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Abstract
Lifelike animationof object manipulationrequires dynamicinteraction betweenanimatedcharacters, objects,
and their environment.Theseinteractionscan be animatedautomaticallywith physicallybasedsimulationsbut
proper controls are neededto animatecharacters that move realistically and that accomplishtasksin spiteof
unexpecteddisturbances.Thispaperdescribesan e� cientcontrol algorithmthat generatesrealisticanimations
by incorporating motiondatainto taskexecution.Theendresultis a versatilesystemfor interactiveanimationof
dynamicmanipulationtaskssuch aslifting, catching, andthrowing.

CategoriesandSubjectDescriptors(accordingtoACM CCS): I.3.7[ComputerGraphics]:ThreeDimensionalGraph-
icsandRealismAnimation

1. Intr oduction

Animation of objectmanipulationinvolvescomplex physi-
cal interactionsbetweencharacters,objects,andtheir envi-
ronment.For example,acharacterholdingoneendof arope
mustcounteractforcesappliedat theotherendby steadying
its hands.Theseanimationscannotbe generatedautomati-
cally usingkinematictechniquesbecausekinematicsignores
dynamicinteraction.However, physicalsimulationcangen-
eratetheseanimationsautomaticallyaslongasthecharacter
is controlledproperlyto accomplishtherequiredmanipula-
tion.

Controlshouldbederivedfrom intuitivedescriptionsof ma-
nipulationstasks,which are often underspeci�edbecause
most taskscan be accomplishedin several ways.Holding
a rope,for example,characterizesthe motion of the hands
but doesnot prescribethe motion for the restof the body.
Givenanincompletedescription,thecontrolalgorithmmust
accomplishthestatedgoalsaswell ascompletethemissing
detailsto generaterealisticanimations.

Ourcontrolalgorithmincorporateshigh-qualitymotiondata
to guidecomplex characters,with many degreesof freedom,
throughlifelik e portrayalsof commonmanipulationtasks.
Thealgorithm,illustratedin Figure1, complementsintuitive
descriptionsof multiple manipulationtaskswith recorded
motion data to computethe joint torquesrequiredto ma-
nipulateobjectswithin interactive physical simulation.The
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Figure 1: Our control algorithmincorporatesrecordedmo-
tion datato accomplishmultiple takssuch as lifting, reach-
ing, andthrowingwithin interactivephysicalsimulations.

taskdescriptionsareprovidedby theanimatororahigh-level
statemachinewhile therecordedmotionsareselectedto in-
cludea few examplesof preferredmovementpostures.

Thekey to our controlalgorithmandtheprimarycontribu-
tion of thispaperis anew formulationthataccuratelytracks
lower priority movementpostureswithout interferingwith
thehigherpriority manipulationtasks.This accuracy results
in high-qualityanimationsbecausethecontrol incorporates
recordedmotionpostureswithout compromisingmanipula-
tion tasks.A uniquefeatureof this approachis that it bene-
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�ts from justafew motionsevenwhennew animationsdi� er
signi�cantly from therecordedmotiondata.For example,a
singlemotion of a personlifting a light objectcanbe used
to animatemany lifts regardlessof theobjectweight. In all
cases,realistictiming emergesnaturallyasaconsequenceof
taskdescriptionsthat limit the forcesappliedby thehands.
Unlike kinematiccontrol techniques,our control algorithm
operateswithin a physicalsimulationallowing for dynamic
interactionbetweencharactersandothersimulatedobjects.

2. Background

Animations of dynamic manipulation must account for
both the dynamicsand the kinematicsof tasks because
static considerationsalone will not generatelifelik e mo-
tion [LWZB90]. If dynamicconsiderationsareignored,lift-
ing a heavy objectwill look identical to lifting a light ob-
ject despitethe fact that one task requiresincreasede� ort
anda di� erentmotion.Motion learningtechniquesresolve
thisproblemwith datasetsthatexplorevariationin taskper-
formance[RCB98,MK05,KG04]. Althoughthis is e� ective
whentaskscanberestrictedto small,well sampledmanipu-
lations,moregeneraltasksrequiresolutionsto increasingly
di� cult or ill-posedmachine-learningproblems.To extend
the rangeof a limited dataset,currentinteractive applica-
tions rely on motion-editingtools thatapproximatedynam-
ics with temporalsmoothness[BW95,WP95,Gle97,CK00]
becausedynamicallyconsistentediting toolshave not been
designedfor interactiveuse[PW99,LP02,SP05]. In contrast,
ourwork directlyaccountsfor dynamicsby controllingchar-
actermotionwithin aphysicalsimulation.

Preplannedmotions can be executed in simulation us-
ing joint-spacePD control, which tracks joint trajectories
[ZH02, YCP03]. Joint-spacecontrol hasalsobeensuccess-
ful in animation of lifelik e locomotion and other activi-
ties[vdPFV90,RH91,HWBO95,GT95,LvdPF96,FvdPT01].
However, joint-spacecontrol techniquesdo not allow for
precisecontrol of the motion or forcesappliedto manipu-
latedobjects.Ourcontrol algorithmeasesthe animationof
dynamicmanipulationby explicitly accountingfor object
dynamicsand supportingintuitive descriptionsof motion
andforcelimits directly in theCartesianspaceof theobjects
beingmanipulated.Wecall thisCartesian-spacecontrol.

Cartesian-spacecontrol of manipulatedobjectsallows for
compact task descriptionbecauseit commandsonly the
precisedetailsof object manipulation.In animation,com-
pact taskdescriptionsaregenerallypreferredin both man-
ual [LWZB90] andautomatic[KKKL94] taskplanningbe-
causethey suppressirrelevantaspectsof taskexecution.For
example,inversekinematicsis oftenused,to infer full pos-
turesfrom a compactdescriptionof the motion of hands,
making it easierto reuseperformancesby di� erent (e.g.,
shorter or longer-armed) characters[YKH04]. Achieving
lifelik e postures,however, requiresthatsuchalgorithmsei-
ther incorporaterecordedmotion dataor leverageprior re-

sults from neurophysiology or otherstudiesof naturalmo-
tion [KKKL94, RSC01, GMHP04, YKH04]. Our work ad-
dressesa similar problembut, unlike inversekinematics,it
incorporatesmotiondataanddynamicsto controlcharacters
in simulationswith signi�cant dynamics.

A popularapproachto Cartesianspacecontrol is known as
operationalspacecontrol in theroboticsliterature[Kha87].
Similar to our approach,the operationalspaceformulation
simpli�es control of complex humanoidrobotswith many
degreesof freedomby decouplingthecontrolneededto ac-
complisha taskfrom thecontrol of task-redundantdegrees
of freedom.Recently, theoriginal operationalspaceformu-
lation wasimproved uponby Khatib andcolleaguesto en-
ableaccuratetrackingof lower-priority tasks[KSPW04], but
only for branchingjoint structureswithout closed-loopjoint
constraints[DSK05]. Our work o� ersan alternative to this
approachthat is moresuitableto characteranimation.It en-
ablesaccuratetrackingof recordedmotion dataeven with
closed-loopjoint structures.This is particularly important
becauseclosed-loopconstraintsemergewhenever a charac-
ter placesbothfeeton theground,allowing our formulation
to trackmotiondatain thesecommoncases.

3. Control Algorithm

Our controlalgorithmcomputesthejoint torquesthatcause
animatedcharactersto accomplishdesiredmanipulations.
Thealgorithmcanbeusedwith physicalsimulationtoauthor
new motionsor to execute�e xible motioncontrolstrategies
interactively. It is particularlysuitablefor thesepurposesbe-
causeit supportscompacttaskdescriptionsandthe priori-
tizationof con�icting tasks,bothof which cansimplify the
way that motion is commanded.For example,the control
algorithmcanfavor naturalposturesat a low priority level
without interferingwith the primary manipulationtaskat a
highpriority level.

In this section,wederive thebasiccontrolalgorithmfor un-
constrained,open-loopstructuresbeforeextendingit to the
mostpracticalcase:constraineddynamicswith unactuated
degreesof freedom.Theendresultis aprocedurethattrans-
formscomplex nonlineardynamicsinto simplesecond-order
linear systemswhoseintuitive control is explainedin Sec-
tion 4.

3.1. UnconstrainedDynamics

Thedynamicsof animatedcharactersis modeledasa setof
rigid body limbs constrainedby a setof joints that link the
limbsinto acorebodystructure.Whenthisstructureformsa
treegraph,alsocalledanopen-loopcon�guration, thepose
of the charactercan be describedby a set of independent
joint variables(seeFigure2). Theseindependentcoordinates
q allow for thedynamicsof thecharacterto beexpressedin
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Figure2: In theunconstrained,open-loopcon�guration (a)
the shapeis fully describedby independentcoordinatesq,
whereasin theconstrained,closed-loopcon�guration(b) no
set of independentcoordinatescan describethe shape, so
constraintsmustbehandledin thedynamics.

astandardnumericalform:

� = M(q)q̈ + h(q; �q); (1)

whereM is thejoint-spaceinertiamatrixandh is anonlinear
functionof all acceleration-independenttermsthatcomputes
the gravitational, centrifugal and Coriolis forces [FO00].
Physical simulationscanevaluateandintegratetheseequa-
tionswith oneof severale� cientalgorithms,but to animate
active charactersa controlalgorithmis still requiredto sup-
ply thejoint torques� neededto accomplishdesiredtasks.

3.1.1. Exact Linearization

Inversedynamicssimpli�es designof controlalgorithmsby
compensatingfor complex nonlineardynamics.Thekey idea
is to transformthenonlinearequationsof motioninto a lin-
ear, second-ordersystem.For example,by choosingjoint
torquesof theform � = M� � + h, thenonlinearEquation(1)
is transformedinto a setof linear, uncoupledsecond-order
equations,q̈ = � � : This transformationdrastically simpli-
�es systematiccomputationof commandtorques� � needed
to accomplishjoint-spacetaskssuchas tracking procedu-
rally generatedtrajectories[KB96] or recordedmotiondata
[YCP03]. Manipulationtasks,however, are not easily de-
scribedin joint space.

Cartesiancoordinates,relative to theneededbodypart,can
beusedto intuitively describemanipulationtasks.It is pos-
sible to supportsuch descriptionsusing inversekinemat-
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� erentiableexpressionx1(q) for the
position(or orientation)of somebodypart,wecancompute
its velocity �x1 = J1 �q andits acceleration̈x1 = J1q̈ + �J1 �q as
a function of the JacobianJ1 = Dqx1. Combiningthe ex-
pressionfor taskaccelerationwith Equation(1) allowsusto

expressthedynamicsin theCartesiantaskspace:


 1� = ẍ1 + 
 1h � �J1 �q; (2)

where
 1 = J1M � 1 canbe thoughtof asthepseudoinverse
of a task-spaceinertiamatrix.

As before,wecompensatefor nonlinearitiesby usinginverse
dynamicsto transformtask-spacedynamicsinto a set of
linear uncoupledequations.Unlike the joint-spacecontrol,
however, the systemsof equationsin task-spacecontrol is
underdeterminedrequiringthatwechooseoneof many pos-
sibletorques.Forexample,thewell knownoperationalspace
formulation usesthe pseudoinversethat minimizesthe in-
stantaneouskinetic energy [Kha87]. In contrast,our formu-
lation will computethecomplementjoint torque�̄ to incor-
poratemotion datainto control of dynamicmanipulations:

� = 
 +
1 (f �

1 + 
 1h � �J1 �q)+ P1�̄; (3)

where
 +
1 is any generalizedpseudoinverseof 
 1 andP1 =

(1 � 
 +
1 
 1) is the projectionmatrix onto the null spaceof


 1. Applying this joint torqueto Equation(2), transforms
thenonlineartaskdynamicsinto a simple,second-orderlin-
earsystem,ẍ = f �

1, which easesdescriptionandcontrol of
manipulationtasks.The projectionmatrix ensuresthat the
complementtorquedoesnot interferewith theprimaryma-
nipulationtask.Multi-taskcontrol,asdescribednext, directs
theremainingdegreesof freedomto incorporateothertasks
thatcontrolthepostureof thecharacter, for example.

3.1.2. Multi-T askControl

Multi-task control compensatesfor the nonlineardynamics
in bothhighpriority andlow priority tasks,allowing for pre-
ciseandintuitivecontrolof manipulationsandthestylewith
whichthey areperformed.Weagainuseinversedynamicsto
linearizethedynamicsof secondarytasks,but wecannotuse
Equations(1–3) becausesecondarytasksarea� ectedby the
joint torque� 1 = 
 +

1 (f �
1 + 
 1h � �J1 �q) neededto accomplish

the primary manipulationtaskand,also,by the projection
matrix P1 thatpreventssecondary-tasktorque�̄ from inter-
feringwith thehigherpriority tasks:

� 1 + P1�̄ = Mq̈ + h: (4)

Dependingon the type of secondarytask,we cancompen-
satefor nonlineardynamicsby applyinginversedynamicsin
joint spaceor in task-space.If thetaskis to trackjoint values
in the motion data,the joint torquesareeasiestto compute
from commandtorque� �

2 in joint coordinates:

P1�̄ = M� �
2 + h � � 1: (5)

Whereas,if the task is more easily expressedin termsof
Cartesiancoordinatesx2(q), the joint torquesarecomputed
from theCartesiancommandvectorf �

2:


 2P1�̄ = f �
2 + 
 2h � 
 2� 1 � �J2 �q; (6)
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whereJ2 = Dqx2 and
 2 = J2M � 1, analogousto expressions
in theprimary-taskcontrol.

The derivation of both equationsis analogousto the exact
linearizationof primary-taskdynamics.It alsoclari�es that
thejoint-spacecontrolis aspecialcaseof task-spacecontrol,
asseenby usingtheidentity matrix for thetaskJacobianin
Equation(6). In both formulations,the singularprojection
matrix restrictsthe computedtorque�̄ to the set that does
not interferewith thecontrolof theprimarytask.In our im-
plementation,wecomputesuchtorqueswith thesingularity-
robustpseudoinverse[NH86,Mac90], which invertsthesin-
gular valuedecompositionof 
 1 (or 
 2P1) after eliminat-
ing singularvectorswith smallsingularvalues(e.g.lessthan
0.001thresholdin our implementation).This preventslarge
torquesin singulardirectionsthat canresult in an unstable
simulation.

Recursive applicationof the sameideaextendsthis control
algorithm to multiple tasks.For example,additional tasks
might limit the rangeof joint variables[Lié77] or main-
tain balance[ZH02]. Given a set of Cartesiancoordinates
fx1(q);:::;xn(q)ganda setof associatedcommandvectors
ff �

1;:::;f �
ng, themulti-taskcontrol computesthe joint torque

� i thatexecutesthei-th taskat a lower priority thanthepre-
vious(i � 1) tasks:

� i = � i� 1 + (
 iPi� 1)+(f �
i + 
 ih � 
 i � i� 1 � �Ji �q);

� 1 = 
 +
1 (f �

1 + 
 1h � �J1 �q);

wherePi = (1 � (
 iPi� 1)+(
 iPi� 1)) andP1 = (1 � 
 +
1 
 1).

This iterative algorithmnaturallyresolvestaskcon�icts by
executinglowerpriority taskswith torquesthatdonot inter-
ferewith thehigherpriority tasks.

Our formulation of multi-task control o� ers an alterna-
tive to the formulation proposedin the robotics literature
[KSPW04, SK05]. The two approachesdi� er in the for-
mulation of secondary-taskdynamics in Eq. (6). Unlike
the roboticsformulation,which requiresdi� erentiatingthe
quantity called the task-consistentpostureJacobianJ2j1 =
J2P1, ourapproachdi� erentiatesonly theregularpostureJa-
cobianJ2, asseenin thelasttermof Eq.(6). Thisdi� erence
hasa profoundimpact on the easeof implementationand
practicalapplicationof multi-task control to animationof
dynamicmanipulation.Unlike theexpression �J2j1 �q with the
task-consistentpostureJacobian,our expression �J2 �q canbe
computedsimply ande� ciently without di� erentiatingthe
complex projectionmatrixP1. Furthermore,it canbeshown
that both formulationsdo not interfere with high-priority
tasksevenasthey tracksecondarytasksasaccuratelyaspos-
sible.The di� erencebetweenthe two approachesbecomes
more pronouncedin control of constraineddynamicsbe-
causethe analyticexpressionfor the projectionmatrix, P1,
becomesmore complex, making it harderto computethe
time derivative �J2j1, while our formulation eliminatesthis
stepentirely.

3.2. ConstrainedDynamics

Constraineddynamicsemergewhenever a characterapplies
more than one limb to a �x ed object in the environment.
For example,standingwith both feet on the groundestab-
lishescontactconstraintsthat relate joint variablesof one
limb to thoseof the other. Thesedependenciesmake it im-
possibleto describecharacterswith an independentset of
joint variables,aswasassumedthroughouttheprevioussub-
section.Instead,wereformulateourcontrolalgorithmto use
a setof dependentjoint variablesalongwith a setof con-
strainttorques� c thatenforcerelationshipsimposedby con-
tactconstraints:

� + � c = Mq̈+ h; (7)

whereall expressionsretainthemeaningfrom thestandard
formulation of unconstraineddynamics.The derivation of
our controlalgorithmproceedsby computingtheconstraint
torquesprior to exactlinearizationof constraineddynamics.

The constrainttorquesaredeterminedby a setof algebraic
equations� (q) = 0; which may, for example,model non-
slipping contactby attachinglimbs to objectsin the envi-
ronment.Theentiresetof constraintsdeterminesthestruc-
ture of the constrainttorquesby prescribingthe valid sub-
space� c = L> � asa functionof theconstraintJacobianma-
trix L = Dq�: Thisexpressionallows for computationof the
constrainttorquesby solvingfor thecoe� cients� in thesub-
space[FO00]:

LM � 1L> � = LM � 1h � �L �q � LM � 1� : (8)

Given the expressionfor constrainttorques,the derivation
of our controlalgorithmproceedsasbeforeby applyingin-
versedynamicsto compensatefor nonlineardynamicsin
joint-spaceor task-space.For example,the control torques
for theprimary taskx1(q) arecomputedfrom theCartesian
commandvectorf �

1 usingthefollowing relationship:


 1� � = f �
1 + 
 1h+ 
 1� ( �L �q � LM � 1h) � �J1 �q (9)

where� = L> (LM � 1L> )� 1 and� = (1� � LM � 1). This ex-
pressionhighlightsthepracticalbene�ts of our control for-
mulation (cf. Section3.1.2). Insteadof di� erentiatingthe
new projectionmatrix

�
1� (
 1� )+(
 1� )

�
as proposedin

prior work [KSPW04, SK05], our multi-taskcontrol is just
aseasilyappliedto bothunconstrainedandconstraineddy-
namics.

3.3. UnactuatedJoints

The joint structureof many animatedcharactersincludes
passive,unactuatedjoints.Themostcommonexampleis the
six degreeof freedomroot joint that determinesthe global
translationandorientationof thecharacter. Unlike anactive
joint that propelslimbs with its torques,the root joint does
not apply torquesor forcesto propelthecharacterdirectly:
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insteadtheglobalmotionarisesasaconsequenceof interac-
tion with thegroundandtheenvironment.

We adjustour controlalgorithmby de�ning a selectionma-
trix S that extractsactuatedjoints qa from the full set of
joint variablesqa = Sq: For example,the (n� 6) � n matrix
S = [0 j 1n� 6] extractsall but the �rst six joint variables.Its
transposemapsthe joint torquesinto a vector that agrees
with thedimensionof joint variables,allowing usto rewrite
constraineddynamicsfor characterswith unactuatedjoints:

S> � + � c = Mq + h: (10)

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

4. TaskDescription

Compactdescriptions,which commandonly essentialde-
tails suchashandpositionor appliedforce, acceleratean-
imationof manipulationtasksandallow for easy, automated
motion speci�cation in interactive applications.Insteadof
settingandreadjustingmany keyframes,animatorscande-
scribejust the requiredtask,adjusta few intuitive parame-
ters,andrunasimulationto generateanew motion.Lifelik e
animationsemergeautomatically, muchlikein passivephys-
ical simulations,andadaptimmediatelyto changesin theen-
vironment(e.g.,di� erentobjectmotionor weight)or limita-
tionsof thecharacter(e.g.,lockedjointsor musclestrength).

Ourcontrolalgorithmsupportscompacttaskdescriptionsby
decouplingcomplex non-lineardynamicsto allow for sim-
pli�ed motioncommandsin both joint-spaceandCartesian
task-space.As in keyframeanimationsystems,joint-space
coordinateseasethe descriptionof tasksthat requirespe-
ci�c joint con�gurationssuchasposesfrom recordedmo-
tion dataandCartesiantask-spacecoordinatesallow for di-
rectcontrolof bodypartsneededto manipulateobjects.The
exact linearizationof dynamicsexplainedin thelastsection
transformsthenonlinearprobleminto asimplesecond-order
linearsystem.In thissectionwerely onthisreductionto sys-
tematizedescriptionsof commonmanipulationtasks.

4.1. Manipulation

Our descriptionsof manipulationtasksrely on two funda-
mentalcontrol primitives:stabilization,which directschar-
acterstowardsprescribedvaluessuchasdesiredobject lo-
cations;andtracking,which follows prescribedtrajectories,
suchas thosethat describethe desiredmotion of manipu-
latedobjects.Both stabilizationandtrackingprovide a way
of choosingthecommandvectorf � (c.f. Section3) thatwill
accomplishvariousmanipulationgoals.Many otherchoices
of the f � arepossible,but we have deliberatelyusedsimple
choicesto highlight the functionalityof our control formu-
lation, ratherthanconfusethedetailswith complex motion
planningstrategies.

Sincespatialcon�gurationsof manipulatedobjectsarede-
scribedrelative to the global Cartesiancoordinateframe,
theirmanipulationis easiestto describein Cartesiancoordi-
nates.We expressmanipulationtasksin Cartesian(or task-
space)coordinatesby usingforwardkinematicsto compute
theposition(or orientation),x(q), of relevantbodyparts.If a
characterneedsto reachfor anobjector to carryit to another
location,we usestabilizationto direct its handsto their de-
siredlocationxd. Stabilizationcreatesamotionthatprogres-
sively eliminatesthe error betweenthe currentanddesired
con�gurations,x(q) � xd, by utilizing thecommandvector

f � = k
�
xd � x(q)

�
� 2

p
k�x(q): (11)

Substitutingthis commandvectorinto thesecond-orderlin-
earsystem,describedin the lastsection,revealsa critically
dampedsystemwhosespeedof convergenceis controlled
by thegain coe� cientk. Animatorscanincreasethegain to
createsti� er motionsthat accomplishtasksquickly or de-
creaseit to createmorerelaxedmotions.In our animations,
we selectedgainsmanuallyto showcaserelaxed, more re-
active animations,but in the future gainscould alsobe set
automaticallyaccordingto measuredhumanresponses.

Tracking is usedwhenmorepreciseexecutionis required.
For example,a charactertossinganobjectmustreleasethe
object at a prescribedlocation with a precisevelocity. In
sucha case,we usetrackingto direct thecharacter's hands
alongthe trajectoryxd(t) requiredto generatethe required
tossvelocity. As in stabilization,trackingeliminatestheer-
ror betweenthecurrentanddesiredtrajectoriesby comput-
ing the commandforce f � neededfor a critically damped
system:

f � = k
�
xd(t) � x(q)

�
+ 2

p
k
�

�xd(t) � �x(q)
�
+ ẍd: (12)

4.2. ForceLimits

Forcelimits restrictthe magnitudeof appliedmanipulation
forces.This ensuresthat commandsare not accomplished
with unrealisticjoint torques.For example,a heavy object
is lifted slower thana light objectbecauseof the limits im-
posedontheapplicationof theupwardforce.In nature,force
limits area function of musclestrength,but, in animation,
force limits are more intuitively speci�ed in the Cartesian
taskspace.Ourcontrolalgorithmcanbeextendedto impose
suchlimits by thresholdingthe task-spaceforcesneededto
performeachcommand.

Given a commandvector f � , we cancomputethe required
task-spaceforce f using the expressionfor task-spacedy-
namicsin Equation(2):

f = (JMJ> )� 1(f � + 
 h � �J �q): (13)

The task-spaceforce f shouldbe thoughtof astheexternal
force thatmustact, in theabsenceof internaljoint torques,
to createthemotioncommandedby thevectorf � (Figure3).
Thetask-spaceforceis measuredin theusualunitsof force
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Figure 3: Task-spaceforcesguidethehandtoward desired
positionpd usingstabilizationcontrol (a), or movethehand
alonga speci�edtrajectorytd, optionallygraspinganobject
(b). For every force f in task-space, there is an equivalent
force� in joint-spacethat will causethesamemotionof the
handandvisa-versa.

and its maximummagnitudecanbe adjustedintuitively to
control the strengthof manipulations.Whenthe task-space
forceexceedsa presetvalue,its thresholdedvalue f̂ canbe
usedin placeof theoriginal commandvector. If threshold-
ing occurs,the Equation(13) is inverted to solve for the
commandvectorf̂ � thatcorrespondsto thethresholdedtask-
spaceforcef̂ .

Themethodwehaveproposedsofaronly accountsfor force
limits in theCartesianspaceof theprimary task.But in na-
tureforcelimits area byproductof limited musclestrength.
Thus,moreaccuratemodelsshouldlimit forcesin thejoint-
spaceof characters.Despitethis fact, the methodwe pro-
posehas two advantages.First, the animationprocessis
greatly simpli�ed by allowing Cartesianspaceforce lim-
its; It is moreintuitive to describea character's strengthby
how muchthecharactercanlift thanby themaximumtorque
eachjoint canexhert.Second,it is unclearhow themotionof
theprimarytaskshouldgracefullydegradewhenforcelim-
its in joint spacearereached.Simply clampingthe torques
will produceunstablemotion.Our methodalwaysprovides
modi�ed commandvectorsthatproducemanipulationcom-
promisesimilar to thoseobservedin nature.

4.3. Posture

Most manipulationtaskscanbe accomplishedin a number
of ways,particularlyby complex characterswith many de-
greesof freedom.Although taskdescriptionscommandthe
motionof handsandotherbodyparts,redundanciesin body
constructionallow for variationsthat areevident in natural
motion.Themulti-level control formulationallows for sys-
tematicdescriptionof suchvariationwith posturetasks.As a
lower priority task,posturecontrolparameterizesvariations
without interferingwith higherpriority manipulationtasks.

Variationsdependon many factorsincluding strength,per-
sonalpreferences,andstyle.We model thesevariationsby
incorporatingmotion data into a posturetask that favors
recordedposes.Thisis implementedasastabilizationtaskin
joint-space,wheremomentarygoalcon�gurationsarecom-
puted with a nearest-neighborsearchthrough a few sec-

ondsof similar motioncapturedata.Thesimilarity between
posesis computedusingthehorizontaltranslation-andver-
tical rotation-invariant distancebetweensyntheticmarkers
a� xed to eachbody part, as �rst proposedby Kovar and
colleagues[KGP02].

Otherdescriptionsof theposturetaskarealsopossible.They
couldbederivedfrom physiologicalmeasurementsof mus-
cular e� ort [KWDSS04, DSWKD05] or learnedautomat-
ically from recordedmotion data [GMHP04, MK05]. Our
posturetaskis a simplevariantof the latter choice,aiming
to easeevaluationof ourcontroltechniqueratherthanto im-
proveuponexistingposturemodels.

It shouldbe notedthat for realisticmotions,postureactiv-
ity cannotbetreatedcompletelyindependentof theprimary
task.For example,whenlifting a heavy box,a personmight
chooseto doso“with theknees”ratherthan“with theback”
to reducestrainon themuscles.Despitethis fact,decoupled
motion control has proven a useful abstractionin anima-
tion,asdemonstratedby theprevailanceof inversekinematic
techniquesfor motionsynthesis.As with inversekinematics,
ourmethoddependsuponintelligentchoicesfor theposture
that complimentthe primary task.We leave to future work
thedevelopmentof moresophisticatedposturetasksthatac-
tively adaptto thegoalsof theprimarytask.

5. Results

The performanceof our control algorithm was evaluated
within the OpenDynamicsEngine(www.ode.org), an open
source,high performancelibrary for simulatingrigid multi-
body dynamics.In eachexperiment,a compactdescription
commandsthe task for a complex characterwith 44 de-
greesof freedom.The control algorithm incorporatespos-
turesfrom suppliedmotiondatato completethemissingde-
tails anddirectsthe characterin accomplishingeachtasks.
Collisionsandcontactsaredetectedandresolvedin thesim-
ulation. In particular, graspingandgroundcontactsareap-
proximatedwith clampingconstraintsthat a� x points on
onebodyto theother. All simulations,includingthecontrol
computation,run at interactive rateson a 2.8 GHz Pentium
4,with 60or moreupdatespersecond,dependingonthetask
complexity. All animationsareincludedin theaccompany-
ing livevideo.

Chain Interaction. The chain interactionsimulation is a
simple demonstrationof the immediatebene�ts gainedby
incorporatingphysical e� ectsinto animationof manipula-
tion tasks.In thissimulationthecharacterattemptsto steady
its handswhile holdingontoa seriallinkageapproximating
a chain.Task-spacestabilization(c.f. Section4.1) is usedto
maintaina �x ed handmotion asthe otherendof the chain
is tuggedandpulledby forcescontrolledinteractively by a
mouse-basedinterface.Thesecondaryposturetaskkeepsthe
charactercloseto theinitial posture.Thestrengthwith which
thecharacterresiststhemotionof thechaincanbeadjusted
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easilywith controlof thesinglegain parameterof the task-
spacestabilization.Unlike with kinematic techniques,the
characterreactsto themotionof thechain.In particular, the
motionof thelegs,while subtle,contributesto a convincing
portrayalof thismanipulationtask.

Lift. Thebox lifting simulationdemonstratesour algorithm
automaticallyadaptingto the weight of objectsand incor-
porating motion data (seeFigure 4). Stabilizationcontrol
is used to direct the motion of the handsby specifying
keyframesthat the handsshouldpassthrough.The hands
areclampedto theboxusingsimulationconstraintsbetween
the rigid bodies.Although the control is awareof the box
mass(and takes it into account),force limits prevent the
characterfrom lifting heavy boxesquickly or evenat all. A
secondaryposturetask favors posturesfrom recordedmo-
tion dataof a similar lifting motion. When we usedi� er-
entrecordeddata,theperformanceof thesametaskdescrip-
tion adaptsautomatically. Insteadof lifting “with theback”,
thecharacterlifts theobject“with theknees”.Thiscon�rms
thatourmulti-taskcontroldecouplesprimaryandsecondary
tasksandaccomplisheseachto thegreatestextentpossible.

Box Interaction. The box interactionsimulation demon-
stratesthe necessityof dynamic interaction betweenthe
characterand manipulatedobjects.The right hand of the
characteris replacedwith a heavy pendulummassandthe
desiredpositionof thehandis controlledinteractively with a
mouse-basedinterface.Thedynamicsof thependulummass
are modeledas that of a body part connectedto the arm
with anunactuatedjoint. Stabilizationcontrol in task-space
is usedto bring thearmto thedesiredposition.A secondary
posturecontrol referencesmotion captureof a similar mo-
tion. This causesthe character's postureto vary naturally
with the action of the primary control task; the character
croucheswhen the hand is low, standswhen the hand is
high,andappearsbalancedeventhoughno explicit balance
control is utilized.Whenthemomentumof thependulumis
large,a forcelimit preventsthecharacterfrom achieving the
desiredarm position.However, whenthe pendulumslows,
theforcerequiredto achieve thedesiredpositionfallsbelow
thespeci�ed limit andthecharactercanachieve thedesired
position�a wlessly. Notethatsuchprecisecontrolis notpos-
sible without accountingfor the dynamicsof the object in
the manipulationcontrol.But if, in addition,realisticforce
limits arenot imposed,thecharacterwill alwaysachieve the
desiredhandpositionperfectlywithout realisticallyreacting
to the momentumof the pendulummass.Both force limits
andcorrectdynamicsarerequiredto producebelievablema-
nipulation.

Catch. In theball catchingsimulation,thecharactercatches
balls of di� erent weights, sizesand velocities. Stabiliza-
tion control is usedto positionthecharacter's handapprox-
imately wherethe ball shouldbe caught.Whenthe ball is
closeto thehand,trackingcontrolis usedto matchthehand
velocity to thatof theball. If contactis detected,theball is

clampedto the handwith a simulationconstraint.Finally,
stabilizationis usedto bring theball backto wherethecatch
wasmade.The arm con�guration variesnaturallywith the
handpositionbecausethe posturetaskincorporatesa short
10-secondsequenceof armplacementin variouscatchloca-
tions.As the weight of the ball increases,the characterre-
actsnaturally. Again,forcelimits preventtheuseof extreme
joint torquesthatmightbecapableof tooquickly stabilizing
thepositionof thehand,regardlessof theobjectweight.In-
stead,thearmmotionslows down theball beforereturning
to its commandedlocation.

Catch and Toss.Thecatchandtosssimulationdemonstrate
a performanceof a more complex manipulationtask.The
charactercatchesan objectbeforetossingit alongthe pre-
scribedtrajectory. Thesimulationrequiresthreeinputs:the
planein whichthecharacterattemptsto catchtheobject,the
positionandvelocity at the point of release,anda motion
capturesequenceof a similar catch-and-throw motion.The
commandsin this animationaresimilar to thosein the lift-
ing andcatchinganimationsexceptfor the trajectorytrack-
ing usedto tosstheobject.Thetrajectoryis aHermitecurve
that is fully speci�ed by the initial and �nal positionsand
velocities.This parameterizationof the curve waschoosen
for simplicity and looks reasonablefor this motion, but it
shouldbenotedthattherealismof theresultingmotiondoes
dependuponthe trackingtrajectoryand,thus,otherchoice
would generatelessbelievablemotion.Thecontrolleris ro-
bust to changesin the velocity andangleof the caughtob-
ject, theweight,sizeandshapeof theobject,andthespeci-
�ed directionandvelocity that theobjectshouldbethrown.
All reasonablesettingsof theseparameterscreatea plausi-
blemotionwith di� erent,nonlineardynamice� ects.For in-
stance,if theweightof theobjectis large,thecharacterwill
not beableto controltheobjectasaccurately, causingcolli-
sionsbetweentheobjectandthecharacter, but still tracking
thetrajectoryascloselyaspossible.

6. Conclusion

Ourcontrolalgorithmdirectscomplex charactersin realistic
performancesof dynamicmanipulationtaskswithin a phys-
ical simulation.The control adaptseasily to dynamicdis-
turbancesanddi� erentenvironmentsthatrequiresigni�cant
deviationfrom motiondata.Themulti-taskformulationsup-
portsintuitive taskdescriptionsin joint spaceor taskspace.
The tasksareexecutedat multiple priority levels to ensure
thatlower-priority tasksdonot interferewith higherpriority
manipulationgoals.Finally, theaccuratetrackingof lower-
priority taskscapitalizesonrecordedmotionposturestogen-
eratelifelik e motionsfrom compacttaskdescriptionswith
many missingdetails.

The control algorithm cannotguaranteesuccessfulperfor-
manceof all manipulationtasks.Temporaryunderactua-
tion (loss of control over somedegreesof freedom)will
impedemanipulationeven when it could be accomplished
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with the remainingdegreesof freedom.For example,al-
thougha charactercould jump to reachan object,our con-
trol algorithm cannot look aheadto pre-plan the torques
neededfor sucha jump. Althougha generalsolutionto un-
deractuatedcontrolproblemsfor complex charactersis still
an open problem, o� ine optimization has enjoyed some
successparticularlyafter simplifying the spaceof motions
[LP02,SHP04]. Underactuatedcontrol is lesscritical in au-
thoring applicationswhereanimatorscould be relied upon
to provide feasibletaskdescriptions.

Thechoiceof Cartesian-spacecontroleasesthedescription
of many manipulationtasksbut it also introducesthe pos-
sibility of arti�cial algorithmic underactuation.Whenever
a jointed structureapproachesa singularcon�guration, the
task-spacecontroltemporarilylosesactuationoversomede-
greesof freedom.This underactuationis arti�cial becauseit
is strictly a functionof thechosenjoint-angleparameteriza-
tion; it neverappearsin thejoint space.In authoringapplica-
tions,thesesituationscouldbeavoidedwith intelligenttask
descriptions,but amoregeneralsolutionwould imposejoint
limits in the highestpriority taskto avoid kinematicsingu-
larities[Lié77]. In ourwork, theposturetaskservesasapar-
tial substituteto joint limits by keepingthecharacterout of
unnaturalcon�gurations,but thisapproachwouldultimately
fail for extremepostures.

The control algorithm assumesthat all contactsare main-
tainedregardlessof the appliedjoint torques.This control
strategy is successfulfor the simulationof sometasksbut
the control algorithm will needto maintainthesecontacts
explicitly beforeit cangenerateanimationswith realisticlo-
comotionor balance.This extensionwill �t into our control
formulationnaturallybecauseadditionaltaskcommandscan
maintaincontactconstraintsby ensuringthatcontactforces
remainwithin therequiredfriction cones[MLS94].

The control of contactforcesbrings out the more general
needto systematizetaskdescriptionsbeyondtheuseof sta-
bilization andtracking,the two commandprimitiveswe re-
lied upon in all of our experiments.For example, in our
throwing experiments,the hand motions were directedto
follow prescribedtrajectorieseven thoughnaturalthrowing
motionsarerarelysoprecise.Stabilizationandtrackingcon-
trol in Cartesianspacesimpli�es motionspeci�cation,but it
doesnotguaranteerealism.New commandsshouldalsosup-
port alternative, less-detailedtaskdescriptionsthat incorpo-
ratemotiondatato �ll in missingdetailsautomatically. Our
useof recordedmotionpostureshasonly enticedamoresys-
tematicinclusionof generalmotioninvariants.For example,
low-priority posturetaskscouldincorporaterecordedveloc-
ities,accelerations,andforcesto generateevenbetterperfor-
mancesof dynamicmanipulationtasks.
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Figure4: Our control algorithmdirectsa real-timesimulationof a characterto accomplishmanipulations,such asdisplacing
a box(top row).Manipulationsare compactlydescribed.In theaboveexample, only four Cartesiangoal positionsare usedto
describethemotionof thehandsandthebox.Themissingdetailsare �lled in with a secondaryposture taskthat incorporates
recordedmotionposturesfroma similar performance. Thecontrol adaptsnaturally to changesin theenvironment.Asexpected,
increasingtheweightof thebox(secondrow)producesa slowerlift. Theperformanceof thetaskcanalsobechangedbyusing
a di� erentrecordedmotionin theposture task(third row).
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