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Abstract

To arobot,theworld is aseaof ambiguity in whichit will
sink or swim dependingon the robustnesof its percep-
tual abilities. But robust machineperceptiorhasproven
dif cult to achieve. This paperaguesthatrobotsmustbe
given not just particularperceptuatompetencedyut the
toolsto forge thosecompetencesut of raw physicalex-
periences.Threeimportanttools for extendinga robot's
perceptuakbilities whoseimportancehave beenrecog-
nizedindividually arerelatedandbroughttogether The
rst is active perceptionwherethe robotemplo/s motor
actionto reliably perceve propertiesof the world thatit
otherwisecould not. The seconds developmentwhere
experienceis usedto improve perception. The third is
interpersonain uences, wherethe robot's perceptsare
guidedby thoseof anexternalagent.Examplesaregiven
for objectsegmentation pbjectrecognition,and orienta-
tion sensitvity; initial work on action understandings
alsodescribed.

Intr oduction

Perceptions key to intelligentbehaior. While the eld
of Arti cial Intelligencehasmadeimpressie stridesin
replicatingsomeaspectof cognition,suchasplanning
andplanexecutionmachinegperceptiorremaingistress-
ingly brittle and task-speci c. This paperdirectly ad-
dresseshis brittlenessby supportingoerceptiorthrough
active, developmentalandinterpersonaineans.

Supposéhereis somepropertyP of the environment
whosevaluetherobotcannotusuallydetermine Further
supposehat in somevery specialsituations,the robot
can reliably determinethe property Thenthereis the
potentialfor the robotto collecttraining datafrom such
specialsituations,and learn other more robust ways to
determinethe propertyP . This processwill bereferred
to as“developmentaperception’in this paper

Active and interpersonal perception both act as
sourcesof the “special situations”that allow the robot
to temporarilyreachbeyond its currentperceptuahbil-
ities, giving the opportunityfor developmentto occur
Active perceptionrefersto the use of motor actionto
simplify perception(Ballard, 1991),and hasproven its
worth mary timesin thehistoryof robaotics.It allowsthe
robotto experienceperceptghatit (initially) could not
withoutthemotoraction.Interpersonaperceptiorrefers
to mechanismsvherebythe robot's perceptuahbilities
canbe in uenced by thosearoundit, suchasa human
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Figure 1: The robotsKismet (top) and Cog (bottom).
Kismetis anexpressve anthropomorphitieadusefulfor

humaninteractiorwork; Cogis anuppertorsohumanoid
moreadeptat objectinteraction.

“carggiver”. For example,it maybenecessaryo correct
catggory boundarieor communicatehe structureof a
comple actiity.

By placingall of perceptionwithin a developmental
framawork, perceptualcompetencebecomeghe result
of experienceevoked by a setof behaiors and predis-
positions. If the machineryof developmentis sufcient
to reliably leadto the perceptuatompetencén the rst
place thenit is likely to beableto regeneratét in some-
whatchangecircumstancesghusavoiding brittleness.

The robots

This work is implementedon two robots, Cog and
Kismet (seeFigure 1), Cogis an uppertorsohumanoid
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Figure2: Cartoonmotivation (top) for active segmenta-
tion (bottom).Humanvisionis excellentat gure/ground
separatior{top left), but machinevision is not (top cen-
ter). Coherentmotionis a powerful cue (top right) and
therobotcaninvoke it by simply reachingout and pok-
ing around.The lower row of imagesshow the process-
ing stepsinvolved. The momentof impactbetweenthe
robotarmandan object,if it occurs,is easilydetected-
andthenthe total motion after contact,whencompared
to the motion beforecontactand groupedusinga mini-
mum cut approachgivesa very goodindication of the
objectboundary(Fitzpatrick,2003).

(Brooksetal., 1999)thathaspreviously beenappliedto

taskssuchasvisually-guidedoointing(Marjanovic etal.,

1996), and rhythmic operationssuchasturning a crank
or driving a slinky (Williamson, 1998). Kismetis an

“infant-like” robotwhoseform andbehaior is designed
to elicit nurturing responsesfrom humans (Breazeal
etal., 2001). It is essentiallyan active vision headaug-
mentedwith expressie facialfeaturessothatit canboth

sendandreceve human-like socialcues.

Active perception

Themostwell-known instanceof active perceptioris ac-
tive vision. The term “active vision” is essentiallysyn-
onymouswith moving cameras.Active vision work on
Cogis orientedtowardsopeningup the potentiallyrich
areaof manipulation-aidedision, which is still largely
unexplored. But thereis muchto be gainedby tak-
ing advantageof the fact that robotsare actorsin their
ervironment, not simply passve obsenrers. They have
the opportunity to examine the world using causality
by performingprobingactionsandlearningfrom there-
sponseln conjunctionwith adevelopmentaframenork,
this could allow the robot's experienceto expand out-
wardfrom its sensorsnto its ervironment,from its own
armto the objectsit encountersandfrom thoseobjects
bothbackto therobotitself andoutwardsto otheractors
thatencountethosesameobjects.

As a concreteexampleof this idea, Cogwasgivena
simple “poking” behavior, wherebyit selectslocations
in its ervironment, and sweepsthrough them with its

Observe

Constrained/Familiar Familiar Objects

.

Activity in Novel Contexts
@ Observe
Familiar Actors
- in Novel Contexts
Discover

Novel Objects

in Familiar Context Refine Primitive

Features

£

|:> Constrained/Familiar
Entities

Discover
Novel Actors
in Familiar Context

Refine Primitive
Features

Figure 3: If the robotis engagedn a known actity
(left), theremaybe sufcient constrainto identify novel
elementswithin that actity. Similarly, if known el-
ementstake part in someunfamiliar actiity, tracking
thosecanhelp characterizéhatactiity. Potentially de-
velopmenis anopen-endedbop of suchdiscoveries.

arm (FitzpatrickandMetta, 2002). If anobjectis within
the areaswept,thenthe motion signaturegeneratedy
the impact of the arm with that object greatly simpli-
es sggmentingthatobjectfrom its backgroundandob-
taining a reasonablestimateof its boundary(seeFig-
ure 2). The image processingnvolved relies only on
the ability to xate the robot's gazein the direction of
its arm. This coordinationis easyto achieve eitherasa
hard-wiredprimitive or throughlearning(Fitzpatrickand
Metta,2002). Within this contet, it is possibleto collect
excellentviews of the objectsthe robot pokes, andthe
robot'sown arm.

Figure/groundseparations a long-standingproblem
in computervision, dueto the fundamentaembiguities
involvedin interpretingthe 2D projectionof a 3D world.
No matterhow gooda passie systems at sggmentation,
therewill be timeswhen only an active approachwill
work, sincevisual appearancean be arbitrarily decep-
tive.

Developmental perception

The previous sectionshaved how, with a particularbe-
havior, the robot could reliably segment objectsfrom
the background(eveniif it is similar in appearancely
poking them. It can determinethe shapeof an object
boundaryin this specialsituation, even thoughit can-
not do this normally. Thisis preciselythe kind of situa-
tion thata developmentaframework could exploit. Fig-
ure 3 shavs how an open-endedlevelopmentalcycle
might be possible. Particular familiar situationsallow
therobotto perceve somethingaboutobjectsandactors
(suchasahumarnor therobotitself) thatcouldnotbeper
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Figure 4. The top row shavs sampleviews of a toy
carthatthe robotseesduring poking. Many suchviews
arecollectedandsegmentedasdescribedn (Fitzpatrick,
2003). The views are alignedto give an averagepro-
totype for the car (and the robot arm and humanhand
thatactsuponit). To give a senseof the quality of the
data,thebottomrow shavsthe segmentedriews thatare
the bestmatchwith theseprototypes.The car, the robot
arm,andthe handbelongto fundamentallydifferentcat-
egories.Thearmandhandcausemovement(areactors),
the car suffers movement(is an object),andthe armis
undertherobot's control (is partof the self).

ceivedoutsidethosesituations.Theseobjectsandactors
canbetrackedinto other, lessfamiliar situations which

canthenbecharacterizedndusedfor furtherdiscovery.

Throughout,existing perceptuakapabilities(“primiti ve
features”)canbere ned asopportunitiesarise.

As a speci c exampleof developmentthe sggmented
views provided by poking of objectsandactorsby pok-
ing canbe collectedandclusteredasshavn in Figure4.
Suchviewsarepreciselywhatis neededo trainupanob-
ject detectionand recognitionsystem,andfollow those
objectsandactorsinto other non-pokingcontexts (Fitz-
patrick,2003).

As well asgiving informationaboutthe appearancef
objects,the sggmentedviews of objectscan be pooled
to train up detectordor morebasicvisual features- for
example,edgeorientation. Oncean objectboundaryis
known, the appearancef the edgebetweenthe object
andthebackgroundanbesampledalongit, andlabelled
with the orientationof the boundaryin their neighbor
hood.Figure5 shovsanorientationlter trainedupfrom
suchdatathat canwork at much ner scalesthan nor-
mally possiblewhenthe Iter is derived from anideal
edgemodelsuchasthatof (Chenetal., 2000). The“cat-
alog” of edgeappearancdsundshavsthatthemostfre-
guentedgeappearances an“ideal” straight,noise-free
edge,asmight be expected(top of Figure5) — but a re-
markablediversity of otherforms alsooccurwhich are
farlessobvious (bottomof Figure5).

Inter personalperception

Perceptionis not a completelyobjective processihere
are choicesto be made. For example,whethertwo ob-
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Figure5: Theempiricalappearancef edgesEach4 4

grid representthepossibleappearancef anedge guan-
tized to just two luminancelevels. The dark line cen-
teredin thegrid is the averageorientationthat patchwas
obsenedto have in thetraining data. The uppersetof

patchesarethe mostfrequentonesthatoccurin training
dataconsistingof about500 objectsggmentations.The
lower setof patchesarea selectionof patternschoserto

illustratedthe diversity of possiblepatternghat canoc-

cur. Theorientedfeaturesepresentethcludeedgesthin

lines, thick lines, zig-zags,cornersetc. It is dif cult to

imaginea setof corventional Iters that could respond
correctlyto the full rangeof featuresseenhere— all of

which appearednultiple timesin objectboundariesn

realimages.

jects are judgedto be the samedependson which of
their mary featuresare considerecessentialand which
are consideredncidental. For a robot to be useful, it
shoulddraw the samedistinctionsa humanwould for a
giventask. To achieve this, theremustbe mechanisms
thatallow therobot's perceptuajudgementgso be chan-
neledandmouldedby a caragiver. Thisis alsousefulin
situationswherethe robot's own abilities aresimply not
up to thechallengeandneeda helpinghand.

Themostrelevantliteratureattheintersectiorof com-
munication,perceptionand developmentis that of lan-
guageacquisition. It hasbeenobsened that language
acquisition involves a searchthrough a large search
spaceof modelsguided by relatively sparsefeedback
andfew examples. This so-called‘poverty of the stim-
ulus” relative to the compleity of the modelsbeingac-
quiredis taken to imply that infantsmust have a good
searchstratgy, with biaseswell matchedto the na-
ture of appropriatesolution. This is a claim of innate
constraintsandis historically controversial. Examples
stressingunderdeterminationin languagelearningin-
cludeQuine's “Gavagai” example(Quine,1960),where
Quine invites us to imagine oursehes walking with a
native guide in a foreign country and seeinga rabbit
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sayyellow [shawvsyellow toy] || yen [looks attoy]

sayyellow yelo

yes!saygreen green

yellow [showsyellow toy] || yelo [looks attoy]

left [movestoy left] left [trackstoy]

green [shaws greentoy] green [looks attoy] Left Yelo
right [movestoy right] right [trackstoy]

yellow [showvsyellow toy] || yelo [looks attoy]

left [movestoy left] left [trackstoy] Right Green
yellow [showvsyellow toy] || yelo [looks attoy]

next? ahmleft? [nodsleft]

yes! [movestoy left] left!

green [shaws greentoy] green [looks attoy]

next? ahmright? [nodsright]

yes! [movestoy right] right!

Figure6: Extractsfrom a dialoguewith Kismet. The rst extract (sayyellow...) illustrateshow the robot's active
vocahulary wasextended. The secondextract shaws how a simplesortingactiity wasannotatedor therobot. The
nal extractshavstherobotbeingtestedon its understandingf the form of the activity. Therobot's utterancesvere
transcribedgohonetically but arewritten in a simpleform herefor clarity. To theright is shavn thevery simplestate

machinemodelof theactivity deducedy therobot.

pasgustastheguidesays‘gavagai”— andthenconsider
all the possiblemeaningshis utterancemight have. It

is possibleover time to learnfrom suchsituations(see
(SteelsandKaplan,1999)for anexampleof aroboticim-

plementation) Pragmatiaconstraintscanhelp speedhe
learnerout of this seaof ambiguity For example,(Mark-

man, 1989) proposesa setof particularconstraintsin-

fantsmightuseto mapwordsonto meaningsThesecon-

straintsare alongthe style of the following (with mary

variations elaborationsindcaveats):-

Whole-objectassumption. If an adult labels some-
thing, assumethey are referring to the whole object
andnotapartof it. categories”’asopposedo thematic
relationshipsFor examplewhenchild is asledto nd
“dog”, mayfetchthecat,but won't fetchdog-food.

Mutual exclusivity. Assumeobjectshave only onela-
bel. Solook for an unnamedobjectto apply a new
labelto.

These constraintsare intendedto explain a spurt in
vocahulary acquisitionwhere infants begin to acquire
words from one or a few examples— so-calledfast-
mapping. They areadvancednot asabsoluterules, but
ashiasesnsearch.

Tomaselloraisessereral objectionsto the constraint-
basedapproachrepresentedby Markman (Tomasello,
1997). Tomasellofavors a “social-pragmatic’model of
languageacquisitionthat placeslanguagen the context
of otherjoint referentialactivity, suchassharedttention.
He rejectsthe “word to meaningmapping”formulation
of languageacquisition.Rather Tomasellgoroposeshat
languageds usedto invite othersto experienceheworld
in aparticularway. From(Tomasello,1997):-

The social-pragmaticapproachto the problem of

referentialindeterminag ... begins by rejecting
truth conditionalsemanticsn the form of the map-
ping metaphor(the child mapsword onto world),

adoptinginsteadan experientialistand conceptual-
ist view of languagen which linguistic symbolsare
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 samepiece of real estate
maybecalled: “the shore”(by a sailor),“the coast”
(by ahiker), “the ground” (by a skydiver),and“the

beach”(by asunbather).

Regardlessof the utility of Tomasellos theory for its
properdomain,languageacquisitionin infants,it seems
a useful mindsetfor tackling interpersonabperception,
which is in essencall aboutinviting the robot to view
theworld in a particularway.

Tomaselloandhis collaboratorsievelopeda seriesof
experimentsdesignedto systematicallyunderminethe
constraintapproactto learningastypi ed by Markman
and others. The experimentsinvestigateword learning
amongchildrenin the context of variousgames.Theex-
perimentsareinstructive in shaving arangeof situations
in which simple rules baseddirectly on gazeor affect
would fail in atleastonecaseor other The experiments
all avoid giving children(18-24 monthsold) ostentatre
naming contets, and ratherrequiringthemto pull out
meaninggrom the“ o w of interaction”.

For example,in oneexperiment,anadult makeseye-
contactwith a child subjectandsays“Let's go nd the
toma’ They thengoto arow of buckets,eachif which
containsan objectwith which the child is not familiar.
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Figure 7: Perceptualjudgementsare fundamentally
aboutidentity: whatis the samewhatis different.lden-
tity judgementsshoulddepend(at least)on actiity, lo-
cation,appearancgndverbalcontext. Thesan turncan
bein uencedby acaragiver.

Oneof theseobjectsis randomlydesignatedhe“toma”.

If the sessionis a control, the adultgoesdirectly to the
bucket containingthetoma, nds it excitedly andhands
it to the child. Otherwise,the adult rst goesto two

otherbucketsin sequencegachtime taking out the ob-

ject, scavling atit, andreplacingit, before* nding” the
toma. Later, the child is testedfor for the ability to com-
prehendand producethe new word appropriately The
resultsshav equally good performancen the testand
control scenarios. Tomaselloarguesthat this situation
countsagainstchildrenusingsimpleword learningrules
suchas“the objectthe adultis looking at while saying
the novel word; “the rst new objectthe adultlooks at
aftersayingthennovel word;" “the rst new objectthein-

fantseesafterhearingthe novel word;" or suchvariants.

Tomasellostheoriesandexperimentsareprovocative,
andsuggestn approachuite differentfrom the simple
associatie learningthat is mostoften seenin robotics.
Work on interpersonaperceptionon Cog draws heas-
ily on (a grosslysimplied caricatureof) theseideas.
The basicideafor interpersonaperceptiondravn from
Tomasellos work is that information about the iden-
tity of anobjectneedso be easilycoordinatechetween
perceptionof actiity, location, speechandappearance
(Figure7). Without this e xibility, it is hardto imagine
how scenariosuchastheexperimentdescribedbove or
othersproposedTomasello,1997)couldbe dealtwith.

It is currentlyunreasonablé expectthe robotto un-
derstandhe” o w of interaction"without help. Unaided
segmentationof activity is a very challengingproblem
(see(Goldbeg and Mataric, 1999)for oneeffort in the
robotic domain). The humaninteractingwith the robot
cangreatlysimplify the taskby makingthe structureof
the activity unambiguousTwo mechanisméor this are
particularlyeasyto dealwith: vocalizationsandlocation.
If placesandwordsare usedconsistentlyin an actiity,
thenit is straightforvardto modelthe basic* o w of in-
teraction”they de ne. Figure6 shavs anexampleof this
for a very simple sorting activity, implementedon the
robotKismet. Notethatwordsareusedherewithout the
robot needingto know their meanings- it is sufcient
thatthey beusedconsistentlyenoughfor the structureof
thetaskto be madeobvious.
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Robot 1ooks back,
Target isgone

Location marked,
Target present

Robot looks away Target reappears

Figure8: Keepingtrackof locations.Circleswith cross-
hairsrepresentocationsthat containa particularobject.
If the objectis removed,thisis detectedusingcolor his-
tograms(SwainandBallard,1991),andis indicatedby a
smallcircle without a cross-hairThe upperrow is a car
toonsequenc#o illustratewhatis happenindn theviews
belon, which are taken directly from Cog's egocentric
map. Initially ayellow caris presenbnthetablein front
of Cog. Therobotlooks away to the door, andwhenit
looksback,thecaris nolongerpresentlt thenreappears
andis immediatelydetected.This behaior, alongwith
objecttracking(which hasalsobeenimplemented)give
thebasicsof arepresentationf therobot'sworkspace.

The ability to interact verbally is currently being
portedfrom Kismetto Cog,sothatinterpersonapercep-
tion canbe integratedfully with the active anddevelop-
mentalwork describedearlier Cog alreadyhasa well
developedmeansto keeptrack of physicallocationsin
anegocentriccoordinatdrame(seeFigure8). It is antic-
ipatedthatthis will beimportantin communicatinghe
structureof actiities 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, andthen using that to learnfrom a
Tomasello-inspired nd the toma' episode(Fitzpatrick,
2003).

Conclusions

This paperpresented snapshobf ongoingwork to cre-
ate an active, developing, malleableperceptualkystem
for arobot. Thereis muchremainingwork to do. Theim-
mediatetechnicalgoalis to furtherdevelopmechanisms
for communicatinghe structureof simpleactuvitiesto a
robot, translatingthis structureinto a setof supervised
learningproblemsfor partsof the task which are dif -
cult to communicatedirectly, and nally solving those
problemswith the guidanceof a protocol for inducing
featureselection. Figure 9 shavs a schematidor how
this may be achiezed. The basicideais for the robotto
interactwith theinstructorvocally andthrougha shared
workspaceo acquirea “sequencingnodel” of anactiv-
ity or task, andthento groundthat model basedon a
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Figure9: A summaryof how tasklearningwill be im-
plemented. The instructordemonstrateshe task while
providing verbaland spatialcues. The cuesareusedto
constructa modelof thetask. Genericmachinelearning
methodsarethenusedio groundthis modelin therobot's
perceptuahetwork, guidedby previously groundedea-
ture selectioncues. The ideais to avoid ever presenting
therobotwith ahardlearningproblem;thelearningalgo-
rithmsareintendedo be“decoders allowing thehuman
to communicatehangesn representatiorratherthanto
learnin thecorventionalsense.

demonstratiorof the task. This goal of this work is not
to dealwith general-purposeroblemsolving ability —
for which bettermodelsare available (Clancey, 2002)—
but to capturesomethingof the quite generalstatistical
learningabilitiesof younginfants(Kirkhametal.,2002).
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