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Abstract

We presenta visual control architecturefor a vir-
tual humanoidagentthatinhabitsa realisticsimulated
world. The goalis to develop a vision systemthat is

e xible enoughto handlea wide rangeof tasksin a
complicatedanddynamic3D ervironment. Vision in
this systemis procedural:whensomepieceof infor-
mationis requiredfor a task,a specialpurposevisual
routineis executedo gatherthatinformation.

Visual routinesare employed by visual behavios
that eachhandlea single well de ned visuo-motor
task, such as catchinga ball or avoiding an obsta-
cle. The behaior-basedapproachwas developedin
theroboticscommunity andherewe extendit in sev-
eralrespects.n particular therehasbeenno explicit
recognitionthat behaiors must competefor limited
computationatesourcegn additionto theresourcesf
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 generallyexpensve, dif-
cult to maintain,andseverelylimited in its capabili-
ties. Theadwentof powerful 3D graphicshardwarehas
enabledan alternatve to physicalrobots. Terzopou-
los and Rabie have pioneeredhe ideaof emplg/ing
simulatedagentsn virtual environmentsasa basisfor
active vision research. In this approachyisual pro-
cessings performednarenderedideostreanrather
thanthe outputof digital camerasTerzopoulosorigi-
nalvirtual agentswvere sh thatusedcolorinformation
andvergenceto chaseprey andavoid predatorg11].
1.1 Virtual Humanoids

Recently RabieandTerzopoulosave transplanted
the visual capabilitiesof their virtual sh to a virtual
humanoidagent[8]. Virtual humanoidsrepresenta
promisingdirectionfor vision research.One adwan-
tageof virtual humanoidds the wealth of dataavail-
ableon how peopledealwith visualtasks.This infor-
mationprovidesa baselinefor evaluatingthe perfor
manceof virtual agents Humandatacanalsoprovide
hints abouthow a successfulision systemshouldbe
organized.

Another importantbene t of using a virtual hu-
manoid, ratherthan anothertype of virtual agent,is
relatedto the issueof embodiment. Humanintelli-
genceis optimizedto take adwantageof the particu-
lar form of the humanbody [1]. More generally it
is dif cult to conceve of intelligencewithout ary sort
of physicalembodimen{3]. Thisleadsto theconclu-
sion that the particularphysicalcharacteristicof an
agentmust be consideredvhenit comesto imbuing
thatagentwith intelligence.Sincewe areprimarily in-
terestedn human-lile intelligence,it makessenseo
usea simulatedagentthathasa humanform.

1.2 Humanoid Vision

In our researchwe usevirtual humanoidssaplat-
form for studyingmethodsof organizingvisual pro-
cessing. Basic computervision researchhas made
greatprogressn recentyears. However, thereis still
little understandingf how to effectively utilize visual
informationto subsere the goalsof mobile agentsn
dynamicervironments. The centraldif culty is that
thereis nogenerapurposecomputerisionalgorithm;
successfutomputernision systemsnvariablytacklea
single well de ned problem. The questionthen be-
comes:how is it possibleto achieve behaioral gener
ality, whencomputationafeasibility demandshe use
of specialpurposevision algorithms?

Ullman's visual routinesparadigm[12] providesa
possibleanswerto this question. The visual routines
approachsuggestshat visual processings built on
top of a library of simplevisual operators.General-
ity is achievedby composingnultiple visualoperators
into taskspeci ¢ visualroutines.The crucial property
of the visualroutinesapproachs thatvisionis proce-
dural; whenthe performanceof sometaskrequiresa
pieceof information,a visual routineis run that col-
lects that information. This is an ef cient approach
becauseonly the necessaryisual processings per
formed.Thereis alsocompellingevidencethathuman
vision hasthis proceduralkcharacter For a review of
therelevanthumanresearcheferto [5].

The challengein designinga systembasedon vi-
sualroutineslies in schedulinghe routinesto support
ongoingbehaior. In part, the proposedapproachis
relatedto researclin behaior basedobotics.Thebe-
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Figurel: An imageof thevirtual humanoidn his en-
vironment.

havior basedapproacheschevs centralizedcontrolin
favor of mary separateontrolmodulesgachin chage
of a singlewell de ned task. Similarly, we organize
visual routinesinto visual behavios. Eachvisualbe-
havior emplgys visual routinesto accomplisha single
narrovly de ned goal. An exampleof a visualbeha-
ior thatwill be discussedateris sidavalk following.
The sidewalk following behaior usesa visualroutine
to detectheedgeof thesidavalk, andreactizely steers
theagentto maintaina constantistancerom it.

Theunspolenassumptiotin behaior basedtontrol
hasbeenthatthereis sufcient processingpower for
all necessarpehaiors to runin parallel. The simul-
taneouslyactive setof behaiors eachsuggestsome
action,andthefocusis on arbitratingbetweerthesug-
gestedactionsto choosehebestone. Theassumption
of unlimitedprocessingpoweris appropriatevhenbe-
haviors are simple reactve mappingsfrom a low di-
mensionalsensorspaceto a low dimensionalaction
space.However, it is lessappropriatavhenbehaiors
arerequiredto performexpensveimageprocessing.

Theapproachakenin this papeiis to restatbeha-
ior basedcontrolasa resourcellocationproblem. In
particular we considetindividualbehaiorsto beanal-
ogousto threadsof executionin a computeroperating
system.Behaviors, like computemprocesses;ompete
for a nite amountof processotime andfor controlof
otherlimited resources.n the architecturegresented
in this paper this competitionwill take the form of a
setof auctionswhereeachbehaior placesidsfor the
resource#t needs.

2. Simulation Platform

The virtual humanoidsimulation ervironmentis
composedof several different software components.
Wherever possiblewe have reliedon off theshelfsoft-
warepackagesor quick developmentandeaseof use.

Therenderings handledby SGl's Performerpack-
age. The visual ervironmentis a highly detailed3D
modelof a smalltown includingbuildings,roads,and
vehicles.

In orderto provide our virtual world with physics,
we usethe Vortex simulationpackagefrom Critical
MassLabs. This packagerovidesstableandfastkine-
maticsimulationandcontactdetection.

The graphicalhumanoidagentitself is built on
BostonDynamic's DI-Guy. DI-Guy providesvisually
realisticandhighly ef cient humanmotiongeneration
basedn motioncapture. Thedisadantageof motion
capturebasedanimationis thatcharactersrelimited
to a library of pre-recordednotions. We have over-
comethislimitation by constructinganarticulatedarm
driven by simple endpointcontrol. The armis built
ontop of Vortex andis thusableto physicallyinteract
with the ervironment.

Figurel shavsthevirtual humanoid Althoughthis
imageshavs the humanoiduggling usinghis physics
basedarm, the work presentedn this paperwill not
male useof the arm, or the physicalsimulationsoft-
ware.

2.1 SimulatedVision

Therearewell recognizeddangersassociatedvith
working in a simulatedervironment. No simulation
canbe an entirely accurateand completerepresenta-
tion of therealworld. It is alwaysnecessaryo decide
which variablesareimportantto representandwhich
areirrelevant. If oneis carelesin makingthesede-
cisions,it is possibleto createa solutionthatworksin
simulation butis notrelevantto solvingary realworld
task.

There are mary such pitfalls in developing vi-
sionalgorithmsthatprocessomputerenderedsideo.
Eventhougharenderedmagemaylook corvincingto
thehumaneye, the pixel level characteristicsvill gen-
erally be very differentfrom realimages. This limits
the type of researclquestionghat canbe reasonably
addressedh simulation. This is not a seriousprob-
lem for the work presentedn this paper becauseur
focusis not onthedetailsof imageprocessingbut on
higherlevel issuesf visualcontrol. Giventhis,we are
willing to settlefor qualitatively realisticvision: The
imageprocessingerformedoy the simulatedagentis
notrequiredto betransferablas-isto arealworld do-
main. However, it is shouldbe within the realm of
whatcanbeaccomplishedisingrealimagedata.

3. Visual Ar chitecture

The vision architecturethat we develop borrows
from ideasdevelopedn theroboticagentcommunity
[10, 2, 6]. In particular the smallautonomousobots
developedor Robo-Cuphaveincorporateddeasof re-
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Figure2: The organizatiorof behaiors.

sourcecompetitionandstate-dependerwbntrol of ac-
tuators.We extendtheseideasto two levels of compe-
tition. Visual routinescompetefor resourcesn order
to updatetheirmeasurementsithout actuallygaining
control of thebody. A separateoundof competition
is usedto determinewvhich of therunningroutineswill
controlthebody.

Figure2 demonstratethe basicorganizatiorof be-
haviors. The outermostcircle containsall of the be-
haviors in the agents repertoire,most of which will
beirrelevantat ary giventime. Themiddlecircle, la-
beled“active”, containsall of the behaiors that are
appropriatdor controllingthe agentgiventhe current
taskgoalsandervironmentakonditions.Thecirclela-
beled“running” containsthe behaior(s) thatarecur
rently executing. Thefactthatthisis a subsebf all of
therelevantbehaiorsis aconsequencef thefactthat
theagentaslimited computationatesourcesln other
words,it is possiblethattherearemoretasksvying for
the agents attentionthan can be handledsimultane-
ously The nal circle, labeled“in control”, contains
thebehaiorsthatarecurrentlycontrollingthe agents
body

Behaviors mustmove betweenthe regionsin Fig-
ure 2 in order for the agentto accomplishhis long
term goals. Eachof thesetransitionsrepresents dif-

ferenttask that must be handledby the architecture.

The mainfocusof this paperis on the two innermost
circles: selectingbehaiors to run, and determining
which behaiors shouldbe given control of the body:

The problemof selectinga setof relevant active be-
haviorsis left asfuturework.

3.1 Scheduling

The setof relevantbehaiors will generallyevolve
over the courseof secondr minutesasthe agents
overall situation changes. However, thereis also a
needfor a schedulingmechanisnto selectbehaiors
to executeat a ner time scale. This corresponds$o
moving abehaior from “Active” to “Running”in Fig-
ure 2. Eachof the agents active behaiors is respon-
siblefor trackingsomeaspecbf the ervironmentand

respondingo it appropriately Dependingon the na-
ture of the informationthatis beingtracked, a given
behaior mayneedto run moreor lessfrequently

Thegoalof the schedulingnechanisnis to ensure
thateachactive behaior getsa large enoughshareof
the processoto meetits own goals.More speci cally
theschedulechooses singlebehaior ateveryvideo
frameandallows thatbehaior to execute. Theframe
rate of the simulationis approximatelyl2HZ, so the
scheduleiis run about12 times per second. Whena
behaior is chosento run, it is allowed to move the
eyes,andit is givenexclusive accesgo the agents vi-
sualinput.

Thereis nothingspecialabouttheseparticulamum-
bers.Theissuesarethe sameif morethanonebeha-
ior executesn parallel,aslongasthetotalnumberthat
runsatonceremainssmallrelative to thetotal number
of relevantbehaiors. Theissuesarealsobethe same
if the sizeof the quantais longer

When designingan operatingsystemthere are a
wide range of possible schedulingmechanismsto
choosefrom, from simple round-robinselectionto
elaborateschemeswith real time guarantees. The
schedulein this paperis basedn thelottery schedul-
ing algorithm[13]. Lottery schedulings asimple,but
elegantmechanisnthat allows proportionalsharere-
sourcedistribution, and avoids starvingprocesseslt
works asfollows: Eachprocesss allocateda certain
numberof tickets. Theschedulerandomlyselectone
ticket from the entire setof ticketsin existence. The
procesghat holdsthe winning ticket is then allowed
to run. Underthis schemethe probabilitythata pro-
cesswill runis directly proportionalto the numberof
ticketsthatit holds.

The challenge from the perspectie of the visual
architectureis determininghow mary ticketseachbe-
havior shouldhave at ary giventime. Onealternatve
is to assigna x ed numberof ticketsto eachbeha-
ior, so that eachrecevvesan appropriateshareof the
processar However, it shouldbe possibleto achieve
betterperformanceéby dynamicallyre-prioritizingthe
behaiors astheagents situationchanges.

We implementsucha dynamicprioritizationmech-
anismby allowing behaiorsto bid for cyclesbasedn
their perceved need. At eachvideo frameall beha-
iors placea bid in therangeO-1indicatingwhatshare
of the processothey would like to have. The archi-
tectureanalyzesll of thesebids,andallocatedickets
appropriately Thenthe scheduleiis run, the winning
behaior is givenanopportunityto updateits bid, and
the processstartsover. At presenthe architectureal-
locategticketsin directproportionto thebehaiorsrel-
ative bid; if onebehaior bidstwice ashighasanother
it will receivetwice asmary tickets.
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3.2 Arbitration

If eachbehaior is allowed to take control of the
body every time it is executedby the schedulerthen
theagenwill besusceptibléo dithering;controlof the
body may rapidly alternatebetweenmultiple beha-
iors in sucha way that no behaior is ableto accom-
plishits goal. In orderto avoid this, control of phys-
ical resourcess allocatedseparatelyfrom processing
cycles. At eachframebehaiors placebidsfor control
of the body. The behaior that bids highestis given
control. In additionto reducingdithering, this mech-
anismallows separatallocationof cyclesandbodily
resourcesit may not always be the casethat the be-
havior thatneedghe mostcyclesalsohasthe greatest
needto controlthebody.

Puttinga behaior in control of the bodyis equiv-
alentto moving it from “Running” to “In Control” in
Figure2. “In Control” is nota propersubsebf “Run-
ning” becausabehaior maintaincontrolof thebody
aslong asits bid is highest,evenif it is not actively
gatheringdatafrom the ervironment.

4. Sidewalk Navigation

The visual architectureoutlined above is demon-
stratedon a simple sidevalk navigationtask. In this
tasktheagentmustwalk alonga sidevalk while simul-
taneouslymeetingtwo goals: avoiding a numberof
moving obstaclesandmaintaininga constantlistance
from the street. Eachof thesegoalsis maintainedby
anindependentisualbehaior. Despitethe simplicity
of thistaskit containamary of thechallengingaspects
of vision, including time constraints,and con icting
priorities.
4.1 Sidewalk Following

The sidavalk following behaior proceedsn the
following steps:First, a borderoperatoris appliedto
label pixels on the borderbetweenthe sidavalk and
thestreet.Next, a line detectionoperatolis employed
to nd the mostprominentline in the borderimage.
Finally, raysarecastinto theimageto retrieve the 3D
positionof two pointson theline in orderto compute
a 3D vectorthatindicatesthe absolutepositionanddi-
rectionof the sidevalk in space! Therecoeredco-
ordinatesare quite noisy, so somesimple smoothing
is performed. The agents currentdistancefrom the
streetis estimatedanda simplereactize algorithmis
usedo steethim awayfromthestreetif heistooclose,
or towardthe streetif heis too faraway. The stepsof
thevisualprocessindor this behaior aresummarized
in Figure3.

1if the useof absolutepositioninformationseemsinreasonable,

keepin mind thatall of this couldbecomputed-elative to thevirtual
humanoid.In factit is not necessaryo usethe depthoperatoratall.
It would be possibleto estimatethe relative 3D sidevalk direction
directly from imagecoordinates.

Figure3: The stepsof visual processindor the side-
walk following behaior. A shovstheunprocessedi-

sualinputthatthe agentreceves. He is looking down
atthe sidewvalk ahead B shaws the partsof theimage
thatmatchthe color pro le of thestreet.C shavsthe
partsof the imagethat matchthe color pro le of the
sidavalk. Theresultsherearemuchcleanerthanin B

becausedhe sidewvalk is distinctly and uniformly col-
ored. D shavs the pixelsthatareon the borderof the
streetandthesidevalk. The nal stepof theprocesss
matchingaline to thesepixels.

Recall that behaiors bid for resourcesaccording
to their perceved needs. The two resourcesn ques-
tion hereareprocessingime andcontrolof theagents
legs. PartsA andB of Figure4 summarizehebidding
stratgyy of the sidevalk following behaior. Part A
illustratesthat the leg bid is a monotonicallyincreas-
ing functionof theagents perceveddistancerom his
ideallocationonthesidevalk. As canbeseerfromthe

gure, theminimumleg bid is a smallnon-zerovalue.
This ensureghatin the absencef ary competingoe-
haviors, the sidevalk following routinewill remainin

control of the agents directionat all times. The ex-

act shapeof this bid function, andthe othersthat we

will discussarenot derivedin a principledway. In-

stead they weredesignedy hand,andtunedslightly

to give reasonabl@erformance Futurework will fo-

cuson lesslaborintensive approacheo determining
appropriatébiddingstrateyies.

Part B of Figure4 illustratesthe strateyy that the
sidewvalk following routine usesto bid for cycles. In
this casethe bid valueis a function of a runningesti-
mateof the standarddeviation in the perceveddirec-
tion of the sidevalk overthelastseveralframes.When
thereis little variability in the perceveddirection,the
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Figure4: The bidding stratgies of the sidevalk fol-
lowing behaior andthe obstacleavoidancebehaior.
TheY axesrepresentealvaluedbidsin therangeO-1.
In all but B the X axisis in meters.In B the X axisis
the standardleviation of the percevedsidevalk angle
overthelastfew frames.

assumptions thatthe currentestimateof sidevalk di-
rectionis accurateandfew cyclesneedto be usedto
re ne thatestimate Onthe otherhand whenvariabil-
ity is high,theassumptiornis thateitherthedirectionis
changingpor theagentis receving noisyreadingsdue
to occlusionor otherdistractionsin the ervironment.
In eithercaseit makessenseto dedicatemorecycles
to determininghetrue sidevalk direction.

4.2 ObstacleAvoidance

The obstacleavoidancebehaior doesnot operate
directly on theimagepixels. insteadit simply castsa
numberof raysinto theworld modelto obtainarough
depthmap of the areaahead. The raysfan out from
theagents eyesin a onedimensionahorizontalplane
coveringtheagents eld of view. If ary of theserays
indicatethatanobstaclds nearbythe obstacleavoid-
anceroutinewill bid for controlof thelegs. It suggests
a directionthat will clearthe nearesiobstaclein the
agents pathwith theminimumdeviationfrom thecur-
rentdirection. If thereareno obstaclesn the agents
path,the behaior maintainghe currentdirection.

This behaior will requestcontrol of the agent
wheneerthereareobstaclesiearbyevenif theagent
is notcurrentlyonacollision coursewith thoseobsta-
cles. This is necessarpecausehe behaiors do not
communicate—theris no way for the obstacleavoid-
ancebehaior to know that someotherbehaior will
not steerdirectly into a nearbyobstaclef givencon-

Figure5: An overheadview of the virtual humanoid
performingthe sidevalk navigationtask. The curving
white line indicatesthe agents path. the dottedhor-
izontal line indicatesthe preferredpath for the side-
walk following behaior. Theagent nds areasonable
compromisdetweerstayingonthepreferrecpathand
avoiding obstaclesThedarkverticallinesindicatethe
portion of the agents paththatwill be analyzedmore
closelyin thefollowing gures. In thisimage,the ob-
staclesemainstationary

trol.

Parts C and D of Figure 4 illustrate the bidding
stratgyy of the obstacleavoidanceroutine. Both bid-
dingfor controlof thelegs,andbiddingfor cyclesare
basedon the distanceto the nearesbbstacle.As the
agentgetscloserto an obstacleit becomeanoreim-
portantto initiate a turn,andmorecyclesarerequired
to tracktherelative locationof the obstacle.

4.3 Sidewalk Navigation Example

Figure5 shovs anexampleof thevirtual humanoid
performingthe sidevalk navigationtask. In the inter-
estof clarity the obstaclesn 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 period examinedis
indicatedby thetwo verticalblacklinesin Figure5b.

Figure6 shavs the frameby frameleg bids placed
by thetwo behaiorsduringthetime periodundercon-
sideration.Initially thereareno obstaclesearbyand
thesidewalk following routinehascontrolof theagent.
As the agentapproachegachobstacle the obstacle
avoidanceroutinebeginsto rampupits bid for control
of thelegsuntil it eventuallytakescontrol.

Eachtime the obstacleavoidancebehaior takes
over, theagentis pulled away from the pathpreferred
by the sidevalk following behaior. Thesidevalk fol-
lowing behaior respond$y increasingts own bid.

Figures7 and8 demonstratéhe procesof bidding
for cyclesin thesidavalk navigationtask.Both gures
coverexactlythesametime periodasFigure6. Figure
7 shawvs the changingbidsfor cyclesoverthetime pe-
riod. The sidevalk bid remainsfairly constantwhile
the bid placedby the obstacleavoidancebehaior in-
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Figure6: Bidding for control of thelegs. This gure

shaws a frame by frametrace of the bids placedfor

control of the legs by the two behaiors. The black
points are the obstacleavoidancebids, and the gray
pointsarethe sidevalk following bids. Theblackbars
atthetop of the gure indicatethetime periodsduring
which the obstacleavoidancebehaior hastakencon-
trol by placingthehighestbid. Referto Figure5to see
theagents behaior duringthis time period.
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Figure 7: Bidding for cycles. This gure shavs a
frame by frame trace of the two behaior's bids for

processingycles. The black points are the obstacle
avoidancebids, andthe gray points are the sidevalk

following bids. The obstacleavoidancebehaior re-

guestsa higher proportionof cycleswhenit detects
obstaclemearby

creasessthe agentapproachesachobstacle.Figure
8 shawvstheresultingprioritiesandindicatesvhich be-
havior actuallyexecuteson eachframe. The effect of
changingpriorities can be seenclearly betweensec-
onds29and31. In theperiodfrom secon®9to second
30, the priorities for eachbehaior are nearly equal.
During this time period both behaiors executewith
nearly equalfrequeng. In contrast,during the time
periodfrom second30to second31, the agentis near
anobstacleandthepriority for obstacleavoidancein-
creases.The obstacleavoidancebehaior is granted
themajority of cyclesin this period.

5. Results

In orderto testthe effectivenessf the virtual hu-
manoids visual architectureon this taskwe setup a
x edobstaclecourseandrecordedheagents success
asherepeatedlynavigateda shortstretchof sidavalk.
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Figure8: Changingpriorities. This gure shaws the
changingprioritiesof thetwo behaiors asthe propor

tion of the numberof lottery ticketsthat 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 behaiors will be executeddur-

ing a given frame. The black tick marksalong the
topof the gure indicatetheframeswheretheobstacle
avoidanceroutineis executed.In framedackingatick

mark,the sidevalk following routineis executed.The
black pointsarethe priorities for obstacleavoidance,
thegraypointsarefor sidavalk following.

The obstaclesare a setof 12 rectangularsolids, four
meterstall andforty centimeterson a side. The ini-

tial placementf theseobstaclewasdeterminedan-
domly, and remainsconstantover all trials. A por

tion of the coursecanbe seenin Figure5. In order
to make obstacleavoidancemoredif cult, the objects
move perpendicularlyto the directionof the sidevalk

in asinusoidapathwith anamplitudeof .6 metersand
aperiodof 6 secondsFor this experimentno collision

detectionis performed.If theagenthits anobstaclehe
simply passeshroughit.

In the currenttask, the agentis only requiredto
getto the endof the sidevalk without colliding with
arything. However, it is easyto imaginea situation
wherethe sidevalk navigation behaiors must coex-
ist with othergoalsthat vie for the agents attention.
For example,it may be necessaryo look out for a
taxi, avoid steppingin puddles,or do somewindow
shopping. Eachof thesebehaiors may stealcycles
that could otherwisebe usedfor sidevalk navigation.
In orderto simulatethis effect without codinga large
numberof additionalbehaiors, we introducea NO-
OP behaior thatcompetedor cyclesbut performsno
usefulwork. In the next two gures we will examine
theagentssuccessnthesidavalk navigationtaskasa
functionof the percentagef cyclesthatareconsumed
by the NO-OPprocess.

One premiseof the humanoids visual control ar
chitectureis thatit is possibleto make moreef cient
useof resourcedy dynamicallyre-weightingpriori-
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ties asthe agents situationchanges.In orderto test
this claim, the bid-baseddynamicschedulingmecha-
nismdescribedhbore is comparedo a staticschedul-
ing mechanismwhereeachbehaior is givena x ed
priority. The lottery schedulingmechanismis still

used,but eachbehaior maintainsa x ed numberof

ticketsover theentiretrial. In the x edcondition,the
sidewvalk following behaior is given 40% as mary

tickets as the obstacleavoidancebehaior. This ra-

tio waschoserby settingthe NO-OPrateto 50%and
systematicallyaryingtherelative prioritiesto nd the
bestcompromiseThetwo conditiondifferonlyin the
methodusedto allocatecycles. Controlof thebodyis

handledn exactlythesameway in all cases.

Figures9 and 10 shav the results of the side-
walk navigation taskfor both the dynamicand static
schedulingschemes.Eachdatapoint is obtainedby
takingthe meanof 20 trials. Eachtrial takesapproxi-
mately25 seconds.

Figure 9 shows the performanceof the sidevalk
navigation behaior. Performancés measuredsthe
averagedeviation from thetargetpathoverthe course
of thetrial. It canbeseenthatthedynamicscheduling
mechanisnperformanuchbetterthanthestaticmech-
anismin thefaceof increasindoad. The performance
staysfairly constanfor both until the numberof NO-
OPcyclesreache$0%. At thatpointtheperformance
of the dynamicschedulingmechanisnbegins to de-
gradegradually while the static schedulingmecha-
nism beginsto suffer dramatically The 90% NO-OP
datapoint is not presentfor the static condition, be-
causethe agentwas unableto consistentlyreachthe
endof thecourseatthatload.

Figure 10 examineshow well the agentis ableto
avoid collisions. Ratherthancountingthe numberof
collisions,we recordtheamountof time thattheagent
spendsn contactwith obstaclesThisprovidesamore
sensitve measurea glancingblow will belesscostly
thanwalking directly throughan obstacle. The per
formanceof the staticanddynamicschedulingnech-
anism are fairly similar in this gure. The perfor
manceof bothdegradesslowly asthe numberof NO-
OP cycles approachegl0%-50%,and then degrades
more rapidly from that point on. The static schedul-
ing mechanisnseemdo performslightly betterover-
all, but the differencds notdramatic.

One possiblefactorin the relatively good perfor
manceof the staticschedulingnechanisnis thatfact
that all obstaclesare locatedon the sidevalk. As
canbe seenin Figure9, by the time the NO-OP rate
reaches60% the agentis spendinga fair amountof
time off of the sidavalk entirely in the static condi-
tion. Thusthefailure of thesidevalk following behar-
ior maybeindirectlybene tingthe obstacleavoidance
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Figure9: Performancef the sidavalk following be-
havior as a function of load. In the caseof the dy-

namicschedulingnechanisnthe prioritiesfor thetwo

behaiorsarere-weightedverthe courseof eachtrial

in responsédo changingbids. For the static schedul-
ing mechanisneachbehaior hasa x edpriority. The
x ed priority mechanisndoesnot performaswell as
theloadincreases.

behaior by keepingthe agentin the streetor on the
lawn wherethereareno obstacles.

6. RelatedWork

An earlyexampleof studyingvisionthroughsimu-
lationis providedby thework of ChapmanChapman
[4] demonstrategtisual routinesin atwo dimensional
video gamewhich featuredan agentSONA. These
visual routineswere simulatedin the sensethat they
accessetheworld modeldirectly without performing
ary realimageprocessing.

Salgian[9] demonstratedn avirtual ervironment,
thatmary aspectof driving, includingrespondingo
traf ¢ signsandcarfollowing, canbehandlecby using
asimpleschedulingprotocolto runspecialpurposeri-
sualbehaiors thateachhandlea singleaspectbf the
problem. Theseare appliedin a x ed sequencehat
ensureghateachis calledat a ratethatis appropriate
for thecontrolproblemthatit is addressingSalgians
work focusednoreonthedetailsof vision,andlesson
the architecturabrganizationthanthe work presented
here.

Thereis a large body of work in behaior based
roboticsthatis relevantto theresearctpresentedhere.
In particular therehasbeena gooddealof work in de-
velopingbehaior coordinationmechanismsA good
review of thatresearcltanbefoundin [7].

In histhesiswork RobertWisniewski[14] proposes
operatingsystemmechanisms$or supportingarti cial
intelligenceapplications. He emphasizeshat the ar
chitecturemust be able to adjustto the ongoingde-
mandsof the application. Although his systemis
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Figure10: Performancef the obstacleavoidancebe-

havior as a function of load. Here the performance
of the dynamicandstatic schedulingnechanismsre

similar.

demonstratedn a very simple simulatedsheepherd-
ing task, his architecturenasmary similaritiesto the
work presentedhere.

7. Discussionand Futur e Work

The work presentedn this papermakes contritu-
tions on two fronts. First, it demonstratethe useful-
nessof virtual humanoidsas a testbedfor vision re-
searchSecondit shavsthepromiseof a ner grained
view of resourceaallocationin behaior basedcontrol.
In orderto achieve optimalperformancé mustberec-
ognizedthatbehaiors notonly competefor controlof
thebody; but alsofor computationatesourcesndac-
cessto sensorsThe sidevalk navigationtaskdemon-
strateghatit is possibleto improve performancéy fo-
cusingcomputationatesourcesvherethey areneeded
most, independenthof which behaior currentlyhas
controlof thebody.

The main disadwantageof the visual architecture
presentethereis therequirementhatthevoting strate-
giesof thebehaiors behandtunedfor optimalperfor
mance.In the caseof only a few behaiorsthisis not
adif cult task. However, it is likely to becomea de-
sign bottleneckas the numberof behaiors is scaled
up. In orderto addresghis, futurework will focuson
machineearningapproachebothfor learningappro-
priatebidding strat@iesat the level of behaiors, and
learningto properlyweightbids at the level of the ar-
chitecture.

Acknowledements

This materialis baseduponwork supportedy the
National Institutes of Health Public Health Service
researchgrant number5 P41 RR09283. Any opin-
ions, ndings, and conclusionsor recommendations
expressedn this materialarethoseof the authorsand

donotnecesarilyre ect theviews of NIH.

References

[1] DanaBallard, Mary Hayhoe, and Polly Pook.
Deictic codes for the embodimentof cogni-
tion. Behavioal and Brain Sciences20:723—

767,1997.
[2] RandallD. Beer The dynamicsof adaptve be-

havior: a researchprogram. Roboticsand Au-

tonomousSystems20:257-2891997.

[3] Rodneg A. Brooks. Intelligencewithout reason.
In Proceedingsof the 12th International Joint
ConfeenceonAtrti cial Intelligence pages69—
595,Sydney, Australia,1991.

[4] David ChapmanMsion, Instructionand Action
PhDthesisMIT Al Lab, 1990.

[5] Mary Hayhoe. Vision using routines: a func-
tional accounbf vision. Visual Cognition, 7:43—
64,2000.

[6] HerbertJager and ThomasChristaller Dual
dynamics: Designingbehaior systemsfor au-
tonomousobots. Arti cial Life and Robotics2,
pagesl08-1121998.

[7] Paolo Pirjanian. Behavior coordinationmecha-
nisms— state-of-the-art.Technicalreport, Insti-
tute for Roboticsand Intelligent Systems,Uni-

versityof SouthernCalifornia,Octoberl1999.

[8] TamerF. RabieandDemetriTerzopoulosActive
perceptionn virtual humansin Proc. of thethir-
teenthCanadianvision InterfaceConfeence(VI
'2000), Montreal,QuebecMay 2000.

[9] Garbis Salgian. Tactical Driving using Visual
Routines PhD thesis,University of Rochester
ComputerScienceDept.,Decembef 998.

[10] Luc Steels. Building agentsout of autonomous
behaior systems.In L. SteelsandR.A. Brooks,
editors, The "Arti cial Life” Routeto "Arti -
cial Intelligence”: Building SituatedEmbodied
Agents LawrenceErlbaum,1993.

[11] DemetriTerzopoulosand TamerF. Rabie. An-
imat vision: Active vision in arti cial animals.
Videre: Journal of ComputerVision Reseath,
1(1):2-19,1997.

[12] ShimonUllman. Visual routines. Cognition,

18:97-1591985.
[13] CarlA. WaldspugerandWilliam E. Weihl. Lot-

tery scheduling:Flexible proportional-sharee-
sourcemanagementin Proc. Symp.on Operat-
ing System®esignand Implementationpages

1-12,Monteregy CA (USA), 1994.
[14] Robert Wisniewski.  Achieving High Perfor-

mance in Parallel Applications via Kernel-
Application Interaction PhD thesis, Univer-
sity of RochestgrComputerScienceDept.,April
1996.

Proceeding®f the IEEE-RASnternationalConfeenceon HumanoidRobots
Copyright@ 2001



