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Abstract

To arobot,theworld is aseaof ambiguity, in whichit will
sink or swim dependingon the robustnessof its percep-
tual abilities. But robustmachineperceptionhasproven
dif�cult to achieve. Thispaperarguesthatrobotsmustbe
givennot just particularperceptualcompetences,but the
tools to forgethosecompetencesout of raw physicalex-
periences.Threeimportanttools for extendinga robot's
perceptualabilities whoseimportancehave beenrecog-
nizedindividually arerelatedandbroughttogether. The
�rst is active perception,wheretherobotemploys motor
actionto reliably perceive propertiesof the world that it
otherwisecould not. Thesecondis development,where
experienceis usedto improve perception. The third is
interpersonalin�uences, wherethe robot's perceptsare
guidedby thoseof anexternalagent.Examplesaregiven
for objectsegmentation,objectrecognition,andorienta-
tion sensitivity; initial work on action understandingis
alsodescribed.

Intr oduction
Perceptionis key to intelligentbehavior. While the�eld
of Arti�cial Intelligencehasmadeimpressive stridesin
replicatingsomeaspectsof cognition,suchasplanning
andplanexecution,machineperceptionremainsdistress-
ingly brittle and task-speci�c. This paperdirectly ad-
dressesthis brittlenessby supportingperceptionthrough
active,developmental,andinterpersonalmeans.

Supposethereis somepropertyP of theenvironment
whosevaluetherobotcannotusuallydetermine.Further
supposethat in somevery specialsituations,the robot
can reliably determinethe property. Then thereis the
potentialfor therobot to collect trainingdatafrom such
specialsituations,and learnothermore robust ways to
determinethepropertyP. This processwill bereferred
to as“developmentalperception”in thispaper.

Active and interpersonal perception both act as
sourcesof the “special situations”that allow the robot
to temporarilyreachbeyond its currentperceptualabil-
ities, giving the opportunityfor developmentto occur.
Active perceptionrefers to the useof motor action to
simplify perception(Ballard, 1991),andhasproven its
worthmany timesin thehistoryof robotics.It allowsthe
robot to experienceperceptsthat it (initially) could not
without themotoraction.Interpersonalperceptionrefers
to mechanismswherebythe robot's perceptualabilities
canbe in�uenced by thosearoundit, suchasa human
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Figure 1: The robotsKismet (top) and Cog (bottom).
Kismetis anexpressiveanthropomorphicheadusefulfor
humaninteractionwork; Cogis anuppertorsohumanoid
moreadeptat objectinteraction.

“caregiver”. For example,it maybenecessaryto correct
category boundariesor communicatethe structureof a
complex activity.

By placing all of perceptionwithin a developmental
framework, perceptualcompetencebecomesthe result
of experienceevoked by a setof behaviors andpredis-
positions. If themachineryof developmentis suf�cient
to reliably leadto theperceptualcompetencein the �rst
place,thenit is likely to beableto regenerateit in some-
whatchangedcircumstances,thusavoidingbrittleness.

The robots
This work is implementedon two robots, Cog and
Kismet (seeFigure1), Cog is an uppertorsohumanoid
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Figure2: Cartoonmotivation(top) for active segmenta-
tion (bottom).Humanvisionisexcellentat�gure/ground
separation(top left), but machinevision is not (top cen-
ter). Coherentmotion is a powerful cue(top right) and
therobotcaninvoke it by simply reachingout andpok-
ing around.Thelower row of imagesshow theprocess-
ing stepsinvolved. The momentof impactbetweenthe
robotarmandanobject,if it occurs,is easilydetected–
andthenthe total motion after contact,whencompared
to themotion beforecontactandgroupedusinga mini-
mum cut approach,givesa very goodindicationof the
objectboundary(Fitzpatrick,2003).

(Brookset al., 1999)thathaspreviously beenappliedto
taskssuchasvisually-guidedpointing(Marjanovićetal.,
1996),andrhythmicoperationssuchasturning a crank
or driving a slinky (Williamson, 1998). Kismet is an
“inf ant-like” robotwhoseform andbehavior is designed
to elicit nurturing responsesfrom humans(Breazeal
et al., 2001). It is essentiallyanactive vision headaug-
mentedwith expressivefacialfeaturessothatit canboth
sendandreceivehuman-likesocialcues.

Activeperception
Themostwell-known instanceof activeperceptionis ac-
tive vision. The term “active vision” is essentiallysyn-
onymouswith moving cameras.Active vision work on
Cog is orientedtowardsopeningup the potentiallyrich
areaof manipulation-aidedvision, which is still largely
unexplored. But there is much to be gainedby tak-
ing advantageof the fact that robotsareactorsin their
environment,not simply passive observers. They have
the opportunity to examine the world using causality,
by performingprobingactionsandlearningfrom there-
sponse.In conjunctionwith adevelopmentalframework,
this could allow the robot's experienceto expandout-
wardfrom its sensorsinto its environment,from its own
armto theobjectsit encounters,andfrom thoseobjects
bothbackto therobotitself andoutwardsto otheractors
thatencounterthosesameobjects.

As a concreteexampleof this idea,Cog wasgiven a
simple “poking” behavior, wherebyit selectslocations
in its environment, and sweepsthrough them with its
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Figure 3: If the robot is engagedin a known activity
(left), theremaybesuf�cient constraintto identify novel
elementswithin that activity. Similarly, if known el-
ementstake part in someunfamiliar activity, tracking
thosecanhelpcharacterizethatactivity. Potentially, de-
velopmentis anopen-endedloop of suchdiscoveries.

arm(FitzpatrickandMetta,2002). If anobjectis within
the areaswept,then the motion signaturegeneratedby
the impact of the arm with that object greatly simpli-
�es segmentingthatobjectfrom its background,andob-
taining a reasonableestimateof its boundary(seeFig-
ure 2). The imageprocessinginvolved relies only on
the ability to �xate the robot's gazein the directionof
its arm. This coordinationis easyto achieve eitherasa
hard-wiredprimitiveor throughlearning(Fitzpatrickand
Metta,2002).Within thiscontext, it is possibleto collect
excellentviews of the objectsthe robot pokes,and the
robot'sown arm.

Figure/groundseparationis a long-standingproblem
in computervision, dueto the fundamentalambiguities
involvedin interpretingthe2D projectionof a3D world.
No matterhow goodapassivesystemis atsegmentation,
therewill be times when only an active approachwill
work, sincevisual appearancecanbe arbitrarily decep-
tive.

Developmentalperception
The previoussectionshowedhow, with a particularbe-
havior, the robot could reliably segment objectsfrom
the background(even if it is similar in appearance)by
poking them. It can determinethe shapeof an object
boundaryin this specialsituation,even though it can-
not do this normally. This is preciselythekind of situa-
tion thata developmentalframework couldexploit. Fig-
ure 3 shows how an open-endeddevelopmentalcycle
might be possible. Particular, familiar situationsallow
therobotto perceivesomethingaboutobjectsandactors
(suchasahumanor therobotitself) thatcouldnotbeper-
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Figure 4: The top row shows sampleviews of a toy
car that the robotseesduringpoking. Many suchviews
arecollectedandsegmentedasdescribedin (Fitzpatrick,
2003). The views are alignedto give an averagepro-
totype for the car (and the robot arm and humanhand
that actsuponit). To give a senseof the quality of the
data,thebottomrow showsthesegmentedviewsthatare
thebestmatchwith theseprototypes.Thecar, therobot
arm,andthehandbelongto fundamentallydifferentcat-
egories.Thearmandhandcausemovement(areactors),
the car suffers movement(is an object),andthe arm is
undertherobot'scontrol(is partof theself).

ceivedoutsidethosesituations.Theseobjectsandactors
canbetracked into other, lessfamiliar situations,which
canthenbecharacterizedandusedfor furtherdiscovery.
Throughout,existing perceptualcapabilities(“primiti ve
features”)canbere�ned asopportunitiesarise.

As a speci�c exampleof development,thesegmented
views providedby pokingof objectsandactorsby pok-
ing canbecollectedandclusteredasshown in Figure4.
Suchviewsarepreciselywhatisneededto trainupanob-
ject detectionandrecognitionsystem,andfollow those
objectsandactorsinto other, non-pokingcontexts (Fitz-
patrick,2003).

As well asgiving informationabouttheappearanceof
objects,the segmentedviews of objectscan be pooled
to train up detectorsfor morebasicvisual features– for
example,edgeorientation. Oncean objectboundaryis
known, the appearanceof the edgebetweenthe object
andthebackgroundcanbesampledalongit, andlabelled
with the orientationof the boundaryin their neighbor-
hood.Figure5 showsanorientation�lter trainedupfrom
suchdatathat canwork at much �ner scalesthannor-
mally possiblewhen the �lter is derived from an ideal
edgemodelsuchasthatof (Chenetal., 2000).The“cat-
alog” of edgeappearancesfoundshowsthatthemostfre-
quentedgeappearancesis an“ideal” straight,noise-free
edge,asmight beexpected(top of Figure5) – but a re-
markablediversity of otherforms alsooccurwhich are
far lessobvious(bottomof Figure5).

Inter personalperception
Perceptionis not a completelyobjective process;there
arechoicesto be made. For example,whethertwo ob-

Figure5: Theempiricalappearanceof edges.Each4� 4
grid representsthepossibleappearanceof anedge,quan-
tized to just two luminancelevels. The dark line cen-
teredin thegrid is theaverageorientationthatpatchwas
observed to have in the training data. The uppersetof
patchesarethemostfrequentonesthatoccurin training
dataconsistingof about500objectsegmentations.The
lower setof patchesarea selectionof patternschosento
illustratedthediversityof possiblepatternsthat canoc-
cur. Theorientedfeaturesrepresentedincludeedges,thin
lines, thick lines, zig-zags,cornersetc. It is dif�cult to
imaginea setof conventional�lters that could respond
correctlyto the full rangeof featuresseenhere– all of
which appearedmultiple times in object boundariesin
realimages.

jects are judged to be the samedependson which of
their many featuresareconsideredessentialandwhich
are consideredincidental. For a robot to be useful, it
shoulddraw thesamedistinctionsa humanwould for a
given task. To achieve this, theremustbe mechanisms
thatallow therobot'sperceptualjudgementsto bechan-
neledandmouldedby a caregiver. This is alsousefulin
situationswheretherobot'sown abilitiesaresimply not
up to thechallenge,andneeda helpinghand.

Themostrelevantliteratureat theintersectionof com-
munication,perceptionanddevelopmentis that of lan-
guageacquisition. It hasbeenobserved that language
acquisition involves a searchthrough a large search
spaceof modelsguided by relatively sparsefeedback
andfew examples.This so-called“poverty of thestim-
ulus” relative to thecomplexity of themodelsbeingac-
quired is taken to imply that infantsmust have a good
searchstrategy, with biaseswell matchedto the na-
ture of appropriatesolution. This is a claim of innate
constraints,and is historically controversial. Examples
stressingunder-determinationin languagelearning in-
cludeQuine's “Gavagai” example(Quine,1960),where
Quine invites us to imagine ourselves walking with a
native guide in a foreign country, and seeinga rabbit



Human speech Human action Robot speech Robot action
. . . . . . . . . . . .
sayyellow [shows yellow toy] yen [looksat toy]
sayyellow yelo
yes! saygreen green
. . . . . . . . . . . .
yellow [shows yellow toy] yelo [looksat toy]
left [movestoy left] left [trackstoy]
green [shows greentoy] green [looksat toy]
right [movestoy right] right [trackstoy]
yellow [shows yellow toy] yelo [looksat toy]
left [movestoy left] left [trackstoy]
. . . . . . . . . . . .
yellow [shows yellow toy] yelo [looksat toy]
next? ahmleft? [nodsleft]
yes! [movestoy left] left!
green [shows greentoy] green [looksat toy]
next? ahmright? [nodsright]
yes! [movestoy right] right!
. . . . . .

Left Yelo

GreenRight

Figure6: Extractsfrom a dialoguewith Kismet. The �rst extract (sayyellow...) illustrateshow the robot's active
vocabulary wasextended.Thesecondextractshows how a simplesortingactivity wasannotatedfor the robot. The
�nal extractshows therobotbeingtestedon its understandingof theform of theactivity. Therobot'sutteranceswere
transcribedphonetically, but arewritten in a simpleform herefor clarity. To theright is shown thevery simplestate
machinemodelof theactivity deducedby therobot.

passjustastheguidesays“gavagai”– andthenconsider
all the possiblemeaningsthis utterancemight have. It
is possibleover time to learnfrom suchsituations(see
(SteelsandKaplan,1999)for anexampleof aroboticim-
plementation).Pragmaticconstraintscanhelpspeedthe
learneroutof thisseaof ambiguity. For example,(Mark-
man, 1989) proposesa set of particularconstraintsin-
fantsmightuseto mapwordsontomeanings.Thesecon-
straintsarealongthe style of the following (with many
variations,elaborationsandcaveats):-

� Whole-objectassumption. If an adult labels some-
thing, assumethey are referring to the whole object
andnotapartof it. categories”asopposedto thematic
relationships.For examplewhenchild is askedto �nd
“dog”, mayfetchthecat,but won't fetchdog-food.

� Mutual exclusivity. Assumeobjectshave only onela-
bel. So look for an unnamedobject to apply a new
labelto.

These constraintsare intended to explain a spurt in
vocabulary acquisitionwhere infants begin to acquire
words from one or a few examples– so-calledfast-
mapping. They areadvancednot asabsoluterules,but
asbiasesonsearch.

Tomaselloraisesseveral objectionsto the constraint-
basedapproachrepresentedby Markman (Tomasello,
1997). Tomasellofavors a “social-pragmatic”modelof
languageacquisitionthatplaceslanguagein thecontext
of otherjoint referentialactivity, suchassharedattention.
He rejectsthe “word to meaningmapping”formulation
of languageacquisition.Rather, Tomaselloproposesthat
languageis usedto invite othersto experiencetheworld
in a particularway. From(Tomasello,1997):-

The social-pragmaticapproachto the problem of
referential indeterminacy ... begins by rejecting
truth conditionalsemanticsin theform of themap-
ping metaphor(the child mapsword onto world),
adoptinginsteadan experientialistandconceptual-
ist view of languagein which linguisticsymbolsare
usedby humanbeingsto invite othersto experi-
encesituationsin particularways. Thus,attempt-
ing to map word to world will not help in situa-
tions in which the very samepieceof real estate
maybecalled:“the shore”(by asailor),“the coast”
(by a hiker), “the ground”(by a skydiver),and“the
beach”(by asunbather).

Regardlessof the utility of Tomasello's theory for its
properdomain,languageacquisitionin infants,it seems
a useful mindsetfor tackling interpersonalperception,
which is in essenceall aboutinviting the robot to view
theworld in a particularway.

Tomaselloandhis collaboratorsdevelopeda seriesof
experimentsdesignedto systematicallyunderminethe
constraintsapproachto learningastypi�ed by Markman
andothers. The experimentsinvestigateword learning
amongchildrenin thecontext of variousgames.Theex-
perimentsareinstructivein showing arangeof situations
in which simple rules baseddirectly on gazeor affect
would fail in at leastonecaseor other. Theexperiments
all avoid giving children(18-24monthsold) ostentative
namingcontexts, and ratherrequiring themto pull out
meaningsfrom the“�o w of interaction”.

For example,in oneexperiment,anadultmakeseye-
contactwith a child subjectandsays“Let' s go �nd the
toma.” They thengo to a row of buckets,eachif which
containsan objectwith which the child is not familiar.
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Figure 7: Perceptualjudgementsare fundamentally
aboutidentity: whatis thesame,whatis different.Iden-
tity judgementsshoulddepend(at least)on activity, lo-
cation,appearance,andverbalcontext. Thesein turncan
bein�uencedby acaregiver.

Oneof theseobjectsis randomlydesignatedthe“toma”.
If thesessionis a control, the adult goesdirectly to the
bucket containingthe toma,�nds it excitedly andhands
it to the child. Otherwise,the adult �rst goesto two
otherbucketsin sequence,eachtime taking out theob-
ject,scowling at it, andreplacingit, before“�nding” the
toma.Later, thechild is testedfor for theability to com-
prehendandproducethe new word appropriately. The
resultsshow equally good performancein the test and
control scenarios.Tomaselloarguesthat this situation
countsagainstchildrenusingsimpleword learningrules
suchas“the object the adult is looking at while saying
thenovel word,” “the �rst new objecttheadult looksat
aftersayingthenovel word,” “the �rst new objectthein-
fantseesafterhearingthenovel word,” or suchvariants.

Tomasello's theoriesandexperimentsareprovocative,
andsuggestanapproachquitedifferentfrom thesimple
associative learningthat is mostoften seenin robotics.
Work on interpersonalperceptionon Cog draws heav-
ily on (a grossly simpli�ed caricatureof) theseideas.
The basicideafor interpersonalperceptiondrawn from
Tomasello's work is that information about the iden-
tity of anobjectneedsto beeasilycoordinatedbetween
perceptionof activity, location,speech,andappearance
(Figure7). Without this �e xibility , it is hardto imagine
how scenariossuchastheexperimentdescribedaboveor
othersproposed(Tomasello,1997)couldbedealtwith.

It is currentlyunreasonableto expecttherobot to un-
derstandthe“�o w of interaction”withouthelp.Unaided
segmentationof activity is a very challengingproblem
(see(Goldberg andMataric, 1999)for oneeffort in the
robotic domain). The humaninteractingwith the robot
cangreatlysimplify the taskby makingthestructureof
theactivity unambiguous.Two mechanismsfor this are
particularlyeasyto dealwith: vocalizationsandlocation.
If placesandwordsareusedconsistentlyin an activity,
thenit is straightforwardto modelthebasic“�o w of in-
teraction”they de�ne. Figure6 showsanexampleof this
for a very simple sorting activity, implementedon the
robotKismet.Notethatwordsareusedherewithout the
robot needingto know their meanings– it is suf�cient
thatthey beusedconsistentlyenoughfor thestructureof
thetaskto bemadeobvious.

Location marked,
Target present

Robot looks away Robot looks back,
Target is gone

Target reappears

Figure8: Keepingtrackof locations.Circleswith cross-
hairsrepresentlocationsthatcontaina particularobject.
If theobjectis removed,this is detectedusingcolor his-
tograms(SwainandBallard,1991),andis indicatedby a
smallcirclewithouta cross-hair. Theupperrow is a car-
toonsequenceto illustratewhatis happeningin theviews
below, which are taken directly from Cog's egocentric
map.Initially ayellow caris presentonthetablein front
of Cog. The robot looks away to the door, andwhenit
looksback,thecaris nolongerpresent.It thenreappears
andis immediatelydetected.This behavior, alongwith
objecttracking(whichhasalsobeenimplemented),give
thebasicsof a representationof therobot'sworkspace.

The ability to interact verbally is currently being
portedfrom Kismetto Cog,sothatinterpersonalpercep-
tion canbeintegratedfully with theactive anddevelop-
mentalwork describedearlier. Cog alreadyhasa well
developedmeansto keeptrack of physicallocationsin
anegocentriccoordinateframe(seeFigure8). It is antic-
ipatedthat this will be importantin communicatingthe
structureof activities to the robot, sinceeven for adult
humanscognition can often be tradedoff with physi-
cal space(Pelz, 1995; Kirsh, 1995). Recentwork has
focusedon communicatingthe structureof searchac-
tivity to the robot, and then using that to learn from a
Tomasello-inspired̀�nd the toma' episode(Fitzpatrick,
2003).

Conclusions
This paperpresenteda snapshotof ongoingwork to cre-
ate an active, developing, malleableperceptualsystem
for arobot.Thereismuchremainingwork to do. Theim-
mediatetechnicalgoal is to furtherdevelopmechanisms
for communicatingthestructureof simpleactivities to a
robot, translatingthis structureinto a setof supervised
learningproblemsfor partsof the taskwhich aredif�-
cult to communicatedirectly, and �nally solving those
problemswith the guidanceof a protocol for inducing
featureselection. Figure9 shows a schematicfor how
this maybe achieved. Thebasicideais for the robot to
interactwith theinstructorvocally andthrougha shared
workspaceto acquirea “sequencingmodel” of anactiv-
ity or task, and then to groundthat model basedon a
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Figure9: A summaryof how tasklearningwill be im-
plemented.The instructordemonstratesthe task while
providing verbalandspatialcues.The cuesareusedto
constructa modelof thetask.Genericmachinelearning
methodsarethenusedto groundthismodelin therobot's
perceptualnetwork, guidedby previously groundedfea-
tureselectioncues.The ideais to avoid ever presenting
therobotwith ahardlearningproblem;thelearningalgo-
rithmsareintendedto be“decoders”allowing thehuman
to communicatechangesin representation,ratherthanto
learnin theconventionalsense.

demonstrationof the task. This goalof this work is not
to deal with general-purposeproblemsolving ability –
for which bettermodelsareavailable(Clancey, 2002)–
but to capturesomethingof the quite generalstatistical
learningabilitiesof younginfants(Kirkhametal.,2002).
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