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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 is disturbed,
protective arm reactions when falling, and multiple ways of
regaining an upright stanceafter a fall.

I . INTRODUCTION

Despite the recent progressin bipedal robots [16], [17],
systemswith broadrepertoiresof lifelik e motor skills remain
elusive.While a divide-and-conquerstrategy is clearlyprudent
in emulatingthe enormousvariety of controlledmotionsthat
humansmayperform,little effort hasbeendirectedat how the
resultingcontrol solutionsmaybe integratedto yield compos-
ite controllerswith signi�cantly broaderfunctionalities.The
technicalchallengeof our work is not only to develop motor
controlstrategiesfor speci�c actions,but 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, somersaultsdown the
stairslandingin a supineposition,and�nally risesbackonto
its feet. The robot controls its balanceand performsall of
theseactionsin an autonomousfashion.

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

A key contribution of our composition framework 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 SupportVectorMachine(SVM) learning
theory. We demonstratecontroller compositionand evaluate
our compositionframework using a family of controllersca-
pableof synthesizingbasicactionssuchasbalance,protective

1DANCE is freely available for non-commercial use via the URL:
www.cs.ucla.edu/magix/projects/dance. Fig. 1. An autonomous,physically-simulatedhumanoidrobot.



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

A. RelatedWork

The simulationof anthropomorphic�gures is a challenging
problem in many respects.Comprehensive solutions must
aspireto distill and integrateknowledgefrom biomechanics,
robotics and control. Not surprisingly, a divide-and-conquer
strategy is evident in most approaches,focusing efforts on
reproducing particular motions in order to yield tractable
problemsconducive to comparative analysis.

The biomechanicsliteratureis a usefulsourceof predictive
modelsfor speci�c motions,typically basedon experimental
data supplementedby careful analysis.Thesemodels target
applicationssuchastheunderstandingandtreatmentof motor
controlproblems,theanalysisof accidentsanddisabilities,and
high-performanceathletics.Computersimulationis becoming
anincreasinglyusefultool in thisdomainasthemotionmodels
evolveto becomemorecomplex andcomprehensive[20], [21],
[23]. Given the challengeof achieving high-�delity motion
modelsfor individual motions,therehave beenfewer efforts
towards integratedsolutionsapplicableto multiple motions.
Reference[20] is onesuchexample.

Robotics researchhas made remarkableprogressin the
successfuldesignof a varietyof leggedrobots[22] and,more
recently, bipedalrobotswith anthropomorphicaspirations[16].
Despitetheir limited motion repertoiresand ratherdeliberate
movements,theserobotic systemsare truly engineeringmar-
vels.The work in [1] providesa goodsummaryof behavioral
architecturesexplored in the context of robotics. A 3 DOF
ball-juggling robot is describedin [3] which usesa theoryof
behavior composition,althoughthe practicality of extending
the methodto high-DOF dynamicmodelsof humanmotions
is unclear.

Computeranimation has presentedinterestingresults 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 simulatedarticulatedcharacters
equippedwith an integrated,wide-rangingrepertoireof motor
skills currentlyremainanunachievedgoal,somepositivesteps
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 betweenplanargaits[11]. Thework of Wooten[30] is
the most relevant, asan exampleof a sequenceof successive
transitionsbetweenseveralcontrollersfor humanmotionssuch
as leaping,tumbling, landing, and balancing.Transitionsare
realizedby including the endstateof somecontrollersin the
startingstatesof othercontrollers.

Our work is aimed at creating dynamic humanoidswith
broadly integrated action repertoires.Unlike previous work
focusingon speci�c athleticmovementsor gaits,our method-
ology is to begin with a coresetof simpleactions,including

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

B. Overview

The remainderof the paperis organizedas follows. Sec-
tion II presentsthe anthropomorphicmodelsthat we use in
our experiments.Section III describesa representative set
of controllers.SectionIV reviews the pre-conditionlearning
methodology. Section V presentsthe supervisoralgorithm
for composingcontrollers.Section VI discussesour results
and their applications.SectionVII concludesthe paperand
discussesavenuesfor future researchopenedup by our work.

I I . HUMANOID MODELS

Figure2 illustratesour experimentaldynamicmodels.The
arrows indicatethe positionsof the joints and their rotational
degreesof freedom (DOFs), which are also enumeratedin
the table. The skeleton model, which is capableof full 3D
motion, has37 DOFs,six of which correspondto the global
translationandrotationparameters.The16 DOF “Terminator”
robot model is limited to producing2D (planar)motion. The
leftmost table in 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
model is 89.57kilograms.

The movementof the rotationaldegreesof freedomof the
modelsis restrictedby thephysicallimits of the humanbody.
After researchingthe literature,we have decidedto use the
joint limits indicated(for theskeletonmodel)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 any rotationaldegreeof
freedom ��� , exceedsits allowable rangeof ( �
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wherethe superscriptsdesignate“lower” and “upper” limits,
respectively, the exponentialspringsproducethe forces:
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dependingon the limit that has been violated. We have
determinedthat the spring constants

#@6

= 10.0 and
#BA

%

= 1.0
producesatisfactory joint behavior.

Motor controllersneedinformation about the stateof the
�gure, where it is facing, whether it is balanced,etc. Con-
trollers alsoneedto have informationaboutthe environment,
suchas body/groundcontactpoints, the slope of the terrain
at contactpoints, the position of obstacles,etc. Most of the
information aboutthe �gure can be computedfrom the state



(a) (b)

Joint SkeletonmodelDOFs 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

(c)

Joint Axis Lower Limit UpperLimit

Head x -45 45
Neck x -50 90

z -60 60
y -80 80

Shoulder z -90 90
y -80 160

Elbow y 0 120
x -90 40

Wrist z -90 90
y -45 45

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.

parameters;however, it is oftenmoreconvenientto usehigher-
level sensorsthataremoreintuitive,canbecomputedonceper
time step,andcanbesharedamongcontrollers.In our current
implementation,eachcontrollerhasfull accessto the internal
data structuresof the system,including all the information
associatedwith any �gure or objectin thesystem.This allows
the controllersto de�ne arbitrary sensorsthat keep track of
necessaryinformation suchas stateparametersfor feedback
loopsandthestateof theenvironment.Commonsensorvalues
include:C

Supportpolygon. The supportpolygon D is de�ned by
the convex hull of the feet that are in contactwith the
ground,and it is crucial for the balanceof the �gure.C

Centerof massinformation. The position E , velocity
8

E ,
accelerationFE , andrelative positionof thecenterof mass
with respectto the supportpolygon.

Up Vector

Facing Vector

Support Polygon

Contact Sensors

Fig. 3. Commonsensors.

C

Pelviscenterof massinformation.Theposition EHG , veloc-
ity

8

E G
, accelerationFE G

, andrelativepositionof thepelvis'
centerof masswith respectto the supportpolygon.C

Contactinformation. An indication of whetherthe feet,
head,pelvis and thighsare in contactwith the ground.C

Orientation.The facing vector IKJ and up vector I 
 of
the pelvis, indicating the direction that the pelvis faces
andhow far it leans,respectively.

Figure3 shows thesupportpolygon,the facingvectorandthe
up vector relative to the skeletonmodel.

Most of the computationalburden in our approachlies in
the numerical simulation of the equationsof motion. The
computationsassociatedwith the controllersand our compo-
sition framework arenegligible in comparison.In general,the
reduced-DOF, 2D-motion robot model simulatesin real time
on a 733MHz PentiumIII computersystem,whereasthe3D-
motion skeleton model runs between5 and 9 times slower
thanreal time.

I I I . COMPOSABLE CONTROLLERS

We have proposeda simple but effective framework for
composingspecialistcontrollers into more capablesystems
for simulated�gures [7]. In our controllercompositionframe-
work, individual controllersareblack boxesthat aremanaged
by a simplesupervisorcontroller. Regardlessof their encapsu-
lation,ourmethodrequiresindividualcontrollersto de�ne pre-
conditions, post-conditions, and expectedperformance. Pre-
conditions,denotedL , area setof conditionsover thestateof
the �gure andtheenvironment.Pre-conditionsaredetermined
eithermanually, asin the examplesbelow, or they arelearned
automatically, SectionIV. If the pre-conditionsare met, then
the controller can operateand possibly enablethe �gure to
satisfy the post-conditions,denoted M , the range of states
that the �gure may be in after the executionof the controller.
Thus,the controllerrealizesa transitionbetweena domainof
input statesto a rangeof outputstatesfor the �gure. Because
of unexpected changesin the environment, however, this
transitionmaynot alwayssucceed,which motivatesthenotion
of expectedperformance,denotedN ; the controllershouldbe
able to evaluateits performancein order to detectfailure at
any point during its operation.To do this, the controllermust
continuallybe awareof the currentandexpectedstateof the



�gure or the environment. Any controller that de�nes pre-
conditions,post-conditionsand expectedperformancecan be
part of our compositionscheme,asexplainedin SectionV.

Most of the controllersfor our modelsare basedon pose
control, which has often beenusedboth for articulatedob-
jects[25] andsoft objects[6]. Posecontrol is basedon cyclic
or acyclic �nite statemachineswith time transitionsbetween
the states.Each stateof the controller can be static or can
dependon feedbackparameters.For someof our controllers,
we use continuous control, in the sensethat the control
parametersare tightly coupled with some of the feedback
sensors.Thebalancecontrollerpresentedbelow is anexample
of this.

We now presenta few of the individual, specialistcon-
trollersthatwe have implementedfor our humanoidcharacters
and we describein detail their analytical,composableAPIs.
Let us �rst de�ne the following quantitiesand symbols:The
state O

!QP R 8RTS

of an articulated �gure is the vector of
generalizedjoint angles

R

andtheir angularvelocities
8

R

. The
position and velocity of the centerof massare denotedas E

and
8

E , respectively. Thesupportpolygonof a �gure is denoted
as D .

A. Default Controller

The default controller is activatedwhenno othercontroller
requestscontrol of the biped.Its goal is to performa sensible
action in any given situation. In the absenceof a better
understandingof thesituation,themostsensiblething to do is
to keepthe �gure in a comfortableposition.We currentlydis-
tinguishbetweentwo differentsituations,standingin placeand
lying on the ground.In the �rst case,the controller attempts
to maintain the �gure' s upright stanceusing moderatejoint
torques,while keepingthe armsloose.If the �gure is leaning
by more thana given thresholdslant, then it is consideredto
be in a lying position, in which casethe controller makes
the characterassumea relaxed pose. Thus far, these two
strategies have worked well, in the sensethat they bring the
�gure smoothly into a perceived comfortableposition. The
default controller facesthe dif�cult task of encompassingall
situations for which we have not yet designedappropriate
controllers. It thereforerepresentsonly a starting point for
future improvements.

B. Balancing

Balancing in a quiescent,upright stance is a complex
biomechanicalcontrol phenomenonthat dependson different
factors,suchasthedistancebetweenthefeet,andthepresence
of (or lack of) visual feedback[4]. A considerablebody of
researchaimsto understandthe sensoryinformation[27] and
re�ex responsesthat humansuseto maintainquiet stance[9].
Thestrategiesthatpeopleemploy asaresponseto disturbances
during quiet stanceare generallydivided into hip strategies
and ankle strategies dependingon whether the hips or the
anklesare the dominant regulatorsof the posturalstability.
A comprehensive analysisof balancestrategies during quiet
stancefocusingon ankle control can be found in [10]. Most

researchersin biomechanicsseemto agreethatanklestrategies
are more likely to occur in responseto small disturbances,
while hip strategiesoccur in responseto larger disturbances.

Ourbalancecontrolleris responsiblefor maintaininga natu-
ral standingposture.It is basedonaninvertedpendulummodel
thatusestheanklesto regulatethebodysway [9]. Despitethe
fact that the body of the �gure is not as rigid as the inverted
pendulumhypothesissuggests,the approximationworks well
in practice.Our balancecontrollerusesanankleangleof 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 maintaincontactwith the groundat all times.The
controller can toleratesmall perturbationsof the postureand
thevelocity/accelerationof thecenterof massby stiffeningthe
ankle joints. For larger accelerationsof the centerof mass,
the controller actively actuatesthe ankle joint to reducethe
accelerationof the center of mass.The post-conditionsare
similar to the pre-conditions.In mathematicalform:
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Contact: feet on ground.

TheexpectedperformanceN is identicalto thepre-conditions.
Becauseof the relatively simple task that this controller

has to accomplishand the inherent stability of the simple
ankle strategy that we employ, the balancecontroller can be
used successfullyon slightly different terrains and �gures.
Nevertheless,thecontrollercouldbeenhancedto employ more
complex strategies,especiallyas responsesto larger external
disturbances.For example,a simulatedbiped shouldattempt
to maintainbalanceby shifting its weight, or bendingat the
waist.If thebipedcannotmaintainbalance,it mustthenresort
to taking a stepor even initiating a fall behavior.

C. Falling

The mannerin which peoplefall dependsupon a number
of factors,suchastheir physique,their age,andtheir training.
Involuntary falling reactionsare very common in everyday
life, especiallyamongyoung children and the elderly. They
areprobablythemostcommonreasonbehindfractureinjuries
among the elderly. The work in [13] shows that, during a
fall, the elderly are more likely to impact their hip �rst as
comparedto youngeradultsfalling underthesameconditions.
Our fall controller is designedwith the average adult in



Fig. 4. Falling in differentdirections

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] provides a way to
distinguishfalls from normalactivitiesbasedsolelyonvelocity
characteristics.Thepre-conditionsof our fall controllerde�ne
a larger acceptableregion in velocity spacethan the one
speci�ed by [31] becausethey arede�ned in accordancewith
thoseof the balancecontroller. All situationsthat arebeyond
the capabilitiesof the latter should be handledby the fall
controller:

U

:
Vertical Velocity:

W

„†…

Z\[�] ^ m_ sec.
Balance: projectioǹ Yƒaˆ‡ b‰d .
Contact: hip not on ground,handsnot on ground.

Š

:
If falling forward, facedown ‹7Œ

•

Zu[v]wf .
If falling backward, faceup ‹

Œ

••Ž

m

[v]wf .
Contactwith the groundwithin 3 seconds.

•

:
Either

Velocity: V
W

Y

VvZu[v] ^ 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
succeedswhen the velocity andaccelerationof the biped are
broughtclose to zero or when the headtouchesthe ground.
The expectedperformanceensuresthat the biped keepson
falling in the samedirection. In addition, it requires(a) that
the�gure' s facingdirectiondoesnot reverse,somethingwhich
mighthappenwhenfalling from a greatheight,and(b) thatthe
�gure touchesthe groundwithin 3 secondsin orderto ensure
thatthefall wasfrom ashortheight.Our implementationof the
fall controllercomputesthe directionof the fall andresponds
accordingly. It can thereforehandlea variety of pushes.The
controlleris robust andit canbe usedon differentbipedsand
groundmodels.

Figure 4 shows snapshotsof 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 demonstratesa more
dramatic fall, where the physically simulated humanoid is
instructed to dive head�rst down a �ight of stairs, which
suggeststhe notion of a “virtual stuntactor” [8].

IV. SVM LEARNING OF PRE-CONDITIONS

In this section,we describean automatic,machinelearning
approachto determiningpre-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 usesimple
classi�cation functionswith binary outputswhich encodethe
successor failure of a controller. Burges [2] provides an
excellent tutorial on SVMs.

To apply theSVM techniqueto theproblemof determining
controllerpre-conditions,we train a nonlinearSVM classi�er
to predictthesuccessor failureof a controllerfor anarbitrary
startingstate.Thus,thetrainedSVM demarcatestheboundary
of regions in the �gure' s statespacewherein the controller
cansuccessfullydo its job. Trainingsetscomprisingexamples

•

R

�
:’‘

�’“ are generatedby repeatedlystarting the dynamic
�gure at a stochastically-generatedinitial state

R

� , numerically
simulatingthe dynamicsof the �gure under the in�uence of
thecontrollerin question,andsetting‘

�

!=”
5

if thecontroller
succeedsor ‘7�

!
�•5

if it fails.
Thedistribution of thestochastically-generatedinitial states

is of someimportance.The samplepoints should ideally be
locatedcloseto theboundarieswhichdemarcatetheacceptable
pre-conditionregionof state-space.However, theseboundaries
are in fact the unknowns we wish to determineand thus we
must resort to a more uniform sampling strategy. Unfortu-
nately, the high dimensionalityof the state-spaceprecludes
regular sampling. We thus adopt the following stochastic
processto generateasuitabledistributionof initial states:First,
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Fig. 10. Control systemoverview.

a nominal initial state is chosen,basedupon the designer's
knowledgeof thecontroller. A short-durationsimulation(typ-
ically 0.3s) is then carried out from this initial state while
a randomizedperturbationprocessis executed.This currently
consistsof applyinganexternalforceof random(but bounded)
magnitudeand randomdirection to the center-of-massof the
pelvis. Simultaneously, the biped's joints are perturbedin a
stochasticfashionby setting randomizedoffset target angles
for the joints and using the biped's PD joint controllers to
drive the joints towardstheseperturbedpositions.While the
perturbationstrategy is admittedly ad-hoc, we have found
it to be effective in sampling the pre-condition space,as
was validatedby the online useof the learnedpre-condition
models.

We employ Joachims'SVM
�

�—–

G�˜
software which is avail-

able on the web [14]. The software can accommodatelarge
trainingsetscomprisingtensof thousandsof observationsand
it ef�ciently handlesmany thousandsof support vectors.It
includesstandardkernel functionsand permits the 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 ef�cient 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
computer, the SVM training time for a training set of 8,013
observations is 2,789 secondsusing the polynomial kernel,
2,109secondsusingthe linear kernel,and211 secondsusing
theradialkernel.For a trainingsetof 11,020observations,the
training time is 8,676 secondsusing the polynomial kernel,
3,593secondsusingthe linear kernel,and486 secondsusing
theradialkernel.Oncetrained,theSVM classi�er canprovide
answerson-line in milliseconds.

V. SUPERVISOR CONTROLLER ALGORITHM

Figure 10 presentsan overview of our control system.At
eachtime stepof thephysics-basedsimulation,thesupervisor
controller�rst checkswhetherit needsto initiateabid process,
and proceedsto do so if the user-speci�ed target statehas
changedor if there is no active controller (other than the
default controller). During the bidding process,all available

individual controllersdeterminewhethertheir pre-conditions
aresatis�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 controllers the one that returns the highest priority
(or, if no controller hasbid for control, it selectsthe default
controller), registers it as the active controller, and invokes
a method associatedwith the controller which implements
its control strategy. The method returns to the supervisor
controllera statusparameter. If the statusparameterindicates
that the controller has failed, then a new bidding process
is initiated.2 Along with the status parameter, the method
returns target values for some or all of the dynamic �g-
ure's degreesof freedomalong with associatedstiffnessand
dampingparameters,which areusedby a setof proportional-
derivative controllersto calculatethe actual control torques.
Alternatively, theactive controllercanchooseto apply torques
directly to the �gure andreturnno valuesfor the supervisor's
proportional-derivative controllers.

Somecontrollersautomaticallybid for control over the �g-
urewhentheir pre-conditionsaremet;hence,many controller
transitionsoccur automatically, such as taking a protective
stepin responseto a loss of balance.However, other actions
areinitiatedvoluntarily, andtheassociatedcontrollersbecome
active only at the requestof the user. For example,a �gure
balancingupright canbe instructedto remainstanding,to sit-
down, to walk, or to takea dive.Currently, theuserdirectsvol-
untaryactionsby interactively enteringcommandstringsto the
supervisorcontroller. Thesecommandsincreasethesuitability
scoreof thedesignatedcontrollerandforcesinvocationof the
arbitrationprocesswhich selectsandactivatesthe 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 controlledsequences
of autonomousand user-instructedactionsthat our simulated
humanoids,whosephysicalparametersare consistentwith a
fully-�eshed adult male,areable to perform.

The reduceddimensionality, planar motion robot model
facilitates the developmentof a relatively large number of
controllers,becauseplanarcontrol is more robust than three
dimensionalcontrol and lessdependenton the speci�c biped
and groundmodel.The control sequenceshown in Fig 1 in-
volves13controllers:balance,prone-to-kneel,supine-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 bipedonly undercommandfrom the user. The remaining
controllersact automatically.

The control sequenceswe 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 and immediatelyfails.



Fig. 6. Sitting and rising from a chair

Fig. 7. Rising from a supinepositionby rolling over, gettingon handsandknees,andrising to an erect,balancedstance.

Fig. 8. Rising from a supineposition to an erect,balancedstance,without �rst rolling over.

Fig. 9. A morevigorousway (kip stunt)of rising from a supineposition that that in the �rst frameof Fig. 8.

three dimensions.Figures 6–9 show various sequencesof
actions that our models can perform, including sitting and
rising from a chair and rising from a supine position in
three different ways. Autonomouslycontrolled sequencesof
suchintricacy are unprecedentedin 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 coef�cient of friction is 0.6).

Figure7 illustratesthehumanoidat restin asupineposition,
automaticallyrolling over to a proneposition, 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-crouch,crouch-
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 among those that
are available. With the �gure in a supinecon�guration, the
roll-over controller brings the skeleton to a prone position
which makes it possiblefor the prone-to-crouchcontroller to
take over. When the �gure reachesa crouchingposture,the
prone-to-crouchcontroller succeedsand the crouch-to-stand

controllerbringsthe�gure to anuprightposition,whichallows
thebalancecontrollerto 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 energetic way in which
the humanoidcan rise from a supineposition.This is called
the “kip”', an athleticmotion often seenin martial arts �lms,
variationsof which are usedusedextensively in gymnastics.
It works by getting the body airbornewith enoughrotational
momentumto plant the 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 .

VI I . CONCLUSION

We have presenteda framework for composingdynamic
controllers.Our framework has been implementedwithin a
freely availablesystemfor modelingandanimatingarticulated
�gures. To our knowledge,our systemis the �rst to demon-
strate,amongother controlledmotions,a dynamicanthropo-
morphic �gure with controlled reactionsto disturbancesor
falls in any direction,aswell astheability to riseautomatically
off the groundin several ways.



Given theenormouschallengeof building controllerscapa-
ble of large repertoiresof dynamichuman-like motion, it is
inevitablethatthework presentedin thispaperis incompletein
many ways.We hopethatour systemwill fostercollective ef-
forts amongnumerouspractitionersthat will eventuallyresult
in complex compositecontrollerscapableof synthesizinga full
spectrumof human-like motor behaviors. Publishedcontrol
methodsfor 3D walking, running,andstairclimbing make ob-
vious candidatesfor integrationinto our system.Copingwith
variableterrainanddynamicenvironmentsaredimensionsof
addedcomplexity thatshouldprovide work for yearsto come.
Finally, the intelligent integration of controllerswhich affect
only subsetsof the available degrees of freedom must to
be addressedin order to allow for the parallel execution of
controllers.
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