
Phonemi
 Coding Might Result From Sensory-MotorCoupling Dynami
sPierre-yves OudeyerSony Computer S
ien
e Lab, Parise-mail : py�
sl.sony.frR�esum�eHuman sound systems are invariably phonemi-
ally 
oded. Furthermore, phoneme inventories fol-low very parti
ular tendan
ies. To explain thesephenomena, there existed so far three kinds of ap-proa
hes : \Chomskyan"/
ognitive innatism, morpho-per
eptual innatism and the more re
ent approa
hof \language as a 
omplex 
ultural system whi
hadapts under the pressure of eÆ
ient 
ommuni
a-tion". The two �rst approa
hes are 
learly not sa-tisfying, while the third, even if mu
h more 
onvin-
ing, makes a lot of spe
ulative assumptions anddid not really bring answers to the question ofphonemi
 
oding. We propose here a new hypo-thesis based on a low-level model of sensory-motorintera
tions. We show that 
ertain very simpleand non language-spe
i�
 neural devi
es allow apopulation of agents to build signalling systemswithout any fun
tional pressure. Moreover, thesesystems are phonemi
ally 
oded. Using a realis-ti
 vowel arti
ulatory synthesizer, we show thatthe inventories of vowels have striking similaritieswith human vowel systems.1. The origins of phonemi
 
oding andother related puzzling questionsHuman sound systems have very parti
ular properties.First of all, they are phonemi
ally 
oded. This meansthat syllables, de�ned as os
illations of the jaw (Ma
-Neilage, 1998), are 
omposed of re-usable parts. Theseare 
alled phonemes. Thus, syllables of a language maylook rather like la, li, na, ni, bla, bli, et
 ... than like la, ze,fri, won, et
 .... This might seem unavoidable for us whohave a phoneti
 writing alphabet, but in fa
t our vo
altra
t allows to produ
e syllable systems in whi
h ea
hsyllable is holisti
ally 
oded and has no parts whi
h isalso used in another syllable. Yet, as opposed to writingsystems for whi
h there exists both \phoneti
" 
odingand holisti
/pi
tographi
 
oding (for e.g. Chinese), allhuman languages are invariably phonemi
ally 
oded.Se
ondly, the set of re-usable parts of syllable systems,

as well as the way they are 
ombined, follows pre
iseand surprising tendan
ies. For example, our vo
al tra
tallows us to produ
e hundreds of di�erent vowels. Yet,ea
h parti
ular vowel system uses most often only 5 or 6vowels, and extremely rarely more than 12 (Maddiesonand Ladefoged, 1996). Moreover, there are vowels thatappear in these sets mu
h more often than others. Forexample, most of languages 
ontain the vowels [a℄, [i℄and [u℄ (87 per
ent of languages) while some others arevery rare, like [y℄, [oe℄ and [ui℄ (5 per
ent of languages).Also, there are stru
tural regularities that 
ara
terizethese sets : for example, if a language 
ontains a ba
krounded vowel of a 
ertain height, for example an [o℄, itwill usually also 
ontain the front, unrounded vowel ofthe same height.The questions are then : Why are there these regu-larities ? How did they appear? What are the geneti
,glosso-geneti
/
ultural, and ontogeneti
 
omponents ofthis formation pro
ess? Several approa
hes have alreadybeen proposed in the litterature.The �rst one, known as the \post-stru
turalist" Chom-skian view, defends the idea that our genome 
ontainssome sort of program whi
h is supposed to grow a lan-guage spe
i�
 neural devi
e (the so-
alles Language A
-quisition Devi
e) whi
h knows a priori all the algebri
stru
tures of language. This 
on
erns all aspe
ts of lan-guage, ranging from syntax (Chomsky, 1958; Ar
han-geli and Langendoen, 1997) to phoneti
s (Chomsky andHalle, 1968). For example this neural devi
e is suppo-sed to know that syllables are 
omposed of phonemeswhi
h are made up by the 
ombination of a few binaryfeatures like the nasality or the roundedness. Learninga parti
ular language only amounts to the tuning of afew parameters like the on or o� state of these features.It is important to note that in this approa
h, the innateknowledge is 
ompletely 
ognitive, and no referen
e tomorpho-per
eptual properties of the human arti
ulatoryand per
eptual apparatuses appears. This view is be
o-ming more and more in
ompatible with neuro-biologi
al�ndings (whi
h have basi
ally failed to �nd a LAD), andgeneti
s/embryology whi
h tend to show that the ge-nome 
an not 
ontain spe
i�
 and detailed information



for the growth of so 
omplex neural devi
es. Finally, evenif it revealed to be true, it is not really an answer to thequestions we asked earlier : it is only a displa
ement ofthe problem. How do the 
on
erned genes get there in the
ourse of evolution? Why were they sele
ted? No answerhas been proposed by post-stru
turalist linguisti
s.Another approa
h is that of \morpho-per
eptual" in-natists. They argue (Stevens 1972) that the propertiesof human arti
ulatory and per
eptual systems explaintotally the properties of sound systems. More pre
isely,their theory relies on the fa
t that the mapping betweenthe arti
ulatory spa
e and the a
ousti
 and then per-
eptual spa
es is highly non-linear : there are a numberof \plateaus" separated by sharp boundaries. Ea
h pla-teau is supposed to naturally de�ne a 
ategory. Hen
ein this view, phonemi
 
oding and phoneme invento-ries are dire
t 
onsequen
es of the physi
al propertiesof the body. Convin
ing experiments have been 
ondu
-ted 
on
erning 
ertain stop 
on
sonants (Damper 2000)with physi
al models of the vo
al tra
t and the 
o
hlea.Yet, there are 
aws to this view : �rst of all, it givesa poor a

ount of the great diversity that 
ara
terizehuman languages. All humans have approximately thesame arti
ulatory/per
eptual mapping, and yet di�erentlanguage 
ommunities use di�erent systems of 
atego-ries. One 
ould imagine that it is be
ause some \pla-teaus"/natural 
ategories are just left unused in 
ertainlanguages, but per
eptual experiments (Kuhl 2000) haveshown that very often there are sharp per
eptual non-linearities in some part of the sound spa
e for peoplespeaking language L1, 
orresponding to boundaries intheir 
ategory system, whi
h are not per
eived at all bypeople speaking another language L2. This means for ins-tan
e that japanese speakers 
annot hear the di�eren
ebetween the \l" in \lead" and the \r" in \read". As a
onsequen
e, it seems that there are no natural 
atego-ries, and most probably the results 
on
erning 
ertainstop 
onsonants are ane
dotal. Moreover, the physi
almodels of the vo
al tra
t and of our per
eptual systemthat have been developped in the litterature (Boersma1998) show 
learly that there are important parts of themapping whi
h is not at all looking like plateaus separa-ted by sharp boundaries. Clearly, 
onsidering only phy-si
al properties of the human vo
al tra
t and 
o
hleais not suÆ
ient to explain both phonemi
 
oding andstru
tural regularities of sound systems.A more re
ent approa
h proposes that the phenomenawe are interested in 
ome from self-organisation pro-
esses o

uring mainly at the 
ultural and ontogeneti
s
ale. The basi
 idea is that sound systems are good so-lutions to the problem of �nding an eÆ
ient 
ommuni
a-tive system given arti
ulatory, per
eptual and 
ognitive
onstraints. And good solutions are 
ara
terized by theregularities that we try to explain. This approa
h wasinitially defended by (Lindblom 1992) who showed for

example that if one optimizes the energy of vowel sys-tems as de�ned by a 
ompromise between arti
ulatory
ost and per
eptual distin
tiveness, one �nds systemswhi
h follow the stru
tural and frequen
y regularities ofhuman languages. (S
hwartz et al. 1997) reprodu
ed andextended the results to CV syllables regularities. As faras phonemi
 
ogding is 
on
erned, Lindblom made onlysimple and abstra
t experiments in whi
h he showed thatthe optimal systems in terms of 
ompromise between ar-ti
ulatory 
ost and a
ousti
 distin
tiveness are those inwhi
h some targets 
omposing syllables are re-used (notethat Lindblom presuposes that syllables are sequen
esof targets, whi
h we will do also in this paper). Yet,these results were obtained with very low-dimensionaland dis
rete spa
es, and it remains to be seen if theyremain valid when one deals with realisti
 spa
es. Lind-blom proposed another possible explanation for phone-mi
 
oding, whi
h is the storage 
ost argument. It statesthat re-using parts requires less biologi
al material tostore the system, and thus is more advantageous. Thisargument seems weak for two reasons : �rst the additio-nal 
ost of storing un-related parts is not so important,and there are many examples of 
ultural systems whi
hare extremely memory uneÆ
ient (for example the pi
to-gram based writing systems) ; se
ondly, it does supposethat the possibility of re-using is already there, but what\re-using" means and how it is performed by our neu-ral systems is a fundamental question (this is similar tomodels of the origins of 
ompositionality (Kirby, 1998)whi
h in fa
t pre-suppose that the ability to 
ompose ba-si
 units is already there, and in fa
t only show in whi
h
onditions it is used or not).These experiments were a breakthrough as 
ompara-red to innatists theories, but provide unsatisfaying expla-nations : indeed, they rely on expli
it optimization pro-
edures, whi
h never o

ur as su
h in nature. There areno little s
ientists in the head of humans whi
h make
al
ulations to �nd out whi
h vowel system is 
heaper.Rather, natural pro
esses adapt and self-organise. Thus,one has to �nd the pro
esses whi
h formed these soundsystems, and 
an be viewed only a posteriori as optimi-zations. It has been proposed by (de Boer 2001) thatthese are imitation behaviors among humans/agents. Hebuilt a 
omputational model whi
h 
onsisted of a so-
iety of agents playing 
ulturally the so-
alled \imita-tion game". Agents were given a physi
al model of thevo
al tra
t, a model of the 
o
hlea, and a simple pro-totype based 
ognitive memory. Their memory of pro-totypes was initially empty and grew through inventionand learning from others, and s
ores were used to as-sess them and possibly prune the uneÆ
ient ones. Oneround of the game 
onsisted in pi
king up two agents, thespeaker and the hearer. The speaker utters one sound ofits repertoire, and the hearer tries to imitate it. Thenthe speaker evaluates the imitation by 
he
king if he 
a-



tegorizes the imitation as the item he initially uttered.Finally, he gives feedba
k to the hearer about the resultof this evaluation (good or not). de Boer showed thatafter a while, a so
iety of agents forms a shared vowelsystem, and that the formed vowel systems follow thestru
tural regularities of human languages. They are so-mewhat optimal, but this is a side e�e
t to adaptationfor eÆ
ient 
ommuni
ation under the arti
ulatory, per-
eptual and 
ognitive pressures and biases. These resultswere extended by (Oudeyer 2001b) for the 
ase of syllablesystems, where phonologi
al rules were shown to emergewithin the same pro
ess. As far as phonemi
 
oding is
on
erned, (Oudeyer 2002) has made experiments whi
htend to indi
ate that the 
on
lusions drawn from thesimple experiments of Lindblom 
an hardly be extendedto realisti
 settings. It seems that with realisti
 arti
u-latory and per
eptual spa
es, non phonemi
ally 
odedsyllable systems that are perfe
tly suÆ
ient for eÆ
ient
ommuni
ation emerge easily. Thus it seems that newhypothesis are needed.This paper will present a model that follows a simi-lar approa
h, yet with a 
ru
ial di�eren
e : no fun
tionalpressure will be used here. Another di�eren
e is thatthe 
ognitive ar
hite
ture of the agents that we use ismodeled at a lower level, whi
h is the neural level. Wewill show that phonemi
 
oding and shared vowel sys-tems following the right regularities emerge as a 
onse-quen
e of basi
 sensory-motor 
oupling on the one hand,and of unsupervised intera
tions among agents on theother hand. In parti
ular, we will show that phonemi

oding 
an be explained without any referen
e to the ar-ti
ulatory/per
eptual mapping, and yet how this map-ping explains some of the stru
tural regularities. Theemergent vowel systems will be shown to have great ef-�
ien
y if they were to be re
ruited for 
ommuni
ation,and yet were not formed under any 
ommuni
ative pres-sure. This is a possible example of what has been some-times termed \exaptation". An important aspe
t to keepin mind is that the neural devi
es of our agents are verygeneri
 and 
ould be used to learn for example hand-eye
oordination. Thus they are not at all language spe
i�
and at odds with neural devi
es like the LAD.2. A low-level model of agents that in-tera
t a
ousti
allyThe model is a generalization of the one des
ribed in(Oudeyer 2001a), whi
h was used to model a parti
u-lar phenomenon of a
ousti
 illusion, 
alled the per
ep-tual magnet e�e
t. (Oudeyer 2001a) also des
ribed a �rstsimple experiment whi
h 
oupled agent and neural maps,but it involved only stati
 sounds/arti
ulations and abs-tra
t arti
ulatory models. In parti
ular, the question ofphonemi
 
oding was not studied. The present paper ex-tends it to dynami
 arti
ulations, hen
e 
omplex sounds,and will use both abstra
t and realisti
 arti
ulatory mo-

dels. We also des
ribe in details the resulting dynami
sby introdu
ing entropy-based measures whi
h allow tofollow pre
isely what happens.The model is based on topologi
al neural maps. Thistype of neural network has been widely used for manymodels of 
orti
al maps (Morasso et al., 1998), whi
hare the neural devi
es that humans have to representparts of the outside world (a
ousti
, visual, tou
h et
...).There are two neuros
ienti�
 �ndings on whi
h our mo-del relies, and that were initially made popular with theexperiments of Georgopoulos (1988) : on the one hand,for ea
h neuron/re
eptive �eld in the map there exist astimulus ve
tor to whi
h it responds maximally (and theresponse de
reases when stimuli get further from thisve
tor) ; on the other hand, from the set of a
tivitiesof all neurons at a given moment one 
an predi
t theper
eived stimulus or the motor output, by 
omputingwhat is termed the population ve
tor (see Georgopoulos1988) : it is the sum of all prefered ve
tors of the neu-rons ponderated by their a
tivity (normalized like heresin
e we are interested in both dire
tion and amplitudeof the stimulus ve
tor). When there are many neuronsand the preferred ve
tors are uniformly spread a
rossthe spa
e, the population ve
tor 
orresponds a

uratelyto the stimulus that gave rise to the a
tivities of neurons,while when the distribution is inhomogeneous, some im-pre
isions appear. This impre
ision has been the sub-je
ts of ri
h resear
h, and many people proposed morepre
ise variants (see Abbot and Salinas, 1996) to the for-mula of Georgopoulos be
ause they assumed the sensorysystem 
oded exa
tly stimuli (and hen
e that the for-mula of Georgopoulos must be somewhat false). On the
ontrary we have shown in (Oudeyer 2001a) that thisimpre
ision allows the interpretation of \magnet e�e
t"like psy
hologi
al phenomena, i.e. sensory illusions, andso may be a fundamental 
hara
teristi
 of neural maps.Moreover, the neural maps are re
urrent, and their re-laxation 
onsists in iterating the 
oding/de
oding withthe population ve
tor : the impre
ision 
oupled with po-sitive feedba
k loop forming neuron 
lusters will providewell-de�ne non-trivial attra
tors whi
h 
an be interpre-ted as (phonemi
) 
ategories.A neural map 
onsists of a set of neurons ni whose\preferred" stimulus ve
tor is noted vi. The a
tivity ofneuron ni when presented stimulus v is 
omputed witha gaussian fun
tion :a
t(ni) = e�dist(vi;v)2=�2 (1)with sigma being a parameter of the simulation (towhi
h it is very robust). The population ve
tor is then :pop(v) = Pi a
t(ni)�viPi a
t(ni)The normalizing term is ne
essary here sin
e we are notonly interested in the dire
tion of ve
tors. There are ar-guments for this being biologi
ally a

eptable (see Reg-gia 1992). Stimuli are here 2 dimensional, 
orresponding



to the �rst two formants of sounds. Ea
h neural map isfully re
urrent : all the neurons ni of the map are 
onne
-ted with symmetri
 synapses of weightwi;j = e�dist(vi;vj)2=�2, whi
h represent the 
orrelation of a
tivity between 2neurons (and so 
ould be learnt with a hebbian rule forinstan
e, but are 
omputed dire
tly here for sake of eÆ-
ien
y of the simulation). When presented an input sti-mulus, two 
omputations take pla
e with a neural map :the population ve
tor is 
al
ulated with the initial a
ti-vation of neurons, and gives what is often interpreted aswhat the agent senses ; then the network is relaxed usinglo
al dynami
s : the a
tivity of ea
h neuron is updatedas : a
t(ni;t+1) = Pj a
t(ni;t)�wi;jPi a
t(ni;t)This is the me
hanism of 
ompetitive distribution of a
-tivation as des
ribed in (Reggia et al. 1992, Morasso etal. 1998), together with its asso
iated dynami
al proper-ties. The fa
t that weights are symmetri
 makes that thisdynami
 system has point attra
tors. As a 
onsequen
e,the iterated update of neurons a
tivity soon arrive at a�xed point, whi
h 
an be interpreted as a 
ategorizingbehavior. So the population ve
tor allows to model howwe per
eive for example a parti
ular vowel, say [e℄, in aparti
ular senten
e and spoken by a parti
ular person,and the attra
tor in whi
h the map falls models the be-havior of 
ategorizing this sound as being of 
lass [e℄.Moreover, it is easy to show that this lo
al dynami
sis equivalent to the global pro
ess of iteratively 
odingand de
oding with the population ve
tor, and ea
h timefeeding ba
k to the input the de
oded ve
tor.There are two neural maps : one arti
ulatory whi
hrepresents the motor spa
e (neurons ni), and one a
ous-ti
 whi
h represent the per
eptual spa
e (neurons li).Both spa
es are typi
ally isomorphi
 to [0;1℄n. The twomaps are fully 
onne
ted to ea
h other : there are sym-metri
 
onne
tions of weights w0i;j between every neuronof one map and the other. These weights are supposedto represent the 
orrelation of a
tivity between neurons,and will allow to perform the double dire
tion a
ous-ti
/arti
ulatory mapping. They are learnt with a heb-bian learning rule (Sejnowsky 1977)Æw0i;j = 
2(a
ti� < a
ti >)(a
tj� < a
tj >)where a
ti is the a
tivation of neuron i and < a
ti >the mean a
tivation of neuron i over a 
ertain time in-terval (
orrelation rule). The propagation of signals inthis paper always happen from the a
ousti
 map to thearti
ulatory map (the arti
ulatory map 
an only give in-formation to the a
ousti
 map through the environment,as in the babbling phase des
ribed below where a
tivityin the motor map moves arti
ulators, whi
h then pro-du
es sound and a
tivate the 
o
hlea whi
h �nnaly a
-tivate the a
ousti
 map). Figure 1 gives an overview ofthe ar
hite
ture.

Fig. 1 Overview of the ar
hite
tureThe network is initially made by initializing the pre-ferred ve
tors of neurons (i.e. their weights in a biologi
alimplementations) to random ve
tors following a uniformdistribution, while the w0i;j are set to 0. Part of the ini-tial state 
an be visualized by plotting all the vi as inone of the upper squares of �gure 2 whi
h representsthe a
outi
 maps of two agents (the per
eptual spa
e is2-dimensional, and points represents the preferred ve
-tors of neurons). Also, one 
an visualize how agents ini-tially per
eive the sound world by plotting all the pop(v)
orresponding to a set of stimulus whose ve
tors valuesare the interse
tions of a regular grid 
overing the wholespa
e. This gives graphs similar to those used in (Kuhl2000) who dis
overed the per
eptual magnet e�e
t. Thelower squares of �gure 2 are examples of su
h an initialper
eptual state : we see that the grid is nearly not de-formed, whi
h means as predi
ted by theoreti
al results,that the population ve
tor is a rather a

urate 
oding ofthe input spa
e. It means that initially, agents are notsubje
t to auditory illusions as will be the 
ase later on.One 
an also visualize the initial attra
tors of the a
ous-ti
 neural maps : �gure 3 shows one example, in whi
hea
h arrow has its ending point being the population 
o-ded ve
tor after one iteration of the relaxation rule withinitial a
tivation of neurons 
orresponding to the popu-lation ve
tor represented as the beginning of the arrow.In brief, if one views the relaxation rule as a fun
tionwhi
h maps one set of neuronal a
tivities, 
ara
terizedby a unique population ve
tor, to another one, 
ara
teri-zed by another population ve
tor, then the ending pointof arrows are the image of the starting points throughthis fun
tion. What one 
an noti
e is that initially, at-tra
tors are few, trivial and random (most often there isonly one).Before having agents intera
t, there is a �rst phase ofbabbling during whi
h appropriate initial values of thew0i;j 's are learnt with the 
orrelation rule : random arti-
ulations are performed, whi
h on the one hand providesa
tivations for the neurons in the arti
ulatory map, andon the other hand produ
es sounds whi
h are per
ei-



ved with the 
o
hlea whi
h then provides a
tivations inthe a
ousti
 map. Also, a
ousti
 neurons who get verylow a
tivity or equivalently whose arriving w0i;j are verylow are simply pruned. This is 
onsistent with the wellknow phenomena of a
tivity dependant growth, and inparti
ular allows a better visualization of the neuronsin the a
ousti
 map. On
e this initial phase is over, thew0i;j 's still 
ontinue to evolve with the asso
iated hebbianrule. This is indeed ne
essary sin
e neurons in ea
h map
hange their \preferred ve
tor" during the simulation.Then there is a learning me
hanism used to update theweights/preferred ve
tors in the two neural maps whenone agent hears a sound stimulusv = (vt0 ;vt1 ;vt2 ;vt3 :::),whi
h is represented by a temporal sequen
e of featureve
tors here in [0;1℄n, typi
ally 
orresponding to the for-mants of the sound at a moment t (formants are thefrequen
ies for whi
h there is a peak in the power spe
-trum). The delay between two feature ve
tors is typi
allya few millise
onds, 
orresponding to the time resolutionof the 
o
hlea. For ea
h of these feature ve
tors, the a
ti-vation of the neurons (just after per
eption) in the a
ous-ti
 map is 
omputed, and propagates to the motor map.Then, the population ve
tor of both maps is 
omputed,giving two ve
tors va
oust and vmotor 
orresponding towhat the networks per
eived of the input. Then, ea
hneuron of ea
h map is updated so as to be a little bitmore responsive to the per
eived input next time it willo

ur (whi
h means that their preferred ve
tors are shif-ted towards the per
eived ve
tors). The a
tual formulaisÆvi = 
1 � e�dist(va
oustormotor ;vi)2�2 � (va
oustormotor � vi).The agents in this model produ
e dynami
 arti
ula-tions. These are generated by 
hoosing N arti
ulatorytargets (whi
h are 
on�gurations of the vo
al tra
t), andthen using a 
ontrol me
hanism whi
h drives the arti-
ulators su

essively to these targets. Arti
ulators arethe parts of the vo
al tra
t that 
ontrol its shape (forexample the jaw). In the experiments presented here,N=3 for sake of simpli
ity, but experiments have been
ondu
ted for N=2,...,5 and showed this does not 
hangethe results. The 
hoi
e of the arti
ulatory targets is madeby a
tivating su

essively and randomly 3 neurons of thearti
ulatory map. Their preferred ve
tors 
ode for thearti
ulatory 
on�guration of the target. The 
ontrol me-
hanism that moves the arti
ulators whi
h we used herewas very simple : it is simply a linear interpolation bet-ween the su

essive targets. We did not use realisti
 me-
hanisms like the propagation te
hniques of population
odes proposed in (Morasso et al., 1998), be
ause thesewould have been rather 
omputationally uneÆ
ient forthis kind of experiment, and does not alter the results.Finally, gaussian noise is introdu
ed just before sendingthe target values to the 
ontrol system. This noise is�xed in the present paper : the standard deviation of the

gaussian is equal to 5 per
ent of the arti
ulatory range(similar to experiments of de Boer).When an arti
ulation is performed, a model of the vo-
al tra
t is used to 
ompute the 
orresponding a
ousti
traje
tory. There are two models. The �rst one is abs-tra
t and serves as a test model to see whi
h propertiesare due to the 
oupling of neural systems and whi
h aredue to the parti
ular shape of the arti
ulatory/a
ousti
mapping. This is simply a random linear mapping bet-ween he arti
ulatory spa
e and the a
ousti
 spa
e. In thispaper the arti
ulatory spa
e is always three-dimensional,isomorphi
 to [0;1℄3, and the per
eptual spa
e is always2-dimensional.The se
ond model is realisti
 in the sense that it re-produ
es the human arti
ulatory to per
eptual mapping
on
erning the produ
tion of vowels. We model only vo-wels here for sake of 
omputational eÆ
ien
y. The threemajor vowel arti
ulatory parameters are used : (Ladefo-ged and Maddieson, 1996) tongue height, tongue posi-tion and lip rounding. To produ
e the a
ousti
 outputof an arti
ulatory 
on�guration, a simple model of thevo
al tra
t was used, as des
ribed in (de Boer, 1999),whi
h generates the 4 �rst formant values of the sound.Then, from these four values one extra
ts the �rst for-mant and what is 
alled the se
ond e�e
tive formant (deBoer, 2001), whi
h is a highly non-linear 
ombination ofthe �rst 4 formants. The �rst and se
ond e�e
tive for-mant are known to represent well human per
eption ofvowels (de Boer, 2001).The experiment presented 
onsists in having a popula-tion of agents (typi
ally 20 agents) who are going to in-tera
t through the produ
tion and per
eption of sounds.They are endowed with the neural system and one ofthe arti
ulatory synthesizers des
ribed previously. Ea
hneural map 
ontains 500 neurons in the simulations. Ty-pi
ally, they intera
t by pairs of two (following the evo-lutionary 
ultural s
heme devised in many models of theorigins of language, see Steels 1997, Steels and Oudeyer,2000) : at ea
h round, one agent is 
hosen randomly andprodu
es a dynami
 arti
ulation a

ording to its arti
u-latory neural map as des
ribed earlier. This produ
es asound. Then another random agent is 
hosen, per
eivesthe sound, and updates its neural map with the learningrule des
ribed earlier. It is 
ru
ial to note that as op-posed to all simulations on the origins of language thatexist in the litterature (Hurford et al., 1998) our agentsdo not play here a \language game", in the sense thatthere is no need to suppose an extra-linguiti
 proto
ol ofintera
tion su
h as who should give a feedba
k to whomand at what parti
ular moment and for what parti
ularpurpose. Indeed, there are no \purpose" in our agentsheads. A
tually, the simulation works exa
tly in the sameway in the following setup : imagine that agents are in aworld in whi
h they have parti
ular lo
ations. Then, theonly thing they do is to wander randomly around, pro-



du
e sounds at random times, and listen to the soundsthat they hear in their neighborhood. In parti
ular, theymight not make any di�eren
e between sounds produ-
ed by themselves and sounds produ
ed by other agents.No 
on
ept of \self" is needed. They learn also on theirown produ
tions. As a 
onsequen
e, the model presen-ted here for example makes a lot less assumptions about
ognitive and so
ial pre-requisites than the model in (deBoer 2001) for the origins of vowel systems.3. Shared 
rystalisation with phonemi

oding : the 
ase of abstra
t linear ar-ti
ulatory/a
ousti
 mappingsLet us des
ribe �rst what we obtain when agents usethe abstra
t arti
ulator. Initially, as the re
eptive �eldsof neurons are randomly and uniformly distributed a
rossthe spa
e, the di�erent targets that 
ompose the produ
-tions of agents are also randomly and uniformly distri-buted. What is very interesting, is that this initial statesituation is not stable : rapidly, agents get in the a situa-tion like on �gures 4 (for the unbiased 
ase) or 8 whi
hare respe
tively the 
orrespondan
es of �gures 2 and 8 af-ter 1000 intera
tions in a population of 20 agents. These�gures show that the distribution of re
eptive �elds isnot anymore uniform but 
lustered. The asso
iated pointattra
tors are now several, very well-de�ned, and non-trivial. Moreover, the re
eptive �elds distribution and at-tra
tors are approximately the same for all agents. Thismeans that now the targets that agents use belong to oneof well-de�ned 
lusters, and moreover 
an be 
lassi�edautomati
ally as su
h by the relaxation of the network.In brief, agents produ
e phonemi
ally 
oded sounds. The
ode is the same for all agents at the end of a simula-tion, but di�erent a
ross simulations due to the inherentsto
hasti
ity of the pro
ess.Also, what we observe is that the point attra
tors thatappear are relatively well spread a
ross the spa
e. Theprototypes that they de�ne are thus per
eptually quitedistin
t. In terms of Lindblom's framework, the energyof these systems is high. Yet, there was no fun
tionalpressure to avoid 
lose prototypes. They are distribu-ted in that way thanks to the intrinsi
 dynami
 of there
urrent networks and rather large tuning fun
tion ofre
eptive �elds : indeed, if two neuron 
lusters just gettoo 
lose, then the summation of tuning fun
tions in theiterative pro
ess of relaxation smoothes lo
ally their dis-tribution and only one attra
tor appears.To show this shared 
rystalisation phenomenon in amore systemati
 manner, measures were developped thattra
k on the one hand the evolution of the 
lusterednessof targets for ea
h agent, and on the other hand the si-milarity of target distributions between agents. The ba-si
 idea is to make an approximation of these distribu-tions. A �rst possibility would have been standard bin-

ning, where the spa
e is dis
retized into a number ofboxes, and one 
ounts how many re
eptive �elds fall inea
h bin, and then normalize. The drawba
k is that the
hoi
e of the bin size is not very 
onvenient and robust;also, as far as distribution 
omparison is 
on
erned, this
an lead to inadequate measures if for example there aresmall translations among 
lusters from one distributionto another. As a 
onsequen
e, we did de
ide to make ap-proximations of the lo
al probability density fun
tion ata set of parti
ular points using parzen windows (Dudaet al., 2001). This 
an be viewed as a fuzzy binning. Fora given point x, the approximation of the probabilitydensity fun
tion is 
al
ulated using a gaussian window :pn(x) = 1nPni=1 12�� e� jjx�xijj�2where the xi are the set of targets. The width of thewindows is determined by �, and the range of satisfayingvalues is large and so this is easy to tune. This approxi-mation is repeated for a set of points distributed on the
rossings of a refular grid. Typi
ally, for the 2D per
ep-tual map/spa
e, the grid is 10 points wide and gaussianhave a varian
e equal to that of the noise (5 per
ent ofrange).In order to tra
k the evolution of 
lusteredness, we
hose to use the 
on
ept of entropy (Duda et al. 2001).The entropy is minimal for a 
ompletely uniform dis-tribution, and maximal for a distribution in whi
h allpoints are the same (1 perfe
t 
luster). It is de�ned hereas : entropy = �Pli=1 pn(xgridi)ln(pn(xgridi)where xgridi are the 
rossings of the regular grid atwhi
h we evaluated the probability density fun
tion. Asfar as the 
omparison between two target distributions is
ompared, one used a symmetri
 measure based on theKullba
k-Leibler distan
e de�ned as :distan
e(p(x);q(x)) =12Pxgrid q(x)log( q(x)p(x) ) + p(x)log p(x)q(x)where p(x) and q(x) are distributions of targets.Figure 6 shows the evolution of the mean 
lustered-ness for 10 agents during 2000 games. We 
learly see thepro
ess of 
rystalisation. Figure 7 shows the evolutionof similarity among the distributions of targets. Ea
hpoint in the 
urve represents the mean distan
e amongdistributions of all pairs of agents. What we expe
t isthat the 
urve stays relatively stable, and does not in-
rease. Indeed, initially, all distributions are approxima-tely uniform, so approximately identi
al. What we verifyhere is that while ea
h distribution be
omes peaked andnon-trivial, it remains 
lose to the distributions of otheragents.Why does this phenomenon o

ur? To understand in-tuitively, one has to view the neural map that agentsuse, in parti
ular the per
eptual map, as modeling thedistribution of sounds that are per
eived, and whi
h areprodu
ed by members of the so
iety. The 
ru
ial point is



Fig. 2 A
ousti
 neural maps at the beginning (top), and as-so
iated initial per
eptual warping, i.e. images the points of aregular grid through the population ve
tir fun
tion (bottom).As with all other �gures, the horizontal axis represents the�rst formant (F1), and the verti
al axis represents the se
onde�e
tive formant (F2')that the a
ousti
 map is 
oupled and evolves with the ar-ti
ulatory map so that the distribution of sounds whi
hare produ
ed is very 
lose to the distribution of soundswhi
h is modeled in the a
ousti
 map. As a 
onsequen
e,agents learn to produ
e utteran
es 
omposed of soundsfollowing the same distribution as what they hear aroundthem. All agents initially produ
e, and so per
eive, thesame distribution. Logi
ally, one would expe
t that thisstate remains un
hanged. Yet, this is not what happens :indeed, at some point, symmetry breaks due to 
han
e.The \uniform" state is unstable. And positive feed-ba
kloops make that this symmetry breaking, whi
h mighthappen simultaneously in several parts of the spa
e orin several agents, gets ampli�ed and 
onverges to a statein whi
h the distribution is multi-peaked, and of 
oursestill shared by agents.These results show a real alternative to earlier des
ri-bed theories to explain phonemi
 
oding as well as theformation of shared sound systems : the neural devi
eis very generi
 and 
ould have been used to learn the
orresponden
e between other modalities (e.g. hand-eye
oordination, see Morasso et al., 1998, who use similarnetworks), so no LAD is required (Chomskian innatists);the arti
ulatory to per
eptual mapping is linear and tri-vial, so there is no need for innate parti
ularities of thismapping (morpho-per
eptual innatists); agents are notplaying any sort of parti
ular language game, and thereis no pressure for developing an eÆ
ient and shared si-gnalling system (they do develop it, but this is a side ef-fe
t !), so there are many fewer assumptions needed than

Fig. 3 Representation of the population ve
tor fun
tion forthe initial neural maps of �gure 1 : ea
h arrow gives informa-tion about in whi
h dire
tion are shifted stimuli in the lo
alarea where they are drawn

Fig. 4 Neural maps and per
eptual warping after 1000 inter-a
tions, 
orresponding to the intial states of �gure 1)in Lindblom's or de Boer's approa
h, and as a 
onse-quen
e the hypothesis presented in this paper shouldbe preferred for simpli
ity sake, following O

am's ra-zor law.4. The use of realisti
 arti
ulatory/a
ousti
mappingYet, we have so far not been able to reprodu
e thestru
tural regularities of for example human vowel sys-tems as done by de Boer's model. By \stru
ture" wemean what set of vowels (and how many of them) ap-pear together in a vowel system. Indeed, our vo
al tra
ttheoreti
ally allows us to have thousands of di�erent vo-wel systems, but yet only very few are a
tually used inhuman languages (Ladefoged and Maddison, 1996). Thisis due to the fa
t that we used an abstra
t arti
ulatorysynthesizer. We are now going to use the realisti
 vowelarti
ulatory synthesizer presented earlier. The mapping



Fig. 5 Representation of the population ve
tor fun
tion forthe �nal neural maps of �gure 3 : ea
h arrow gives informa-tion about in whi
h dire
tion are shifted stimuli in the lo
alarea where they are drawn

Fig. 6 Evolution of entropy of target distributions during 2000intera
tions : the emergen
e of 
lusterednessthat it implements is not any more linear. To get an ideaof it, �gure 8 shows the state of the a
ousti
 neural mapsof agents just after the initial babbling phase whi
h al-lows to set up initial weights for the 
onne
tions withthe arti
ulatory map, and after the pruning phase whi
hgot rid of never used a
ousti
 neurons. We see that theimage of the 
ube [0;1℄3 whi
h is uniformly explored du-ring babbling is a triangle (the so-
alled vo
ali
 triangle).A series of 500 simulations were ran with the same set ofparameters, and ea
h time the number of vowels as wellas the stru
ture of the system was 
he
ked. The �rst re-sult shows that the distribution of vowel inventory sizeis very similar to the one of human vowel systems (La-defoged and Maddison, 1996) : �gure 10 shows the 2 dis-tributions (in plain line the distribution 
orrespondingto the emergent systems of the experiment, in dottedline the distribution in human languages), and in par-ti
ular the fa
t that there is a peak at 5 vowels, whi
his remarkable sin
e 5 is neither the maximum nor theminimum number of vowels found in human languages.Also, among these 5 vowel systems, it appeared that oneof them is generated mu
h more frequently (79 per
ent)than others : �gure 9 shows an instan
e of it. The re-maining 5 vowel systems are either with a 
entral voweltogether with more front vowels, or with more ba
k vo-

Fig. 7 Evolution of target distributions similarity during2000 intera
tions : emergent 
lusters are similar in di�erentagents
Fig. 8 Initial neural map, population ve
tor fun
tion repre-sentation and per
eptual warping of one agent within a popu-lation of 20 agents. Here the realisti
 arti
ulatiry synthesizeris usedwels. This agrees very well with what has been foundin natural languages. (S
hwartz et al. 1997) found that89 per
ent of the languages had the symmetri
 system,while the two other types with the 
entral vowel o

ur in5 per
ent of the 
ases. For di�erent system sizes similarlygood mat
hes between predi
ted systems and human vo-wel systems are found.5. Con
lusionFun
tional and 
omputational models of the origins oflanguage (Hurford et al., 1998) typi
ally make a lot ofinitial assumptions su
h as the ability to play languagegames or in general 
oordinate. The present paper pre-sented an experiment 
on
erning sound systems whi
hmight be a possible example of how to bootstrap theselinguisti
 intera
tions. Indeed, with very simple and non-spe
i�
 neural systems, without any need for expli
it 
o-ordination s
hemes, without any deus ex-ma
hina fun
-tional pressure, we obtained here a signalling systemwhi
h 
ould very well be re
ruited as a building blo
kfor a naming game for example. (Oudeyer 2002) presentsa more traditional fun
tional model of higher aspe
ts ofsound systems (phonologi
al rules) whi
h is based on the



Fig. 9 neural map, population ve
tor fun
tion representationand per
eptual warping of the agent of �gure 4 after 2000intera
tions with other 20 agents. The 
orresponding �guresof other agents are nearly identi
al, as in �gures 2 and 3.The produ
ed vowel system 
orrresponds to the most frequent5 vowel system in human languages.

Fig. 10 Distribution of vowel inventories sizes in emergentand exsiting human vowel systemsbootstrapping me
hanism presented here.Moreover, it provides a very simple explanation forphonemi
 
oding, whi
h re
eived only poor a

ount inprevious resear
h. Yet, understanding truly phonemi

oding might be of 
ru
ial importan
e to understand theorigins of language : indeed, syntax is thought to be thekeystone and one the hottest topi
s is how 
ompositiona-lity appeared. Interestingly, phonemi
 
oding is a formof primitive 
ompositionality.Finally, the use of a realisti
 vowel synthesizer allowedto show that the model also predi
ts inventories regula-rities. We showed how the use of a realisti
 synthesizer is
ru
ial for the predi
tion of these regularities, but is 
er-tainly not the explanation of phonemi
 
oding. As faras phonemi
 
oding and vowel inventories are 
on
er-ned, the model presented in this paper is more biology-
ompliant than innatists models, and makes less assump-tions than traditional 
ultural fun
tional models.
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