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Abstract

This paperdescribestheanalysisandmodelingof nat-
ural humanbehaviors on top of a routinebasedmodel
of cognition. This theory hypothesizesthat thereex-
istsin thebrainacollectionof built-in programs,which
arecodedwith a �x edsetof basicvisualprimitivesand
canbereprogrammedto carryout variousvisual tasks.
Despitethegeneralrecognitionof thevalueof suchan
approachandseveralpiecesof biologicalevidencesup-
porting it, no detailedsuccessfulmodelof visual rou-
tines hasbeenbuilt. Furthermore,no situatedmodel
hasbeendescribedthat acknowledgesthe speci�c ad-
vantagesconferredon suchanapproachby thehuman
body andelaborateeye-movementsystem. We built a
real-timecomputervision systemthatcansimulateba-
sic humanvisuo-motorbehaviors, andprovideda plat-
form which facilitatesthestudyof humanworld inter-
actionassequentialassemblyof perceptualprimitives.
Basedon this platform,we breakdown naturalbehav-
iors by automaticsubtaskrecognition,andmodel task
planningwith a Markov model.TheMarkov modelef-
fectively allows subjectsto anticipateby capturingthe
statisticsof previoustrials.

Intr oduction
During thepastyears,researchersin psychologyandphysi-
ologyhavegenerallyreachedaconsensusthathumanvision
systemis an active vision system(Ballard1991)(Findlay&
Gilchrist2003).In theactivevisionparadigm,visionsystem
is actively seekingfor information that is relevant to cur-
rentcognitiveactivity. Thenon-uniformspatialdistribution
of photoreceptorsin theretinais oneobservationpoint in a
complex chainof reasoningthatsuggeststhevision system
cannot,anddoesnot have to, reconstructthe 3D modelof
thescenein thebrain,but rathersamplespiecesof informa-
tion from thesceneby initiating eye moventsthatbring the
objectof interestinto the fovea. Becausethe high resolu-
tion retinal imagebeingprocessedis extremelylocal in the
fovea(Yarbus1967),theprocessof any non-trivial visualac-
tion is atemporalsequenceof bothovertshiftsof the�xation
point(Noton& Stark1971)andthemovementsof covert fo-
cus. Thusit is naturalto modelvisualactionsassequences
of smallsteps.
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Imaginewe canmake high-speedsnapshotsof a segment
of visual behavior, including thephysicalmovementof the
eyes,shifting of internalfocus,memorymanipulation,and
otherchangesof internalstates.If we only keepthosesnap-
shotswhereimportanteventshappen,e.g. anobjectis rec-
ognizedandremembered,or apositionis �xated on,wecan
describethe visual behavior asa sequenceof suchevents.
If we furtherhypothesizethatthereis a �nite, or evensmall
numberof theseevents,or basicoperations,wehavetheba-
sisfor thevisualroutinestheory. This theory(Ullman1996)
claimsthatthereis a repositoryof precompiledprogramsin
thebrain,eachof whichcouldbetriggeredondemandwhen
arelevanttaskis present,and,theseprogramsareassembled
from a �x ed setof primitive operations.Theseprograms,
calledvisual routines,areassumedto bepre-wiredinto the
brain's visual systemand can be createdand modi�ed on
demand.

A routinebasedcognitive systemcantake advantageof
the interactionswith its surroundings,exploiting embod-
ied information throughthe useof eyes, handsand other
body parts. This viewpoint of embodiedcognitionempha-
sizesthatcognitiveprocessesaredeeplyrootedin thebody's
real time interactionswith the world, which inherentlyin-
volves perceptionand action, and cognitive mechanisms
“must beunderstoodin termsof their ultimatecontribution
to situation-appropriatebehavior”(Wilson2002).Dueto the
limits onattentionandworkingmemory, humansexploit the
environmentto reducethe cognitive workload. We make
the taskdependentenvironmentstoreor even computein-
formationfor us,andwe retrieve thatinformationonly on a
need-to-know basis.

Sincethevisualroutinemodelwasproposed,researchers
in bothAI communityandcognitivepsychologycommunity
have beentrying to implementit. Oneof the earliestsuch
implementationswas madeby Chapman(Chapman1991),
who designedan autonomousagentwhich canplay a 2-D
video game. About 40 basicoperations,which arehighly
taskspeci�c, formedthe instructionset. Johnson(Johnson,
Maes,& Darrell1994)usedevolutionarycomputationto au-
tomaticallygeneratevisual routinesto do imageclassi�ca-
tion. In Horswill's Jeevessystem(Horswill1995),thatwas
claimedto be the �rst real time implementationof visual
routine on real world data, variouscolor maps,intensity,
temporalandspatialderivatives,andeven optic �o w were



calculatedin early vision stage. Kahn andSwain(Kahn&
Swain 1995) were trying to mimicked the early vision in
humanvisual systemby calculatingintensity, edge,color,
motionanddisparityin theirPerseussystemwhosejob was
gesturerecognition.Salgian(Salgian& Ballard1998)devel-
opedan autonomousdriving systemwith threevisual rou-
tines, stop light detection,stopsign detectionandcar fol-
lowing. Beetzet al.(Beetzet al. 1998)built anautonomous
robot in which imageprocessingarecombinedwith robot
control in a high level language. Although all of this re-
searchis eitherdirectlyor indirectlybasedonthevisualrou-
tine model,noneprovidesa general-purposeframework for
bothvisual routines,embodiedactive vision andmotor ac-
tion.

Thispaperintroducesaroutinebasedcomputervisionar-
chitecturewith a basicoperationsetwhich is taskindepen-
dent. The active vision approachis taken, andboth visual
andmotormovementsform thebackboneof theinteractions
with the environment. This systemconcentrateson high
level visual cognition and bypasseslow level vision such
asimagesegmentationandobjectrecognition,andassumes
theseprocessesareavailableto use.Becauseof themarriage
betweenvisual routinesandactive vision, it avoids recon-
structingthe3D modelof theworld. Geometricinformation
is retrievedon demandby executingproperroutines,sothe
systemcanperformtasksin a geometryindependentfash-
ion. Thesystemsimulateshumanvisuo-motorcognitionin
real time in a 3D virtual environment. The reasonwe do
not usehardwarerobotsis thatvirtual agentsaremorecost
effective,�e xible, extendableandallow for fasteralgorithm
development.

A key of thesystemis theuseof a Markov modelto cap-
tureinterpersonaldifferencesin solvingnaturaltasks.A task
is automaticallysegmentedinto subtasksandtheexecution
order is determinedin a probabilisticfashion. Even if not
fully unrolled,aplanexistsbeforethetaskbegins. In avery
real sensethe Markov modelexhibits the ability to antici-
pateeventsbecause' the pastis prologue.' Having donea
taskmany timesallows us to experienceits variationsand
providesthe ability to do themdifferently asa function of
differentenvironmentalandinternalconditions.In addition
theMarkov modelprovidesanability to simulatethevarious
waysof doingthetaskby choosingits statevaluesincremen-
tally in anonlinemanner.

The paperis organizedasfollows. Firstly, we elaborate
the behavioral routinearchitecture.Thenwe describetwo
examplesof a virtual agentsolvingnaturaltasks.Thenext
sectionintroducesthesegmentationalgorithmwhich parti-
tion a naturaltask into subtasks.Virtual agent's behavior
is comparedwith that of humansin the following section.
Thenext sectionpresentsaMarkov graphwhichmodelsthe
variousexecutionordersin tasksolvingby humansubjects.
Finally, we concludeanddiscussfuturework.

The System
The behavioral routinearchitectureconsistsof a virtual re-
ality platform which hostsa graphicalhumanmodelanda
virtual world, a setof softwarecomponentscontrollingvar-
ious actionsof thevirtual human,a human-world interface

which abstractsthe agent's physicalandvisual interaction
with the world, and a high speedimageprocessingboard
which providescomputationalpower requiredby real time
vision.

A centralproblemin developinga vision enabledsystem
is to producerealisticbinocularimages.To accomplishthis
task, we extendedBostonDynamicsDI-GuyTM, a virtual
reality humansimulator packagebuilt atop SGI OpenGL
PerformerTM, to produceagraphicalhumanmodelwith two
`eyes' in the form of virtual camerasattachedto its head.
Thisprogramcancontinuouslygenerateimagesseenby the
virtual human.

At startup,thesystemcontainsall thenecessaryinforma-
tion thevirtual humanneedsto know abouttheworld, such
aswhatobjectis in theworld andwhatcharacteristicsthey
have. It usesa simpli�ed frame-basedknowledgerepresen-
tation. Thenthe systemsloadsa routine, interpretlines of
commandsandexecutebasicoperationsserially. A behav-
ioral routinetakestheform of a script,or a program,which
hasa simple grammarand usesa small set of commands
suchas`remember'and`saccade',andcanalsocall other
(sub)routines.The behavior of the virtual humanis com-
pletelydeterminedby thisscript,but differentworld settings
maycausedifferentresultsof thesameroutine.

A preprogrammedbehavioral routine is loadedinto the
programandis parsed,interpreted,andexecutedlineby line.
The resultof suchexecutionis that commandsaresentto
direct thevirtual human's eye movementsandbody move-
ments.Suchmovementsmaycausethechangeof theview,
sofor everycommandsentout,a pair of new images,along
with somedeictic informationsuchas locationof �xation
point, arereceived by the routineprocessorasupdatedin-
put,closingtheloop. Notethatsincethissystemis designed
to useeye movementandembodiment,all visual input pro-
cessingresultsin eye movements.For example,thereisn't
suchcommandas“measurethe distancebetweenobjectA
andobjectB”, which requires3D environmentreconstruc-
tion. Suchtask is performedby �rst �xating on objectA,
memorizingits location, �xating on objectB, memorizing
its locationanddoingthecalculation.

The currentinstructionsethasnot beencompletelyde-
signed,but thecoremembersof it have beenidenti�ed and
implemented.Table1 summarizestheir functions.The�rst
operationdeservesspecialexplanation. It' s function is to
searchan object in binocularviews, andcomputesthe lo-
cationsof this object relative to the virtual human. Since
this researchdoesnot deal with low level vision, object
recognitionis consideredasa black box. Only the input-
outputmappingmatters,andits internalstructureis beyond
theconsiderationof this research.But for practicalreasons,
theremustbesomeimplementationof this operationto link
the visual cognitionwith visual stimuli, so we addedcon-
straintsto the sceneandmadeobjectrecognitioneasy:ev-
ery object is uniquelycolor coded. In a noisefree virtual
environment,colormatchingsuf�ces for objectrecognition.
With moresophisticatedimplementation,lesstrivial recog-
nition canbedone,however thehigh level behavior will re-
mainsthesameto a largeextent.

The�rst threeoperationscanbecombinedto do �xation.



Operation Function Parameter(s)
SearchObject Findanobjectin bothviews Objectcharacteristics
Saccade Conjugateeyemovement Yaw, pitchandroll
Vergence Disconjugateeyemovement Angle
ImageMatching Calculatetwo images'similarity Labelsof rememberedimages
Memorize Remembera positionor animage Labelto beassigned
MoveHand Handmovement Current�xation point
TurnHand Turnhand(andobjectin hand) Yaw, pitchandroll
Pickup/Dropoff Objectpickup/dropoff by hand None

Table1: Visualandmotoroperationsimplemented

SearchObjectgivestheobject's2D coordinatein bothviews.
Thesedatais usedto initiate saccadiceye movementsfol-
lowedby vergence.This seriesof operationsbringsanob-
ject to thefovea.

An empiricalstudyby Hancocketal.(Hancock,Baddeley,
& Smith 1992)shows thatprincipalcomponentsof natural
imagesresembleGaussianderivatives. Freemanand An-
derson(Freeman& Adelson1991)systematicallyintroduced
whatthey calledsteerable�lter s, a setof basis�lters which
couldbe linearly combinedto synthesize�lters of arbitrary
orientations.Our imagematchingoperationis performedon
images�ltered with 1stand2ndorder�lters.

Using steerable�lters introducesheavy computational
load: hugeamountof convolutions, which makes sucha
realtimevisionseemimpracticalfor puresoftwaresystems.
With specialhardware, this hurdle can be clearedeasily.
DatacubeMaxRevolutionTM, a pipelinedimageprocessing
board,hasa Xilinx Virtex II TMFPGA chip with 128 MB
memory. A typical batchconvolution1 takesasshortas6
millisecondson this board.

Routine Controlled Virtual Human
In this section,we describetwo experimentswith natural
tasks.Theseexperimentsuseavirtual of�ce/kitchensetting,
wheresimpletasksareaccomplishedby the virtual human
with vision andbody movements.To demonstratethe sys-
tem's validity, we compareits outputwith actualmeasure-
mentsperformingthesametasks.

CoffeePouring
This taskinvolvespicking up a coffeecarafee,holding the
carafeabove themug, tilting thecarafe,pouringthecoffee
into themug,monitoringthelevel of coffeein themug,tilt-
ing thecarafebackwhenthecupis almostfull, andputting
thecarafeaway.

The only visual behavior in this experimentis staringat
the rim of themugandsenda signalto stoppouringwhen
the coffee is full. This is doneby calling two basicopera-
tions: memorization,andimagematching.Thereis a train-
ing sessionat thebeginningof theprogram,whichmakesup
a scenewith a full mug. This mugis rememberedin thevi-
sualmemoryandis comparedagainstright afterthepouring

1In our testwe used5 10 � 10 kernelson a 200 � 180 three
channelcolor image.

(a)

Figure1: CoffeePouring:key moment.Themugis getting
�lled. Thevirtual human�xates at therim of themug,while
his right handis pouringcoffeeinto themug. Coffeein the
carafeis notmodeledfor thesakeof simplicity. Thelevel of
thecoffeein themuggraduallyrisesandwhenit is aboutto
full, thedifferencebetweenthecurrentview anda remem-
beredimageof a full cup dropsbelow a certainthreshold.
Oncethatoccurs,a motorcommandis sentto turn theright
handandpouringstops.

begins. Oncethematchingis successful,a motorcommand
is sentto thehumanto turn its right hand.Sincethecarafeis
graspedby hand,it' s tilted backto original orientationand
pouringstops.As introducedbefore,theimagematchingis
performedin a �ltered spaceon theDatacube.

Experimentswith real humansubjectssuggeststhat hu-
manperformthis taskin the sameway. Speci�cally, there
are two importantobservations. First, almostall 2 human
subjectskeep�xating at themugrim until it is full andthe
next actionis initiated.This indicatesthatvision is fully al-
locatedduringpouring. Theotherobservationis that,each
subjecthasa high consistency in the criterion for the full-
nessof a mug,suggestingthateverybodyhasa singlemen-
tal imageof a full mug(Fig 2). The standarddeviation is
very small alsosuggestingthat they areusinga �x edalgo-
rithm. Thebehavioral routineexhbitsthesamestructure,but

2We did theexperimentwith 15 subjects,andonly onemadea
quicksaccadeoff therim duringpouring.



Figure2: How full is full? We did experimentsof pouring
coffeeinto acupon3 subjectswith 10repetitions.We mea-
suredhow full thecoffeewasaftereachpouring�nished by
calculatingtheratioof theheightof coffeelevel to thehight
of thecuprim. Themeanvaluesof the�ll level for thesub-
jects are 0.9037,0.6690,and 0.8728respectively, and the
standarddeviationsare0.0166,0.0133,0.0103respectively.
Thered(right) histogramshows thedataof subject3, while
the blue (left) oneshows that of the virtual human,which
hasa meanof 0.7366anda standarddeviationof 0.0059.

thevarianceof thesamemeasurementof thevirtual human
pouringcoffee is abouthalf that of human,suggestingthe
humanbrainmayhaveto dealwith highernoiselevels.

The physicalinteractionbetweenthe virtual humanand
the world, is madepossibleby motor operationssuchas
pickupanddropoff. He hasno knowledgeaboutwhereob-
jectsare.Whenhereceivesapickupcommand,for instance,
he detectswhetherthereis an objectnearby. If yes,pick it
up. In caseof multiple candidatestheclosestoneis chosen.
Both scenetraversalandobjectmanipulationarepartof the
functionalitiesof theunderlyingvirtual realityplatform.

PeanutButter and Jelly Sandwich
In a secondexperiment,a virtual a peanutbutter andjelly
sandwichis madeby thesystemandcomparedto realsand-
wichesmadeby humans.As shown in Fig. 3(a), this task
involves identifying multiple objects,guiding handmove-
mentusingbinocularvisionandmanipulatingobjectsusing
hands.Firstly all theingredientshave to berecognized,and
all the lids needto be removed. Then the virtual human
spreadspeanutbutteron onesliceof breadandjelly on the
other. Finally hejoins thetwo slices.

Basicvisualoperationsusedin this taskincludesaccade,
vergence,andobject identi�cation. As describedearlier, a
subroutinelocatecanbeconstructedby combiningtheseop-
erations.A segmentof thebehavioral routinefor this tasks
is asfollows, in which locaterefersto this subroutine.This
segment �nds and �xates on a loaf of bread,allocatesa
memoryslot to storethe locationof the bread,andmoves
right handto the�xation point.

locatebread
rememberloc bread

(a)

(b) (c)

Figure3: Sandwichmaking. (a) shows theexperimentset-
ting. From left to right: a knife with bluehandle,jelly jar,
peanutbutter bottle, a loaf of bread,which consistsof � ve
separateslices. (b) and(c) arethe agent's binocularviews
when spreadingpeanutbutter on bread.Theagenthasal-
readyremoved the jelly jar's andthe peanutbutter bottle's
lids (on thedesk),andis usinga knife to spreadpeanutbut-
teronasliceof bread.Thehanddoesn't seemsto beholding
theknife because,(1) in DI-GUYTMhandsdon't have mov-
able�ngers, andthelastjoint alongthearmis thewrist, and
(2) Thevirtual humanhasno knowledgeabouttheshapeof
objects,thusdoesnotknow how to turnhishandto graspit,
andwhereto grasp.

puthandright

Embodiedcognitionplaysanextremelyimportantrole in
this task.Thevirtual humanpicksupobjectsin theworld by
makinga�xation to anobjectandmovethehandto the�xa-
tion point. Hehasminimalknowledgeabouttheworld. Al:l
heknowsis how objectsarecolorcoded,e.g.breadis white,
knife handleis blue,etc.. Theseinformationhelpsskipping
low level visionsuchasview segmentationandobjectrecog-
nition. Thevirtual humanknowslittle aboutthegeometryof
thescene,however, hecaninteractwith theworld by utiliz-
ing the informationembodiedin his body, ratherthanen-
tirely relying on visionandthereconstructionof aninternal
3D modelof theworld.

With embodiment,the virtual human can know accu-



rately wherethe �xation point is by computingtrigonom-
etry with interoculardistanceand eye orientations,using
e=2 = d tan( �= 2) wheree is theinteroculardistance,d the
distancebetweenthe�xated objectandthemiddlepointbe-
tweenthe two eyes,and � the vergenceangle. Similarly,
locatingan objectwhich is held by handis automatic:no
visualsearchis need,thecurrentbodyposture3 tells where
it is, andonesaccadeis enoughto bring thatobjectinto the
fovea.The�xation patternof thevirtual humanin thesand-
wich makingtaskis illustratedin Figure5(a).

Automatic Segmentationof Sequential
Behavior

Comparedwith deterministic computer agents, humans
solveeverdaytaskswith highvariaty. For instance,different
peoplemake sandwichesin differentways. It is important
to identify thesimilarity anddifferencebetweenthosesolu-
tions, in form of behavioral routines.We startedwith iden-
tifying local patternsin behavioral routines,anddeveloped
analgorithmto �nd commonsubsequencesin differentrou-
tines. The purposeis to partition sequentialbehavior into
segmentssuchthat eachbehavior canbe representedasan
assemblyof thesesegmentsin a certainorder. Eachbehav-
ior is a sequenceof behavioral primitivesandsolvesa same
task. Sincethe actuallyplanningin sucha solutionvaries
acrossindividual subjects,this algorithmattemptsto iden-
tify commonstructuresandpatternsin differentsolutions,
andto modelnaturalbehavior in a two level hierarchy, cog-
nitivemacrosandcognitiveprimitives.

Sincethis algorithm assumesa routine basedmodeling
of cognitive behavior, in which complex behavior is pro-
grammedwith a �x ed set of primitives. So the problem
reducesto �nding a small commonsegmentationof a set
of stringswhich sharea �nite alphabet.By smallwe mean
thenumberof segmentsis closeto minimum. For example,
giveninputstringsgoodmorning, morningcallandgoodcall,
we want to automaticallyidentify segmentsgood, morning
andcall. To simply this problem,we assumethelengthsof
thesestringsareequal,andall thesegmentsappearin every
inputstring.

Theinput to thealgorithmis a seriesof stringsf B ( i ) ji =
1; 2; : : : ; N ; B ( i ) 2 � L ; L > 0g, where� is the alphabet.
The outputof the algorithmis f S( j ) j8B ( i ) ; 9p 2 P(M ) :
B ( i ) = S(p1 ) + S(p2 ) + : : : + S(pM ) g, whereP(M) is the
permutationof integers[1, M] and+ is thestringconcatena-
tion operation.

Our algorithmhastwo steps.Step1. Find all thepoten-
tial segments.We pick anarbitraryinput stringB ( i ) , com-
pareit with anotherinput string B ( j ) , i 6= j , and collect
all thesegmentsin B ( i ) thatalsoexists in B ( j ) , by shifting
andmatching. Herethe locationof suchsegmentsin B ( i )

is important: identicalsubstringsin different locationsare
considereddifferent segments. Repeatthis processon all
otherinputstringsB ( j ) , i 6= j , andcomputetheintersection

3Wedon't maintainall thejoint anglesandphysicalconstraints
of the body at this time, but calculatingthe location of hand is
replacedby a queryin thevirtual reality program.

of collectedsegments.Now we getall thesegmentsin B ( i )

that alsoexists in all otherstrings,i.e. the solutionto the
automaticsegmentationproblemconsistssegmentsselected
from this collection.We denotethis candidatecollectionas
C = f Ci ki = 1; 2; : : : ; K g. Thisstephasatimecomplexity
of O(L 2N ).

Setp2. Searchacombinationof candidatesegmentsin C.
This is anNP Completeproblem. Our approachis a knap-
sackalgorithmwhich doesntguaranteeanoptimalsolution,
but generatesa goodonewithout having to exhaustall the
combinations.Thebasicideaof this greedyalgorithmis to
give priority to long candidatesegmentswhen looking for
a combination.First we sortC by lengthdecreasingly, and
get C � . Thenthe algorithmis a depth�rst searchof a bi-
narydecisiontreein which therootnodescorrespondto the
decisionIs thelongestcandidatesegmentC �

1 in thesegmen-
tation?”,andall ith layer nodescorrespondto the decision
“Is ith longestcandidatesegmentC �

i in thesegmentation?”.
As thedepth�rst searchtraverseproceeds,thecombination
of selectedcandidates,decidedby the path from the root,
is testedfor the quali�cation of a solutionto the problem,
i.e. whetherthe currentcombinationmake a segmentation
of each input string B ( i ) . Oncethis criterion is met, the
searchstops.

Thisalgorithmdoesn't guaranteeanoptimalsolutionand
eachrun and generatedifferent segmentation. Since the
complexity of optimizationis exponentialto thelengthof in-
put strings,we usethegreedyalgorithmwhendealingwith
longinputsandgobackto bruteforcewheninputstringsare
short.

We applieda few tricks to acceleratethe algorithm. For
example, we compressedthe input routinesby encoding
eachprimitivenamewith oneletter, andskippedall thesep-
arators.We testedthis algorithmwith visuo-motorroutines
describingavirtual humanmakingsandwichesandthealgo-
rithm successfullyidenti�ed tensegments,i.e. tensubtasks
which canbe solved with differentorders. This segmenta-
tion, givenin Table2, is thebasisof thenext two sections.

Human Data
We recordeda few humansubjectsmaking peanutbutter
sandwiches.The experimentalsetting is shown in Fig 4:
objectsareplacedin thesamepositionsasin thevirtual re-
ality. We usedan SR ResearchEyeLink R
 II eye tracker to
recordgazemovement.We analyzedthetransitionsof �xa-
tion pointsandthe�xation patternis illustratedin Fig 5(b).

Humaneyemovementis farmorenoisyandunpredictable
than cameramovementin a computervision system. We
processedhumandataby clustering�xation pointsandas-
sociatingthemto objectsin the scene.Fortunatelythis as-
sociationis easy:Almost every �xation point is closeto a
certainobjectwhich is relevant to the task. Fromthesimi-
larity betweenthe two �xation patternin Fig 5 we cansee
thatthedesignof instructionsetin ourbehavioral routinear-
chitectureprovidesfunctionalsupportfor generatinghuman
like visual behavior. Furthermore,it hasthe extensibility
and �e xibility to model humanworld interactionin natu-
ral tasks,andprovidesa platformto studycomplex human



Figure4: Experimentsetting.A subjectis makinga peanut
buttersandwichwith realobjectswhichhave identicalposi-
tionsasin thevirtual reality.

visuo-motorbehavior.
Table2 summarizestheschedulingof 10subtasksin mak-

ing a peanutbuttersandwichby 3 humansubjects4. Despite
that somechronologicalconstraints,e.g. BT, PLF andKH
mustprecedePOBandJOB,have ruledout mostof the10!
orders,the numberof possibleordersremainingis still a
largenumber5. However, experimentswith muchmoresub-
jectsshow thattheorderspickedby humansubjectsdisplay
somecommonfeatures.For instance,BT is alwaysthestart-
ing point andKH is alwaysimmediatelyfollowedby POB
or JOB.The psychophysicalandsocialreasonsunderlying
thesespecialconstraintsandthe mechanismof scheduling
thesesubtaskscan be studiedin the routine basedframe-
work of visuomotorinteractionbetweenthe agentand its
surroundings.

Mark ov Model for TaskPlanning
Oneobviousobservationis, differentsubjectshavedifferent
ordersin solving eachsubtask,but therearesomestatisti-
cally commonpatterns,e.g. KH is almostalwaysfollowed
by one of the two spreadingsubtasks,POB or JOB. This
motivatesus to usea Markov model to capture,and later
generate,thesepatterns.

Generally, we denotethesesubtasksas T = f t i ji =
1; 2; : : : ; N g. Firstwecomputethepowersetof theP(T) =
f; ; f t1g; f t2g; : : : ; f t1; t2g; : : : ; Tg, and then constructa
graph in which the vertex set V = P(T), and edgeset
E = fhpi ; pj ij pi ; pj 2 V; pi � pj ; jpj � pi j = 1g. In
plainwords,eachvertex of thisgraphis asetof subtaskthat
have beendone,indicating the progressin solving a com-

4Wemakesomeassumptionssuchastheknife is pickeduponly
onceandis notputdown until spreading�nishes.

5If we divide the 10 subtasksinto 3 stages:f BT, PLF, JLF,
KHg, f POB,JOBg andf PLO,JLO,KT, FBg, wehave4!� 2!� 4!
= 1152differentorders

(a)

(b)

Figure5: FixationPatternsin SandwichMaking. Thenum-
bersindicateorderof �xations. Somepointshave multiple
labelsbecauseof revisits. (a) is the �xation patternof the
virtual agent,which is controlledby handmadescript,while
(b) showsthatof ahumansubjectmakingsandwichwith the
samesetting.Each�xation point is oneof thefollowing 10
positions. Upper row: knife, jelly bottle, jelly lid, peanut
butterbottle,peanutbutterlid. Lower row: theplacesto put
jelly lid, peanutbutter lid, left slice of bread,right slice of
bread.

pletetask,while eachedgeis thetransitionbetweentwo sta-
tuses,one of which have exactly one more subtaskdone.
This graphis a directedacyclic graph(DAG). Thevertex ;
is the sourceof this graph,andvertex T is the sink. Any
pathfrom sourceto sinkpassesexactlyN+1 vertices,andN
edges.

Note that in theconstructionof sucha DAG, constraints
aboutchronologicalorder of subtasksapply, as shown in
Fig 6. For example,POB always happensafter PLF, and
beforeFB. With theseconstraints,thenumberof verticesis
narroweddown from 210 to 41.

Then,we feeddatainto thisMarkov model,andcalculate
transitionprobabilitiesbetweenstatuses.With theseprob-
abilities, subtaskordersandbe generatedprobabilistically.
An exampleis asfollows.

With inputdata:



1 2 3 4 5 6 7 8 9 10
BT abc
PLF a c b
JLF bc a
KH ab c
POB a c b
JOB b c a
PLO a b c
JLO c ab
KT c ab
FB b c a

Table2: Schedulingof subtasks.The task is decomposed
into tensubtasksincludingBT (puttingbreadontable),PLF
(takingpeanutbutter lid off), JLF (taking jelly lid off), KH
(grabbingknife in hand),POB (spreadingpeanutbutter on
bread),JOB(spreadingjelly onbread),PLO(puttingpeanut
butterlid on),JLO(puttingjelly lid on),KT (puttingknifeon
table),andFB (�ipping breadto makeansandwich).Letters
a,b andc denotetheordersof subtaskstakenby 3 subjects,
e.g. in the �rst 2 stepssubjectc put breadon the tableand
took jelly lid off.

JLF

PLF

KH

POB

JOB

FB

PLO

KT

JLO

BT

Figure6: Dependenciesamongsubtasks.Arrows connect-
ing subtaskt i andt j denotesthat t i mustbe doneprior to
t j .

Subject1 0 3 1 4 7 2 5 6 9 8
Subject2 2 0 1 3 4 5 9 6 8 7
Subject3 0 2 3 5 1 4 6 9 7 8
Subject4 0 2 1 3 4 5 9 6 8 7

themostprobablepathis:
(75%)0 ! (67%)2 ! (67%)1 ! (100%)3 ! (100%)
4 ! (100%)5 ! (67%)9 ! (100%)6 ! (67%)8 !
(100%)7, with probability14.8

Conclusionsand Future Work
Inspiredby visualroutinesmodel,wedevelopedacomputer
vision architecturewhich takes an active and situatedap-
proach,focuseson high level vision,andexploitsembodied
information.Unlikeany previouswork, it hasanbasicoper-
ationsetwith whichvirtually any visuo-motorbehavior can
beconstructed,andhasthepotentialto modelcomplex hu-
manworld interactionasprogrammingwith perceptualand
motorprimitives.

Basingonthesequentialmodelingof cognitionandagent-
world interaction,we introducedan algorithmto automati-
cally identify top level structureof behavioral routinesby
�nding common segmentationsacrossdifferent routines,
anddividing a taskinto subtasks.

Our experimentsshow thathumansmake thesamekinds
of trade-offs thataremadein thevisual routinesmodel. In
coffee pouring, individual subjectsstopat a �x ed distance
from the top of the cupandhave very small deviationsbe-
tweenthelevel in successive�lls, suggestingtheuseof stan-
dardprocedures.Also, asshown by our model,mostof this
variancescanbe explainedasnoisein an imagematching
process. In sandwich-making,individual subjectsexhibit
verysimilar taskorderingssothattheir performancecanbe
easilycapturedby a behavioral routinesbasedMarkov De-
cisionProcessthatcontainsthealternatetaskorderings.

WealsodescribedaMarkov modelwhichcancapturedif-
ferentordersusedby humansubjectsto solvesubtasks.This
modelcanbeusedto generatebehavioral routinesthatsolve
thesametaskin a humanlike fashion.

As future work, we are interestedin online behavior
recognitionby parsinghead-hand-eyemovementdata,along
with videostakenby a head-mountcamera,into behavioral
routines.With theresultingroutines,we will beableto rec-
ognizethestatusof tasksolvingandapproximatetheagenda
of subjects.
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