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Abstract— We are developing a intelligent robot and attempt-
ing to teach it language.While there are many aspectsof this
research, for the purposes here the most important are the
following ideas. Language is primarily based on semantics,not
syntax, which is still the focus in speechrecognition research
these days. To truly learn meaning, a language engine cannot
simply be a computer program running on a desktop computer
analyzing speech.It must be part of a more general, embodied
intelligent system, one capable of using associative learning to
form conceptsfr om the perception of experiencesin the world,
and further capableof manipulating thoseconceptssymbolically.
This paper explores the use of hidden Mark ov models (HMMs)
in this capacity. HMMs are capable of automatically learning
and extracting the underlying structur e of continuous-valued
inputs and representingthat structur e in the statesof the model.
Thesestatescan then be tr eated as symbolic representationsof
the inputs. We show how a model consisting of a cascadeof
HMMs can be embedded in a small mobile robot and used
to learn correlations among sensory inputs to create symbolic
concepts,which will be usedfor decisionmaking and eventually
be manipulated linguistically.

Index Terms— hidden Mark ov model, developmental robotics,
hierarchical model, semantic learning, online learning.

I . INTRODUCTION

COGNITIVE developmenthas been studied in various
environments—onthe playgroundby the psychologist,

under the microscopeby the neuroscientist,and in the arm-
chair by the philosopher. Our study occursin a roboticslab,
where we attemptto embodycognitive modelsin steel and
silicon.

How did we choosethis particularhabitat?First and fore-
most, we are scientistsand engineers,which immediately
suggestsforming theoriesand building things to test them.
The particularquestionwe are examining is oneof the most
fascinatingquestionsthat hasbeenasked in the last century:
Canmachinesthink?

Alan Turing raised this very questionback in 1950. He
introducedthe ideaof a machineengagingin “pure thought”
and communicatingto the world via teletypewriter. As an
answerto TheQuestion,hesuggestedthatwhenthemachine's
discourse(via teletype)wasindistinguishablefrom a human's,
we could say that the machinewas thinking. He goes on
at the end of the paper to suggestthat initially, machines
could perhapslearn to competewith men at some purely
intellectualtask,suchaschess,but then,he suddenlypresents
an alternative approachfor creatingmachineintelligence:

It canalsobemaintainedthatit is bestto provide the
machinewith the bestsenseorgansthat money can
buy, and then teachit to understandand speakEn-
glish. This processcouldfollow thenormalteaching
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of a child. Thingswould be pointedout andnamed,
etc. [1, p. 460]

Most arti�cial intelligenceresearchhas followed the former
proposal.We believe the latter methodholdsmorepromise.

As scientists,we start with a hypothesis.Our hypothesis
forms a constructive theoryof mind, andcanbe summarized
as follows. We believe that human intelligence,and hence
language,is primarily semantic.We believe that the mind
forms semanticconceptsthrough the associationof events
close togetherin time, or events or cues close togetherin
space,or both. We further believe that an integratedsensory-
motorsystemis necessaryto groundtheseconceptsandallow
the mind to form a semanticrepresentationof reality—there
is no suchthing asa disembodiedmind.

To testourhypothesis,wearedevelopinga roboticplatform,
completewith basicsensory-motorandcomputingcapabilities.
The sensory-motorcomponentsare functionally equivalent
to their humanor animal counterparts,and include binaural
hearing,stereovision, tactile sense,and basicproprioceptive
control.On top of thesecomponents,our groupis implement-
ing variousprocessingandlearningmodels,with the intention
of creatingandaiding semanticunderstanding.Our goal is to
producea robot that will learn to understandand carry out
simple tasksin responseto naturallanguagerequests.

At this point in time, we have alreadydevelopeda robust
basesystemand conducteda numberof experimentson the
way to our goalof a language-learningrobot.In particular, we
have developedthe basic hardware and software framework
necessaryfor our work, have run numerousexperimentsto
study ideasin learning,memory and behavior. The primary
contribution of this paperis an associative semanticmemory
basedon hiddenMarkov models(HMMs) andbuilt aspart of
the robot's cognitive system.

Various researchers[2]–[15] study aspectsof cognition
using robotics; see[16] for a recentsurvey. One key aspect
of our projectdifferentfrom mostotherwork is our focuson
languagelearningand interactionas a basisfor higher level
learning.

A. RobotDesignand Construction

The �o w diagramdepictedin Fig. 1 hasguidedthe design
of both the physicalandcognitive aspectsof our robots.This
diagramshowsthe�o w of cognitionthroughthebody(somatic
system),mind (noeticsystem),andoutsideworld.

The sensory and motor systemsform the basis of the
somaticsystem–thebody. As mentionedabove,webelievethat
interactionwith the world througha sensory-motorsystemis
a prerequisitefor cognition. Ideally, we would like our robot
to perceive the world using a human-like set of senses,and
have the ability to explore andmanipulateits environment.
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Fig. 1. Flow of Cognition.The designof our robotic systemwasguidedby
this diagram.

Fig. 2. Robots:Illy, Alan, andNorbert.Alan is an older modelTrilobot.

As suggestedby Fig. 1, cognitionhasa physicalcomponent
(i.e., the brain is part of the somaticsystem),but its function,
althoughconstrainedby theunderlyingphysicalcomponent,is
often consideredseparately. Taking a cuefrom psychologists,
we modelthis functionalaspectof cognitionasan associative
memory for long-term storage,and a working memory for
immediateinformationanddecisionmaking.

To realize this system, we chose to work with Arrick
Robotics' Trilobot, whosebasicanthropomorphiccapabilities
are completeenoughto suit our purposes.In particular, the
robot canmove freely over level surfaces,canmove its head,
andcanuseits arm to manipulatecommonobjects,allowing
relatively complex behaviors. For sensoryinput, the robot has
a numberof touchandothersensorsavailable.We have added
camerasand microphonesfor stereovision and hearing,and
an on-boardcomputerprocessingandwirelessnetworking for
distributedprocessing.For this processing,we have developed
a robust distributed computing framework to managethe
actualdatatransmissionandprocessing,with variousmodules
for sensorydata processing,learning, decisionmaking, and
control.

We currentlyhave threesuchrobots,whomwe have named
Alan, Illy and Norbert (see Fig. 2). We are continuing to
develop andre�ne them.

B. AssociativeLearningand Memory

Throughevolution andin our earlychildhooddevelopment,
we �rst learnto understandthe world by associatingsensory-
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Fig. 3. Associative learningscenario.The robot is attemptingto learn the
boy's modelof the world.
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Fig. 4. The conceptof apple, as a relationshipamongsensoryinputs and
otherknowledge.

motor eventsandcues[17]. Someexamplesinclude learning
what happenswhen one touchesa hot burner, learning to
associatethe sight andsmell of �re, andlearningto associate
a word with an event or someother co-occurringcue. Here,
we will describea modelof associative semanticlearning.

One necessarycondition for effective communicationbe-
tweentwo people(or even a personanda robot) is that they
sharea similar modelof the world—that they canexperience
the world in similar ways and understanda similar set of
concepts.Oneway of posingthe problemof robotic language
acquisition, then, is that a robot should to learn a model
of the world through verbal interactionswith a human, as
suggestedby Fig. 3. This �gure shows an interactionbetween
two subjects,a boy anda robot, eachwith his own cognitive
model of the world. The immediategoal of the robot is to
learnthe cognitive model the boy is usingto comprehendthe
immediateenvironment.As the robot learnsthe boy's model
of the world, it canusethat modelwhenmakingdecisions.

For our purposes,we will assumethat the boy's cognitive
model containsthe boy's semanticknowledgeof the world,
encodedasconcepts. A recurringthemein our researchis the
idea that our understandingof the world is intimately related
to our senses,and so, as suggestedby Fig. 4, conceptssuch
as apple are learnedand recognizedthrough corresponding
sensoryinputsandother relatedknowledge.In order to form
conceptssimilar to theboy's,therobotmustthereforelearnas-
sociationsamongrelatedsensoryinputsfrom multiple senses.

Fig. 5 shows this idea in an abstract,simpli�ed manner.
Each submodelin this �gure is a classi�er. Classesin the
visual modelcorrespondto aspectsof the differentobjectsin
its environment,including suchthingsas colors,shapes,tex-
tures,or typesof motion.Classesin theaudiomodelrepresent
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Fig. 5. Visual/auditoryconceptlearning.Thevisualandauditorymodelsform
discreterepresentations(classi®cations)of correspondingsensoryinputs,and
the conceptmodel learnscommonco-occurancesof theserepresentations.

uniqueaudio cues,including speech.For the conceptmodel,
classesrepresentconceptsandareformedfrom frequentlyco-
occurringaudio andvisual inputs.Learningin all submodels
is unsupervised.

As an example, supposethat the world containsapples,
oranges,andbananas.As the robot explores,its visual model
will be presentedrepeatedlywith featuresfrom the various
objects(suchas shapeandcolor information),and will form
classescorrespondingto thevisual aspectsof apples,oranges,
and bananas.Additionally, auditory featuresfrom words or
soundscorrespondingto the objectswill be presentedto the
auditory model, and it will form classescorrespondingto
commonlyrepeatedsoundsor words,suchas“apple,” “round,”
or (perhaps)non-speechrelatedsounds.The classi�cationsof
the audioandvisual inputsby thesemodelswill be presented
to the conceptmodel,which will form classesfor commonly
co-occuringinputs, correspondingto, e.g., shapes,colors, or
object names.We have implementedthe associative memory
modelpresentedhereasa cascadeof HMMs.

The rest of this paperproceedsas follows. Sincethey are
the basisfor our model, we introduceHMMs in SectionII.
We also include an online training algorithm for HMMs in
this section.SectionIII describesour HMM-cascademodelin
abstractform, andSectionIV describeshow we usethemodel
for conceptlearning,including simulationresults.The actual
implementationof the memorymodel on our robot required
somedesignchanges.We describethesechangesand other
practical mattersin SectionV, and give someexperimental
resultsfrom our robot runs in SectionVI. SectionVII gives
someconclusionsand future directions.

I I . HIDDEN MARKOV MODELS

A. Description

An HMM is a discrete-timestochasticprocesswith two
components,f X n ; Yn g, where (i) f X n g is a �nite-state
Markov chain, and (ii) given f X n g, f Yn g is a sequenceof
conditionally independentrandomvariables.The conditional

distribution of Yk dependson f X n g only through X k . The
namehiddenMarkov modelarisesfrom the assumptionthat
f X n g is not observable, and so its statistics can only be
ascertainedfrom f Yn g.

HMMs have many interestingfeaturesthatcanbeexploited
for conceptlearning.As notedpreviously, conceptsareformed
from the correlation in time amongevents.HMMs by con-
struction have a notion of sequence,and have proven quite
effective at learning time seriesand spatial models in such
areasas speechprocessing[18] and computationalbiology
[19]–[21]. This characteristicof HMMs provides a useful
startingpoint for learningtime-basedcorrelations.

Another property of HMMs useful for learning concepts
is their ability to discover structurein input data.Cave and
Neuwirth [22] demonstratedthis capabilityby training a low-
order ergodic HMM on text. They found that the statesof
the modelrepresentedbroadcategoriesof letters,discovering
some of the underlying structure of the text. Poritz [23]
developeda similar model for speechdata, and Ljolje and
Levinson [24] created a speechrecognizer based on this
type of model. Our hierarchicalmodel exploits this natural
capability of HMMs to discover structurein order to learn
higher level concepts.

Finally, in addition to their familiar role as recognizers,
HMMs can be used in a generative capacity. In particular,
whenplacedin a hierarchy, we candrive thevariousHMMs to
producesequencesof statesandcorrespondingoutput,roughly
simulatingsequencesof thoughts.

Somecharacteristicsof HMMs are not as useful for our
work, however. Two of the most commonmethodsusedfor
HMM parameterestimation, the Baum-Welch method and
methodsbasedon the Viterbi algorithm,both requireoff-line
processingof large amountsof data [18]. For our goal of
learning conceptsin real time using a robot, thesemethods
are not very useful. We would much prefer an iterative or
online training procedure.

Thereare generallytwo approachesresearchershave used
to implementonline training for HMMs. The �rst approach
minimizes the prediction error of the model via recursive
methods[25]–[27]. The secondapproachis to recursively
maximize the Kullback-Leibler information betweenthe es-
timatedmodeland true model,or equivalently, to recursively
maximizethe likelihoodof the estimatedmodel for an obser-
vationsequence[27]–[32]. Therecursive maximum-likelihood
estimation (RMLE) algorithm presentedin Section II-C is
basedon [32].

B. SignalModel

An HMM is a discrete-time stochastic process with
two components,f X n ; Yn g, de�ned on probability space
(
 ; F ; P). Let f X n g1

n =1 bea discrete-time�rst-order Markov
chain with state spaceR = f 1; : : : ; r g, r a �x ed known
constant.The model startsin a particular statei = 1; : : : ; r
with probability � i = P(X 1 = i ). De�ne � 2 � by
� = f � i g, where� is the set of length-r stochasticvectors.
For i; j = 1; : : : ; r , the transitionprobabilitiesof the Markov
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chainaregiven by

aij = P(X n = j jX n � 1 = i ): (1)

Let A = f aij g. ThenA 2 A, whereA is the setof all r � r
stochasticmatrices.

In an HMM, f X n g is not visible, and its statisticscan
only beascertainedfrom acorrespondingobservablestochastic
process,f Yn g. The processf Yn g is a probabilistic function
of f X n g, i.e., given X n , Yn takes valuesfrom somespace
E according to a conditional probability distribution. The
correspondingconditionaldensityof Yn is generallyassumed
to belongto a parametricfamily of densitiesf b(�; � ) : � 2 � g,
wherethedensityparameter� is a functionof X n , and� is the
set of valid parametersfor the particular conditionaldensity
assumedby the model. The conditionaldensityof Yn given
X n = j can be written b(�; � j ), or simply bj (�) when the
explicit dependenceon � j is understood.

Example2.1: (Gaussianobservationdensity):Supposethe
observation density for eachstate in an HMM is described
by a univariate Gaussiandistribution. Then parameterset
� = f (�; � ) 2 R � (0; 1 )g, � j 2 � ; and f Yn g = f yn g is
a sequenceof continuouslyvalued,conditionally independent
outputson R, eachwith probability distribution

b(yn ; � j ) = b(yn ; � j ; � j ) =
1

p
2� � j

exp

"

�
(yn � � j )2

2� 2
j

#

(2)

for X n = j .
Example2.2: (Finite-alphabet observationdensity): Sup-

poseobservationsYn are drawn from a �nite set of symbols
V = f vk g, k = 1; : : : ; s. Then� = f (b1; : : : ; bs)j

P s
k=1 bk =

1; bk � 0g is the set of length-s stochasticvectors,� j 2 � ,
andf Yn g = f yn g is a sequenceof symbolsdraw from a �nite
alphabet,eachyn having probability

b(yn ; � j ) = bj k jyn = vk (3)

for X n = j .
For simplicity, the previous two examplesand the follow-

ing discussionassumeYn to be scalarvalued,althoughthe
formulationeasilygeneralizesto vector-valuedobservations.

De�ne the HMM parameterspaceas� = � � A � � . The
model ' 2 � is thende�ned as

' = f � 1; : : : ; � r ; a11; a12; : : : ; ar r ; � 1; : : : ; � r g: (4)

The modelparametersfor a particularmodelareaccessedvia
coordinateprojections,e.g., aij (' ) = aij . In some cases,
we will not be concernedwith estimating� . In that case,
� = A � � , and ' changesaccordingly. Note that the
literatureoccasionallydescribesothermodelparameterizations
(see,e.g., [26], [28]).

Let p be the lengthof ' . Whenestimatingmodelparame-
ters, let ' � 2 � be the �x ed set of “true” parametersof the
modelwe are trying to estimate.

For a vectoror matrix v , v 0 representsits transpose.De�ne
the r -dimensionalcolumn vector b(yn ; ' ) and r � r matrix
B (yn ; ' ) by

b(yn ; ' ) = [b1(yn ; � 1(' )) ; :::; br (yn ; � r (' ))]0 (5)

and

B (yn ; ' ) = diag[b1(yn ; � 1(' )) ; :::; br (yn ; � r (' ))] : (6)

Vector b(yn ; ' ) and matrix B (yn ; ' ) give the observation
densityevaluatedat yn for eachstate(in model' ), asa vector
anddiagonalmatrix, respectively.

Usingthede�nitions above, it canbeshown (see,e.g.,[33])
thatthelikelihoodof thesequenceof observationshy1; : : : ; yn i
for model ' is given by

pn (y1; : : : ; yn ; ' ) = � (' )0B (y1; ' )
nY

k=2

A (' )B (yk ; ' )1r ;

(7)
where1r refersto the r -lengthvectorof ones.

C. Recursive Maximum-Likelihood Estimation of HMM Pa-
rameters

Maximum-likelihoodestimation(MLE) is formally de�ned
as follows. For observation sequencehy1; : : : ; yn i , �nd

'̂ = argmax
' 2 �

pn (y1; : : : ; yn ; ' ); (8)

where '̂ is the most likely estimateof the true underlying
parameters' � . The recursive maximum-likelihoodestimation
(RMLE) algorithm de�ned here is an iterative, stochastic
gradient solution to this problem based on prediction, or
forward �lters.

For the results of this section to hold, it is necessary
to assumevarious conditionson periodicity, continuity, and
ergodicity for the model.See[32] for details.

De�ne the prediction�lter un (' ) as

un (' ) = [un 1(' ); : : : ; unr (' )]0; (9)

where
uni (' ) = P(X n = i jy1; : : : ; yn � 1) (10)

is theprobabilityof beingin statei at timen givenall previous
observations.Usingthis �lter , thelikelihoodpn (y1; : : : ; yn ; ' )
canbe written as

pn (y1; : : : ; yn ; ' ) =
nY

k=1

b(yk ; ' )0uk (' ): (11)

The valueof un (' ) canbe calculatedrecursively as

un +1 (' ) =
A (' )0B (yn ; ' )un (' )

b(yn ; ' )0un (' )
(12)

when initialized by u1(' ) = � (' ).
Let w ( l )

n (' ) = (@=@' l )un (' ) be the partial derivative of
un (' ) with respectto (wrt) the l th componentof ' . Each
w ( l )

n (' ) is an r -lengthcolumnvector, and

wn (' ) = (w (1)
n (' ); w (2)

n (' ); : : : ; w (p)
n (' )) (13)

is an r � p matrix. Taking the derivative of un +1 (' ) from
Equation(12),

w ( l )
n +1 (' ) =

@un +1 (' )
@' l

= R1(yn ; un (' ); ' )w ( l )
n (' ) + R( l )

2 (yn ; un (' ); ' ); (14)
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where

R1(yn ; un (' ); ' )

= A (' )0
�
I �

B (yn ; ' )un (' )10
r

b(yn ; ' )0un (' )

�
B (yn ; ' )

b(yn ; ' )0un (' )
(15)

R( l )
2 (yn ; un (' ); ' )

= A (' )0
�
I �

B (yn ; ' )un (' )10
r

b(yn ; ' )0un (' )

�
[@B (yn ; ' )=@' l ]un (' )

b(yn ; ' )0un (' )

+
[@A (' )0=@' l ]B (yn ; ' )un (' )

b(yn ; ' )0un (' )
: (16)

Using theseequations,we canrecursively calculatew n (' ) at
every iteration.

For observation sequencehy1; : : : ; yn i , we would like to
maximizepn (y1; : : : ; yn ; ' ). Equivalently, we can maximize
logpn (y1; : : : ; yn ; ' ). De�ne the log-likelihood of observa-
tions hy1; : : : ; yn i as

`n (' ) =
1

n + 1
logpn (y1; :::; yn ; ' ): (17)

Using Equation(11), we can rewrite this as

`n (' ) =
1

n + 1

nX

k=1

log[b(yk ; ' )0uk (' )]: (18)

To estimatethe set of optimal parameters' � , we want
to �nd the maximum of `n (' ), which we will attemptvia
recursive stochasticapproximation.For eachparameterl in ' ,
at eachtime n, we take (@=@' l ) of themostrecentterminside
thesummationin Equation(18), to form an“incrementalscore
vector”

S( ~Yn ; ' ) =
�

S(1) ( ~Yn ; ' ); :::; S(p) ( ~Yn ; ' )
� 0

(19)

with

S( l ) ( ~Yn ; ' ) =
@

@' l
log[b(yn ; ' )0un (' )]

=
b(yn ; ' )0[(@=@' l )un (' )] + [(@=@' l )b(yn ; ' )]0un (' )

b(yn ; ' )0un (' )

=
b(yn ; ' )0wn (' ) + [(@=@' l )b(yn ; ' )]0un (' )

b(yn ; ' )0un (' )
(20)

where
~Yn , (Yn ; un (' ); wn (' )) : (21)

The RMLE algorithmtakes the form

' n +1 = � G

�
' n + � n S( ~Yn ; ' n )

�
; (22)

where � n is a sequenceof step sizes satisfying � n � 0,
� n ! 0 and

P
n � n = 1 , G is a compactand convex set

(here,G � � ; the setof all valid parametersets' ), and � G

is a projectiononto set G. The purposeof the projection is
generallyto ensurevalid probabilitydistributionsandmaintain
all necessaryconditions.Note thatEquation(22) is a gradient
updaterule,with constraints.Equations(16) and(20) canboth
be simpli�ed for eachtype of parameterin ' .

Krishnamurthy and Yin [32] prove convergence of this
algorithmfor HMMs with continuousobservations,aswell as
autoregressivemodelswith Markov regime.Their proof is eas-
ily extendedto the caseof HMMs with discreteobservations.

lj 1 lj 2

l1 2l
n
u

n ny ={x , x }

n
l2xn

l1x

n
l1y n

l2y

xu

j
_

uj

Fig. 6. Cascadeof HiddenMarkov Models.Models ' l 1 , ' l 2 , and' u are
all HMMs.

In addition,severalnumericalexamplesof RMLE trainingare
given in [32] and [34].

I I I . HMM CASCADE MODEL DESCRIPTION

Formally, let the topology of an HMM cascademodel
be as shown in Fig. 6; i.e., let our cascademodel �' =
f ' l 1 ; ' l 2 ; ' u g, where each componentmodel ' l j and ' u

areHMMs de�ned accordingto the descriptionin SectionII-
A. Let f X l 1

n ; Y l 1
n g, f X l 2

n ; Y l 2
n g, and f X u

n ; Y u
n g be the state

andobservation sequencescorrespondingrespectively to ' l 1 ,
' l 2 , and' u . In this model,observationsY l j

k of lower models
' l j aregenerallyassumedto becontinuous.Theobservations
Y u

k of uppermodel ' u are the concatenatedstatesequences
of the lower level models; i.e., Y u

k = (X l 1
k ; X l 2

k ), and ' u

modelsthe joint distribution of X l 1
k and X l 2

k for eachstate
j = 1; : : : ; r u , where r u is the number of states in ' u .
(To simplify calculations,we assumeX l 1

k and X l 2
k to be

independent,thoughthis is not strictly necessary.)

A. Recursivemaximum-likelihoodestimation

Even though the individual componentmodelsare gener-
ative, it is impossibleto generatedatawith this model with
suf�cient statisticsto identify all model parameters.To see
this, supposewe useuppermodel ' u to generatestatepair
sequencesf yu; 1

n ; yu; 2
n g, andusetheseasthestatesof thelower

models;i.e., let x l 1
n = yu; 1

n and x l 2
n = yu; 2

n . In this situation,
thereis no direct dependencebetweenx l j

n andx l j
n � 1, because

we do not usethestatetransitionmatrix A (' l j ). On theother
hand,if we usethestatetransitionmatrix to generatethenext
state,then there is no dependenceon the upper model. We
thereforecannotassumethat input datawasgeneratedfrom a
modelwith identicalstructure.

To alleviatethisproblem,wewill makeaslightmodi�cation
of our original model for generative purposes,and then as-
sumeour proposedcascademodelapproximatesthis modi�ed
model. The modi�cation we needis to make the statesx l j

n

of the lower modelsdependentboth on x l j
n � 1 and on yu;j

n .
A graphicaldynamicBayesiannetwork (DBN) showing this
relationshipis shown in Fig. 7. To generatethis dependence,
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Fig. 7. A dynamicBayesiannetwork (DBN) modelshowing thedependence
amongoutputandstatevariablesassumedby our cascadeHMM. Thecascade
HMM cannotgeneratedatawith thesedependencies,but this DBN can be
fully implementedusinga cascadedswitchingHMM.

wede�ne amodi�cation of anHMM calledaswitchingHMM,
whosenamerefers to its structuralsimilarities to switching
state-spacemodels[35].

A switching HMM is a discrete-timestochasticprocess
with two components,f X n ; Yn g, de�ned on probability space
(
 ; F ; P). Let f X n g1

n =1 be a discrete-timeprocesswith state
spaceR = f 1; : : : ; r g. Unlike anHMM, in a switchingHMM
thedynamicsof X n aredeterminedby a setof Markov chains
f A m (� )g, m = 1; : : : ; s, with eachchainhaving orderr , and
the transition probabilities for each chain de�ned as usual.
An external discretesignal qn = 1; : : : ; s, determineswhich
Markov chain to usefor the transitionfrom X n � 1 to X n . As
in an HMM, the processf Yn g is a probabilistic function of
f X n g, as we have de�ned previously. Let � be the vector
of parametersfor this model. The topology of this model is
shown in Fig. 8.

Proceeding,let the topologyof our generatingmodelbe as
shown in Fig. 9, and call this model a cascadedswitching
HMM. De�ne ~' = f ' u ; � l 1 ; � l 2 g, where ' u is a �nite-
alphabetobservation HMM as de�ned in Section II-A, and
� l 1 and � l 2 are switching HMMs as de�ned above. We note
that ~' canbe formulatedasa singleHMM with an extended
statespace,althoughas with other hierarchicalvariationsof
HMMs [36], [37], the structurewe have chosenis important
for modelingour speci�c domainof study.

We will approximate ~' with a cascademodel �̂' =
f '̂ u ; '̂ l 1 ; '̂ l 2 g, asshown in Fig. 10. Notethat,unlike thecas-
cadedswitchingHMM, theproposedcascadeof HMMs cannot
beexpressedasa singleHMM andobviously doesnot exactly
match the model which generatedthe data. Nonetheless,
the cascadeof HMMs can still learn important information
about the original model, and under appropriateconditions

qn

yn

l

Fig. 8. A switchingHMM. EachMarkov chain in the modelhasthe same
numberof states,with thesamestatein eachchaincorrespondingto thesame
observation probability density function. Input qn chooseswhich Markov
chain to usefor the transitionfrom xn � 1 .

l
l 1 l

l 2

n n ny ={y , y   }u,1 u,2u

ny
l2

ny
l1

ny
u,1

ny
u,2

j u

Fig. 9. A cascadedswitchingHMM. As a generator, an HMM ' u outputs
a discretepair f yu; 1

n ; yu; 2
n g, the componentsof which becomethe switches

for a pair of switchingHMMs � l 1 and� l 2 , selectingwhich Markov chainis
usedto determinethe next transition.

(describedbelow) learn a set of statesin '̂ u corresponding
to thosein ' u . It also hasthe importantbene�t of being an
easiermodel to learn, sincewe can learn eachsubmodelof
'̂ independentlyusing the RMLE algorithmdescribedin the
previous section.

Comparingthe two models ~' and '̂ , we note that (1) in
thecascadedswitchingHMM, statetransitionsaredetermined
by a set of transitionprobability matricesf A m (� l 1 )g, which
we attemptto modelby a single transitionprobability matrix
A ('̂ l 1 ) in thecascadeHMM, and(2) in thecascadedswitch-
ing HMM, the joint observation densitiesin ' u representthe
selectionof Markov chainsin the switchingHMMs, whereas
in thecascadeHMM, thejoint distribution in '̂ u correspondto
theactualstatesin thelowermodels.We suggestthatgenerally
this joint distribution over stateswill be suf�cient to identify
statesin theoriginal HMM ' u . However, we notethatnot all
cascadedswitchingHMMs ~' will beidenti�able. An example
of a switching HMM that is not identi�able by our cascade
modelcanbeconstructed(1) by selectinga particularlysimple
form for ' u , such that each state deterministicallyselects



IEEE TRANS. EVOL. COMPUT. , VOL. X, NO. X, FALL 2005 7

l
l 1

n
l1y

n
u,1

n
u,2

n
uy ={y , y  }
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Fig. 10. MonteCarlosimulationfor learninga cascadedswitchingHMM ~' usinga cascadeHMM �̂' . Themodelon the left is a generative model,producing
datafor the modelon the right to learn.

a single Markov chain in each of the switching HMMs,
and then (2) by consideringtransition probability matrices
in f A m (� l j )g, j = 1; 2, whosestationarydistributions are
identical,but whoseactualtransitionsdiffer.

Proceeding,for the following analysis, assumethat the
number of statesand the form of the density function in
each HMM and switching HMM in the original model ~'
are known, and that we are attemptingwith �̂' to learn a set
of �rst-order transition probabilitiesand observation density
parametersrepresentingthe original data.

Considerstate-observation sequencepair f x l 1
n ; yl 1

n g. There
exists an HMM that representsthe �rst-order statisticsof this
sequence,i.e., one that exactly matchesthe �rst-order transi-
tion probabilitiesand observation densitiesof this sequence.
The model '̂ l 1 in our cascadestructurewill converge to this
modelwhenupdatedusingthe recursive maximum-likelihood
algorithmpresentedin SectionII-C. The sameappliesto '̂ l 2 .

Next, consider the estimated composite state sequence
f x̂ l 1

n ; x̂ l 2
n g recognizedby the models '̂ l 1 and '̂ l 2 . We will

assumethat, as models'̂ l 1 and '̂ l 2 converge, this sequence
will berepresentativeof thetruestatesequencesin theswitch-
ing HMMs � l 1 and � l 2 which generatedthe data.As above,
we note that there then exists an HMM that can represent
the �rst-order statisticsof this sequence,which, again,we can
learnthroughrecursive maximum-likelihoodestimation.Each
statein model '̂ u will correspondto a uniquestatein ' u if
the joint distribution of statesin � l 1 and� l 2 is uniquefor each
statein ' u .

The main purposeof this section was to introduce the
cascadeof HMMs andcascadedswitchingHMMs, andjustify
recursive maximum-likelihoodlearningfor theHMM-cascade
model.See[34] for numericalsimulationsof theMonteCarlo
simulationdescribedabove andshown in Fig. 10.

IV. HMM-CASCADE MODEL FOR CONCEPT LEARNING

Analysis of our model in Section III assumedthat the
databeing analyzedcamefrom the sameunderlyingsource.
In fact, for concept learning, it is highly unlikely that the

"Apple"

Fig. 11. Conceptlearningscenariousing a cascadeof HMMs. This model
correspondsto Fig. 3, with the genericmodelsreplacedby HMMs.

data was producedin this manner. A more likely scenario
comesfrom Fig. 11, which is derived from Fig. 3. In this
scenario,both the robot and the personhave a model of the
world, which hereis representedby a cascadeof HMMs. We
assumethat eachmodelstructurallyallows the recognitionof
visualandauditoryinformationpresentin theworld (thelower
level models),and further, that conceptscan be inferred and
understoodfrom thesequenceof discreteclassi�cationsof this
auditoryandvisual information(usingtheupperlevel model).

It is assumedthat the boy's model of the world is better
or more completethan the robot's model and, therefore,that
the goal of the robot is to learnthe boy's modelof the world.
To reachthis goal, the robot must try to garnerinformation
abouteachof the boy's submodels.To learn the boy's visual
submodel,the robot will use visual data obtainedfrom the
world and assumethat the boy's model was learned from
similar information.For learningtheboy's auditorysubmodel,
the robot will use the boy's own “speech,” and to learn
the boy's conceptmodel, the robot will attempt to �nd a
relationshipbetweenwhat the boy saysand what the world
presentsvisually.
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Fig. 12. Model topologyfor robot conceptlearning.The topologyof this diagramcorrespondsto the scenariopresentedin Fig. 11. The lower model ' vis is
a modelof the world producingvisual outputs.The upperleft model �' boy recognizesthis visual input andproducesauditoryoutput.The upperright model
�̂' robot acceptsas input both the visual input producedby ' vis andthe auditory input producedby �' boy, and trains its varioussubmodels.

A. Model scenario

Fig. 12 shows the model topology of the scenariowe
envision. This scenarioproceedsas follows:

1) The model ' vis producesa streamof statesf xvis
n g and

correspondingvisual featuresf yvis
n g. Thevisual features

f yvis
n g are accessibleby both the boy and the robot.

The streamof statesmay include suchstatesas xvis
n =

AP PLE andxvis
n = N OTH I N G.

2) The boy uses' v to recognizethis visual stream,pro-
ducingestimatedstatesequencef ~xv

n g.
3) Using only the visual partial of the joint audio-visual

statepdfs in conceptmodel ' c, the boy “thinks” of the
conceptrelatedto thevisual input (i.e., choosesthemost
likely state~xc

n conceptstatein ' c correspondingto ~xv
n ).

4) The boy may choose,at randomtimes, to “speak his
mind.” At thesetimes,he usesthe auditoryobservation
pdf from state~xc

n to produceyca
n . This outputbecomes

the switch for switching HMM � a , which produces
output streamf yaud

n g = f ya
n g. It is assumedthat the

switch is “on” long enough to produce meaningful
output from � a . At other times,the model � a produces
“silence” (i.e.,xa

n = SI LE N CE, andya
n representsthis

stateappropriately).
5) The robot simultaneouslyrecognizesand learns(clus-

ters) classinformation from visual input streamf yvis
n g

with HMM '̂ v , and auditory input streamf yaud
n g with

HMM '̂ a . Thesemodels produceestimatedstate se-
quencesf x̂v

n g andf x̂a
n g, respectively.

6) Whenbothx̂v
n andx̂a

n havemeaningfulinformation(i.e.,
x̂a

n 6= SI LE N CE and x̂v
n 6= N OTH I N G), model '̂ c

both:

a) updates(learns)usingtheseinputs,(i.e., it clusters
commonco-occurrences),and

b) estimatesx̂c, its “thoughts” about the pair of in-
puts.

7) At other times, when only one of x̂v
n and x̂a

n have
meaningful information, '̂ c usesonly the partial pdf
associatedwith that input to estimatex̂c, andthemodel
is not updated.

When actually run on the robot, estimatedstateinformation
from all of the robot modelsmay be usedby otherprograms
(e.g.,the controller) to make decisions.

B. Simulationresults

Using the scenariooutlined above, we ran a Monte Carlo
simulationof thecompositemodel.This sectionoutlinesthose
results. The following parameterswere used for the �x ed
models' vis and �' boy = f ' c; � a ; ' v g. Let ' vis be an HMM
with Gaussianobservations.De�ne its transition probability
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matrix as

A (' vis) =

2

4
0:90 0:05 0:05
0:04 0:95 0:01
0:04 0:01 0:95

3

5 ;

and its Gaussianobservation densityparametersas

� (' vis) = [ 0 7 9 ]0

and
� 2(' vis) = [ 1:0 0:7 0:6 ]0:

Let the boy's visual model ' v be a learnedversionof ' vis,
i.e., ' v � ' vis.

For the boy's auditory switchedHMM � a , let the set of
transition probability matricesf A m (� a )g, 1 � m � 3, be
de�ned as

A 1(� a ) =

2

6
6
4

0:94 0:02 0:02 0:02
0:94 0:02 0:02 0:02
0:94 0:02 0:02 0:02
0:94 0:02 0:02 0:02

3

7
7
5 ;

A 2(� a ) =

2

6
6
4

0:05 0:45 0:45 0:05
0:01 0:90 0:08 0:01
0:01 0:70 0:28 0:01
0:05 0:45 0:45 0:05

3

7
7
5 ;

and

A 3(� a ) =

2

6
6
4

0:05 0:05 0:45 0:45
0:05 0:05 0:45 0:45
0:05 0:05 0:10 0:80
0:01 0:01 0:08 0:90

3

7
7
5 ;

and let the Gaussianparameters� (� a ) and � 2(� a ) be

� (� a ) =
�

0:0 3:0 5:0 7:0
� 0

and
� 2(� a ) =

�
1:0 0:4 0:5 0:6

� 0
:

Finally, let the boy's conceptHMM ' c be de�ned by

A (' c) =

2

4
0:90 0:05 0:05
0:08 0:90 0:02
0:08 0:02 0:90

3

5 ;

~bv (' c) =

2

4
0:98 0:01 0:01
0:02 0:90 0:08
0:02 0:08 0:90

3

5 ;

and

ba(' c) =

2

4
0:96 0:02 0:02
0:10 0:90 0:00
0:10 0:00 0:90

3

5 :

Note that ~bv (' c) representsa distribution over the statesof
' v , whereasba(' c) representsadistributionover theselection
of Markov chainsf A m (� a )g. Thesetwo distributionsarenot
andcannotbe usedsimultaneously.

As in the cascademodel simulationin SectionIII, assume
we know the numberof statesand type of distribution for
each of the models, so that �̂' robot = f '̂ c; '̂ a ; '̂ v g has
(approximately)thecorrecttopologyto learnthegivenmodels.
As in the previous section, means and variancesfor the

TABLE I

AVERAGE CLASSIFICATION ACCURACY FOR LEARNED HMM-CASCADE '̂

OVER 50 SIMULATION RUNS. THE NUMBER IN PARENTHESIS IS STANDARD

DEVIATION.

Maximum-Likelihood
Classi®cation Viterbi Classi®cation

'̂ a 90.1%(3.7%) 89.9%(4.2%)
'̂ v 97.9%(1.6%) 99.1%(2.4%)
'̂ c 98.4%(1.1%) 98.8%(1.1%)

observation densitiesof '̂ a and '̂ v were initialized usingk-
meansinitialization on the �rst 1000outputsof thegenerative
model,Gaussiannoisewith zeromeanandstandarddeviation
onewas thenaddedto the initial means,andnoisewith zero
meanand standarddeviation 0.5 was addedto the variances.
For recursive maximum-likelihood training, we let learning
rate " k = 0:006

k 0: 2 , where k = min (n; 1000), and n is the
iterationnumber.

Fig. 13 shows the progressionof a training run for model
'̂ c, whereeachsub�gureshowstheprogressionof theparame-
ter valuesthroughtime. As canbeseenfrom thegraphs,most
of the parametersconverge quite rapidly. Parameterswhich
converge more slowly, suchas thosein Fig. 13(c), are those
that aretrackingchangesin lower modelswhich have not yet
converged.

We repeatedthis experiment for 50 training episodesof
50 000 iterations each, and comparedthe state sequences
of each submodel in �̂' to sequencesfrom �' using both
maximum-likelihoodandviterbi estimatesof thestates.These
comparisonsare summarizedin Table I. The cascademodel
showed a high degreeof robustness.

V. ROBOTIC EXPERIMENTS

The basiccomponentof the robotic experimenttestingour
model is similar to the simulatedscenariopresentedin the
previous section: the robot and a personare looking at the
sameobject,thepersonnamestheobjector someaspectof it,
and the robot, over time, learnsthe associationbetweenthat
word or phraseandthe visual featuresof the object.Herewe
describea scenariowhich incorporatesthis experiment.

In our scenario,our robot is wanderingarounda benign
environment,andis instinctuallymotivatedto look for “inter-
esting” things.We expect the following behaviors:

1) It will be attractedto objects, especiallyones that it
hasnot seenbefore,or not seenrecently;it will “play”
with theseobjects,attemptingto �rst pick themup, then
knock themover.

2) It will be attracted by loud noises, turning toward
themandassuming,e.g., that someonewantsto get its
attention.

3) Using our proposedcascademodel, it will
a) learnto recognizethevisualobjectsin its environ-

ment,
b) learnto recognizedistinct wordsspoken to it, and
c) learn the conceptsassociatedwith the various

wordsandobjects.
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Fig. 13. Parameterlearning for model '̂ c . Although the learnedmodel
cannotbedirectly comparedto theoriginal model,thesegraphsshow that the
modelparametersconverge.

Fig. 14. Objectsusedin our robot demonstration.

TABLE II

L IST OF WORDS USED IN OUR ROBOT DEMONSTRATION.

animal
ball
cat
dog

greenball
red ball

4) Also using our HMM cascade,it will demonstratethat
it recognizestheseconceptsby

a) recognizinga word,choosinga correspondingcon-
cept,and�nding anobjectwhich alsomatchesthat
concept,and

b) recognizingan object and saying the nameof a
conceptcorrespondingto that object.

The behaviors listed in numbersoneandtwo above were�rst
demonstratedby McClain [38]. The demonstrationdescribed
herebuilds on his work andon the work of others,including

� soundsourcelocalization researchby Li and Levinson
[39], [40],

� speechfeatureextraction and synthesisresearchby Kl-
effner [41], and

� visual featureextractionby Lin [42].
The speci�c objectswe are using in this demonstrationare
shown in Fig. 14,andthe list of wordsandphraseswe sayare
listedin TableII. Thesewordswerechosento testthelearning
conceptsfor speci�cally namedobjects(suchascat) aswell as
conceptsfor generalcategories(suchasanimal). Althoughnot
necessary, the conceptswe initially learn corresponddirectly
to the wordsandphraseslisted in Table II.

Becausethey pertain directly to our work, autonomous
explorationandspeechandvisualfeatureextractionarebrie�y
discussedbelow. This discussionis followed by a description
of the implementationof our HMM cascademodel for our
robotsin SectionV-C.

A. Finite statemachine controller

The centralcomponentof the above experimentis a �nite
statemachine(FSM) controllerdevelopedby McClain [38] as
a partof anautonomousexplorationmodefor our robot . This
controller continuouslyevaluatesthe state of the robot and
its environment,and usesthis information to make decisions
and producespeci�c types of behavior. For our experiment,
we modi�ed the state machineand its related programsto
use information from our associative memory when making
decisions,as well as to facilitate learning in our model. A
descriptionof eachstateis as follows:

1) Explore: look aroundfor somethinginteresting.
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a) If we seean interestingobject (such as one we
have not seenbefore),go to state2.

b) If we hearan interesting(i.e., loud) sound,go to
state6.

2) Foundobject:an object is visible.
a) If it is far away, approachit, study what it looks

like, andstay in state2.
b) If it is near, go to state3.

3) Learnname:learn the nameor featureof an object.
a) If we hearsomething,repeatit andtry to associate

it with this object;stay in state3.
b) After a periodof silence,go to state4.

4) Play 1: play with the object.
a) Approachandattemptto pick up the object;go to

state5.
5) Play 2: play with the object.

a) Try to knock the objectover; go backto state1.
6) Interact:listen for known sounds.

a) If we hear the nameof an object we know, look
for it; go to state7.

b) If we hearsomethingwe do not know, beepand
stay in state6.

c) If we do not hearanything for a short period,go
back to state1.

7) Search:look for a particularobject.
a) If we have not found theobject,keeplooking, and

stay in state7.
b) If we have not found the objectafter a long time,

give up andgo to state1.
c) If we �nd the desiredobject,say the name(if we

know it), andgo to state2.
Therole our HMM cascadeassociative memoryplayschanges
dependingon the stateof the model.We describetheseroles
below in SectionV-C.

B. Sensoryinputs

We are running this experimenton a real robot with real
sensory inputs, so in addition to the FSM controller, our
associative memoryneedsfeaturesextractedfrom live speech
andvisual inputs.For speechdataanalysis,we areextracting
energy, voicing con�dence,anda setof log-arearatios(LARs)
from a 16-kHz audio stream.This processingis basedon
work developedby Kleffner [41] for speechimitation for the
robot. Typically, around8-12 LARs plus pitch and voicing
information can be usedto synthesizea very accuraterepro-
duction of the speechsignal.For our work, we are currently
extractingthreeLARs, log energy, andvoicing con�denceon
consecutive 20-mssegmentsof audio,giving us a streamof
length-�vefeaturevectorsat 50Hz. Despitetheshortlengthof
this featurevector, thesefeaturesarevery representativeof the
speechsignal;usingonly thethreeextractedLARs andvoicing
information,we canstill synthesizespeechthat is intelligible.

For visualdataanalysis,thecurrentexperimentis usingaro-
bust segmentationandfeatureextractionalgorithmdeveloped
by Lin [42]. The segmentationportion of this work is based

on loopy belief propagation[43]. After imagesegmentation,
the featureextractorpresentsa length-10visual featurevector
for eachobject in an image,consistingof

1) a normalizedlength-eightcolor histogram,
2) the �rst momentof the objectshape,and
3) the height/widthratio of the object.

Thesefeaturesare calculatedat a rate of about 2 sets per
second.Descriptionsof the audio featureextraction and the
visual segmentationand featureextraction algorithmsappear
in [34, AppendixB].

C. HMM cascademodelsetup

For the auditory HMM in the HMM-cascade,we created
a simple word recognizer, with one state(classi�cation) per
word. For the visual HMM '̂ vis, we useda four stateHMM
to recognizefeaturesfrom the objectsshow in Fig. 14. For
visual features,we chosecolor histogram,moment,andwidth
to height ratio. For eachobject,we obtaineda featurevector
for 200 imagesof that object taken from multiple perspec-
tives. These vectors were quantizedbefore being used to
initialize thedensities.Transitionprobabilitieswereinitialized
uniformly, and the model was then trainedfor 10 epochson
the samedatausingRMLE. We only used10 epochsto train
with becausethe initial densityestimateswere closeto their
optimal values.

The concept model, '̂ c, is a discrete, �nite-observation
HMM, with observationscoveringthe joint statespacesof the
audio and visual models.Since the word HMM ran slower
thanthevisualHMM, theclassi�cationoutputof theauditory
model was upsampledto match the classi�cation rate of
the fastervisual model, and timestampswere usedto align
the signals before presentationto the concept HMM. We
initialized the conceptmodel with six states,corresponding
to the six words/phrasesin our word list in Table II. The
transition probabilities were initialized uniformly, and the
observationprobabilitieswereinitialized by handto biasthem
slightly toward the desiredconcepts.For example, for the
state we chose to correspondingto “ball,” the observation
probabilitiescorrespondingto thevisually recognizedred and
greenballs were given slightly higher probabilitiesthan the
observationprobabilitiescorrespondingto thecatandthedog,
and the observation probability correspondingto the word
“ball” wasgivenaslightly highervaluethanthoseprobabilities
correspondingto otherwords.

Dependingon the modeof the �nite statemachine,certain
partsof the model are inactive. Speci�cally, referring to the
FSM describedin Section V-A, when in states1, 2, 4, 5,
and7, auditory input is ignored:the objectHMM recognizes
visual inputs,andtheconceptmodelusesthemarginaldensity
correspondingto thestatesof theobjectHMM to determineits
state.In state6, wherethe robot is listeningfor speechinput,
the oppositehappens:visual input is ignored, the auditory
modelattemptsto recognizespokenwords,andthestateof the
word modelalonedeterminesthe stateof the conceptmodel.
Finally, in state3, both audio and visual inputs are present.
All modelsare active, and recognitionand learning is done
in the conceptmodel with both inputs.Note that learning is
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possiblein both the auditory and visual modelsin any state
wherethemodelof interestis active. For theexperimenthere,
we chosenot to enablelearningin thesemodels.

D. ImplementationIssues

Therearea few miscellaneousissueswe mustdealwith in
our experiment,dependingon the current stateof the FSM.
The �rst issueis that multiple objectsmay be presentwithin
a scene.When this happens,eachvisual object is presented
in sequenceto the visual HMM. In this way, the transition
probabilities in the visual HMM would come to represent
information about the spatial relationship betweenvarious
objects, in that objects that are close to one another will
frequentlybe presentedto the HMM sequentially.

Dependingon the stateof the FSM, oneof theseobjectsis
identi�ed asa targetobject.For example,in state2, the target
object would be the object �rst identi�ed as “interesting” in
stateone. In subsequentiterations,the robot will remember
and attemptto track this target object, e.g.,so that it can be
playedwith later.

Becausewe have stereo cameras,we additionally must
handlecorrespondence.Currently, at every iterationthemodel
recognizesobjectsin eachimageseparately, and then corre-
spondenceis determinedusingthe recognitionlabels(i.e., the
recognizedstatesof '̂ v ) for eachimage.Objectswhich appear
in only one of the imagesare currently ignored.We do not
currentlyhandlethesituationwheretherearemultiple objects
of the samevisual classpresent.

A �nal potential issue is object occlusion,where only a
portion of an object appearsin an image.As of right now,
this hasnot beena seriousissue.In the casewherean object
is misclassi�edbecauseit is occludedin oneimage,but fully
visible in the other, correspondenceis not drawn betweenthe
two objects. If the robot is looking for this object, it will
eventually�nd it whenit movesor turnsits head.As therobot
approachesan object, the bottom of the object may also be
cut off; in this case,we lower its head.Even in the caseof a
partially occludedobject,therecognitionhasgenerallyproven
robust enoughto do properrecognition.This issuewill likely
becomemoreimportantaswe increasethenumberof objects.

VI . ROBOTIC EXPERIMENT RESULTS

Our goal in this experiment is to show that the concept
model '̂ con can be learned from a set of real inputs. As
describedabove, we initialized and trained the auditory and
visual modelsoff-line usingrecordedauditoryandvisual fea-
tures,respectively. Notethat,eventhoughthetrainingoccurred
off-line, we usedrecursive maximum-likelihoodestimationto
learn the model parameters,so this training could be done
online.

For theconceptmodel,we initialized themodelasdescribed
in SectionV-C above, i.e., we initially setall of the transition
probabilitiesequal,andby handinitialized the discreteobser-
vation probabilitiesso that they would have a slight bias to
particularconcepts.

The model was then trained using RMLE during the
simulation run. Speci�cally, when the FSM enteredstate3,

Fig. 15. Illy learning about various objects. In this scenario,as Illy
approachesvarious objects, she stops and waits for a verbal description
consistingof shortwords or phrases.Over time, sheassociatesthesespoken
wordswith the object.

TABLE III
TRAINED TRANSITION PROBABIL ITIES FOR THE CONCEPT

HMM. THESE VALUES WERE INITIALIZED UNIFORMLY

(I .E., ALL VALUES STARTED AT 1
6 ).

animal ball cat dog
green
ball

red
ball

animal 0.4211 0.0856 0.1670 0.1840 0.0699 0.0723
ball 0.0723 0.4760 0.0597 0.0721 0.1659 0.1540
cat 0.1931 0.1017 0.3717 0.1479 0.0925 0.0931

dog 0.2023 0.0911 0.1307 0.4115 0.0776 0.0867
greenball 0.1082 0.2142 0.1002 0.1051 0.3321 0.1401

red ball 0.1105 0.1951 0.1026 0.1186 0.1434 0.3298

the robot would sit in front of a target object. The visual
model '̂ v would continuouslyrecognizethis object, and the
auditory model '̂ a would recognizewords that were spoken
into a close-talkmicrophone.When a word was spoken and
recognized,the statex̂a of model '̂ a correspondingto that
word and the state x̂v of model '̂ v were presentedto the
conceptmodel, and the model was updatedaccordingto the
RMLE algorithm. To speedup training, eachinput pair was
presented10 timeseachtime thea word wasrecognized.This
processwas repeatedmultiple times for each object as the
robotwanderedaroundandplayedwith its toys.Fig. 15shows
a picture taken during this training.

For the training run shown here, we ran the robot for
about 30 min. The �nal trained transition and observation
probabilitiesareshown in TablesIII, IV, andV.

A. Discussion

The actualresultsshown arean indicationof the long-term
capabilitiesof the model. Speci�cally, the model parameters
hadnot convergedafter 30 min, but the parametervaluesdid
move in a direction which indicatedconvergenceto a useful
state.

Trained transition probabilities in Table III indicate (1) a
generalaf�nity for “thinking” of the sameobjectat consecu-
tive time steps(asindicatedby high diagonalvalues),and(2)
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a slightly smallerbut discerniblerelationshipbetweenrelated
classi�cations (e.g., the animal statewas more likely to be
followed by a cat or dog statethan any of the other states).
These transition probabilities strongly re�ect the order of
wordspresentedto themodel,which is reasonableconsidering
(1) weonly trainedthemodelwhenawordwaspresent,(2) we
often repeatedthe sameword consecutively, and(3) whenwe
did not repeata word consecutively, we often spoke another
word relatedto the sameobject.

For both auditoryandvisual inputs,the observation proba-
bilities for eachstatein theconceptHMM werebiasedslightly
at the beginning of training toward a particular outcome.
For the observation probabilitieslearnedthrough the end of
training, those probabilities referring to visible objects (in
TableIV) arethemoreinterestingof thetwo. For example,the
conceptball initially correspondedto a visual representation
of the red or greenball with probabilities0.3 and0.3, and to
a visual representationof the cator dog with probabilities0.2
and0.2. The trainedvaluesof thesestatesshowed a stronger
proclivity to all initial biases.Taking the ball exampleagain,
the �nal observation probabilitiesfor the red ball and green
ball were approximately0.43 and 0.42, respectively, and the
observation probabilitiesfor the visual representationsof cat
anddogwentdown accordingly(seeTableIV). Thesamewas
true for otherobservation probabilities.

The results here indicate that our HMM cascademodel
can learn a set of conceptsusing featuresextracted from
live auditory and visual inputs measuredby a mobile robot
exploring its environment.This learnedinformation can then
be usedby the robot's controller module to make important
behavioral decisions.

VI I . CONCLUSION

Thispaperhasdiscussedtheuseof ourcascadeof HMMs as
an associative memory. First, simulation resultsrepresenting
a real-world scenarioindicatedthat this model is viable for
learningassociationsamongconcurrentstationaryregions of
multiple input streams,whereeachof thesestationaryregions
aremodeledby a statein a hiddenMarkov model.Next, a live
versionof this scenariowasrun on therobot,wherebyfeatures
were extracted from auditory and visual streams,classi�ed
by a HMM, and theseclassi�cationsthen usedas input to a
conceptHMM for training andadditionalclassi�cation.

The robotic implementationof our HMM cascademodel
presentedhere is a proof of conceptfor an important idea.
Speci�cally, we are able to take noisy, real-world analog
inputs, convert them to symbols(by classifying them using
rather crude features),and presentthem to a controller for
use in making important decisions(for example,whetherto
approachandplay with a particulartoy, or look for another).
In otherwords,our robot is makingsymbolicdecisionsbased
on discrete representationsof the real world around it. In
addition, when classifying and learning about real world
outputs, the model learns to associaterelated auditory and
visual information with the same (symbolic) concept.The
model is learnedonline using a robust maximum-likelihood
estimator.

The work describedin this paperexplored the casewhere
eachconceptin our conceptHMM correspondedto exactly
one word, thoughpotentially multiple visual objects.One of
our future experimentsis to learnconceptswhich could refer
to both multiple words and multiple objects.Another plan is
to grow thecascademodelasnew visual objectsor wordsare
presentedto the robot.
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TABLE IV

TRAINED OBSERVATION PROBABIL ITIES USED BY THE CONCEPT HMM

FOR VISIBLE OBJECTS. THE HORIZONTAL AXIS REFERS TO THE CONCEPT

CLASS, AND THE VERTICAL AXIS REFERS TO THE CLASSIFIED VISUAL

OBJECT.

animal ball cat dog green
ball

red
ball

0.4086 0.0761 0.5412 0.3193 0.0996 0.1041

0.3987 0.0744 0.2665 0.5077 0.0974 0.1027

0.0957 0.4215 0.0963 0.0603 0.5232 0.2777

0.0970 0.4280 0.0960 0.1127 0.2799 0.5155

TABLE V

TRAINED OBSERVATION PROBABIL ITIES USED BY THE CONCEPT HMM

FOR WORDS. THE HORIZONTAL AXIS REFERS TO THE CONCEPT CLASS,

AND THE VERTICAL AXIS REFERS TO THE CLASSIFIED SPOKEN WORD.

animal ball cat dog
green
ball

red
ball

ªanimalº 0.6728 0.0530 0.1977 0.2134 0.0576 0.0605
ªballº 0.0660 0.7088 0.0572 0.0509 0.2166 0.1896
ªcatº 0.0769 0.0268 0.5738 0.0575 0.0385 0.0398

ªdogº 0.1112 0.0735 0.1022 0.6194 0.0647 0.0882
ªgreenballº 0.0396 0.0699 0.0369 0.0306 0.5550 0.0722

ªredballº 0.0334 0.0681 0.0322 0.0282 0.0676 0.5496


