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Abstract

Thispaperexploresthehypothesisthatpointinggesturerecognitioncanbelearned
usinga reward basedsystem. An experimentwith two four-leggedrobotsis pre-
sented. One of the robotstakes the role of an adult and is pointing to an object,
the otherrobot, the learner, hasto interpretthe pointing gesturecorrectly in order
to �nd the object. We discussthe resultsof this experimentin relationto possible
developmentalscenariosabouthow childrenlearnto interpretpointinggestures.

1 Intr oduction

Theskill of pointing interpretationis a crucialstepin thedevelopmentof a youngchild
towardthecapabilityof joint attention[1]. It playsanimportantrole in thenon-linguistic
communicationsystemwhichservesasafoundationfor thedevelopmentof language[2].
Thecomprehensionof pointingseemsto requiremorethangazedetection,andmight be
connectedwith theapprehensionof complex signsbetween10 and12 months[3]. How
doesthis capabilitydevelop?

This paperexploresthehypothesisthatpointinggesturerecognitionis learnedusing
a reward-basedsystem.This hypothesisassumes,for instance,thatby looking in thedi-
rectionwheretheadult is pointingto, thechild will oftenseesomethinginterestingfrom
its point of view. It canbe an interestin an opportunityfor learning[4] or in an object
whichservesacurrentneed(e.g.food). It canhappenthatby misinterpretingthepointing
directionthe child will also�nd an interestingobject,however, the hypothesisassumes
that thereis a statisticallysigni�cant correlationbetweenthe correctpointing direction
andinterestingobjects. Alternatively, the hypothesisconcernssituationswhereparents
reward the child with affection or anotheremotionalresponseif the child interpretsthe

1



adult'spointinggesturecorrectly. In suchacase,thechild would learnthepointinginter-
pretationthroughasortof parentalconditioning.

Thelearningprocessin bothsituationssharesa commonunderlyingstructure.It can
bemodelledasasupervisedlearningprocesswith thepointinggestureasthevisualinput,
andthe locationof thepointingaim, or themovementdirectionto look at this location,
asthedesiredoutput. Theevaluationfeedbackis obtainedthroughthereward,which is
thesatisfactionof a drive in the�rst caseandanemotionalresponsein theparentalcon-
ditioningcase.

In therestof thepaper, we will show thata robotcanlearnto interpretpointingges-
turesof anotherrobot usinga reward-basedsystem.We will thendiscussthe resultsof
this experimentin relationto potentialunderlyingmechanismsdescribedin child devel-
opmentliterature.

2 Robot Experiments

2.1 The Interaction Scenario

Herewe describeandshow robotexperimentswherea pointinggestureis learnedto be
classi�ed aseither left or right. For theseexperiments,two Sony AIBOs were sitting
on the �oor , facingeachother(see�gure 1). Oneof the robots(the adult) is randomly
pointingtowardsanobjecton theleft or right sideof its bodyusingits left or right front
leg, respectively. Theotherrobot(thechild) is watchingit. Fromlooking at thepointing
gestureof theotherrobot, the learningrobotguessesthedirectionandstartslooking for
anobjecton thisside.Findingtheobjecton this siderepresentsa reward.

Sincethefocusof thisexperimentis learningof pointingrecognitionandnotpointing,
this skill is hardwiredin theadultrobot. Therobot is visually trackinga colouredobject
on its left or right side,therebyfacingtheobject.Pointingis achievedby simplycopying
thejoint angleof theheadto thejoint angleof thearm.Notethatthepointingrobottakes
on anexactpointingpositionanddoesnotonly distinguishbetweentheleft andtheright
side.

2.2 ImageProcessingand FeatureSpace

A samplecameraimagefrom therobot's point of view canbeseenin �gure 2 left. For
theexperiments,therobot took 2300picturesfocussingon its pointingpartner, 1150for
eachpointing direction. The situationsin which the pictureshave beentaken variedin
the distancebetweenthe two robots,the viewing angle,the lighting conditionsandthe
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Figure1: An exampleof pointingshown with two robots.Theroboton theleft represents
the adult who is pointing, the robot on the right representsthe child who is learningto
interpretthepointinggesture.

backgrounds(threedifferentbackgrounds).

From the original cameraimage,a small numberof featureshasto be selectedto
facilitatethelearningof interpretingthepointinggesture.We decidedto applytwo main
�lters to theimage.One�lter extractsthebrightnessof theimage,theother�lter extracts
horizontalandvertical edges.Thesechoicesarebiologically motivated. Eyesarevery
sensitiveto brightnesslevels,andedgesaretheindependentcomponentsof naturalscenes
[5]. Theoriginal imageI is thustransformedto I 0 usinga �lter f :

I
f

� ! I 0

For both�lters, thecolour imageis transformedinto greyscale�rst with pixel values
between0 and255. In the subsequentsteps,the imageis divided into its left part and
its right part (see�gure 3). This is justi�ed by the robot alwayscenteringon the other
robot's faceusinganindependentrobottrackingmechanism,thusdividing theimageinto
theright half of theotherrobotandits left half.

I 0 � ! I 0
L ; I 0

R

Thebrightness�lter B � appliesa threshold� to theimage,which setsall pixelswith
a valuegreaterthan� to 255, andall othersto 0. For theexperiments,valuesof � = 120
and� = 200have beenused.For theedge�lter , we chosetwo Sobel�lters SH andSV

(see[6]) whichextractsthehorizontalandtheverticaledges,respectively. An exampleof
animagetransformedby the�lters canbeseenin �gure 2.

To the�ltered imagesI 0, differentoperatorsopcanbeappliedtoextractlow-dimensional
features.Theseoperatorsarethecentreof mass� = (� x ; � y) andthesum� .

I 0 op
� ! q
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Figure 2: Left: A robot pointing to its left side as seenfrom anotherrobot's camera.
Thechild robot trackstheadult robot in orderto keepit in thecentreof its visual �eld.
Centre:Featureextractionfor brightnessusinga threshold� . Right: Featureextraction
for horizontaledgesusingaSobeledgedetector.

whereq is theresultingscalarfeature.

I R

I L

L
I'

R
I'

I

q

q

v

op

opf

f R

L

Figure3: Featureextractionfrom theoriginalcameraimage.

Thefour �lters B120; B200; SH andSV togetherwith thethreeoperators� x ; � y and�
appliedto boththeleft andtheright sideof theimageI resultin 4 � 3 � 2 = 24 different
featuresqL and qR (see�gure 3). We take the differencesbetweenthe left and right
featuresresultingin 12new featuresv = qL � qR .

2.3 FeatureSelection

Weselectedasubsetof thefeaturesby applyingpruningmethods.This is doneby evalu-
atingasubsetof attributesby consideringtheindividualpredictiveability of eachfeature
alongwith the degreeof redundancy betweenthem. Subsetsof featuresthat arehighly
correlatedwith theclasswhilehaving low intercorrelationarepreferred.Themethodused
wasgreedyhillclimbing augmentedwith a backtrackingfacility providedby WEKA [7].
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Fromthe12featuresavailableto therobot,3 havebeenselectedto bethemostmeaning-
ful: B200 � � y, SH � � andSV � � . Their valuesfor all imagesaredepictedin �gure 4.
Intuitively, therobot lifting its armresultsin a verticalshift of brightnesson this sideof
theimage,anincreaseof horizontaledgesandadecreaseof verticaledgeson thisside.

Figure4: Most successfulscalarfeaturesfor pointinggesturerecognitionfrom animage
andthe frequency of their valuesin the imagedataset. The red valuesaretaken from
pointingtowardstheleft, theblueonesfrom pointingtowardstheright. Left: B200 � � y.
Centre:SH � � . Right: SV � � .

For comparison,we alsocalculatedthe threeleastsuccessfulfeatures.They turned
out to beB200 � � x ; B120 � � x andSV � � y.

3 Results

For learningthe pointing gesturerecognition,we useda multi-layer-perceptron(MLP)
with theselectedfeaturesasinput, 3 neuronsin thehiddenlayer, andthepointingdirec-
tion codedwith two neuronsasoutput. The learningalgorithmis backpropagationwith
a learningrate� = 0:3 andmomentumm = 0:2. Theevaluationis basedon a 10-fold
crossvalidation.

We chosebackpropagationasa supervisedlearningalgorithmwhich is comparable
to a reward-basedsystemin caseof a binary decision. The choiceof usingMLPs and
backpropagationis arbitraryandcanbereplacedby any othersuitablemachinelearning
techniqueinvolving reward. It is however suf�cient to show thatpointinggesturerecog-
nition canbeeasilylearnedbetweentwo robots.
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Table1: Learningresultsof differentinput featuresusing10-fold crossvalidationon the
datasetof 2300images.

features MLP successrate
best3 3-3-2 95:96%

worst3 3-3-2 50:74%
all 12 12-7-2 98:83%

Thesuccessratefor thethreechosenfeatures(�gure 4) is 95:96%(seetable3) usinga
3-3-2MLP andoneepochof training.Whenusingall the12differencevaluesv asinputs
to a 12-7-2MLP, the successrate increasesto 98:83%. The successrate for the worst
threefeaturesandoneepochof trainingis 50:74%, just slightly abovechance.

In �gure 5, the progressof learningcanbe monitored. The uppergraphshows the
error curve when the imagesof the pointing robot arepresentedin their naturalorder,
alternatingbetweenleft and right. The lower graphshows the error curve for images
presentedin a randomorder from a pre-recordedsequence.The error decreasesmore
rapidly in theorderedsequence,but varieswhenconditionsarechanged.

4 Discussion

Using a setupwith two robots,we showedthat pointinggesturedetectioncanbe easily
learnedwith a reward basedsystem.To the bestof our knowledge,this is the �rst ex-
perimenton pointingandpointinggesturerecognitionusingtwo robots. Earlier robotic
experimentsfocusedon gazeandpointing gesturerecognitionbetweena humananda
robot [8, 9]. A computationalmodelof reward-basedemergenceof gazefollowing was
presentedin CarlsonandTriesch[10]. Their �ndings which canprobablybe extended
to pointing interpretationarecompatiblewith ours. But therearestill otherhypotheses
abouttheorigin of pointinggesturedetection.

By theageof 9 months,thechild becomescapableof imperativepointing[11]. Point-
ing canfor instancebeusedto askfor anunreachableobject,but at this stage,thechild
doesnot monitor theattentionof theadult. Could it bepossiblethat thechild interprets
thepointinggesturesof othersin relationwith its own pointingability? Are mirror neu-
ronsplayinga role in this interpretation[12]? This remainsanunlikely hypothesis,since
no experimentalcorrelationhasbeenfoundin childrenbetweenthe learningof pointing
andthelearningof pointinggesturerecognition[13].

Anotherpossibilitycouldbethatsimply thecorrelationbetweenthepresenceof ob-
jectsin generalandpointinggesturesis suf�cient for learninghow to interpretpointing
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Figure5: Error of MLP duringlearning.Top: sequenceof imagesin naturalorder. Bot-
tom: randomorderof trainingimages.
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(without the necessityof an explicit feedback). It hasbeentestedin the caseof gaze
following in the context of a human-robotinteractionby Nagaiet al. [8] andfound to
be feasible. This hypothesisrelieson the assumptionthat the correlationis suf�ciently
strongto bediscoveredin practice.

Thereis no de�niti ve way of comparingtherelative plausibility of the rewardbased
andthecorrelationbasedhypothesis.It is possiblethata combinationof theseprocesses
is involvedin thelearningof pointinginterpretation.

5 Perspectives

Theinterpretationof pointingis only asmallpieceof thedevelopmentalpuzzlethatleads
to thecapabilityof joint attention.In particular, westill needto understandthedynamics
of social coordinationandof attentionmanipulation. More importantly, to reachjoint
attention,arobotmustmonitoranddirecttheintentionunderlyingthebehaviour of others
[1]. More experimentswill be neededto progressively understandthe developmentof
theseskills.
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