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1. Introduction

Language processing is a complex cognitive capability ahdms. Speech production, speech per-
ception, and speech understanding in the communicatiomeleet a speaker and a listener seem to be
performed effortlessly, but on closer inspection appeanvolve as yet ill-understood top-down and
bottom-up processes. Over the last few decades researdfereit disciplines such as psycholinguis-
tics, linguistics, biology, neuroscience, psychologypmétics and speech technology has resulted in the
design of theories and models that accountparts of the chain that links the speaker’s intentions and
the listener's comprehension. However, we are still famfra coherent and comprehensive model or
theory of speech communication.

The ability to understand speech is difficult to envisagéatit the capability to decode continuous
speech signals into a sequence of meaningful entities. eléa#ties may be words or, more generally,
word-like elements. Infants learn to discover word-likereénts in speech without any prior knowledge
about lexical identities, while information about the segitation of the continuous speech signal in
such word-like units is often rather implicit. The capailto discover words (and word-like units)
in continuous speech without using a pre-specified lexisamnie of the intriguing aspects of language
acquisition.

The question how children learn language is closely reltaetie question what the properties of
natural languages are that make them learnable in the faseplA closely related challenge is to de-
velop formal descriptions of complex cognitive processehsas learning and using language. The first
guestion is addressed by Kaplan et al. [16], who discusswaitomputational approaches towards the
modeling of language learning. They distinguish five défer'stances’, i.e. possible perspectives, cov-
ering the generative viewpoint, a statistically-basedreggh, a social/embodiment based approach, a
child-based developmental approach, and the 'languadet®rs viewpoint. They strongly advocate
the development of computational models since "Computatinodels [...] help refine our intuitions,
suggest novel lines of empirical investigation with humaarsd build concepts that shed a reinvigora-
ting light on childrens fantastic learning capacities.6].1 The issue of modeling cognitive processes
in formal terms is addressed in [40]. In this paper, the astlugvelop a formal scheme in the the-
oretical framework of 'Cognitive Informatics’ (Cl), in wbih the processes involved in learning (such
as perception, hypothesizing, reinforcement, storaggetong, retrieval) are described using so-called
process algebras. The Cl framework allows for a specificrg@im of hierarchy and abstraction (cal-
led 'Layered Reference Model) and of object-attributeatieinships in knowledge representation (see
also [39)]).

Both computational models and formal models are necessargefeloping a theory of language
acquisition and to suggest experiments to investigatalsletasuch a theory. Especially the availability
of a computational model of language acquisition, focugsin the very first steps in acquiring a set
of sound-meaning correspondences, is of considerableegttor several reasons. The literature about
language acquisition contains numerous observationsdeah to be difficult to reconcile. For example,
newborns are able to discriminate phonetic properties IafialUral languages, by when they acquire
their mother tongue, they loose the capability of distisging phonetic contrasts that do not play a
role in the native language (cf. [41] for additional phenamén language acquisition that seem to be
counter-intuitive). A comprehensive computational matiat can account for seemingly contradictory
phenomena would be a giant step towards understandingdgeqcquisition.
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Of course, we must ask ourselves to what extent computdtinadels must account for the details
of a physical or biological process. We understand bird fliglpart from what we learned in building
airplanes that fly without flapping their wings. Yet, we argju@ the cognitive and ecological plausibility
of a computational model of language acquisition is extigrimeportant, since attempts at understand-
ing cognition on the basis of computational models that doauthere to basic knowledge about the
underlying neuro-anatomical and physiological systerasat likely to advance our understanding sig-
nificantly.

Following Marr [22], three levels of modeling can be distighed. The highest Marrian level (called
‘computational’ level) describes the model in terms of au@lly limited) number of states, which are
connected by (usually a limited number of) processes. Hwalladdresses the conceptual way of how
the problem is to be solved. The second level, the 'algoiithfevel, deals with the strategies that
can be followed to build representations of the states anfdnpe the processes. Details on this level
are to be specified by the theory underlying the model. This lewel does not need to contain the
implementation details that are not part of the theoryfits8luch details are dealt with on the lowest
Marrian level (the 'implementation level’). Usually, theegmplementation details are not specified by
the underlying theory, but they must nevertheless be chcaegiully for the sake of plausibility of the
resulting model. Existing models of speech processing ai@lynon the computational level, leaving
many potentially crucial choices as yet unspecified [29].

Automatic Speech Recognition (ASR) and Computer Vision lparconsidered as computational
models of the corresponding cognitive skills. Both deahwitie process of mapping continuous sig-
nals (speech, images) onto discrete representations (arses of words, or a label for an image). At
the Marrian computational level ASR can serve as a compuiatimodel of human speech recognition
(HSR). Therefore, it is not surprising that attempts havenbmade to reuse computational techniques
developed in ASR for modeling Human Speech Recognition (8%], [3]). Both the HSR and ASR-
based approach of decoding speech have important contappexts in common, such as the dynamic
evolution of hypotheses over time, and the competition ofdsauring the word search. However,
these commonalities are on Marr's computational level.rétoee, there may well be fundamental dif-
ferences between human and automatic speech recognitioagses at the algorithmic (and certainly at
the implementation) level. ASR systems are designed dstgtak pattern recognizers, and in all extant
systems the patterns are based on a linguistic descriptispeech signals, rather than on a description
of the HSR process proper. As a consequence, a straightbmwapping between HSR and currently
available ASR approaches is likely to fall in the trap thdtriswn as the error of frame-of-reference in
(embodied) artificial intelligence [32].

The statistical approach to ASR has met with limited succadsances in hardware, algorithms and
and an ever increasing amount of training data have enabiedrplementation of quite useful large
vocabulary, continuous speech recognition (LVCSR) systamd a range of voice-enabled dialogue
systems. However, all conventional ASR systems perforrstankially worse than humans [19, 37, 42].
On the basis of an analysis of the development of the ASR pedioce over the last decades, Moore [26]
argues that all attempts to close the performance gap bet®&R and HSR by adding ever more training
data will be futile. Nowadays there is general agreemerttftimdlamentally new training and matching
paradigms must be explored, and a potential fruitful dioects informed by knowledge about human
speech processing. This amounts to narrowing (and perivapsually closing) the gap between HSR
and ASR at Marr’s algorithmic level.
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Recently, cognitive science has withessed the developoiar@w directions in modeling language
acquisition and speech understanding. Roy and Pentlarjdd83sed on machine learning of words;
Werker and Curtis [41] presented a comprehensive model miahuianguage acquisition, while Mal-
oof and Michalski [21] focus on incremental learning. Hoeevhese approaches still suffer from the
well-known symbol-grounding problem: conventional patteecognizers are trained to discriminate pre-
defined patterns that are invariably based on a (mostly sioledten human-crafted) meta-description
of the phenomena under investigation. For ASR this meansyiséems are trained to recognize ‘words’
that are represented in the form of a sequence of discretelsoliowever, while such a linear representa-
tion of words may be very convenient for the purpose of lisgaidescription, it does not properly reflect
the fact that speech production is fundamentally a contisymocess [30]. This essentially means that
conventional ASR systems make an error of frame-of-retardB2]. In contrast, for biological agents
‘patterns’ occur in the sensory input as emergent proeftié] that are learned because of the need to
associate (inherently variable) sensory inputs to meéulirdpjects and behaviors in the environment.
Because the sensory signals corresponding to ecologied#lyant entities are so variable, it is essen-
tial that biological agents are able &mlapt and generalizeknown patterns quickly and effortlessly to
recognize new variants that were not previously encoudtere

In this paper, we propose a novel computational model foguage acquisition. The model has
similarities with the Cross-channel Early Lexical LeaqifCELL) model [33]. CELL is trained with
audio recordings of play sessions between care givers amh-$e-eleven month-old infants. During
these sessions, caregivers and infants played with toys $&ven categories (balls, shoes, keys, cars,
trucks, dogs, and horses). Pictures taken of each toy froimugangles were used for building a visual
model of each toy. CELL learned to discover words by listgriim the speech, while simultaneously
looking at the visual representations.

The approach in the ACORNS project differs from CELL in aneesisl aspect. CELL makes the
assumption that infants represent speech signals in thedba symbolic representation of pre-defined
phonemes. From the perspective of human language acguisitat basic assumption is clearly un-
warranted. Our novel approach that is presented here agdréise issues of cognitive plausibility and
frame-of-reference by avoiding the use of such pre-defiepdesentations for decoding the informa-
tion in the input signals. Instead, the representationtémtodel emerge from the multimodal stimuli
that are presented to the model. This is in line with growinglence that speech and language skills
are emergentcapabilities of a developing communicative system [14, &4 that the way in which
linguistic patterns are stored and used during languageisitgn changes constantly as these patterns
become more numerous and fine-grained, and as the methatidfee processing the patterns become
correspondingly more complex [41].

In the ACORNS model learning takes place in an interactiap lbetween learner and 'caregiver’.
To that end, caregiver and learner are implemented as twiziattagents that interact by exchanging
messages. The caregiver provides multimodal stimuli tdehener, and the learner hypothesizes and
reinforces internal representations during the intesactvith the caregiver.

In the next section of this paper we introduce the main coraptmof the ACORNS model. Section
3 discusses the cognitive architecture of the ACORNS mddedection 4 we report a number of exper-
iments that show that the new model is indeed able to perf@sitlbanguage acquisition processes. In
the final section we put our results into perspective.
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2. A computational model for word discovery

A comprehensive model of language acquisition and speeatmemication must integrate different
aspects of signal processing and learning, viz. senson-&od processing of presented stimuli, pattern
discovery (hypothesizing, reinforcing and updating reprgations), memory access and organization
(storage, retrieval), and interaction between caregimdrl@arner that is conducive to learning.

2.1. Front-end processing

The learner takes multimodal stimuli as input. In our motletse stimuli have an auditory and visual
component. The auditory component processes actual acoesdrdings of spoken utterances. To that
end the model uses an auditory front-end processor, i.eqdul@ that converts acoustic signals into a
rich internal representation that can be used for learngwgpatterns and for recognizing known patterns.
There is growing evidence that this internal represematioist account for features of the input signals
in multiple simultaneous temporal resolutions, with a loWmit in the order of 0.5 to 2 ms, and an upper
limit of about 250 ms [11]. The representations must be blgtto characterize and process essentially
all ecologically relevant sounds, from various non-spesmimds such as approaching footsteps to infant
and adult directed speech. Since all these sounds can dnwutameously, the representation must be
suitable for the different sources to be processed indegreiyd4].

For the time being the visual input modality is heavily siifiptl. Instead of implementing complex
image processing (such as in the CELL model) we limit thealigiput to a vector of (semantic) features
that characterize the objects that are referred to in thecspetterances.

2.2. Pattern discovery

In conventional pattern recognition systems the pattesrisetrecognized, as well as the primitive ele-
ments from which complex pattern can be formed, are definaibri. For example, in the conventional
approach to speech recognition the patterns to be recatareealmost invariably words, while the prim-
itives are related to the phonemes of the language (i.espbech sounds that distinguish between one
word and another, such &g andpig in English). By doing so most ASR systems sidestep the task of
detecting suitable basic units — because these are preeddfinthe developer. However, the represen-
tation of words as sequences of phonemes like beads on g &rfar from adequate [30]. 'Episodic’
theories of speech processing (e.g. MINERVA 2, [12]) deslhwpeech patterns in the form of episodes
(low-level representational traces of speech), spannjtigbdes or complete words, if not multiword
expressions [7, 9].

In normal speech, and even in infant-directed speech, wamelgiot separated by silences. Rather,
words blend and merge at their boundaries. This makes issapgfor a ‘newborn’ speech acquisition
system to discover patterns in the continuous input stréatncbrrespond to meaningful speech events.
This word detection task is probably simplified at least tmeaxtent by the fact that infant-directed
speech often consists of several repetitions of the samdsnand phrases [36, 27], and that in stress-
based languages the location of stressed syllables maydypothesize word starts in utterances.

Pattern discovery is closely related to the way informat®stored in memory. Storing patterns in
memory is only useful if there are efficient and effectivent@ques for retrieving them. All available
behavioral data strongly suggest that memory for speecHaargliage is organized in an associative
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manner. Therefore, we apply computational methods thatlles to extract structure from data and
represent this structure for future use. The method appli¢de most elaborate implementation of the
model today is based on the decomposition of (large) matricew-level sensory information, obtained
from the multimodal stimuli, is transformed into a featuextor and stored in a large matrik’). To
that end utterances of different length are encoded in fi@egth vectors using the procedure explained
in [10]. The relevant structure is then extracted by mearssfattorization of the matri¥” as a product
of two much smaller matriced” and H such that the dissimilarity between the observed mafriand
the reconstructed matri¥’ - H is as small as possible (equation 1). The matridgésind H represent
the basic acoustic units in speech and the (positive) wiglith which units must be combined to
reconstruct an arbitrary utterance. As the malfigrows (or changes, if we implement forgetting) as a
result of observing ever more multimodal stimuli, the nsil” and H are updated to reflect the results
of the learning process.

dissimilarity(V, W - H) is minimal (1)

The matrixV can be considered as an 'episodic’ representation of the stjmuli.

The decomposition implied by equation 1 can be accompliflyadeans of the well-known as non-
negative matrix factorization (NMF, [18, 13]). NMF is mennloé a family of computational approaches
for structure mining that are based on matrix decompositida a powerful tool for discovering structure
in speech data [38]. NMF has similarities with Latent Sencafshalysis (e.g. [2]), which was developed
for document retrieval, but also proposed as a model foesgmting the semantic content of documents.

In equation 1 several measures can be used for defining thiendarity betweenl and the ma-
trix product W - H. In the literature iterative optimization schemes are desd for the L2-metric
and Kullback-Leibler divergence ([13]). Since each diskirty measure may yield a different factor-
ization, the choice of measure may affect cognitive plalitsib It was opted to use the (asymmetric)
Kullback-Leibler divergence because its minimization barinterpreted as the mathematical translation
of ’learning drive’ (cf. section 3.3).

In the implementation of the model used in the experimererted in section 4, the 'episodic’ data
matrix V' is updated with each new multimodal stimulus, and the decaitipn intol¥ and H is done
after blocks ofNV stimuli. Here,V is a parameter related to the storage capacity of the workimgory
and therefore to the cognitive plausibility of the algomith

By using the matrix concept, all internal representatiges/actors or matrices, aquocesseseceive
a clear and explicit interpretation in terms of linear algeéboperations In addition, the approach in the
ACORNS model is related to the formal approach in [40]. Thgered Reference Modsl a platform
for dealing with abstraction as a process to elicit a 'subgebjects that share a common property from
a given set of objects and to use the property to identify astinduish the subset from the whole in
order to facilitate reasoning.’ (p. 265). From this viewqpihe approach taken here (factorizatiori/9f
is an example of generalization: after the NMF st@pexactly contains those common partslothat
prove useful in the minimization of dissimilarity, W - H).

2.3. Memory organization and access

Cognitive theories of memory distinguish at least three$ypf memory: a sensory store in which all
information is captured only for a very short time (in the @rdf seconds), a short-term memory (also
called working memory) that holds representations of sgnisgputs and serves as a processing system
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that is able to compare new sensory inputs to previousiynéhpatterns that are retrieved from a long-
term memory ([1]). Ecologically plausible implementatoof memory organization and access must be
able to account for low-latency perception-action loopd dynamic construction of abstractions.

An important aspect of memory processes is how represensatif novel patterns can form and be
stored (see also [40]). In addition to storing a represemtadf the input signal, short-term memory must
also be able to form and hold ‘codes’ derived from these sgr@ations. These codes are then used to
activate patterns that are already present in the long-teemory. Activated patterns are compared to
a more complete representation of the input signal in the&kiwgrmemory, by verifying the amount of
activation of internal representations on the basis of tlesfgnal input. If the match between the novel
input and stored patterns is not good enough for the inpueteebognized, the novel input becomes a
candidate for storage in the long-term memory. Details efttemory architecture used in ACORNS are
presented in section 3.1.

2.4. Interaction and communication

Speech and language acquisition happen as the result aigaiygb interaction between an infant and its
environment. Learning is not an isolated process but talee® in a communication loop. Therefore, it
is essential to integrate all processing to realisticaliyutate speech acquisition driven by the intrinsic
desire of the learner to communicate with its environmamthé beginning an infant interacts with only
a limited number of ‘biological’ agents. This will result Irarning patterns that are strongly biased
towards the personal voice characteristics of the caregjivelowever, the infant will increasingly be
addressed by other persons, thereby forcing the repréiseistéo update and generalize. From the very
first days of its life, successful communication will cohtrie to fulfilling the most basic needs of the
infant, as specified by Maslow’s hierarchy [23]. In the cakarpinfant acquiring speech and communi-
cation skills it is difficult to map Maslow’s hierarchy of r#gonto concrete behaviors, if only because
Maslow’s formulations address relatively abstract andhtigyel needs. For an artificial agent it is even
more difficult to map Maslow’s hierarchy (see [34] for an aif# to adapt Maslow’s hierarchy of needs
to the situation where an individual is replaced by a teanofifware experts). We have implemented the
learning drive by means of a target function that is to berozeéd during learning. The target function
is based on the incentive (by the learner) to optimally rtetrthe incoming stimuli in terms of what the
learner already knows. That means that each stimulus thabtée sufficiently interpreted may lead to

(a) a new internal representation, to improve or completesttplanation of the input, or
(b) the update of an existing internal representation.

The current algorithm explicitly simulates the intentianléarn a continuously growing vocabulary in
order to maximize the appreciation it receives from its emvinent. This is done by translating the
appreciation from the caregiver into an attempt to resptmttse caregiver with the correct interpretation
of the stimulus. If the caregiver’'s feedback shows that titerpretation was indeed correct, the result
may be a reinforcement or an update of the internal repraens. The ‘quality of interpretation’ is
mathematically expressed by the extent to which basis keotd?” can explain the observed datalin
(equation 1). The concept of learning drive and its mathealaimplementation is discussed in more
detail in section 3.3.
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3. Implementation Details of the ACORNS Model

In this section, we discuss a number of relevant implemiemtaketails of the computational model under
development in ACORNS.

3.1. Memory architecture

The computational model of the learner that we have impleetkis based on the architecture depicted
in Figure 1. This architecture combines two aspects (apitagents a structure of human memory that
is based on experimental research and (b) the way in whicleéneer model is embedded in a commu-
nication loop with the caregiver. The memory structure cos@s a sensory store, a short-term memory
and a long-term memory and is directly based on recent péipggstic research on the organization
of memory in connection to speech and language processigg[{®], [1]). The sensory store, short-
term/working memory and long term-memory form the entiremogy, each with different decay times.

Learner

w Pattern discovery/
3 abstraction Rehearsal
-E = Attention =~ T————>
22
= . n . Episodic buffer Episodi
| Echoic + iconic Central executive buffer (explicit)
memory ® — Motor behaviour (implicit)
Sensory store Short-term/working memory Lonq-term memory
- 2sec 1 min min - forever
g
E
[=
£ Retrieval
2 Memory access
] response
definition
output . .
<= (abstract) &= (virtual) action
(no actual speech)

Figure 1. Global layout of the architecture used in the cataanal model. Multimodal input is presented to
the model (upper left corner).

Multimodal input is presented to the model (upper left corraad processed by the feature extrac-
tion module. The resulting low-level feature represeantais put into the sensory store. This part of
the memory can store data for a few seconds (which is enougthdéostorage of one utterance). The
sensory information is copied to the short-term (workingdmory. The way how this is done exactly is
determined by a process called ’attention’. In human sengrocessing, attention determines to what
extent and which information is actually copied from thessey store to the short-term (working) mem-
ory. In the current computational model, attention is impbated in a default way such thelt sensory
information is available in the working memory.

This short-term/working memory can store data for up to abaminute. One of its functions is to
store full episodic traces, suggesting that the memoryaigpia large enough to accumulate essential in-
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formation obtained from the observed stimuli for the idifation and update of internal representations.
For the computational model, this means that the storagerattex in which spectro-temporal informa-
tion is accumulated is cognitively defendable. This istHartsupported by considering two other main
functions of the short-term memory. Short-term memory eem@s a central execution platform, which
allows to compare tokens and representations stored inteyng memory. In addition, it can perform
dedicated tasks (e.g. for visual information it serves alseéch pad, for speech it may support phone
detection tasks in dedicated experiments). However, thadity of the short-term/working memory is
limited, which means that new data may overwrite older data.

The representations available in short-term memory camdoedsin long-term memory. For humans
this storage is enhanced by rehearsal; it may be facilitbyethe repetition of intrinsic and extrinsic
stimuli presentation. Once stored in long-term memormgean be available for decades. In the com-
putational model, the long-term memory is used for the g all persistent internal representations.

The attention and rehearsal processes operate on reatesenstored in memory. The precise rela-
tion between these processes in human cognition is not yeirknSome authors interpret experimental
results as proof that attention nisaintained through rehearsah order for information to be stored in
short-term memory. Rehearsal of extrinsic presentation may be forced by the frequent occurrence of
a specific entity (e.g. a target word) in the input speeclastreAnother way of rehearsal iistrinsic,
in which the rehearsal is result of internal reflection on date representation. Attention is a process
that reduces the part of the input stream that must be amhiyzéetail and is therefore indispensable
for managing time, space, effort and in the end for beinges&fal: to keep the computation load man-
ageable, to reduce the storage into short-term (workinghomng to reduce the ambiguity to be resolved
during the search, and to keep promising input featuresmikie attention ‘beam’.

In the current computational model, rehearsal is impleggbfity an internal learning loop to up-
date the presentations learned so far on the basis of thentwstimulus (see section 3.2). As already
mentioned above, attention is implemented in such a wayalhatformation that arrives in the sensory
store is moved into short-term memory. The module 'respaledimition’ in figure 1 reads in represen-
tations from the short-term memory — the modules 'virtudice¢ and 'output’ subsequently provide
(coded) output to the caregiver. The response of the ledreicode that corresponds to the internal
representation with the highest activation.

3.2. Feedback and learning loops

Apart from the multimodal stimuli offered by the caregivére learner may also receifeedbackirom
the caregiver. This feedback informs the learner about pipeapriateness of the reply to the previous
stimulus, on an utterance by utterance basis.

The feedback is provided in the external learning loop. &dhrrent implementation of the model
there are two learning loops: an external and an internalse® Figure 2). The external loop involves
the interaction with the caregiver. By the feedback med@rmanthe external loop supports the optimiza-
tion of appreciation that the learner receives from thegiaee. Theinternal loop is different: this loop
takes into account thiearner-internalfindings during the learning process, such as the amountef di
ambiguation of the input in terms of what the learner knowsidlity of the parse’), the time it takes to
perform a certain action, the perplexity during the seanctihe amount of resources required to disam-
biguate a certain input. In the current implementation, dfuality of the parse’ is the only performance
measure in the internal learning loop.
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The use of an internal and an external loop explicitly mebaslearning takes place over both loops
at the same time. These loops do not necessarily have the ganteetime: a short-cycle loop make
take place several times per utterance, and a long-cygtent@y take place on an utterance-by-utterance
basis or only after a block a¥V utterances has been received.

functional blocks in feedback loop

Comparator — evaluating fulfilment of intrinsic need

Reaction of carer learner

(may be absent or repeat
previous utterance)

Muflimodal input N

Action
generation
Behaviour (abstract)
Internal ()
Sensors

[sensitive to e.g. quality of a
parse, perplexity, time]

Recognized output

Carer

Estimation of intrinsic
fulfilment of needs

Observable external behaviour (abstract)

Figure 2. Overview of the external and internal loop. In thiemal loop the caregiver interprets the output of the
model and provides feedback on the correctness of the resgorthe latest input stimulus. This feedback takes
place on an utterance by utterance basis. The internal ekdieals with the optimization of the learner-internal
target function (equations 1, 2).

3.3. Learningdrive

As mentioned above, the learning drive is interpreted adthe to 'interpret’ the incoming stimuli
in terms of the learned representations. It thereby diremhnects the internal loop (which aims at
improvement of the quality of the parse) and the externap Ibwhich aims at correct replies to the
caregiver). The learning drive of 'optimal parse’ is matlatically implemented as a target function that
operates in a computational learning scheme. This impléatien is globally characterized by equation
1, but can now be made more precise.

DenoteV = v;; andW - H = (W H);;. The Kullback-Leibler divergencéL() betweenl” and
W - H is determined on a column-by-column basis (that is, uttardy-utterance):

KL(V,W-H) =Y (> wilog(vi;/(WH)ij) + (WH)ij — vi;) )
t
wherei andj run over the columns and rows in (andW H), respectively.
Equation 2 implies that the improvement of the quality of plaese is translated into the search for
an optimal basid$¥ such that the column vectors W explain the columns if’. Equation 2 specifies
the precise error made between obsefveand predictedV - H.
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4. Experiments

4.1. General setting

Using NMF as the algorithmic implementation of the struetdrscovery (learning) algorithm we con-
ducted a large number of experiments to investigate thebddpaof our model to acquire a basic set
of 10 'words’. In actual practice this amounts to the capbib build internal representations of some
10 different acoustic signals that correspond to keywordbeglded in carrier sentences. From the set
of experiments that we have conducted we select some thidly ¢kee impact of further implementation
details on the cognitive plausibility of the operation of fearner model.

In their first month infants interact with a very small numlbércaregivers. Thus, one would expect
that internal representations of speech will be speakeewtdent. Later on, infants will interact with a
much larger number of persons, which will require adaptatbthe internal representations to make
these speaker-independent. To investigate this, we ctedlexperiments in which we offered training
utterances in two ways: blocked per speaker versus ranédmiz

A convincing computational model of language acquisitibnwdd be able to learn any language.
For this reason we compared the performance of our modehrfee Wifferent languages. In addition, we
conducted experiments with bi-lingual learning.

Infants hear essentially two types of speech: utterancgsatte addressed to them and utterances
exchanged between others in the scene that the infant @rertiespecially in the first stages of language
acquisition it is important to distinguish these two spegtes (or styles), if only because the probability
that infant directed speech refers to some easily obsetjedtar event in the scene is much higher than
for so called adult directed speech.

42. Materials

For the investigation in the ACORNS project three datab&see been recorded, one Dutch database
(NL), a Finnish database (FIN), and a Swedish database (Biifish is a member of the Finno-Ugric
language group, which is very different from the Indo-Gemnimdanguage group to which Dutch (West-
Germanic) and Swedish (North-Germanic) belong. All theseguages differ in several aspects, such as
the type of inflection of nouns, adjectives, pronouns, natsesnd verbs. The typological diversity of
these languages makes a comparison very useful and pjeimiaresting.

For each language the database contains utterances frome 2mae2 female speakers. Each speaker
utters 1000 sentences in two speech modes (adult-diresld, and infant-directed, IDS), for a total of
2000 utterances per speaker. Per speaker, the set of 1@ds=sncontains 10 repetitions of combina-
tions of 10 target words and 10 carrier sentences. The satgéttwords consists of one proper name
(for the learning agent) and nine nouns that refer to comnigpects that were chosen on the basis of
literature on language acquisition. All speakers shares#imee target words, but the proper name they
use to address the learner is different per speaker. Form&athe NL database contains 800 tokens of
target words such dsier (Engdiaper), auto €ar), but only 200 tokens of each of the four proper names
‘mirjam’, ‘isabel’, ‘damian’, ‘otto’.

Compared to adult-directed speech, infant-directed $peecharacterized by a greater affect in
intonation and prosody, a simpler syntax, and a more caaefdiislower pronunciation. The recordings
are as realistic as possible; we asked the speakers forthigaga to speadks if they were addressing an
adult or a child. The adult-directed version consists ofsigtences read aloud in a neutral manner.
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The databases also contain meta-information. In addiborotes for speaker and language a tag
is available that codes the object that is referred to in gezesh utterance. In part of the experiments
reported below the tag was used as an unambiguous refe@ooe of the objects (or the name). How-
ever, it is possible to replace an unambiguous tag with mareyfreferences, somewhat similar to what
was done with the CELL model [33].

The databases serve as a pool of stimuli that are used ing@@riexents that are discussed below.
The ordering of the stimuli is an experimental design faetwd differs from experiment to experiment.
These effects will be discussed in more detail below.

4.3. Results

The result of a learning experiment is summarized in a figusghich the horizontal axis represents the
number of utterances processed by the learner. The veaitalpresents the accuracy of the learner’s
replies. The accuracy is defined as the proportion of comespionses in the last 50 replies (where
‘correct’ is defined by comparing the reply with the groundthras defined by the multimodal input

stimulus). As a result, the plots show the accuracy that sotfese to the ‘instantaneous accuracy’ of
the learner.

Basic learning capability Figure 3 (Dutch) and 4 (Finnish) show how the ACORNS modainga
limited set of word representations and classifies a newusitisnin terms of one of these representa-
tions. During the learning, the model gradually improves diuality of its internal representations, by
minimizing the Kullback-Leibler distance (equation 1)@ween the observed data and the internal repre-
sentations. The model’s memory is quasi-infinite: in theatpaf its internal representations, the model
uses all utterances that it heard so far. In this experimetainces from one language database were of-
fered in random order and no difference was made between ARBEXS. The figures show the concept
accuracy as a function of the number of utterances procekbgill about x=1000, not enough tokens of
any 'word’ has been observed to construct any internal sgmtation; as a result, the recognition rate is
0%. From x=1000 until x=4500, the internal vocabulary isigdbuilt. It starts unstable, is not complete
yet and lacks one single word. After x=4500, the internaldex is complete and the performance ranges
between 95 and 100% correct. The learning curves for DutdhFamish are similar, despite the very
different morphological structure of the two languages)@#sh has many more different word forms
than Dutch).

Speaker-dependent learning Figures 5 and 6 show that the learner’'s learning behaviorage of
speaker-blocked stimulus presentation, for Dutch and &hedespectively. Again, no distinction is
made between ADS and IDS. This experiment can be comparbdheitexperiment displayed in figures
3 and 4. A drop in performance of about 20-30 percent is gleasible every time when a new speaker
starts (around #tokens = 0, 2000, 4000, 6000). After abdd® 1dkens (that is, approximately 100 tokens
per word) the performance is back on its previous high leVhe decrease in performance when a new
speaker is introduced is due to two factors (a) each speakesr aidifferent proper name, such that the
vocabulary is not complete until enough examples of the nendwvere offered (b) different speakers
have different voice and speech characteristics whichiregun adaptation by the learning model. This
experiment shows the speaker dependency of the internalfgdsrepresentations. However, it also
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Figure 3. Result of a learning experiment (Dutch, randoneond) of stimuli).
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shows that the representations built for one speaker cae-bsed at least in part for processing a new
speaker: when a new speaker comes in, performance doesopabdd%.

accuracy versus nr of tokens processed
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Figure 5. Dutch, speaker-blocked. To be compared to figure 3.

Bi-lingual language acquisition While the experiments described above show that the ACORNS
model can learn different languages with equal successpwaurn to bi-lingual learning. Experiments
with bi-lingual learning require some relaxation of theispness’ of the tags that accompany speech
utterances. We compared two situations: one in which wenasghat words in Dutch are completely
different from words in Swedish, and another in which thestatiowed for sharing representations be-
tween the two languages. The results are shown in Figure sholi’s two plots made on the basis of
two learning experiments with lai-lingual stimulus presentation. In both experiments, first two Dutch
speakers are presented, after which two Swedish speakllexs. fdhe speakers are a Dutch female, fol-
lowed by an Dutch male, a Swedish female and a Swedish makedashedcurve shows the result in
case oflanguage-dependent tadgisat do not allow sharing representations between the tngulages.
As could be expected, switching from Dutch to Swedish capse®rmance to drop to 0%. Also, the
time it takes to 'learn’ Swedish after having learned somécbis essentially equal to the time it took
to learn the first Swedish words in the experiment in Figurdlée eventual model (at x=8000) is able
to both recognize Dutch and Swedish target words. Also tta vocabulary is now doubled (since the
languages make use of language-dependent non-overlajagirsgts).

Thesolid curve in Figure 7 refers to the case in which the original leagge-dependent tags in the NL
and SWE database were replaced by a common set of tags thettgzatly make sense in a language-
independent way. This experiment shows that the learndiesta reuse existing, already built represen-
tations. The learner reuses existing representationgettadin Dutch to decode the Swedish utterances.
This reuse effect is particularly visible between 4000 add(butterances. The accuracy does not drop
to 0 percent due to the reuse of the already existing woraseptations trained on Dutch.
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Figure 6. As figure 5, but for Swedish.

Know if oneisbeing addressed Figure 8 shows the results of an experiment on Dutch, witdeam
stimulus order, while the learner attempts to distinguisthlihe target words and the style (i.c. ADS
and IDS). It shows that the leaner is able to identify speglsityle, in combination with words. While
the accuracy of word recognition is about 97-98%, the aocguplthe style recognition is close to 80%.
If the speech style could not be detected at all and the waotettien were error free, the IDS/ADS
assignment would be random and the performance would theshg be equal to 50%. The actual
performance of almost 80 percent shows that the learneréstalidentify the speaking style with an
accuracy of about 80%. That is, the experiment shows a oeitivity of the learner for speech style,
on top of its ability to discover the actual target wordsetastingly, this is the first sign of the learner to
be able to form a certain abstraction, since the number engier speech stylis far too large for the
model to represent individual tokens.

Summary These experiments presented in this section show the fiolipresults:

1. The learner is able to learn a limited set of target wordbdcassify a new stimulus in terms of one
of these words. The learner needs a number of tokens befoaa tuild a reliable representation.
During the learning, it gradually improves the quality afititernal representations, by minimizing
the Kullback-Leibler distance between the observed datatlh@ predictions based on internal
representations. Inthe experiments we made the implagdsiumption that the learner's memory
is infinite: in the update of its internal representatiom® kearner assumes all utterances that it
heard so far to be available for training (figures 3 and 4). elm, later experiments have shown
that it is easy to relax the infinite memory constraint.

2. The learning results on the three databases (NL, SWE, BjdalFe not essentially different (fig-
ures 3 to 6). Thus, this suggests that the ACORNS model istalidarn any language.
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3. The learner rapidly adjusts to a new speaker. When theofdiee caregiver is fulfilled by one
speaker, the learner’s internal representations will ealkegr-dependent. As soon as a new speaker
starts interacting with the learner, the internal represt@ns will be adapted to accommodate the
speaker characteristics (figures 5 and 6).

4. The learner reuses already stored representations wdrgmessible. This is particularly interest-
ing in the bi-lingual experiment based on the semantic thgsré 7).

5. The learner is able to identify speakistyle(fig 8). The accuracy of the style recognition is close
to 80%.

5. Discussion

The computational model presented in this paper shows thasenodal cross-situational learning of

the association between speech fragments and referenobgetis can be established using a general
purpose pattern discovery technique. The performanceeofeirner depends on a number of factors
— in this paper we investigated the ordering of the data (dijmthe blocking per speaker, the effect

of speaker changes, and multi-lingual training. All expants showed that our model is able to build

internal representations that can be used as steppingssidmeEn new things must be learned (a new
speaker or a new language).

The NMF implementation used in the experiments reportedhis japer processed the input data
incrementally, but without forgetting, that is: each newerance is recognized with the currdimt and
H matrices, and these were updated after blocks okw input stimuli by decomposing a matiixwith
N additional columns. Although this does not necessarilyyrtigat all previously observed stimuli must
be kept in memory in all detail, from a cognition point of viéwvould be more plausible to introduce
some kind of forgetting. The cognitive plausibility of theM# algorithm would also increase if it were
feasible to do a new decomposition after essentially eadivigual input stimulus. In recent research
we have made significant advances in both directions.

An interesting property of the word discovery approach uised above is th@bsence of segmen-
tation. The learning model does not use segmentation in order tothgpize the target words in an
utterance. Instead, the learning model makes use of steuictianother way. Each utterance is mapped
into a fixed-length vector [10]. This mapping is structuregerving in that the sequence of words is
transformed into the vector space that supports decomiibsath an unknown vector as a weighted
sum of given basis vectors (some of which might representisviorthe linguistic sense of the term. Our
experiments have shown that utterances can be interpretegtdy without a segmentation of the input
speech into words.

The method for building associations between speech nttesaand references to objects some (vir-
tual) world as laid out in this paper can be compared with opproaches. The comparison with
conventional HMM-based ASR approaches is meaninglesse sire entire set-up and the assumptions
underlying HMM-based approaches are incompatible withst#teup necessary to simulate the language
acquisition process. The approaches that come closer @@EhL model [33] and the segmental dy-
namic time warping approach [31]. However, the CELL modek$athe symbol-grounding for the
representation of its speech input as a lattice of phonemmédaehs. In that respect, the segmental DTW
model developed by Park and Glass [31] avoids the use of dignbpresentations of the speech signal.
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This technique allows to find a common stretch in a pair of atowtterances. Their next step involves
graph-based clustering to build groups of common 'chunks t relate these clusters to 'words’. As
the authors admit *Although the inspiration for our methaslpartially derived from experiments in
developmental psychology, we make no claims on the cognilausibility of these word acquisition
mechanisms in actual human language learning.” In ACORN&énvestigating a somewhat similar
approach, based on DP-Ngrams [17].

Our model continuously retunes categorical boundariesherbasis of stimuli, and thereby shows
interesting conceptual parallels with empirical resultsrf psycholinguistic experiments (cf. [5]). When
(adult) listeners are confronted with acoustically ambiggisounds (e.g. sounds on the /f-s/-continuum
in non-words where only one of /f/ or /s/ was phonotacticélyal, e.g., frul/*srul or *fnud/snud), their
category boundaries had shifted in subsequent categonzesks involving stimuli along a phonetic
continuum from /f/ to /s/. The stimulus ’-rul’ led to exparmtlé/ categories, while -nud’ led to the
expansion of /s/. This and similar findings imply that lexiaacess is not required for inducing per-
ceptual retuning of category boundaries; phonotactic esacglinformation alone is sufficient. A similar
retuning process is active in our model. Once internal spr&tions have been built, the boundaries be-
tween them are updated continuously on the basis of new dgatimuli. That means that competition
between representations takes place, since a certain nurhtepresentations must be accommodated
within a restricted volume in the 'representation space’thie current model, this representation space
is modeled as a vector space endowed with the (statistioadifivated) asymmetric Kullback-Leibler
divergence as dissimilarity measure.

Since the model aims at word discovery informed by the finglmgout human language acquisition,
its cognitive plausibilityis one of the criteria with which the model can (and must) wgad. In the
literature on language learning and word acquisition, abemof characteristics of language acquisition
by young children are highlighted. Firstly, the number ofrdgthat young infants understand increases
over time, with a 'word spurt’ between month 16 and 24. Thigdvepurt is generally attributed to
cognitive factors: based on already existing represemtsitof words, the learning of more words gets
increasingly faster. The McMurray model [25] holds that therd spurt is a necessary effect of a
combinatorial artifact. That model shows that the word sphenomenon is guaranteed in any system
that builds representations for multiple words simultarsdy) and in which few words can be acquired
quickly and a greater number of words take longer. Undeoregsle conditions (saying that words occur
with a Zipfian distribution; and that each word needs a wardethdent number of tokens in order to be
stored into some representation) a word spurt can be olusaftex an initial period of slow learning. Itis
to be investigated to what extent such a word spurt can be lesbtg the current computational model,
and whether the existence of this word spurt phenomenoalidesacross various model parameters that
can be cognitively explained.

The computational model presented here sheds light onléearee of various issues that are known
to play a role in (models of) human speech processing. Oneesktissues is how words get activated
(and to what extent), the second is how competition happeneglthe word search. In our model the
activation of lexical items is separated from the actual getition. This is similar to what Shortlist, one
of the widely used computational models for human word psicg does [28]. Shortlist is a two-stage
model in which activation of words by incoming speech ingudeparated from competition between the
activated words. In contrast with Shortlist, however, therent model plays out the entire lexicon, while
in Shortlist the network in which competition plays a role@structed from only those words directly
supported by the input (which, in the case of Shortlist, igrat®lic representation of the speech signal).
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In the current model, competition is not explicitly implemted. Instead, a form of competition
automatically emerges from the combination of (a) paralrch among multiple candidates (b) the
concept of 'best match’ given a certain dissimilarity. Thusn line with earlier findings e.g. obtained
with another model of human word processing TRACE [24]. TREAShowed that competition is not a
necessary consequence of multiple processing in pardallACE was implemented as a connectionist
model based on interactive activation. Incoming inputeéases the activation of lexical candidates that
it matched. A crucial difference between the ACORNS moddl BRACE is the absence of inhibition.
The more activation a candidate receives in TRACE, the gaothe inhibition it will exercise upon
its rivals. Words which receive ever more activation wielgrestronger inhibition, and eventually the
winning string of words will end up with higher activationati all competitor strings. In our model
there is no such effect: the activation of a winner will notrgetely eliminate its closest competitors.
However, there is a stronger inhibition process than falamse in the computation of posterior proba-
bilities, where the normalization to unity implies that itandidate model receives a larger probability,
its competitors must scale their probabilities down. Usrdgcomposition-based method such as NMF,
close competitors can completely inhibit each other. Whamnihternal representations have a common
sub-vector which is activated, it can be explained by anylgoation of these two representations. If
in another sub-vector both representations differ, thative activation of each of the representations
will be determined by the data in this second sub-vector.iBarte of the representations already over-
estimates the values in this sub-vector, activation of #wsd one is not necessary (a better fit would
require a negative activation, which is not allowed) and hiénce inhibited. Hence, a form of inhibition
is in place.
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