
CHAPTER 10

Towards interpersonal perception

“What is this thing, anyway?” said theDean,inspectingthe implementin his hands.
“It' s called a shovel,” said the SeniorWrangler. “I' ve seenthe gardeners usethem.
Youstick thesharpendin theground.Thenit getsa bit technical.” (Pratchett, 1991a)

Harnad(2002) arguesthat creaturescanlearnaboutcategoriesof objectsor otherentitieseither
throughtoil or theft. Sensorimotortoil is his termfor “trial-and-errorlearning,guidedby corrective
feedbackfrom the consequencesof miscategorisation.” This is inherentlyexpensive in termsof
time andrisk. Linguistic `theft', on the otherhand,allows categoriesto be passedon from other
individuals,at a muchreducedcostto therecipient.Harnadis mostlyconcernedwith arguing that
it can't betheftall thewaydown, thattheremustbesomegroundingin toil. In this thesis,therobot
hassofar beendoinga lot of toil, soit wouldbeinterestingto seeif it couldstartdoingsometheft.

The goal of this chapteris to build the tools necessaryfor the robot to familiarizeitself with
novel activities. Sinceautomaticactionunderstandingis currentlyvery limited, socialinteractionis
usedasscaffolding for this learningprocess,to `steal'structuralinformationaboutactivities from a
cooperative human.Learningaboutactivities is importantbecausethey provide toolsfor exploring
the environment. Chapter3 showed that, with a built-in poking activity, the robot could reliably
segmentobjectsfrom thebackground(evenif it is similar in appearance)by pokingthem.It could
determinethe shapeof an objectboundaryin this specialsituation,even thoughit cannotdo this
normally. This is the desirablefeatureof activities for learning– they provide specialenabling
contexts. In fact, they arekey to creatingan open-endeddevelopmentalcycle (seeFigure 10-1).
Particular, familiar situationsallow therobotto perceive somethingaboutobjectsor objectproper-
tiesthatcouldnot beperceivedoutsidethosesituations.Theseobjectsor propertiescanbetracked
into other, lessfamiliar situations,which canthenbecharacterizedandusedfor furtherdiscovery.
Justasthesegmentedviews provided by pokingof objectsandactorsby pokingcanbe collected
andclusteredasdiscussedin Chapter5, providedpreciselywhatwasneededto train up anobject
detectionandrecognitionsystem,trackingthoseobjectsprovidesexactly what is neededto learn
aboutotheractivities,which in turncanbeusedfor furtherlearning.

123



familiar activities

familiar entities (objects, actors, properties, …)

use constraint of 
familiar activity to

discover unfamiliar 
entity used within it

reveal the structure of 
unfamiliar activities by 

tracking familiar entities 
into and through them

Figure10-1: If the robot is engagedin a known activity (top), theremay be suf�cient constraint
to identify novel elementswithin thatactivity (bottom). Similarly, if known elementstake part in
someunfamiliaractivity, trackingthosecanhelpcharacterizethatactivity. Potentially, development
is anopen-endedloopof suchdiscoveries.Familiaractivitiescanbeusedto learnaboutcomponents
within thoseactivities(for example,theobjectstruckduringpoking)andthentrackedout into novel
activities; thenwhentherobot is familiar with thoseactivities it canturn aroundandusethemfor
learningalso.

10.1 Learning thr ough activity

Theintersectionof communication,perceptionanddevelopmentencompassessomewell-established
�elds of research– for example,languageacquisition.It hasbeenobserved that languageacquisi-
tion involvesa searchthrougha largesearchspaceof modelsguidedby relatively sparsefeedback
andfew examples.Thisso-called“povertyof thestimulus”relative to thecomplexity of themodels
beingacquiredis taken to imply that infantsmusthave a goodsearchstrategy, with biaseswell
matchedto thenatureof appropriatesolution. This is a claim of innateconstraints,andis histori-
cally controversial. Examplesstressingunder-determinationin languagelearningincludeQuine's
“Gavagai”example(Quine, 1960), whereQuineinvitesusto imagineourselveswalking with a na-
tive guidein a foreigncountry, andseeinga rabbitpassjust astheguidesays“gavagai” – andthen
considerall thepossiblemeaningsthisutterancemighthave.

Pragmaticconstraintsoffer onewayoutof thisseaof ambiguity. For example,Markman(1989)
proposesa set of particularconstraintsinfantsmight useto map words on to meanings. These
constraintsarealongthestyleof thefollowing (with many variations,elaborationsandcaveats):-

. Whole-objectassumption.If anadultlabelssomething,assumethey arereferringto thewhole
objectandnotapartof it.

. Taxonomicassumption.Organizemeaningsby “natural categories” asopposedto thematic
relationships.For examplewhena child is asked to �nd a “dog”, he/shemay fetch thecat,
but won't fetchdog-food.

. Mutual exclusivity. Assumeobjectshave only onelabel. So look for anunnamedobjectto
whichanew labelcanbeapplied.

Theseconstraintsareintendedto explain a spurtin vocabulary acquisitionwhereinfantsbegin to
acquirewords from oneor a few examples– so-calledfast-mapping.They areadvancednot as
absoluterules,but asbiaseson search.

Tomaselloraisesseveral objectionsto theconstraint-basedapproachrepresentedby Markman
Tomasello(1997). Tomasellofavorsa“social-pragmatic”modelof languageacquisitionthatplaces
languagein the context of otherjoint referentialactivity, suchassharedattention. He rejectsthe
“word to meaningmapping”formulationof languageacquisition.Rather, Tomaselloproposesthat
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Figure10-2: Perceptualjudgementsarefundamentallyaboutidentity: what is the same,what is
different.Identity judgementsshoulddepend(at least)on activity, location,appearance,andverbal
context. Thesein turn canbein�uencedby a teacher.

languageis usedto invite othersto experiencethe world in a particularway. From Tomasello
(1997) :-

The social-pragmaticapproachto the problemof referentialindeterminacy ... begins
by rejectingtruthconditionalsemanticsin theform of themappingmetaphor(thechild
mapsword onto world), adoptinginsteadanexperientialistandconceptualistview of
languagein which linguistic symbolsare usedby humanbeingsto invite othersto
experiencesituationsin particularways. Thus,attemptingto mapword to world will
not help in situationsin which thevery samepieceof realestatemaybe called: “the
shore”(by a sailor), “the coast”(by a hiker), “the ground” (by a skydiver), and“the
beach”(by asunbather).

Regardlessof theutility of Tomasello's theoryfor its properdomain,languageacquisitionin infants,
it seemsausefulmindsetfor tacklinginterpersonalperception,whichis in essenceall aboutinviting
therobotto view theworld in aparticularway.

Tomaselloandhis collaboratorsdevelopeda seriesof experimentsdesignedto systematically
underminetheconstraintsapproachto learningastypi�ed by Markmanandothers.Theexperiments
investigateword learningamongchildren in the context of variousgames.The experimentsare
instructive in showing a rangeof situationsin which simplerulesbaseddirectly on gazeor affect
would fail in at leastonecaseor other. Theexperimentsall avoid giving children(18-24months
old) ostentive namingcontexts, andratherrequiringthemto pull out meaningsfrom the “�o w of
interaction”.

For example,in oneexperiment,anadultmakeseye-contactwith achild subjectandsays“Let' s
go �nd thetoma,” wheretomais anonsenseword thechild hasneverheardbefore.They thengoto
arow of buckets,eachif whichcontainsanobjectwith which thechild is not familiar. Oneof these
objectsis randomlydesignatedthe“toma”. If thesessionis a control,theadultgoesdirectly to the
bucket containingthe toma,�nds it excitedly andhandsit to the child. Otherwise,the adult �rst
goesto two otherbucketsin sequence,eachtime takingout theobject,scowling at it, andreplacing
it, before“�nding” thetoma.Later, thechild is testedfor for theability to comprehendandproduce
the new word appropriately. The resultsshow equallygoodperformancein the testandcontrol
scenarios.Tomaselloarguesthat this situationcountsagainstchildrenusingsimpleword learning
rulessuchas“the objecttheadult is looking at while sayingthenovel word,” “the �rst new object
theadultlooksataftersayingthenovel word,” “the �rst new objecttheinfantseesafterhearingthe
novel word,” or suchvariants.

Tomasello's theoriesandexperimentsareprovocative, andsuggestanapproachquitedifferent
from the simple associative learningthat is most often seenin robotics. Work on interpersonal
perceptionon Cogdraws heavily on (a grosslysimpli�ed caricatureof) theseideas.Thebasicidea
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for interpersonalperceptiondrawn from Tomasello's work is that informationaboutthe identity
of an object needsto be easily transferredbetweenperceptionof activity, location, speech,and
appearance(Figure10-2). Without this �e xibility, it is hardto imaginehow scenariossuchasthe
experimentdescribedabove or othersproposed(Tomasello, 1997) couldbedealtwith.

10.2 Places,objects,and words

It is currentlyunreasonableto expecta robot to understanda “�o w of interaction”without help.
Unaidedsegmentationof activity is a very challengingproblem(seeGoldberg andMataric (1999)
for oneeffort in theroboticdomain).Thehumaninteractingwith therobotcangreatlysimplify the
taskby makingthestructureof theactivity unambiguous.Two mechanismsfor thisareparticularly
easyto dealwith: vocalizationsandlocation.If placesandwordsareusedconsistentlyin anactivity,
thenit is straightforwardto modelthebasic“�o w of interaction”they de�ne.

The robot wasgiven a verbal, `chatting' behavior to augmentthe object-directedpoking be-
havior developedin 3. This usedthevocabulary extensionmechanismdevelopedin Chapter9, the
egocentricmapdevelopedin Chapter8, and the ability to recognizepoked objectsdevelopedin
Chapter5. If therobothearsa word while �xating a particularobject,andthatword hasnot been
heardin othercontext, thentheword is associatedwith theobject. If this happensseveral (three)
times,theassociationis madepermanentfor thesession.Invocationof anobjectby nametriggers
theegocentricmapto drive theeyesto the lastknown locationof theobject,andthefovealobject
recognitionmoduleto searchfor theobjectvisually (seeFigure10-3).

This simplenamingcapabilityservesasa baselinefor therestof this chapter, which will show
how therobotcanlearnnew opportunitiesfor associatingnamesandobjectsin situationswithout
ostentive showing.

10.3 Learning the structur eof a novel activity

Before the robot can learn throughan activity, it mustbe able to learnaboutthat activity. If it
cannotdo this, then it will remainrestrictedto the setof built-in activities provided by the pro-
grammer. Ideally, it shouldbepossibleto demonstratea taskto a robotandhave it learnto do it.
As alreadymentioned,unaidedsegmentationof activity is a very challengingproblemin machine
perception.It is perhapsmoreproductive to seeactivity segmentationassomethingthatis explicitly
communicatedto therobot,ratherthansomethingit learnsautonomously.

While individual partsof a task may be dif�cult to describeformally, its abstractstructure
or control �o w will often be amenableto simple description. For example, the overall branch-
and-loop�o w of a sortingtaskis easilyexpressed,but theactualsortingcriterionmaydependon
differentiatingtwo classesof objectsbasedon a smalldifferencein their appearancethatwould be
easierto demonstratethanto describe.If we go aheadandcommunicatethe taskstructureto the
robot, it canbe usedto guideinterpretationof the lesseasilyexpressedcomponents.Figure 10-4
shows aschematicfor how thismaybeachieved.Thebasicideais for therobotto interactwith the
instructorvocallyto acquirea“sequencingmodel”of thattask,andthento groundthatmodelbased
on a demonstrationof the task. Thedemonstrationis annotatedby the instructorboth in termsof
thesequencingmodelandin termsof previouslygroundedelements.

As thehumantutor demonstratesa task,they areexpectedto verbalizetheir activity. Initially
the robot cannotmake muchof the physicaldemonstration,but it canprocessthe speechstream,
andattemptto recover the structureof the taskfrom that. In particular, the robot will attemptto
determine“states”of thetask– pointsat which thedemonstrationreturnsto whatis effectively the
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ball!car!

ball!car!

Association Association

InvocationInvocation

Figure10-3: Associationandinvocationvia theegocentricmap.Whentherobotlooksatanobject
andrecognizesit, its headrolls into aninquisitive look. If aword is spokenat thispoint (e.g.“car!”
or “ball!” in top two frames– notethatthehumanis bringingtherobot's attentionto anobjectwith
his hand)thenthatword is associatedwith theobjectthe robot is viewing. If thatword is spoken
againlater(asin thelower frames– notethatthehumanis standingback,only interactingthrough
speech),then the robot queriesthe egocentricmap for the last known locationof the associated
object,turnsthere,andlooksfor theobject.
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Figure10-4: A modelof tasksegmentation.Theinstructordemonstratesthetaskwhile providing
verbalannotation. The vocal streamis usedto constructa modelof the task. Genericmachine
learningmethodsarethenusedto groundthis modelin therobot's perceptualnetwork, guidedby
featureselectioninput from thehuman.Theideais to avoid ever presentingtherobotwith a hard
learningproblem; the learningalgorithmsare intendedto be “decoders”allowing the humanto
communicatechangesin representation,ratherthanto learnin theconventionalsense.

samemode.This is straightforwardto do if thehumantutorspeakssimplevocallabelscorrespond-
ing to actions,con�gurations,objects,or whatever the tutor �nds mnemonic.The type of labels
useddoesnotneedto bepre-speci�ed,andcouldvary from word to word.

Themethodusedto recover the taskstructureis basedon n-grammodelingproceduresdevel-
opedfor speechrecognition– althoughtherearemany othermethods(Murphy, 1996), this one
waschosenfor its simple,easilypredictedbehavior. Here,we estimatethe probability of event
sequencesfrom modelstrainedon sequencefrequency countsfrom a corpus.Modelsvary in the
amountof history they incorporate– bigrammodels,trigram modelsetc. Low ordermodelsare
limited in thedependenciesthey cancapture,but canbetrainedup with relatively little data.High
ordermodelsaremoreexpressivebut harderto train. Bestresultsareachievedwhenn-grammodels
of many differentordersareused,andinterpolatedbasedon theamountof trainingdataavailable
for eachcontext (seeFigure10-5for asimulatedexample).Oncetherobothasamodelfor thetask
structure,thegoal is to relatethat to theactualphysicaldemonstrationthehumantutor is making.
Machineperceptionis necessarilynoisyandfull of ambiguity. Thedegreeto which this is so for
a given taskwill fundamentallylimit thecomplexity of any modelingtherobotcando, if we per-
mit uncertaintyto compoundon uncertainty. By �rst establishinga taskmodelthrougha relatively
noise-freeprotocolfor whichwecandependonerror-correctingfeedbackfrom thehumantutor, we
limit theimpactthatuncertaintyin groundingoneelementof themodelwill have on all theothers.

Figure10-6shows anexampleof this for a sortingactivity, implementedon therobotKismet.
Note that wordsareusedherewithout the robot needingto know their meanings– it is suf�cient
thatthey beusedconsistentlyenoughfor thestructureof thetaskto bemadeobvious.
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Figure10-5: The top row of this �gure shows a simplearti�cial sequencepresentedto the task
segmentationsystem.For thepurposesof visualization,thecurrentestimateof thetaskstructureis
convertedtoastatemachineandrenderedautomaticallyusingAT&T Graphviz(GansnerandNorth,
2000). Initially, the sequenceis interpretedasalternatingbetween1 andany of 2, 3, or 4 (left).
Oncemoredatais available,themodelexpandsto incorporatethefact thatthereis a second-order
alternationbetween2 andeither3 or 4 (right).

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

Figure10-6: Extractsfrom adialoguewith Kismet.The�rst extract(sayyellow...) illustrateshow
therobot's activevocabulary wasextended.OnCog,this is replacedwith theautomaticmechanism
describedin Chapter9. Thesecondextractshows how a simplesortingactivity wasannotatedfor
the robot. The �nal extract shows the robot beingtestedon its understandingof the form of the
activity. Therobot's utterancesweretranscribedphonetically, but arewritten in a simpleform here
for clarity. To theright is shown thesimplestatemachinemodelof theactivity deducedby therobot
(graphdrawn by hand).
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10.4 Learning the rules of a novel activity

Thestructurelearningmechanismin theprevioussectionis useful,but if a personinteractingwith
the robot is cooperative in their choiceof vocabulary, it is in fact overkill. It alsodoesnot deal
well with nestedactivities, whereoneactivity is suspendedtemporarilyto dealwith another– for
example,if during thesortingbehavior thepersonwantsto checkif the robotknows thenameof
an object. Whentransferringthemechanismfrom Kismet to Cog, theemphasiswasshiftedfrom
learningglobal taskstructureto learninglocal rules (which could grow to supportlong-distance
interactions).OnCog,seeingobjectsor hearingwordsaretreatedasthebasiceventsin thesystem.
Therobotcontinuallysearchesfor usefulnew waysto describeevents,wherebeing`useful' means
having predictive power. Theeventsit considersare:-

. Conjunctions: if two eventsarenotedto occurfrequentlytogether, andrarelyoccurwithout
eachother, aneventcalledtheir conjunctionis formed.This event is de�ned to occurwhen-
ever the two eventsdo in factoccurtogether. The formationof aneventsimply meansthat
statisticsrelatedto it aretracked. Onceaneventis formed,it doesn't matterif theconditions
for its creationceaseto hold.

. Disjunctions: if two eventsarenotedto occurfrequentlytogether, but alsooccurindepen-
dentlyin othersituations,aneventcalledtheir disjunctionis formed.This eventis de�ned to
occurwhenever oneor bothof thetwo originaleventsoccur.

. Implications: Causalversionsof the above eventsalsoexist, which aresensitive to event
orderandtiming.

Thesecompositeeventsareintendedto allow therobotto make meaningfulgeneralizations,by
allowing thesamephysicaleventto beviewedin waysthataresensitive to pasthistory. Figure10-7
demonstratestheuseof suchgeneralizationsto solve oneof Tomasello's experiments– linking an
objectwith its namethroughan extendedsearchactivity. Searchesarepresentedto the robot as
following a fairly strict script: �rst theword `�nd' is uttered,thenthenameof theobjectto search
for is mentioned. Thena seriesof objectsare �xated. The word `no' is utteredif the object is
not thetargetof thesearch.Theword `yes' indicatesthatthesearchhassucceeded,andtheobject
currently�xated is the targetof thesearch.Thesefactscanbediscoveredusingeventgeneraliza-
tion. Theword spoken after `�nd' getsa specialimplicationeventassociatedwith it, let uscall it
word-after-find (of course,no suchsymbolsareusedinternally, andtheword `�nd' initially
hasnospecialsigni�cance– it couldbereplacedwith any otherword,suchas`seek,' `cherchez,' or
`�zzle-tizzle'). If thesearchis for anobjectwhosenametherobotknows(throughapre-established
disjunction)thatis alsonotedasasimultaneouseventwith word-after-fin d. Theobjectseen
when`yes' (object-with-yes ) is saidmatchesthis andan implicationis formedbetweenthe
two. This implication is suf�cient to link an unknownword following `�nd' with the objectseen
when`yes' is said,via theword-after-find andobject-with-ye s generalizations(again,
thechoiceof theword `yes' hasno specialsigni�cance,andcouldbereplacedwith `frob').

Whentherule-learningmechanismabove wasintegratedwith thefull Cogcode-base,thenthe
searchactivity becamemuchsimplerto learn,requiringlessgeneralization.This is becausefor the
`chatting' behavior, therobothasinternalstateto trackwhenit hearsa nameof anobjectit is not
looking at (so that it canthendirect its gazetowardsthat object). With this structurebuilt in, the
robotsimplyhasto mapthesearchactivity on to it, which it candowith just two observations:

. `Find' is followedby mentionof anabsentobject

. `Yes' is saidwhenapreviouslyabsentobjectis in view

Thegeneralizationsalreadybuilt in to therobot's statearesuf�cient to achieve the�rst Tomasello
scenario.
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Human speech Human action Robot speech Robot action
. . . . . . . . . . . .
say [shows ball] say [looks at ball]
beh ball
say [shows car] say [looks at car]
keh car
say [shows cube] say [looks at cube]
keh cube
say say

[waits] cube
[shows ball] [looks at ball]

say say
[waits] ball

. . . . . . . . . . . .
[attractsattention] [looks at person]

�nd �nd
ball ball
no [shows cube] no [looks at cube]
no [shows car] no [looks at car]
yes [shows ball] yes [looks at ball]
. . . . . . . . . . . .

[attractsattention] [looks at person]
�nd �nd
toma toma
no [shows ball] no [looks at ball]
no [shows cube] no [looks at cube]
yes [shows bottle] yes [looks at bottle]
say [shows cube] say [looks at cube]

cube
say [shows bottle] say [looks at bottle]

toma
. . . . . . . . . . . .

Figure10-7: Extractsfrom a dialoguewith Cog. First, therobot is taughtto nametheobjectit is
looking at whentheword `say' is spoken. This is doneby speakingtheword, thenpromptingthe
robot with a shortutterance(behandkeh in this example). Shortutterancespromptthe robot to
take responsibilityfor sayingwhat it sees.A link is formedbetweeǹ say' andpromptingso that
`say' becomesanalternatewayto prompttherobot.Thentherobotis shown instancesof searching
for anobjectwhosenameit knows (in theoneexamplegivenhere,theball is the target). Finally,
therobotis shown aninstanceof searchingwhereanunfamiliarobjectnameis mentioned(`toma').
Thisallows it to demonstratethatit haslearnedthestructureof thesearchtask,by correctlylinking
the unfamiliar name(`toma') with the target of search(a bottle). Ideally, to matchTomasello's
experiment,all theobjectsin this searchshouldbeunfamiliar, but this wasnot done.In the infant
case,this would leave openthepossibility that the infant associatedtheunfamiliar word with the
�rst unfamiliar objectit saw. In therobotcase,wehave accessto theinternaloperations,andknow
thatthis is not thecuebeingused.
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Figure10-8: Taskstructureshouldallow therobot'sperceptualbiasesto beoverruled.for example,
objectsaredifferentiatedby therobotpurelybasedon color histogram.This couldcauseproblems
for anobjectwhich looksvery differentfrom differentsides(suchasa toy cube,top). Theseviews
couldbeunitedwithin a taskwherethey areall treatedthesameway (for example,by performing
oneactiononthecubeandanotheronanothertoy). If two distinctobjectsaretreatedasthesameby
therobotbecauseof color similarity (suchasaball andbaseballcap,bottom),thentheir difference
canbeexaggeratedby usingthemdifferentlywithin a task.

10.5 Limitations and extensions

Therearemany limitationsto theactivity learningdescribedin thischapter, including:-

� Thecuestherobotis sensitive to arevery impoverished,relative to whata humaninfantcan
perceive. For example,thereis no direct representationof the teacher, andno perceptionof
prosodyor non-verbalcues.

� If multipleactivitiessharesimilarvocabularies,their is thepotentialfor interferencebetween
them.Theissueof capturingtheoverall activity context hasnotbeenaddressed.

� Thebasiceventsusedarewordandobjectoccurrences,whichdonotbegin to capturethekind
of realworld eventsthatarepossible.Sotherobotcouldnot respondto non-speechsounds,
or changesin distance,or any of the in�nite possibleeventsthatarenot simply word/object
appearances.

To begin to dealwith this lastpoint,asimplemechanismwasdevelopedto gettherobot's attention
to an unnamedfeatureor featurecombination(asopposedto simply an object)usingperiodicity
detection.All perceptualfeatureson Cogaremonitoredover a sixty secondtime window to detect
the occurrenceof periodicity. Henceif it is desiredthat the robot attendto the color of objects
asopposedto their identity or size,for example,thenobjectsof contrastingcolorscansimply be
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Figure10-9: Searchingfor correlationsin the robot's perceptualfeatures.The joint probability
distribution of pairsof featuresis estimated,andcomparedwith the productof their independent
distributions. This �gure shows thetop two correlationsin anexperimentwheretherobotapplied
oneof four actionsto anobject(tappingit from theside,slappingit away, etc.).Thehighestranking
correlation,left, capturesa physicalconstrainton theangleof approachat themomentof impact.
The next correlation(right) capturesthe grossdisplacementof the objectaway from the robot as
a function of the type of gesture(the correlationis noisy becauseof erraticmotor control). With
verbalannotationof the actions,this correlationcould be enhanced(by taggingfailed actionsfor
removal) andselectedout for use.

shown to therobot. Theperiodicsignaloscillationincreasedthesalienceof a channelin a manner
similarto thebehavioral in�uencesusedonKismet(BreazealandScassellati, 1999). But at thetime
of writing, thiswasnotstronglyintegratedwith theactivity learningmechanisms.

Theideaof in�uencing therobot's perceptionthroughsharedactivity alsocouldandshouldbe
developedfurther. Perceptionis not a completelyobjective process;therearechoicesto bemade.
Forexample,whethertwoobjectsarejudgedtobethesamedependsonwhichof theirmany features
areconsideredessentialandwhichareconsideredincidental.For arobotto beuseful,it shoulddraw
thesamedistinctionsa humanwould for a given task. To achieve this, theremustbemechanisms
thatallow therobot's perceptualjudgementsto bechanneledandmoldedby a teacher. This would
alsousefulin situationswheretherobot's own abilitiesaresimplynotup to thechallenge,andneed
ahelpinghand.Oncethestructureof taskscanbecommunicatedto therobot,it shouldbepossible
to usethathigh-level structureto modify therobot's perception.It is easiestto seethis in thecase
of modifying biasesin pre-existing abilities of the robot. For example,we could emphasizethe
differencebetweenobjectstherobotseesasidentical,or draw connectionsbetweendifferentviews
of thesameobjectthattherobotseesasdistinct(seeFigure10-8).

Moregenerally, wecanusethetaskstructureto initialize asetof focusedproblemsin machine
learning,wheredivergentpathsin thetaskaretreatedaslabelsfor the(initially unknown) physical
featuresthatcausethatdivergence.By correlatingfeaturesacrosstherobot's perceptualspacewith
theselabels,we canselectthosethatmight contribute to thedecision,andthentrain up a classi�er.
Figure10-9showsanexampleof searchingfor suchcorrelationsin therobot'sperceptionof its own
pokingbehavior.

10.6 Summary

This chapterhasshown that a virtuouscircle of developmentis possible(seeFigure 10-1. If we
wantrobotsto beableto copewith novel tasks,they will needadeepunderstandingof theactivities
aroundthem.Wecantreattherangeof namingsituationsarobotcandealwith asatestof thedepth
of thatunderstanding.Considersearch:if therobotunderstandsthepurposeof searches,how they
succeedandfail, thenthatnaturallyextendstherangeof namingsituationsit candealwith beyond
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Figure10-10: The chapterdevelopeda speci�c exampleof the virtuouscircle of development.
First, pokingallows the robot to exploreobjects,andthenchattingallows namesto beassociated
with thoseobjects. Thenthe robot tracksthosenamedobjectsasa humandemonstratesa search
task,learningaboutthestructureof searchfrom theseexamples.Finally, therobotusesthisknowl-
edgeasa new way to learnnamesfor objectswithout having to seean objectandhearits name
simultaneously, asis thecasefor chatting.

simpleostentive associations,asthis chaptershowed. In the infantdevelopmentliterature,consid-
erableemphasisis placedon thechild's ability to interpretthebehavior of othersin termsof intent
usinga “theory of mind”. Suchanability is very powerful, but soalsois themorecomputational
viewpointof processesasbranches,loopsandsequences.This is analternative routeto establishan
initial sharedperspective betweenhumanandrobot,andcouldpotentiallycomplementa theoryof
mindapproach(for example,thework of Scassellati(2001) on Cog).

In the activity-learningsystemdescribedhere,the meaningsof wordsgrow out of their role
within an activity. In the searchactivity, `yes' and`no' cometo denotethe presenceor absence
(respectively) of thesearchtarget. In anotherscenario,they maydenotesomethingentirelydifferent.
For example,it would bepossibleto train therobotto keepholdingout its armwhile `yes' is said,
and to drop it upon hearing`no' – in which casethe words now denoteaction continuanceor
terminationrespectively. This plasticitymeansthat we canavoid theproblemof trying to form a
globaltheoryof all themeaningsawordcantake on.

Richermeaningsarepossiblewhenmultiple-word utterancesarepermitted(Roy et al., 2002,
2003), ratherthanthe isolatedwordsdealtwith in this chapter. An interestingdirectionfor future
researchwould be to derive grammaticalforms asa compressionof the structureof an extended
activity into asinglesentence.
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