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Abstract

This paperdescribeghe analysisandmodelingof nat-
ural humanbehaiors on top of a routinebasedmodel
of cognition. This theory hypothesizeghat there ex-
istsin the braina collectionof built-in programswhich
arecodedwith a x edsetof basicvisual primitivesand
canbereprogrammedo carry out variousvisual tasks.
Despitethe generalrecognitionof the valueof suchan
approachandseveral piecesof biologicalevidencesup-
porting it, no detailedsuccessfumodelof visual rou-
tines hasbeenbuilt. Furthermoreno situatedmodel
hasbeendescribedthat acknavledgesthe speci ¢ ad-
vantagesconferredon suchan approachoy the human
body and elaborateeye-marementsystem. We built a
real-timecomputervision systemthat cansimulateba-
sic humanvisuo-motorbehaiors, andprovided a plat-
form which facilitatesthe study of humanworld inter-
actionassequentiahssemblyof perceptuaprimitives.
Basedon this platform, we breakdown naturalbeha-
iors by automaticsubtaskrecognition,and modeltask
planningwith a Markov model. The Markov modelef-
fectively allows subjectsto anticipateby capturingthe
statisticsof previoustrials.

Intr oduction

During the pastyears researcheri psychologyandphysi-
ology have generallyreacheda consensuthathumanvision
systemis an active vision system(BallardL991)(Findlay&
Gilchrist2003).In theactive vision paradigmyision system
is actively seekingfor information that is relevant to cur
rentcognitive activity. The non-uniformspatialdistribution
of photoreceptor@ theretinais oneobsenationpointin a
comple chainof reasoninghat suggestshe vision system
cannot,and doesnot have to, reconstructhe 3D model of
thescendn thebrain, but rathersamplegiecesof informa-
tion from the sceneby initiating eye moventsthatbring the
objectof interestinto the fovea. Becausehe high resolu-
tion retinalimagebeingprocesseds extremelylocalin the
fovea(Yarbus1967),theproces®f ary non-trivial visualac-
tionis atemporakequencef bothovertshiftsof the xation
point(Noton& Stark1971)andthe movementsf covertfo-
cus. Thusit is naturalto modelvisual actionsassequences
of smallsteps.
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Imaginewe canmale high-speednapshotef a sgment
of visual behaior, including the physicalmovementof the
eyes, shifting of internalfocus, memorymanipulation,and
otherchange®f internalstateslIf we only keepthosesnap-
shotswhereimportanteventshappeng.g. an objectis rec-
ognizedandrememberedyr apositionis xated on,we can
describethe visual behaior asa sequencef suchevents.
If we furtherhypothesizehatthereis a nite, or evensmall
numberof theseavents,or basicoperationsye have theba-
sisfor thevisualroutinestheory This theory(Ullman1996)
claimsthatthereis a repositoryof precompiledorogramsn
thebrain,eachof which couldbetriggeredon demandvhen
arelevanttaskis presentand,theseprogramsareassembled
from a x ed setof primitive operations. Theseprograms,
calledvisualroutines,areassumedo be pre-wiredinto the
brain's visual systemand can be createdand modi ed on
demand.

A routine basedcognitive systemcan take advantageof
the interactionswith its surroundings,exploiting embod-
ied information throughthe use of eyes, handsand other
body parts. This viewpoint of embodiedcognitionempha-
sizesthatcognitive processearedeeplyrootedin thebody's
real time interactionswith the world, which inherentlyin-
volves perceptionand action, and cognitve mechanisms
“must be understoodn termsof their ultimate contribution
to situation-appropriatbehaior’(Wilson2002).Dueto the
limits on attentionandworking memory humansexploit the
ernvironmentto reducethe cognitive workload. We make
the task dependenervironmentstoreor even computein-
formationfor us,andwe retrieve thatinformationonly ona
need-to-knav basis.

Sincethevisualroutinemodelwasproposedresearchers
in bothAl communityandcognitive psychologycommunity
have beentrying to implementit. One of the earliestsuch
implementationsvas madeby Chapman(Chapmah991),
who designedan autonomousgentwhich canplay a 2-D
video game. About 40 basicoperationswhich are highly
taskspeci ¢, formedthe instructionset. Johnson(Johnson,
Maes,& Darrell1994)usedevolutionarycomputatiorto 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, various color maps, intensity
temporaland spatialderivatives,and even optic o w were



calculatedin early vision stage. Kahn and Swain(Kahn&
Swain 1995) were trying to mimicked the early vision in
humanvisual systemby calculatingintensity edge,color,
motionanddisparityin their Perseusystemwhosejob was
gestureecognition.Salgian(Salgiad Ballard1998)devel-
opedan autonomoudlriving systemwith threevisual rou-
tines, stop light detection,stop sign detectionand car fol-
lowing. Beetzet al.(Beetzetal. 1998)built anautonomous
robot in which image processingare combinedwith robot
control in a high level language. Although all of this re-
searclhis eitherdirectly or indirectly basednthevisualrou-
tine model,noneprovidesa general-purpostamenork for
both visual routines,embodiedactive vision and motor ac-
tion.

This paperintroducesaroutinebaseccomputewision ar-
chitecturewith a basicoperationsetwhich is taskindepen-
dent. The active vision approachis taken, and both visual
andmotormovementdorm thebackboneof theinteractions
with the ervironment. This systemconcentrate®n high
level visual cognition and bypassedow level vision such
asimageseymentatiorandobjectrecognitionandassumes
theseprocesseareavailableto use.Becaus®f themarriage
betweenvisual routinesand active vision, it avoids recon-
structingthe 3D modelof theworld. Geometrianformation
is retrieved on demandby executingproperroutines,sothe
systemcan performtasksin a geometryindependentash-
ion. The systemsimulateshumanvisuo-motorcognitionin
real time in a 3D virtual ervironment. The reasonwe do
not usehardwarerobotsis thatvirtual agentsaremore cost
effective, e xible, extendableandallow for fasteralgorithm
development.

A key of thesystemis the useof a Markov modelto cap-
tureinterpersonadlifferencesn solvingnaturaltasks.A task
is automaticallysggmentednto subtasksaindthe execution
orderis determinedn a probabilisticfashion. Evenif not
fully unrolled,aplanexistsbeforethetaskbegins. In avery
real sensethe Markov model exhibits the ability to antici-
pate eventsbecauséthe pastis prologue. Having donea
taskmary timesallows us to experienceits variationsand
providesthe ability to do themdifferently asa function of
differentervironmentalandinternalconditions.In addition
theMarkov modelprovidesanability to simulatethevarious
waysof doingthetaskby choosingts statevaluesincremen-
tally in anonlinemanner

The paperis organizedasfollows. Firstly, we elaborate
the behavioral routine architecture. Thenwe describetwo
examplesof a virtual agentsolving naturaltasks. The next
sectionintroducesthe sgmentationalgorithmwhich parti-
tion a naturaltaskinto subtasks. Virtual agents behaior
is comparedwith that of humansin the following section.
Thenext sectionpresents Markov graphwhich modelsthe
variousexecutionordersin tasksolving by humansubjects.
Finally, we concludeanddiscusguturework.

The System

The behaioral routine architectureconsistsof a virtual re-
ality platformwhich hostsa graphicalhumanmodelanda
virtual world, a setof softwarecomponentgontrollingvar
ious actionsof the virtual human,a human-vorld interface

which abstractghe agents physicaland visual interaction
with the world, and a high speedimage processingboard
which providescomputationapower requiredby real time
vision.

A centralproblemin developinga vision enabledsystem
is to producerealistichinocularimages.To accomplistthis
task, we extendedBoston DynamicsDI-Guy™, a virtual
reality humansimulator packagebuilt atop SGI OpenGL
PerformefM, to produceagraphicahumanmodelwith two
“eyes' in the form of virtual camerasattachedo its head.
This programcancontinuouslygeneratémagesseenby the
virtual human.

At startup the systemcontainsall the necessarynforma-
tion the virtual humanneedgo know abouttheworld, such
aswhatobijectis in the world andwhat characteristicshey
have. It usesa simpli ed frame-based#nowledgerepresen-
tation. Thenthe systemdoadsa routine, interpretlines of
commandsand executebasicoperationsserially A beha-
ioral routinetakestheform of a script,or a programwhich
hasa simple grammarand usesa small set of commands
suchas ‘remember'and ‘saccade'and canalso call other
(sub)routines. The behaior of the virtual humanis com-
pletelydeterminedy this script,but differentworld settings
may causdifferentresultsof the sameroutine.

A preprogrammedbehaioral routine is loadedinto the
programandis parsedinterpretedandexecutedine by line.
The resultof suchexecutionis that commandsare sentto
directthe virtual humans eye movementsand body move-
ments.Suchmovementanay causethe changeof the view,
sofor every commandsentout, a pair of new imagesalong
with somedeictic information suchaslocation of xation
point, arereceved by the routine processomas updatedin-
put, closingtheloop. Notethatsincethis systemis designed
to useeye movementandembodimentall visualinput pro-
cessingresultsin eye movements.For example,thereisn't
suchcommandas “measurethe distancebetweenobjectA
andobjectB”, which requires3D ernvironmentreconstruc-
tion. Suchtaskis performedby rst xating on objectA,
memorizingits location, xating on objectB, memorizing
its locationanddoingthe calculation.

The currentinstructionsethasnot beencompletelyde-
signed but the coremembersf it have beenidenti ed and
implemented.Table1l summarizesheir functions.The rst
operationdeseres specialexplanation. It's function is to
searchan objectin binocularviews, and computesthe lo-
cationsof this objectrelative to the virtual human. Since
this researchdoesnot deal with low level vision, object
recognitionis consideredas a black box. Only the input-
outputmappingmattersandits internalstructureis beyond
the consideratiorof this researchBut for practicalreasons,
theremustbe someimplementatiorof this operatiorto link
the visual cognitionwith visual stimuli, so we addedcon-
straintsto the sceneand madeobjectrecognitioneasy: ev-
ery objectis uniquely color coded. In a noisefree virtual
ervironment,color matchingsufces for objectrecognition.
With moresophisticatedmplementation|esstrivial recog-
nition canbe done,howeverthe high level behaior will re-
mainsthe sameto alarge extent.

The rst threeoperationcanbe combinedo do xation.



Operation Function Parameter(s)
SearchObject | Findanobjectin bothviews Objectcharacteristics
Saccade Conjugatezye movement Yaw, pitch androll
Vergence Disconjugatesye movement Angle

ImageMatching| Calculatetwo images'similarity
Remembea positionor animage | Labelto beassigned

Memorize

MoveHand Handmovement

TurnHand Turnhand(andobjectin hand)
Pickup/Dropof | Objectpickup/dropof by hand

Labelsof rememberedmages

Current xation point
Yaw, pitch androll
None

Tablel: Visualandmotoroperationgmplemented

SeachObjectgivestheobject's 2D coordinatén bothviews.
Thesedatais usedto initiate saccadiceye movementsfol-
lowed by vergence.This seriesof operationsringsan ob-
jectto thefovea.

An empiricalstudyby Hancocketal.(HancockBaddels,
& Smith 1992)shaws that principal component®f natural
imagesresembleGaussianderivatives. Freemanand An-
derson(Freema& Adelson1991)systematicallyntroduced
whatthey calledsteenble Iter s, asetof basis Iters which
could belinearly combinedto synthesizelters of arbitrary
orientations Ourimagematchingoperatioris performedon
imagesltered with 1stand2ndorder lters.

Using steerable Iters introducesheary computational
load: huge amountof corvolutions, which makes sucha
realtime vision seemimpracticalfor puresoftwaresystems.
With specialhardware, this hurdle can be clearedeasily
DatacubeMaxRevolution™, a pipelinedimageprocessing
board, hasa Xilinx Virtex 1I™FPGA chip with 128 MB
memory A typical batchcorvolution® takes as shortas 6
millisecondson this board.

Routine Controlled Virtual Human

In this section,we describetwo experimentswith natural
tasks.Theseexperimentaiseavirtual of ce/kitchen setting,
wheresimpletasksareaccomplishedy the virtual human
with vision andbody movements.To demonstrat¢he sys-
tem'’s validity, we compareits outputwith actualmeasure-
mentsperformingthe sametasks.

CoffeePouring

This taskinvolvespicking up a coffee carafee holding the
carafeabove the mug, tilting the carafe,pouringthe coffee
into the mug, monitoringthelevel of coffeein the mug, tilt-
ing the carafebackwhenthe cupis almostfull, andputting
the carafeaway.

The only visual behaior in this experimentis staringat
therim of the mug andsenda signalto stoppouringwhen
the coffeeis full. This is doneby calling two basicopera-
tions: memorizationandimagematching.Thereis atrain-
ing sessioratthebeginningof theprogramwhichmakesup
a scenewith a full mug. This mugis rememberedh the vi-
sualmemoryandis comparedigainstight afterthepouring
180 three
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Figurel: Coffee Pouring:key moment.The mugis getting
lled. Thevirtual human xates attherim of themug,while
his right handis pouringcoffeeinto the mug. Coffeein the
carafeis notmodeledor the sale of simplicity. Thelevel of
thecoffeein themuggraduallyrisesandwhenit is aboutto
full, the differencebetweerthe currentview anda remem-
beredimageof a full cup dropsbelow a certainthreshold.
Oncethatoccurs,a motorcommands sentto turn theright

handandpouringstops.

begins. Oncethe matchingis successfula motorcommand
is sentto thehumanto turnits right hand.Sincethecarafeis
graspeddy hand,it's tilted backto original orientationand
pouringstops.As introducedbefore theimagematchingis
performedn a ltered spaceonthe Datacube.
Experimentswith real humansubjectssuggestghat hu-
manperformthis taskin the sameway. Speci cally, there
aretwo importantobsenations. First, almostall 2 human
subjectkeep xating atthe mugrim until it is full andthe
next actionis initiated. This indicatesthatvisionis fully al-
locatedduring pouring. The otherobsenationis that, each
subjecthasa high consisteng in the criterion for the full-
nessof a mug, suggestinghateverybodyhasa singlemen-
tal imageof a full mug (Fig 2). The standarddeviation is
very small alsosuggestinghatthey areusinga x edalgo-
rithm. Thebehaioral routineexhbitsthe samestructure put

2\We did the experimentwith 15 subjectsandonly onemadea
quick saccad®ff therim duringpouring.
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Figure2: How full is full? We did experimentsof pouring
coffeeinto acupon 3 subjectavith 10 repetitions. We mea-
suredhow full the coffeewasaftereachpouring nished by
calculatingtheratio of the heightof coffeelevel to the hight
of thecuprim. Themeanvaluesof the Il level for the sub-
jectsare 0.9037,0.6690,and 0.8728respectiely, and the
standardieviationsare0.0166,0.0133,0.0103respectiely.
Thered (right) histogramshows the dataof subject3, while
the blue (left) one shows that of the virtual human,which
hasa meanof 0.7366anda standardleviation of 0.0059.

the varianceof the samemeasurementf the virtual human
pouring coffee is abouthalf that of human,suggestinghe
humanbrainmayhave to dealwith highernoiselevels.

The physicalinteractionbetweenthe virtual humanand
the world, is made possibleby motor operationssuch as
pickup anddropof. He hasno knowledgeaboutwhereob-
jectsare.Whenherecevesapickupcommandfor instance,
he detectswhetherthereis an objectnearby If yes,pick it
up. In caseof multiple candidatesheclosestoneis chosen.
Both scendraversalandobjectmanipulationarepartof the
functionalitiesof the underlyingvirtual reality platform.

Peanut Butter and Jelly Sandwich

In a secondexperiment,a virtual a peanutbutter andjelly
sandwichis madeby the systemandcomparedo real sand-
wichesmadeby humans. As showvn in Fig. 3(a), this task
involves identifying multiple objects,guiding hand move-
mentusingbinocularvision andmanipulatingobjectsusing
hands.Firstly all theingredientshave to berecognizedand
all the lids needto be removed. Thenthe virtual human
spreadgpeanutbutter on oneslice of breadandjelly onthe
other Finally hejoinsthetwo slices.

Basicvisual operationausedin this taskincludesaccade,
vergence,and objectidenti cation. As describecdearlier a
subroutindocatecanbeconstructedy combiningtheseop-
erations.A sggmentof the behaioral routinefor this tasks
is asfollows, in which locaterefersto this subroutine.This
segment nds and xates on a loaf of bread,allocatesa
memoryslot to storethe location of the bread,and moves
right handto the xation point.

locatebread
remembeftoc_bread

Figure3: Sandwichmaking. (a) shawvs the experimentset-
ting. Fromleft to right: a knife with blue handle jelly jar,
peanutbutter bottle, a loaf of bread,which consistsof ve
separateslices. (b) and(c) arethe agents binocularviews
when spreadingpeanutbutter on bread.Theagenthasal-
readyremovedthe jelly jar's andthe peanutbutter bottle's
lids (onthe desk),andis usinga knife to spreacheanutout-
teronasliceof bread.Thehanddoesnt seemdo beholding
theknife because(1) in DI-GUY ™handsdon't have mov-
able ngers, andthelastjoint alongthearmis thewrist, and
(2) Thevirtual humanhasno knowledgeaboutthe shapeof
objectsthusdoesnotknow how to turn his handto graspit,
andwhereto grasp.

puthandright

Embodiedcognitionplaysan extremelyimportantrole in
thistask. Thevirtual humanpicksup objectsin theworld by
makinga xation to anobjectandmovethehandto the xa-
tion point. He hasminimal knowledgeabouttheworld. Al:l
heknowsis how objectsarecolorcodede.g.breads white,
knife handleis blue, etc.. Theseinformationhelpsskipping
low level vision suchasview segmentatiorandobjectrecog-
nition. Thevirtual humanknowslittle aboutthe geometryof
thescenehowever, he caninteractwith theworld by utiliz-
ing the informationembodiedin his body, ratherthanen-
tirely relying on vision andthereconstructiorof 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 = dtan( = 2) wheree is theinteroculardistanced the
distancebetweerthe xated objectandthemiddle pointbe-
tweenthe two eyes,and the vergenceangle. Similarly,
locating an objectwhich is held by handis automatic: no
visual searchis need the currentbody posturé tells where
it is, andonesaccadés enoughto bring thatobjectinto the
fovea.The xation patternof the virtual humanin the sand-
wich makingtaskis illustratedin Figure5(a).

Automatic Segmentationof Sequential
Behavior

Comparedwith deterministic computer agents, humans
solve everdaytaskswith high variaty. For instancedifferent
peoplemake sandwichesn differentways. It is important
to identify the similarity anddifferencebetweernthosesolu-
tions, in form of behaioral routines.We startedwith iden-
tifying local patternan behaioral routines,anddeveloped
analgorithmto nd commonsubsequences differentrou-

tines. The purposeis to partition sequentiabehaior into

segmentssuchthat eachbehaior canbe representedsan

assemblyof thesesegmentsin a certainorder Eachbeha-

ior is asequencef behaioral primitivesandsolvesa same
task. Sincethe actually planningin sucha solutionvaries
acrossindividual subjects this algorithm attemptsto iden-

tify commonstructuresand patternsin differentsolutions,
andto modelnaturalbehaior in atwo level hierarchycog-

nitive macrosandcognitive primitives.

Sincethis algorithm assumes routine basedmodeling
of cognitive behaior, in which comple behaior 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
the numberof sggmentsis closeto minimum. For example,
giveninputstringsgoodmorningmorningcallandgoodcall
we wantto automaticallyidentify segmentsgood morning
andcall. To simply this problem,we assumehe lengthsof
thesestringsareequal,andall the sggmentsappeain every
inputstring.

Theinputto thealgorithmis a seriesof stringsf B (Vi =
L:L > 0g, where is the alphabet.
The outputof the algorithmis f S0)jgB();9p 2 P(M) :
B = s 4+ gP2) 4+ 120+ S(Pw) g whereP(M) is the
permutatiorof integers[1, M] and+ is thestringconcatena-
tion operation.

Our algorithmhastwo steps.Stepl. Find all the poten-
tial segments.We pick an arbitraryinput stringB (), com-
pareit with anotherinput string BU), i 6 j, andcollect
all thesegmentsin B thatalsoexistsin B (), by shifting
andmatching. Herethe location of suchsggmentsin B (!
is important: identical substringsin differentlocationsare
consideredlifferent sgments. Repeatthis processon all
otherinputstringsB ) i 6 j, andcomputetheintersection

3We don't maintainall thejoint anglesandphysicalconstraints
of the body at this time, but calculatingthe location of handis
replacedby aqueryin thevirtual reality program.

of collectedseggments.Now we getall the segmentsin B ()
that alsoexistsin all otherstrings,i.e. the solutionto the
automaticseggmentatiorproblemconsistssegmentsselected
from this collection. We denotethis candidatecollectionas

of O(L?N).

Setp2. Searchacombinatiorof candidatesggmentsn C.
This is anNP Completeproblem. Our approachs a knap-
sackalgorithmwhich doesntguarante@n optimal solution,
but generates good onewithout having to exhaustall the
combinations.The basicideaof this greedyalgorithmis to
give priority to long candidatesggmentswhen looking for
a combination.Firstwe sort C by lengthdecreasinglyand
getC . Thenthe algorithmis a depth rst searchof a bi-
narydecisiontreein whichtherootnodescorrespondo the
decisionls thelongestcandidatesggmentC, in thesggmen-
tation?”,andall ith layer nodescorrespondo the decision
“Is ith longestcandidatesggmentC; in thesegmentation?”.
As thedepth rst searchiraverseproceedsthe combination
of selectedcandidatesdecidedby the path from the root,
is testedfor the quali cation of a solutionto the problem,
i.e. whetherthe currentcombinationmake a segmentation
of ead input string B, Oncethis criterion is met, the
searclstops.

This algorithmdoesnt guaranteenoptimalsolutionand
eachrun and generatedifferent sgmentation. Since the
compleity of optimizationis exponentiato thelengthof in-
put strings,we usethe greedyalgorithmwhendealingwith
longinputsandgo backto bruteforcewheninputstringsare
short.

We applieda few tricks to acceleratehe algorithm. For
example, we compressedhe input routinesby encoding
eachprimitive namewith oneletter, andskippedall the sep-
arators.We testecthis algorithmwith visuo-motorroutines
describingavirtual humanmakingsandwicheandthealgo-
rithm successfullydenti ed tensegments,.e. tensubtasks
which canbe solved with differentorders. This segmenta-
tion, givenin Table2, is the basisof the next two sections.

Human Data

We recordeda few humansubjectsmaking peanutbutter
sandwiches. The experimentalsettingis shavn in Fig 4:
objectsareplacedin the samepositionsasin thevirtual re-
ality. We usedan SR ResearclEyeLinkR 1l eye tracker to
recordgazemovement.We analyzedhetransitionsof xa-
tion pointsandthe xation patternis illustratedin Fig 5(b).
Humaneye movementis farmorenoisyandunpredictable
than cameramovementin a computervision system. We
processedtiumandataby clustering xation pointsandas-
sociatingthemto objectsin the scene.Fortunatelythis as-
sociationis easy: Almost every xation pointis closeto a
certainobjectwhich is relevantto the task. Fromthe simi-
larity betweenthe two xation patternin Fig 5 we cansee
thatthedesignof instructionsetin our behaioral routinear
chitectureprovidesfunctionalsupportfor generatindiuman
like visual behaior. Furthermore,t hasthe extensibility
and e xibility to model humanworld interactionin natu-
ral tasks,andprovidesa platformto studycomple< human



Figure4: Experimentsetting. A subjectis makinga peanut
butter sandwichwith real objectswhich have identicalposi-
tionsasin thevirtual reality.

visuo-motorbehaior.

Table2 summarizesheschedulingdf 10subtask$n mak-
ing a peanutbuttersandwichby 3 humansubjecté. Despite
that somechronologicalconstraintsg.g. BT, PLF andKH
mustprecedd?OB andJOB, have ruled out mostof the 10!
orders,the numberof possibleordersremainingis still a
largenumbeP. However, experimentsvith muchmoresub-
jectsshaw thatthe orderspicked by humansubjectdisplay
somecommonfeaturesForinstanceBT is alwaysthestart-
ing pointandKH is alwaysimmediatelyfollowed by POB
or JOB. The psychophysicaind socialreasonsinderlying
thesespecialconstraintsand the mechanisnof scheduling
thesesubtaskscan be studiedin the routine basedframe-
work of visuomotorinteractionbetweenthe agentand its
surroundings.

Mark ov Model for Task Planning

Oneohlviousobsenationis, differentsubjectshave different
ordersin solving eachsubtaskbut thereare somestatisti-
cally commonpatternse.g. KH is almostalwaysfollowed
by one of the two spreadingsubtasksPOB or JOB. This
motivatesus to usea Markov modelto capture,and later
generatethesepatterns.

Generally we denotethesesubtasksas T = ft;ji
1;2;:::; N g. Firstwe computehepowersetof theP (T) =

graphin Whic_h the vertex setV = P (T), qnd edgeset
E = fhp;piipsp 2 Vip psi pil = 19 In
plainwords,eachvertex of this graphis a setof subtaskhat
have beendone,indicating the progressn solving a com-

“We malke someassumptionsuchastheknife is pickedup only
onceandis not putdown until spreadingnishes.

51f we divide the 10 subtasksnto 3 stages:f BT, PLF, JLF,
KHg, f POB,JOBg andf PLO,JLO,KT, FBg, wehave4! 2! 4!
= 1152differentorders

(@)

(b)

Figure5: FixationPatternsn SandwichMaking. The num-
bersindicateorderof xations. Somepointshave multiple
labelsbecausef revisits. (a) is the xation patternof the
virtual agentwhichis controlledby handmadescript, while
(b) shawsthatof ahumansubjectmakingsandwichwith the
samesetting.Each xation pointis oneof thefollowing 10
positions. Upperrow: knife, jelly bottle, jelly lid, peanut
butterbottle, peanutbutterlid. Lowerrow: the placesto put
jelly lid, peanutbutterlid, left slice of bread,right slice of
bread.

pletetask,while eachedgeis thetransitionbetweertwo sta-
tuses,one of which have exactly one more subtaskdone.
This graphis a directedagyclic graph(DAG). Thevertex ;
is the sourceof this graph,andvertex T is the sink. Any
pathfrom sourceto sink passesxactly N+1 verticesandN
edges.

Note thatin the constructionof sucha DAG, constraints
aboutchronologicalorder of subtasksapply, as shovn in
Fig 6. For example, POB always happensafter PLF, and
beforeFB. With theseconstraintsthe numberof verticesis
narraveddown from 210 to 41.

Then,we feeddatainto this Markov model,andcalculate
transitionprobabilitiesbetweenstatuses.With theseprob-
abilities, subtaskordersand be generategrobabilistically
An exampleis asfollows.

With inputdata:



BT bc
PLF c b
JLF bc
KH b|c
POB cl|lb
JOB b [§
PLO b
JLO c
KT c| ab
FB bl c

o ©

Table 2: Schedulingof subtasks.The taskis decomposed
into tensubtasksncludingBT (puttingbreadontable),PLF
(taking peanutbutter lid off), JLF (takingjelly lid off), KH
(grabbingknife in hand),POB (spreadingpeanutbutter on
bread) JOB (spreadingelly onbread),PLO (puttingpeanut
butterlid on),JLO (puttingjelly lid on),KT (puttingknife on
table),andFB ( ipping breadto make ansandwich) Letters
a, b andc denotethe ordersof subtaskdakenby 3 subjects,
e.g. in the rst 2 stepssubjectc put breadon thetableand
tookjelly lid off.

Figure6: Dependencieamongsubtasks.Arrows connect-
ing subtaskt; andt; denoteshatt; mustbe doneprior to
tj.

Subjectl | 0314725698
Subjec2 | 2013459687
Subject3 | 0235146978
Subjec4 | 0213459687
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 Futur e Work

Inspiredby visualroutinesmodel,we developedacomputer
vision architecturewhich takes an active and situatedap-
proach focuseson high level vision, andexploits embodied
information.Unlike ary previouswork, it hasanbasicoper

ationsetwith which virtually ary visuo-motorbehaior can
be constructedandhasthe potentialto modelcomplex hu-
manworld interactionasprogrammingwith perceptuabnd
motor primitives.

Basingonthesequentiamodelingof cognitionandagent-
world interaction,we introducedan algorithmto automati-
cally identify top level structureof behaioral routinesby

nding common seggmentationsacrossdifferent routines,
anddividing ataskinto subtasks.

Our experimentsshav thathumanamake the samekinds
of trade-ofs thataremadein the visual routinesmodel. In
coffee pouring, individual subjectsstopat a x ed distance
from the top of the cup and have very small deviationsbe-
tweenthelevelin successie lls, suggestingheuseof stan-
dardproceduresAlso, asshavn by our model,mostof this
variancescan be explainedas noisein animagematching
process. In sandwich-makingjndividual subjectsexhibit
very similar taskorderingssothattheir performancecanbe
easilycapturedby a behaioral routinesbasedMarkov De-
cisionProcesshatcontainghe alternateaskorderings.

We alsodescribed Markov modelwhich cancapturedif-
ferentordersusedby humansubjectgo solve subtasksThis
modelcanbeusedto generatéehaioral routinesthatsolve
thesametaskin ahumanlik e fashion.

As future work, we are interestedin online behaior
recognitionby parsinghead-handyemovementata,along
with videostaken by a head-mountamerajnto behaioral
routines.With theresultingroutines we will beableto rec-
ognizethestatusof tasksolvingandapproximateheagenda
of subjects.

References

Ballard,D. H. 1991.Animatevision. Arti cial Intelligence
48:57-86.

Beetz,M.; Arbuckle, T.; Cremers,A. B.; and Mann, M.
1998. Transparent,e xible, andresource-adapte image
processingor autonomousservicerobots. In European
Confeenceon Arti cial Initelligence 632—636.

ChapmanpD. 1991. Vision, Instruction,and Action MIT
Press.

Findlay, J. M., and Gilchrist, I. D. 2003. Active Vision:
ThePsydology of Lookingand Seeing Oxford University
Press.

FreemanW. T., and Adelson,E. H. 1991. The design
anduseof steerablelters. IEEE Transactionon Pattern
Analysisand MachineIntelligencel3(9):891-906.

HancockP J.;Baddelg, R. J.;andSmith,L. S.1992.The
principal component®f naturalimages. Network: Com-
putationin Neural System$8(1):61-70.

Horswill, I. 1995.Visualroutinesandvisualsearchareal-
timeimplementatiorandanautomata-theoret@nalysisin
Proc.,Int'l. Joint Conf onArti cial Intelligence 55—-63.

JohnsonM. P; Maes,P.;; andDarrell, T. 1994. Evolving
visualroutines. In Arti cial Life IV, Proc., 4th Int'l Work-
shopon the Synthesisand Simulationof Living Systems
198-209.MIT, CambridgeMA, USA: MIT Press.

Kahn,R. E.,andSwain, M. J. 1995.Understandingeople
pointing: The perseussystem. In "Proc., Intl Symp.on
Computeivision”, 11A Motion IlI.



Noton, D., andStark,L. 1971. Scanpathsn eye move-
mentsduring patternperception.Sciencel 71(3968):308—
311.

Salgian,G., andBallard,D. H. 1998. Visual routinesfor
autonomoudlriving. In Proc., Int'l. Conf on Computer
Vision, 876-882.

Uliman, S. 1996. High-levelvision MIT Press.

Wilson, M. 2002. Six views of embodiedcognition. Psy-
chonomicBulletinand Review 9:625-636.

Yarhus,A. L. 1967.Eyemovementandvision New York,
PlenumPress.



