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Abstract

Human developmentallearning is capableof
dealingwith the dynamicvisual world, speech-
baseddialogue,andtheir comple real-timeas-
sociation. However, the architecturethat real-
izes this for robotic cognitive developmenthas
not beenreportedin the past. This papertakes
upthis challenge Theproposedarchitectureloes
not requirea strict coupling betweenvisual and
auditorystimuli. Two majoroperationgontribute
to the “abstraction”process:multiscaletemporal
priming and high-dimensionahumeric abstrac-
tion throughinternalresponsewith reducedvari-
ance.As abasicprincipleof developmentalearn-
ing, the programmerdoesnot know the nature
of the world eventsat the time of programming
and, thus, hand-designedask-speci crepresen-
tationis not possible.We successfullytestedthe
architectureonthe SAIL robotunderanunprece-
dentedchallengingmultimodalinteractionmode:
usereal-timespeechlialogueasateachingsource
for simultaneousndincrementalisual learning
andlanguagecquisitionwhile therobotis view-
ing a dynamicworld that containsa rotating ob-
jectto whichthedialogueis referring.

1. Intr oduction

Semanticsacquisitionis a processof internalizingand
organizingthe context. Accordingly, a communication
processs aboutretrieving the appropriatecontets and
producingthe correspondingerbalbehaiors.

Both of thesetwo processesely on two important
mechanismsThe rst is multimodallearning.In thepro-
cessof cognitive developmentgchildrentake in andinte-
gratetheinformationfrom all the senses sight, hearing,
smell,touch,andtaste.Thereis evidenceshaving thatif

The work was supportedin part by National ScienceFounda-
tion undergrantNo. 11S 9815191,DARPA ETO undercontractNo.
DAANO02-98-C-4025andDARPA ITO undergrantNo. DABT63-99-
1-0014.

Juyang Weng

Departmenbf ComputerScienceandEngineering

Michigan StateUniversity
EastLansing,MI 48824
weng@cse.msu.edu

visual, auditory andtactile inputsnever have the chance
to occurtogether thereis no opportunityto develop an
integratedlinkage betweenwhatis seen,heardandfelt.
While the well-known supportingexperimentwas done
oncats(HirschandSpinelli, 19717), similar resultson hu-
man babieswere also reported(Bertenthaktal., 1984).
Further the information gatheredirom one modality is
usuallylimited andmaybeambiguousHereis anexam-
ple how the multimodal contet of the taskreduceshe
ambiguity Whenhearinga question‘name?”,an agent
may provide a nameof ary objectknown to the agent.
Only whena particularobjectis presentedganthe agent
respondcorrectlybecausehe fusion of vision andaudi-
tion reduceghe ambiguity

The second important mechanism is ground-
ing (Johnson1974 (Harnard,1990 (Chalmers,1992.
Grounding meansthat representationgnside an agent
should be connectedto their referencesin the exter
nal world. For example, the representatiorof “dog”
should be related to the presenceof actual dogs in
the ervironment. Groundingis accomplishedhrough
real-time sensoryexperiences. The fact that people
speakingdifferentlanguagegsancommunicatevith each
other through physical referenceds a supportfor the
importanceof grounding: since peoplesharethe same
physical world, we develop similar semanticsand we
cancommunicateevenwe do not have the samespolen
language.

In this paper we will shav that, using physicalprop-
ertiesof the real world (grounding),an embodiedagent
may acquireearly semanticonline in real-timethrough
multimodalinteractiongvision, speectandtouch)where
the strict-couplingassumptionis not needed. The de-
sign and the implementationof this learning architec-
turefollow the autonomousnentaldevelopment{AMD)
paradigm(Wengetal., 2001). Oneof the majorfeatures
of AMD is thata self-learnableobot shouldnot be pro-
grammedto conductone or a few known tasks. In-
stead,t shouldpossesa generattask-nonspeci dearn-
ing capability and develop task-speci ¢ skills through
real world sensoryexperiences. The work presented



here focuseson the early stage of languageacquisi-
tion relatedto sensorimotoiearning using multimodal
inputs. It does not include later languageacquisi-
tion processedhat require skills such as joint atten-
tion (Baldwin, 1995 (SteelsandKaplan,1999.

2. Problem Description

We would like arobotto autonomoushacquireearly se-
manticsfrom vision and audition, i.e., to learn appro-
priate behaviors given similar visual-auditorycontexts.
We aregoingto presenta robot systemthat cananswer
verbal questionsappropriately given visual stimuli of a
dynamicallyrotating object. This is an early semantics
acquisitionprocesswhich requiresthe robot to develop
visual andauditory perceptionandassociatezisuoaudi-
tory context with appropriatebehaiors, all in real time
(both learningand performancesessions).In our previ-
ouswork, a robot developedreal-timeauditionlearning
capability (ZhangandWeng,2001). However, real-time
multimodallearninghasraisednew challenges:

Visual representationof objects. To perceve objects
correctly in the ervironment, a robot must be able to
recognizethe objectsfrom differentorientations. Since
our goal is for a robot to handlevarious objectswith-
out humanpre-designedepresentationand, thus, learn
new things “on the y,” we usethe appearance-based
representatiomrather than the monolithic object-based
representationSee (Weng,2002 for a discussiorand
(Wengetal., 2000 for its usagen visualdevelopmental
learning.

Imperfect alignment. In the real world, the visual
presencef anobjectis usually coupledwith the related
auditorysignals,suchasthe noisemadeby the objector
the verbalnamegiven by a teacher However, this cou-
pling is not strictin thefollowing senses(1) Thevisual
appearancef an objectchangese.g.,the obsener may
view the objectfrom differentanglesandthe objectmay
rotateaswell. (2) With theauditorysensorymodality, the
meaningspreadver mary time frames,e.g.,the utter
anceof anobjectnamecoversmary auditoryframes.

Many existing works on multimodal learning rely
on the strict coupling between different modalities,
such as the lip movement and the produced ut-
terance (deSaandBallard,1998 (Huangetal.,1998.
Their successelieson a human-designedegmentation
of training sequenceand a manuallyassignedassocia-
tion betweereachsggmentandan atomicsymbolicrep-
resentatior(e.g, label). This manualtranscriptionis te-
dious andimpractical,and the approachesre not suit-
ablefor a robotrunningcontinuouslyin anunstructured
andcomplex ervironment. Moreover, pre-designedep-
resentatioris not possiblefor an unknowvn task. An in-
terestingecentstudy(Roy andPentland2002 proposed
a minimum-mutual-informatia-basedramenwork to re-
solve the imperfectalignmentproblem. However, in the
reportedexperimentalthoughthe auditorydatawasvery
challengingmotherbaby verbal interactions,the visual

stimuli were staticimagesof objects. In developmental
learning,the developmentablgorithmdoesnot explicitly
specify sgmentation.Instead segmentationis aninter-
nal behaior of theagents whenthe agentbecomegog-
nitively mature. In our researchwe view the imperfect
alignmentproblemasanabstractiorissueanduseawell-
designedarchitectureo realizethis fundamentamecha-
nism.

Theimperfectalignmentproblemis rootedin the fact
thatanobjectappearso therobotasasequencefimages
capturedcontinuouslyin time from differentviewpoints.
Unlessthe robot “knows” the sequencef imagescor-
respondto a single object, it will not establisha robust
correlationbetweenthe visual stimuli and the auditory
stimuli. Thereforewe needa representationponwhich
the robot cangroupthesedifferentimagesinto a single
cluster i.e. anobject, beforeary object-speci caction
canbelearned.

Fortunately thereis a very importantpropertyof the
physicalworld we may take advantageof, i.e., thetime
continuity. In therealworld, an objectdoesnot emege
from nothing and it doesnot disappearike a magic.
We may malke use of the sharedimage featuresof the
spatiotemporallycontiguousviews of an object. Mov-
ing in and out the agents eld of view, two consec-
utive views of an objectsare similar when the captur
ing speedis high enough. If we lter out the high-
frequeny componentsthe imageschangeeven more
slowly and may be consideredas identical in some
cases,which is exactly what we need. This underly-
ing mechanismis closely relatedto the object perma-
nence(Baillargeon,1987) (Bakeretal., 2001).

3. Architecture and Algorithm

The proposed architecture is built upon a regres-
sion engine,called hierarchicaldiscriminantregression
(HDR) (HwangandWeng,2000. Becauseof space
limit, we cannot go into the detailsof the method.Very
briey, the HDR techniqueautomaticallyderives dis-
criminating feature subspaces$n a coarse-to- neman-
ner from the input spaceto generatea tree architec-
ture of self-omanizationmemory It can handlehigh-
dimensionalthousand®f dimensionsyatain real-time,
which is crucial to a robot. Here, we useincremental
HDR (IHDR), whichis anincrementahlgorithmof con-
structinganHDR tree(Wengetal., 2000.

3.1 Level-tuilding Element

UsingIHDR treeswe designeda basicbuilding block of
multimodallearningarchitecture|evel-building element
(LBE). Shown in Fig. 1 is an exampleof an LBE tak-
ing two channel®f sensoryinputs,theauditorysensation
andtheactionsensation.
We call theinputto anIHDR treeasthe last context,
, While the output as the primed context, . A
primedcontext , consistsof threeparts,a primedsen-
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Figurel: A level-building element.

sationvector , aprimedactionvector , andavalue
associateavith the primedactionvector An IHDR tree
approximatesimapping sothat,

Thetwo IHDR treesin anLBE areidenticalexceptthe
bottomoneis associatedvith a prototypeupdatingqueue
(PUQ). We call the upperonethe reality tree or R-tree
andthe bottomonethe priming treeor P-tree The goall
of PUQ for the P-treeis to enablea looking-aheadfar
ther priming) mechanism.The PUQ maintainsa list of
pointersto theprimedcontextsretrievedby the P-tree. At
everytimeinstancegapointerto anewly retrievedprimed
context entersthe PUQ while the oldestone movesout.
Whenthe pointersarekeptin PUQ,the primedcontets
they pointto areupdatedwith arecursve modeladapted
from Q-learning(Watkins,1992):

@
is the primedcontext attime instance ,
representshe numberof times hasbeenupdated,
and is atime-discountate. is anamnesicparameter
usedto give moreweightonthenewer datapoints,which
is typically positive, e.g.,
ReoganizingEg. (1), we have:

where,

(2)
which shawvs that a primed context is up-
dated by averagingits last version and the

time-discountedversion of the current primed context
. In this way, theinformationembeddedn

thefuture context, in Eq. (1), isrecursvely
backpropagateihto earlierprimedcontets. Therefore,
Eq. (1) is effectively a predictionmodel. Whenanearlier
contet is recalled,it containsthe expectedfuture infor-
mation. This propertyof Eqg. (1) hasbeenusedin our
previouswork (ZhangandWeng,2002 to enablearobot
to learncomplex behaviors uponacquiringsimpleones.
Another interestingproperty of Eq. (1) is that it is
actually a low-pass Iter . With the recursve averaging

over the consecutie primedcontexts, the primedsensa-
tion partof theprimedcontetschangeslowly compared
to the correspondindast sensationsWe have discussed
that, in a real world, an objectdoesnot appearor dis-
appearas a magic. In otherwords, the presenceof an
objectitselfis alow-frequeng componentwhile theori-
entationchangesntroducesomehigh-frequeng compo-
nents.Thereforeywe mayusethelow-pass- Iteringprop-
erty of themodelto Iter outthehigh-frequeng compo-
nentsin the visual sensatiorgiving a low level abstrac-
tion. Theresultedslowly-changingprimedvisualcontext
is notsensitve to orientationchangesndenables robot
to toleratetheimperfectalignment.

TheLBE modulewasdesignedn ordertoful Il agen-
erallearningpurpose.In multimodallearningpresented
here,somecomponentsn the LBE modulearenot used
asyou will seein thealgorithmbelov. Becauseof page
limit, we do not discussthe LBE componentghat are
not usedin the multimodal learning architecture,such
asthe attentioncontrol signals the channelselectorand
the action selector If interestedthe readeris referred
to (ZhangandWeng,2002 for detaileddiscussions.

4. Multimodal Learning

4.1 LearningMechanism

Fig. 2 (a) shows the architecturenve usedto do early se-
manticdearning.It hasthreeLBE modulesavisionLBE

(V-LBE), an audition LBE (A-LBE), and a high-level

LBE (H-LBE). Theunderlyingideaof suchanarchitec-
tureis thatwhile A-LBE andV-LBE maywork individ-

ually to do certainsemanticdearning,their combination
in H-LBE canresohetheambiguousituationsvhennei-

ther of the two modalities,vision andaudition,contains
enoughinformationfor decision-making.

In oursystemthevisualsensatioris theoriginalimage
capturedoy a CCD camera.The programdoesnot have
pre-designedodefor detectingow-level featuresuchas
edgehistogram.Insteadjmportantdiscriminantfeatures
arederivedautomaticallyby the IHDR treesfrom experi-
enceghatincludethe labelinginformation(imposedac-
tions) provided by the trainer As will be shown in the
experiments,only very sparselabelsare neededabout
2% in time). The auditory sensationis capturedby a
soundblastercardthroughamicrophone We do Cepstral
analysison the original soundsignalsheforethe dataen-
ters A-LBE. Sincesoundis a linear signalin the sense
theinformationis distributedover a periodof time, each
auditory sensatiorvectoractually coverstwenty 18.1ms
speechframesasshown in the experimentaresults. The
primedsensationfrom the P-treesf bothV-LBE andA-
LBE areinputsto H-LBE. After thelow-passltering in
PUQ,theprimedsensatiomonly keepshelow-frequeny
component®f thelastcontext.

A high-level outline of the algorithmis as follows.
As one may notice, in this algorithm, the training (fea-
tured by words suchas “update”) and testing (featured
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Figure2: (a) Themultimodallearningsystemarchitecture(b) The SAIL robotat Michigan StateUniversity.

by wordssuchas“retrieval”) processeareembeddedo
eachotherin orderto make onlinelearningpossible.

1. Collectthesensatiorirom theauditorysensoy ,
the visual sensor , andthe actionsensor
(If anactionis imposedthroughthe touch sensors,
istheimposedaction.Otherwisejt istheaction
producedy the systemitself in thelastcomputation
loop.).

2. Updatethe P-treesof both V-LBE and A-LBE using
thelHDR learningalgorithm.

3. RetrievetheP-treesof bothV-LBE andA-LBE to get
a list of primed contexts, from which the oneswith
the highestprimedvalueareselectecanddenotedas

and , respectiely.

4. Updatethe PUQsof both V-LBE and A-LBE using
Eq. (2).

5. Take the primedsensatiorpart of and as
theinputto H-LBE.

6. Updatethe R-treeof H-LBE usingthelHDR learning
algorithm.

7. Retrieve the R-treeof H-LBE to geta list of primed
contets, from which the onewith the highestprimed
valueis selectechnddenotedas

8. Theprimedactionpartof is sentto effectorsfor

execution.
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Figure3: Theillustrative comparisorof usingandnot-usingthe
primedactionin decisionmaking.

4.2 Multimodal Abstraction

Theunderlyingreasorthattheabove architectureandal-
gorithm work, as shavn in the experiment,is that the
primed visual sensationis a blurred versionof the real
visual sensationAs aresult,theinputsto H-LBE do not
changea lot whenthe sameobjectwas presented.This
is an abstractionprocesswherethe cognitive actiities
reducethe varianceof the sensationkeepthe invariant
componentsandeventuallygeneratéheacquirecknowl-
edge(e.g.,thecorrectanswersfor otherequialentcon-
texts.

Theprimedactionsfrom thelower-level LBEswasnot
usedin the above algorithm. In fact, the primedactions
containvery usefulinformation. For example,the utter
ancesof a sameword vary from personto personand
eachword is typically composedf severalmodes.The
primedsensation®f A-LBE consistsof multiple modes



tooasshavnin Fig. 3. Consequentlythedecisionbound-
ary is complicatedin the spacespannecby the primed
sensationfrom bothV-LBE andA-LBE, whichgivesthe
recognizera hardtime. It is easyto imaginethatwhile
the utterance®of “name?” and“size” vary from people
to people,the internal response®f A-LBE do not. In

otherwords,becausé\-LBE doesdiscriminatetheverbal
questiort'size?” from “name?”the behaior (the output)
of A-LBE completesainotherabstractiorprocessi.e.,re-
ducingthe varianceof auditory sensatior(differentper

sons' utterancespy mappingit to A-LBE's internalre-
sponsesBy addingthe axisof the primedactionfrom A-

LBE, the clustersarewell-separatedasillustratedin the
3D spacein Fig. 3. Following this thought,we improve
the multimodallearningarchitectureabore by feedinga
primedaction patternfrom the two lower-level LBEs to
H-LBE. The primedactionpatternof A-LBE is givenby,

where is thetotal numberof primedcontexts retrieved
from the P-treesof A-LBE, is the primedvalueas-
sociatedwith the th primed context. Similarly, for V-
LBE, we have,

Thereasorthattheabove additionalinformationhelps
to improve performancecanbe explainedin termsof in-
formationtheory Let and representhe primed
sensatiorandthe primedaction, respectrely. Both
and arerandomvariables. Let and
be the pdf for “name” and “size”, respectiely. Let

and be thejoint pdf for “name”
and“size”, respectiely. We provein theappendix,

where is theKullback-Leiblerdistancerelative en-
tropy) betweentwo pdf. In otherwords, by including
primedactionin theinputto H-LBE, we increasdhedis-
criminantpower of the representationd, thus, expect
betterperformanceTheexperimentatesultsbelor shov
the effectiveness.

5. Experimental Results

We implementedhe multimodallearningarchitectureon
our house-madéuman-sizemobile robot (Fig. 2 (b)).
Therobothasa drive-basea six-joint robotarm,a neck,
andtwo pan-tilt unitson which two CCD camerageyes)
aremounted.A wirelessmicrophoneunctionsasanear
Our robot hasfour pressuresensorn its torsoand 28
touchsensor®nits eyes,arm,neck,andbumper Its on-
boardmaincomputelis an Xeon 2.2GHzdual-processor
workstationwith 1GB RAM. All thesensoryinformation

Babyl Baby2 HarryPotter Kitty Doggy  Girl
Ape Hugme Dwarf Minnie  Micky Winnie
Mouse Mouse thePooh

Figure4: Theobjectsusedin the experiment.

Figure5: Partof a sampleimagesequence.

processingmemoryrecallandupdate aswell aseffector
controlsaredonein real-timeon board.

The experimentwas donein the following way. Af-
ter our robotstartedrunning,the trainermountedobjects
one after anotheron the gripperof the robot andlet the
robotrotatethegripperin front of its eyesat the speedf
about3.6s per round. During rotation, the trainer ver-
bally aslked the questions,“name?” and “size?” And
thenthe trainergave the appropriateanswersy pushing
the switch sensorof the robot. Differentswitch sensor
statusrepresentedifferentanswers Particularly, one of
two sizes,large or small, was assignedo eachobject.
Sincethe objectswererotatedand movedin and out of
therobot's eld of view continuouslytheorientationand
the positionsof the objectskept changing. Therewere
hardly chanceghattherobot could seethe sameimages
of the objectswhenthe samequestionwas asked again.
A samplevideo sequenceeenby the robotis shovn in
Fig. 5. Totally 12 objectswerepresentedFig. 4) to the
robot. All thesereal-world objectswereof very comple
shapeandof non-rigidform (e.g.,Harry Potters hair). It
wasextremelydif cult, if notimpossibleto modelthem
using3-D representationdVe expectedtherobotto cor
rectly answerthe taughtquestionsvhenthe objectswere
presenteéndthe questionwereaskedthe next time.

Theimagesverecapturedy aMatroxMeteorll board
asgray-scaleimagesat 30 framesper second. The di-
mensionof the imageswas 25-by-20. The speechdata
were digitized at 11.025kHzby a normal soundblaster
card. Cepstralanalysiswas performedon the speech
streamand13-ordeMel-frequeng CepstralCoefcients
(MFCCs) were computedover 256-point wide frame



windows. Therewasanoverlapof 56 pointshetweertwo
consecutre frames. Therefore,the MFCCs enteredthe
auditory channelof the robot at the rate of about50Hz.
Twentyconsecutie MFCCvectorgogetheform asingle
auditorysensatiorvectot

To examinethebehavior of therobotin detailandeval-
uatethe performancewe pursuedan experimenton pre-
recordeddata rst. Theimagedataof eachobjectwere

ve video sequencesf the objectmoving in the robot's

eld of view, rotating for roughly one round, and then
moving out of therobot's eld of view. Eachimagese-
guencecontained350 frames. Frame1-50: background
images.Frame51-100:anobjectmoving to the centerof
therobot's eld of view. Framel01-300:the objectro-
tating alongits centeraxis. 301-350:the objectmoving
out of therobot's eld of view.

The auditorydatawastakenfrom the numberdataset
contributedby 10 people eachmaking ve utterancesor
eachof the ten numbersoneto ten. We usedthe utter
ancesof “one” to representname” and“two” to repre-
sent“size” During training, the switch sensotinputs (a
numericalvector) were given after the utterancesvere

nished, whichwasthetime therobotwastaughtthe an-

swers.Of all the ve setsof imageandspeechdata,we

usedfour of themin trainingandtheleft-out onefor test-

ing. So,with 12 objects,tenpersonsandtwo questions,
the robotwastaught960timesin trainingandevaluated
for 240timesin testing.

To emulatethe situationthat the trainerwould not be
ableto askquestionsconsistentlyto synchronizehe ob-
jectviews, werandomlychoosehepointto aligntheim-
age sequencesind speechsequences¢Fig. 6). Speci -
cally, the endpoint of questionsvasalignedwith image
No. 300 during training. Whentesting,it wasaligned
with imageNo. 100, 150, 200, 250, and 300, respec-
tively.

Thebehaior of therobotwasevaluatedn thefollow-
ing way. We countedthe numberof robot's responsesf-
ter eachquestionutterancewhich is usuallylarger than
one. If the majority of the responsesvere correct,we
countedthat the robot did correctly in this image se-
guence.Otherwise we countedit aswrong. Herecame
thecorrectanswerrate(C.A.R.),

CAR. —

where is the numberof imagesequencewith correct
majority responsesand s the total numberof image
sequencesWe denotethe rate for the algorithm using
only the primedsensatiorasC.A.R.1andthatusingboth
the primedsensatiorandthe primed actionasC.A.R.2.
Thecorrectansweratesareshavn in Fig. 7.

Particularly, whenthe questionsverealignedwith im-
ageframeNo. 250,the C.A.R.1andC.A.R.20f therobot
are 95.77%and 100%, respectiely. In the real world,
the visuoauditoryscenesduring testing were never ex-
actly sameasthoseduring training when the questions
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Figure 7. The two correctanswerratesof the robotv.s. the
guestionpositionsin eachimagesequence.

were asled. Whenthe question-positiordifferencebe-
tweentraining andtestingwasnotlarge, the robot main-
taineda high correctanswerrate. With the increaseof
the question-positiordifference the correctanswerrate
droppedgradually Also, during the time the objects
moving in or out of therobot's eld of view, therobot's
performancevaslow becausehe currentrobotdoesnot
have an attentionmechanisnto locatethe objectoff the
centerof its eld of view.

To seewhy the robot was able to respondwhen the
guestionsin testingwere not aslked at the exactly same
time asin training, we shav the primed sensatiorof V-
LBE in Fig. 8. Sincethe operationdonein the PUQ of
V-LBE was a low-pass ltering, the primed visual sen-
sationwasa blurredversionof the real visual sensation.
The resultwasthat the visual inputsto H-LBE did not
changealot in consecutie frameswhenthe sameobject
was presented.Thus, the robot was ableto answerthe
guestioncorrectlyevenit wastaughtwhile anothempose
of the objectwasseen.

Overall, the improvementfrom not using primed ac-
tion to usingis visible in Fig. 7. As we have explained
in Sectiord.2,theprimedactionpatterncatcheshechar
acteristicof the inputsto A-LBE, i.e., the questionsal-
thoughthe bestprimedactionof A-LBE is not likely to
beright. Theprimedactionpatterncontaindessvariance
thanthatof the primedsensationTherefore the primed
actionpatternprovidesanotherevel of abstraction.

In the real-time experiment, the verbal questions
(“name?” and“size?") wereasled followed by the an-
swersimposedthroughthe switch sensorsof the robot.
For eachobject,we usuallyissuedeachquestion ve to
six times. To make it easyfor the trainerto seethere-
sponseof the robot, we manually mappedthe robot's
actionvectorsto the namesof the objectsand usedMi-
crosofttext-to-speectsoftwareto readoutthenames Af-
ter goingthroughthreeobjects(baby1, dwarf, andgirl),
theobjectsweremountedonthegripperin turnagainand
the questionswere asled without giving answers. We
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Figure9: The averageexecutiontime of the multimodallearn-
ing systemat eachtime stepis muchshorterthan18.1ms,the
requiredinterval of eachspeectrame.

repeatedhe above processten times and the robot re-
spondedcorrectly at about90% of the time for all the
trainedthreeobjects.

Fig. 9 shawvs thatthe executiontime of eachstepgrew

atthe beginningandit attened out afterabout100 sec-

onds. The shortsumging period around100s, 150sand

210swerethetimeswhenwe changedhe objects.Since

thevisualcontext changedalot atthetime, thetreescon-

ductedextensive learningandrequiredmoretimein each
executionstep. But evenin theseperiods,the execution

time of eachstepis lower than 18.1ms the requiredin-
tenal of a single speechframe. The size of the whole
“brain” containingthree LBEs is about60MB after the

abovetrainingprocess.

6. Conclusions

In this paper we introduceda learningarchitecturethat
enablesa robot to learn visual and auditory perception
and associatiorfrom multiple modalities. Unlike most
of the existing works, this architecturedoesnot require
the strict coupling betweenvisual stimuli and auditory
stimuli. With this architecturea robotwasableto pur-

suereal-timesemanticdearningfor early cognitive de-
velopment.After online multimodalinteractve dialogue
training, the robot wasableto answerthe vision-related
guestionscorrectlyeven whenthe orientationof the ob-

jectswaschanged.This procesemulateshe way a hu-

manchild learnsconceptsf the physicalworld through
verbalinstructions.

The proposedlearning architecturetakes the advan-
tageof the spatiotemporatontinuity of the real world.
A more “abstract” numeric representatioris realized
throughsensontrajectory Itering (priming) andtheuse
of internalprimedactiondistribution. While the sensory
inputs vary greatly the internalresponsego the inputs
vary less,providing an abstrachonsymbolicrepresenta-
tion. The effective architecturedesigntogetherwith the
useof HDR retrieval engineenablethe robot to handle
very high-dimensionamultimodalsensoryinputsonline
in realtime. This progresss asolid steptowardsour ulti-
mategoalof autonomousnentaldevelopmenby arobot,
to learncomplex cognitive andbehavioral capabilitiesef-
fectively with alow trainingcost.

With thecurrentimplementationtherobotdid notdis-
criminatethe foregroundfrom thevisualbackgroundin
otherwords, the robot did not really have a clearobject
concept.lt essentialljtreatedthe wholeimageasa pat-
tern, with which the auditionsignalsandbehaiors were
associated.To achiere objectconceptlearning,among
otherrequirementsthe systemneedsa sophisticatedat-
tentionmechanismo establishthe boundof the objects
from thebackgroundThis voluntarysegmentatioris be-
yond the scopeof this paper Anotherlimitation of this
implementatioris thatthe actionof the systemwasde-
signedto be the outputof oneof thethreeLBEs, namely
H-LBE. Whenthe robot becomesognitively more ma-
ture,it shouldbeableto chooseheLBE, from whichthe
actionis taken. Thiswill beourfuturework.



Appendix

The relative entrogy, or Kullback-Leibler distancebe-
tweentwo densities and is de ned by

®3)

Thus,
where is thedifferentialentropy.
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