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Abstract

Human developmentallearning is capableof
dealingwith the dynamicvisual world, speech-
baseddialogue,and their complex real-timeas-
sociation. However, the architecturethat real-
izes this for robotic cognitive developmenthas
not beenreportedin the past. This papertakes
upthischallenge.Theproposedarchitecturedoes
not requirea strict couplingbetweenvisual and
auditorystimuli. Two majoroperationscontribute
to the“abstraction”process:multiscaletemporal
priming and high-dimensionalnumericabstrac-
tion throughinternalresponseswith reducedvari-
ance.As abasicprincipleof developmentallearn-
ing, the programmerdoesnot know the nature
of the world eventsat the time of programming
and, thus, hand-designedtask-speci�c represen-
tation is not possible.We successfullytestedthe
architectureon theSAIL robotunderanunprece-
dentedchallengingmultimodalinteractionmode:
usereal-timespeechdialogueasateachingsource
for simultaneousandincrementalvisual learning
andlanguageacquisition,while therobotis view-
ing a dynamicworld that containsa rotatingob-
ject to which thedialogueis referring.

1. Intr oduction

Semanticsacquisitionis a processof internalizingand
organizingthe context. Accordingly, a communication
processis aboutretrieving the appropriatecontexts and
producingthecorrespondingverbalbehaviors.

Both of thesetwo processesrely on two important
mechanisms.The�rst is multimodallearning.In thepro-
cessof cognitive development,childrentake in andinte-
gratetheinformationfrom all thesenses- sight,hearing,
smell,touch,andtaste.Thereis evidenceshowing thatif

�
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visual,auditory, andtactile inputsnever have thechance
to occur together, thereis no opportunityto develop an
integratedlinkagebetweenwhat is seen,heardandfelt.
While the well-known supportingexperimentwasdone
oncats(HirschandSpinelli,1971), similar resultsonhu-
man babieswere also reported(Bertenthalet al., 1984).
Further, the informationgatheredfrom one modality is
usuallylimited andmaybeambiguous.Hereis anexam-
ple how the multimodalcontext of the taskreducesthe
ambiguity. Whenhearinga question“name?”,an agent
may provide a nameof any object known to the agent.
Only whena particularobjectis presented,cantheagent
respondcorrectlybecausethe fusionof vision andaudi-
tion reducestheambiguity.

The second important mechanism is ground-
ing (Johnson,1974) (Harnard,1990) (Chalmers,1992).
Groundingmeansthat representationsinside an agent
should be connectedto their referencesin the exter-
nal world. For example, the representationof “dog”
should be related to the presenceof actual dogs in
the environment. Groundingis accomplishedthrough
real-time sensoryexperiences. The fact that people
speakingdifferentlanguagescancommunicatewith each
other through physical referencesis a support for the
importanceof grounding: sincepeoplesharethe same
physical world, we develop similar semanticsand we
cancommunicateevenwe do not have thesamespoken
language.

In this paper, we will show that,usingphysicalprop-
ertiesof the real world (grounding),an embodiedagent
may acquireearlysemanticsonline in real-timethrough
multimodalinteractions(vision,speechandtouch)where
the strict-couplingassumptionis not needed. The de-
sign and the implementationof this learning architec-
ture follow theautonomousmentaldevelopment(AMD)
paradigm(Wengetal., 2001). Oneof themajor features
of AMD is thata self-learnablerobotshouldnot bepro-
grammedto conductone or a few known tasks. In-
stead,it shouldpossessa generaltask-nonspeci�clearn-
ing capability, and develop task-speci�c skills through
real world sensoryexperiences. The work presented



here focuseson the early stageof languageacquisi-
tion relatedto sensorimotorlearningusing multimodal
inputs. It does not include later languageacquisi-
tion processesthat require skills such as joint atten-
tion (Baldwin,1995) (SteelsandKaplan,1999).

2. ProblemDescription

We would like a robotto autonomouslyacquireearlyse-
manticsfrom vision and audition, i.e., to learn appro-
priate behaviors given similar visual-auditorycontexts.
We aregoing to presenta robot systemthat cananswer
verbalquestionsappropriately, given visual stimuli of a
dynamicallyrotatingobject. This is an early semantics
acquisitionprocess,which requiresthe robot to develop
visualandauditoryperception,andassociatevisuoaudi-
tory context with appropriatebehaviors, all in real time
(both learningandperformancesessions).In our previ-
ouswork, a robot developedreal-timeauditionlearning
capability(ZhangandWeng,2001). However, real-time
multimodallearninghasraisednew challenges:

Visual representationof objects.To perceiveobjects
correctly in the environment, a robot must be able to
recognizethe objectsfrom differentorientations.Since
our goal is for a robot to handlevariousobjectswith-
out humanpre-designedrepresentation,and,thus, learn
new things “on the �y ,” we use the appearance-based
representationrather than the monolithic object-based
representation.See (Weng,2002) for a discussionand
(Wengetal., 2000) for its usagein visualdevelopmental
learning.

Imperfect alignment. In the real world, the visual
presenceof anobjectis usuallycoupledwith therelated
auditorysignals,suchasthenoisemadeby theobjector
the verbalnamegiven by a teacher. However, this cou-
pling is not strict in thefollowing senses.(1) Thevisual
appearanceof an objectchanges,e.g.,theobserver may
view theobjectfrom differentanglesandtheobjectmay
rotateaswell. (2) With theauditorysensorymodality, the
meaningspreadsover many time frames,e.g.,theutter-
anceof anobjectnamecoversmany 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) (Huanget al., 1998).
Their successrelieson a human-designedsegmentation
of training sequencesanda manuallyassignedassocia-
tion betweeneachsegmentandanatomicsymbolicrep-
resentation(e.g, label). This manualtranscriptionis te-
diousand impractical,and the approachesarenot suit-
ablefor a robot runningcontinuouslyin anunstructured
andcomplex environment. Moreover, pre-designedrep-
resentationis not possiblefor an unknown task. An in-
terestingrecentstudy(Roy andPentland,2002) proposed
a minimum-mutual-information-basedframework to re-
solve the imperfectalignmentproblem.However, in the
reportedexperiment,althoughtheauditorydatawasvery
challengingmother-baby verbal interactions,the visual

stimuli werestatic imagesof objects. In developmental
learning,thedevelopmentalalgorithmdoesnotexplicitly
specifysegmentation.Instead,segmentationis an inter-
nal behavior of theagent'swhentheagentbecomescog-
nitively mature. In our research,we view the imperfect
alignmentproblemasanabstractionissueanduseawell-
designedarchitectureto realizethis fundamentalmecha-
nism.

The imperfectalignmentproblemis rootedin the fact
thatanobjectappearsto therobotasasequenceof images
capturedcontinuouslyin time from differentviewpoints.
Unlessthe robot “knows” the sequenceof imagescor-
respondto a singleobject, it will not establisha robust
correlationbetweenthe visual stimuli and the auditory
stimuli. Therefore,we needa representationuponwhich
the robot cangroupthesedifferentimagesinto a single
cluster, i.e. an object,beforeany object-speci�caction
canbelearned.

Fortunately, thereis a very importantpropertyof the
physicalworld we may take advantageof, i.e., the time
continuity. In the realworld, an objectdoesnot emerge
from nothing and it doesnot disappearlike a magic.
We may make useof the sharedimagefeaturesof the
spatiotemporallycontiguousviews of an object. Mov-
ing in and out the agent's �eld of view, two consec-
utive views of an objectsare similar when the captur-
ing speedis high enough. If we �lter out the high-
frequency components,the 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) (Bakeret al., 2001).

3. Ar chitecture and Algorithm

The proposed architecture is built upon a regres-
sion engine,called hierarchicaldiscriminantregression
(HDR) (HwangandWeng,2000). Becauseof space
limit, we cannot go into thedetailsof themethod.Very
brie�y , the HDR techniqueautomaticallyderives dis-
criminating featuresubspacesin a coarse-to-�neman-
ner from the input spaceto generatea tree architec-
ture of self-organizationmemory. It can handlehigh-
dimensional(thousandsof dimensions)datain real-time,
which is crucial to a robot. Here, we useincremental
HDR (IHDR), which is anincrementalalgorithmof con-
structinganHDR tree(Wenget al., 2000).

3.1 Level-building Element

UsingIHDR trees,wedesignedabasicbuilding blockof
multimodallearningarchitecture,level-building element
(LBE). Shown in Fig. 1 is an exampleof an LBE tak-
ing two channelsof sensoryinputs,theauditorysensation
andtheactionsensation.

We call the input to an IHDR treeasthe last context,
������� , while the output as the primed context, �

����� . A
primedcontext � , consistsof threeparts,a primedsen-
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Figure1: A level-building element.

sationvector �

� , a primedactionvector ��� , anda value
associatedwith theprimedactionvector. An IHDR tree
approximatesamapping� sothat,

�

��������� � ������� ���

Thetwo IHDR treesin anLBE areidenticalexceptthe
bottomoneis associatedwith aprototypeupdatingqueue
(PUQ). We call the upperone the reality treeor R-tree
andthebottomonethepriming treeor P-tree. Thegoal
of PUQ for the P-treeis to enablea looking-ahead(far-
ther priming) mechanism.The PUQ maintainsa list of
pointersto theprimedcontextsretrievedby theP-tree.At
everytimeinstance,apointerto anewly retrievedprimed
context entersthe PUQ while the oldestonemovesout.
Whenthepointersarekept in PUQ,theprimedcontexts
they point to areupdatedwith a recursivemodeladapted
from Q-learning(Watkins,1992):
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(1)
where,�

	�

�

����� is theprimedcontext at time instance� , �

representsthenumberof times�

	�
"�

����� hasbeenupdated,
and � is a time-discountrate. � is anamnesicparameter
usedto givemoreweightonthenewerdatapoints,which
is typically positive,e.g., ���$# .

ReorganizingEq.(1), we have:
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which shows that a primed context �

	�
"�

����� is up-
dated by averaging its last version �

	�
������

����� and the
time-discountedversion of the current primed context

�

	�
*�����

���(�

�

� . In this way, theinformationembeddedin
thefuturecontext, �

	�
������

���+�

�

� in Eq.(1), is recursively
backpropagatedinto earlierprimedcontexts. Therefore,
Eq.(1) is effectively apredictionmodel.Whenanearlier
context is recalled,it containstheexpectedfuture infor-
mation. This propertyof Eq. (1) hasbeenusedin our
previouswork (ZhangandWeng,2002) to enablearobot
to learncomplex behaviorsuponacquiringsimpleones.

Another interestingproperty of Eq. (1) is that it is
actuallya low-pass�lter . With the recursive averaging

over theconsecutive primedcontexts, theprimedsensa-
tion partof theprimedcontextschangesslowly compared
to thecorrespondinglast sensations.We have discussed
that, in a real world, an object doesnot appearor dis-
appearas a magic. In other words, the presenceof an
objectitself is a low-frequency component,while theori-
entationchangesintroducesomehigh-frequency compo-
nents.Therefore,wemayusethelow-pass-�lteringprop-
erty of themodelto �lter out thehigh-frequency compo-
nentsin the visual sensationgiving a low level abstrac-
tion. Theresultedslowly-changingprimedvisualcontext
is notsensitiveto orientationchangesandenablesarobot
to toleratetheimperfectalignment.

TheLBE modulewasdesignedin orderto ful�ll agen-
eral learningpurpose.In multimodallearningpresented
here,somecomponentsin theLBE modulearenot used
asyou will seein thealgorithmbelow. Becauseof page
limit, we do not discussthe LBE componentsthat are
not usedin the multimodal learningarchitecture,such
astheattentioncontrolsignals,thechannelselector, and
the action selector. If interested,the readeris referred
to (ZhangandWeng,2002) for detaileddiscussions.

4. Multimodal Learning

4.1 LearningMechanism

Fig. 2 (a) shows thearchitecturewe usedto do earlyse-
manticslearning.It hasthreeLBE modules,avisionLBE
(V-LBE), an audition LBE (A-LBE), and a high-level
LBE (H-LBE). Theunderlyingideaof suchanarchitec-
ture is thatwhile A-LBE andV-LBE maywork individ-
ually to do certainsemanticslearning,their combination
in H-LBE canresolvetheambiguoussituationswhennei-
ther of the two modalities,vision andaudition,contains
enoughinformationfor decision-making.

In oursystem,thevisualsensationis theoriginalimage
capturedby a CCD camera.Theprogramdoesnot have
pre-designedcodefor detectinglow-level featuressuchas
edgehistogram.Instead,importantdiscriminantfeatures
arederivedautomaticallyby theIHDR treesfrom experi-
encesthat includethe labelinginformation(imposedac-
tions) provided by the trainer. As will be shown in the
experiments,only very sparselabelsare needed(about
2% in time). The auditory sensationis capturedby a
soundblastercardthroughamicrophone.WedoCepstral
analysison theoriginal soundsignalsbeforethedataen-
tersA-LBE. Sincesoundis a linear signal in the sense
theinformationis distributedover a periodof time,each
auditorysensationvectoractuallycoverstwenty18.1ms
speechframesasshown in theexperimentalresults.The
primedsensationsfrom theP-treesof bothV-LBE andA-
LBE areinputsto H-LBE. After thelow-pass�ltering in
PUQ,theprimedsensationonly keepsthelow-frequency
componentsof thelastcontext.

A high-level outline of the algorithm is as follows.
As onemay notice, in this algorithm, the training (fea-
tured by words suchas “update”) and testing(featured
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by wordssuchas“retrieval”) processesareembeddedto
eachotherin orderto makeonlinelearningpossible.

1. Collectthesensationfrom theauditorysensor, �

�

����� ,
thevisualsensor, ��� ����� , andtheactionsensor, �

�

�����

(If an action is imposedthroughthe touch sensors,
�

�

����� is theimposedaction.Otherwise,it is theaction
producedby thesystemitself in thelastcomputation
loop.).

2. UpdatetheP-treesof bothV-LBE andA-LBE using
theIHDR learningalgorithm.

3. RetrievetheP-treesof bothV-LBE andA-LBE to get
a list of primedcontexts, from which the oneswith
thehighestprimedvalueareselectedanddenotedas

�

�
����� and�

�

����� , respectively.

4. Updatethe PUQsof both V-LBE andA-LBE using
Eq.(1).

5. Take theprimedsensationpartof �

�
����� and �

�

����� as
theinput to H-LBE.

6. UpdatetheR-treeof H-LBE usingtheIHDR learning
algorithm.

7. Retrieve theR-treeof H-LBE to geta list of primed
contexts,from which theonewith thehighestprimed
valueis selectedanddenotedas���

����� .

8. Theprimedactionpartof �
�

����� is sentto effectorsfor
execution.
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4.2 MultimodalAbstraction

Theunderlyingreasonthattheabovearchitectureandal-
gorithm work, as shown in the experiment,is that the
primed visual sensationis a blurred versionof the real
visualsensation.As a result,theinputsto H-LBE do not
changea lot whenthe sameobjectwaspresented.This
is an abstractionprocess,wherethe cognitive activities
reducethe varianceof the sensation,keepthe invariant
components,andeventuallygeneratetheacquiredknowl-
edge(e.g.,thecorrectanswers)for otherequivalentcon-
texts.

Theprimedactionsfrom thelower-level LBEswasnot
usedin the above algorithm. In fact, theprimedactions
containvery usefulinformation. For example,theutter-
ancesof a sameword vary from personto personand
eachword is typically composedof severalmodes.The
primedsensationsof A-LBE consistsof multiple modes



tooasshown in Fig.3. Consequently, thedecisionbound-
ary is complicatedin the spacespannedby the primed
sensationsfrom bothV-LBE andA-LBE, whichgivesthe
recognizera hardtime. It is easyto imaginethat while
the utterancesof “name?” and“size” vary from people
to people,the internal responsesof A-LBE do not. In
otherwords,becauseA-LBE doesdiscriminatetheverbal
question“size?” from “name?”thebehavior (theoutput)
of A-LBE completesanotherabstractionprocess,i.e.,re-
ducingthe varianceof auditorysensation(differentper-
sons' utterances)by mappingit to A-LBE' s internalre-
sponses.By addingtheaxisof theprimedactionfrom A-
LBE, theclustersarewell-separatedasillustratedin the
3D spacein Fig. 3. Following this thought,we improve
themultimodallearningarchitectureabove by feedinga
primedactionpatternfrom the two lower-level LBEs to
H-LBE. Theprimedactionpatternof A-LBE is givenby,
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where � is thetotal numberof primedcontexts retrieved
from theP-treesof A-LBE,

�
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����� is theprimedvalueas-
sociatedwith the � th primed context. Similarly, for V-
LBE, we have,
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Thereasonthattheaboveadditionalinformationhelps
to improveperformancecanbeexplainedin termsof in-
formationtheory. Let
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where
�

��� � is theKullback-Leiblerdistance(relativeen-
tropy) betweentwo pdf. In other words, by including
primedactionin theinput to H-LBE, weincreasethedis-
criminantpower of the representationand, thus,expect
betterperformance.Theexperimentalresultsbelow show
theeffectiveness.

5. Experimental Results

Weimplementedthemultimodallearningarchitectureon
our house-madehuman-sizemobile robot (Fig. 2 (b)).
Therobothasa drive-base,a six-joint robotarm,a neck,
andtwo pan-tilt unitson which two CCD cameras(eyes)
aremounted.A wirelessmicrophonefunctionsasanear.
Our robot hasfour pressuresensorson its torsoand28
touchsensorson its eyes,arm,neck,andbumper. Its on-
boardmaincomputeris anXeon2.2GHzdual-processor
workstationwith 1GBRAM. All thesensoryinformation

Baby1 Baby2 HarryPotter Kitty Doggy Girl

Ape Hugme Dwarf Minnie Micky Winnie
Mouse Mouse thePooh

Figure4: Theobjectsusedin theexperiment.

Figure5: Partof a sampleimagesequence.

processing,memoryrecallandupdate,aswell aseffector
controlsaredonein real-timeonboard.

The experimentwasdonein the following way. Af-
ter our robotstartedrunning,thetrainermountedobjects
oneafter anotheron the gripperof the robot andlet the
robotrotatethegripperin front of its eyesat thespeedof
about3.6sper round. During rotation, the trainer ver-
bally asked the questions,“name?” and “size?” And
thenthetrainergave theappropriateanswersby pushing
the switch sensorsof the robot. Differentswitch sensor
statusrepresenteddifferentanswers.Particularly, oneof
two sizes,large or small, was assignedto eachobject.
Sincethe objectswererotatedandmoved in andout of
therobot's �eld of view continuously, theorientationand
the positionsof the objectskept changing. Therewere
hardlychancesthat therobotcouldseethesameimages
of theobjectswhenthe samequestionwasasked again.
A samplevideo sequenceseenby the robot is shown in
Fig. 5. Totally 12 objectswerepresented(Fig. 4) to the
robot.All thesereal-world objectswereof verycomplex
shapeandof non-rigidform (e.g.,Harry Potter'shair). It
wasextremelydif�cult, if not impossible,to modelthem
using3-D representations.We expectedtherobotto cor-
rectlyanswerthetaughtquestionswhentheobjectswere
presentedandthequestionwereaskedthenext time.

Theimageswerecapturedby aMatroxMeteorII board
as gray-scaleimagesat 30 framesper second. The di-
mensionof the imageswas25-by-20. The speechdata
weredigitized at 11.025kHzby a normalsoundblaster
card. Cepstralanalysiswas performedon the speech
streamand13-orderMel-frequency CepstralCoef�cients
(MFCCs) were computedover 256-point wide frame



windows.Therewasanoverlapof 56pointsbetweentwo
consecutive frames. Therefore,the MFCCsenteredthe
auditorychannelof the robot at the rateof about50Hz.
TwentyconsecutiveMFCCvectorstogetherform asingle
auditorysensationvector.

To examinethebehavior of therobotin detailandeval-
uatetheperformance,we pursuedanexperimenton pre-
recordeddata�rst. The imagedataof eachobjectwere
� ve videosequencesof theobjectmoving in the robot's
�eld of view, rotating for roughly one round, and then
moving out of the robot's �eld of view. Eachimagese-
quencecontained350 frames.Frame1-50: background
images.Frame51-100:anobjectmoving to thecenterof
the robot's �eld of view. Frame101-300:theobjectro-
tatingalongits centeraxis. 301-350:theobjectmoving
outof therobot's �eld of view.

Theauditorydatawastakenfrom thenumberdataset
contributedby 10people,eachmaking� veutterancesfor
eachof the ten numbers,oneto ten. We usedthe utter-
ancesof “one” to represent“name” and“two” to repre-
sent“size.” During training, the switch sensorinputs(a
numericalvector) were given after the utteranceswere
�nished, whichwasthetime therobotwastaughtthean-
swers.Of all the � ve setsof imageandspeechdata,we
usedfour of themin trainingandtheleft-outonefor test-
ing. So,with 12 objects,tenpersons,andtwo questions,
therobotwastaught960 timesin trainingandevaluated
for 240timesin testing.

To emulatethe situationthat the trainerwould not be
ableto askquestionsconsistentlyto synchronizetheob-
jectviews,werandomlychoosethepoint to aligntheim-
agesequencesand speechsequences(Fig. 6). Speci�-
cally, theendpoint of questionswasalignedwith image
No. 300 during training. When testing,it wasaligned
with imageNo. 100, 150, 200, 250, and 300, respec-
tively.

Thebehavior of therobotwasevaluatedin thefollow-
ing way. We countedthenumberof robot's responsesaf-
ter eachquestionutterance,which is usuallylarger than
one. If the majority of the responseswere correct,we
countedthat the robot did correctly in this image se-
quence.Otherwise,we countedit aswrong. Herecame
thecorrectanswerrate(C.A.R.),

C.A.R. �

�

�

���

where�

� is thenumberof imagesequenceswith correct
majority responsesand �

� is the total numberof image
sequences.We denotethe rate for the algorithm using
only theprimedsensationasC.A.R.1andthatusingboth
the primedsensationandthe primedactionasC.A.R.2.
Thecorrectanswerratesareshown in Fig. 7.

Particularly, whenthequestionswerealignedwith im-
ageframeNo. 250,theC.A.R.1andC.A.R.2of therobot
are 95.77%and 100%, respectively. In the real world,
the visuoauditoryscenesduring testingwere never ex-
actly sameas thoseduring training when the questions
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were asked. When the question-positiondifferencebe-
tweentrainingandtestingwasnot large,therobotmain-
taineda high correctanswerrate. With the increaseof
the question-positiondifference,the correctanswerrate
droppedgradually. Also, during the time the objects
moving in or out of the robot's �eld of view, the robot's
performancewaslow becausethecurrentrobotdoesnot
have an attentionmechanismto locatetheobjectoff the
centerof its �eld of view.

To seewhy the robot was able to respondwhen the
questionsin testingwerenot asked at the exactly same
time asin training,we show theprimedsensationof V-
LBE in Fig. 8. Sincethe operationdonein the PUQ of
V-LBE wasa low-pass�ltering, the primedvisual sen-
sationwasa blurredversionof the realvisualsensation.
The result was that the visual inputs to H-LBE did not
changea lot in consecutive frameswhenthesameobject
waspresented.Thus, the robot wasable to answerthe
questioncorrectlyevenit wastaughtwhile anotherpose
of theobjectwasseen.

Overall, the improvementfrom not usingprimedac-
tion to usingis visible in Fig. 7. As we have explained
in Section4.2,theprimedactionpatterncatchesthechar-
acteristicof the inputsto A-LBE, i.e., the questions,al-
thoughthebestprimedactionof A-LBE is not likely to
beright. Theprimedactionpatterncontainslessvariance
thanthatof theprimedsensation.Therefore,theprimed
actionpatternprovidesanotherlevel of abstraction.

In the real-time experiment, the verbal questions
(“name?” and“size?”) wereasked followed by the an-
swersimposedthroughthe switch sensorsof the robot.
For eachobject,we usuallyissuedeachquestion� ve to
six times. To make it easyfor the trainerto seethe re-
sponseof the robot, we manually mappedthe robot's
actionvectorsto the namesof the objectsandusedMi-
crosofttext-to-speechsoftwareto readoutthenames.Af-
ter goingthroughthreeobjects(baby1, dwarf, andgirl),
theobjectsweremountedonthegripperin turnagainand
the questionswere asked without giving answers. We
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Figure6: Thealignmentof imageandspeechdata(a) duringtraining(b) duringtesting.

Figure8: A samplesequenceof theprimedvisualsensation.
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Figure9: Theaverageexecutiontime of themultimodallearn-
ing systemat eachtime stepis muchshorterthan18.1ms,the
requiredinterval of eachspeechframe.

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

Fig. 9 shows thattheexecutiontime of eachstepgrew
at thebeginningandit �attened out afterabout100sec-
onds. The short surging period around100s,150sand
210swerethetimeswhenwe changedtheobjects.Since
thevisualcontext changeda lot at thetime,thetreescon-
ductedextensivelearningandrequiredmoretime in each
executionstep. But even in theseperiods,theexecution
time of eachstepis lower than18.1ms,the requiredin-
terval of a single speechframe. The sizeof the whole
“brain” containingthreeLBEs is about60MB after the

abovetrainingprocess.

6. Conclusions

In this paper, we introduceda learningarchitecturethat
enablesa robot to learn visual and auditory perception
and associationfrom multiple modalities. Unlike most
of the existing works, this architecturedoesnot require
the strict coupling betweenvisual stimuli and auditory
stimuli. With this architecture,a robot wasableto pur-
suereal-timesemanticslearningfor early cognitive de-
velopment.After onlinemultimodalinteractivedialogue
training, the robot wasableto answerthe vision-related
questionscorrectlyeven whentheorientationof the ob-
jectswaschanged.This processemulatestheway a hu-
manchild learnsconceptsof thephysicalworld through
verbalinstructions.

The proposedlearning architecturetakes the advan-
tageof the spatiotemporalcontinuity of the real world.
A more “abstract” numeric representationis realized
throughsensorytrajectory�ltering (priming)andtheuse
of internalprimedactiondistribution. While thesensory
inputs vary greatly, the internal responsesto the inputs
vary less,providing anabstractnonsymbolicrepresenta-
tion. The effective architecturedesigntogetherwith the
useof HDR retrieval engineenablethe robot to handle
very high-dimensionalmultimodalsensoryinputsonline
in realtime. Thisprogressis asolidsteptowardsourulti-
mategoalof autonomousmentaldevelopmentby arobot,
to learncomplex cognitiveandbehavioral capabilitiesef-
fectively with a low trainingcost.

With thecurrentimplementation,therobotdid notdis-
criminatetheforegroundfrom thevisualbackground.In
otherwords,the robot did not really have a clearobject
concept.It essentiallytreatedthewhole imageasa pat-
tern,with which theauditionsignalsandbehaviors were
associated.To achieve object conceptlearning,among
otherrequirements,the systemneedsa sophisticatedat-
tentionmechanismto establishthe boundof the objects
from thebackground.Thisvoluntarysegmentationis be-
yond the scopeof this paper. Anotherlimitation of this
implementationis that the actionof the systemwasde-
signedto betheoutputof oneof thethreeLBEs,namely
H-LBE. Whenthe robot becomescognitively morema-
ture,it shouldbeableto choosetheLBE, from which the
actionis taken.Thiswill beour futurework.



Appendix

The relative entropy, or Kullback-Leibler distancebe-
tweentwo densities� and � is de�ned by
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where� � � � is thedifferentialentropy.
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