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Abstract—It is thought that meaning may be grounded in  similar competencies in arti cial agents and robots (even i

early childhood language learning via the physical and social they are not acquired by exactly the same routes).
interaction of the infant with those around him or her, and

that the capacity to use words, phrases and their meaning are ||, FROM BABBLING TO THE ACQUISITION OF WORDS
acquired through shared referential “inference' in pragmatic AND PHRASESWITHOUT MEANING

interactions. In order to create appropriate conditions for

language learning it would therefore be necessary to expose This work is inspired by the observed progress in language
the robot to similar physical and s_ocia_l contexts. However in acquisition by human infants. Though we do not aim to
the early stages of language learning it is estimated that a 2- gjmyate this development as a whole we investigate certain
year-old child can be exposed to as many as 7,000 utterances hani that Id ol K le. W ke th ti cial
per day in varied contextual situations. In this paper we report mec anl_sms atcou pay a e)_/ role. yve make the arti cia

on our forthcoming experiments which are designed to allow assumption that we can isolate different developmentaispat

a robot to carry out language learning in a manner analo- and examine them separately. The development of the ability
gous to that in early child development and which effectively to segment a speech stream into words and phrases overlaps
short cuts' holophrase learning. Two approaches are used: \yith the acquisition of semantic understanding and thegeco

simulated babbling through mechanisms which will yield basic nition of primary lan tructure. but here we initia
word or holophrase structures and an interaction environment on of primary language structure, but here we Jligt

between a human and a robot where shared intentional ?nvestigate the emergence of st_able p_hone_tic forms orgstrin
referencing and the associations between physical, visual and independent of meaning. Our simulation aims to show how a

speech modalities can be experienced by the robot. The output robot might learn to segment an utterance, an acoustiastrea
of these experiments, combined to yield word or holophrase ¢ goynds, that will be the basis for extracting meaningful

structures grounded in the robot's own actions and modalities, . L
would provide scaffolding for further proto-grammatical usage- elements [1, p. 39]. The starting point is taken as the stage

based learning via interaction with the physical and social at which infants ty_pically prOdefe _Canonica| babbl_ing,_hlet
environment involving human feedback to bootstrap developing second half of their rst year. This is the age at which infant

linguistic competencies. These structures would then form the begin to show they are learning the phonetic charactesistic
basis for further stuo!ies on language acquisition, including the  of their own ambient language [2, p. 46], [3, p. 148].
emergence of negation and more complex grammar. Earlier the ability to distinguish different phonetic coasts
l. INTRODUCTION is universal, _bu_t _sensitivity '.[0 some foreign p_honer_nes is
. . _then lost or diminished — for instance the capacity of irgant
In learning to use language to communicate and maniRsarning Japanese to distinguish between /r/ and /I/ as both
ulate the world around them, human children bene t fromygnds belong to the same Japanese phonignavhile
a positive feedback loop involving individual learning (bygiscrimination of native sounds improves [4].
interacting with their hands and bodies with objects around Initially, the infant's ability to perceive and analyse ase
them), social learning (via close interaction with pareams ¢ signals is much greater than the ability to produce them.
others), and gradual acquisition of linguistic competesci |nfants typically start to acquire vowel categories of thei
This feedback cycle supports the scaffolding of incredging native language and combine them with certain consonants to
complex skill learning and linguistic development givifigt produce characteristic repetitious strings of syllabladada
child ever greater mastery of its social and physical emviro mamamaetc. typical of babbling. This is the basis on which
ment, as well as supporting the development of cognitive ange infant will build its language production abilities [5,
conceptual capabilities that would seem impossible wnthmb_ 50] as “[tlhe rst (pre-symbolic, pre-referential, cant-
language. Our work is aimed at realizing this same kind Qfmited) words produced re ect a match between the child's
feedback cycle supporting that scaffolding of behavigurahapbling patterns and adult patterns produced in a meaning-
linguistic and conceptual competencies in robots. The pufg| context” [6, p. 136].
poses of doing this are not only to better understand p@ssibl | the acquisition of linguistic capabilities, e.g. magter
mechanisms for such learning in humans, but also to achieyg word-usage frames and case markings, there are analo-

_ _ gies with holistic utterances hypothesized as componénts o
The authors are  with the  Adaptive  Systems Re- . .
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autonomous development of language abilities in the LESAtem can then be appropriately weighted and produced as

The assumptions include: part of a future utterance.
LESA has the intention to communicate. With a real human teacher, whose speech would be con-
Communicative ability is learnt via interaction with aVverted into strings of phonemes, LESASs output would be
teacher. synthesized speech, and the human would make a subjective

Perception and production of speech are based on sif#dgement. . .
ulated “mirror neuron' type structures - i.e., the same Taking serial learning of short segments as target basic
generate Synthesized Speech_ [5], [13] and empil’ica| Iinguistic observation [14]

B. Segmentation Mechanisms

_ . _— . In making an attempt to segment a stream of sounds
For these preliminary |nve§t|gat|ons LESA will be a SOft'we will take into account the following characteristics of
ware agent. The teacher will be partly an actual huma

” imulated human so that w nincr th nttI e process in humansAt this stage IDS (infant directed
partly a simulated human so that we can increase the qua sﬁfeech) is typically made up of words with few syllables
of input. From the start we aim to eventually have LES %2]

understa_nd a co-op_eratwe but naive human — as evidenc Salient factors are start and end of utterance markers, of
by speaking and acting appropriately in context. Therefore , - . . .

. ) . . Which the latter is the most important. Mothers typically

we do not just want to work with stylized sentences, but W'trp])lace words on which they want the infant to focus at the
the vagaries of natural language. end of an utterance. If this word is a noun in English this

Using the SCRIBE corpus of phonetically rich Eng“Sh_i usually a grammatical form, but, for instance, in Turkish

Lg] a s'ltore 01: %hor?emle?, diphones and tdefrng’ll\fibles "Yi{ leads to ungrammatical productions. In spite of this the
€ implemented, simulating a component o S PNON& actice is widely observed, suggesting that at this stage w

mic knowledge. Other sources could be used for differe tegmentation is more important than correct syntax [16].

languages. The structure of the syllable as perceived byAnother factor is the frequency of certain phonemic com-

infants will be modelled [2, p. 27]. This is analogous to the'binations. Rare or unobserved sequences tend to indicate

result of an infant constantly hearing English speech adour}j1 word boundary. Infants of about 11 months have been

mm _or_th(Tr, tnot ngcessanly ll(n{;mt-dtlrectted SﬁeeCh (IDS). hown to recognize the phonotactic constraints indicating
is initial stage in our work the structure of memory and, | \'p oo ies [17].

knowledge fusion processes are simplistic. .
9 P P We will also take account of observed phenomena such as

FOT the case of English, the L.ESA will start by'combmmgthe prevalence in English of the unit known as a “minimal
certain consonants and vowels into syllables, using thgeranword,, containing a binary foot, composed either of two

Of. phoneme combinations observgd n mfant; acquinng E yllables (e.g. CVCV, where C:consonant and V:vowel) or
glish [10, p. 149],[11, p. 176], with appropriate weighte \fvo moras (e.g. CVC or CVV)
ghances of being L.'SEd' .LESA will generate output strings o We will investigate methods of integrating these factors to
simulated babble in variable length utterances. The teachg . placement of word boundaries, via the use of sim-
will produce s_hort English Ianguage utterances, typicahef le, single layer neural networks and ,information-the'oret
Iength found in motherese as in the_ CHILDES databf'ise [1 ethods. Discrete sequential data processed as bigrams or
which are converted and encoded into phoneme strings. T, ?grams is typically linearly separable [18]
phonemic alphabet includes a start/end-of-utterancecandi '
tor. [1l. ACQUISITION OFMEANING THROUGH MEDIATED

To begin with there is no correspondence between utter- PHYSICAL INTERACTION
ances: interaction between LESA and its teacher is con-
ned to turn taking, and to updating the weight attache
to phonemes, diphones, demi-syllables in LESAS store
phonemic knowledge. Then learning to segment an utterang
and extract elements begins. Each time LESA ‘“hears'
phonem_e string |t_makes an attempt to segment It, using, o 5 ‘usage-based' view on language acquisition follgwin
mechanisms described below. Thege segments c_onst|tut‘e asello [1] and Bloom [21] and take inspiration from the
compo'nents of the store of perf:elved phonemic and P'&onstructivist work of researchers such as Steels on the-eme
lexical' knowledge, and are available for LESA to use i
future productions. With a simulated teacher, LESAS otitp
is checked against a phonetic dictionary to see if it Camst#t 11y this current work we do not investigate the role of prosayd
a proper word or contains a proper word along with othentonation, which play a signi cant role in speech segméataand enable
phonemes, or contains more than one word. If it does thggr:‘tfstflsrfcogn'ze some organized forms of speech from ket
teacher will respond positively, Whe.n It rst occurs, a_-n@ th 2Following Wittgenstein [19], any derivation of ‘meaning' nhudtimately
segment, a string of phonemes, will be stored. This learnt evidenced by appropriate embodied action in language gérhdg0]).

A. Experiment I. Phonemics and Holophrasis Acquisition

Part of our research focuses on whether it is possible
q associate speech and gestural actions of a human with
O(fction, visual, proprioceptive, and auditory perceptiohs

ot in order to derive “'meaning' for the robot associated t
rceived speech patterhsn carrying out this research we

Egence of various linguistic capacities in agent commusitie



[22], and also Roy and Pentland [23], Roy [24], and Yu
and Ballard [25] in attempting to link perceived speech with ==
object and action perception. One of the problems faced in
an associative approach is that it requires the exploitatio
of statistical regularities between speech and perception
This implies that many learning episodes would be required.
However, although infants are exposed to a high number of
ambient speech events and direct feedback learning via thei
carers (being exposed to as many as 7,000 utterances per|
day), they actually learn new words with very few presenta-
tions. According to Bloom [21] co-occurrence of seeing an
object and hearing the object name does not occur regularly
enough to allow an associative mechanism to differentrae t
object (e.g. 50% of the time: see "milk’, hear “milk' - 50% of
the time hear “milk’, see “cat'- but “cat' is never assoailateFig' 1. Learning via Social Interaction.The humanoid robot Kaspar2 is
R _ . taught how to hold a patterned box.
with “milk"). Similarly carers rarely provide feedback on
actions (Bloom gives the example of the carer arriving home
and saying "Hello baby, whatya been doing today' rather RossuM [29] allows experiments to be carried out
than "Hello baby, I'm closing the door’). In order to achieveyhere, via the processes of self-imitation and observation
learning in few episodes the infant must have its leamingyitation, the humanoid robot learns through experiences
experiences biased in some way. This is thought to occur Vigounded on its own visual, auditory and sensorimotor
intentional reference. Thus for example 9-month old babiggedhack the relevant interaction modalities presented by
will follow the gaze of their mother, follow her pointing hyman tutor. Initially learning would be based on interai
gestures and monitor her emotional states. By 1 year Olgetween the human tutor and the robot whereby the tutor
the infant points on their own and observes the adult's gazgyeals to the robot, via speech, deixis, gesture and refere
whilst checking if they have changed the adults attentlén. the various affordances that are available and the relevant
they fail to capture the adults attention they will altera effectivities that can be used to exploit these affordances
between gazing at the object and the adult until the th@Yere speakingis regarded as a particular type gésturing
succeed in getting the attention of the adult onto the objegle, motor activity for manipulating the physical or social
The utterances of the adult together with reinforcement Vignyironment (see [31], [32]). The combination of self- and
forms of affective feedback (possibly prosodic features igpseryational imitation would allow the robot to take both a
the adult response) and success/failure of shared inteitio (st and third person perspective in making these disc@eeri

reference for the infant whilst situated in context allowang associate the gestural components with these disesveri
enough bias for fast learning to take place. Within this etiar

context the action modalities of the child are also assediat B. Robot

with simple verbal speech patterns of the adult (‘see the The rst physical experiments currently being carried out
doggy', hold the bottle’). In our experiments learning Wil yse the University of Hertfordshire's Kaspar2 robot. Ts i
thus rely on the action modalities of the robot together witly minimally expressive small humanoid robot with 8 degrees
the robot's abl'lty to share context and referential “itten of freedom in the head, and 5 degrees of freedom in each

with a human teacher. arm. Proprioceptive feedback from each arm is available
both when powered (and maintaining a position) and when
A. Software Platform and Architecture unpowered. The person interacting with Kaspar2 when un-

mnowered can physically manipulate its arms (for example to

Physical instantiations of a LESA can take humanoid for : . .
. . rhake the robot reach for an object) and the proprioceptive
such as the iCub [26] or Kaspar2 [27] robots. In carrying out : :
actuator readings can be continuously recorded.

these studies we have modi ed our existing social learning Kaspar? emplovs two video cameras for its eves. These
architecture (ROSSUM [28], [29]), originally implementedare usl?ad to ob?air?/ima es which are processed [):/33].to ield
on wheeled mobile robots, to the Kaspar2 humanoid robotic 9 P y

platform (see gure 1). The system has been used to leafl additional set of modalities. These include objectépatt

recognition, object colour, face detection and motion de-

scaffolded behaviours via directed learning from a hum . . .
teacher [28] (but not previously linguistic behaviour). WZl%cnon. A number of objects are available for Kaspar2 to

- . . . énteract with. These objects are detected using the ARTibolK

have added additional functionality for face, motion, an . 7 .

. . - ) system [34]. The objects are pre-learned using ARToolKit,

colour detection together with a facility for recording the ) ;

thus Kaspar2 can detect these objects and recognize that

phoneme sequences made by the human teacher. These g%/v are individual entities in the world, however no other

modalities are in addition to existing object detection an y '

proprioceptive feedback modalities already present in thest,e igea of “grounding' refers to relating the meaning of sylsitio

architecture (see IlI-B below). embodied sensorimotor experience [30].



meaning is attached to them. We justify the use of this
simplifying step in these early experiments as, rstly, it per cept on o oducti on

eliminates the need for a complex vision processing modalit
and secondly, and more importantly, it re ects a “whole Single word from teacher ~./" ; . ention
object' bias found both in children and adults (see Bloom, Reference /' imitation
Chapter 4 [21]). /
Reward

Different parts of the brain seem to process explicit,
declarative, itemlearning (hippocanpus) and implicit,
procedural, pattern learning (Vihman)

Part 2: Explicit Learning

Fig. 4. Explicit Learning.

and move Kaspar2's arms and hands to push, pull and touch
the objects whilst simultaneously explaining the action to
Kaspar2. All of Kaspar2 modalities are actively recorded
during this period together with the phoneme sequences
generated from the analysis of the human speech.
Subsequently the recorded data is analysed rstly to look
Fig. 2. Sharing Reference with a Teacher in Conteaspar2 interacts fOF clusters of association occurring between the phonemic
with the teacher, where both the robot and the human shaentitin on  strings and the “experiences' (i.e. sensorimotor readings
the coloured objects, a case of rudimentary shared inteatioeference. a time window [36]) in the robot's own modalities. We are
currently analysing the data using variants of Crutch eld-
Renyi information distance measure [37] as this has shown to
effectively associate sensory data from differing modditn
our previous studies [38], [39], [36]). Subsequently, wd wi

Qutline of nodel, part 1: inplicit |earning

Perception Produc tion

Anbi ent acousti ¢ si gnal Ganoni cal babbl i ng additionally use the. databgse of phoneme str[ngs generated
E?‘SEﬁLL?.ZL per cept i on by the experiment in section Il above (experiment I). We
Exper ence of anbi ent Babbl i ng w th bias to expect that by using this data the clustering of associgtion
syllable patterns ——— :':fe'ovee SZ 2 e: will be biased to the holophrases that the robot is already
1 rc percel ve! N f . . . .
pat ter ns aware of' and to which it will subsequently associate to
Produce word, wi thout particular classes of objects, actions, or interactions.
/ intent, in phoneme stream
Reward for word Rei nforce part of stream
production —— that includes word D. ASSUmptionS

In carrying out the physical experiments above we make a
number of key assumptions. Firstly, that the LESA, embodied
as Kaspar2 in this case, is motivated by novelty - thus if the

The robot also records the directed speech made by thESA sees a new object or a human face it will continue
human. The speech pattern of the human is then processeaking at it. Kaspar2's focus will eventually habituatétea
to yield a stream of phonemes using a system such as t&ich it will move semi-randomly (randomly but within

University of Bielefeld ESMERALDA speech recognition Xed limits) until it nds a new focus of attention. If it
system [35]. sees the same object again Kaspar2 will xate on it only

. . ] _if a suf cient time has passed. This "boredom' threshold is

C. Experiment II. Grounding Speech - Action and Objectyrrently set at 50 seconds. Secondly, that the robot is
Learning motivated to share the same attention space as the human

The following experiment is currently underway (experdrainer. Thus if the human decides to look away from Kaspar2
iment Il). This is where a a human teacher/carer interactie robot will try and focus in the same general area as the
with Kaspar2. The human and robot sit on opposite siddsuman. We achieve this last step by initially allowing the
of a desk (see gure 2). Kaspar2 initially focuses on theobot to focus on the human face. If the human head moves
human's face. If the human stays still Kaspar2 will everifjual a motion detection system will provide a global movement
“get bored' and start to look around. If the human changesector, essentially yielding a single integer value désog
his/her face direction (to look at an object) Kaspar2 wilthe angle of movement of the human head. Kaspar2 will then
broadly follow the line of the human's gaze. During thismove appropriately with its own head to broadly focus on
interaction the human will be encouraged to “talk' to Kagoarthe same area that the human is looking at.

Fig. 3. Implicit Learning.



E. Experiment Ill: Speaking and Interacting Which features must be supported by frameworks for
grounded language learning and imitative learning to
enable the representation and production of speech acts
that involve negation?

To what degree and in which form must motivation in
the robotic platform be modelled for this purpose, as
the majority of early negative speech acts are acts of
volition and not acts of description?

Can negation emerge as purely syntactical construction
or is it necessary to modify the underlying grounding
mechanism?

The output from analysis of the data from experiment
Il will yield a set of clusters which directly associate the
phomenic strings, word sequences, or holophrases with a
grounded representation of the robot's perceptions. Vémoht
to use these clusters to re-run experiment Il. This time
however the robot will “talk' by pronouncing the associated
phoneme strings of any cluster recognized as similar to
the current situations (e.g. familiar objects/actionshisT
phonetic output will be via speech synthesis (using, e.g.,
the eSpeak system [40]). The aim here is to analyse the
effect of human feedback on the robot's learning and on |V. DiscussiON QUESTIONS AND CONCLUSION
scaffolding futher linguistic compet\encies..Thus if thertan _ Insights of [19] and [44], and more constructively [22],
hears the robot say, for example, "push circle’ when pushings) - guggest to understand signalling and linguistic be-
a circle object, we would expect the human to providgayiour, one needs to take into account usage in their
some reinforcement signal back to the robot, for examplg,gmatic embodied social context. The learning of commu-
yes, Kaspar pushes the circle!’ or "No, that's a square!yicative signalling and linguistic systems (at the ontagen
This wo'uld then allow further angly3|s to yield Va'“ablediachronic, and evolutionary levels) are moreover shaped,
information on the nature of the reinforcement. only by details of perception and embodiment (e.g. [46]),
but also by details of transmission, sources of error and
variability, as well as feedback and repair mechanisms (e.g

The results of continued interations of experiment 11[22], [47], [7]).
above will further allow us to study the emergence of We have outlined mechanisms for experiments whereby
various forms of negation [41] through the mechanisms dfinguistically Enabled Synthetic Agents (LESAs), are ex-
communicative social interaction; indeed, negation hanbe pected to exhibit (1) reinforcing holophrasis and learnifg
hypothesized to have been an extremely important qualher iword-level parsing, (2) the grounding of words and lexicon
the emergence of symbolic representation capabilitiesy Veusage frames in action and object learning via physical
early in the language development of children emerge negateractions, and (3) the bootstrapping of simple usage-
tive speech acts like the rejective and holophrastic N@, e.based proto-grammatical structure via human scaffoldiny a
to refuse certain food or a particular activity. Other fuocs feedback.
of negation in early child language include nonexistence, The overall approach is to understacwhstructivelywhat
prohibition, denial, inability, failure, ignorance, exgssing mechanisms could be responsible for the ontogeny of linguis
the violation of a negative norm, and negative inferencé.[42tic compentencies. That is, for such a constructive theory
The mentioned examples show that the various functions language to be successful it is necessary to build an
of early negation are not necessarily related to each othiestantiation that exhibits the phenomenon to be explained
and that the term encompasses a set of functions thatdad, moreover, different constructive mechanisms could be
remarkably larger in scope than the well known negation aissessed against each other by comparing what they actually
propositions in particular. Which function a particularea$ generate. Most preferably these constructivist evalndtet-
negation has is obviously highly context-dependent in morgeds must involve learning in embodied social interactions
than one sense. It depends on the linguistic context on ométh humans and physical interactions with rest of the
hand but also on the situational context. An arti cial agent ESA's environment.
that is supposed to appropriate negative humanlike speechOpen and challenging research questions in this area
acts therefore cannot derive the meaning of these uttesandeclude: (1) to what extent can the methods be scaled for
through a simple lexical analysis. It has to consider thRuman-like acquisition of linguistic abilities?, (2) to ath
situation in which the dialogue takes place (joint attemtio extent does the achievement of one of these stages support
frame). Current models either choose the representation thie next in autonomous robot learning in social interaction
objects [43] or actions [29] as basic representationatlingl  with humans?, (3) are the methods applicable for a human
blocks. Different functions of negation tend to operatelos t language, say at the level of 3-year old child, or only proto-
other hand more on objects (nonexistence) than on actioggammatical approximants thereof?, (4) what “cognitive'
(rejection, prohibition), which suggests that the supgort capabilites are necessary or suf cient for recruitmentha t
certain forms of negation may be rather weak in each afevelopment of human-like linguistic competencies?, £) i
these existing models. For achieving the emergence of titenecessary to build in universal mechanisms for catego-
full range of early negation accordingly ways have to beization and generalization, propositional logic, prediicn,
found to bypass these dif culties. compositional syntax, etc., or can these emerge from more

In experiments currently being designed we intend telementary processes (such as Hebbian learning, “chunking
consider questions such as: sequential processing and locality principles, etc.) oreno

F. Further Experiments on Negation



general cognitive capacities (such as perspective takingg]
action hierarchies; expectation, prospection and refased)
how can different types of linguistic negation be acquiregzo]
by a LESA?, (7) to what extent are these mechanisms
for the development of linguistic abilities universal, .i.e
applicable for any given target natural language? (8) whgtl]
are appropriate semiotic frameworks for pragmatic actprist [22]
of language usage (e.g. uid construction grammar [48]
dynamic syntax [49], etc.)?, (9) to what extent are purprbrterzs]
explanations consistent not only with individual ontogerfy [24]
linguistic capabilities but also with diachronic (transsion)
and evolutionary (phylogenetic) considerations? 25
The road ahead to understanding language emergence is
long and complex, but constructive approaches offer new
means and criteria for validating explanations as we plszgre[26]
on this path. [27]
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