Precomputing Interactive Dynamic Deformable Scenes

DougL. JamesandKayvon Fatahalian
Carngjie Mellon University

(a) Precomputation (b) Reduceddynamicsmodel

(c) Reducedllumination model

(d) Real-timesimulation

Figure 1. Overviav of our appoad: (a) Given a deformablescene,suchas cloth on a usermovable door, we precomputgimpulsive)
dynamicsby driving the scenewith parameterizeéhteractionsrepresentatie of runtimeusage.(b) Model reductionon obsered dynamic
deformationgyields a low-rank approximatiorto the systems parameterizetmpulseresponsdunctions.(c) Deformedstategeometriesre
thensampledandusedto precompute@ndcoparameterizaradiancaransfermodelfor deformableobjects.(d) The nal simulationresponds
plausiblyto interactionssimilar to thoseprecomputedincludescomple collision andglobalillumination effects,andrunsin realtime.

Abstract

We presentan approachfor precomputingdata-drven modelsof
interactive physically baseddeformablescenes.The methodper
mitsreal-timehardwaresynthesi®f nonlineardeformatiordynam-
ics, including self-contactandglobalillumination effects,andsup-
portsreal-timeuserinteraction. We usedata-drven tatulation of
the systems deterministicstatespacedynamicsandmodelreduc-
tion to build ef cient low-rank parameterizationef the deformed
shapes.To supportruntime interaction,we also talulate impulse
responsdunctionsfor a paletteof external excitations. Although
our approactsimulategarticularsystemsaindervery particularin-
teractionconditions,it hasseveral adwantages First, parameteriz-
ing all possiblescenedeformationenablesisto precomputeaovel
reducedcoparameterizationsf global sceneillumination for low-
frequeng lighting conditions.Secondbecaus¢hedeformatiordy-
namicsare precomputednd parameterizeésa whole, collisions
areresohed within the sceneduring precomputatiorso that run-
time self-collisionhandlingis implicit. Optionally, the data-drven
modelscan be synthesizen programmableyraphicshardware,
leaving only thelow-dimensionaktatespacedynamicsandappear
ancedatamodelsto be computedoy themain CPU.

CR Categories: 1.3.5[COMPUTERGRAPHICS]:Computational
Geometry and Object Modeling—Plysically based modeling;
1.6.8 [SIMULATION AND MODELING]: Typesof Simulation—

Animation;

Keywords: DeformationsNaturalPhenomenénimation, Phys-
ically BasedAnimation, Physically BasedViodeling

1 Introduction

Deformationis an integral part of our everydayworld, and a key
aspectof animatingvirtual creaturesclothing, fractured materi-
als, sumical biomaterials,and realistic natural environments. It
also constitutesa specialchallengefor real-timeinteractie ervi-
ronments Designerof virtual environmentsmaywish to incorpo-
rate numerousdeformablecomponentdor increasedealism, but
often thesesimulationsare only of secondarymportanceso very
limited computingresourcesireavailable. Unfortunately mary re-
alistic deformablesystemsarestill notoriouslyexpensve to simu-
late; robustly simulatinglarge-scalenonlineardeformablesystems
with mary self-collisionsis fundamentallyexpensve [Bridsonetal.
2002], and doing so with real-time constraintscan be onerous.
Perhapsas a consequencevery few (if arny) major video games
have appearedor which complex deformablephysicsis a substan-
tial componentNumerousself-collisionscomplicateboth runtime
simulationand precomputatiorof interestingdeformablescenes,
andarealsoa hurdlefor synthesizingohysicalmodelsin real-time
graphicshardware. Finally, realisticreal-timeanimationof global
illumination effectsis alsovery expensve for deformablescenes,
largely becausdt can not be precomputedas easily as for rigid
models.

Thegoalof this paperis to strike a balancebetweerncompleity
andinteractvity by allowing certaintypesof interactive deformable
sceneswith very particularuserinteractions,to be simulatedat
minimal runtimecosts.Our methodtakulatesstatespacemodelsof
the systems deformationrdynamicsn away thateffectively allows
interactve dynamicsplaybackat runtime. To limit storagecosts
andincreaseef ciency, we projectthe statespaceanodelsinto very
low-dimensionakpacesisingleast-squareKarhunen-L@w) ap-
proximationamotivatedby modalanalysis.Onemight notethatthe



highly complex geometryof dynamicalsystems'phaseportraits,
evenfor modestsystemssuggestshatit maybeimpracticalto ex-
haustvely samplethe phaseportrait [Guckenheimerand Holmes
1983; Abrahamand Shav 1992]. Fortunately this is unnecessary
in our case. Our goalis not to exhaustvely samplethe dynamics
to aspeci edaccurag, norbuild a controlsystemjnsteadwve wish
only to plausiblyanimateorbits from the phaseportraitin a com-
pelling interactve fashion.To this end,we samplethe phasespace
dynamicsusing parameterizedmpulseresponsdunctions(IRFs)
that have the bene t of beingdirectly “playable” in a simulation
provided the systemis excited in similar contexts. We usesmall
cataloguesf interactionsde ned in discreteimpulsepalettesto
constrainthe rangeof userinteraction,andthusreducethe effort
requiredto takulatesystenresponsesThis diminishedrangeof in-
teractionand controlis a trade-of that canbe suitablefor virtual
ervironmentswhereinteractionmodalitiesarelimited.

A major bene t of precomputinga reducedstatespaceparam-
eterizationof deformableshapess thatwe canalsoprecompute
low-rankapproximatiorto the scenes globalillumination for real-
time use.To addressealisticappearancenodelingwe build onre-
centwork by Sloan,KautzandSrnyder[2002] for radianceransfer
approximation®f globalillumination for diffuseinterre ectionsin
low-frequeng lighting ervironments.Datareductionis performed
on the spaceof radiancetransfer elds associatedvith the space
of deformablemodels. The nal low-rank deformationandtrans-
fer modelscanthenbe synthesizedn real-timein programmable
graphicshardwareasin [JamesandPai 2002a;Sloanetal. 2002].

1.1 Related Work

Deformableobjectsimulationhashada long historyin computer
graphics,andenormousprogresshasbeenmade[Weil 1986; Ter

zopouloset al. 1987; Pentlandand Williams 1989; Baraf and
Witkin 1998; O'Brien and Hodgins 1999; Bridson et al. 2002].
Morerecently attentionhasbeengivento techniquedor interactive

simulation,andseveral approachedave appearedhattradeaccu-
ragy for real-timeperformanceFor example adaptve methodgshat
exploit multiscalestructurearevery effective [Debunneetal. 2001;
Grinspunetal. 2002;Capelletal. 2002;JamesandPai 2003].

In this paperwe are particularly interestedin data-drven pre-
computionfor interactive simulationof deformablemodels. Prior
work includes Greens function methodsfor linear elastostat-
ics[Cotin etal. 1999;JamesandPai 1999;JamesndPai 2003],and
modal analysisfor linear elastodynamic$Pentlandand Williams
1989;Stam1997;JamesandPai 2002a]. Thesemethodffer sub-
stantialspeedupsut unfortunatelydonoteasilygeneralizéo more
comple, nonlinearsystemgalthoughsee[Jamesand Pai 2002b;
Kry etal. 2002]for quasistati@rticulatedmnodels).

Dimensional model reduction using the ubiquitous principal
componentnalysis(PCA) method[Nelles2000]is closelyrelated
to shapeapproximatiormethodsusedin graphicsfor compressing
time-dependengeometry{Lengyel 1999; Alexa andMuller 2000]
and representingcollections of shapes[Blanz and Vetter 1999;
Sloanet al. 2001]. For deformation,it is well-known that dimen-
sionalmodelreductionmethodshasedn least-square@Karhunen-
Loewe) expansionsyield optimal modal descriptiongfor small vi-
brations[Pentlandand Williams 1989; Shabanal990], and pro-
vide ef cient low-rankapproximationgo nonlineardynamicalsys-
tems[Lumley 1967]. We usesimilar least-squaresiodelreduction
techniquego reducethe dimensionof our statespacemodels. Fi-
nally, onlinedata-reductiomasbeenusedo construcfastsubspace
projection(Newmark) time-steppingschemegKrysl et al. 2001],
however our goal is to avoid runtime time-steppingcostsentirely
by takulatingdata-driven statespacemodelsusing|RF primitives.

Our work is partly motivatedby programmablénardware ren-
deringof physical deformablemodelsusinglow-ranklinearsuper

positionsof displacementelds. Applicationsinclude morphable
models linearmodalvibration models[JamesandPai 2002a],and
data-drven PCA mixture modelsfor characteskinning[Kry etal.

2002]. Key differencesarethat (a) we addressomple nonlinear
dynamicswith self-collisions,and (b) our appearanceare based
on low-rank approximationgo radiancetransfer elds insteadof

surfacenormal elds.

Data-drven tatulation of statespacedynamicsis animportant
stratgyy for identifying andlearninghow to control comple< non-
linearsystemgNelles2000]. Grzeszczuletal. [1998] trainedneu-
ral networks to animatedynamicalmodelswith dozensof degrees
of freedom,and learnedthe in uence of several control parame-
ters. Reisselland Pai [2001] trainedcollectionsof autorgressve
modelswith exogenousnputs (ARX models)to build interactve
stochastisimulationsof acandle ame silhouetteandafalling leaf.
In robotics, Atkesonet al. [1997] avoid the dif culties and effort
of training a global regressionmodel, suchas neuralnetworks or
ARX models. Insteadthey use“locally weightedlearning”to lo-
cally interpolatestatespacedynamicsand control data,and only
whenneededat runtime, i.e., lazy learning. Our data-drven state
spacemodeldiffers from thesethreeapproachesn several ways.
Most notably our methodsacri cesthe quality of continuouscon-
trol in favor of a simple discrete(impulsive) interaction. This al-
lows us to avoid learningand (local) interpolationby using sam-
pled data-drven IRF primitivesthat canbe directly “played back”
atruntime;this permitscomplex dynamics suchasnonsmootiton-
tactandself-collisionsto beeasilyreproducedndavoidstheneed
to generalizemotionsfrom possiblyincompletedata. The simple
IRF playbackapproachalso avoids runtime costsassociatedvith
statemodel evaluation, e.g., interpolation. Another major differ-
enceis thatour methodusesmodelreductionto supportvery large
dynamicalsystemswith thousand®r millions of degreesof free-
dom. Data-reductiorguality canlimit the effectivenessof the ap-
proachfor large systemsput moresophisticatedlatacompression
techniguescan be used. Finally, our statespacemodelincludes
globalillumination phenomena.

Our blendingof precomputedrbital dynamicssegmentsis re-
latedto Video Textures[Schidl et al. 2000], whereinsegmentsof
videoarerearrange@ndpiececdtogetherto form temporallycoher
entimagesequencesThis is alsorelatedto synthesiof character
motionsfrom motion capturedatabasessingmotion graphs[Ko-
var etal. 2002;Leeetal. 2002]. Importantdifferencesarethatour
continuousdeformabledynamicsandappearancenodelscanhave
a potentiallymuchlarger statespacedimensionalityandthe phys-
ical natureof datareductionis fundamentallydifferentthan, e.g.,
charactemotion. Also, the phenomenagoverning dynamicsey-
menttransitionsare quite different,andwe arenot concernedvith
theissueof control,somuchasphysicalimpulseresolution.

Global illumination and physically baseddeformationare his-
torically treatedseparatelyin graphics. This is duein partto the
factthatlimited renderingorecomputationsanbe performede.g.,
dueto changingvisibility. Consequentlyreal-timemodelanima-
tion hasbene ttedsigni cantly from the advent of programmable
graphicshardware[Lindholm etal. 2001]for generalighting mod-
els[Peerg et al. 2000; Proudfootet al. 2001; Olanoet al. 2002],
stenciledshadavs [Everitt andKilg ard 2002], ray tracing[Purcell
et al. 2002], interactve display of precomputedlobal illumina-
tion models[Heidrich 2001], andradianceransfer(for rigid mod-
els)[Sloanetal. 2002].

Our contrib ution: In this paperwe introducea precomputed
data-drven statespacemodelingapproactfor generatingeal-time
dynamic deformablemodelsusing black box of ine simulators.
This avoidsthe costof traditionalruntimecomputatiorof dynamic
deformablenodelswhennotabsolutelynecessaryTheapproachs

simpleyet robust,canhandlenonlineardeformationsself-contact,



and large geometricmodels. The reducedphasespacedynamics
modelalsosupportgheprecomputatiomnddatareductionof com-
plex radiancetransferglobalillumination modelsfor real-timede-
formablescenes. Finally, the data-drven modelsallow dynamic
deformablescenesto be compiledinto shadersfor (future) pro-
grammablegraphicshardware.

Scope of Deformation Modeling: Our approachis broadly
applicableto modelingdeformablescenesand canhandlevarious
compleities due to materialand geometricnonlinearities,nons-
moothcontactandmodelsof very large size. Giventhe combined
necessityof (a) stationarystatisticsfor model reductionand (b)
samplinginteractionsfor typical scenariosthe approachis most
appropriatdor scenesnvolving physical processethatdo not un-
deigo major irreversible changesge.qg., fracture. Put simply, the
more repeatablea systems behaior is, the more likely a useful
representatiortan be precomputed.Our examplesinvolve struc-
tured,nonlinear viscoelastiadynamicdeformation;all modelsare
attachedo arigid support,andreachequilibriain nite time (due
to dampingandcollisions).

2 Data-Driven Deformation Modeling

At the heartof our data-drven simulatoris a stratgy for replay-
ing appropriatgorecomputedmpulseresponses responseo user
interactions.Thesedynamicaltime seriesseggments.or orbits (af-
ter Poincag [1957]), live in a high-dimensionaphasespace and
the set of all possibleorbits composeghe system$ phasepor-

trait [Guckenheimerand Holmes1983]. In this sectionwe rst

describehe basiccompressedata-drven statespacemodel.

2.1 Deterministic State Space Model

We modelthe discreteevolution of a systems combineddynamic
deformationstate x, andglobally illuminatedappearancstate,y,
by anautonomousleterministicstatespacemodel[Nelles 2000]:

x (t+D) - f (X(t); (1)) (1)

g(xV) )

DYNAMICS :

APPEARANCE: vy =

whereatintegertime stept,

x(V) isthedeformablesystenstatevector, whichdescribeshe
positionandvelocity of pointsin thedeformablescene;

(V) aresystenparametes describingvariousfactors suchas
generalizedorcesor modeleduserinteractionsthataffectthe
stateevolution from x (¥ to x(t*9 ;

y(") aredependentariablesde nedin termsof thedeformed
statethat describeour reducedappearancenodelbut do not
affectthe deformationrdynamics;and

f andg are,in generalcomplicatechonsmootHunctionsthat
describeour dynamicsandappearancenodels respectiely.

Differentsystemmodelscanhave differentde nitions for x, and
y, andwe will provide severalexampledater

2.2 Data-driven State Spaces

Our data-drven deformationmodelingapproachnvolves tatulat-
ing thef functionindirectly by observingtime-steppedequences
of statetransitions (x(**V : x(: (V) By modelingdeterministic
autonomoustatespacesf doesnotexplicitly depencntime,and

precomputedalulationscanbe reusedaterto simulatedynamics.
Data-driven simulationinvolves carefully reusingtheserecorded
statetransitionsto simulatethe effect of f (x; ) for motionsnear
thesampledstatespace.

Phase por trait notation: We modelthe statespaceasa col-
lectionof precomputedrbits, whereeachorbitis de ned by atem-
poral sequencef statenodesx(), connectedy time stepedees
e= (x("*D . x®. M) Wwithoutlossof generalitywe canassume
for simplicity thatall time stepshave a x ed stepsize t (which
may be arbitrarily small). The collection of all precomputecr-
bits composesur discretephaseportrait, P, andis a subsebf the
full phaseportraitthatdescribesll possiblesystemdynamics.Our
practicalgoalis to constructa P that providesa rich enoughap-
proximationto thefull systemfor a particularrangeof interaction.

2.3 Dimensional Model Reduction

Discretizationsof complex deformablemodelscan easily involve
thousand®r millions of degreesof freedom(DOF). A cloth model
with v moving verticeshas3v displacemenand3v velocity DOF,
sothe discretephaseportraitis composeaf orbits evolving in 6v
dimensionsfor just1000vertices data-drivenstatespacenodeling
alreadyrequirestakulatingdynamicsin 6000dimensions.Synthe-
sizinglargemodeldynamicdirectly, e.g.,usingstateinterpolation,
would thereforebe both computationallyimpracticaland wasteful
of memoryresources.

To compactlyrepresenthe phaseportraitP, we rst usemodel
reductionto reducestatespacalimensionalityandexploit temporal
redundang. Heremodelreductioninvolvesprojectingthesystems
displacementandother) eld(s) into alow-rankbasisderivedfrom
theirobsereddynamics We notethatthe datareductionprocesss
ablackbox step,but thatwe usetheleast-squaregrojection(PCA)
sinceit providesan optimal descriptionof small vibrations[Sha-
bana1990], and can be effective for nonlineardynamics[Krysl
etal. 2001].

2.3.1 Model Reduction Details

Given the set of all N statenodesin P obsened while time-
steppingwe extractthevertex positionsof eachstates correspond-
ing geometricmesh(for verticeswe wish to later synthesize) By
subtractingoff the meanpositionof eachvertex (or key represen-
tative shape)we obtaina displacementeld for eachstatespace
node.DenotetheseN displacementelds asf u®gx-1 .n (arbitrary
ordering)where for amodelwith v vertices,eachu® = (uf)i=1 -
has3-vectorcomponentsandsois anM -vectorwith M = 3v. Let
A, denotethehugeM -by-N densedisplacementlatamatrix*

2 3
h i ul  u? ul
Av= o2 Wt = § L ; £ (3)
wooul ul)

Similarto linearelastodynamicsrherea smallnumberof vibra-
tionmodescanbesufcient to approximatebseneddynamicsA
canalsobealow-rankmatrixto avisualtolerance We stablydeter

mineits low-rank structureby usingarank+, (r,  N) Singular
ValueDecompositior(SVD) [Golub andLoan 1996]
Au UsSuV/ 4

whereUy is an M -by-r, orthonormalmatrix with displacement
basisvectorcolumns,V, is anN -by-r, orthonormalmatrix, and

ILet“u” (“a”) subscriptsienotedisplacementappearancajata.



Su = diag( ) isanry-by-r, diagonalmatrix with decayingsin-
gularvalues = ( k)k=1:r,, Onthediagonal. Therank,ry, of
theapproximatiorthatguaranteearelativel, accurag ", 2 (0;1)
is given by the largestr, suchthat ;, "u 1 holds. SinceA,
canbeof gigabyteproportionsve computeanapproximateoutput-
sensitiveSVDwith costO(M N r) [JamesandFatahaliar2003].

2.3.2 Reduced State Vector Coordinates

Thereduceddisplacementmodelinducesa global reparameteriza-
tion of the phaseportrait, and yields the reduceddiscrete phase
portrait, denotedby P". Thestatevectoris de ned as

_ qu
x= g %)

andits componentgarede ned asfollows.

Reduced displacement coordinate, q,: Wede nethery-

by-N displacementoordinatematrix Q, by
T h 1.2 Ni
QU = SU Vu = qu qu qu (6)

suchthat

Ay UuiQu u Uy qE (7)
whereq! is the reduceddisplacementoorinate of the k™ dis-
placementeld in theorthonormalisplacemenbasis,U, .

Reduced velocity coordinate, q,: Thereducedrelocityco-
ordinate gjj of thek™ statenodecould be de ned similar to dis-
placementsi.e., by reducingthe matrix of all occurringvelocity
elds, however it is sufcient to de ne the reducedvelocity using
rst-order nite differences.For example,we usea backward Eu-
ler approximatiorfor eachorbit (with forward Eulerfor the orbit's
nal state,andpriorto IRF discontinuities),

uk — (uk+1 uk): t = (Uuqhﬂ

Usgf)= t=UugS: (8)

Phase Portrait Distance Metric:  Motivatedby (7) and(8), a
Euclideanmetricfor computingdistancedetweertwo phasepor-
trait statesx* andx?, is givenby

q
dist(x';x*) = kq} @k3+ kgt gZk3; ©)
where is a parametedeterminingthe relative (perceptualm-
portanceof changedn positionand velocity. Componentf g,
and g, associatedvith large singularvaluescan have dominant
contributions. We choose to balancethe rangeof magnitudes
of kgk, andkgk, sothatneitherterm overwhelmsthe other and
use = maxj-1.n kq k3=maxj-1 .n kd k3 asadefaultvalue.

3 Dynamics Precomputation Process

We precomputeur modelsusingof ine simulationtools by craft-
ing sequencesf asmallnumberof discretempulsesepresentatie
of runtimeusage Without the ability to resole runtimeuserinter
actions, the runtime simulationwould amountto little more than
playingbackmotionclips.

3.1 Data-driven Modeling Complications

Severalissuesmotivatedour IRF simulationapproach.Giventhe
black box origin of the simulation, the function f is generally
compl, andits interpolationis problematicfor several reasons
(seerelated Figure 2). Fundamentakcomplicationsinclude in-
sufcient data, high-dimensionaktatespacesand divergenceof
nearbyorbits. Stateinterpolationalsoblursimportantmotion sub-
tleties. Self-collisionsresultin complex con guration spaceghat
male generalizingtakulated motions dif cult; an orbit tracking
the boundaryof an infeasiblestatedomain, e.qg., self-intersecting
shapesis surroundedy stateshatarephysically invalid. For ex-
ample,the cloth examplewill eventually andvery noticeablyself-
intersecif tatulatedstatesaresimply interpolated.

Figure 2: Complicationsof data-
driven dynamics: Interpolating
high-dimensional takbulated mo-
tions for a new state(startingat x)
J can be dif cult in practice. One
3 possible“realistic” orbit is dravn
X in red.

INFEASIBLE

3.2 Impulse Response Functions

To balancetheseconcernsand robustly supportruntime interac-
tions, we sampleparameterizedmpulseresponsdunctions(IRFs)
of the systemthroughouthe phaseportrait, and effectively replay
thematruntime. Thekey to ourapproachs thatevery sampledRF
is indexed by theinitial state,x, andtwo usermodeledparameter
vectors, ' and F, thatdescribethe initial Impulseand persis-
tentForcing,respectiely. In particular giventhe systemin statex,
we applya (possiblylarge)generalizedorce, parameterizetly ',
during the subsequentime step(SeeFigure 3). We thenintegrate
theremainingdynamicsfor (T 1) stepswith ageneralizedorce
thatis parameterizetly avalue © thatremainsconstanthrough-
out the remainingIRF orbit?. The talulated IRF orbit is thena
sequencef T timesteps, e*( ');€?( 7);:::;e"( F) ,andwe
denotethelRF, , by thecorrespondingequencef states,

RF:  (x; "5 FiTy= xP=xxbonx" (10)

Figure 3: The parameterized
impulse responsefunction (IRF),
x5 FT).

An importantspecialcaseof IRF occursif the impulsive and
persistenforcing parametersireidentical, ' = F. In this case,
one parametedescribegachinteractiontype. SeeFigure4 for a
threeparameteillustration,andFigure5 for the cloth example.

3.3 Impulse Palettes

To modelthe possibleinteractionsduring precomputatiormndrun-
time simulation,we construcanindexedimpulsepaletteconsisting

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



Figure4: A3-valued ' = F

system shawving orbits in
(9,;49,)-plane excited by
changes between the three
values. The cloth-on-door
exampleis analogous.

/2

<

of D possibleRF( '; F) pairs:
o= (5 1)iC2 2)ii(ps b) @ (A1)

Impulsepalettesallow D speci c interactiontypesto be modeled,
anddiscretelyindexedfor ef cient runtimeaccesgdescribedater
in x5.2). For smallD, the palettehelpsboundthe precomputation
requiredto samplethe phaseportraitto a sufcient accurag. By
limiting the rangeof possibleuserinteractions,we canin uence
the statisticalvariability of theresultingdisplacementelds.

3.4 Interaction Modeling

Impulse palettedesignrequiressomephysical knowvledge of the
in uence that discreteuserinteractionshave on the system. For
example,we now describethe threeexamplesusedin this paper
(seeaccompaying Figureb).

Dinosaur on moving car dashboar d:  Thedinosaurmodel
receves body impulse excitations resulting from discontinuous
translationamotionsof its dashboardgupport.Ourimpulsepalette
modelsD = 5 pureimpulsescorrespondingo 5 instantaneous
car motionsthat shale the dinosaurfollowed by free motion: |
describeghe i body force 3-vector andthereare no persistent
forces( F = 0),i.e.,lp = f( 1;0);:::;( 5;0)g. (Sinceonly
translationis involved, gravitational force is constantin time, and
doesnotaffectIRF parameterization.)

Plant in moving pot:  Thepotis modeledasmaving in aside-
to-sidemotionwith threepossiblespeedsy 2 f vo;0; + vog, and
plantdynamicsareanalyzedn the pot's frameof reference Since
velocity dependenair dampingforcesarenot modeledthe plant's
equilibrium at speed v matchesthat of the pot at rest (speed
0). Thereforesimilar to the dinosauywe modelthe uniform body
forcing asimpulsesassociatedvith the left/right velocity discon-
tinuities, followed by free motion (no persistentforcing) so that
Ip = f( vo;0);(+ vo;0)g.

Cloth on moving door: The door is modeledas moving at

threepossibleangularvelocities,! 2 f 14;0;+! ¢g, with 290

degreeangularange. Air dampingandangularacceleratiorinduce
anonzeropersistenforcewhen! = | o, whichis parameterized
as F = lg,and F = Owhen! = 0. By symmetry the

clothdynamicscanbeviewedin theframeof referenceof thedoor,

with velocity and velocity changesn uencing cloth motion. In

thisexampleno additional ' impulseparameterarerequired and

we modelthe motion asthe specialcase, ' = F. Ourimpulse
palettesimply representshe threepossiblevelocity forcing states
Io =f( 'o; !0):(0;0);("0:!0)g

3.5 Impulsivel y Sampling the Phase Portrait

By forcing the modelwith the impulse palette,IRFs can be im-
pulsively sampledin the phaseportrait. We use a simple ran-
dom IRF samplingstratgy pregeneratedat the start of precom-
putation. A randomsequencef impulse paletteinteractionsare

constructedwith eachIRF integratedfor a randomduration, T 2
(Tmin ; Tmax ); boundedby time scalef interest.

Therearea coupleof constraintson this process First, theran-
domsequencef impulsepaletteentriesis choserto be “represen-
tative of runtimeusage’sothatnonplysicalor unusedgsequencedo
notoccur For example theplant-in-potexampleonly modelsthree
pot motionspeedsf vo; 0; + vog, andthereforeit is not usefulto
apply morethantwo same-signed v, velocity discontinuitiesin
arow. Similarly, the cloth's dooronly changesngularvelocity by
j! o] amountssothattransitiondfrom ! oto+! o arenotsampled.

Secondakey pointis thatwe sampleenoughRFsof sufciently
longtemporaldurationto permitnaturalruntimeusage Thisis con-
trolledusingTmin @andTmax . In particular dynamicscaneither(a)
be playedto completion(if necessary)sothatthe modelcannatu-
rally cometo rest,or (b) expectto beinterruptedbasecdn physical
modelingassumptionsAs anexampleof thelatter, thecloth's door
hasa 90 degreerangeof motion, so that IRFs associatedvith a
nonzeroangularvelocity, ! , needbe at mostonly 905! j seconds
in duration.

In orderto producerepresentatie clips of motion,we Iter sam-
pled IRFsto discardthe shortesbnes. Theseshortorbitsarenot a
loss, sincethey areusedto spanthe phaseportrait. We alsoprune
orbitsthatendtoofaraway from thestartof neighbouringRFs,and
are“deadends. We canoptionally extend sampledorbits during
precomputatione.g.,if insufcient dataexists. Orbitsterminating
closeenough(in the phasespacedistancemetric) to be smoothly
blendedto other orbits, e.g., using Hermite interpolation,can be
extended. In moredif cult caseswvherethe dynamicsarevery ir-
regular, suchasfor the cloth, one canresortto local interpolation,
e.g.,k-nearesneighbor to extend orbits, but thereare no quality
guarantees.n general,we adwcatesamplinglonger IRFs when
possible.

While our samplingstratgjiesare preplannedor usewith stan-
dard of ine solvers (seeFigure 7), an online sampling stratgy
could be used. This would allow IRF durations,T, andnew sam-
pling locationsto bedeterminedhtruntime,andcouldincreasesam-

pling quality:.

4 Reduced Global lllumination Model

A signi cant bene t of precomputingparameterizationsf the de-
formablescenes thatcomple data-drvenappearancenodelscan
thenalsobe precomputedor real-timeuse. This parameterizedp-
pearancenodelcorrespondso the secondpart of our phasespace
model(Equation2). Oncethereduceddynamicalsystemhasbeen
constructedye precomputean appearancenodelbasedon a low-
rankapproximatiorto thediffuseradianceransferglobalillumina-
tion modelfor low-frequeny lighting [Sloanet al. 2002]. Unlike
hard stenciledshadavs, the diffuse low-frequeng lighting model
producesblurry” lighting andis moreamenabléo statisticalmod-
eling of deformationreffects.

4.1 Radiance Transfer for Low-frequenc y Lighting

Following [Sloanet al. 2002], for a given deformedgeometry for
eachvertex point, p, we computethe diffuse interre ectedtrans-
fer vector (Mp);, whoseinner productwith the incident light-
ing vector (Lp)i, is the scalarexit radianceat p, or Lg =

i"fl (Mp)i(Lp)i. Hereboththetransferandlighting vectorsare
representeth sphericalharmonicbases.For a givenreduceddis-
placemenmodelshapé, q,, we computethe diffusetransfer eld
M = M(q,) = (Mp,)k=1:s dened ats scenesurface points,

3The appearancenodel dependson the deformedshapeof the scene
(gy) but notits velocity (g, ).



Figure5: SampledRF time-stepsolored by impulsepaletteindex (2D projectionof (g, )13 coodinatesshown): (Left) dinosaurwith 5
impulsetypes;(Middle) plantwith left (blue)andright (red)impulses;(Right) cloth with variousdoorspeeds: ! ¢ (red),atrest(blue),and

+1 o (green).

pc;k = Llis. HereM,, is a 3n? vectorfor an ordern SH ex-

pansionand3 color componentssothatM is alarge 3sn? vector

We usen = 4 in all our examples,sothatM haslength48s, i.e.,

48 oats pervertex. Note that not all scenepoints are necessar
ily deformablee.g.,door, and somemay belongto double-sided
surfacesge.g.,cloth.

4.2 Dimensional Model Reduction

While we could laboriously precomputeand storeradiancetrans-
fer elds for all phaseportrait statenodes signi cant redundang
exists betweenthem. Therefore,we also use least-squaresli-
mensionaimodelreductionto generatdow-rank transfer eld ap-
proximations. We notethat, unlike displacementelds for which
modalanalysissuggestshatleast-squareprojectionscanbe opti-
mal, thereis no suchmotivationfor radianceransfer
Given N, deformed sceneswith deformation coordinates
(a5;:::;q)?), we computecorrespondingscenetransfer elds,
M! = M(d},), andtheir mean,M. We substracthe meanfrom
eachtransfereld, M' = M! M, andformally assemble¢hemas
columnsof ahuge3sn?-by-N, zero-meahtransferdatamatrix,
2 3
h i Mél Mgl Myla
A, = [ EVE wNa = . . .
M%S M’Z)S Mgsa

We computethe SVD of A, to determinethe reducedlow-rank
transfermodel, and so discover the reducedtransfer eld coordi-
natesyl, = q,(d,);j = 1:::Na; for theN, deformedscenesWe
denotethe nal rank+, factorizatiorasAa,  UaQa WhereU, are
theorthonormalransfereld basisvectorsandQa. = [ q}?]
arethereducedappearanceoordinates.

4.3 Interpolating Sparsely Sampled Appearances

Computingradiancetransferfor all statenodescanbe very costly
andalsoperceptuallyunnecessaryVe thereforeinterpolatethere-
ducedradiancdransfer elds acrosghephaseportrait. Normalized
Radial BasisFunctions(NRBFs) are a naturalchoicefor interpo-
lating high-dimensionakcattereddata[Nelles 2000]. We useK-
meansclustering[Nelles 2000] to clusterphaseportrait statesinto
Na N clusters(seeFigure6). A representate stateqﬁ clos-
estto thek™ clusters meanis usedto computeradiancetransfer
(usingthe original statenodes unreducedneshto avoid compres-
sion artifactsin the lighting model). Model reductionis thenper
formedon theradianceransfer elds for theN, statesIn theend,

“4Formally, thereis no needto subtracthe datameanprior to SVD (un-
like for PCA wherethe covariancematrix mustbe constructed)but we do
sobecausehe rst coordinatecapturesiegligible variability otherwise.

we know the reducedradiancevaluesgf at N, statenodes,i.e.,
¥ = q.(9%); k = 1:::Na. Thesesparsesamplesarethenin-
terpolatedusingaregularizedNRBF approachThis completeghe
de nition of thedeterministicstatespacemnodeloriginally referred
toin Equation2.

Figure6: Clusteringof deformediinosaurscenegor transfercom-
putation: (Left) Clusteredshapecoordinates g, g; (Right) inter-
polatedappearanceoordinatesf gq,g. Only the rst three (2D-
projectedcomponent®sf g aredisplayed.

5 Runtime Synthesis

At ary runtimeinstant,we either“play anIRF” or areatrest,e.g.,at
theendof anIRF. Onceanimpulseis speci edby anindex from the
impulsepalette we switchto anearbylRF of thattypeandcontinue
until eitherinterruptedby anotherimpulsesignal or we reachthe
end of the IRF and cometo rest. At eachtime-stepwe trivially
lookup/computey, andg, andusethemto evaluatematrix-vector
productdor thedisplacement = Uy ¢, andradianceransfer =
Uaq, elds neededor graphicalrendering.This approacthasthe
bene tsof beingbothsimpleandrobust.

5.1 Blending Impulse Responses

Given the problemsassociatedvith orbit interpolation(x3.1), we
wish to transition directly betweenIRFs during simulation. To
avoid transition(popping)artifacts,we smoothlyblendbetweerthe
stateandthe new IRF. We approximatethe IRF at x° with the IRF

Y(x; '; F)fromanearbystatex by addinganexponentiallyde-
cayingstateoffset(x® x) to thestate,

oG BT e s BT (¢ xe o (12)

blend. This approximatiorcorvergesasx®! x, e.g.,asP is sam-
pledmoredenselybut its chiefbene tis thatit canproduceplausi-
ble motionevenin undersampledasegasin Figure2). For render
ing, appearanceoordinatesassociatedvith '(x; '; F;T) are



alsoblended,

(<% BT e T+ (@) g.())e t:
Finally, the costof blendingis proportionalto the dimensionof the
reducedcoordinatevectors2r, + r,, andis cheapin practice.

5.2 Caching Approximate IRF References

A bene tof usinga nite impulsepalettel p isthateachstatein the
phaseortraitcancachetheD referenceso thenearestorrespond-
ing IRFs. Thenatruntime,for thesystemin (or near)agivenphase
portraitstate x, theresponseo ary of theD impulsepaletteexci-
tationscanbeeasilyresohedusingtablelookupandIRF blending.
By cachingtheselocal referencesat statenodesit is in principle
possibleto verify during precomputatiorthatblendingapproxima-
tionsarereasonableand,e.g.,don't leadto self-intersections.

5.3 Low-rank Model Evaluation

The two matrix-vectorproducts,u = U,q, andM = U,q,, can
be evaluatedin softwareor in hardware. Our hardwareimplemen-
tationis similar to [JamesandPai 2002a;Sloanetal. 2002]in that
we computethe pervertex linear superpositiorof displacements
andtransferdatain vertex programs.Giventhe currentpervertex
attribute memorylimitations of vertex programg(64 oats), some
superpositionsnustbecomputedn softwarefor largerranks.Sim-
ilar to [Sloanetal. 2002],we canreduceransferdatarequirements
(by afactorof n? = 16) by computingand cachingthe 3r, per
vertex light vectorinnerproductsin software,i.e., xing thelight
vector Eachvertex's color linear superpositiortheninvolvesonly
ra 3-vectors.

6 Results

We appliedour methodto threedeformablescenegypical of com-
putergraphicsthatdemonstratsomestrengthsandweaknessesf
our approach.Dynamicsandtransferprecomputatiorandrender
ing timesaregivenin Table2, andmodelstatisticsarein Table1.
The dynamicsof eachof the threemodelswere precomputeaver
the periodof a day or moreusingstandardsoftware(seeFigure7).
Radiancdransfercomputationgook on the orderof adayor more
dueto polygoncounts,andsamplingdensitiesN 5.

Scene 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

Table 2: Modeltimingson an Intel Xeon 2.0GHz,2GB-266MHz
DDR SDRAM, with GeForce FX 5800 Ultra. Runtime matrix-
vectormultipliescomputedn software(SW) usingan Intel perfor
mancéibrary, exceptfor the dinosaurexamplethat ts into vertex
programhardware (HW).

The cloth exampledemonstratemterestingsoft shadavs andil-
luminationeffects,aswell assubtlenonlineardeformationgypical
of cloth attachedo a door (seeFigure 8). This is a challenging
modelfor data-drvendeformatiorbecaus¢he materialis thin, and
in persistenself-contact,so that small deformationerrorscanre-
sult in noticeableself-intersection.By increasingthe rank of the
deformationmodel (to r, = 30), the real-time simulationavoids

Figure 7: Precomputingreal-time modelswith ofine simula-
tors: (Left) cloth precomputedn AliasjWavefront Maya; (Mid-

dle,Right)modelsprecomputedby anengineeringnalysigpackage
(ABAQUS) usinganimplicit Newmarkintegrator

visible intersection. Unlike the otherexamples the complex ap-
pearancenodelappearso have beenundersampledy the cluster
shapesampling(N . = 200) sincethereis someune/enessn inter-
polatedlighting and certaincloth-doorshadavs lack propervaria-
tion.

Figure 8: Dynamic
cloth statesinducedby
door motions: (Left)
cloth and door at rest;
(Right) cloth pushed
againstmoving doorby
air drag.

Theplantexamplehasinterestingshadevs andchangingvisibil-
ity, andthe dynamicsinvolve signi cant multi-leaf collisions(see
Figures10and11). The plantwasmodeledwith 788 quadrilateral
shell nite elementdin ABAQUS, with the mary collisionsaccu-
rately resoled with barrierforcesandanimplicit Newmark inte-
grator

5Usinga larger cloth “thickness”during precomputationwould alsore-
duceintersectiorartifacts.

ra=0(mean) ra=3 ra==6
Figure9: Reducedadiancetransferilluminationsfor anarbitrary
cloth poseillustrate improving approximationsas the rank r 5 is

increased.

Figure10: View of plantfrombehind



Scene DeformableModel Appearancéodel IRF
F [ V [ DOF [ry | relEmr F [ Vi [ DOF [ Na [ra]relErmr 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

Tablel: Model Statistics:Ther, andra rankscorrespondo thoseusedfor frameratetimingsin Table2.

Figurell: Interactivedynamicbehavios resultingfromappliedimpulses

Therubberdinosauthadthesimplestdynamicsof thethreemod-
els, and did not involve collisions. It was precomputedising an
implicit Newmarkintegratorwith 6499FEM tetrahedraklements,
anddisplacementwereinterpolatedbntoa ner displacedsubdvi-
sionsurfacemesh[Lee etal. 2000]. However, theradianceransfer
datamodelwas easily the largestof the three,andincludesinter
estingself-shadwing (onthedinosaurs spines)yandcolor bleeding
(seeFigurel1l). Runtimesimulationimagesandsomereduceda-
sisvectors,or modes,of thedinosaurs displacemenandradiance
transfemodelsareshavn in Figure13.

All examplesdisplayinterestingdynamicsandglobalillumina-
tion behaiors. Signi cant reductionsin the rank of the displace-
mentand appearancenodelswere obsened, with only a modest
numberof ops per vertex requiredto synthesizeeachdeformed
andilluminatedshape.In particular Figure 12 shaws thatthe sin-
gular valuescorverge quickly, so that useful approximationsare
possibleatlow ranks.In generalfor agivenerrortoleranceappear
ancemodelsaremorecomple thandeformatiormodels.However,
whencollisionsarepresentJow-rank deformationapproximations
canresultin visible intersectionartifactsso that somevhat higher
accuray is needed.

defomode2 defomode3 defomode5

transfermode3 transfemode5 transfermode6

Figure 13: Dinosaurmodes: (Top) displacemenmodeshapes;
(Bottom)radianceransfermodes.

7 Summary and Discussion

Our method permits interactve models of physically basedde-
formable scenesto be almost entirely precomputedusing data-

driventakulation of statespacemodelsfor shapeandappearance.
Using ef cient low-rank approximationdor the deformationand
appearancenodels extremelyfastrenderingratescanbe achieved
for interestingmodels.Suchapproachesanassistraditionalsim-
ulationin applicationswith constraineccomputingresources.
Futurework includesimproving dynamicsdataquality by us-
ing betternon-randonsamplingstratgiesfor IRFs. Building bet-
ter representationfor temporaland spatialdatacould be investi-
gatedusing multiresolutionand “best basis” statistics. Generaliz-
ing the possibleinteractionsge.g.,for contactandsupportingmore
comple scenesremain important problems. Extensionsto de-
formableradianceransferfor nondifusemodels,andimportance-
basedsparseshapesamplingarealsointerestingresearclareas.
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