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Towards interpersonal perception

“What is this thing, anyway?” said the Dean,inspectingthe implemenin his hands.
“It' s calleda shovel; saidthe SeniorWrangler “I' ve seenthe gardenes usethem.
You stick thesharpendin theground. Thenit getsa bit technical” (Pratchett19913

Harnad(2002 amuesthat creatureanlearnaboutcatayoriesof objectsor otherentitieseither
throughtoil or theft. Sensorimototoil is his termfor “trial-and-errorlearning,guidedby correctie
feedbackfrom the consequencesf miscatgorisatiori. This is inherentlyexpensve in termsof
time andrisk. Linguistic "theft', on the otherhand,allows cateyoriesto be passedn from other
individuals,at a muchreducedcostto the recipient. Harnadis mostly concernedvith amguing that
it cant betheftall theway down, thattheremustbe somegroundingin toil. In thisthesistherobot
hassofar beendoingalot of toil, soit would beinterestingo seeif it couldstartdoingsometheft.

The goal of this chapteris to build the tools necessaryor the robotto familiarizeitself with
novel actvities. Sinceautomaticactionunderstandings currentlyvery limited, socialinteractionis
usedasscafolding for thislearningprocessto “steal' structuralinformationaboutactiities from a
cooperatre human.Learningaboutactvities is importantbecausehey provide toolsfor exploring
the ervironment. Chapter3 shaved that, with a built-in poking activity, the robot could reliably
sgmentobjectsfrom the backgroundevenif it is similarin appearancd)y pokingthem. It could
determinethe shapeof an objectboundaryin this specialsituation,even thoughit cannotdo this
normally This is the desirablefeatureof actwities for learning— they provide specialenabling
contets. In fact, they arekey to creatingan open-endedievelopmentalcycle (seeFigure 10-1).
Particulay familiar situationsallow the robotto perceve somethingaboutobjectsor objectproper
tiesthatcouldnot be perceved outsidethosesituations.Theseobjectsor propertiescanbetracked
into other lessfamiliar situationswhich canthenbe characterizeéndusedfor furtherdiscovery.
Justasthe sggmentedviews provided by poking of objectsandactorsby poking canbe collected
andclusteredasdiscussedn Chapter5, provided preciselywhatwasneededo train up an object
detectionandrecognitionsystem,trackingthoseobjectsprovides exactly whatis neededo learn
aboutotheractvities, which in turn canbe usedfor furtherlearning.
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Figure10-1: If therobotis engagedn a knowvn actwity (top), theremay be sufcient constraint
to identify novel elementswithin thatactvity (bottom). Similarly, if known elementgake partin
someunfamiliar activity, trackingthosecanhelpcharacterizéhatactiity. Potentially development
is anopen-endetbop of suchdiscoveries.Familiaractvities canbeusedto learnaboutcomponents
within thoseactwities (for example theobjectstruckduringpoking)andthentracked outinto novel
actvities; thenwhentherobotis familiar with thoseactvities it canturn aroundandusethemfor
learningalso.

10.1 Learning through activity

Theintersectiorof communicationperceptioranddevelopmentncompassesomewell-established

elds of research- for example,languageacquisition.It hasbeenobsered thatlanguageacquisi-
tion involvesa searchthrougha large searctspaceof modelsguidedby relatively sparsdeedback
andfew examples.This so-called'poverty of the stimulus”relative to thecomplity of themodels
being acquiredis taken to imply that infantsmusthave a good searchstratgy, with biaseswell
matchedo the natureof appropriatesolution. This is a claim of innateconstraintsandis histori-
cally controversial. Examplesstressingunderdeterminationin languagdearninginclude Quines
“Gavagai” example(Quing 1960, whereQuineinvitesusto imagineourseheswalking with a na-
tive guidein aforeigncountry andseeinga rabbitpasgust asthe guidesays‘gavagai’ —andthen
considerall the possiblemeaningghis utterancemight have.

Pragmaticonstraintoffer oneway out of this seaof ambiguity For example,Markman(1989

proposesa setof particularconstraintanfants might useto map words on to meanings. These
constraintaarealongthe style of thefollowing (with mary variations elaboration@andcaveats):-

. Whole-objectaissumptionlf anadultlabelssomethingassumehey arereferringto thewhole
objectandnota partof it.

. Taxonomicassumption.Organizemeaningdy “natural categjories” asopposedo thematic
relationships.For examplewhena child is asledto nd a“dog”, he/shemay fetchthe cat,
but won't fetchdog-food.

Mutual exclusvity. Assumeobjectshave only onelabel. Solook for anunnamedbjectto
whichanew labelcanbeapplied.

Theseconstraintsareintendedto explain a spurtin vocalulary acquisitionwhereinfantsbegin to
acquirewordsfrom oneor a few examples— so-calledfast-mapping.They are advancednot as
absoluteules,but asbiaseson search.

Tomaselloraisesseveral objectionsto the constraint-basedpproachrepresentetty Markman
Tomasella1997). Tomaselldavorsa “social-pragmatic’modelof languageacquisitionthatplaces
languagean the context of otherjoint referentialactiity, suchassharedattention. He rejectsthe
“word to meaningmapping”formulationof languageacquisition.Rathey Tomaselloproposeshat
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Figure10-2: Perceptuajudgementsare fundamentallyaboutidentity: whatis the same whatis
different. Identity judgementshoulddependat least)on actvity, location,appearancendverbal
contt. Thesen turn canbein uencedby ateacher

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

The social-pragmati@pproacho the problemof referentialindeterminag ... begins
by rejectingtruth conditionalsemantic$n theform of the mappingmetaphoxthechild
mapsword onto world), adoptinginsteadan experientialistand conceptualisview of
languagein which linguistic symbolsare usedby humanbeingsto invite othersto
experiencesituationsin particularways. Thus,attemptingto mapword to world will
not helpin situationsin which the very samepieceof real estatemay be called: “the
shore”(by a sailor), “the coast” (by a hiker), “the ground” (by a skydiver), and“the
beach”(by a sunbather).

Regardles®f theutility of Tomasellos theoryfor its properdomain languageacquisitionin infants,
it seemsa usefulmindsetfor tacklinginterpersongberceptionwhichis in essencall aboutinviting
therobotto view theworld in a particularway.

Tomaselloandhis collaboratorsdevelopeda seriesof experimentsdesignedo systematically
undermingheconstraint@approacho learningastypi ed by Markmanandothers.Theexperiments
investigateword learningamongchildrenin the contect of variousgames. The experimentsare
instructive in shaving a rangeof situationsin which simplerulesbaseddirectly on gazeor affect
would fail in at leastone caseor other The experimentsall avoid giving children (18-24 months
old) ostentve namingcontets, andratherrequiringthemto pull out meaningsrom the* o w of
interaction”.

For example,in oneexperimentanadultmakeseye-contactvith achild subjectandsays‘Let's
go nd thetoma; wheretomais anonsensevord the child hasnever heardbefore. They thengoto
arow of buckets,eachif which containsanobjectwith whichthechild is notfamiliar. Oneof these
objectsis randomlydesignatedhe “toma”. If the sessioris a control,the adultgoesdirectly to the
bucket containingthe toma, nds it excitedly and handsit to the child. Otherwise the adult rst
goesto two otherbucketsin sequencegachtime takingouttheobject,scavling atit, andreplacing
it, before” nding” thetoma.Later, thechild is testedfor for theability to comprehen@ndproduce
the new word appropriately The resultsshav equally good performancen the testand control
scenarios.Tomaselloarguesthatthis situationcountsagainstchildrenusing simpleword learning
rulessuchas“the objectthe adultis looking at while sayingthe novel word; “the rst new object
theadultlooksataftersayingthenovel word;” “the rst new objecttheinfantseesfterhearingthe
novel word; or suchvariants.

Tomasellos theoriesand experimentsare provocatve, andsuggestan approaciquite different
from the simple associatie learningthatis most often seenin robotics. Work on interpersonal
perceptioron Cogdraws heavily on (agrosslysimpli ed caricatureof) theseideas.Thebasicidea
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for interpersonaperceptiondravn from Tomasellos work is that information aboutthe identity
of an objectneedsto be easily transferredbetweenperceptionof actiity, location, speechand
appearancérigure 10-2). Without this e xibility, it is hardto imaginehow scenariosuchasthe
experimentdescribedabore or othersproposed Tomasellg 1997 could be dealtwith.

10.2 Placesobjects,and words

It is currentlyunreasonabléo expecta robotto understandh “ o w of interaction”without help.
Unaidedsegmentatiorof actvity is a very challengingproblem(seeGoldbeg andMataric (1999
for oneeffort in theroboticdomain). The humaninteractingwith therobotcangreatlysimplify the
taskby makingthe structureof theactivity unambiguousTwo mechanism#$or this areparticularly
easyto dealwith: vocalizationsandlocation.If placesandwordsareusedconsistentlyin anactity,
thenit is straightforvard to modelthebasic* o w of interaction”they de ne.

The robot was given a verbal, “chatting' behaior to augmentthe object-directedooking be-
havior developedin 3. This usedthe vocalulary extensionmechanisndevelopedin Chapter9, the
egocentricmap developedin Chapter8, andthe ability to recognizepoked objectsdevelopedin
Chapters. If therobothearsaword while xating a particularobject,andthatword hasnot been
heardin othercontet, thenthe word is associateavith the object. If this happensereral (three)
times,the associations madepermanentor the session.Invocationof anobjectby nametriggers
the egocentricmapto drive the eyesto the lastknown locationof the object,andthe foveal object
recognitionmoduleto searchor the objectvisually (seeFigure10-3).

This simplenamingcapabilitysenesasa baselindor therestof this chapterwhich will shav
how the robot canlearnnew opportunitiesor associatingiamesandobjectsin situationswithout
ostentve shawing.

10.3 Learning the structur e of a novel activity

Before the robot canlearnthroughan actuvity, it mustbe able to learnaboutthat actwity. |If it
cannotdo this, thenit will remainrestrictedto the setof built-in actiities provided by the pro-
grammer Ideally, it shouldbe possibleto demonstrate taskto arobotandhave it learnto doiit.
As alreadymentioned unaidedsegmentatiorof actity is a very challengingproblemin machine
perceptionlt is perhapsnoreproductve to seeactvity sggmentatiorassomethinghatis explicitly
communicatedo therobot,ratherthansomethingt learnsautonomously

While individual partsof a task may be dif cult to describeformally, its abstractstructure
or control ow will often be amenableo simple description. For example, the overall branch-
and-loop o w of a sortingtaskis easilyexpressedbut the actualsorting criterion may dependon
differentiatingtwo classe®f objectsbasedon a smalldifferencein their appearancéhatwould be
easiernto demonstratéhanto describe.If we go aheadand communicatehe taskstructureto the
robot, it canbe usedto guideinterpretationof the lesseasily expressedccomponents Figure 10-4
shavs a schematidor how this maybeachiered. Thebasicideais for therobotto interactwith the
instructorvocally to acquirea“sequencingnodel” of thattask,andthento groundthatmodelbased
on a demonstratiorof the task. The demonstratioris annotatedy the instructorbothin termsof
the sequencingnodelandin termsof previously groundecelements.

As the humantutor demonstratea task, they areexpectedto verbalizetheir actvity. Initially
the robot cannotmalke muchof the physicaldemonstrationbut it canprocesshe speechstream,
andattemptto recover the structureof the taskfrom that. In particular the robotwill attemptto
determiné‘states”of thetask— pointsat which the demonstratiometurnsto whatis effectively the
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Figure10-3: Associationandinvocationvia the egocentricmap.Whentherobotlooksatanobject
andrecognizedt, its headrolls into aninquisitive look. If awordis spolenatthispoint(e.g.“car!”
or“ball!” in top two frames- notethatthe humanis bringingtherobot's attentionto anobjectwith
his hand)thenthatword is associatedavith the objectthe robotis viewing. If thatword is spolen
againlater (asin thelower frames— notethatthe humanis standingback,only interactingthrough
speech)thenthe robot queriesthe egocentricmapfor the last known location of the associated
object,turnsthere,andlooksfor the object.
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Figure10-4: A modelof tasksggmentation.Theinstructordemonstratethe taskwhile providing

verbalannotation. The vocal streamis usedto constructa model of the task. Genericmachine
learningmethodsarethenusedto groundthis modelin therobot's perceptuahetwork, guidedby

featureselectioninput from the human.Theideais to avoid ever presentinghe robotwith a hard
learningproblem; the learningalgorithmsare intendedto be “decoders’allowing the humanto

communicatehangesn representatiomatherthanto learnin the cornventionalsense.

samemode.Thisis straightforvardto doif the humantutor speaksimplevocallabelscorrespond-
ing to actions,con gurations, objects,or whatever the tutor nds mnemonic. The type of labels
useddoesnot needto be pre-speci ed,andcouldvary from word to word.

The methodusedto recover the taskstructureis basedon n-grammodelingprocedureslevel-
opedfor speechrecognition— althoughthereare mary other methods(Murphy, 1996, this one
was chosenfor its simple, easily predictedbehaior. Here, we estimatethe probability of event
sequencefrom modelstrainedon sequencdrequeng countsfrom a corpus. Modelsvary in the
amountof history they incorporate- bigram models,trigram modelsetc. Low order modelsare
limited in the dependenciethey cancapture put canbe trainedup with relatively little data.High
ordermodelsaremoreexpressie but harderto train. Bestresultsareachieredwhenn-grammodels
of mary differentordersare used,andinterpolatedoasedon the amountof training dataavailable
for eachcontet (seeFigure10-5for a simulatedexample).Oncetherobothasa modelfor thetask
structure the goalis to relatethatto the actualphysicaldemonstratiorthe humantutor is making.
Machineperceptions necessarilynoisy andfull of ambiguity The degreeto which this is sofor
agiventaskwill fundamentallylimit the compleity of ary modelingthe robotcando, if we per
mit uncertaintyto compoundon uncertainty By rst establishingataskmodelthrougha relatvely
noise-freegprotocolfor whichwe candependn errorcorrectingfeedbackrom thehumantutor, we
limit theimpactthatuncertaintyin groundingoneelementf themodelwill have on all theothers.

Figure10-6 shavs anexampleof this for a sortingactvity, implementecon the robotKismet.
Note that words are usedherewithout the robot needingto know their meanings- it is sufcient
thatthey be usedconsistentlyenoughfor the structureof thetaskto be madeobvious.
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Figure10-5: Thetop row of this gure shavs a simplearti cial sequenceresentedo the task
sgmentatiorsystem.For the purpose®f visualization the currentestimateof the taskstructureis
corvertedto astatemachineandrenderegutomaticallyusingAT&T Graphviz(GansneandNorth,
2000. Initially, the sequences interpretedas alternatingbetweenl andary of 2, 3, or 4 (left).
Oncemoredatais available,the modelexpandsto incorporatethe factthatthereis a second-order
alternatiorbetweer? andeither3 or 4 (right).

Human speech| Human action Robot speech | Robotaction

sayyellow [shows yellow toy] | yen [looks attoy]

sayyellow yelo

yes!saygreen green

yellow [shawvsyellow toy] | yelo [looks attoy]

left [movestoy left] left [trackstoy]

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

yellow [shawvs yellow toy] | yelo [looks attoy] )

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

next? ahmleft? [nodsleft]

yes! [movestoy left] left!

green [shows greentoy] green [looks attoy]

next? ahmright? [nodsright]

yes! [movestoy right] right!

Figure10-6: Extractsfrom adialoguewith Kismet. The rst extract(sayyellow...) illustrateshow

therobot's active vocalulary wasextended.On Cog, thisis replacedvith theautomatianechanism
describedn Chapter9. The secondextractshavs how a simplesortingactvity wasannotatedor
therobot. The nal extractshaws the robot beingtestedon its understandingf the form of the
actwvity. Therobot's utterancesveretranscribeghonetically but arewrittenin a simpleform here
for clarity. To therightis shavn thesimplestatemachinemodelof theactiity deducedy therobot
(graphdrawvn by hand).
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10.4 Learning the rules of a novel activity

The structurelearningmechanisnin the previous sectionis useful,but if a personinteractingwith
the robotis cooperatie in their choice of vocalulary, it is in fact overkill. It alsodoesnot deal
well with nestedactvities, whereoneactvity is suspendetemporarilyto dealwith another for
example,if duringthe sortingbehaior the personwantsto checkif the robotknows the nameof
an object. Whentransferringthe mechanisnfrom Kismetto Cog, the emphasisvasshiftedfrom
learningglobal task structureto learninglocal rules (which could grow to supportlong-distance
interactions) On Cog, seeingobjectsor hearingwordsaretreatedasthe basiceventsin the system.
Therobotcontinuallysearche$or usefulnenv waysto describeavents,wherebeing useful' means
having predictive power. The eventsit considersare:-

Conjunctions: if two eventsarenotedto occurfrequentlytogetherandrarely occurwithout
eachother aneventcalledtheir conjunctionis formed. This eventis de ned to occurwhen-
ever the two eventsdo in factoccurtogether The formationof an eventsimply meanghat
statisticsrelatedto it aretracked. Onceaneventis formed,it doesnt matterif the conditions
for its creationceaseo hold.

Disjunctions: if two eventsare notedto occurfrequentlytogether but alsooccurindepen-
dentlyin othersituationsaneventcalledtheir disjunctionis formed. This eventis de ned to

occurwhen&er oneor bothof thetwo original eventsoccur

Implications: Causalversionsof the above eventsalso exist, which are sensitve to event
orderandtiming.

Thesecompositeeventsareintendedo allow therobotto make meaningfulgeneralizationshy
allowing thesamephysicaleventto beviewedin waysthataresensitve to pasthistory Figure 10-7
demonstratethe useof suchgeneralization$o solve oneof Tomasellos experiments- linking an
objectwith its namethroughan extendedsearchactiity. Searchesre presentedo the robot as
following afairly strictscript: rst theword ™ nd' is uttered thenthe nameof the objectto search
for is mentioned. Then a seriesof objectsare xated. The word no' is utteredif the objectis
notthetamget of thesearch.Theword yes'indicatesthatthe searchhassucceededandthe object
currently xated is the target of the search.Thesefactscanbe discoveredusingeventgeneraliza-
tion. The word spolen after” nd' getsa specialimplication eventassociatedvith it, let us call it
word-after-find (of courseno suchsymbolsareusedinternally andtheword ™ nd' initially
hasno specialsigni cance—it couldbereplacedvith arny otherword, suchas seek, ‘cherchez,or
* zzle-tizzle"). If thesearchs for anobjectwhosenametherobotknows (througha pre-established
disjunction)thatis alsonotedasa simultaneougventwith word-after-fin d. Theobjectseen
when’yes' (object-with-yes ) is saidmatcheghis andanimplicationis formedbetweerthe
two. Thisimplicationis sufcient to link an unknownword following * nd' with the objectseen
when’yes'is said,via theword-after-find andobject-with-ye s generalizationgagain,
thechoiceof theword "yes' hasno specialsigni cance,andcouldbereplacedwith “frob').

Whentherule-learningmechanisnabove wasintegratedwith the full Cog code-basethenthe
searchactivity becameanuchsimplerto learn,requiringlessgeneralizationThis is becausdor the
“chatting’ behaior, therobothasinternalstateto trackwhenit hearsa nameof an objectit is not
looking at (sothatit canthendirectits gazetowardsthat object). With this structurebuilt in, the
robotsimply hasto mapthesearchactiity onto it, whichit candowith justtwo obserations:

"Find' is followed by mentionof anabsenbbject
“Yes'is saidwhena previously absenbbjectis in view

The generalizationsireadybuilt in to therobot's statearesufcient to achieve the rst Tomasello
scenario.
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Human speech | Human action Robot speech| Robotaction
say [shaws ball] say [looks atball]
beh ball
say [shows car] say [looks atcar]
keh car
say [shows cube] say [looks atcube]
keh cube
say say
[waits] cube
[showvs ball] [looks at ball]
say say
[waits] ball
[attractsattention] [looks atperson]
nd nd
ball ball
no [shows cube] no [looks atcube]
no [shaws car] no [looks atcar]
yes [shows ball] yes [looks atball]
[attractsattention] [looks atperson]
nd nd
toma toma
no [showvs ball] no [looks at ball]
no [shows cube] no [looks atcube]
yes [shaws bottle] yes [looks atbottle]
say [shows cube] say [looks atcube]
cube
say [shaws bottle] say [looks atbottle]
toma

Figure10-7: Extractsfrom a dialoguewith Cog. First, the robotis taughtto namethe objectit is
looking at whenthe word “say' is spolen. This is doneby speakinghe word, thenpromptingthe
robotwith a shortutterancgbehandkehin this example). Shortutterancegpromptthe robot to
take responsibilityfor sayingwhatit sees.A link is formedbetween'say' and promptingso that
“say' becomesnalternatevay to prompttherobot. Thentherobotis shavn instance®f searching
for anobjectwhosenameit knows (in the oneexamplegiven here,the ball is the target). Finally,
therobotis shawn aninstanceof searchingvhereanunfamiliar objectnameis mentioned toma’).
This allows it to demonstratéhatit haslearnedthe structureof the searchask,by correctlylinking
the unfamiliar name(‘toma’) with the tamget of search(a bottle). Ideally, to matchTomasellos
experiment,all the objectsin this searchshouldbe unfamiliar, but this wasnot done. In the infant
case this would leave openthe possibility that the infant associatedhe unfamiliar word with the
rst unfamiliar objectit saw. In therobotcasewe have accesgo theinternaloperationsandknow
thatthisis notthe cuebeingused.
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Figurel0-8: Taskstructureshouldallow therobot's perceptuabiasego beoverruled.for example,
objectsaredifferentiatedoy therobotpurely basedon color histogram.This could causeproblems
for anobjectwhich looksvery differentfrom differentsides(suchasatoy cube,top). Theseviews

could be unitedwithin ataskwherethey areall treatedthe sameway (for example,by performing
oneactiononthecubeandanotheronanothetoy). If two distinctobjectsaretreatedasthe sameby

therobotbecausef color similarity (suchasa ball andbasebaltap,bottom),thentheir difference
canbeexaggeratedy usingthemdifferentlywithin atask.

10.5 Limitations and extensions

Therearemary limitationsto theactiity learningdescribedn this chapterincluding:-

The cuestherobotis sensitve to arevery impoverished relative to whata humaninfantcan
perceve. For example,thereis no directrepresentationf the teacherandno perceptiorof
prosodyor non-\erbalcues.

If multiple actvities sharesimilarvocalularies,theiris the potentialfor interferenceoetween
them. Theissueof capturingthe overall actvity context hasnotbeenaddressed.

Thebasiceventsusedareword andobjectoccurrencesyhichdonotbegin to capturethekind
of realworld eventsthatarepossible.Sotherobotcould not respondo non-speeclsounds,
or changesn distancepr ary of thein nite possibleeventsthatarenot simply word/object
appearances.

To begin to dealwith this lastpoint, a simplemechanisnwasdevelopedto gettherobot's attention
to an unnamedeatureor featurecombination(as opposedo simply an object) using periodicity
detection.All perceptuafeatureson Cogaremonitoredover a sixty secondime window to detect
the occurrenceof periodicity Henceif it is desiredthat the robot attendto the color of objects
asopposedo their identity or size,for example,thenobjectsof contrastingcolorscansimply be
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Figure 10-9: Searchindor correlationsin the robot's perceptuafeatures. The joint probability
distribution of pairsof featuress estimatedand comparedwith the productof theirindependent
distributions. This gure shaws thetop two correlationsn anexperimentwherethe robotapplied
oneof four actionsto anobject(tappingit from theside,slappingt away, etc.). Thehighestanking
correlation left, capturesa physicalconstrainton the angleof approachat the momentof impact.
The next correlation(right) captureghe grossdisplacemenbf the objectaway from the robotas
a function of the type of gesture(the correlationis noisy becausef erraticmotor control). With
verbalannotationof the actions,this correlationcould be enhancedby taggingfailed actionsfor
removal) andselectedut for use.

shawvn to therobot. The periodicsignaloscillationincreasedhe salienceof a channelin amanner
similarto thebehaioral in uencesusedon Kismet(BreazeabndScassellatil999. Butatthetime
of writing, thiswasnot stronglyintegratedwith theactvity learningmechanisms.

Theideaof in uencing therobot's perceptiorthroughsharedactivity alsocouldandshouldbe
developedfurther Perceptioris nota completelyobjective processtherearechoicesto be made.
For example whethertwo objectsarejudgedto bethesamedepend®nwhich of theirmary features
areconsidereessentiahndwhichareconsideredncidental.For arobotto beuseful,it shoulddrav
the samedistinctionsa humanwould for a giventask. To achiee this, theremustbe mechanisms
thatallow therobot's perceptuajudgementgo be channeledandmoldedby ateacher This would
alsousefulin situationswheretherobot's own abilitiesaresimply notup to thechallengeandneed
ahelpinghand.Oncethe structureof taskscanbe communicatedo therobot, it shouldbe possible
to usethathigh-level structureto modify the robot's perception.It is easiesto seethisin the case
of modifying biasesin pre-«isting abilities of the robot. For example,we could emphasizehe
differencebetweerpbjectstherobotseesasidentical,or drav connectionbetweerdifferentviews
of thesameobjectthattherobotseesasdistinct(seeFigure 10-8).

More generallywe canusethetaskstructureto initialize a setof focusedproblemsin machine
learning,wheredivergentpathsin the taskaretreatedaslabelsfor the (initially unknavn) physical
featureghatcausehatdivergence By correlatingfeaturesacrossherobot's perceptuakpacewith
theseabels,we canselectthosethatmight contritute to the decision,andthentrain up a classi er.
Figurel0-9shavs anexampleof searchingor suchcorrelationsn therobot's perceptiorof its own
pokingbehaior.

10.6 Summary

This chapterhasshavn that a virtuouscircle of developmentis possible(seeFigure 10-1 If we
wantrobotsto beableto copewith novel tasksthey will needadeepunderstandingf theactuities
aroundthem.We cantreattherangeof namingsituationsarobotcandealwith asatestof thedepth
of thatunderstandingConsidersearchif therobotunderstandthe purposeof searcheshow they
succeedandfail, thenthatnaturallyextendsthe rangeof namingsituationsit candealwith beyond
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Figure10-10: The chapterdevelopeda speci ¢ exampleof the virtuouscircle of development.
First, poking allows the robotto explore objects,andthenchattingallows nameso be associated
with thoseobjects. Thenthe robot tracksthosenamedobjectsasa humandemonstratea search
task,learningaboutthe structureof searchfrom theseexamples Finally, therobotuseshis knowl-
edgeasa new way to learnnamesfor objectswithout having to seean objectand hearits name
simultaneouslyasis the casefor chatting.

simpleostentve associationsasthis chaptershaved. In the infantdevelopmentliterature,consid-
erableemphasiss placedon the child's ability to interpretthe behaior of othersin termsof intent
usinga “theory of mind”. Suchan ability is very powerful, but so alsois the morecomputational
viewpointof processeasbranchesloopsandsequencesThisis analternatve routeto establishan
initial sharedoerspectie betweerhumanandrobot,andcould potentiallycomplement theoryof
mind approach(for example thework of Scassellat{2001) on Cog).

In the actvity-learning systemdescribedhere,the meaningsof wordsgrow out of their role
within an actwity. In the searchactiity, 'yes' and ‘'no' cometo denotethe presenceor absence
(respeciiely) of thesearchamet. In anotheiscenariothey maydenotesomethingentirelydifferent.
For example,it would be possibleto train therobotto keepholdingoutits armwhile “yes'is said,
andto drop it uponhearing'no' — in which casethe words nov denoteaction continuanceor
terminationrespectiely. This plasticity meanghatwe canavoid the problemof trying to form a
globaltheoryof all themeaningsa word cantake on.

Richer meaningsare possiblewhen multiple-word utterancesare permitted(Roy etal., 2002
2003, ratherthantheisolatedwordsdealtwith in this chapter An interestingdirectionfor future
researchwould be to derve grammaticalforms asa compressiorof the structureof an extended
actvity into asinglesentence.
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