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Abstract
We presenta visual control architecturefor a vir-

tual humanoidagentthat inhabitsa realisticsimulated
world. The goal is to developa vision systemthat is
�e xible enoughto handlea wide rangeof tasksin a
complicatedanddynamic3D environment.Vision in
this systemis procedural:whensomepieceof infor-
mationis requiredfor a task,a specialpurposevisual
routineis executedto gatherthatinformation.

Visual routinesareemployed by visual behaviors
that eachhandlea single well de�ned visuo-motor
task, such as catchinga ball or avoiding an obsta-
cle. The behavior-basedapproachwas developedin
theroboticscommunity, andherewe extendit in sev-
eral respects.In particular, therehasbeenno explicit
recognitionthat behaviors must competefor limited
computationalresourcesin additionto theresourcesof
thebody. We proposea solutionto this dif�culty that
draws on ideasfrom the areaof computeroperating
systems.

1. Intr oduction
In the past, combiningvision with action hasre-

quiredrobothardwarethatis generallyexpensive,dif-
�cult to maintain,andseverelylimited in its capabili-
ties.Theadventof powerful3D graphicshardwarehas
enabledan alternative to physicalrobots. Terzopou-
los andRabiehave pioneeredthe ideaof employing
simulatedagentsin virtual environmentsasabasisfor
active vision research. In this approach,visual pro-
cessingis performedonarenderedvideostreamrather
thantheoutputof digital cameras.Terzopoulos'origi-
nalvirtual agentswere�sh thatusedcolorinformation
andvergenceto chaseprey andavoid predators[11].
1.1 Virtual Humanoids

Recently, RabieandTerzopouloshave transplanted
the visual capabilitiesof their virtual �sh to a virtual
humanoidagent[8]. Virtual humanoidsrepresenta
promisingdirection for vision research.Oneadvan-
tageof virtual humanoidsis the wealthof dataavail-
ableon how peopledealwith visual tasks.This infor-
mationprovidesa baselinefor evaluatingthe perfor-
manceof virtual agents.Humandatacanalsoprovide
hintsabouthow a successfulvision systemshouldbe
organized.

Another important bene�t of using a virtual hu-
manoid,ratherthananothertype of virtual agent,is
relatedto the issueof embodiment. Humanintelli-
genceis optimizedto take advantageof the particu-
lar form of the humanbody [1]. More generally, it
is dif�cult to conceiveof intelligencewithoutany sort
of physicalembodiment[3]. This leadsto theconclu-
sion that the particularphysicalcharacteristicsof an
agentmust be consideredwhen it comesto imbuing
thatagentwith intelligence.Sinceweareprimarily in-
terestedin human-like intelligence,it makessenseto
usea simulatedagentthathasa humanform.

1.2 Humanoid Vision

In our research,weusevirtual humanoidsasaplat-
form for studyingmethodsof organizingvisual pro-
cessing. Basic computervision researchhas made
greatprogressin recentyears.However, thereis still
little understandingof how to effectively utilize visual
informationto subserve thegoalsof mobileagentsin
dynamicenvironments. The centraldif�culty is that
thereis nogeneralpurposecomputervisionalgorithm;
successfulcomputervisionsystemsinvariablytacklea
single well de�ned problem. The questionthen be-
comes:how is it possibleto achievebehavioral gener-
ality, whencomputationalfeasibility demandstheuse
of specialpurposevisionalgorithms?

Ullman's visual routinesparadigm[12] providesa
possibleanswerto this question.The visual routines
approachsuggeststhat visual processingis built on
top of a library of simplevisual operators.General-
ity is achievedby composingmultiplevisualoperators
into taskspeci�c visualroutines.Thecrucialproperty
of thevisual routinesapproachis thatvision is proce-
dural; whenthe performanceof sometaskrequiresa
pieceof information,a visual routineis run that col-
lects that information. This is an ef�cient approach
becauseonly the necessaryvisual processingis per-
formed.Thereis alsocompellingevidencethathuman
vision hasthis proceduralcharacter. For a review of
therelevanthumanresearchreferto [5].

The challengein designinga systembasedon vi-
sualroutineslies in schedulingtheroutinesto support
ongoingbehavior. In part, the proposedapproachis
relatedto researchin behavior basedrobotics.Thebe-
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Figure1: An imageof thevirtual humanoidin his en-
vironment.

havior basedapproacheschews centralizedcontrol in
favorof many separatecontrolmodules,eachin charge
of a singlewell de�ned task. Similarly, we organize
visual routinesinto visualbehaviors. Eachvisualbe-
havior employs visual routinesto accomplisha single
narrowly de�ned goal. An exampleof a visualbehav-
ior that will be discussedlater is sidewalk following.
Thesidewalk following behavior usesa visualroutine
to detecttheedgeof thesidewalk,andreactivelysteers
theagentto maintaina constantdistancefrom it.

Theunspokenassumptionin behavior basedcontrol
hasbeenthat thereis suf�cient processingpower for
all necessarybehaviors to run in parallel. Thesimul-
taneouslyactive setof behaviors eachsuggestssome
action,andthefocusis onarbitratingbetweenthesug-
gestedactionsto choosethebestone.Theassumption
of unlimitedprocessingpower is appropriatewhenbe-
haviors aresimple reactive mappingsfrom a low di-
mensionalsensorspaceto a low dimensionalaction
space.However, it is lessappropriatewhenbehaviors
arerequiredto performexpensiveimageprocessing.

Theapproachtakenin thispaperis to restatebehav-
ior basedcontrolasa resourceallocationproblem.In
particular, weconsiderindividualbehaviorstobeanal-
ogousto threadsof executionin a computeroperating
system.Behaviors, like computerprocesses,compete
for a �nite amountof processortimeandfor controlof
otherlimited resources.In the architecturepresented
in this paper, this competitionwill take the form of a
setof auctions,whereeachbehavior placesbidsfor the
resourcesit needs.

2. Simulation Platform
The virtual humanoidsimulation environment is

composedof several different software components.
Whereverpossiblewehavereliedonoff theshelfsoft-
warepackagesfor quickdevelopmentandeaseof use.

Therenderingis handledby SGI's Performerpack-
age. The visual environmentis a highly detailed3D
modelof a small town includingbuildings,roads,and
vehicles.

In orderto provide our virtual world with physics,
we use the Vortex simulationpackagefrom Critical
MassLabs.Thispackageprovidesstableandfastkine-
maticsimulationandcontactdetection.

The graphical humanoidagent itself is built on
BostonDynamic's DI-Guy. DI-Guy providesvisually
realisticandhighly ef�cient humanmotiongeneration
basedon motioncapture.Thedisadvantageof motion
capturebasedanimationis thatcharactersarelimited
to a library of pre-recordedmotions. We have over-
comethis limitation by constructinganarticulatedarm
driven by simple endpointcontrol. The arm is built
on topof Vortex andis thusableto physicallyinteract
with theenvironment.

Figure1 showsthevirtual humanoid.Althoughthis
imageshows thehumanoidjugglingusinghis physics
basedarm, the work presentedin this paperwill not
make useof the arm,or the physicalsimulationsoft-
ware.

2.1 SimulatedVision

Therearewell recognizeddangersassociatedwith
working in a simulatedenvironment. No simulation
canbe an entirely accurateandcompleterepresenta-
tion of therealworld. It is alwaysnecessaryto decide
which variablesareimportantto represent,andwhich
are irrelevant. If one is carelessin makingthesede-
cisions,it is possibleto createa solutionthatworksin
simulation,but is notrelevanttosolvingany realworld
task.

There are many such pitfalls in developing vi-
sionalgorithmsthatprocesscomputerrenderedvideo.
Eventhougharenderedimagemaylook convincingto
thehumaneye,thepixel level characteristicswill gen-
erally be very differentfrom real images.This limits
the type of researchquestionsthat canbe reasonably
addressedin simulation. This is not a seriousprob-
lem for thework presentedin this paper, becauseour
focusis not on thedetailsof imageprocessing,but on
higherlevel issuesof visualcontrol.Giventhis,weare
willing to settlefor qualitatively realisticvision: The
imageprocessingperformedby thesimulatedagentis
not requiredto betransferableas-isto a realworld do-
main. However, it is shouldbe within the realm of
whatcanbeaccomplishedusingrealimagedata.

3. Visual Ar chitecture
The vision architecturethat we develop borrows

from ideasdevelopedin theroboticagentscommunity
[10, 2, 6]. In particular, thesmall autonomousrobots
developedfor Robo-Cuphaveincorporatedideasof re-
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Figure2: Theorganizationof behaviors.

sourcecompetitionandstate-dependentcontrolof ac-
tuators.We extendtheseideasto two levelsof compe-
tition. Visual routinescompetefor resourcesin order
to updatetheirmeasurementswithoutactuallygaining
controlof thebody. A separateroundof competition
is usedto determinewhichof therunningroutineswill
controlthebody.

Figure2 demonstratesthebasicorganizationof be-
haviors. The outermostcircle containsall of the be-
haviors in the agent's repertoire,most of which will
be irrelevantat any giventime. Themiddlecircle, la-
beled“active”, containsall of the behaviors that are
appropriatefor controllingtheagentgiventhecurrent
taskgoalsandenvironmentalconditions.Thecirclela-
beled“running” containsthebehavior(s) thatarecur-
rentlyexecuting.Thefactthatthis is a subsetof all of
therelevantbehaviors is aconsequenceof thefactthat
theagenthaslimitedcomputationalresources.In other
words,it is possiblethattherearemoretasksvying for
the agent's attentionthan can be handledsimultane-
ously. The �nal circle, labeled“in control”, contains
thebehaviors thatarecurrentlycontrollingtheagent's
body.

Behaviors mustmove betweenthe regionsin Fig-
ure 2 in order for the agentto accomplishhis long
termgoals.Eachof thesetransitionsrepresentsa dif-
ferent task that must be handledby the architecture.
Themain focusof this paperis on the two innermost
circles: selectingbehaviors to run, and determining
which behaviors shouldbe givencontrolof the body.
The problemof selectinga setof relevant active be-
haviors is left asfuturework.
3.1 Scheduling

Thesetof relevantbehaviors will generallyevolve
over the courseof secondsor minutesas the agent's
overall situation changes. However, there is also a
needfor a schedulingmechanismto selectbehaviors
to executeat a �ner time scale. This correspondsto
movingabehavior from “Active” to “Running” in Fig-
ure2. Eachof theagent's active behaviors is respon-
sible for trackingsomeaspectof theenvironmentand

respondingto it appropriately. Dependingon the na-
ture of the informationthat is beingtracked, a given
behavior mayneedto runmoreor lessfrequently.

Thegoalof theschedulingmechanismis to ensure
thateachactive behavior getsa largeenoughshareof
theprocessorto meetits own goals.More speci�cally
theschedulerchoosesa singlebehavior ateveryvideo
frameandallows thatbehavior to execute.Theframe
rateof the simulationis approximately12HZ, so the
scheduleris run about12 timesper second.Whena
behavior is chosento run, it is allowed to move the
eyes,andit is givenexclusiveaccessto theagent's vi-
sualinput.

Thereis nothingspecialabouttheseparticularnum-
bers.Theissuesarethesameif morethanonebehav-
ior executesin parallel,aslongasthetotalnumberthat
runsat onceremainssmallrelative to thetotalnumber
of relevantbehaviors. Theissuesarealsobethesame
if thesizeof thequantais longer.

When designingan operatingsystemthere are a
wide range of possible schedulingmechanismsto
choosefrom, from simple round-robinselectionto
elaborateschemeswith real time guarantees. The
schedulerin this paperis basedon thelotteryschedul-
ing algorithm[13]. Lotteryschedulingis asimple,but
elegantmechanismthat allows proportionalsharere-
sourcedistribution, andavoids starvingprocesses.It
works asfollows: Eachprocessis allocateda certain
numberof tickets.Theschedulerrandomlyselectsone
ticket from the entiresetof tickets in existence.The
processthat holds the winning ticket is thenallowed
to run. Underthis scheme,theprobability thata pro-
cesswill run is directly proportionalto thenumberof
ticketsthatit holds.

The challenge,from the perspective of the visual
architecture,is determininghow many ticketseachbe-
havior shouldhave at any giventime. Onealternative
is to assigna �x ed numberof tickets to eachbehav-
ior, so that eachreceivesan appropriateshareof the
processor. However, it shouldbe possibleto achieve
betterperformanceby dynamicallyre-prioritizingthe
behaviorsastheagent'ssituationchanges.

We implementsuchadynamicprioritizationmech-
anismby allowingbehaviorsto bid for cyclesbasedon
their perceivedneed. At eachvideo frameall behav-
iors placea bid in therange0–1indicatingwhatshare
of the processorthey would like to have. The archi-
tectureanalyzesall of thesebids,andallocatestickets
appropriately. Thenthescheduleris run, thewinning
behavior is givenanopportunityto updateits bid, and
theprocessstartsover. At presentthearchitectureal-
locatesticketsin directproportionto thebehaviorsrel-
ativebid; if onebehavior bidstwiceashighasanother,
it will receive twice asmany tickets.
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3.2 Arbitration
If eachbehavior is allowed to take control of the

bodyevery time it is executedby the scheduler, then
theagentwill besusceptibletodithering;controlof the
body may rapidly alternatebetweenmultiple behav-
iors in sucha way that no behavior is ableto accom-
plish its goal. In orderto avoid this, controlof phys-
ical resourcesis allocatedseparatelyfrom processing
cycles.At eachframebehaviorsplacebidsfor control
of the body. The behavior that bids highestis given
control. In additionto reducingdithering,this mech-
anismallows separateallocationof cyclesandbodily
resources;it may not alwaysbe the casethat the be-
havior thatneedsthemostcyclesalsohasthegreatest
needto controlthebody.

Puttinga behavior in controlof the body is equiv-
alentto moving it from “Running” to “In Control” in
Figure2. “In Control” is not a propersubsetof “Run-
ning” becauseabehavior maintainscontrolof thebody
as long as its bid is highest,even if it is not actively
gatheringdatafrom theenvironment.

4. Sidewalk Navigation
The visual architectureoutlined above is demon-

stratedon a simplesidewalk navigation task. In this
tasktheagentmustwalk alongasidewalkwhile simul-
taneouslymeetingtwo goals: avoiding a numberof
moving obstacles,andmaintainingaconstantdistance
from the street.Eachof thesegoalsis maintainedby
anindependentvisualbehavior. Despitethesimplicity
of this taskit containsmany of thechallengingaspects
of vision, including time constraints,andcon�icting
priorities.
4.1 Sidewalk Following

The sidewalk following behavior proceedsin the
following steps:First, a borderoperatoris appliedto
label pixels on the borderbetweenthe sidewalk and
thestreet.Next, a line detectionoperatoris employed
to �nd the mostprominentline in the borderimage.
Finally, raysarecastinto theimageto retrieve the3D
positionof two pointson theline in orderto compute
a3D vectorthatindicatestheabsolutepositionanddi-
rectionof the sidewalk in space.1 The recoveredco-
ordinatesarequite noisy, so somesimplesmoothing
is performed. The agent's currentdistancefrom the
streetis estimated,anda simplereactive algorithmis
usedtosteerhimawayfromthestreetif heis tooclose,
or towardthestreetif he is too far away. Thestepsof
thevisualprocessingfor thisbehavior aresummarized
in Figure3.

1If theuseof absolutepositioninformationseemsunreasonable,
keepin mind thatall of thiscouldbecomputedrelative to thevirtual
humanoid.In fact it is not necessaryto usethedepthoperatorat all.
It would be possibleto estimatethe relative 3D sidewalk direction
directly from imagecoordinates.

C

A

D

B

Figure3: Thestepsof visualprocessingfor the side-
walk following behavior. A showstheunprocessedvi-
sualinput thattheagentreceives.He is looking down
at thesidewalk ahead.B shows thepartsof theimage
thatmatchthecolor pro�le of thestreet.C shows the
partsof the imagethat matchthe color pro�le of the
sidewalk. Theresultsherearemuchcleanerthanin B
becausethe sidewalk is distinctly anduniformly col-
ored. D shows thepixels thatareon theborderof the
streetandthesidewalk. The�nal stepof theprocessis
matchinga line to thesepixels.

Recall that behaviors bid for resourcesaccording
to their perceivedneeds.The two resourcesin ques-
tion hereareprocessingtimeandcontrolof theagent's
legs.PartsA andB of Figure4 summarizethebidding
strategy of the sidewalk following behavior. Part A
illustratesthat the leg bid is a monotonicallyincreas-
ing functionof theagent'sperceiveddistancefrom his
ideallocationonthesidewalk. As canbeseenfromthe
�gure, theminimumleg bid is a smallnon-zerovalue.
This ensuresthat in theabsenceof any competingbe-
haviors, thesidewalk following routinewill remainin
control of the agent's directionat all times. The ex-
act shapeof this bid function,andthe othersthat we
will discuss,arenot derived in a principledway. In-
stead,they weredesignedby hand,andtunedslightly
to give reasonableperformance.Futurework will fo-
cuson lesslabor intensive approachesto determining
appropriatebiddingstrategies.

Part B of Figure4 illustratesthe strategy that the
sidewalk following routineusesto bid for cycles. In
this casethebid valueis a functionof a runningesti-
mateof thestandarddeviation in theperceiveddirec-
tion of thesidewalk overthelastseveralframes.When
thereis little variability in theperceiveddirection,the
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Figure4: The bidding strategiesof the sidewalk fol-
lowing behavior andtheobstacleavoidancebehavior.
TheY axesrepresentrealvaluedbidsin therange0-1.
In all but B theX axis is in meters.In B theX axis is
thestandarddeviationof theperceivedsidewalk angle
over thelastfew frames.

assumptionis thatthecurrentestimateof sidewalk di-
rectionis accurate,andfew cyclesneedto beusedto
re�ne thatestimate.On theotherhand,whenvariabil-
ity is high,theassumptionis thateitherthedirectionis
changing,or theagentis receiving noisyreadingsdue
to occlusionor otherdistractionsin the environment.
In eithercaseit makessenseto dedicatemorecycles
to determiningthetruesidewalk direction.
4.2 ObstacleAvoidance

The obstacleavoidancebehavior doesnot operate
directly on the imagepixels. insteadit simply castsa
numberof raysinto theworld modelto obtaina rough
depthmapof the areaahead.The raysfan out from
theagent's eyesin a onedimensionalhorizontalplane
coveringtheagent's �eld of view. If any of theserays
indicatethatanobstacleis nearby, theobstacleavoid-
anceroutinewill bid for controlof thelegs. It suggests
a direction that will clear the nearestobstaclein the
agent'spathwith theminimumdeviationfrom thecur-
rentdirection. If thereareno obstaclesin theagent's
path,thebehavior maintainsthecurrentdirection.

This behavior will requestcontrol of the agent
whenever thereareobstaclesnearby, evenif theagent
is notcurrentlyona collisioncoursewith thoseobsta-
cles. This is necessarybecausethe behaviors do not
communicate–thereis no way for the obstacleavoid-
ancebehavior to know that someotherbehavior will
not steerdirectly into a nearbyobstacleif givencon-

Figure5: An overheadview of the virtual humanoid
performingthesidewalk navigationtask.Thecurving
white line indicatesthe agent's path. the dottedhor-
izontal line indicatesthe preferredpath for the side-
walk following behavior. Theagent�nds a reasonable
compromisebetweenstayingonthepreferredpathand
avoidingobstacles.Thedarkverticallinesindicatethe
portionof theagent's paththatwill beanalyzedmore
closelyin thefollowing �gures. In this image,theob-
staclesremainstationary.

trol.
Parts C and D of Figure 4 illustrate the bidding

strategy of the obstacleavoidanceroutine. Both bid-
ding for controlof thelegs,andbiddingfor cyclesare
basedon the distanceto the nearestobstacle.As the
agentgetscloserto an obstacleit becomesmoreim-
portantto initiate a turn,andmorecyclesarerequired
to tracktherelative locationof theobstacle.

4.3 Sidewalk Navigation Example

Figure5 showsanexampleof thevirtual humanoid
performingthesidewalk navigationtask. In the inter-
estof clarity theobstaclesin this exampleremainsta-
tionary. The agentsuccessfullyavoids all obstacles,
while stayingcloseto the desiredpath. In the next
few �gures we examinethe interactionof the two be-
haviors in somedetail. The time periodexaminedis
indicatedby thetwo verticalblacklinesin Figure5.

Figure6 shows theframeby frameleg bidsplaced
by thetwo behaviorsduringthetimeperiodundercon-
sideration.Initially thereareno obstaclesnearby, and
thesidewalk followingroutinehascontrolof theagent.
As the agentapproacheseachobstacle,the obstacle
avoidanceroutinebeginsto rampupits bid for control
of thelegsuntil it eventuallytakescontrol.

Each time the obstacleavoidancebehavior takes
over, theagentis pulledaway from thepathpreferred
by thesidewalk following behavior. Thesidewalk fol-
lowing behavior respondsby increasingits own bid.

Figures7 and8 demonstratetheprocessof bidding
for cyclesin thesidewalk navigationtask.Both�gures
coverexactly thesametimeperiodasFigure6. Figure
7 shows thechangingbidsfor cyclesover thetimepe-
riod. Thesidewalk bid remainsfairly constant,while
thebid placedby theobstacleavoidancebehavior in-
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Figure6: Bidding for controlof the legs. This �gure
shows a frameby frametraceof the bids placedfor
control of the legs by the two behaviors. The black
points are the obstacleavoidancebids, and the gray
pointsarethesidewalk following bids.Theblackbars
at thetopof the�gure indicatethetimeperiodsduring
which theobstacleavoidancebehavior hastakencon-
trol by placingthehighestbid. Referto Figure5 to see
theagent'sbehavior duringthis timeperiod.
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Figure 7: Bidding for cycles. This �gure shows a
frame by frame traceof the two behavior's bids for
processingcycles. The black pointsare the obstacle
avoidancebids, and the gray pointsare the sidewalk
following bids. The obstacleavoidancebehavior re-
questsa higherproportionof cycles when it detects
obstaclesnearby.

creasesastheagentapproacheseachobstacle.Figure
8 showstheresultingprioritiesandindicateswhichbe-
havior actuallyexecuteson eachframe. Theeffect of
changingpriorities canbe seenclearly betweensec-
onds29and31. In theperiodfromsecond29tosecond
30, the priorities for eachbehavior arenearlyequal.
During this time periodboth behaviors executewith
nearlyequalfrequency. In contrast,during the time
periodfrom second30 to second31, theagentis near
anobstacle,andthepriority for obstacleavoidancein-
creases.The obstacleavoidancebehavior is granted
themajorityof cyclesin thisperiod.

5. Results
In orderto test the effectivenessof the virtual hu-

manoid's visual architectureon this taskwe setup a
�x edobstaclecourse,andrecordedtheagent'ssuccess
asherepeatedlynavigateda shortstretchof sidewalk.

26 28 30 32
0

0.5

1

time (s)

pr
io

rit
ie

s

Figure8: Changingpriorities. This �gure shows the
changingprioritiesof thetwo behaviorsasthepropor-
tion of the numberof lottery tickets that eachholds.
Thepointsin this �gure arederivedfrom thosein Fig-
ure 7 simply by rescalingthe bids so that they sum
to one. They can be interpretedas the probability
that eachof the two behaviors will be executeddur-
ing a given frame. The black tick marksalong the
topof the�gure indicatetheframeswheretheobstacle
avoidanceroutineis executed.In frameslackingatick
mark,thesidewalk following routineis executed.The
black pointsarethe priorities for obstacleavoidance,
thegraypointsarefor sidewalk following.

The obstaclesarea setof 12 rectangularsolids, four
meterstall andforty centimeterson a side. The ini-
tial placementof theseobstacleswasdeterminedran-
domly, and remainsconstantover all trials. A por-
tion of the coursecanbe seenin Figure5. In order
to make obstacleavoidancemoredif�cult, theobjects
move perpendicularlyto thedirectionof thesidewalk
in asinusoidalpathwith anamplitudeof .6meters,and
aperiodof 6 seconds.For thisexperimentnocollision
detectionis performed.If theagenthitsanobstaclehe
simplypassesthroughit.

In the current task, the agentis only requiredto
get to the endof the sidewalk without colliding with
anything. However, it is easyto imaginea situation
wherethe sidewalk navigation behaviors must coex-
ist with othergoalsthat vie for the agent's attention.
For example, it may be necessaryto look out for a
taxi, avoid steppingin puddles,or do somewindow
shopping. Eachof thesebehaviors may stealcycles
thatcouldotherwisebeusedfor sidewalk navigation.
In orderto simulatethis effect without codinga large
numberof additionalbehaviors, we introducea NO-
OPbehavior thatcompetesfor cyclesbut performsno
usefulwork. In thenext two �gures we will examine
theagent'ssuccessonthesidewalknavigationtaskasa
functionof thepercentageof cyclesthatareconsumed
by theNO-OPprocess.

Onepremiseof the humanoid's visual control ar-
chitectureis that it is possibleto make moreef�cient
useof resourcesby dynamicallyre-weightingpriori-
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ties as the agent's situationchanges.In orderto test
this claim, the bid-baseddynamicschedulingmecha-
nismdescribedabove is comparedto a staticschedul-
ing mechanismwhereeachbehavior is given a �x ed
priority. The lottery schedulingmechanismis still
used,but eachbehavior maintainsa �x ed numberof
ticketsover theentiretrial. In the�x edcondition,the
sidewalk following behavior is given 40% as many
tickets as the obstacleavoidancebehavior. This ra-
tio waschosenby settingtheNO-OPrateto 50%and
systematicallyvaryingtherelativeprioritiesto �nd the
bestcompromise.Thetwoconditionsdifferonly in the
methodusedto allocatecycles.Controlof thebodyis
handledin exactly thesameway in all cases.

Figures 9 and 10 show the results of the side-
walk navigation taskfor both the dynamicandstatic
schedulingschemes.Eachdatapoint is obtainedby
takingthemeanof 20 trials. Eachtrial takesapproxi-
mately25seconds.

Figure 9 shows the performanceof the sidewalk
navigationbehavior. Performanceis measuredasthe
averagedeviation from thetargetpathover thecourse
of thetrial. It canbeseenthatthedynamicscheduling
mechanismperformsmuchbetterthanthestaticmech-
anismin thefaceof increasingload.Theperformance
staysfairly constantfor bothuntil thenumberof NO-
OPcyclesreaches50%.At thatpoint theperformance
of the dynamicschedulingmechanismbegins to de-
gradegradually, while the static schedulingmecha-
nism begins to suffer dramatically. The 90%NO-OP
datapoint is not presentfor the static condition,be-
causethe agentwasunableto consistentlyreachthe
endof thecourseat thatload.

Figure10 examineshow well the agentis able to
avoid collisions. Ratherthancountingthe numberof
collisions,werecordtheamountof timethattheagent
spendsin contactwith obstacles.Thisprovidesamore
sensitive measure;a glancingblow will be lesscostly
thanwalking directly throughan obstacle. The per-
formanceof thestaticanddynamicschedulingmech-
anism are fairly similar in this �gure. The perfor-
manceof bothdegradesslowly asthenumberof NO-
OP cycles approaches40%-50%,and then degrades
morerapidly from that point on. The staticschedul-
ing mechanismseemsto performslightly betterover-
all, but thedifferenceis notdramatic.

One possiblefactor in the relatively goodperfor-
manceof thestaticschedulingmechanismis that fact
that all obstaclesare locatedon the sidewalk. As
canbe seenin Figure9, by the time the NO-OPrate
reaches60% the agentis spendinga fair amountof
time off of the sidewalk entirely in the static condi-
tion. Thusthefailureof thesidewalk following behav-
ior maybeindirectlybene�tingtheobstacleavoidance
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Figure9: Performanceof the sidewalk following be-
havior as a function of load. In the caseof the dy-
namicschedulingmechanismtheprioritiesfor thetwo
behaviorsarere-weightedoverthecourseof eachtrial
in responseto changingbids. For the staticschedul-
ing mechanismeachbehavior hasa �x edpriority. The
�x edpriority mechanismdoesnot performaswell as
theloadincreases.

behavior by keepingthe agentin the streetor on the
lawn wheretherearenoobstacles.

6. RelatedWork
An earlyexampleof studyingvision throughsimu-

lation is providedby thework of Chapman.Chapman
[4] demonstratedvisualroutinesin a two dimensional
video gamewhich featuredan agentSONJA. These
visual routinesweresimulatedin the sensethat they
accessedtheworld modeldirectlywithoutperforming
any realimageprocessing.

Salgian[9] demonstrated,in a virtual environment,
thatmany aspectsof driving, includingrespondingto
traf�c signsandcarfollowing,canbehandledbyusing
asimpleschedulingprotocolto runspecialpurposevi-
sualbehaviors thateachhandlea singleaspectof the
problem. Theseareappliedin a �x ed sequencethat
ensuresthateachis calledat a ratethat is appropriate
for thecontrolproblemthat it is addressing.Salgian's
work focusedmoreonthedetailsof vision,andlesson
thearchitecturalorganizationthanthework presented
here.

Thereis a large body of work in behavior based
roboticsthatis relevantto theresearchpresentedhere.
In particular, therehasbeenagooddealof work in de-
velopingbehavior coordinationmechanisms.A good
review of thatresearchcanbefoundin [7].

In his thesiswork RobertWisniewski [14] proposes
operatingsystemmechanismsfor supportingarti�cial
intelligenceapplications.He emphasizesthat the ar-
chitecturemust be able to adjustto the ongoingde-
mandsof the application. Although his systemis
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Figure10: Performanceof theobstacleavoidancebe-
havior as a function of load. Here the performance
of thedynamicandstaticschedulingmechanismsare
similar.

demonstratedon a very simplesimulatedsheepherd-
ing task,his architecturehasmany similaritiesto the
work presentedhere.

7. Discussionand Futur e Work
The work presentedin this papermakescontribu-

tions on two fronts. First, it demonstratestheuseful-
nessof virtual humanoidsasa testbedfor vision re-
search.Second,it showsthepromiseof a�ner grained
view of resourceallocationin behavior basedcontrol.
In orderto achieveoptimalperformanceit mustberec-
ognizedthatbehaviorsnotonly competefor controlof
thebody, but alsofor computationalresourcesandac-
cessto sensors.Thesidewalk navigationtaskdemon-
stratesthatit is possibleto improveperformanceby fo-
cusingcomputationalresourceswherethey areneeded
most, independentlyof which behavior currentlyhas
controlof thebody.

The main disadvantageof the visual architecture
presentedhereis therequirementthatthevotingstrate-
giesof thebehaviorsbehandtunedfor optimalperfor-
mance.In thecaseof only a few behaviors this is not
a dif�cult task. However, it is likely to becomea de-
sign bottleneckas the numberof behaviors is scaled
up. In orderto addressthis, futurework will focuson
machinelearningapproachesbothfor learningappro-
priatebiddingstrategiesat the level of behaviors, and
learningto properlyweightbidsat the level of thear-
chitecture.
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