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Abstract

Lifelike animationof object manipulationrequires dynamicinteraction betweenanimatedcharacters, objects,
andtheir ervironment.Theseinteractionscan be animatedautomaticallywith physicallybasedsimulationsbut
proper contwls are neededo animatecharacters that move realistically and that accomplishtasksin spite of
unexpecteddisturbancesThis paperdescribesan e cientcontol algorithm that geneatesrealistic animations
by incorporating motiondatainto taskexecution.Theendresultis a versatile systenfor interactiveanimationof
dynamicmanipulationtaskssud aslifting, catching, andthrowing

CatagoriesandSubjectDescriptorgaccordingo ACM CCSy) 1.3.7[ComputeiGraphics] ThreeDimensionalGraph-

icsandRealismAnimation

1. Intr oduction

Animation of objectmanipulationinvolvescomple physi-
cal interactionshetweencharacterspbjects,andtheir ervi-
ronmentFor example,acharacteholdingoneendof arope
mustcounteracforcesappliedat the otherendby steadying
its hands.Theseanimationscannotbe generatecautomati-
cally usingkinematictechniquedecaus&inematicignores
dynamicinteraction.However, physicalsimulationcangen-
eratetheseanimationsautomaticallyaslong asthecharacter
is controlledproperlyto accomplistthe requiredmanipula-
tion.

Controlshouldbederivedfrom intuitive descriptionsf ma-
nipulationstasks,which are often underspeci edbecause
mosttaskscan be accomplishedn several ways. Holding
arope,for example,characterizeshe motion of the hands
but doesnot prescribethe motion for the restof the body.
Givenanincompletedescriptionthe controlalgorithmmust
accomplishthe statedgoalsaswell ascompletethe missing
detailsto generateealisticanimations.

Our controlalgorithmincorporatesigh-qualitymotiondata
to guidecomplex charactersyith mary degreesof freedom,
throughlifelik e portrayalsof commonmanipulationtasks.
Thealgorithm,illustratedin Figurel, complementintuitive
descriptionsof multiple manipulationtaskswith recorded
motion datato computethe joint torquesrequiredto ma-
nipulateobjectswithin interactve physical simulation.The
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Figure 1: Our contmol algorithmincorporatesrecodedmo-
tion datato accomplishmultiple takssud aslifting, read-
ing, andthrowingwithin interactivephysicalsimulations.

taskdescriptiong@reprovidedby theanimatoror ahigh-level
statemachinewhile the recordednotionsareselectedo in-
cludeafew examplesof preferredmovementpostures.

The key to our control algorithmandthe primary contriku-

tion of this paperis a new formulationthataccuratelytracks
lower priority movementpostureswithout interfering with

the higherpriority manipulationtasks.This accurag results
in high-qualityanimationsbecausehe controlincorporates
recordedmotion postureswithout compromisingmanipula-
tion tasks.A uniquefeatureof this approachs thatit bene-
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ts fromjustafew motionsevenwhennew animationgi er
signi cantly from therecordedmotiondata.For example,a
singlemotion of a personlifting a light objectcanbe used
to animatemary lifts regardlessof the objectweight. In all
casesrealistictiming emegesnaturallyasa consequencef
taskdescriptionghatlimit the forcesappliedby the hands.
Unlike kinematiccontrol techniquespur control algorithm
operateswithin a physical simulationallowing for dynamic
interactionbetweercharacterandothersimulatedobjects.

2. Background

Animations of dynamic manipulation must account for
both the dynamicsand the kinematicsof tasks because
static considerationsalone will not generatelifelike mo-
tion [LWZB9Q]. If dynamicconsiderationgreignored,lift-
ing a heary objectwill look identicalto lifting a light ob-
ject despitethe fact that one task requiresincreasece ort
andadi erentmotion. Motion learningtechniquegesole
this problemwith datasetsthatexplorevariationin taskper
formancg RCB98 MK05,KG04]. Althoughthisis e ective
whentaskscanberestrictedo small,well samplednanipu-
lations,moregeneraltasksrequiresolutionsto increasingly
di cult orill-posedmachine-learningroblems.To extend
the rangeof a limited dataset, currentinteractve applica-
tionsrely on motion-editingtools that approximatedynam-
ics with temporalsmoothnesfBW95, WP95 Gle97, CKOQ]
becausalynamicallyconsistentditing tools have not been
designedor interactve use[PW99LP02 SP03]. In contrast,
ourwork directly accountgor dynamicsoy controllingchar
actermotionwithin a physicalsimulation.

Preplannedmotions can be executedin simulation us-
ing joint-spacePD control, which tracksjoint trajectories
[ZH02, YCPO03. Joint-spaceontrol hasalsobeensuccess-
ful in animation of lifelike locomotion and other actui-
ties[vdPFVOQRH91,HWBO95GT95LvdPF96FvdPTO].
However, joint-spacecontrol techniquesdo not allow for
precisecontrol of the motion or forcesappliedto manipu-
lated objects.Ourcontrol algorithm easeghe animationof
dynamic manipulationby explicitly accountingfor object
dynamicsand supportingintuitive descriptionsof motion
andforcelimits directlyin the Cartesiarspaceof theobjects
beingmanipulatedWe call this Cartesian-spaceontrol.

Cartesian-spaceontrol of manipulatedobjectsallows for
compacttask descriptionbecauseit commandsonly the
precisedetailsof object manipulation.In animation,com-
pacttaskdescriptionsare generallypreferredin both man-
ual [LWZB90] andautomatic]KKKL94] taskplanningbe-
causehey suppres#rrelevantaspect®f taskexecution.For
example,inversekinematicsis often used,to infer full pos-
turesfrom a compactdescriptionof the motion of hands,
making it easierto reuseperformancesdy di erent(e.g.,
shorteror longerarmed) characterd YKHO4]. Achieving
lifelik e postureshowever, requiresthat suchalgorithmsei-
ther incorporaterecordedmotion dataor leverageprior re-

sultsfrom neuroplysiology or otherstudiesof naturalmo-
tion [KKKL94, RSC01 GMHP04 YKHO04]. Our work ad-
dresses similar problembut, unlike inversekinematics,it
incorporatesnotiondataanddynamicgo controlcharacters
in simulationswith signi cant dynamics.

A popularapproacho Cartesiarspacecontrolis known as
operationakpacecontrolin the roboticsliterature[Kha87.

Similar to our approachthe operationalspaceformulation
simpli es control of complex humanoidrobotswith mary

degreesof freedomby decouplingthe controlneededo ac-
complisha taskfrom the control of task-redundantdegrees
of freedom.Recently the original operationakpaceformu-

lation wasimproved uponby Khatib and colleaguego en-
ableaccuratdrackingof lowerpriority taskg KSPW04, but

only for branchingoint structuresvithout closed-loogoint

constraintg DSK05. Ourwork o ersan alternatve to this

approachhatis moresuitableto charactemnimation.lt en-
ablesaccuratetracking of recordedmotion dataeven with

closed-loopjoint structures.This is particularly important
because&losed-loopconstraintemege whenever a charac-
ter placeshothfeeton theground,allowing our formulation
to trackmotiondatain thesecommoncases.

3. Control Algorithm

Our controlalgorithmcomputeghejoint torquesthatcause
animatedcharactergo accomplishdesiredmanipulations.
Thealgorithmcanbeusedwith physicalsimulationto author
new motionsor to execute e xible motioncontrolstratgies
interactiely. It is particularlysuitablefor thesepurposede-
causeit supportscompacttask descriptionsand the priori-
tization of con icting tasks,both of which cansimplify the
way that motion is commandedFor example,the control
algorithm canfavor naturalposturesat a low priority level
without interferingwith the primary manipulationtaskat a
high priority level.

In this section we derive the basiccontrolalgorithmfor un-
constrainedppen-loopstructuredbeforeextendingit to the
most practicalcase:constraineddynamicswith unactuated
degreesof freedom.Theendresultis a procedurehattrans-
formscomplex nonlineardynamicdnto simplesecond-order
linear systemswvhoseintuitive control is explainedin Sec-
tion 4.

3.1. Unconstrained Dynamics

The dynamicsof animatedcharacterss modeledasa setof
rigid body limbs constrainedy a setof joints thatlink the
limbsinto acorebodystructure Whenthis structureformsa
treegraph,alsocalledan open-loopcon guration, the pose
of the charactercan be describedby a set of independent
joint variableqseeFigure2). Thesendependentoordinates
g allow for the dynamicsof the characteto be expressedn
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Figure 2: In theunconstained,open-loopcon guration (a)
the shapeis fully describedby independentoodinatesq,
wheeasin theconstained,closed-loopcon guration (b) no
set of independentoominatescan describethe shape so
constaintsmustbe handledin the dynamics.

astandarchumericalform:

=M(q)g +h(g;q); (1)

whereM is thejoint-spacenertiamatrixandh is anonlinear
functionof all acceleration-independeiermsthatcomputes
the gravitational, centrifugal and Coriolis forces [FOOQ.

Physical simulationscanevaluateandintegratetheseequa-
tionswith oneof severale cientalgorithmsbut to animate
active characters controlalgorithmis still requiredto sup-
ply thejoint torques neededo accomplistdesiredtasks.

3.1.1. Exact Linearization

Inversedynamicssimpli es designof controlalgorithmsby
compensatinfpr complex nonlineardynamicsThekey idea
is to transformthe nonlinearequationsf motioninto a lin-
ear second-ordesystem.For example, by choosingjoint
torquesof theform =M + h, thenonlinearEquation(1)
is transformednto a setof linear, uncoupledsecond-order
equations,f = : This transformationdrastically simpli-
es systematicomputatiorof commandorques needed
to accomplishjoint-spacetaskssuch as tracking procedu-
rally generatedrajectorie KB96] or recordednotiondata
[YCPO03. Manipulationtasks,however, are not easily de-
scribedin joint space.

Cartesiarcoordinatesyelative to the neededcbody part, can
be usedto intuitively describemanipulationtasks.It is pos-
sible to supportsuch descriptionsusing inverse kinemat-
ics, but this approachignoresthe dynamicsof the task.In-
stead,our approachappliesinversedynamicsin the Carte-
sianspaceto directly andintuitively control the task-space
dynamicsof manipulationtasks.We refer to this as task-
spacecontrol.Givenadi erentiableexpressiorx(q) for the
position(or orientation)of somebody part,we cancompute
its velocity x; = J1q andits acceleratiork; = J1§ + J1q as
a function of the JacobianJ; = Dgx;. Combiningthe ex-
pressiorfor taskacceleratiorwith Equation(1) allows usto
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expressthedynamicsin the Cartesiartaskspace:
1th Jdiq; 2

where 1 =J;M 1 canbethoughtof asthe pseudoirerse
of atask-spacénertiamatrix.

1 =X+

As before we compensatér nonlinearitiedy usinginverse
dynamicsto transformtask-spacedynamicsinto a set of
linear uncoupledequationsUnlike the joint-spacecontrol,
however, the systemsof equationsn task-spaceontrol is
underdeterminetequiringthatwe chooseoneof mary pos-
sibletorquesFor example thewell known operationagpace
formulation usesthe pseudoimersethat minimizesthe in-
stantaneoukinetic enegy [Kha87. In contrast,our formu-
lation will computethe complemenjoint torque ™ to incor
poratemotion datainto control of dynamicmanipulations:

= J(f;+ 1h J19)+P1; )

where ’1’ is ary generalizegpseudoinerseof 1 andPp =
(1 ‘l‘ 1) is the projectionmatrix onto the null spaceof
1. Applying this joint torqueto Equation(2), transforms
thenonlineartaskdynamicsinto a simple,second-ordelin-
earsystemxX = fl, which easedescriptionand control of
manipulationtasks.The projectionmatrix ensureghat the
complementorquedoesnot interferewith the primary ma-
nipulationtask.Multi-task control,asdescribedext, directs
the remainingdegreesof freedomto incorporateothertasks
thatcontrolthe postureof the characterfor example.

3.1.2. Multi-T ask Control

Multi-task control compensatefor the nonlineardynamics
in bothhigh priority andlow priority tasksallowing for pre-
ciseandintuitive controlof manipulationsandthe stylewith
whichthey areperformedWe again useinversedynamicgo
linearizethedynamicsof secondaryasks but we cannotuse
Equationg1-3) becaussecondaryasksarea ectedby the
joint torque 1 = I(f1 + 1h J1q) neededo accomplish
the primary manipulationtask and, also, by the projection
matrix P; that preventssecondary-tastorque ™ from inter-
fering with the higherpriority tasks:

1+P1 =Mg+h: 4)

Dependingon the type of secondarttask,we cancompen-
satefor nonlineardynamicsby applyinginversedynamicsn
joint spaceor in task-spacdf thetaskis to trackjoint values
in the motion data,the joint torquesare easiesto compute
from commandorque , in joint coordinates:

Pl_: M 2+h 1: (5)

Whereasijf the taskis more easily expressedn terms of
Cartesiarcoordinatex(q), the joint torquesare computed
from the Cartesiarcommandvectorf.,:

2P =1+ oh 21 Jog; (6)
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whereJ, = Dgxp and 2= JoM 1 analogouso expressions
in the primary-taskcontrol.

The derivation of both equationds analogougo the exact
linearizationof primary-taskdynamics.t alsoclari es that
thejoint-spacecontrolis aspecialcaseof task-spaceontrol,
asseenby usingtheidentity matrix for the taskJacobiarin
Equation(6). In both formulations,the singularprojection
matrix restrictsthe computedtorque ~ to the setthat does
notinterferewith the controlof the primarytask.In ourim-
plementationywe computesuchtorqueswith thesingularity-
robustpseudoinerse[NH86, Mac9(d, which invertsthesin-
gular valuedecompositiorof 1 (or »P1) aftereliminat-
ing singularvectorswith smallsingularvalues(e.g.lessthan
0.001thresholdin ourimplementation)This preventslarge
torquesin singulardirectionsthat canresultin an unstable
simulation.

Recursie applicationof the sameideaextendsthis control
algorithm to multiple tasks.For example, additionaltasks
might limit the rangeof joint variables[Lié77] or main-
tain balance[ZH02]. Given a setof Cartesiancoordinates

i thatexecuteghei-th taskat a lower priority thanthe pre-
vious(i 1)tasks:

i= i 1+( P )"+ ih

1= 1+ 1h Ji0);
wherePi = (1 ( iPi 1)*( iPi 1)) andP1=(1 1 1)
This iterative algorithmnaturallyresohestaskcon icts by

executinglower priority taskswith torquesthatdo notinter
ferewith the higherpriority tasks.

i1 Jdia)

Our formulation of multi-task control o ers an alterna-
tive to the formulation proposedin the robotics literature
[KSPWO04 SKO5. The two approachedli er in the for-
mulation of secondary-tasidynamicsin Eq. (6). Unlike
the roboticsformulation, which requiresdi erentiatingthe
guantity called the task-consistenpostureJacobiandy =
JoP1, ourapproactdi erentiate®nly theregularposturela-
cobianJ,, asseenin thelasttermof Eq. (6). Thisdi erence
hasa profoundimpact on the easeof implementationand
practical applicationof multi-task control to animationof
dynamicmanipulationUnlike the expressionly; g with the
task-consistenpostureJacobianpur expressionl,q canbe
computedsimply ande ciently without di erentiatingthe
comple projectionmatrix Py. Furthermoreit canbeshavn
that both formulationsdo not interfere with high-priority
tasksevenasthey tracksecondaryasksasaccuratelyaspos-
sible. Thedi erencebetweenthe two approachedecomes
more pronouncedn control of constraineddynamicsbe-
causethe analyticexpressionfor the projectionmatrix, Pq,
becomesmore comple, making it harderto computethe
time derivative Jpj1, while our formulation eliminatesthis
stepentirely,

3.2. Constrained Dynamics

Constrainedlynamicsemege wheneer a characteapplies
more than onelimb to a x ed objectin the ervironment.
For example,standingwith both feet on the groundestab-
lishes contactconstraintsthat relatejjoint variablesof one
limb to thoseof the other Thesedependenciemale it im-

possibleto describecharactersvith an independentet of

joint variablesaswasassumedhroughouthe previoussub-
sectionInsteadwe reformulateour controlalgorithmto use
a setof dependenjoint variablesalongwith a setof con-
strainttorques . thatenforcerelationshipsmposedoy con-
tactconstraints:

+ ¢=Mg+h; (7)

whereall expressiongetainthe meaningfrom the standard
formulation of unconstrainedlynamics.The deriation of

our control algorithmproceeds$y computingthe constraint
torquesprior to exactlinearizationof constrainedlynamics.

The constrainttorquesare determinecby a setof algebraic
equations (q) = 0; which may, for example, model non-
slipping contactby attachinglimbs to objectsin the envi-

ronment.The entiresetof constraintdetermineghe struc-
ture of the constrainttorquesby prescribingthe valid sub-
space ¢ = L~ asafunctionof the constraintJacobiamma-
trix L = Dq : This expressiorallows for computatiorof the
constraintorquesy solvingfor thecoe cients inthesub-
spacqdFO0Q:

LM 1> =M *h Lg LM 1 (8)

Given the expressionfor constrainttorques,the derivation
of our controlalgorithmproceedssbeforeby applyingin-
versedynamicsto compensatdor nonlineardynamicsin
joint-spaceor task-spaceFor example,the control torques
for the primarytaskx (q) arecomputedrrom the Cartesian
commandvectorf, usingthefollowing relationship:

1 =f+ 1h+ 1 (Lg LM h) Jig (9)

where =L>(LM 1L>) land =(@1 LM 1).Thisex-
pressiorhighlightsthe practicalbene ts of our control for-
mulation (cf. Section3.1.2. Insteadof di erentiatingthe
new projectionmatrix 1 ( 1 )*( 1 ) asproposedn
prior work [KSPWO04 SK05, our multi-taskcontrol is just
aseasilyappliedto both unconstraineéndconstrainedly-
namics.

3.3. UnactuatedJoints

The joint structureof mary animatedcharactersncludes
passie, unactuategbints. Themostcommonexampleis the
six degreeof freedomroot joint that determineghe global
translationandorientationof the characterUnlike anactive
joint that propelslimbs with its torquesthe root joint does
not apply torquesor forcesto propelthe charactedirectly:
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insteadthe globalmotionarisesasa consequencef interac-
tion with the groundandthe ernvironment.

We adjustour controlalgorithmby de ning a selectionma-
trix S that extracts actuatedjoints qa from the full setof
joint variablesga = Sqg: For example,the(n  6) n matrix
S =[0j 1, ¢] extractsall but the rst six joint variables.ts
transposemapsthe joint torquesinto a vector that agrees
with the dimensionof joint variables allowing usto rewrite
constrainedlynamicsfor charactersvith unactuategboints:

S + C:Mq+h: (10)

The remainingstepsin the derivation of our control algo-
rithm areanalogougo Section3.2

4. Task Description

Compactdescriptionswhich commandonly essentialde-
tails suchas handposition or appliedforce, acceleratean-
imationof manipulationtasksandallow for easyautomated
motion speci cation in interactve applications.Insteadof
settingandreadjustingmary keyframes,animatorscande-
scribejust the requiredtask, adjusta few intuitive parame-
ters,andrun a simulationto generate new motion. Lifelik e
animationemepgeautomaticallymuchlikein passve phys-
ical simulationsandadaptimmediatelyto changesn theen-
vironment(e.g.,di erentobjectmotionor weight)or limita-
tionsof thecharactefe.g.,lockedjoints or musclestrength).

Ourcontrolalgorithmsupportcompactaskdescriptionsy
decouplingcomplex non-lineardynamicsto allow for sim-
plied motioncommandsn both joint-spaceand Cartesian
task-spaceAs in keyframe animationsystemsjoint-space
coordinateseasethe descriptionof tasksthat require spe-
ci ¢ joint con gurationssuchasposesfrom recordedmo-
tion dataand Cartesiartask-spaceoordinatesllow for di-
rectcontrolof bodypartsneededo manipulateobjects.The
exactlinearizationof dynamicsexplainedin thelastsection
transformghenonlineamprobleminto asimplesecond-order
linearsystemIn thissectionwerely onthisreductionto sys-
tematizedescription®of commonmanipulationtasks.

4.1. Manipulation

Our descriptionsof manipulationtasksrely on two funda-
mentalcontrol primitives: stabilization,which directschar
acterstowardsprescribedvaluessuchas desiredobjectlo-
cations;andtracking,which follows prescribedrajectories,
suchasthosethat describethe desiredmotion of manipu-
lated objects.Both stabilizationandtrackingprovide a way
of choosingthe commandvectorf (c.f. Section3) thatwill
accomplishvariousmanipulationgoals.Many otherchoices
of thef arepossible but we have deliberatelyusedsimple
choicesto highlight the functionality of our control formu-
lation, ratherthan confusethe detailswith complex motion
planningstrateies.
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Sincespatialcon gurationsof manipulatedobjectsare de-
scribedrelative to the global Cartesiancoordinateframe,
their manipulationis easiesto describen Cartesiarcoordi-
nates We expressmanipulationtasksin Cartesian(or task-
space)oordinatedy usingforward kinematicsto compute
theposition(or orientation) x(q), of relevantbodyparts.If a
characteneedgo reachfor anobjector to carryit to another
location,we usestabilizationto directits handsto their de-
siredlocationxq. Stabilizationcreatesa motionthatprogres-
sively eliminatesthe error betweenthe currentanddesired
con gurations,x(q) Xq, by utilizing the commandvector

fakxg x(@ 2" k@) (1)

Substitutingthis commandvectorinto the second-ordelin-
earsystem,describedn thelastsection revealsa critically
dampedsystemwhosespeedof corvergenceis controlled
by thegaincoe cientk. Animatorscanincreasdhegainto
createsti er motionsthat accomplishtasksquickly or de-
creasat to createmorerelaxed motions.In our animations,
we selectedgains manuallyto shovcaserelaxed, morere-
active animations but in the future gains could also be set
automaticallyaccordingo measuredhumanresponses.

Trackingis usedwhenmore preciseexecutionis required.
For example,a charactetossingan objectmustreleasehe
object at a prescribedlocation with a precisevelocity. In

sucha casewe usetrackingto directthe charactes hands
alongthe trajectoryxq(t) requiredto generatethe required
tossvelocity. As in stabilization trackingeliminatesthe er-

ror betweerthe currentanddesiredtrajectoriesby comput-
ing the commandforce f neededfor a critically damped
system:

Fakxg®) x@ +2 Kxa®) x@ +Xa  (12)

4.2. ForceLimits

Forcelimits restrictthe magnitudeof appliedmanipulation
forces. This ensureghat commandsare not accomplished
with unrealisticjoint torques.For example,a heary object
is lifted slower thana light objectbecausef the limits im-
posedntheapplicationof theupwardforce.ln nature force
limits area function of musclestrength,but, in animation,
force limits are more intuitively speci ed in the Cartesian
taskspaceOur controlalgorithmcanbeextendedo impose
suchlimits by thresholdingthe task-spacdéorcesneededo
performeachcommand.

Given a commandvectorf , we cancomputethe required
task-spacdorce f usingthe expressionfor task-spacely-
namicsin Equation(2):

f=@MI>) 1(f + h Jq): (13)

Thetask-spacdorcef shouldbe thoughtof asthe external
forcethatmustact, in the absencef internaljoint torques,
to createthemotioncommandedby thevectorf (Figure3).
Thetask-spacdorceis measuredn the usualunits of force
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Figure 3: Task-spacdorcesguidethe handtoward desied
positionpq usingstabilizationcontmol (a), or movethe hand
alonga speci edtrajectoryty, optionallygraspinganobject
(b). For every force f in task-spacgthere is an equivalent
force in joint-spacethatwill causethe samemotionof the
handandvisa-vesa.

andits maximummagnitudecan be adjustedintuitively to
control the strengthof manipulationsWhenthe task-space
force exceedsa presetvalue, its thresholded/aluef canbe
usedin placeof the original commandvector If threshold-
ing occurs,the Equation(13) is invertedto solve for the
commandvectorf thatcorrespondso thethresholdedask-
spaceorcef.

Themethodwe have proposedsofar only accountdor force
limits in the Cartesiarspaceof the primarytask.But in na-
tureforcelimits area byproductof limited musclestrength.
Thus,moreaccuratenodelsshouldlimit forcesin thejoint-

spaceof charactersDespitethis fact, the methodwe pro-
pose has two adwantagesFirst, the animation processis

greatly simpli ed by allowing Cartesianspaceforce lim-

its; It is moreintuitive to describea charactes strengthby
how muchthecharactecanlift thanby themaximumtorque
eachjoint canexhert.Secondit is uncleatow themotionof

the primarytaskshouldgracefullydegradewhenforce lim-

its in joint spacearereachedSimply clampingthe torques
will produceunstablemotion. Our methodalwaysprovides
modi ed commandvectorsthatproducemanipulationcom-
promisesimilar to thoseobseredin nature.

4.3. Posture

Most manipulationtaskscanbe accomplishedn a number
of ways, particularlyby complex charactersvith mary de-
greesof freedom.Althoughtaskdescriptionscommandhe
motionof handsandotherbody parts,redundancies body
constructionallow for variationsthat are evidentin natural
motion. The multi-level controlformulationallows for sys-
tematicdescriptiorof suchvariationwith postureasks As a
lower priority task,posturecontrol parameterizesariations
withoutinterferingwith higherpriority manipulatiortasks.

Variationsdependon mary factorsincluding strength,per
sonalpreferencesand style. We modelthesevariationsby
incorporatingmotion datainto a posturetask that favors
recordecposesThisis implementedisastabilizationtaskin
joint-spacewheremomentarygoal con gurationsarecom-
puted with a nearest-neighbosearchthrough a few sec-

ondsof similar motion capturedata.The similarity between
poseds computedusingthe horizontaltranslation-andver

tical rotation-irvariant distancebetweensyntheticmarkers
a xedto eachbody part, as rst proposedby Kovar and
colleaguegKGPO2.

Otherdescription®f theposturetaskarealsopossible They

could be derived from physiologicalmeasurementsf mus-
cular e ort [KWDSS04 DSWKDO0Y or learnedautomat-
ically from recordedmotion data[ GMHP04 MKO05]. Our
posturetaskis a simplevariantof the latter choice,aiming
to easeevaluationof our controltechniqueratherthanto im-

prove uponexisting posturemodels.

It shouldbe notedthat for realistic motions,postureacti-
ity cannotbetreatedcompletelyindependenof the primary
task.For example whenlifting aheary box, a personrmight
chooseo do so“with thekneesratherthan“with theback”
to reducestrainon the musclesDespitethis fact,decoupled
motion control has proven a useful abstractionin anima-
tion, asdemonstratetly theprevailanceof inversekinematic
techniquegor motionsynthesisAs with inversekinematics,
our methoddependsiponintelligentchoicesfor the posture
that complimentthe primary task.We leave to future work
thedevelopmenif moresophisticateghosturetasksthatac-
tively adaptto the goalsof the primarytask.

5. Results

The performanceof our control algorithm was evaluated
within the OpenDynamicsEngine(wwwodeorg), anopen
source high performancdibrary for simulatingrigid multi-

body dynamics.In eachexperiment,a compactdescription
commandsthe task for a complex characterwith 44 de-
greesof freedom.The control algorithm incorporategpos-
turesfrom suppliedmotiondatato completethe missingde-
tails anddirectsthe characteiin accomplishingeachtasks.
Collisionsandcontactsaredetectecandresohedin thesim-

ulation. In particular graspingandgroundcontactsare ap-
proximatedwith clampingconstraintsthata x points on

onebodyto theother All simulationsjncludingthe control
computationyun at interactve rateson a 2.8 GHz Pentium
4,with 60 or moreupdateperseconddependingnthetask
compleity. All animationsareincludedin the accompag-

ing live video.

Chain Interaction. The chain interactionsimulationis a
simple demonstratiorof the immediatebene ts gainedby
incorporatingphysical e ectsinto animationof manipula-
tion tasks.In this simulationthe characteattemptgo steady
its handswhile holding onto a seriallinkage approximating
achain.Task-spacstabilization(c.f. Section4.1) is usedto
maintaina x ed handmotion asthe otherend of the chain
is tuggedandpulled by forcescontrolledinteractiely by a
mouse-baseititerface . Thesecondarposturetaskkeepshe
charactecloseto theinitial posture Thestrengthwith which
the characteresiststhe motionof the chaincanbe adjusted
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easilywith control of the singlegain parametenof the task-
spacestabilization.Unlike with kinematictechniquesthe
charactereactsto the motion of the chain.In particular the
motion of thelegs, while subtle,contritutesto a corvincing
portrayalof this manipulatiortask.

Lift. Theboxlifting simulationdemonstratesur algorithm
automaticallyadaptingto the weight of objectsand incor-
porating motion data (see Figure 4). Stabilizationcontrol
is usedto direct the motion of the handsby specifying
keyframesthat the handsshould passthrough. The hands
areclampedo theboxusingsimulationconstraintdetween
the rigid bodies.Although the control is aware of the box
mass(and takes it into account),force limits prevent the
characteffrom lifting heary boxesquickly or evenatall. A
secondaryposturetask favors posturesfrom recordedmo-
tion dataof a similar lifting motion. Whenwe usedi er
entrecordedlata the performancef the sametaskdescrip-
tion adaptsautomatically Insteadof lifting “with the back”,
thecharactetifts the object“with theknees”.Thiscon rms
thatour multi-taskcontroldecouplegprimaryandsecondary
tasksandaccomplishegachto the greatesextentpossible.

Box Interaction. The box interaction simulation demon-
stratesthe necessityof dynamic interaction betweenthe
characterand manipulatedobjects. The right hand of the
characteiis replacedwith a heary pendulummassandthe
desiredpositionof thehandis controlledinteractiely with a
mouse-baseitterface. The dynamicsof thependulunmass
are modeledas that of a body part connectedo the arm
with anunactuatedoint. Stabilizationcontrolin task-space
is usedto bringthearmto the desiredposition.A secondary
posturecontrol referencesnotion captureof a similar mo-
tion. This causeghe charactes postureto vary naturally
with the action of the primary control task; the character
croucheswhen the handis low, standswhen the handis
high, andappearsalancedventhoughno explicit balance
controlis utilized. Whenthe momentunof the pendulumis
large,aforcelimit preventsthe charactefrom achieving the
desiredarm position. However, whenthe pendulumslows,
theforcerequiredto achieve the desiredpositionfalls belov
the speci edlimit andthe charactecanachieve the desired
position a wlessly Notethatsuchprecisecontrolis hotpos-
sible without accountingfor the dynamicsof the objectin
the manipulationcontrol. But if, in addition, realisticforce
limits arenotimposedthecharactewill alwaysachiese the
desiredhandpositionperfectlywithoutrealisticallyreacting
to the momentumof the pendulummass.Both force limits
andcorrectdynamicsarerequiredto producebelievablema-
nipulation.

Catch. In theball catchingsimulation,the charactercatches
balls of di erentweights, sizesand velocities. Stabiliza-
tion controlis usedto positionthe charactes handapprox-
imately wherethe ball shouldbe caught.Whenthe ball is
closeto the hand trackingcontrolis usedto matchthe hand
velocity to thatof the ball. If contactis detectedtheball is
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clampedto the handwith a simulationconstraint.Finally,

stabilizationis usedto bring theball backto wherethe catch
was made.The arm con guration variesnaturally with the
handpositionbecausehe posturetaskincorporatesa short
10-seconaequencef armplacementn variouscatchloca-
tions. As the weight of the ball increasesthe charactere-
actsnaturally Again, forcelimits preventthe useof extreme
joint torquegthatmightbe capableof too quickly stabilizing
the positionof the hand,regardlessof the objectweight. In-

stead the arm motion slows down the ball beforereturning
to its commandedocation.

Catch and Toss.Thecatchandtosssimulationdemonstrate
a performanceof a more comple« manipulationtask. The
charactercatchesan objectbeforetossingit alongthe pre-
scribedtrajectory The simulationrequiresthreeinputs:the
planein whichthe characteattemptdo catchtheobject,the
position and velocity at the point of releaseand a motion
capturesequencef a similar catch-and-thre motion. The
commandsn this animationare similar to thosein the lift-
ing andcatchinganimationsexceptfor the trajectorytrack-
ing usedto tossthe object. Thetrajectoryis aHermitecurve
thatis fully speci ed by theinitial and nal positionsand
velocities. This parameterizatiomf the curve was choosen
for simplicity and looks reasonabldor this motion, but it
shouldbenotedthattherealismof theresultingmotiondoes
dependuponthe trackingtrajectoryand,thus,otherchoice
would generatdessbelievablemotion. The controlleris ro-
bustto changesn the velocity andangleof the caughtob-
ject, the weight, sizeandshapeof the object,andthe speci-
ed directionandvelocity thatthe objectshouldbe thrown.
All reasonablesettingsof theseparametergreatea plausi-
ble motionwith di erent,nonlineardynamice ects.Forin-
stancejf theweightof the objectis large,the charactewill
notbeableto controlthe objectasaccuratelycausingcolli-
sionsbetweerthe objectandthe characterbut still tracking
thetrajectoryascloselyaspossible.

6. Conclusion

Our controlalgorithmdirectscomplex charactern realistic
performancesf dynamicmanipulationtaskswithin a phys-

ical simulation. The control adaptseasily to dynamicdis-

turbancesnddi erentervironmentshatrequiresigni cant

deviation from motiondata.The multi-taskformulationsup-
portsintuitive taskdescriptionsn joint spaceor taskspace.
The tasksare executedat multiple priority levelsto ensure
thatlowerpriority tasksdo notinterferewith higherpriority

manipulationgoals.Finally, the accuraterackingof lower-

priority taskscapitalizesonrecordednotionpostureso gen-
eratelifelik e motionsfrom compacttask descriptionswith

mary missingdetails.

The control algorithm cannotguaranteesuccessfuperfor
manceof all manipulationtasks. Temporaryunderactua-
tion (loss of control over somedegreesof freedom)will
impedemanipulationeven whenit could be accomplished
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with the remainingdegreesof freedom.For example, al-
thougha charactercould jump to reachan object,our con-
trol algorithm cannotlook aheadto pre-planthe torques
neededor suchajump. Althougha generalsolutionto un-
deractuatedontrol problemsfor complex characterss still
an open problem, 0 ine optimization has enjoyed some
succesarticularly after simplifying the spaceof motions
[LPO2 SHPO04. Underactuatedontrolis lesscritical in au-
thoring applicationswhereanimatorscould be relied upon
to provide feasibletaskdescriptions.

The choiceof Cartesian-spaceontrol easeghe description
of mary manipulationtasksbut it alsointroducesthe pos-
sibility of arti cial algorithmic underactuationWheneer
a jointed structureapproaches singularcon guration, the
task-spaceontroltemporarilylosesactuatiorover somede-
greesof freedom.This underactuations arti cial becausét

is strictly a function of the choserjoint-angleparameteriza:
tion; it neverappearsn thejoint spaceln authoringapplica-
tions, thesesituationscould be avoidedwith intelligenttask
descriptionsbut amoregenerabkolutionwould imposegjoint

limits in the highestpriority taskto avoid kinematicsingu-
larities[Lié77]. In ourwork, the posturetiasksenesasa par

tial substituteto joint limits by keepingthe characteout of

unnaturakton gurations,but this approactwould ultimately
fail for extremepostures.

The control algorithm assumeghat all contactsare main-
tainedregardlessof the appliedjoint torques.This control
stratgy is successfufor the simulationof sometasksbut

the control algorithmwill needto maintainthesecontacts
explicitly beforeit cangenerat@nimationswith realisticlo-

comotionor balanceThis extensionwill t into our control

formulationnaturallybecausedditionaltaskcommandgan
maintaincontactconstraintdy ensuringthat contactforces
remainwithin therequiredfriction conegMLS94].

The control of contactforcesbrings out the more general
needto systematizéaskdescriptiondeyondthe useof sta-
bilization andtracking,the two commandprimitiveswe re-
lied uponin all of our experiments.For example,in our
throwing experiments,the hand motions were directedto

follow prescribedrajectorieseven thoughnaturalthrowing

motionsarerarelysoprecise Stabilizationandtrackingcon-
trol in Cartesiarspacesimpli es motionspeci cation,but it

doesnotguaranteeealism.New commandshouldalsosup-
port alternatve, less-detailedaskdescriptionghatincorpo-
ratemotiondatato Il in missingdetailsautomaticallyOur
useof recordednotionposturediasonly enticedamoresys-
tematicinclusionof generaimotioninvariants.For example,
low-priority posturetaskscouldincorporaterecordedveloc-
ities,accelerationsndforcesto generatevenbetterperfor

mancef dynamicmanipulationtasks.
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Figure 4: Our contml algorithmdirectsa real-timesimulationof a characterto accomplistmanipulationssud asdisplacing
a box (top row). Manipulationsare compactlydescribedln the above example only four Cartesiangoal positionsare usedto

describethe motionof the handsandthe box. Themissingdetailsare lled in with a secondarypostue taskthatincorporates
recodedmotionpostuesfroma similar performanceThecontrol adaptsnaturally to changesin theervironmentAsexpected,
increasingtheweightof the box (secondow) producesa slowerlift. Theperformanceof thetaskcanalsobechangedby using
adi erentrecodedmotionin thepostue task(third row).
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