published in:
Computer Animation and Simulation *96(Proc. Eurographics Workshop), R. Boulic and G. Hégron eds., Springer Wien, New York, 1996, pp.183-197.

Plausible Motion Simulation
for Computer Graphics Animation

Ronen Barzel John F. Hughes Daniel N. Wood
Universityof Washington ~ Brown University Universityof Washington

Abstract

Accurag is theubiquitousgoalof dynamicsimulation,in orderto yield the“correct” motion. But

for creatinganimationwhatis really of interestis “plausible” motion,which is somevhatdiffer-

ent. We discussvhatwe meanby plausiblesimulation,how it differsfrom “accurate”simulation,
andwhywethinkit'saworthwhileareato study Thediscussioriouchenquestion®f physically
plausiblevs. visually plausiblemotion, plausiblesimulationin a noisy or texturedervironment,
andprobabilitymeasurefor motion,aswell asissuedor forwardandinverseproblems.

1 Intr oduction

Simulationis generallyusedin the context of a predictive modelof behaior: givena precisedescriptionof
areal-world situation try to determinecomputationallywhatwould really happenWhendesigningairplane
parts,for example,accurag of themodelandof the simulationarecritically important.

However computergraphicsanimationhasdifferent needs,requiring a slightly differentoutlook. In
particular we claim:

e Forcomputegraphicsaanimationwe don't needa predictve modelof whatwill happenThecreatorof
ananimationdecidesa priori whatis to happenthe purposeof simulationis to provide toolsto make
it happerin away thatseemgeal.

¢ Simulatedmotionoftenlooks“sterile;” becauseét lacksthe variationcauseddy small detailsthatare
left outof themodels.Thesearegenerallyomittedbecauseheirinclusionwould renderthesimulation
computationallyintractible,or becaussimulationmethodgor handlingsuchdetailarenotknown.



We thusintroducetheideaof plausiblemotion: motionthatcouldhappengivenwhatis (un)knovn aboutthe
systemMany motionsmaybeplausiblefor givenconditionsthis cangive uslatitudein creatingor choosing
aparticularmotionthatis desired.

We have foundthatrecastingheanimationsimulationproblemdomainto be oneof plausibleratherthan
accuratamotionopensup a variety of interestingandpromisingdirectionsfor investigation We will discuss
someof thesedirections,andgive somepreliminaryresults.We hopeto stimulateinterestin anareathatwe
have only justbegunto explore.

2 Thought Experiments
We discusssomesimplethoughtexperimentsto motivatethe claimsof the lastsectionandto examinethe

notionof plausibility. Theexperimentdeadto variousconjectureaboutimplementingandtakingadwantage
of plausibility.

2.1 Thelmportance of Detalil

Thought experiment: A Superball

Considera typical CG simulationof a spherereleasedrom restabove a groundplane:

it bouncesip anddown above asinglepointontheplane.

Now considera real-world superbalthatis heldandreleasedibove a oor: it bounces
and skittersevery which way. Repeatthe experiment;the ball will travel on a very

differentpath,but the overall“character”of the skitteringwill beroughlythesame.

Thereareavariety of factorsthatprobablycontrikuteto the skitteringof areal-world superball:slightinitial
spinimpartedwhenthe ball is releasedeccentricitiesn the shapeof the ball, inhomogeneitieqn its mass
distribution,non-horizontaloor plane,non-planaroor, anddirt andotherparticlesonthe oor.

Thinking aboutthe bouncingball, we obsere:

e Simulationof CGmodelgendto look mechanicaandsterile,nomattethow accuratehecomputation.
Thisis becaus¢éhe modelis itself “sterile”: a perfect at planeanda perfectsphere.

¢ It would behardto take into accountall factorsandimperfectiongo accuratelymodelandsimulatea
realsuperbalbnareal oor. Furthermoreno matterhow carefullywe measurehesuperbalbnd oor
in questiontherewill besomeuncertaintyin theinitial conditionsg(unlesswe build a precisemechani-
cal releasanechanisnratherthansimply droppingthe ball by hand),whichwill leadto uncertaintyin
theresultingmotionpath.

¢ |t doesnt matterexactlywhich motionpaththeball takesif oneis only concernedvith theappeaance
of realism.Eachreal-world trial is differentarnyway. But it is essentiathatthe pathdisplaysthe same
type of skitteringthatis causedy theimperfectionsn therealworld.

It maybetoo hardto accuratelysimulateall the “details” of the realworld. But we geta big win if we can
mimicthedetails:we would malke plausible hon-sterilemotion.

Conjecture: We canmimic real-world imperfectiondy startingwith the usual at, smoothCG model,
and introducingan appropriateamountof variability into the simulationprocess. This approachis well-
known in theworld of rendering:One providestexture to make modelsappeamorerealistic. Texture adds
detailmosteffectively whenthe “character”of the detailis important,but the actualdatain the detailis not
(e.g.,it matterghatthewall is marble but notwheretheveinsin the marblelie).



2.2 The Futility of Accuracy

Thought experiment: Rolling Dice (a)
Considerrolling a die to seewho plays rst in a gameof Monopoly. This extremly
simplephysicalsystem—roughlya cubeand at plane—iscommonlyconsideredo be
agoodsourceof randomnumbers.

Thinking aboutsimulatinga die roll leadsusto two obsenations:
¢ Sincebehaior of this systemis random? theres no pointin trying to simulateit “accurately’

¢ A typical simulationof arolling die would producethe sameresulteachtime it is run (for agivenset
of initial conditions).In somesenseto really be “accuraté€, a simulationshouldproducea different
resulteachtimeit is run.

Sincerepeatabilityis a desirablepropertyof computemprogramshaving a simulationtruly producerandom
resultsis probablynot ideal. More useful—thougtprobablyhardto compute—wuld be a simulationthat
reports(in someform) the spaceof possibleresults allowing theuserto choosea speci ¢ elementasdesired,;
the programcouldalsochooseonearbitrarily? or randomly

Thought experiment: Rolling Dice (b)

Considerthe following scenario:a pair of dice areon a table, shaving seven; some-
thing knocksthemto the oor, they endup shaving “snake eyes’ This is a plausible
occurrencebut onethatis hardto arrangeor predict.

Supposeve wantto createananimationof the above scenario.To producea believablemotionfor thedice,
simulationis a naturalchoice.But thinking abouthow to meetthe nal-state condition,we note:

e Sincebehaior of this systemis random,we cant expectanaccuratepredictve model. And we cant
expectto easilyadjusttheinitial conditionsto guarante¢hedesirednal results.

¢ Tocreateananimationwe don't needapredictve model,sincewe know whatwe wantto have happen.
But we do needaway to createa plausiblemotion.

Onemightimaginetrying to createthis animatiorby simulatingit repeatedlyvith variousparametevalues—
sincetheoddsof “snake eyes” are1:36,we'd expectthatwithin, say 50 trieswe'd getthedesiredresult.

But whatif thedirectorspeci ed notonly theinitial and nal scoresof thedice,but alsotheir positions?
We now have a highly constrainedor multi-pointboundaryalue)problem for a highly unstablesystem.

Conjecture: The easiestway to createan animationof scenariossuchasthe above is to exploit the
variability andinstabilitywithin thesystem:At eachmomentwhenthereis variability, canadjusttheoutgoing
statewithin the boundsthat are derived from the plausiblesetof incomingstatesandthe instability in the
system.

IMore precisely:giventhe limits of precisionin theinitial conditionsandthe computationandgiven the instability in the system,
theresultsof this (or comparableituations)areprovably indeterminat¢gHS92.
2Thusreturningusto the usualbehaior of simulation.



2.3 The Flexibility of Believability

Thought experiment: BaseballHit

Considera viewer in the bleachersvatchinga basebalfl pitch, swing, andhit. Canthe
viewer guessvhereandhow fartheball will travel—straighto theleft elder? over his
head?insidethefoul line? out of the park? Canthe viewer measurénow high the ball
ies, or whetherit travelsin a parabolicarc?

To createan animationof a baseballwe canprobablychoosefrom a wide rangeof trajectories—eenones
thatarephysicallyinfeasible—withoutompromisinghebelievability (for example,have the ball “hang” in
theair for amomentiongerthanit oughtto, to increaseahe dramatictension).

Again, makinga few obsenations:

e Peoplearenot alwaysterribly accuratepredictorsof motion. (How mary novice out elders have run
forwardto catcha y ball, only to have it passovertheirheads?)

¢ In somecasespeoplearewilling to acceptsurprisingbehaior by relying on unseerforces: in par
ticular, the effectsof wind on the ball aresigni cant on balls hit a long way, andmiscalculationgand
elding errorscanoftenbeblamedon thewind.

o Believability dependsn viewing angle. From the bleachersabove homeplate, the initial direction
(towardsleft or right eld?) is probablynotasfreeto be adjustedasis theinitial elevation(grounder
line-drive,or y ball?),while from behind rst basethe oppositewvould betrue.

Of coursetherearelimits to how muchvariationcanbeintroducedbeforebreakingthe viewer's belief that
thesimulationis “real” For example,if the batterbunts,holdingthe batstill, it would beimplausiblefor the
ball to gainenoughenegy thatit could y totheout eld.

Conjecture: For computergraphicsanimationwe canin mary casesntroducead-hocvariationof mo-
tion withoutcomprimisingbelievability.

3 Characterizing Plausibility

In the previoussectionwe consideredomeintuitive notionsaboutplausibility. We now attempto character
ize plausibility somavhatmoreprecisely

3.1 Sourcesof Variability
Therearesereralfactorsthatcontrituteto variability in amodelandsimulation:

e Numericalerrorin computation.Theresultof a solver is oneelementof the setof solutionsaccurate
to within giventolerances—it theremaybe others.

o Approximationdn theabstraction(Are thebodiesreallyrigid? How appropriatés the Poissormodel
of collision [KR66] or the Coulombmodelof friction [Rei71?)

e Inaccuray in thedata.(How preciselydo we know the mass™How accurates theinitial velocity?)

e Missingdetailsin themodel.(ls theball really round?Is the oor really at?)

3Any Europeanin theaudiencegonsideiinsteadkicking afootball or soccerball.



Thesdactoramostlycausecontinuousvariability in thesolution.But collisionsintroduceanentirelydifferent
classof variability: Eachcollisioncannon-linearlymagnifyall theothervariabilities producingmacroscopic,
discontinuougffectsdueto smallchangesn parameterd. Thuswe have anadditionalsourceof variablitiy:

¢ Instabilityin the system.

Conjecture: Sincecollisionscanmagnify invisible variations,in mary casest may be sufcient, for gen-
eratingplausiblemotion,to neglectexplicit consideratiorof the “primary” variations,andintroducead-hoc
variationontheresultsof eachcollision instead.

Slightly akusing the Englishlanguage we refer collectively to the varioussourcesof variability in a
systemasthevariabilities of the systen®

3.2 Physicalvs. Visual Plausibility

We consideta motionpathto be physicallyplausibleif it lies within the rangeof motionsallowedby known
errorboundsonthe above variabilities.

We considera motion pathto be visually plausibleif it looks corvincing. This is of coursea weak
de nition, sinceit depend®n avarietyof perceptiorandcognitionfactors,or morebroadly onwho's doing
thelookingandin whatcontext. Still, we canattemptto make somegenerakharacterizationsf whatmalkes
motionvisually plausibleor implausible:

¢ In mostcasesyisual plausibility seemgo requireinstant-to-instantcorrectness. In our context, we
canconsidemotionto bevisually plausibleif it lies within therangeof motionallowedby arbitrarily
choserboundontheabovevariabilities,solong astheendresultlookscorvincing. Visualplausibility
canallow temporalvariationof parametershatwould otherwisebe consideredo be constan{e.g.,an
objectcouldpossiblychangemassslightly overtime).

¢ Visualplausibility may dependon the stateof systemandviewing parameterstf a ball approachea
surfaceperpendicularlyit shouldleave mostly perpendicularly But if it arrivesat, say 47 degreesit
canprobablyleave arywherefrom 40 to 55 degreeswithout the viewer noticing—moreif the ball is
traveling directly away from the cameraor if the camerais aimedalongthe wall thusconfusingthe
viewer's ability to judgeangles.

¢ Relianceoninvisible forcescanhelp provide visualplausibility, if the viewer expectsthatsuchforces
might exist (e.g.,wind effectingabaseball).

¢ Relianceon invisible forcescanreducevisual plausibility, if the viewer doesnt expectsuchforcesto
exist.

¢ Visualplausibility dependon how well the viewer cansee.Objectsthataremoving very fast,or are
arevery far away, or areobscuredepr arepoorly lit, provide extra opportunitiesor variability.®

In generalyisual plausibility is a looserrequirementhanphysicalplausibility. But visual plausibility may
occasionallybe a strongerequirementphysicalsystemsare sometimeson-intuitive, or behae unexpect-
edly dueto invisible or otherwiseunknown internal state. Theremay be somecasesn which a visually

4Indeed,Hubermanand Struss[HS92] describea simple billiard-table-with-obstde systemwhosebehaiour is chaoticin large
areas.

5Themoreobvioustermssuchasvariables or parameters would suggesa modelof the systenthatis moreformal or completethan
we wishto emplgy.

6Thusto someextent, we can considervisual plausibility to be the sameas physical plausibility: motion allowed by known
tolerances—iit basedbn theviewer's perceptiorof the systemratherthanthe model-twilder's knovledge.
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Figure 1: The set of plausible paths for a cannonball that bounces once. Here, the uncertainty in the initial conditions is
very small, so the first arcs are nearly identical. Following the bounce, the subsequent arcs are many and varied.

plausiblesimulationhasto “break” physics—tado somethingnotallowedby physicallaw—to avoid surpris-
ing theviewers.

Whataboutthelimits of visualplausibility? It would beinterestingto learnhow suchthingsasviewing
angle speedandimpactangleaffectviewers'impression®f plausibility, perhap$y conductinguserstudies.
In generalhowever, it is likely to requirethe storytellingtalentof humananimatorgdo know justhow much
implausibility or coincidencenecan“get away with” in a givencontext.

Finally, notethatwe're not consideringso-called‘cartoonphysics"—theCoyote walking off a cliff for
several pacesheforefalling, or RicochetRabbits bullets chasinga villain aroundcorners—tdoe within the
realmof visualplausibility. The point of suchgagsis exactly theirimplausibility.

3.3 Motion Path Cones

Thebehavior of asystencanof coursebedescribedsa paththroughstatespaceor phasespacdFW8(Q]. We
considerthe plausiblemotion of a bodyto be a bundleof paths,or generalizeadtone,throughstateor phase
spaceasillustratedin Figurel. The boundsof the conearedetermineddy the rangesof the variabilitiesin
themodel.

More preciselyamotionpathconestartsat theregion of phasespacehatdescribesheinitial conditions
(a region ratherthan a point, sincewe include error boundsor tolerances). We sweepout a volume by
extrudingtheregion overtime, evolving it in keepingwith physicallaw.’

Conesdo not necessarilgontinueinde nitely: If friction slovs down the object,it may cometo rest,as
in the caseof the cannonbalbf Figurel.

Wheneer the pathconeof a bodyintersectsomeotherbody sothatthey cancollide, thereis a branch
pointin the plausiblemotion. Thusthereis atreeof coneswith “shadavs” of obstaclesn the parentcone.

The more detail or precisionwe have in the model,the narraver the cones. However, even with very
narrow initial conestheinstability causedy collisionscanquickly widenthe conesfartherdown thetree. If
theobjectis con nedto someboundedegion of spacejn mary casesheconemaywidento coverall points
of thespacdKMS85].2

How doesall this relateto simulation?A typical initial-valueforward simulationchoose®nepathfrom
within the tree of pathcones. In thinking aboutsimulations,it may often be worth rememberinghat ary
givensolutionhasneighboringpathswithin the conesthatdescribeotherplausiblesolutions.Althoughit is
notin generafeasibleto computeall completepathconetrees—thg canclearlygrow toolargeandcomplex
to representcompactlyor at all—in somecasescomputinga subtreemight well be feasibleanduseful,as
will bediscussedbelow. If to nd the*“right” animationoneis goingto have to simulaterepeatedlythenit

"Notethattheboundarie®f the conearent necessarilgleterminedy the conditionsat the start;theremaybe continuouslyvariable
parametersuchasatmospheridisturbancer gravity thatcanaffecttheboundaries.

8Althoughnot necessarilyll pointsof the phasespace For example,a billiard ball, bouncingabouton a frictionlesspool tablewith
bumpersthat absorb10% of the enegy on eachcollision will (with high probability) eventually passvery nearto every point of the
table,althoughonly a smallinitial segmentof its trajectorywill be coveredata high speed.



mightreducethe overallcomputatiorto computeheconetreeinitially, andthensimply pick onepathwithin
it thatmeetsone'sgoals.

3.4 Probability and Plausibility

While awide rangeof motionpathsmaybe plausible arethey all really likely? We consideprobabilitiesin
conjunctionwith motionpaths.

We startby introducingprobability distributionsasa modelof underlyingvariability. For example,in a
collisionwith aroughsurface thestatisticalvariationin a normalvectormighthave a Gaussiaristribution.

Theseunderlyingdistributionsinduceprobability distributionsover eachpathcone. At eachbranching
pointin thetreeof coneswe propagatg@robabilityby integratingthe parentprobabilityoverthecross-section
of thetargetarea o gettheprobabilityp of takingthatbranch.Theprobabilitesn thechild brancharescaled
by p; the probabilitiesfor pathsnotfollowing thatbrancharescaledby 1 — p.

Of course,in a continuousspaceof motion paths,the probability of arny giventrajectoryis negligible
(evenif it's a pretty reasonablehoice). This canbe addressethy de ning the probability densityover the
cone,andonly assigningprobabilityto setsof motionpaths by integratingthedensityovertherangeof paths
in aset.

In discussingwhat makes a path acceptablyplausible,it can be usefulto take a Bayesianapproach
[HU93]. Thatis, if aviewersawv agivenpath,wouldtheviewer'sbeliefaboutthesimulatedvorld changef,
for example,oneseesaball droppedon a gravel driveway, andit took anoddbounceto theNorth, onemight
think nothingof it (“therewasprobablya stonethatcaughtit justthewrongway”). But if it took sevenodd
bouncesn arow, all to the North, onewould begin to think thatsomethingvas“rigged” FromaBayesian
viewpoint, the implicit hypothesighat the gravel's normalvectorsare uniformly distributed becomedess
likely asoneobsenesthe stringof unusuabounces.

Having a probabilitymetricfor pathconeshasthe potentialto be usefulfor minimizingcomputationFor
example,in mary casesratherthancomputeanentiretreeof pathconesjt would beappropriatdo compute
only thosethatrepresenteasonablyik ely occurrences.

4 Applications

We discussherea few waysin which theideasof plausiblemotioncanbeapplied.

4.1 Simulating with Texture

Perhapshemostbasicideadiscussedhusfaris thatfor simulationgo look realistic,they mustadd“texture”
to the otherwisetoo-simplemodels,wherewe usethe term “texture” in analogywith the texture-mapping
commonlyusedin rendering:apparentietailaddedasan aftereffect. Texture in imagegeneratioris pro-
ducedby texture mappingof scannedmages by proceduratextures,andby randomly-generatetéxtures
(amongothermethods)andwe cando likewise. As perthe conjectureof Section3.1, we concentratehe
texturein collision parameters:

¢ We can plausiblly forward-simulatebouncingbodiesby simply addinga certainamountof ad-hoc
randomvariationto theinitial conditionsandto the normalvectorassociateavith eachbounce.

e We canperformexperimentsg.g.,measurgeal superbalbouncedirections,andusea statisticaltab-
ulation of the resultsasa sourcefor distribution of variability, similarly to renderings bidirectional
re ection distribution functionsor microfacetslopedistributions[FvDFH9Q.



e We canborrow directly from rendering,and usetexture mapsand bump maps—inmary casesthe
very mapsthatareusedby the renderer For example,we canvary the coefcient of restitutionbased
on surfacetexture,andusethe bumpednormalfor thecollision.

We suspecthatthebestresultswill arisefrom combiningrandomneswiith storedor computedextures.For
example whereverthereis abump,widentherangeof normals.Thusfor atile oor, with raisedtilesbedded
in grout,we mightassigrsomeavhatvariablenormalsfor the groutregion, andsubstantiallyariablenormals
in the areaswherethe bump-maptells us that the normalis changingrapidly (i.e., on the curved edgesof
eachtile).

In addingtextureto simulationswe needto be carefulnotto add(too much)enegy to thesystemasthis
would likely destrgy (visual) plausibility. This depend®n whetherthereareactive elementsn the system,
suchaspinball machinebumpers.

4.2 Animation Control

By exploiting variability we have the potentialto give animatorsdirect-manipulatiorstyle control over ani-
mation,while automaticallymaintainingphysicalplausibility. We describeafew approaches:

e Motion construction. A programshaws the userthe next motion path conefor an object, givenits
currentstateandthe variousvariabilities;the userchoosedrom within the cone. Thusthe userbuilds
theanimationstep-by-step.

¢ Motion adjustment.Giventhe motion pathconesdescribinga particularpath (which may have been
computedoy forward simulationor built step-by-step)the usercaninteractvely manipulatethe nal
position,andtheprogramautomaticallypropagatethenecessaryariationbackup alongtheconetree.
Theusermight, in the courseof doingthis, comeup againsthe coneboundariesThis is analogougo
inversekinematicqIK) limb manipulationwith joint limits.

e Constained Motion adjustment. The program nds the plausiblesolutionsof a constraintproblem
(e.g.,atwo-pointboundary-alueproblemsuchas*“the ball bouncegrom hereto there”),shaving the
userthe setof pathconesthatall meetthe constraints.The usercanchooseamongthem,againlike
manipulatinganIK jointedlimb thatis x edatbothends.

In theabove caseslackinganautomatiametricfor visual plausibility, we cansimply provide theuserwith a
knobor knobsto widen (or narrawv) therangef thevariabilities.

All the above couldalsocomputeanddisplaythe likelihoodof eachchosersolution,if we have proba-
bility distributionsfor eachvariablé (or, perhapsnoreinformative, shav the likelihoodthat, given sucha
motion-path the userwould believe the hypothesighat the chosenvaluesfor the variabilitiesare actually
uncorrelated.)

The computationof motion path conesis reminiscentof conetracedrenderinglAma84, andindeed,
mary of theideastherehave analogsn motionpathcones.

4.3 Motion Synthesis

Themotionsynthesigproblem creatinganimationto meetdesiredgoals,is oftencastasaninversesimulation
problem:giventhedesiredendresult,whatinitial conditionsandforcesshouldbe applied?

90nemightimagineusingthisthistypeof systenfor non-animatiorapplicationsg.g. carcrastreconstructionwhatis thelikelihood
thatagivenscenaricouldhappenBut thisis acasewvheregettingthecorrectanswercanreally matter andassuchourloosediscussion
of plausibility is not appropriate (Also notethatcarscontaindrivers,andarethusactive volitional objectsthatcanvary their behaior
dueto internalstate greatlycomplicatingthe problem.)



Figure 2: Simulation of a bouncing ball in a box, side view. Top: No texture added—the bounce is regular. Bottom:
Collision normals are perturbed randomly up to 8 degrees.
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Figure 3: Simulation of a 9-ball pool break. Left: “Accurate” solution. Right: Collision normals are perturbed randomly
by up to 8 degrees.

Inverseproblemscanbevery complex. For example, Tangetal. [TNM95] describea simplesystemjn
which oneis to have the balls on a billiard tableendup in a particularcon guration, andthe problemis to
determineappropriatenitial velocities.Thisis adauntingtask® madeparticularlydif cult by thesearcHor
accuratesolutionswhich arehighly unstableandsensitve to variationof theinitial velocities.

Fromour point of view, slight errorsin theinitial velocity canbe masled by usinga systemthatallows
for variabilities. At rst glance,addingsuchvariabilitiesis both goodandbad: it increaseshe size of the
solutionspaceput alsoincreaseshe numberof degreesof freedomto be searched.

We note that the degreesof freedomaddedby variabilities are not only in initial conditions,but are
distributedthroughouthe simulation:we can“tune” eachbounce.Thusto someextent, we cancorvertthe
dif culties of solvingatwo-pointboundaryalueprobleminto a simpleroneof leapingfrom stepping-stone
to stepping-stone.

Thereis one further point to be made: it's temptingto say “Of courseaddingvariability makes the
problemeasier—it letsuscheatto gettheresultwe want!” But if the variabilitieswe includearephysically
plausiblethenwe arenot cheatingat all—thesolutionwe getis onewhich, to thelimits of ourunderstnading
of the systemis oneof the mary plausiblesolutionsthat could arise. And if we're in the domainof visual
plausibility, thenit's OK to cheat!

10Tangetal. describeanalgorithmto reducetheir roughly 102 candidatesolutionsto only 10° trials thatmustbe searched.
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Figure 4: Left: The problem: give the ball (black circle) an initial velocity so that ends up in the desired position with the
desired velocity; there is no “accurate” solution on a table with friction. Middle: Introducing a variability of 2 degrees to
collision normals allows two “five-rail” shots. Right: Increasing the variability to 5 degrees finds a simpler “three-rail”
solution.

5 Preliminary results

We have justbegunto exploretheideasof plausiblemotionsimulation.Our rst stepshave beento attempt
to validatesomeof the conjecturedor the simplestof testcasesperfectsphereon at surfaces.We report
herethe resultsof four preliminaryexperimentsandwhatwe have learnedrom them!

The rst two experimentaresimplechecksof the conjecturghataddingrandomvariability to the simu-
lation cancreateplausiblemotion“texture; andmoreorerthatwe cando soby ad-hocvariationof collision
parameters.The secondtwo experimentstestthe conjecturethat inverseproblemsare easierif we allow
variability.

5.1 Bouncingball

First, we simulatedbouncingballs,asdescribedn Section2.1. The surfacenormalat eachcollision could
be perturbedandomlyin a solid angle. The sizeof theanglewasadjustable Figure2 shavs a sideview of
oneball bouncingwith andwithoutrandomtexture.

Theresultsof thistestarestraightforvard:

¢ As expectedwe foundthataddinga smallamountof variationlookedplausibleandnotasmechanical
astheunperturbeaontrol.

e Thevariationcouldbe adjustedup to roughly8 degreeswithout breakdevn of plausibility.

The motion of this experiment,althoughinterestinginstantlysuggestshe richnesshat could be addedvia
texturemapping,sothatwe canhave areasf gravel with highervariability, andsoforth, asper Section4.1.
We have notyetimplementedhis, but expectit to work well.

5.2 Pool Break

Next we simulatedbilliard balls, in particulara “nine-ball break”—nineballs are arrangedn a diamond
shapeandatenthball is hit into them.As before thecollision normalscouldbe subjectto randomvariation
(in theplane).Theinitial breakis asymmetricFigure3 shavstheresults.

¢ In this case,the compleity of the underlyingnon-randomsystemcoupledwith asymmetryin the
initial conditionsgivesa plausible hon-mechanicdkel, but it doessoonly once.Whenthe simulation
is repeatedheresultsrepeatexactly, quickly creatinga mechanicafeel.

e Adding roughly 10 degreesof randomvariationwas completelyunnoticeablen termsof the visual
plausibility of the motion. But now the simulationis differenteachtime, succesfullykeepinga “natu-
ral” feel.

11Animationsof theresultsareavailableonlinefrom: http://www.cs.washington.edu/homes/ronen
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Figure 5: Left: A cue ball, and a target ball to sink in the corner pocket. Middle: Solution without perturbing normals.
Right Another solution introduced with 8 degree perturbation of collision normals.

Fromthis we learnthatin analreadycomplec systemjntroducingextra variability “texture” doesnot harm
thevisualplausibility. This freesusto introducevariability into motion synthesigproblemsasdiscussedn
Section4.3andtriedin thenext two experiments.

5.3 OnePool Ball

We attempta simplemotionsynthesigproblem:The cueball startsat rest;we strike it with thepool cue,and
wewantit to reachagivenlocationtravelingin agivendirection(without“scratching”by enteringa poclet).

Oursimulationincludedfrictional lossesastheball rolls acrosghetable,inelasticityin thecollisionswith
thewalls, anda maximuminitial speed.Thesetogethereffectively pruneour searchandmale it far simpler
thanthe problemsconsideredy Tangetal. [TNM95], whoseballsmovedon a frictionlesssurfacewith no
enegy lossesandthuscouldcontinuebouncingforever.*?

Ouralgorithmis abackwardssearchwe startatthedesiredendpositionandvelocity of thecue-ball,and
draw a (very narraw) coneof trajectoriesalongwhich it musttravel to arrive at that positionandvelocity.
Whenthis conereaches wall, thetreebranchessthe conere ects. (Notethatthe conere ects separately
from eachhalf of thelongwalls, sincethe ball canbouncefrom thewalls but not from the sidepocket.) The
re ectedconesincludethevariability of re ection, andthereforespreadasterthanthe parentcone.

We searchrecursvely, computingtherequiredspeedn eachconegiventhefrictional tableandcollisions,
andprunethe searchwhenthe requiredspeedexceedsa prede nedmaximum.All successfutesults(those
wherethe coneencloseghe ball, andthe ball speeds below the maximum)arereported.For eachmatch,
we traceforward from the branchto the root of this conetree, piecingtogethera sensiblepath. We start
by connectingthe conesroughly apec-to-ape&, then perform a relaxationprocesso minimize the overall
eccentricityof thecollisions.

As illustratedin Figure4, it is easyto encountecircumstances which the “accurate”approacthasno
solutionatall. But addingaslittle as2 degreesof variationat collisionsmalesit easilysoluble.

For this test, the variability approachworks well: allowing a small amountof variation per collision
quickly builds up enoughcontrollability, dueto magni cation at subsequentollisions,thatthe coneseven-
tually encompasshe solution. As we mentionedbefore,this isn't solving the problemby “cheating; it's

nding asolutionthatis plausibilewithin the statedimits of knowledgeof detailsin themodel.

5.4 Two Pool Balls

Finally, we considera morecomple& problem: givena cueball anda targetball, we must“sink” the target
ballinto achoserpocket, by giving the cueball aninitial velocity.
We usethesamealgorithmasusedin Section5.3,but herewe startwith a conefrom thepocket,andhave
branchpointsadditionallywhena coneencountershetargetball. Someresultsareshavn in Figure5.
Notice thatin this case the instability of the ball-to-ball collision allows mary solutions,even without
perturbingnormals:(ignoringrotation)the cueball cansendthe targetball towards,say the East,by hitting

12|nterestingly having amorecomplex modelsimpli es the computation!
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Figure 6: Two pool shots. Both are physically plausible. The one on the right is a much harder shot.

thetargeton its westside;the cueball canbe headedn ary directionfrom due East(directhit) to almost
vertical(glancinghit).

Whenwe introducevariability into the problem,we do nd mary new solutions. However, thesesolu-
tionstendto be on thefringesof acceptability—situationsuchasthe lower right of Figure5, in which the
“accurate”solutionwould scratchwhile the variability allows oneto just barely make the shotby usingthe
endof therail. This resultis perhapssomeavhat disappointing but not surprisingin retrospect:the wide
spreadf incidentcueangleatthecollision overshadwsthebene tsof thesmalladditionalspreadvariation
we introduce.

In usingour solver, we seethatmary solutions(in boththe“pure” caseandthe onewith variability) are,
althoughphysicallyplausible certainlyin therealmof theremarkable Consideyfor example thetwo shots
shavn in Figure6. The rst, in whichthecueball hits thetarmgetball andsendst directlyinto the pocket, is
thesortof shotthatanyonecanmake. The secondjn which the cue-ballhits four railsand nally grazeshe
targetball, causingt toroll slowly into the cornerpocket, mighthave beenexecutedoy awell-tunedmachine
(or by MinnesotaFats),but the viewer might still describehe shotas“remarkabl€’. We conjectureghattwo
factorscontrikuteto the secondshots beingsurprising:

e Canapooltablereally supportthatkind of precision?Along thelinesof thediscussiorof Section3.4,
if the tablewasmarblewe might believe thatall the angleswill work out exactly asneededput for
a felt-coveredtable,we'd expectthe randomeffectsto make it impossiblefor anyoneto deliberately
malke theshot.

e Canapool playerreally hit the ball with thatkind of precision?Giventhe instability of the system,
amongall possibleinitial conditionsthe measuref thosethatleadto sinkingthetargetball attheend
is almostvanishinglysmall.

If we wantto eliminatethe “MinnesotaFats solutions”from our solver, a generalapproachwould be to
prunebasedon probability, asdiscussedn Section3.4: Before descendingachbranchof the pathcone
tree,integratethe probability overthatcone,andmale sureit remainsabove thresholdandfor thecandidate
solutions,computethe Bayesiarprobabilityto make surethatthe variabilitiesalongtheway arebehaing in
amannerconsistentvith our expectation®f their probabilitydistributions.

A morespeci ¢ approacho eliminatingsurprisingsolutionsfor this problemis to simply placean arbi-
trary limit onthe spreadf incidentanglesfor theball collision, to rule out grazingshots.Thisis a situtation
wherevisualplausbilityis stricterthanphysicalplausibility, asdiscussedh Section3.2.

5.5 Additional Results

To quantify the effectsof introducingvariability into the inverseproblemsof Sections5.3 and5.4, we ran
themon a seriesof randontrials, andaccumulatedtatistics. Thetablelists the averagenumberof solutions
of agivenlength,for the*accurate”solution,andfor 5 and10 degreesof normalperturbation:
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Figure 7: A collision with random normal perturbation. Left: incident at 5.1 degrees, plausibly reflected at 6.84 degrees.
Right: incident at 5.1 degrees, implausibly reflected at -2.3 degrees.

# bounces: 1 2 3 4 5 6 7

“accurate” 0.04 0.09 0.07 0.05 0.01 0.00 0.00

5degrees: 021 052 0.88 1.18 0.43 0.00 0.00

10 degrees: 0.32 1.00 214 192 044 0.00 0.00
ONE BALL

“accurate™ 2.16 3.66 2.34 0.70 0.18 0.04 0.00

5degrees: 2.23 4.68 3.64 233 0.63 0.00 0.00

10 degrees: 2.42 589 6.21 351 0.72 0.00 0.00
TWO BALLS

As expectedfor theoneball casetherewererarelyary “accurate”solutions andaddingvariabilityincreased
thenumberof solutionsfound. For thetwo ball casejncreasinghevariability mostlyhelpsin nding longer
solutions.In both casesthe maximumspeedandfriction of the tableruled out mostany solutionswith six
or morecollisions.

Finally, we cameacrossccasionasituationan which our smallnormalperturbatioryieldsvisually im-
plausibleresults,llustratedin Figure7: Althoughit wasgenerally ne for collision normalsto be perturbed,
for a nearly-perpendicularollision, occasionallythe ball would fail to crossthe centerlineof the collision;
lackingary spin,thisis implausible.This pointsout the needfor carein choosingdimits on plausibility. We
suspecthatsomeof theideasof qualitatve physics[Bob85 will beof usefor this.

6 Conclusion

Computemgraphicsanimationsystemsdo not needto be predictive modelersof the physicalworld. Instead,
they have the quite distincttaskof beingplausiblemimidkers of the physicalworld, while at the sametime
providing e xibility andcontrollability for animatorsWe believe that

o detailin motion,justlike thedetailin geometryandin light-re ection models,is anessentiathacter
istic of effective mimicry,

¢ thatrandomnessanoftenprovide effective motiondetail,and
o thattheability to selectfrom a distribution canhelpprovide effective controllability.

Theadditionof variabledetailto generatglausiblemotionhascomplimentaryeffects: on theonehand,
it eliminatesghe needto accuratelymodelandsimulatethe detail;on the otherhand,it enlagesthe spaceof
possiblemotionpathsthatonemay considerand,atleastfor theapproachediscussedh this paperrequires
thatwe considerconesof motionpathsratherthansingle paths thusenlaging the work donein simulation.
In tradefor this addedwork, thereis a new controllability in the generategaths,making the solving of
inverseproblemamoretractable.
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Limitations, Future Work

All of theideaspresentedh this paperarepreliminary andtheexamplesareall deliberatelysimple.For more
comple systemsthe notionswe discusseanay needto be drasticallyreomganizedfor examplewith some
sortof “factorization”of complex systemsnto simplerparts,eachof which may be amenablédo plausible
simulation.

We have alsoonly discussedigid bodiesandpassie motion. Will active or volitional motioncomplicate
or breaktheideaswe've describedVill deformableor uid bodyinteractionsaddnew kinds of variability
that are more dif cult to describeor control? We nd suchquestiondntriguing, andintendto do further
researclonthetopic.
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