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Abstract

Thispaperexploresthehypothesishatpointinggestureecognitioncanbelearned
usinga reward basedsystem. An experimentwith two four-leggedrobotsis pre-
sented. One of the robotstakes the role of an adult andis pointing to an object,
the otherrobot, the learney hasto interpretthe pointing gesturecorrectlyin order
to nd the object. We discussthe resultsof this experimentin relationto possible
developmentakcenariogbouthow childrenlearnto interpretpointinggestures.

1 Intr oduction

The skill of pointinginterpretationis a crucial stepin the developmentof a youngchild

towardthe capabilityof joint attention[1]. It playsanimportantrole in thenon-linguistic
communicatiorsystemwhich senesasafoundationfor thedevelopmenof languagg?].

The comprehensionf pointing seemso requiremorethangazedetectionandmight be
connectedvith the apprehensionf comple signsbetweenl0 and 12 months[3]. How
doesthis capabilitydevelop?

This paperexploresthe hypothesighat pointing gesturerecognitionis learnedusing
areward-basedystem.This hypothesisassumesfor instancethatby looking in the di-
rectionwheretheadultis pointingto, thechild will oftenseesomethingnterestingirom
its point of view. It canbe aninterestin an opportunityfor learning[4] or in anobject
whichsenesacurrentneed(e.g.food). It canhapperthatby misinterpretinghepointing
directionthe child will also nd aninterestingobject,however, the hypothesisassumes
thatthereis a statisticallysigni cant correlationbetweenthe correctpointing direction
andinterestingobjects. Alternatively, the hypothesisconcernssituationswhere parents
reward the child with affection or anotheremotionalresponsef the child interpretsthe



adult's pointinggesturecorrectly In suchacasethechild would learnthe pointinginter-
pretationthrougha sortof parentalkconditioning.

Thelearningprocessn bothsituationssharesa commonunderlyingstructure.lt can
bemodelledasasupervisedearningprocessith the pointinggestureasthevisualinput,
andthelocationof the pointing aim, or the movementdirectionto look at this location,
asthe desiredoutput. The evaluationfeedbackis obtainedthroughthe reward, which is
thesatisactionof adrive in the rst caseandanemotionalresponsen the parentalcon-
ditioning case.

In therestof the paperwe will shav thata robotcanlearnto interpretpointing ges-
turesof anothermrobot usinga reward-basedgystem.We will thendiscussthe resultsof
this experimentin relationto potentialunderlyingmechanismslescribedn child devel-
opmentliterature.

2 Robot Experiments

2.1 The Interaction Scenario

Herewe describeandshav robot experimentswherea pointing gestureis learnedto be
classi ed as eitherleft or right. For theseexperimentstwo Sory AIBOs were sitting
on the oor, facingeachother(see gure 1). Oneof the robots(the adult) is randomly
pointingtowardsan objecton theleft or right sideof its body usingits left or right front
leg, respectrely. Theotherrobot (the child) is watchingit. Fromlooking at the pointing
gestureof the otherrobot, the learningrobot guesseshe directionandstartslooking for
anobjectonthis side.Findingtheobjectonthis siderepresentareward.

Sincethefocusof this experiments learningof pointingrecognitionandnot pointing,
this skill is hardwiredin theadultrobot. Therobotis visually trackinga colouredobject
onits left or right side,therebyfacingthe object. Pointingis achieved by simply copying
thejoint angleof the headto thejoint angleof thearm. Notethatthe pointingrobottakes
on anexactpointingpositionanddoesnot only distinguishbetweertheleft andtheright
side.

2.2 Image Processingand Feature Space

A samplecameramagefrom the robot's point of view canbe seenin gure 2 left. For
the experimentsthe robottook 2300picturesfocussingon its pointing partner 1150for
eachpointing direction. The situationsin which the pictureshave beentaken variedin
the distancebetweenthe two robots,the viewing angle,the lighting conditionsandthe



Figurel: An exampleof pointingshavn with two robots. Therobotontheleft represents
the adultwho is pointing, the robot on the right representshe child who is learningto
interpretthe pointinggesture.

backgroundgthreedifferentbackgrounds).

From the original cameraimage, a small numberof featureshasto be selectedto
facilitatethe learningof interpretingthe pointing gesture We decidedto applytwo main
lters totheimage.One lter extractsthebrightnesof theimage,theother lter extracts
horizontaland vertical edges. Thesechoicesare biologically motivated. Eyesarevery
sensitveto brightnesdevels,andedgesaretheindependentomponentsf naturalscenes

[5]. Theoriginalimagel is thustransformedo | usinga Iter f :

R

For both lters, the colourimageis transformednto greyscale rst with pixel values
between0 and 255 In the subsequensteps,the imageis divided into its left partand
its right part (see gure 3). This s justi ed by the robotalways centeringon the other
robot'sfaceusinganindependentobottrackingmechanismthusdividing theimageinto
theright half of the otherrobotandits left half.
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Thebrightnessiter B appliesathreshold to theimage,which setsall pixelswith
avaluegreaterthan to 255 andall othersto 0. For the experimentsyaluesof = 120
and = 200have beenused.For the edge Iter , we chosetwo Sobel lters S andSy
(se€]6]) which extractsthehorizontalandtheverticaledgesrespectrely. An exampleof
animagetransformedy the lters canbeseenn gure 2.

Tothe ltered imaged °, differentoperatoropcanbeappliedto extractlow-dimensional
featuresTheseoperatorsarethecentreof mass = ( 4; y) andthesum .

qu.pq
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Figure2: Left: A robot pointing to its left side as seenfrom anotherrobot's camera.
The child robottracksthe adultrobotin orderto keepit in the centreof its visual eld.
Centre: Featureextractionfor brightnesausinga threshold . Right: Featureextraction
for horizontaledgesusinga Sobeledgedetector

whereq is theresultingscalarfeature.
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Figure3: Featureextractionfrom the original cameramage.

Thefour Iters Biyg; B2go; Su andSy togethemwith thethreeoperators ; , and
appliedto boththeleft andtheright sideof theimagel resultin 4 3 2 = 24different
featuresq and g (see gure 3). We take the differencesbetweenthe left and right
featuregesultingin 12new featuresy = ¢ k.

2.3 Feature Selection

We selecteda subsebf thefeaturedoy applyingpruningmethods Thisis doneby evalu-
atinga subsebf attributesby consideringheindividual predictive ability of eachfeature
alongwith the degreeof redundang betweenthem. Subsetf featureshatare highly
correlatedwvith theclasswhile having low intercorrelatiorarepreferred. Themethodused
wasgreedyhillclimbing augmentedvith a backtrackingacility providedby WEKA [7].



Fromthe 12 featuresavailableto therobot, 3 have beenselectedo bethe mostmeaning-
ful: Bogo v, Sw andSy . Theirvaluesfor all imagesaredepictedin gure 4.
Intuitively, therobotlifting its armresultsin a vertical shift of brightneson this side of
theimage,anincreaseof horizontaledgesanda decreasef verticaledgeson this side.
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Figure4: Most successfuscalarfeaturedor pointinggesturerecognitionfrom animage
andthe frequeng of their valuesin the imagedataset. The red valuesare taken from
pointingtowardsthe left, the blue onesfrom pointingtowardstheright. Left: Bogo .
Centre:Sy . Right: Sy

For comparisonwe also calculatedthe threeleastsuccessfufeatures. They turned
outto beBzoo <. B120 X andSV y-

3 Results

For learningthe pointing gesturerecognition,we useda multi-layerperceptronMLP)
with the selectedeaturesasinput, 3 neuronsn the hiddenlayer, andthe pointing direc-
tion codedwith two neuronsasoutput. The learningalgorithmis backpropagatiomith
alearningrate = 0:3 andmomentumm = 0:2. Theevaluationis basedon a 10-fold
crossvalidation.

We chosebackpropagatioms a supervisedearningalgorithmwhich is comparable
to a reward-basedystemin caseof a binary decision. The choiceof usingMLPs and
backpropagatiors arbitraryandcanbe replacedoy ary othersuitablemachinelearning
techniquanvolving reward. It is however sufcient to show thatpointinggesturerecog-
nition canbe easilylearnedoetweertwo robots.



Tablel: Learningresultsof differentinput featuresusing10-fold crossvalidationon the
datasetf 2300images.

features| MLP | successate
best3 | 3-3-2 95.96%

worst3 | 3-3-2 50:74%
all12 | 12-7-2| 9883%

Thesuccessatefor thethreechoserfeatureq gure 4) is 95:96%(seetable3) usinga
3-3-2MLP andoneepochof training. Whenusingall the 12 differencevaluesv asinputs
to a 12-7-2MLP, the successateincreaseso 98:83% The succesgsate for the worst
threefeaturesandoneepochof trainingis 50:74% justslightly above chance.

In gure 5, the progressof learningcanbe monitored. The uppergraphshaows the
error curve whenthe imagesof the pointing robot are presentedn their naturalordet
alternatingbetweenleft andright. The lower graphshaows the error curve for images
presentedn a randomorderfrom a pre-recordedsequence.The error decreasesnore
rapidly in the orderedsequencehut varieswhenconditionsarechanged.

4 Discussion

Using a setupwith two robots,we shoved that pointing gesturedetectioncan be easily
learnedwith a reward basedsystem. To the bestof our knowledge,this is the rst ex-
perimenton pointing and pointing gesturerecognitionusingtwo robots. Earlier robotic
experimentsfocusedon gazeand pointing gesturerecognitionbetweena humanand a
robot[8, 9]. A computationamodelof reward-base@megenceof gazefollowing was
presentedn Carlsonand Triesch[10]. Their ndings which canprobablybe extended
to pointing interpretationare compatiblewith ours. But therearestill otherhypotheses
abouttheorigin of pointinggesturedetection.

By theageof 9 monthsthechild becomesapableof imperatve pointing[11]. Point-
ing canfor instancebe usedto askfor anunreachabl®bject,but at this stage the child
doesnot monitor the attentionof the adult. Couldit be possiblethatthe child interprets
the pointing gestureof othersin relationwith its own pointing ability? Are mirror neu-
ronsplayingarolein thisinterpretatior{12]? This remainsanunlikely hypothesissince
no experimentalcorrelationhasbeenfoundin childrenbetweerthe learningof pointing
andthelearningof pointinggesturerecognition[13].

Anotherpossibility could be that simply the correlationbetweenhe presencef ob-
jectsin generalandpointing gesturess sufcient for learninghow to interpretpointing
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Figure5: Error of MLP duringlearning. Top: sequenc®f imagesin naturalorder Bot-

tom: randomorderof trainingimages.



(without the necessityof an explicit feedback). It hasbeentestedin the caseof gaze
following in the context of a human-robointeractionby Nagaiet al. [8] andfoundto
be feasible. This hypothesigelies on the assumptiorthat the correlationis sufciently

strongto bediscoveredin practice.

Thereis no de niti ve way of comparingthe relative plausibility of the reward based
andthe correlationbasedhypothesislt is possiblethata combinationof theseprocesses
is involvedin thelearningof pointinginterpretation.

5 Perspectves

Theinterpretatiorof pointingis only asmallpieceof thedevelopmentapuzzlethatleads
to the capabilityof joint attention.In particular we still needto understandhe dynamics
of social coordinationand of attentionmanipulation. More importantly to reachjoint
attentionarobotmustmonitoranddirecttheintentionunderlyingthe behaiour of others
[1]. More experimentswill be neededo progressiely understandhe developmentof
theseskills.
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