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Abstract

We presenta novel connectionisimodelfor acquiringthe semanticof
languagethroughthe behaioral experiencesf a real robot. We focus
on the “compositionality” of semanticswhich is a fundamentalchar
acteristicof humanlanguage namely the fact that we can understand
the meaningof a sentenceasa combinationof the meaningsof words.
The essentiaktlaim is thata compositionakemanticrepresentatiocan
be self-oganizedby generalizingcorrespondenceletweensentences
andbehaioral patterns.This claim is examinedandconfirmedthrough
simpleexperimentsn which arobotgeneratesorrespondindpehaiors
from unlearnedsentenceby analogywith the correspondencdsetween
learnedsentenceandbehaiors.

1 Introduction

Implementinglanguageacquisitionsystemss one of the mostdifficult problems,since
not only the compleity of the syntacticalstructure,but alsothe diversity in the domain
of meaningmalke this problemcomplicatedandintractable. In particular how linguistic

meaningcanberepresented the systemis crucial,andthis problemhasbeeninvestigated
for mary years.

In this paperwe introducea connectionistodelto acquirethe semantic®f languagewith
respecto thebehaioral patternsof arealrobot. After successfullyearningthe semantics,
ourmodelcanenableherobotto recognizesentenceandgeneratenotorsequencefor the
appropriatdbehaiors, andviceversa Thus,thelinguistic meanings acquiredn termsof
correspondencdsetweensentenceandsensory-motospatio-temporapatternshatform
therobot’sbehaiors. A crucialpointis thatourmodelcanacquirecompositionakemantics
withoutintroducingary representationsf the meaningof aword a priori.

By “compositionality”, we referto the fundamentafactthatwe canunderstané sentence
from (1) the meaningof its constituentsand (2) the way in which they areput together
It is possiblefor a languageacquisitionsystemthat acquirescompositionalsemanticso
derive the meaningof anunknavn sentencdrom the meaningf known sentencesCon-
siderthe unknawvn sentence!Johnlikesbirds? It could be understoody learningthese
threesentences.Johnlikescats’; “Mary likesbirds”; and“Mary likescats.



Fromthe point of view of compositionalitythe symbolicrepresentationf word meaning
hasmuchaffinity with processinghe linguistic meaningof sentence§3]. Following this
obsenation, variouslearningmodelshave beenproposedo acquirethe embodiedseman-
ticsof language For example somemodeldearnsemanticén theform of correspondences
betweersentenceandnon-linguisticobjects,i.e., visualimages[7] or the sensory-motor
patternsof arobot[5, 10].

In theseworks, the syntacticaspecbf languagevasacquiredthrougha pre-acquiredex-
icon. Although this separatedearningapproachseemso be plausiblefrom the require-
mentsof compositionalityit causesnevitabledifficultiesin representinghe meaningof a
sentenceA priori separatiorof lexicon andsyntaxrequiresa pre-definednannerof com-
bining word meaningdnto the meaningof a sentenceIn lwahashis model,the classof
aword is assumedo be given prior to learningits meaningbecausalifferentacquisition
algorithmsare requiredfor nounsandverbs(c.f., [9]). Moreover, the meaningof a sen-
tenceis obtainedby filling a pre-definedemplatewith meaningsof words. Roy’s model
doesnot requirea priori knowledgeof word classesbut requiresa strongassumptiorof
the representatiof meaning,thatthe meaningof a word can be assignedo somepre-
definedattributesof non-linguisticobjects. This assumptioris not realisticin morecom-
plex casessuchaswhenthe meaningof a word needgo be extractedfrom non-linguistic
spatio-temporagpatterns.

In this paper we discussan essentiamechanisnfor self-oiganizingthe compositionake-
manticsof languagein which separatéreatmenbf lexicon andsyntaxis notrequired.Our
modelimplementscompositionakemanticoperationallywithoutintroducingary explicit
representationsf the meaningof words. We regardthe modelasacquiringcompositional
semanticsvhenit cangenerateappropriatdbehaioral sequencefom a novel sentencas
if the meaningof the sentencevere composedf the meaningsof the constituents.We
claim that the generalizatiorof correspondenceslays a key role in acquiringcomposi-
tional semantics.In otherwords, the meaningsof words emege from the relationships
amongthe meaningof sentencefc.f., reversecompositionality[2]).

2 Task Design

Theaim of our experimentaltaskis to discussan essentiamechanisnfor self-oiganizing
compositionabemanticdaseddn the behaior of arobot. In thetraining phasepur robot
learnstherelationshipdbetweersentenceandthecorrespondindpehaioral sensory-motor
sequencesf a robotin a supervisednmanner It is thentestedto generatebehaioral se-
guencedrom a given sentence.As notedabove, we regard compositionalsemanticsaas
beingacquiredif appropriatebehaioral sequencesanbe generatedrom unlearnedsen-
tenceshy analogywith learneddata.

Our mobile robot hasthreeactuatorswith two wheelsanda joint on the arm; a colored
vision sensor;andtwo torquesensorspn the wheelandthe arm (Figure 1a). The robot
operatesn an ervironmentwherethreecoloredobjects(red, blue, andgreen)areplaced
on thefloor (Figure 1b). The positionsof theseobjectscanbe variedso long asthe robot
seegheredobjecton theleft sideof its field of view, the greenobjectin the middle, and
the blue objecton theright at the startof every trial of behaioral sequencesThe robot
thuslearnsnine categoriesof behaioral patterns consistingof pointing at, pushing,and
hitting eachof the threeobjects,in a supervisednanner Thesecateyoriesare denotedas
POINT-R, POINT-B, POINT-G, PUSH-R,PUSH-B,PUSH-G,HIT-R, HIT-B, andHIT-G
(Figurelc-e).

Therobotalsolearnssentencesvhich consistof oneof threeverbs(poi nt , push, hi t)
followed by oneof 6 nouns(r ed, | ef t, bl ue, cent er, green, ri ght). Themean-
ings of thesel8 possiblesentencearegivenin termsof fixed correspondencasith the9
behaioral cateyories(Figure2). For example,“poi nt red” and“poi nt | eft” cor
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Figurel: Themobilerobot(a) startsfrom afixedpo- Figure 2: The correspondencée-
sitionin theernvironmentand(b) endseachbehaior tweensentenceandbehaioral cat-
by (c) pointing at, (d) pushing,or (e) hitting anob- egories. Eachbehaioral cateyory
ject. hastwo correspondingentences.

respondto POINT-R, “poi nt bl ue” and“poi nt center” to POINT-B, andsoon.
We note herethatthe word “I ef t ” doesnot meanthe conceptof left asunderstoody
humansbut is merelyan alternatie namefor the red object,andalwaysrefersto the red
object.In thesameway, “cent er ” and“r i ght ” arealternatve namedor thegreenand
blue objectsrespectiely.

3 Proposed Model

Our modelemplagys two RNNs with parametricbias nodes(RNNPBs)[12] in orderto
implementa linguistic moduleanda behaioral module(Figure 3). The RNNPB, like the
corventionalJordan-typeRNN [6], is a connectionistnodelto learntime sequencesThe
linguistic modulelearnsthe above sentencesepresente@stime sequencesf words[1],
while the behaioral modulelearnsthe behaioral sensory-motosequencesf the robot.
To acquirethecorrespondencdsetweerthesentenceandbehaioral sequenceshesewo
modulesareconnectedo eachotherby usingthe parametridiasbindingmethod.Before
discussinghis bindingmethodin detail,we introducethe overall architectureof RNNPB.

Linguistic Module sensory-motor Behavioral Module

word prediction
prediction output

output nodes

context nodes

words input parametric bias,
nodes

1S
inputnodes  nodes

Interaction via parametric binding method

Figure 3: Our modelis composedf two RNNs with parametrichiasnodes(RNNPBS),
onefor alinguistic moduleandthe otherfor a behaioral module. Both modulesinteract
with eachotherduring thelearningprocessvia the parametricbias methodintroducedin

thetext.

3.1 RNNPB

The RNNPB is a connectionistmodelfor acquiringa mappingbetweenparametricbias
(PB) vectorsandtime sequencesLike the corventionalJordan-typeRNN, the RNNPB
learnstime sequencem asuperviseananner Thedifferencds thatin theRNNPB,thePB
vectorsthatencodehetime sequenceareself-oiganizedduringthelearningprocess.

The RNNPB hasthe sameneuralarchitectureasthe Jordan-typeRNN exceptfor the PB
nodesin theinput layer (c.f., eachmoduleof Figure3). Unlike the otherinput nodes the
valuesof thesePB nodesareconstanthroughouteachtime sequence.

The RNNPB hastwo differentmechanismgor learningmultiple time sequencesconnec-
tion weight values,and PB vectors. The commonstructuralpropertiesof all the training
time sequencesare acquiredas connectionweight valuesby usingthe back-propagation



throughtime (BPTT) algorithm,asusedalsoin the corventionalRNN [6, 8]. Meanwhile,
the specificpropertiesof eachindividual time sequencaresimultaneouslhencodedasPB
vectors.As aresult,the RNNPB self-oganizesa mappingbetweerthe PB vectorsandthe
time sequences.

The learningalgorithmfor the PB vectorsis a variantof the BPTT algorithm. For each
of n trainingtime sequencesf real-numberedectorsz, - - - , 2,1, theback-propagated
errorswith respectto the PB nodesare accumulatedor all time stepsto updatethe PB
vectors. Formally, the updaterule for the PB vector p,., encodingthe i-th training time
sequence; is givenasfollows:

I;—1

1
8py, = TZerrorpzi (t) 1)
¥ t=0
8po; = € 8o, + - 6p2 (2)
Pei = Do +6pa, 3)

In equation(1), theupdateof PBvectors?p,, is obtainedrom theaverageback-propagated
error with respecto a PB nodeerror,, (t) throughall time stepsfrom¢ = 0to l; — 1,
wherel; is the length of ;. In equation(2), this updateis low-passfiltered to inhibit
frequentrapid changesn the PB vectors.

After successfullfearningthe time sequenceghe RNNPB cangenerate time sequence
x,; from its correspondingparametricbias p,,. The actualgenerationprocessof a time
sequence; isimplementedy iteratively utilizing the RNNPBwith the correspondind’B
vectorp,,, afixedinitial contet vector andinput vectorsfor eachtime step. Depending
ontherequiredfunctionality, boththe externalinformation(e.g.,sensorjinformation)and
theinternalprediction(e.g.,motorcommandsareemployed asinput vectors.

Here,we introducean abstractedperationahotationfor the RNNPB to facilitatea later
explanationof our proposednethodof bindinglanguageandbehaior. By usinganopera-
tor RN N PB, thegeneratiorof z; from p,, is describedasfollows:

RNNPB(p;;) — =, t1=0,---,n—1. (4)

Furthermorethe RNNPB canbe usednot only for sequencgeneratiorprocessebut also
for recognitionprocessesFor a given sequencer;, the correspondind®B vectorp,, can
be obtainedby usingthe updaterulesfor the PB vectors(equationg1) to (3)), without
updatingthe connectionweight values. This inverseoperationfor generatioris regarded
asrecognition,andis hencedenotedasfollows:

RNNPB™ Y (z;) — p,, i=0,---,n—1. (5)

Fromthestandpoinbf generalizationthe RNNPBhastwo importantcapabilities:(1) self-

organizationof a mappingbetweerthe time sequenceandthe PB vectors,asmentioned
above; and(2) self-omganizationof the structureof PB spacewhich reflectsthe structure
of thetime sequencesThesetwo self-olganizationcapabilitiescooperatéo generalizehe

time sequences.

TheintermediatePB vectorof two time sequencesncodesnintermediatdime sequence
of the two, becauséhe relationshipsamonglearnedtime sequenceareintroducedin PB
space.Thus,the RNNPB cangenerateandrecognizenovel sequencesiithout ary addi-
tionallearning.For instancey learningtwo cyclic time sequencesf differentfrequeng,
novel time sequencesf intermediatdrequeny canbegenerated.



3.2 Binding

In the proposedmodel,correspondingentenceandbehaioral sequenceareconstrained
to have the samePB vectorsin bothmodules.Underthis condition,correspondindgpeha-
ioral sequencesanbe generatecdhaturallyfrom sentences.

Whenasentence,; andits correspondindpehaioral sequencé; have thesamePB vector
we canobtainb; from s; asfollows:

RNNPBp(RNNPB;'(s;)) — b (6)

whereRN N PBjr, and RN N PBpg areabstracteaperatorgor the linguistic moduleand
thebehaioral modulerespectiely.

The PB vectorp,, is obtainedby recognizingthe sentences,. Becauseof the constraint
that correspondingentencesind behaioral sequencemusthave the samePB vectors,
D, 1S equalto p,,. Therefore we canobtainthe correspondindpehaioral sequence; by

utilizing the behaioral modulewith py, .

The constraintis implementedby introducingan interactionterminto part of the update
rule for the PB vectors(equation(3)).

bs;, = p(s]fd + 6ps; + 7L (pgfd - pgfd) )
P, = P+ + s - (05— Pl (8)

wherey,, andvyg arepositive coeficientsthatdeterminghe strengthof the binding. Equa-
tions(7) and(8) aretheconstrainedipdaterulesfor thelinguistic moduleandthe behaior
module respectiely. Undertheserules,the PB vectorsof acorrespondingentences; and
behaioral sequencé; attracteachother Actually, the correspondind®B vectorsp,, and
p», Neednot be completelyequalizedo learna correspondencel he epsilonerrorsof the
PB vectorscanbe ngglectedbecaus®f the continuity of PB spaces.

3.3 Generalization of Correspondences

As mentionedn introduction,ourmodelenablesrobotto understand sentencéy means
of ageneratedehaior asif the meaningof the sentenceverecomposedf the meanings
of theconstituentsThatis to say therobotcangeneratappropriatdbehaioral sequences
from all sentencesvithout learningall correspondencesTo achieve this, an unlearned
sentencandits correspondindpehaioral sequencemusthave the samePB vector Nev-
erthelessthe PB binding methodonly equalizeghe PB vectorsfor given corresponding
sentenceandbehaioral sequencege.f., equation(7) and(8)).

Implicit binding, or in otherwords, intermodule generalizatiorof correspondencess
achieved by dynamiccoordinationbetweenthe PB binding methodandthe intra-module
generalizatiorof eachmodule. The local effect of the PB binding methodspreadsover
the whole PB space pecauseeachindividual PB vectordepend®n the othersin orderto
self-omganizePB structuregeflectingthe relationshipsamongtraining data. Thus,the PB
structuref both modulesdenselyinteractvia the PB binding methods.Finally, both PB
structurezorvergeinto acommonPB structure andthereforeall correspondingentences
andbehaioral sequencethensharethe samePB vectorsautomatically

4 Experiments

In the learningphasetherobotlearnedl4 of 18 correspondencdsetweensentencesnd
behaioral patterns(c.f., Figure 2). It wasthentestedto generatebehaioral sequences

from eachof the remaining4 sentenceg¢“poi nt green”, “poi nt right”, “push
red”, and“push | eft").

To enablearobotto learncorrespondencesbustly, five correspondingentenceandbe-
havioral sequencesvere associatedy usingthe PB binding methodfor eachof the 14



training correspondenced.hus,thelinguistic modulelearned70 sentencesvith PB bind-
ing. Meanwhile,the behaioral modulelearnedthe behaioral sequencesf the 9 cate-
gories,including 2 categorieswhich had no correspondingentencedn the training set.
The behaioral modulelearnedl10 differentsensory-motosequencefor eachbehaioral
category. It thereforelearned70 behaioral sequencesorrespondingdo the training sen-
tenceswith PB bindingandthe remaining20 sequencegdependently

A sentencas representedsa time sequencef words, which startswith a fixed starting
symbol. Eachword is locally representedsuchthateachinput nodeof the modulecorre-
spondsto a specificword. A singleinput nodetakesa valueof 1.0 while the otherstake
0.0 [1]. Thelinguistic modulehas10 input nodesfor eachof 9 wordsanda startingsym-
bol. The modulealsohas6 parametriddiasnodes4 contet nodes,50 hiddennodes,and
10 predictionoutputnodes.Thus,no a priori knowvledgeaboutthe meaningsof wordsis
pre-programmed.

A training behaioral sequencevas createdby samplingthreesensory-motowrectorsper
secondduringatrial of therobot'shuman-guidedehaior. For robustlearningof behaior,
eachtraining behaioral sequencevasgeneratedindera slightly differentenvironmentin
which objectpositionswerevaried. The variationwasat most20 percentof the distance
betweerthe startingpositionof therobotandthe original positionof eachobjectin every
direction(c.f., Figure 1b). Typical behaioral sequenceareabout5 to 25 seconddong,
andthereforehave aboutl5to 75 sensory-motovectors.A sensory-motovectoris areal-
numbered6-dimensionaVectorconsistingof 3 motorvalues(for 2 wheelsandthe arm),
2 torquevalues(of thewheelsandthe arm),and21 valuesencodingthe visualimage.The
visualfield is divided vertically into 7 regions,andeachregion is representedby (1) the
fractionof theregion coveredby theobject,(2) thedominanthueof theobjectin theregion,
and(3) thebottomborderof theobjectin theregion, whichis proportionako thedistanceof
the objectfrom the camera.The behaioral modulehad26 input nodesfor sensory-motor
input, 6 parametrichiasnodes,6 contet nodes,70 hiddennodes,and6 outputnodesfor
motorcommandsndpartial predictionof the sensoryimageatthe next time step.

5 Resultsand Analysis

In this section,we analyzethe resultsof the experimentpresentedn the previous section.
Theanalysigevealsthattheinter-modulegeneralizatiomealizedoy the PB bindingmethod
could fill an essentiakole in self-oganizingthe compositionalsemanticof the simple
languagdhroughthe behaioral experience®f therobot.

As mentionedn the previous section thetrainingdatafor this experimentdid notinclude
all the correspondenced-our sentence¢‘poi nt green”, “poi nt right”, “push
red”, and“push | ef t ") werenotincludedin thetrainingdatafor thelinguistic module.
As aresult,althoughthe behaioral modulewastrainedwith the behaioral sequencesf
all behaioral categories,thosein two of the catgyories,whosecorrespondingentences
werenot in the linguistic training set(POINT-G and PUSH-R),could not be bound(c.f.,

Figure2).

The mostimportantresultwasthat thesedanglingbehaioral sequencesould be bound
with appropriatesentences.That is to say the resulting semanticscould recognizeall
four unlearnedsentenceandproperlygeneratehe correspondindpehaiors. Thisimplicit
binding was achieved by the self-oiganizedcommonstructuresharedby both linguistic
andbehaioral PB spacegc.f., section3.3). Underthe conditionthat both modulesshare
the commonstructure the PB vectorsof the unlearnedsentencesndthe corresponding
behaioral sequencesuccessfullycoincidedwithout PB bindingmethod.

Comparingthe PB space®f bothmodulesshavs thatthey indeedshareda commonstruc-
tureasaresultof binding(Figure4). Theacquiredcorrespondencdsetweersentenceand
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Figure4: Plotsof (t)he boundlinguistic module(a) andthe bou(n)dbeha/ioral module(b).
Both plotsareprojectionsof the PB space®ntothe samesurfacedeterminedy the PCA
method. Here, the accumulatedontribution rateis about73%. Unlearnedsentencesnd
their correspondindpehaioral cateyoriesareunderlined.

behaioral sequencesanbe examinedaccordingo equation(6). In particular theimplicit
binding of the four unlearnedcorrespondence§poi nt gr een”—POINT-G, “poi nt
ri ght"—POINT-G, “push red”—PUSH-R,and“push | eft”—PUSH-R)demon-
stratesacquisitionof the underlyingsemanticsor the generalizedorrespondences.

The acquiredcommonstructurehastwo striking characteristics:(1) the combinatorial
structureoriginatedfrom the linguistic module,and (2) the metric basedon the similarity
of behaioral sequencesriginatedfrom the behaioral module. The interactionbetween
modulesenabledboth PB spacedo simultaneouslyacquireboth of thesetwo structural
properties.

The combinatorialstructurereflectsthe underlyingsyntaxstructureof training sentences.
For example, it is possibleto estimatethe PB vectorof “poi nt gr een” from there-
lationshipamongthe PB vectorsof “poi nt bl ue”, “hit bl ue” and“hit green.”
This predictablegeometricregularity could be acquiredby independentearning of the
linguistic modulé.. However it could not be acquiredoy independentearningof the be-
havioral modulebecaus¢hesebehaioral sequencesannotbedecomposeihto plausible
primitives,unlike the sentencewhich canbe brokendown into words.

We canalso seeembodiedstructureintroducedinto the linguistic PB spacethroughthe
similarity of the PB vectorsof sentencethat correspondo the samebehaioral cateyory.
For example,thetwo sentencesorrespondingo POINT-R (“poi nt red” and“poi nt

| ef t ") areencodedn similar PB vectors.Sucha metric naturecould notbe obsenedin
theindependeniearningof thelinguisticmodule,in which all nounswereplottedsymmet-
rically in the PB spaceby meansf the syntacticakonstraints.

Theabove obsenationthusconfirmsthatthe embodiedcompositionabemanticsvasself-
organizedthroughthe unification of both modules,which was implementedby the PB
binding method. We also madeexperimentswith differenttestsentencesand confirmed
thatsimilar resultscould be obtained.

6 Discussion and Summary

Oursimpleexperimentshovedthatthe minimal compositionakemantic®f our language
could be acquiredby generalizingthe correspondencdsetweensentencesandthe beha-

You can find a more detailed description of these experimentsat the following URL:
http://bdc.brain.rikn.go.jp/techreports/rén-bsi-bdc-tr2003-01. pdf.



ioral sensory-motosequencesf arobot. Our experimentscould not examinestrongsys-
tematicity[3], but could addresghe combinatorialnatureof sentencesThatis to say the
robot could understandsentencesn a systematioway, and could understanchovel sen-
tences.Therefore pur resultscanelucidatesomeimportantissuesaboutthe compositional
semantiaepresentation.

We claim that the acquisitionof word meaningand syntaxcannot be separated For in-
stancejn ourtask,it is difficult to explicitly extractthe meaningof “r ed” from themean-
ing of “poi nt red.” Therobotcanunderstandr ed” throughits behaioral experi-
ences:pointing at the object, pushingit, andhitting it in a bottom-upway [4, 11]. The
correspondingentencesnake thesebehaioral experiencegelateto eachother andthe
meaningof “r ed” canemepe. A similar algumentholdstruefor theword“poi nt . The
robotcanunderstandpoi nt ” throughpointingat red, blue,andgreenobjects. Thusthe
meaningof aword doesnotdependnaparticularsentencebut ontherelationshipamong
all the possiblesentencesln particular the meaningf nounsandverbsalsodependon
eachother andwe cannotintroducea view thata verbtakesa nounasits objectprior to
the acquisitionof semantics.The word meaningsandthe rulesfor combiningthemmust
be self-olganizedn a co-dependennhanner

In theabove discussionwe shaovedtheimportanceof the generalizecdorrespondencee-
tweentheform system(i.e., syntacticstructureof sentencesandthe meaningsystem(i.e.,
relationshipsamongbehaioral spatio-temporgbatterndgn this paper)in theacquisitionof
embodiedanguage.In future studies we planto introducemorecompleity in language
andbehaior in orderto examinethe self-oganizationof the compositionasemantiaep-
resentatiorof sentencewith a nestedsyntacticstructure]13].
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