$ combineddynamicdeformationstate,x, and globally illuminated
appearancstate,y, by anautonomousleterministicstatespacemodel[NelOQ]:

DYNAMICS: x(t*D =  f(x®; ©) )
APPEARANCE:  y® g(x®) )

whereatintegertime stept,

x(1) is thedeformablesystenstatevector, which describeshe positionandvelocity of pointsin thedeformable
scene;

(1) aresystenparametes describingvariousfactors suchasgeneralizedorcesor modeleduserinteractions,
thataffect the stateevolution from x () to x(t+1) ;

y() aredependentariablesde ned in termsof the deformedstatethatdescribeour reducecappearancenodel
but do not affectthe deformationdynamics;and

f andg are,in generalcomplicatechonsmootHunctionsthat describeour dynamicsandappearancenodels,
respectrely.

Differentsystemmodelscanhave differentde nitions for x, andy, andwe will provide severalexampledater.

2.2 Data-driven State Spaces

Our data-drven deformationmodeling approachinvolves takulating the f function indirectly by observingtime-
steppedsequencesf statetransitions(x(1*) : x(1; (V) By modelingdeterministicautonomoustatespacesf does
not explicitly dependon time, and precomputedakulationscanbe reusedater to simulatedynamics. Data-driven
simulationinvolvescarefullyreusingtheserecordedstatetransitiongo simulatetheeffectof f (x; ) for motionsnear
thesampledstatespace.



Phaseportrait notation:  We modelthe statespaceas a collection of precomputecbrbits, whereeachorbit is
de ned by atemporalsequencef statenodesx (), connectedy time stepedges e = (x(1*D : x(®); (), Without
lossof generalitywe canassumdor simplicity thatall time stepshave a x edstepsize t (which maybearbitrarily
small). The collectionof all precomputearbits compose®ur discrete phaseportrait, P, andis a subsebf the full
phaseportraitthatdescribesll possiblesystemdynamics.Our practicalgoalis to constructa P thatprovidesarich
enoughapproximatiorto thefull systemfor a particularrangeof interaction.

2.3 DimensionalModel Reduction

Discretization®f complex deformablemodelscaneasilyinvolve thousand®r millions of degreesof freedom(DOF).
A cloth modelwith v moving verticeshas3v displacementaind 3v velocity DOF, so the discretephaseportrait is
composeaf orbitsevolving in 6v dimensionsfor just 1000vertices data-divenstatespaceanodelingalreadyrequires
takulating dynamicsin 6000dimensions.Synthesizindarge modeldynamicsdirectly, e.g.,usingstateinterpolation,
would thereforebe bothcomputationallyimpracticalandwastefulof memoryresources.

To compactlyrepresenthephaseportraitP, we rst usemodelreductionto reducestatespaceadimensionalityand
exploit temporalredundang. Heremodelreductioninvolvesprojectingthe systems displacemengtandother) eld(s)
into alow-rankbasisderivedfrom theirobsereddynamics We notethatthedatareductionprocesss ablackbox step,
but thatwe usetheleast-squaregrojection(PCA) sinceit providesanoptimaldescriptiorof smallvibrations[Sha9q,
andcanbeeffective for nonlineardynamic§KLMO1].

2.3.1 Model Reduction Details

Giventhesetof all N statenodesin P obsered while time-steppingwe extractthe vertex positionsof eachstates
correspondinggeometricmesh(for verticeswe wish to later synthesize).By subtractingoff the meanposition of
eachvertex (or key representate shape)we obtaina displacementeld for eachstatespacenode. DenotetheseN
displacementelds asfukgg=; .y (arbitraryordering)where,for a modelwith v vertices,eachu* = (uX);=; ., has
3-vectorcomponentsandsois anM -vectorwith M = 3v. Let A, denoteghehugeM -by-N densealisplacementiata
matrixt 2 3

A, = vt WM =9 oy ©))

Similar to linear elastodynamicsvherea small numberof vibration modescanbe sufcient to approximateob-
seneddynamics A, canalsobealow-rankmatrix to a visualtolerance We stablydetermineits low-rank structure
by usingarank+, (ry  N) SingularValueDecompositior(SVD) [GL96]

Au WSuV/ 4)

whereU, isanM -by-r, orthonormalmatrix with displacemenbasisvectorcolumns,V,, isanN -by-r, orthonormal
matrix, andS, = diag( ) is anry-by-r, diagonalmatrix with decayingsingularvalues = ( )k=1::r,, Onthe

diagonal. Therank,r, of the approximatiorthatguaranteearelative |, accurag ", 2 (0; 1) is givenby thelargest

ry suchthat ,, ", 1 holds.SinceA, canbeof gigabyteproportionswe computeanapproximateutput-sensitive
SVDwith costO(M Nr) (seeAppendixA).

2.3.2 ReducedState Vector Coordinates
The reduceddisplacementnodelinducesa global reparameterizationf the phaseportrait, andyields the reduced
discretephaseportrait, denotecby P. Thestatevectoris de ned as

x= (5)

andits componentarede ned asfollows.

ILet"u” (“a”) subscriptslenotedisplacementappearancajata.



Reduceddisplacementcoordinate,q,: Wede ne ther,-by-N displacementoordinatematrixQ, by
Qu= SV, = qyai a) (6)

suchthat
A, U,Q. u€ Uy 7

whereqg) is thereducedlisplacementoorinateof thek™ displacementeld in the orthonormaldisplacemenbasis,
Uy.

Reducedvelocity coordinate, g,:  The reducedvelocity coordinate of, of the k! statenodecould be de ned
similar to displacementd,e., by reducingthe matrix of all occurringvelocity elds, howeverit is sufcient to de ne
thereducedrelocity using rst-order nite differencesFor example we useabackwardEulerapproximatiorfor each
orbit (with forward Eulerfor theorbit's nal stateandprior to IRF discontinuities),

PhasePortrait DistanceMetric: ~ Motivatedby (7) and(8), a Euclideanmetric for computingdistancesdetween
two phaseportraitstatesx* andx?, is givenby

q
dist(x';x?) =  kqi @RkZ+ kol o2KZ; 9)

where is aparametedeterminingtherelative (perceptualjmportanceof changesn positionandvelocity. Compo-
nentsof g, andg, associateavith largesingularvaluescanhave dominantcontritutions.We choose to balancehe
rangeof magnitude®f kgk, andkgk, sothatneithertermoverwhelmsthe other anduse

- i 12— i 12
= | koK kK 10

asadefaultvalue.

3 DynamicsPrecomputationProcess

We precomput®ur modelsusingof ine simulationtoolsby craftingsequencesf asmallnumberof discretampulses
representadie of runtimeusage Withouttheability to resole runtimeuserinteractionstheruntimesimulationwould
amountto little morethanplayingbackmotionclips.

3.1 Data-driven Modeling Complications

Severalissueanotivatedour IRF simulationapproachGiventheblackbox origin of the simulation thefunctionf is
generallycomple, andits interpolationis problematicfor severalreasongseerelatedFigure2). Fundamentatom-
plicationsincludeinsufcient data,high-dimensionastatespacesanddivergenceof nearbyorbits. Stateinterpolation
alsoblursimportantmotion subtleties.Self-collisionsresultin complex con guration spaceghatmake generalizing
takulatedmotionsdif cult; anorbit trackingthe boundaryof aninfeasiblestatedomain,e.g.,self-intersectinghapes,
is surroundedy stateghatarephysically invalid. For example theclothexamplewill eventually andvery noticeably
self-intersectf talulatedstatesaresimply interpolated.

3.2 Impulse Response-unctions

To balancgheseconcernandrobustly supportruntimeinteractionsyve sampleparameterized@npulseresponséunc-
tions (IRFs) of the systemthroughoutthe phaseportrait, and effectively replay themat run time. The key to our
approachis thatevery sampledRF is indexed by theinitial state x, andtwo usermodeledoarametevectors, ' and
F | thatdescribetheinitial ImpulseandpersistenEorcing, respectiely. In particular giventhe systemin statex, we
apply a (possiblylarge) generalizedorce, parameterizethy ', duringthe subsequentime step(SeeFigure3). We
thenintegratethe remainingdynamicsfor (T 1) stepswith a generalizedorcethatis parameterizetdy avalue F



INFEASIBLE

Figure 2: Complicationsof data-drivendynamics: Interpolatinghigh-dimensional
takulated motionsfor a new state(startingat x) canbe dif cult in practice. One
possible‘realistic” orbitis dravn in red.

)

thatremainsconstanthroughoutheremaininglRF orbit?. ThetakulatedIRF orbit is thenasequencef T time steps,

IRF:  (x; '; ;)= xP=x;xbi0x™ (11)
Figure3: Theparameterizedmpulseresponsdunction(IRF), (x; '; F;T).
An importantspecialcaseof IRF occursif theimpulsive andpersistenforcing parametersreidentical, ' = F.

In this case,one parametedescribesachinteractiontype. SeeFigure 4 for a three parameteillustration, and
Figure5 for the cloth example.

Q)
\
>

= Figure4: A 3-valued ' = F systemshawing orbitsin (q,; a,)-plane

2 N excited by changedetweernthethree values. The cloth-on-doorex-
q ampleis analogous.

/=

3.3 Impulse Palettes

To modelthe possibleinteractionsduring precomputatiorand runtime simulation,we constructan indexed impulse
paletteconsistingof D possibldRF( '; F) pairs:

o= (1 5)C% 5)un(ps b) (12)

Impulsepalettesallow D speci ¢ interactiontypesto be modeled anddiscretelyindexedfor ef cient runtimeaccess
(describedaterin x5.2). For smallD , the palettehelpsboundthe precomputatiomequiredto samplethe phaseportrait
to asufcient accurag. By limiting the rangeof possibleuserinteractionswe canin uence the statisticalvariability
of theresultingdisplacementelds.

2Note: It follows from equation(1) thatconstant doesnotimply constanforcing, sincex (t*1) depend®nboth (V) andx(®).



3.4 Interaction Modeling

Impulsepalettedesignrequiressomephysical knowledgeof thein uence thatdiscreteuserinteractionshave on the
system For example,we now describehethreeexamplesusedin this paper(seeaccompaying Figure5b).

Dinosaur on moving car dashboard: Thedinosaummodelrecevesbody impulseexcitationsresultingfrom dis-
continuougranslationaimotionsof its dashboardgupport. Our impulsepalettemodelsD = 5 pureimpulsescorre-
spondingto 5 instantaneousar motionsthat shale the dinosaurfollowed by free motion: | describeghei" body

is involved, gravitationalforceis constanin time, anddoesnot affect IRF parameterization.)

Plant in moving pot:  The pot is modeledas moving in a side-to-sidemotion with three possiblespeedsy 2
f vo;0; +Vvog, andplantdynamicsareanalyzedn thepot's frameof reference Sincevelocity dependenair damping
forcesarenotmodeledtheplant'sequilibriumatspeed vy matcheghatof thepotatrest(speed). Thereforesimilar
to the dinosauywe modelthe uniform bodyforcing asimpulsesassociatedvith theleft/right velocity discontinuities,
followedby free motion (no persistenforcing) sothatl 5 = f( vp; 0); (+ Vo; 0)g.

Cloth on moving door:  Thedooris modeledasmaving atthreepossibleangularvelocities,! 2 f ! 4;0;+! g,
with a 90 degreeangularrange. Air dampingandangularacceleratiorinducea nonzeropersistenforcewhen! =
I o, Which is parameterizesis ¥ = !g,and © = Owhen! = 0. By symmetry the cloth dynamicscanbe
viewedin the frameof referenceof the door, with velocity andvelocity changesn uencing cloth motion. Notethat,
unlike thetranslationamotionof theplant's pot, therotatingdooris notaninertial frameof referenceln this example
noadditional ' impulseparameterarerequired andwe modelthemotionasthespeciakase, ' = F. Ourimpulse
palettesimply representshethreepossiblevelocity forcingstated p = f( ' o; !0);(0;0); (! 05! 0)0.

Figure5: SampledRF time-stepsolored by impulsepaletteindex (2D projectionof (q, )13 coordinatesshown):
(Left) dinosaurwith 5 impulsetypes; (Middle) plant with left (blue) andright (red) impulses;(Right) cloth with
variousdoorspeeds: ! ¢ (red),atrest(blue),and+! ¢ (green).

3.5 Impulsively Sampling the PhasePortrait

By forcingthemodelwith theimpulsepalette IJRFscanbeimpulsively sampledn the phaseportrait. We usea simple
randomIRF samplingstrateyy pregeneratedat the startof precomputation.A randomsequencef impulsepalette
interactionsare constructedwith eachlRF integratedfor a randomduration,T 2 (Tmin ; Tmax ); boundedby time
scalef interest.

Therearea coupleof constrainton this process First, the randomsequencef impulsepaletteentriesis chosen
to be“representatie of runtimeusage”sothatnonplysicalor unusedgsequencedo notoccur For example theplant-
in-pot exampleonly modelsthreepot motionspeedsf vo; 0; + vog, andthereforeit is not usefulto apply morethan
two same-signed vq velocity discontinuitiesin a row. Similarly, the cloth's dooronly changesangularvelocity by
j! oj amountssothattransitionsfrom ! ¢ to+! o arenotsampled.

Secondakey pointis thatwe sampleenoughRFsof sufciently longtemporaldurationto permitnaturalruntime
usage.This is controlledusing Tmin and Thax - In particular dynamicscan either (a) be playedto completion(if



necessary)so thatthe modelcannaturallycometo rest,or (b) expectto be interruptedbasedon physical modeling
assumptionsAs an exampleof the latter, the cloth's door hasa 90 degreerangeof motion, so that IRFs associated
with anonzeroangularvelocity, ! , needbeatmostonly 905! j secondsn duration.

In orderto producerepresentaik clips of motion,we lter sampledRFsto discardtheshortesbnes.Theseshort
orbitsarenot aloss,sincethey areusedto spanthe phaseportrait. We alsopruneorbits thatendtoo far away from
the startof neighbouringRFs,andare“deadends’. We canoptionally extendsampledorbits during precomputation,
e.g.,if insufcient dataexists. Orbits terminatingcloseenough(in the phasespacedistancemetric) to be smoothly
blendedo otherorbits, e.g.,usingHermiteinterpolation canbe extended.ln moredif cult caseswherethedynamics
areveryirregular, suchasfor thecloth, onecanresortto local interpolatione.g.,k-nearesheighboy to extendorbits,
but thereareno quality guaranteedn generalwe adwcatesamplinglongerlRFswhenpossible.

While our samplingstratgyiesare preplannedor usewith standardofine solvers(seeFigure7), anonline sam-
pling strateyy could be used. This would allow IRF durations,T, and nev samplinglocationsto be determinecat
runtime,andcouldincreasesamplingquality.

4 ReducedGlobal lllumination Model

A signi cant bene t of precomputingparameterizationsf the deformablescends thatcomplex data-drven appear
ancemodelscanthenalsobeprecomputedor real-timeuse.This parameterizedppearancemodelcorrespondso the
secondartof our phasespacemodel(Equation2). Oncethereduceddynamicalsystemhasbeenconstructedwe pre-
computeanappearancenodelbasedon alow-rankapproximatiorto the diffuseradianceransferglobalillumination
modelfor low-frequeng lighting [SKS0Z. Unlike hardstenciledshadavs, the diffuselow-frequeng lighting model
producesblurry” lighting andis moreamenabléo statisticalmodelingof deformationeffects.

4.1 RadianceTransfer for Low-frequencyLighting

Following [SKS03, for a given deformedgeometryfor eachvertex point, p, we computethe diffuseinterre ected
transfervector(M )i, whoseinner productwith theincidentlighting vector (L )i, is the scalarexit radianceatp, or

LS = ,”:21 (Mp)i(Lp)i. Hereboththetransferandlighting vectorsarerepresenteth sphericaharmonicbases For
a given reduceddisplacemenmodelshapé, 0,. we computethe diffusetransfereld M = M(q,) = (Mp, )k=1:s
de ned at s scenesurfacepoints,py; k = 1:s. HereMp, is a 3n? vectorfor anordern SH expansionand3 color
componentssothatM is alarge3sn? vector Weusen = 4in all ourexamplessothatM haslength48s, i.e., 48 oats
pervertex. Notethatnotall scenepointsarenecessarilyleformableg.g.,door, andsomemaybelongto double-sided
surfacesge.g.,cloth.

4.2 DimensionalModel Reduction

While we couldlaboriouslyprecomputeandstoreradiancetransfer elds for all phaseportraitstatenodes signi cant
redundang exists betweerthem. Therefore we alsouseleast-squaredimensionaimodelreductionto generatdow-
rank transfer eld approximations.We notethat, unlike displacementelds for which modalanalysissuggestshat
least-squaregrojectionscanbe optimal,thereis no suchmotivationfor radianceransfer

GivenN, deformedscenesvith deformatiorcoordinategq? ; :: :; gl ), we computecorrespondingceneransfer
elds, M! = M(d,), andtheir mean,M. We substracthe meanfrom eachtransfereld, M = M! M, andformally
assembléhemascolumnsof a huge3sn?-by-N, zero-meahtransferdatamatrix,

2
h

1 2 Na
| g Mpl Mpl Mpl
Aa - MlmZ |V|Na - . . .

: S 13)
1 2 Na
Mps Mps Mps
We computethe SVD of A, to determinethe reducedow-ranktransfermodel,andso discover the reducedransfer
eld coordinates), = q,(d,);j = 1:::Ng; for theN, deformedscenesWe denotethe nal rank+, factorization

3Theappearancenodeldependn the deformedshapeof the sceng(q,, ) but notits velocity (g, )-
4Formally, thereis no needto subtractthe datameanprior to SVD (unlike for PCA wherethe covariancematrix mustbe constructed)but we
dosobecausehe rst coordinatecapturesggligible variability otherwise.



asA; UaQa whereU, arethe orthonormaltransfer eld basisvectors,andQ, = [g} Na] arethe reduced
appearanceoordinates.

4.3 Interpolating SparselySampledAppearances

Computingradiancetransferfor all statenodescanbe very costly andalso perceptuallyjunnecessarnyWe therefore
interpolatethereducedadiancdransfer elds acrosghe phaseportrait. NormalizedRadialBasisFunctiongNRBFs)
area naturalchoicefor interpolatinghigh-dimensionascatterediata[Nel00]. We useK-meansclustering[Nel0Q] to
clusterphaseportraitstatesnto N, N clusters(seeFigure6). A representatie stateg® closesto thek™ clusters
meanis usedto computeradiancetransfer(using the original statenodes unreducedmeshto avoid compression
artifactsin thelighting model). Model reductionis thenperformedon theradianceransfer elds for theN , statesIn
theend,we know thereducedradiancevaluesgX atN, statenodesj.e.,gf = q,(0X); k= 1:::N,. Thesesparse
samplesaretheninterpolatedusingaregularizedNRBF approachseeAppendixB). This completeghede nition of
the deterministicstatespacemodeloriginally referredto in Equation2.

Figure6: Clusteringof deformeddinosaurscenedor transfercomputation:(Left) Clusteredshapecoordinates q,, g;
(Right) interpolatedappearanceoordinates g, g. Only the rst three(2D-projectedromponentsf g aredisplayed.

5 Runtime Synthesis

At ary runtimeinstant,we either“play anIRF” or areatrest,e.g.,attheendof anIRF. Onceanimpulseis speci ed
by anindex from the impulsepalette we switchto a nearbylRF of thattype andcontinueuntil eitherinterruptedby
anothelimpulsesignalor we reachthe endof the IRF andcometo rest. At eachtime-stepwetrivially lookup/compute
g, andqg, andusethemto evaluatematrix-vector productsfor the displacementi = U, q, andradiancetransfer
M = U,q, elds neededor graphicalrendering.This approacthasthebene tsof beingbothsimpleandrobust.

5.1 Approximating Impulse Responses

Given the problemsassociatedvith orbit interpolation(x3.1), we wish to transitiondirectly betweenIRFs during
simulation. To avoid transition(popping)artifacts,we smoothlytransitionbetweenthe stateand the new IRF. We
approximateheIRF atx®with thelRF '(x; '; F)fromanearbystatex by addinganexponentiallydecayingstate
offset(x® x) tothestate,

NESTRS b I A DR (SRR CIR (14)
wheret = 0;1;:::;T;and > 0determineshedurationof the offsetdecay This approximatiorcorvergesasx®! x,
e.g.,asP is samplednoredenselybut its chief bene t is thatit canproduceplausiblemotionevenin undersampled
casegasin Figure?2). For rendering appearanceoordinatesssociateavith '(x; '; F;T) arealsoaveraged,

(X% ' BT di ' T+ (@) ga(x))e ' (15)



Finally, the costof computingthe approximateshapeandappearanceoordinatess proportionalto the dimensionof
thereducedcoordinatevectors 2r, + r,, andis cheapin practice.

5.2 Caching Approximate IRF References

A bene t of usinga nite impulsepalettel p is thateachstatein the phaseportraitcancachethe D referenceso the
nearestorrespondingRFs. Thenatruntime,for the systemin (or near)agivenphaseportraitstate x, therespons¢o
ary of theD impulsepaletteexcitationscanbe easilyresohedusingtablelookupandIRF blending.By cachingthese
local referencest statenodesit is in principle possibleto verify during precomputatiothatblendingapproximations
arereasonableand,e.g.,don't leadto self-intersections.

5.3 Low-rank Model Evaluation

Thetwo matrix-vectorproductsy = U, q, andM = U,(q,, canbeevaluatedn softwareor in hardware.Ourhardware
implementatioris similar to [JP02a SKS03 in thatwe computethe pervertex linear superpositiorof displacements
andtransferdatain vertex programs Giventhecurrentpervertex attribute memorylimitations of vertex programg64
oats), somesuperpositionmustbecomputedn softwarefor largerranks.Similarto [SKS03Z, we canreduceransfer
datarequirementgby afactorof n? = 16) by computingandcachingthe 3r , pervertex light vectorinnerproductsin
software,i.e., xing thelight vector Eachverte<'s color linear superpositiortheninvolvesonly r ; 3-vectors.

DeformableModel Appearancévlodel IRF
Scene

F | V | DOF [ry | relErr F | Vit | DOF [ Na [ra | relErr N [ #RF

Dinosaur || 49376 | 24690 | 74070| 12 | 0.5% || 52742 | 26361 | 1265328 50 | 7 | 4.4% || 20010 | 260

Cloth 6365 | 3310 | 9930 | 30 | 1.5% || 25742 | 16570 | 795360 | 200 | 12 | 15% || 8001 | 171

Plant 6304 | 3750 | 11250 | 18 | 2.0% || 11184 | 9990 | 479520 | 100 | 12 | 6.2% || 6245 | 150

Tablel1: Model Statistics:Ther,, andr, rankscorrespondo thoseusedfor frameratetimingsin Table2.

6 Results

We appliedour methodto threedeformablescenedypical of computemgraphicshatdemonstratsomestrengthsand
weaknessesf our approach.Dynamicsandtransferprecomputatiorandrenderingtimesaregivenin Table 2, and
modelstatisticsarein Tablel. Thedynamicsof eachof thethreemodelswereprecomputeaver the periodof a day
or moreusingstandardsoftware (seeFigure 7). Radiancdransfercomputationgook on the orderof a day or more
dueto polygoncountsandsamplingdensitiesN ;.

Precomputation Framerates(in SW)
Dynamics| Transfer || Defo | Defo+ Trnsfr
Dinosaur|| 33h21m 74h 173 | 82(175in HW)

Cloth 16h46m | 71h27m || 350 149
Plant 1week | 11h40m || 472 200

Table2: Modeltimingson anintel Xeon2.0GHz,2GB-266MHzDDR RDRAM, with GeForceFX 5800Ultra. Run-
time matrix-vectormultiplies computedn software (SW) usingan Intel performancdibrary, exceptfor the dinosaur
examplethat ts into vertex programhardware (HW).

Scene

The cloth example demonstrateinterestingsoft shadevs and illumination effects, as well as subtlenonlinear
deformationgypical of clothattachedo adoor(seeFigure8). Thisis achallengingnodelfor data-drvendeformation
becaus¢hematerialis thin, andin persistenself-contactsothatsmalldeformationerrorscanresultin noticeableself-
intersection.By increasingthe rank of the deformationmodel(to r, = 30), the real-timesimulationavoids visible
intersectioR. Unlike the other examples,the complex appearancenodel appearsto have beenundersampledy

SUsinga largercloth “thickness”during precomputationvould alsoreduceintersectiorartifacts.
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Figure7: Precomputingeal-timemodelswith of ine simulatos: (Left) cloth precomputedn AliasjWavefrontMaya,;

(Middle,Right)modelsprecomputedby anengineeringanalysigpackagd ABAQUS) usinganimplicit Newmarkinte-
grator

the clustershapesampling(N, = 200 sincethereis someune/enessn interpolatedighting and certaincloth-door
shadavs lack propervariation.

Figure8: Dynamiccloth statesinducedby door motions: (Left) cloth anddoor at rest; (Right) cloth pushedagainst
moving doorby air drag.

Theplantexamplehasinterestingshadevs andchangingvisibility, andthe dynamicsnvolve signi cant multi-leaf
collisions(seeFiguresl0,11and12). Theplantwasmodeledwith 788quadrilaterashell nite elementsn ABAQUS,
with themary collisionsaccuratelyresohedwith barrierforcesandanimplicit Newmarkintegrator

Therubberdinosauhadthe simplestdynamicsof thethreemodels anddid notinvolve collisions. It wasprecom-
putedusinganimplicit Newmarkintegratorwith 6499FEM tetrahedraklementsanddisplacementwereinterpolated
ontoa ner displacedsubdvision surfacemesh[LMHO0O0]. However, the radianceransferdatamodelwaseasilythe
largestof the three,andincludesinterestingself-shadwing (on the dinosaurs spines)and color bleeding(seeFig-
ure 11). Runtimesimulationimages,andsomereducedasisvectors,or modes,of the dinosaurs displacemenand
radianceransfermodelsareshavn in Figure14.

All examplesdisplayinterestingdynamicsand globalillumination behaiors. Signi cant reductionsin the rank
of the displacemenaindappearancenodelswere obsered, with only a modestnumberof ops pervertex required
to synthesizeeachdeformedandilluminatedshape.In particulay Figure 13 shavs thatthe singularvaluescornverge
quickly, sothatusefulapproximationsare possibleat low ranks. In generalfor a given errortoleranceappearance
modelsare more complex than deformationmodels. However, when collisions are present,low-rank deformation
approximationganresultin visible intersectiorartifactssothatsomeavhathigheraccurayg is needed.
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ra=0(mean) ra=3 ra=6

Figure9: Reducedadiancetransferilluminationsfor anarbitrarycloth poseillustrateimproving approximationsas
therankr , isincreased.

Figure10: View of plantfrombehind

7 Summary and Discussion

Ourmethodpermitsinteractve modelsof physically basedleformablesceneso bealmostentirelyprecomputedising
data-drventakulation of statespacemodelsfor shapeandappearanceUsing ef cient low-rank approximationdor
the deformationandappearancenodels,extremelyfastrenderingratescanbe achieved for interestingmodels.Such
approachesanassistraditionalsimulationin applicationswith constrainedcomputingresources.

Futurework includesimproving dynamicsdataquality by usingbetternon-randonmsamplingstrategiesfor IRFs.
Building betterrepresentationfor temporaland spatialdatacould be investigated using multiresolutionand “best
basis”statistics.Generalizinghe possibleinteractionse.g.,for contactandsupportingnorecomplex scenesemain
importantproblems.Extensiongo deformableradiancetransferfor nondifuse models,andimportance-basesparse
shapesamplingarealsointerestingresearctareas.

Acknowledgments: We would like to acknavledgethe helpful criticisms of several anorymousreviewers, assis-
tancefrom Christopheimwigg andMatthewn Trentacostehardwarefrom NVIDIA, Cyberwarefor thedinosaumodel,
andthe Carngjie Mellon Graphicsgroup.
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Figurel11l: Interactivedynamicbehavios resultingfromappliedimpulses

Figure12: Dynamicinterpolatedshadows

A Output-Sensitive SVD

Computingthe SingularValue Decomposition(SVD) of a hugem-by-n matrix is very costly (O(mn min(m; n))
[GL96]), andis wastefulfor low-rankmatrices gspeciallywhenonly leadingsingularfactorsaredesired Fortunately
fastout-of-corealgorithmsexist, andwe usethefollowing simpledirectmethodto approximatehelargestorthogonal
singularfactorsfor alargeapproximatelyjow-rankm-by-n matrix, A. We begin by computingadroptoleranceank+
unmodi ed Graham-SchmidbrthogonalfactorizationA  E X, for agivensufciently smalltolerance' 2 (0; 1),
whereE is anm-by-r orthogonalGrahambasismatrix, and X is anr-by-n matrix of expansioncoefcients. The
factorizationproceedsy processingnecolumnof A atatime, sothatthe matrix A is never explicitly constructed.
For a given column,A.j, andcurrentrank of the Grahambasis,r, the basisis expandedonly if the relative residual

13
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Figure 13: Model reduction: Relatve |, error versus
modelrank, r, andr,, for the displacementblue) and
radianceransfer(red) models.

RELATIVE L2 ERROR

erroris greatetthanthe (droptolerance}hreshold;', i.e.,
kA;j A';j k > "kA;j k; (16)

whereA;; is the projectionof A ; into the currentrank+ Grahambasis. The nal low-rank SVD is thenfound by
takingthe SVD of X = USVT andmultiplying asfollows:

A EX =E(USVT)= (EO)SVT = usv™: (17)
In practicewe discardall factorswhosesingularvalueswhen normalizedby the largestvalue are lessthan some
desiredaccurag (> "). We refertheinterestedeaderto [GL96, Bra02 Sz0Q for relatedalgorithms.
B NRBF Appearancelnter polation

Normalizedradial basisfunctions(NRBFs)are usedto interpolateq, (g,) atall phaseportraitq,. We centerradial
basisfunctionsatall of theM , transfersampledstatenodes,

k(dy) = expka g k5=ad); k= 1:::Ma; (18)
wherea is theradial scaleof the basisfunctions.The NRBF interpolantis

X
BB ()= k(@) (19)
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Figure14: Dinosaurmodes: (Top) displacemeninodeshapes(Bottom)radiancearansfemrmodes.

. N . . .
whereck aretheunknavn coefcients, and " (q,) arenormalizedbasisfunctions,

() = Pl
i i(ay)
Thecomponentsf ck canbe determinedy substitutinghedata,g = q,(g¥); k= 1:::Mg, to obtain

RBF (i X on ivg X i e
Ga - (dy) = j(qu)ca = Bijc 1=1:::Mg:
j j

(20)

(21)

To avoid ill-conditioning which occursas M, or a increasej.e., overtting, the NRBF equationis solved using

truncatedSVD.
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