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Abstract—We present a framework for composing motor
controllers into autonomous composite reactive behaviors for
bipedal robotsand autonomous,physically-simulatedhumanoids.
A key contribution of our composition framework is an explicit
model of the “pr e-conditions” under which motor controllers are
expectedto function properly. Pre-conditionsmay be determined
manually or learned automatically by algorithms based on
Support Vector Machine (SVM) learning theory. We demonstrate
controller composition and evaluate our composition framework
using a family of controllers capableof synthesizingbasicactions
such as balance, protective stepping when balance s disturbed,
protective arm reactions when falling, and multiple ways of
regaining an upright stanceafter a fall.

|. INTRODUCTION

Despite the recent progressin bipedal robots [16], [17],
systemswith broadrepertoiresof lifelik e motor skills remain
elusive. While a divide-and-conquestrateyy is clearly prudent
in emulatingthe enormousvariety of controlled motionsthat
humansmay perform,little effort hasbeendirectedat how the
resultingcontrol solutionsmay be integratedto yield compos-
ite controllerswith signi cantly broaderfunctionalities.The
technicalchallengeof our work is not only to develop motor
controlstratgiesfor speci ¢ actions put alsoto integratethese
controllersinto a coherentwhole that is greaterthanthe sum
of its parts.For example, Figure 1 illustratesa humanoidin
the form of a dynamicallysimulated(Terminator)robot. The
robot sits, stands,walks to the stairs, somersaultsilown the
stairslandingin a supineposition,and nally risesbackonto
its feet. The robot controls its balanceand performsall of
theseactionsin an autonomougashion.

Our control compositionframework for simulatedanthro-
pomorphiccharacters,rst presentedn [7], [8], [5], is imple-
mentedwithin DANCE, a portable,extensibleobject-oriented
modeling and simulation system[18].1 DANCE provides a
platform thatresearchersanuseto implementanimationand
control techniqueswith minimal designand implementation
overhead.

A key contribution of our compositionframework is an
explicit model of the “pre-conditions” under which motor
controllersare expectedto function properly Pre-conditions
may be determinedmanually or learned automatically by
algorithmsbasedon SupportVector Machine(SVM) learning
theory We demonstratecontroller compositionand evaluate
our compositionframeawork using a family of controllersca-
pableof synthesizinghasicactionssuchasbalance protective

IDANCE is freely available for non-commercialuse via the URL: ) . . .
www.cs.ucla.edu/magix/projectsfuiz Fig. 1. An autonomousphysically-simulatechumanoidrobot.



steppingwhen balanceis disturbed,protectve arm reactions
whenfalling, andmultiple waysof regaininganuprightstance
after a fall.

A. Related\Work

The simulationof anthropomorphicgures is a challenging
problem in mary respects.Comprehensie solutions must
aspireto distill and integrate knowledgefrom biomechanics,
robotics and control. Not surprisingly a divide-and-conquer
stratgyy is evident in most approachesfocusing efforts on
reproducing particular motions in order to yield tractable
problemsconducve to comparatie analysis.

The biomechanicditeratureis a useful sourceof predictve
modelsfor speci ¢ motions,typically basedon experimental
data supplementedy careful analysis.Thesemodelstamet
applicationssuchasthe understandingndtreatmeniof motor
controlproblemstheanalysisof accidentanddisabilities,and
high-performanceathletics.Computersimulationis becoming
anincreasinglyusefultool in this domainasthemotionmodels
evolveto becomenorecomplex andcomprehensie [20], [21],
[23]. Given the challengeof achieving high- delity motion
modelsfor individual motions,there have beenfewer efforts
towards integrated solutions applicableto multiple motions.
Referencq20] is one suchexample.

Robotics researchhas made remarkableprogressin the
successfutlesignof a variety of leggedrobots[22] and,more
recently bipedalrobotswith anthropomorphiaspirationg16].
Despitetheir limited motion repertoiresand ratherdeliberate
movements theserobotic systemsare truly engineeringmar
vels. Thework in [1] providesa good summaryof behaioral
architecturesexplored in the context of robotics. A 3 DOF
ball-juggling robot is describedn [3] which usesa theory of
behaior composition,althoughthe practicality of extending
the methodto high-DOF dynamicmodelsof humanmotions
is unclear

Computeranimation has presentedinteresting results to-
wards the simulation of humanoid characters.Controllers
have beensuccessfullydesignedfor speci c humanmotions
such as walking, running, vaulting, cycling, etc. [12], [15],
[30]. Although dynamically simulatedarticulated characters
equippedwith anintegrated,wide-rangingrepertoireof motor
skills currentlyremainanunachi@edgoal, somepositive steps
in this direction are evident. Examplesinclude an integrated
repertoireof motor controllersfor biomechanicallyanimated
sh [24], a methodologyfor controllerdesignandintegration
applicableto simple gures [26], and a techniquefor transi-
tioning betweerplanargaits[11]. Thework of Wooten[30] is
the mostrelevant, as an exampleof a sequencef successie
transitionsbetweerseveralcontrollersfor humanmotionssuch
as leaping, tumbling, landing, and balancing.Transitionsare
realizedby including the end stateof somecontrollersin the
startingstatesof othercontrollers.

Our work is aimed at creating dynamic humanoidswith
broadly integrated action repertoires.Unlike previous work
focusingon speci ¢ athleticmovementsor gaits,our method-
ology is to begin with a core setof simple actions,including

balancing,small steps,falling reactions,recovery from falls,
standingup from a chair, etc. Then,we contribute a framework
for composingindividual controllers, however they may be
designed,into more capable control systemsfor dynamic
characters An interestingtechnical contribution within our
controller composition framework is the introduction of a
learning approachfor automatically determining controller
pre-conditions.

B. Overviav

The remainderof the paperis organizedas follows. Sec-
tion Il presentsthe anthropomorphianodelsthat we usein
our experiments.Section lll describesa representatie set
of controllers.SectionlV reviews the pre-conditionlearning
methodology Section V presentsthe supervisoralgorithm
for composingcontrollers. Section VI discussesour results
and their applications.Section VIl concludesthe paperand
discussesvenuesfor future researctopenedup by our work.

Il. HUMANOID MODELS

Figure 2 illustratesour experimentaldynamicmodels.The
arrons indicatethe positionsof the joints andtheir rotational
degreesof freedom (DOFs), which are also enumeratedn
the table. The skeleton model, which is capableof full 3D
motion, has 37 DOFs, six of which correspondo the global
translationandrotationparametersThe 16 DOF “Terminator”
robot modelis limited to producing2D (planar)motion. The
leftmosttablein the gure lists the DOFsof the models.The
physical properties,such as massand momentsof inertia,
of both modelsare consistentwith anthropometricdata for
a fully- eshed adult male, as found in the biomechanics
literature (see [29]). In particular the overall massof each
modelis 89.57kilograms.

The movementof the rotationaldegreesof freedomof the
modelsis restrictedby the physicallimits of the humanbody:.
After researchinghe literature, we have decidedto usethe
joint limits indicated(for the skeletonmodel)in the rightmost
table in the gure. To ensurethat rotations of the gure's
body partsdo not exceedthe userspeci ed limits, we usea
methodbasedon exponentialsprings,which is widely used
in a variety of control problems.If ary rotational degree of
freedom , exceedsits allowable rangeof ( ),
wherethe superscriptsglesignate‘lower” and “upper” limits,
respectiely, the exponentialspringsproducethe forces:

dependingon the limit that has been violated. We have
determinedthat the springconstants = 10.0and = 1.0
producesatishctory joint behaior.

Motor controllers needinformation about the state of the
gure, whereit is facing, whetherit is balanced,etc. Con-
trollers also needto have information aboutthe ervironment,
such as body/groundcontactpoints, the slope of the terrain
at contactpoints, the position of obstaclesgtc. Most of the
information aboutthe gure canbe computedfrom the state



(b)
[ Joint [ SkeletormodelDOFs | RobotmodelDOFs |

Head 1 1

Neck 3 1

Shoulder 2 1

Elbow 2 1

Wrist 2 -

Waist 3 1

Hip 3 1

Knee 1 1

Ankle 2 1

(©)

[ Joint Axis ][ Lower Limit | UpperLimit |
Head X -45 45
Neck X -50 90

z -60 60
v 80 80
Shoulder z -90 90
y 80 160
Elbow y 0 120
X -90 40
Wrist z -90 90
y 5 a5
Waist X -45 90
z -55 55
y 50 50
Hip X -165 45
y 120 20
z -20 20
Knee X 0 165
Ankle X -45 50
z -2 35
(d)

Fig. 2. Anthropomorphicmodels.(a) 3D-motion skeleton model and (b)
2D-motion“Terminator”’robot model, (c) their rotationaldegreesof freedom
(DOFs),and (d) lower/upperjoint limits for the skeletonmodel.

parametershowever, it is oftenmorecorvenientto usehigher

level sensorghataremoreintuitive, canbe computedonceper

time step,andcanbe sharedamongcontrollers.In our current
implementationeachcontrollerhasfull accesgo the internal
data structuresof the system,including all the information
associateavith any gure or objectin the system.This allows

the controllersto de ne arbitrary sensorsthat keep track of

necessarynformation such as state parameterdor feedback
loopsandthe stateof the ervironment.Commonsensownalues
include:

Supportpolygon. The supportpolygon is de ned by
the cornvex hull of the feet that are in contactwith the
ground,andit is crucial for the balanceof the gure.
Centerof massinformation. The position , velocity
acceleration , andrelative positionof the centerof mass
with respectto the supportpolygon.

Up Vector

Support Polygon

Facing Vector

® Contact Sensors

Fig. 3. Commonsensors.

Pelviscenterof massinformation.Theposition , veloc-
ity ,acceleration , andrelative positionof the pelvis'
centerof masswith respectto the supportpolygon.
Contactinformation. An indication of whetherthe feet,
head,pelvis andthighsarein contactwith the ground.
Orientation.The facing vector  and up vector  of
the pelvis, indicating the direction that the pelvis faces
and how far it leans,respectiely.

Figure 3 shaws the supportpolygon,the facingvectorandthe
up vectorrelative to the skeletonmodel.

Most of the computationaburdenin our approachlies in
the numerical simulation of the equationsof motion. The
computationsassociatedvith the controllersand our compo-
sition framawork arenggligible in comparisonin generalthe
reduced-DOF2D-motion robot model simulatesin real time
on a733MHz Pentiumlll computersystemwhereaghe 3D-
motion skeleton model runs between5 and 9 times slower
thanreal time.

I1l. CoOMPOSABLE CONTROLLERS

We have proposeda simple but effective framework for
composingspecialistcontrollersinto more capablesystems
for simulated gures [7]. In our controllercompositionframe-
work, individual controllersare black boxesthat are managed
by a simplesupervisorcontroller Regardlesf their encapsu-
lation, our methodrequiresindividual controllersto de ne pre-
conditions post-conditions and expectedperformance Pre-
conditions,denoted , area setof conditionsover the stateof
the gure andthe ervironment.Pre-conditionsare determined
eithermanually asin the examplesbelow, or they arelearned
automatically SectionlV. If the pre-conditionsare met, then
the controller can operateand possibly enablethe gure to
satisfy the post-conditions,denoted , the range of states
thatthe gure may bein after the executionof the controllet
Thus,the controllerrealizesa transitionbetweena domainof
input statesto a rangeof outputstatesfor the gure. Because
of unexpected changesin the ervironment, however, this
transitionmay not alwayssucceedwhich motivatesthe notion
of expectedperformancegdenoted ; the controllershouldbe
able to evaluateits performancein orderto detectfailure at
ary point during its operation.To do this, the controller must
continually be aware of the currentand expectedstateof the



gure or the ervironment. Any controller that de nes pre-
conditions,post-conditionsand expectedperformancecan be
part of our compositionschemeas explainedin SectionV.

Most of the controllersfor our modelsare basedon pose
control, which has often beenusedboth for articulatedob-
jects[25] andsoft objects[6]. Posecontrolis basedon cyclic
or agyclic nite statemachineswith time transitionsbetween
the states.Each state of the controller can be static or can
dependon feedbackparametersFor someof our controllers,
we use continuouscontrol, in the sensethat the control
parametersare tightly coupled with some of the feedback
sensorsThebalancecontrollerpresentedbelow is an example
of this.

We now presenta few of the individual, specialistcon-
trollersthatwe have implementedor our humanoidcharacters
and we describein detail their analytical, composableAPls.
Let us rst de ne the following quantitiesand symbols: The
state of an articulated gure is the vector of
generalizedoint angles andtheir angularvelocities . The
position and velocity of the centerof massare denotedas
and , respectiely. Thesupportpolygonof a gure is denoted
as

A. Default Contwoller

The default controlleris activatedwhen no other controller
requestscontrol of the biped.Its goalis to performa sensible
action in ary given situation. In the absenceof a better
understandingf the situation,the mostsensiblething to do is
to keepthe gure in a comfortableposition.We currently dis-
tinguishbetweerntwo differentsituations standingn placeand
lying on the ground.In the rst case,the controller attempts
to maintainthe gure's upright stanceusing moderatejoint
torques,while keepingthe armsloose.If the gure is leaning
by morethana giventhresholdslant,thenit is consideredo
be in a lying position, in which casethe controller makes
the characterassumea relaxed pose. Thus far, thesetwo
stratgjies have worked well, in the sensethat they bring the
gure smoothly into a perceved comfortable position. The
default controller facesthe dif cult task of encompassingll
situationsfor which we have not yet designedappropriate
controllers. It thereforerepresentsonly a starting point for
future improvements.

B. Balancing

Balancing in a quiescent,upright stanceis a comple
biomechanicatontrol phenomenonhat dependsn different
factors suchasthedistancebetweerthefeet,andthe presence
of (or lack of) visual feedback[4]. A considerablebody of
researchaimsto understandhe sensoryinformation[27] and
re ex responseshat humansuseto maintainquiet stance[9].
Thesstratgiesthatpeopleemploy asaresponséo disturbances
during quiet stanceare generallydivided into hip stratgies
and ankle stratgjies dependingon whetherthe hips or the
ankles are the dominantregulators of the postural stability.
A comprehensie analysisof balancestrateies during quiet
stancefocusingon ankle control can be found in [10]. Most

researchers biomechanicseento agreethatanklestratgies
are more likely to occurin responseto small disturbances,
while hip stratgiesoccurin responsdo larger disturbances.

Ourbalancecontrolleris responsibldor maintaininga natu-
ral standingposturelt is basedn aninvertedpendulummodel
thatusesthe anklesto regulatethe body sway [9]. Despitethe
factthatthe body of the gure is not asrigid asthe inverted
pendulumhypothesissuggeststhe approximationworks well
in practice.Our balancecontrollerusesan ankleangleof 0.06
radiansas the equilibrium position. For this controller, the
articulatedbody must be in a balancedupright position, the
velocity and accelerationof the center of massshould not
exceedcertainthresholdvaluesasexplainedby [19], andboth
feet must maintain contactwith the groundat all times. The
controller can toleratesmall perturbationsof the postureand
thevelocity/accelerationf the centerof massby stiffeningthe
ankle joints. For larger accelerationsof the centerof mass,
the controller actively actuatesthe ankle joint to reducethe
accelerationof the centerof mass.The post-conditionsare
similar to the pre-conditionsin mathematicaform:

Velocity: m sec.
Balance:projection
Posture: (upright) rad,

thigh knee waist , ,

is a normalizationparameter

where
and
Contact: feet on ground.

Velocity:
Balance:projection
Posture: (upright)

m sec

rad,
thigh knee waist , ,
is a normalizationparameter

where
and
Contact: feet on ground.

The expectedperformance is identicalto the pre-conditions.

Becauseof the relatively simple task that this controller
has to accomplishand the inherent stability of the simple
ankle stratgy that we employ, the balancecontroller can be
used successfullyon slightly different terrainsand gures.
Neverthelessthe controllercouldbe enhancedo employ more
comple stratgies, especiallyas responseso larger external
disturbancesFor example,a simulatedbiped should attempt
to maintainbalanceby shifting its weight, or bendingat the
waist. If the bipedcannotmaintainbalancejt mustthenresort
to taking a stepor eveninitiating a fall behaior.

C. Falling

The mannerin which peoplefall dependsupon a number
of factors,suchastheir physique their age,andtheir training.
Involuntary falling reactionsare very commonin everyday
life, especiallyamongyoung children and the elderly. They
areprobablythe mostcommonreasorbehindfractureinjuries
amongthe elderly The work in [13] shaws that, during a
fall, the elderly are more likely to impact their hip rst as
comparedo youngeradultsfalling underthe sameconditions.
Our fall controller is designedwith the average adult in



Fig. 5. A “suicidal” head rst dive down stairs.

mind. Its main action is to absorbthe shock of the impact
using mostly the hands.The work in [31] providesa way to
distinguishfalls from normalactiities basedsolely on velocity
characteristicsThe pre-conditionf our fall controllerde ne
a larger acceptableregion in velocity spacethan the one
speci ed by [31] becauseghey arede ned in accordancavith
thoseof the balancecontroller All situationsthat are beyond
the capabilitiesof the latter should be handledby the fall
controller:

Vertical Velocity:

m sec.
Balance: projection
Contact: hip not on ground,handsnot on ground.

If falling forward, facedown
If falling backvard, faceup .
Contactwith the groundwithin 3 seconds.

-Either

Velocity: m sec

or
headon ground.

The pre-conditionsensurethat if the gure is not balanced,
then the fall controller bids to take over. The fall controller
succeedsvhenthe velocity and acceleratiorof the biped are
broughtcloseto zero or when the headtouchesthe ground.
The expected performanceensuresthat the biped keepson
falling in the samedirection. In addition, it requires(a) that
the gure' sfacingdirectiondoesnot reverse somethingwvhich
mighthapperwhenfalling from a greatheight,and(b) thatthe
gure touchesthe groundwithin 3 secondsn orderto ensure
thatthefall wasfrom ashortheight.Ourimplementatiorof the
fall controllercomputeshe direction of the fall andresponds
accordingly It canthereforehandlea variety of pushes.The
controlleris robustandit canbe usedon differentbipedsand
groundmodels.

Figure 4 showvs snapshotof falls in different directions.
Notice how the upperbody twists in the appropriatedirection

and how the arms automatically extend in anticipation of
the collision with the ground.Figure 5 demonstratest more
dramatic fall, where the physically simulated humanoidis
instructedto dive head rst down a ight of stairs, which
suggestgthe notion of a “virtual stuntactor” [8].

IV. SVM LEARNING OF PRE-CONDITIONS

In this section,we describean automatic,machinelearning
approachto determining pre-conditions,which is basedon
systematicallysamplingthe performanceof controllers.Our
methodusesa machinelearningalgorithm attributed to Vap-
nik [28] known as SupportVector Machines (SVMs), which
has recently attractedmuch attention. SVMs are a method
for tting functions to sets of labeled training data. The
functions can be general regressionfunctions or they can
be classi cation functions.In our application,we use simple
classi cation functionswith binary outputswhich encodethe
successor failure of a controller Burges [2] provides an
excellenttutorial on SVMs.

To applythe SVM techniqueto the problemof determining
controller pre-conditionswe train a nonlinearSVM classi er
to predictthe succes®r failure of a controllerfor anarbitrary
startingstate.Thus,the trainedSVM demarcatethe boundary
of regions in the gure's state spacewherein the controller
cansuccessfullydo its job. Training setscomprisingexamples

are generatedby repeatedlystarting the dynamic
gure atastochastically-generateditial state , numerically
simulating the dynamicsof the gure underthe in uence of
the controllerin questionandsetting if the controller
succeed®r if it fails.

The distribution of the stochastically-generataditial states
is of someimportance.The samplepoints shouldideally be
locatedcloseto the boundariesvhich demarcatéheacceptable
pre-conditionregion of state-space-owever, theseboundaries
arein fact the unknovns we wish to determineand thus we
must resortto a more uniform sampling strateyy. Unfortu-
nately the high dimensionalityof the state-spacerecludes
regular sampling. We thus adopt the following stochastic
procesgo generate suitabledistribution of initial statesFirst,
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a nominal initial stateis chosen,basedupon the designers

knowledgeof the controller A short-duratiorsimulation(typ-

ically 0.3s)is then carried out from this initial state while

a randomizedperturbationprocesss executed.This currently
consistf applyinganexternalforce of random(but bounded)
magnitudeand randomdirection to the centerof-massof the

pelvis. Simultaneouslythe biped's joints are perturbedin a

stochasticfashionby setting randomizedoffset target angles
for the joints and using the biped's PD joint controllersto

drive the joints towardstheseperturbedpositions.While the

perturbationstratgyy is admittedly ad-hoc, we have found

it to be effective in sampling the pre-condition space,as
was validatedby the online use of the learnedpre-condition
models.

We employ Joachims'SVM software which is avail-
able on the web [14]. The software can accommodatédarge
training setscomprisingtensof thousand®f obsenationsand
it efciently handlesmary thousandsof supportvectors. It
includesstandardkernel functions and permitsthe de nition
of new ones.It incorporatesa fast training algorithm which
proceedsby solving a sequenceof optimization problems
lower-boundingthe solution using a form of local search.It
includestwo efcient estimationmethodsfor error rate and
precision/recall.

The SVM training phasecantake hoursin our application,
but this is done off-line. For example,on a 733 MHz PIII
computey the SVM training time for a training set of 8,013
obsenationsis 2,789 secondsusing the polynomial kernel,
2,109secondasingthe linear kernel,and 211 secondausing
theradialkernel.For atrainingsetof 11,020obsenations,the
training time is 8,676 secondsusing the polynomial kernel,
3,593secondasingthe linear kernel,and 486 secondsusing
theradialkernel.Oncetrained,the SVM classi er canprovide
answerson-line in milliseconds.

V. SUPERVISOR CONTROLLER ALGORITHM

Figure 10 presentsan overview of our control system.At
eachtime stepof the physics-basedimulation,the supervisor
controller rst checkswhetherit needgo initiate abid process,
and proceedsto do so if the userspeci ed tamget state has
changedor if thereis no active controller (other than the
default controller). During the bidding process,all available

individual controllersdeterminewhethertheir pre-conditions
are satis ed and, if so, they bid for control over the dynamic
gure by returning a priority number (details in [5]). The
supervisorcontroller selectsfrom among the collection of
bidding controllersthe one that returnsthe highest priority
(or, if no controller hasbid for control, it selectsthe default
controller), registersit as the active controller, and invokes
a method associatedwith the controller which implements
its control stratgyy. The method returns to the supervisor
controllera statusparameterlf the statusparameteindicates
that the controller has failed, then a new bidding process
is initiated? Along with the status parameter the method
returns target values for some or all of the dynamic g-
ure's degreesof freedomalong with associatedstiffnessand
dampingparametersywhich are usedby a setof proportional-
derivative controllersto calculatethe actual control torques.
Alternatively, the active controllercanchooseo applytorques
directly to the gure andreturnno valuesfor the supervisors
proportional-dewative controllers.

Somecontrollersautomaticallybid for control over the g-
ure whentheir pre-conditionsare met; hence mary controller
transitions occur automatically such as taking a protectve
stepin responsdo a loss of balance.However, other actions
areinitiated voluntarily, andthe associateadontrollershecome
active only at the requestof the user For example,a gure
balancingupright canbe instructedto remainstanding to sit-
down, to walk, or to take adive. Currently the userdirectsvol-
untaryactionsby interactively enteringcommandstringsto the
supervisorcontroller Thesecommandsncreasehe suitability
scoreof the designatedontrollerandforcesinvocationof the
arbitration processwhich selectsand activatesthe designated
controller Thecontrolof voluntarymotionscouldbedelegated
to a high-level planner but motion planning is beyond the
scopeof our currentwork.

VI. ADDITIONAL SIMULATION RESULTS

We now presentseveral examplesof controlled sequences
of autonomousand userinstructedactionsthat our simulated
humanoidswhose physical parametersare consistentwith a
fully- eshed adult male,are ableto perform.

The reduceddimensionality planar motion robot model
facilitates the developmentof a relatively large humber of
controllers,becauseplanar control is more robust than three
dimensionalcontrol and lessdependenbn the speci ¢ biped
and ground model. The control sequenceshovn in Fig 1 in-
volvesl3controllers:balanceprone-to-kneelsupine-to-kneel,
kneel-to-crouch, crouch-to-stand,stand-to-sit, sit-to-crouch,
protective-step,fall, walk, plunge-and-roll,doublestance-to-
crouch,andthe default controller The plunge-and-roll stand-
to-sit, sit-to-crouchand walk controllers bid for control of
the biped only undercommandfrom the user The remaining
controllersact automatically

The control sequencesve were able to achieve for the
skeleton model shows that our method also works well in

2An additional check avoids an in nite loop when a badly designed
controllerbids for control andimmediatelyfails.



Fig. 9. A morevigorousway (kip stunt)of rising from a supinepositionthatthatin the rst frame of Fig. 8.

three dimensions.Figures 6—9 shov various sequenceof
actions that our models can perform, including sitting and
rising from a chair and rising from a supine position in
three different ways. Autonomouslycontrolled sequence®f
suchintricacy are unprecedenteth the humanoidsimulation
literature. Rising off the ground is a surprisingly dif cult

motor skill. It involves rapid changesof the contactpoints
and signi cant shifting of weight. In addition, the frictional
propertiesof the ground greatly in uence the motion (here,
the coefcient of friction is 0.6).

Figure7 illustratesthe humanoidatrestin a supineposition,
automaticallyrolling over to a prone position, pushingitself
up on all fours, rising to its feet, and nally balancingin an
upright stance.The humanoidis equippedwith the follow-
ing controllers:balance fall, roll-over, prone-crouchgrouch-
to-stand,and the default controller All controllers are au-
tonomousin this case;asthe humanoidgoesthoughdifferent
con gurations, it automaticallyreactsto the currentsituation
activating the most appropriatecontroller amongthose that
are available. With the gure in a supinecon guration, the
roll-over controller brings the skeleton to a prone position
which makesit possiblefor the prone-to-crouckcontrollerto
take over. Whenthe gure reachesa crouchingposture,the
prone-to-crouchcontroller succeedsand the crouch-to-stand

controllerbringsthe gure to anuprightposition,which allows
the balancecontrollerto take over. As Figure8 illustrates,the
humanoidcanalsorise to an upright balancedstancewithout
rst rolling over into a prone position. Finally, Figure 9
illustrates a third and much more enepgetic way in which
the humanoidcanrise from a supineposition. This is called
the “kip™, an athleticmotion often seenin martial arts Ims,
variationsof which are usedusedextensvely in gymnastics.
It works by getting the body airbornewith enoughrotational
momentumto plantthe feet underthe centerof mass.

More details about theseand other results can be found
in [8], [5], and associatedanimations are available from
www.cs.ucla.edu/ pfal/research

VIl. CONCLUSION

We have presenteda framework for composingdynamic
controllers. Our framavork has beenimplementedwithin a
freely availablesystemfor modelingandanimatingarticulated
gures. To our knowledge,our systemis the rst to demon-
strate,amongother controlled motions,a dynamicanthropo-
morphic gure with controlled reactionsto disturbancesor
fallsin ary direction,aswell astheability to riseautomatically
off the groundin several ways.



Giventhe enormouschallengeof building controllerscapa-
ble of large repertoiresof dynamic human-like motion, it is
inevitablethatthework presentedh this papers incompleten
mary ways.We hopethat our systemwill fostercollective ef-
forts amongnumerouspractitionersthatwill eventuallyresult
in complex compositecontrollerscapableof synthesizinga full
spectrumof human-like motor behaiors. Publishedcontrol
methodsfor 3D walking, running,andstair climbing malke ob-
vious candidatedor integrationinto our system.Copingwith
variableterrain and dynamicervironmentsare dimensionsof
addedcompleity that shouldprovide work for yearsto come.
Finally, the intelligent integration of controllerswhich affect
only subsetsof the available degrees of freedom must to
be addressedn order to allow for the parallel execution of
controllers.
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