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1 Introduction
Louis ten Bosch, Lou Boves

In this document we provide an overview of the expents in ACORNS during the second year,
emphasising the context within with these experimenere performed. In addition, this document
discusses the ACORNS database that has been réatudag the second year of the project, and it
provides a reasoned description of the feature capr that was used to improve the cognitive
plausibility of the encoding of the visual chanmelthe multimodal experiments. The deliverable
concludes with an overall discussion of the expents and about how WP5 experiments give
feedback to the experimental questions in other.WPs

1.1 Conclusions from the first year experiments

Experiments that were performed during firet ACORNS year were based on the ‘Y1’ database
(Task 5.4, Deliverable D5.4.1). The Y1 database wep@ecifically recorded within the ACORNS
project. It contains utterances in 4 languagesni{sim Swedish, Dutch, English), from 4 (2 male, 2
female) speakers per language. For Finnish, DutchSaedish each speaker uttered 2000 utterances
in two ‘speaking modes’, viz. infant-directed sgeend adult-directed speech (IDS and ADS). For
English there were 1000 utterances per speakeanfhdfirected speech). Per language the database
contains in total 13 different target words. Thetay of all utterances in this database has been
motivated by the simple syntactic structure thatrahterizes infant directed speech, while the &hoic
of the target words was inspired by informationilade in Communicative Development Inventories
(CDIs) and the language acquisition literaturer Reerance, there was only one target word (target
concept). The experiments performed in the firgtrygave rise to four major conclusions, which are
summarised in this chapter as a background forebearch in Year 2.

The first conclusion, which is supported by almalstexperiments, is that computational models are
able to build and update internal representatidn'svord-like’ units in the speech signal such that
these learned representations can be used tofglaasieen new stimuli. Accuracies up to 95 percent
and higher were contained using NMF, while altéweatechniques appeared to be promising as well
(cf. Deliverable D4.1, Stouten et al, 2007, 20@8; Bosch et al., 2008).

Secondly, several experiments showed that thesenalt word-representations adapt to the most
recent speaker. That is reflected in the shapehefleéarning curve over time, when stimuli are
presented in a speaker-blocked fashion. Every timmew (previously unheard) speaker starts, the
accuracy of the learner drops substantially — altresf the mismatch between the new speaker
characteristics and the present internal repreiensa The internal representations must first
accommodate to the acoustic properties of the mmaker, before the accuracy reaches its previous
high level. This adaptation phenomenon is clednigvs in figure 1.1, in which the accuracy of the
learner is shown as a function of the number afidii presented. The x-axis represents the stimuli;
8000 stimuli are presented in speaker-blocked madew speaker starts at utterance 1, around 2000,
4000 and 6000. The dips in accuracy along the bota axis at around x=2000, 4000 and 6000 can
mainly be attributed to the unseen acoustic charatics of a new speaker compared to the previous
speaker.

The third conclusion is that the modelling of hretdcal structures is a complex issue. The
experiments specifically aiming at hierarchical (frlayer) structures (see e.g. Del D.4.1, secton
ten Bosch et al., 2008) were able to show glimpfesmerging hierarchy structure. One of these
experiments used an elaborate tag set to forcdetireer to build internal representations of the
combinationof word and the speaker identity. As a result,ro#@ instead of only 10 internal
representations were built. These internal reptetens are genuinely speaker-dependent. For
example, one of these internal representationsesponded with ‘car’ and ‘Els’, another with ‘car’
and 'Peter’. In ten Bosch et al (2008), it was stigated how these low-level representations cbeld
organised such that speaker-dependent realisatfoasvord (in the example ‘car’) can be grouped
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into speaker-independent representations. The oatetween- and within-group (cluster) variance of
the resulting groups is a measure for how eacheaslistands’ out among the other clusters. Figure
1.2 shows this ratio as a function of the numbeprasented stimuli. Internal representations start
randomly, and so the ratio will be fairly large.téf a few hundred utterances, the clusters can be
identified more clearly.

Figure 1.1. This plot shows the accuracy of thenleaas a function of the number of processedaritass, taken
from the Dutch Y1 database. The data are presémigubaker-blocked mode. There are four speakengvwA
speaker starts at utterance 1, around 2000, 40D6G00.

within/between group variance
350 w

—within
“““““““ between [

variance

0 500 1000 1500 2000
#utterances
Figure 1.2. The more utterances are presentednohne each cluster stands out among the other cduste
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The fourth conclusion, in line with the resultsrfranost computational approaches, relates to the
dependency of the learner’s accuracy as a fundfidour parameters in the computational model. The
four parameters are:

(@) how much data is required tmitialise the internal models. This parameter has a clear
interpretation in terms of cognitive plausibility the resulting model: a successful training with a
low value means that training of internal repreaabs can recover from local minima. The
amount of data that can be used to initialise i@l model will be related to the processing and
storage capacity of the Short Term Memory (STM).

(b) how muchdata is required taipdate internal models (also this is related to the gterand
processing capacity of the STM). The amount of degguired to maintain or update
representations may be less than the amount ofrelgtdted to robustly initialise representations.
The experiments show that in general the amoudatas required foupdatingthe representations
must be larger than for their initialisation.

(c) the frequency of updating the internal models. Tésrner might update models after each
realisation (token), or update representations amhen sufficiently many tokens have been
perceived. In ‘real life’, this may be related sbe’eping’.

(d) the way stimuli are used to update internal repragi®ns. Once a stimulus is perceived, it is well
possible that it is used more than once for theatgdf the internal representations. It may be
related to rehearsal.

.... Acquisition of COmmunication and RecogNition Skills

Instance-based (incremental) |garning

i episodic observations (raw matrix)
corresponding activations [STM|]

internal representations [LTM]

i+1 new obs (single utt)
only a few utterances wide

via inner loop using V1 and W

retrain W and H using new V

Figure 1.3. This figure shows a schematic pictdrthe instance-based incremental processing. Thiedmtal
arrow represents the signal evolving over time ti¢ally the evolution of the learning process ispliayed.

In figure 1.3, all these parameters are shown énctimtext of an instance-based incremental learning
procedure. As aexample we here show the essence of these parameteas fdiMIF-based type of
learning. The horizontal axis in this figure remets the number of stimuli that is presented to the
learner. At a certain learning stage (stage iMaepisodic ‘sensory data’ matrixis available (which

is the input for NMF), in combination with assoeidtactivationgd and the internal representations
(the output of NMF). The question is then, whatatlyahappens if the learning process is confronted
with a new stimulus (which makes the learning pssgaroceed from its current stage i to its newestag
i+1). When new (unseen) stimuli are presented (tehdl), first the episodic matri¥/ in STM is
updated and it may happen that the oldest infoondti V is lost or partly lost (the amount of loss is
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determined by the storage capacity of STM). By gigime unseen stimuW1 as test-stimuli, a new
activity matrixH1 can be obtained as the result of the decodingeihew utterances. After that the
internal representation® are updated on the basis of the Wand the updated andH (the learning
process is now in stage i+1).

The scenario described above relates to the caseevithe learner does not get any feedback about
correctness (no corrective feedback). In anothenato, the learner may receive corrective feedback
from the caregiver. In that case, tHé& is directly based on the corrective feedback rathen the
learner’s own speculation about the stimuli/ih

After that, learning process moves on to its neéage by observing and processing another new
stimulus.

The parameters related to (a), (b), and (c) aecthyr reflected in this learning scheme. Paramgtler
determines when the very first initialisation stgptaking place. This could be determined on the
number of tokens perceived, but a cognitively mplausible way is to let the learning algorithm
decide how and when it starts (both options haes lievestigated in experiments performed by KUL,
Del D4.1, section 2.4). Parameter (b) determines hwuch data is used to update the internal
representations. Parameter (c) governs the frequafnihe update. Basically, we assume that leaning
is an ongoing process, taking place after eactuiignwhich implies that the update frequency iy ve
small (say 1 utterance). (As said above, for huméms parameter might be related dteeping
periods. The current computational model howevessdwt have any sleeping mode.) Parameter (d) is
more implicit, and is related to how often a oneecpived stimuluswhile available in STMcan be
used to update the internal representations. Tonergs the amount of re-use of internally stored
stimuli (while in STM).

The scheme (Figure 1.3) has a great deal of cognitiausibility. It comes close to an algorithmic
scheme at the second Marr level (Marr, 1982). Fégaaning system, it would not be plausible to
allow several loops (epochs) over the entire databas is usually done in conventional Automatic
Speech Recognition (ASR). This would lead to iraknepresentations that are constructed in a non-
causal way. However, thgpdate proceduréhat takes place after having observed new stioarlire-

use stored data available in STM more than once.pBEnameter in (d) exactly specifies this re-use.
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2 Databases and experiments in Year 2
Louis ten Bosch, Lou Boves

The ACORNS experiments that we conducted in therskgear (‘Y2') are based on the experimental
findings from Y1, and on discussions on how to #yaidentify the strong and weak points of the
various computational approaches. The strong puast that learning techniques (e.g. based on NMF
and DP-ngrams) are indeed able to unravel thermdton in multi-modally presented stimuli and to
build emergent internal representations of woreé-liknits. Two major issues, however, were poorly
addressed in the Y1 experiments. Firstly, the ilaversymbolic tags are a poor means to ‘code’ the
visual information presented in the multimodal stios, and secondly, the modelling of hierarchical
representations was not addressed in detail.

To address both points, year-2 experiments have detned with the major goal to cast light on the
issue of hierarchy and the plausibility of the cmpiof the visual channel in the stimuli. These
experiments are performed as part of the task Ehd,will be discussed in detail in chapter 6 @ th
deliverable.

But before actually discussing these experimenéswill first describe the context in which they are
performed. These experiments directly address theraasks in WP5, which are Learning to
Communicate (T5.1), Multimodal Integration (T5.20d Model Architecture (T5.3). To make this
clear, we will first discuss these tasks in moriiile

2.1 Learning to communicate (task 1)

2.1.1 Learner — environment

One of the basic assumptions in ACORNS is that iaittqpn of communication skills takes place
within a communicative loop between a learner aacenvironment (specifically a caregiver). This
acquisition, and more specifically the acquisitiohlanguage, is based on the learner's drive to
understand its environment. This drive is ultimateloted in the optimisation of the appreciation it
receives from the caretaker, which is translateéd &n internal drive to optimally interpret each
multimodal stimulus in terms of what it knows aathmoment. Therefore all learning experiments
make (explicitly or implicitly) use of this externaop.

The optimisation of the appreciation of the caretals a high-level goal, related to teaternal
learning loop involving both caretaker and leariisee Figure 2.1). The ‘interpretation’ of the
incoming stimuli in terms of internally stored repentations is dealt with in theternal learning
loop.

2.1.2 Learning drive and cost functions modelling t he drive to learn

In the first year NMF-based experiments, we havedus minimisation criterion to obtain a good
approximation of a given data matrix in terms @fraduct of two other smaller matrices. In the selcon
ACONS year we elaborated on the interpretatiorhefrhathematical target function in the context of
high-level learning strategies. Bpuplingthe internal and external learning loop, the legmirive to
communicate is interpretable as a result of traimglaa high-level demand for communication into a
low-level target function using the following cadea

[a] High level Optimisation of the appreciation received by theegiver [via the external loop]

[b] Optimisation of the number of ‘correctly understbsiimuli

[c] Optimisation of the interpretation of a stimulus4&N the so-far learned internal representations
[d] Low level Optimisation of a target function [via the intattoop]
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Learner (schematic)

Decode
Multimodal input Action
Recogni generation
Estimation output
of intrinsic
. fulfillment Behaviour (abstract)
Caregiver of needs

A \ 4
Internal
internal SENsors

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

external

Observable external behaviour (abstract)

Figure 2.1. Global overview of the interaction beém learner and its environment.

The explicit mathematical expression that is usefdlj depends on the learning algorithm. In theecas
of NMF and DP-ngrams, the expression can be foriadl&xplicitly (Stouten et al., 2007, 2008;
Deliverable D4.1). In the Concept Matrix approach ( Deliverable D2.2) the target function is
expressed in terms of the match between an incosyntpol sequence and any postulated word, by
the evaluation of the corresponding word-depenG@emicept Matrix.

For example, in NMF (that is, decompositionvof WH for structure discovery in the first layer) the
target function is now chosen to be the Kullbackslex dissimilarity KL between the original
episodic data matri¥= v; and its NMF-reconstructiod-‘hat’ = WH

KL = v, * Iog(vij /\7ij ) +\7”. -V,

in which the sums are taken over ialindj (columns and rows) d¥ (see e.g. Stouten et al., 2007;
Deliverable D4.1; O'Grady et al, 2008). In learningsed on DP-ngrams, the target function is based
on the distance between any new acoustic tokerhanset of stored prototypes (Deliverable D2.2).
The KL-distance expressed above can be expresgethis of a Taylor series. Making use of the fact
that the approximation is close to the original &ydusing the default Taylor serieslof(x) around
x=1, one obtains

KL = (\7ij - Vij)2

ij

+ higher order terms

which resembles a very close similarity to tHedistance used in statistics. The effect of apgyinis
metric means that/ (andH) converge in such a way that they statisticallglax the vectors V. If

the distance exceeds a threshold, for examplealtleetunsuccessful attempt to explain a new unseen
stimulus in terms of a too small set of internglresentations, then this means that either one (or
more) of the representations must be adapted apbatbompletely new representation (idcolumn)
must be initialised to explain the new stimulugeérms ofW. This is interpretable as striving towards
completion of a parse of the stimulus in termsmiéiinal representations. This then, in turn, can be
linked via the coupling of the internal and extéfearning loops to higher order learning goalshsu

as the more general strive to understand stimuigé for learning’) in the environment in terms of
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what the learner knows. Eventually one may relaieto Maslow (1954) in the context of a hierarchy
of ‘needs’ of any organism.

2.2 Multimodal Integration (task 2)

2.2.1 Combining information from different channels

In all experiments multimodal stimuli are presenitecuch a way that audio information along with
information that codes the visual channel is aéldor the learner. The cross-modal combination of
sensory information is very useful for learning:yRnd Pentland (2002) showed with a computational
model that learning words is much easier in thegmee of accompanying visual input, while Smith
and Yu (2008) showed with real babies that the Wiela of babies can be modelled by assuming that
they are able to associate cross-modal, crosdisitaainformation.

In the ACORNS learning algorithms, the informatidmat is presented along the auditory and the
visual channel can be combined at several levalalrhost all algorithms under development, the
integration of sensory information takes placeratarly stage, that is, at feature-level. Thisaselby
creating one feature vector that encodes the irdbom from all channels in a single stimulus
representation.

The coding of the visual channel has been paidtantial attention in year 2. As already observed, a
important basis of the Y2 experiments is the insigiotained from the Y1 experiments, that the
abstract symbolic invariant tag that associate$ edierance in the Y1 database is a less than ideal
coding of the information in the visual channel.eTissues with respect to the visual channel are
explained in detail in chapter 3 and will therefordy be summarized here.

1. The invariant symbolic tags do not allow betweeketo variance, as a realistic visual channel
would do. Every time we see tlsameobject, we might see it from different viewpoinihis
variation in the visual presentation is natural #nd cognitively realistic to be able to deal it
such variation.

2. The tags do not allow modelling any between-objertation within a given category or type.
Although two plates both are referred to as ‘pldtg’their tag, they represent different objects,
perhaps with different properties.

3. The tags represent a crisp categorical and nontiealeen-type difference. According to the
symbolic tags, a cat is as dissimilar from a dogdtas from a human. There 30 meaningful
distance measure defined on an unordered set dicgm

To address these problems we decided to investgastter coding of the information that is avdiab

in the visual channel:dsual/semantic feature coding

Although the conceptual difference between usingaiiant symbolic tags and real-valued feature
vectors is substantial, in practice the transitimiween the two annotation systems and the exact
processing based on these coding schemes can leevagdsmooth. In fact the tag-construction can
be considered a special case of the more genetakéeapproach. If each tag is 1-1 with a columa of
diagonal identity matrix, the coding using tags dedtures is identical (apart from the evident
implementation details). This means that the use f#fature matrix is a powerful tool to manipulate
the complexity of the visual coding.

2.3 Architecture (task 3)

In year 2, the architecture has been discusselt&inoan elaborated architecture that could sesve a
basis for ACORNS Y2 research and is complete endagterve for Y3 experiments. Also a new
integration computational platform has been disetissd consolidated (see Figure 2.3).

The memory architecture displayed in Figure 2.3/eras conceptual guide line for the learning
algorithms. The architecture is informed by genatahs about the functionality of human memory as
described in the psychological literature. At thens time, it can be argued that it is compatibln wi
the general concepts of the memory-prediction thécht the summary drafted for the SAC members
that is available on the ACORNS Public Website)ltivhodal input is received from the environment
(Figure, mid left). The stimulus is stored in thesory store, which only can hold information for a
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few seconds. From the Sensory Store, informatiateffcopies) is stored into the Working Memory.
This Working Memory can store information for abautminute (if no rehearsal takes place).
Information that is rehearsed is stored in LongnT&emory (which can hold information for a life
time). In combination, the information in Workingewhory and Long Term Memory yields the
weighted activation of internal representationsjciwhgenerates a response that is observable as a
(virtual) action.

Figure 2.3. Memory architecture that underlieseali-to-end learning algorithms. The stimulus isestan the
sensory store. From the Sensory Store, informdtated copies) is stored into the Working Memony. |
combination, the information in Working Memory abohg Term Memory yields the weighted activation of
internal representations, which generates a respbias is observable as a (virtual) action.

In Figure 2.3, the working memory unit receivegagedversion of the current audio and visual input
(from Echoic and Iconic memory), which producesths working memory a representation in the
form of activationsof the input. This representation is producedulgh learned weights that are
stored in the long-term memory. (Activations areSmM, weights in LTM). These weights are
updated based on the activations that are prodacémsk working memory so hew examples of audio
and visual samples can be incorporated into long-tmemory as well as better representations of
previously stored weights. An attention mechanisnused to control the updating of the learned
weights. By combining the weights and the curredtivation patterns the model can perform
activities such as retrieval and prediction.

Figure 2.4 focuses on the learning process, onntiegration of visual/semantic features with audio
information. It is a visualisation of the procestest takes place after a stimulus has been present
and shows a conceptual representation of the blécal structure of the ACORNS learning system.
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The audio and visual inputs are combined with #errded weights to produce representations at
different levels of abstraction. The left ‘regioft’represents activations that are learned based only
receiving audio input and as such are the repraientof speech units such as phonemes. The second
A region provides representations of the words byhining semantic (visual) information of words,
for example provided by a Kohonen net with the @me representation previous produced by the
first A region. The representation is based on learnedhtgebn the upper layer of the model. The
rightmostA region provides activation patterns that repreaanitterance, based on learned weights.
The semantics (visual input) follows the same patthe audio. The input is the activation of seimant
features in working memory (first layer, left boXhis is used to train the weights (W) in long term
memory. It also leads to a higher level (more aosfrrepresentation of conceptual activations (A,
middle region) in working memory.

| Acoustic + visual features + ... |
TEMM traces | |

low word hjgh

learn

Update the lower level model

(§ from the higher level one
<
Chap
ﬁﬂéﬂg Chap 3 Output of KN

’ Mapping specified by W

Follow-up proposal Hugo
in line with TEMM

Fig 2.4. Processes that take place after receavistgmulus. The picture includes ‘traces’ similathose used in
Minerva2/TEMM.

In the semantic part of the ACORNS model, the cetepscene is presented to the iconic memory,
while only the representations of the relevant ahig maintained and processed in working memory
(called episodic buffer in Figure 2.3). Episodicddasemantic memories are made by changing the
weights of model in long-term memory. These weiglais be used to restore the activation in working

memory if this is required. Conceptual activatiomsvorking memory can be used to find the auditory

representations of word used to refer to theseemiac
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3 A Feature Set for Simulating the Learning of Firs  t Words

Michael Klein, Louis ten Bosch, Viktoria Maier, Mar k 1. Elshaw, and
Hugo Van hamme

3.1 Introduction and Motivation

The simulation of the acquisition of first word4ikunits involves not only the presentation of atious
signals, but also information that makes it possfbl the learning agent to associate acoustiatgn
with something visible or tangible in the envirommhée.g. Smith & Yu, 2008; Gopnik et al., 2001; see
also Hart et al., 1995; Holzapfel et al., 2008; dset al., 2009). In the Year 1 experiments the
association between acoustics and environment @@grisp and unique, because the environment
was coded in the form of unique tags. The useg¥ taused three conceptual problems, all of which
affect the cognitive plausibility of the experimgnt

1. The invariant symbolic tags do not allow betweeketo variance, as a realistic visual channel
would do. Each time we see tkameobject we might see it from different viewpoini&his
variation in the visual presentation is natural #nd cognitively realistic to be able to deal it
such variation.

2. The tags do not allow modelling any between-objertation within a given category or type.
Different diapers are referred to as ‘diaper’ beithtag, despite the fact that they represent
different objects, perhaps with different propestie

3. The tags represent a crisp categorical and nontiealeen-type difference. According to the
symbolic tags, a cat is as dissimilar from a dogdtas from a human. There 30 meaningful
distance measure defined on an unordered set diagm

The uniqueness and crispness of the tags hada dhimeact on all learning algorithms, since thestag
determined whether or not a representation fova‘'merd’ should be created (or whether an existing
representation had to be updated). Thus, it wadeavithat the crisp tags had to be replaced by a
fuzzier and less crisp and unique representatibiiseoenvironment to which the utterances refer to.
Fuzzy representations would no longer force thenlaeg agent to create new internal representations
for new ‘words’, since it would now be possiblettttae simulated visual input might refer to an abje

or quality that had been encountered before.

While the conceptual problems with the crisp tagsld have been tackled in many different ways, we
decided in favour of a solution that will enableating links to the development of adult semantic
representations and processing. In doing so, wédelbcto encode the scene to which speech
utterances refer with ‘features’ that mix visualdamore abstract semantic properties of objects,
gualities and actions. This allows us to avoid gsags, which are equivalent to the linguistic @pic

of ‘word’, and therefore amount to unrealistic gedsting meta-level knowledge. In addition, using

visual/semantic features will allow us to accouot & number of behavioural findings, such as
overgeneralizations during first word acquisition.

An approach that is relatively simple, while sh&ing able to deal with all of the problems abave i
the use of a mix of visual and semantic featureshSeatures are closer to the perceptual reality o
the language acquiring child and therefore cogeliyivnore realistic. Features can be used to specify
an individual which falls into several categoriesg( a man, who is the daddy, who did not shave
today, who is big, and sleeps) without giving aveagriori which lexical items are used in a specific
utterance. Further, a feature representation dé&cresimilarities between objects, and can be used
replicate many of the behavioural findings relatedhe semantics in language acquisition. It also
allows different instances of a category to lodikedent.
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3.2 Environment, Ontology, Lexicon and Sentences

As a first step we designedvatual environment resembling a possilbéal environment in which a
child can learn first words. The environment imvazlvthe child itself, its care givers and possibly
additional adults, standard household items, faod, a number of toys, in particular toy animals and
vehicles. Based on the objects in this environmeatcreated the target vocabulary of 50 words. The
nouns consisted of the words “baby”, “mummy”, “dgdd‘man”, “woman”, words referring to
individual household items and toys, as well asaralstract words referring to categories such as
‘bird’ and ‘animal’. Adjectives were then selectddpending on how well they could be applied to
describe and distinguish the persons and objectiseirscene. Verbs were chosen to denote suitable
actions fir the objects. Words were cross-checketh CDIs (Communicative Development
Inventorie$. Words did not need to adhere exactly to the Gmdihgs, but they do have the same
phonetic/morphological complexity as the words figg in the CDI.

3.3 Feature Coding

Given the many possibilities of coding meaning eattires, a task force involving member of most
ACORNS partners was appointed to develop a suitebting scheme. Several possibilities were
discussed. Simple binary features cannot distiigthie absence of a feature from ignorance about or
irrelevance of a feature. For example, not knowirdgether an item is edible would give the feature
ediblethe value 0; the same value would apply if it i®@Wn that the item is not edible. In addition,
binary feature cannot code probabilities and intgngalues. While 3-valued features (e.g. -1 not
present, 0 not know, 1 present) would solve ttst firoblem, it cannot code probabilities and initgns
values. More importantly, a 3-valued coding appeédoebe problematic for some learning algorithms.
For these reasons we decided to use features anfitatmres with continuous intensity values and
additional values for probabilities. Features ant-features are as powerful as 3-valued features i
coding the distinction between absence and igneraNot knowing whether an object has a feature
would be coded by setting both the feature valug @ue anti-feature value to zero. However, in
contrast to 3-valued features, they allow the agpdihcontinues values. Therefore, they can codk, bot
intensities and probabilities.

We came up with a number of (mathematical) constisahat have to hold about the feature set and
the coding of objects with features. These conssaian be grouped into two types:

Logical Constraints
The sum of the intensity values of features andfaatures should never be bigger than 1
Probability value of feature and anti feature sbdauhtch

Semantic Constraints
Unique decomposition: any combination of superinggoature vector should be able to decompose
into its parts in a unique way.

Since several other semantics constraints aret@dsarguiding the choice of features, we will
discuss them in the next section

3.3.1 Choice of Features

Very little is not known about which features hummaacttually use to categorize objects or events.
Recently, a lot of attention has been given inipaldr to the representation of actions and their
arguments (agent, patients, etc.), i.e. how thenbepresents the fact that certain individualsg/ @a
specific role during an action. However, the insigbbtained with this method are limited to simple
types of objects and actions humans are involvet.Wihere are three main types of behavioural
observations that can be used to define a setbdres. First, by investigating the way human dass
objects or actions, conclusions can be drawn atheuteatures they use. Second, people can be asked
what sort of properties they associate with spedhijects and events. Third, semanticists have come
up with distinctive feature sets to distinguish theaning of words. We used all the above sources of
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evidence as inspiration for the generation of eature set. Since ACORNS aims to combine a stream
of auditory information with a visual stream, wiett to restrict ourselves as far as possible tufea
belonging to the visual modality. Therefore, theation of the feature set was mainly based on
conventionalsemantic constraintsDifferent concepts have different features, samiy between
concepts should result in a small distance in feaspace, and the features should reflect hyper- an

hyponymy.

To facilitate the creation of feature sets thatemdho all constraints we built a feature set getian
tool (see Fig. 3.1). The final list of featuresrisluded in Appendix 1.

Fig. 3.1 Set-up of the feature set generation tool

3.3.2 Feature Representation

In ACORNS experiments, feature vectors will be présed at the same time as the wave file and the
temporal link/pointer into a larger wave file (thagints to the utterance that is to be presentetido
learner). Given an utterance and a set of featwmefgature presentation token (FPT) has to be
generated. We have substantial freedom and fléyibil creating the visual/semantic environment
that can ground the spoken utterance. The useatiires allows us to create a gradual and graceful
evolution from crisp tags to fuzzy representatioh® scene in which fewer or more items may be
present than mentioned in an utterance.

Moreover, the use of features allows us to codeutterance (by limiting the features exactly to a
precise representation of the meaning of the utteraas well as the scene, somewhat independent of
the meaning or contents of an utterance.
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4 On the ACORNS ‘Y2’ database

4.1 Introduction

The ACORNS Y2 database serves as an annotatedhspsmasitory for the Y2 experiments. These
experiments aim at the detection of “words” by hyesizing and strengthening internal
representations of word-like units.

The database is recorded in three languages: dBriEnglish, Dutch and Finnish. First a preliminary
set of utterances was constructed for the Dutcldat@base. A similar (not 1-1 translated, but ideti

in underlying statistical properties) version faitBh English was created and corrected by pastimer
Sheffield and Helsinki. These corrections were ugeimprove the Dutch version, and to create a
Finnish version.

4.2 Construction of the sentences, including ecolog ical validity

Design. Keywords The 50 keywords in the Y2 database for Dutch wefresen on the basis of

several factors. The English version of the keywasdncluded as Appendix 3.

(a) Ecological validity/plausibility. Not necessarilpeh single word, but the set of keywords should
be ecologically plausible. CDIs show how the resepfpassive) lexicon grows with the number
of months. The current list is inspired by the mfation from CDIs and the Dutch literature on
language acquisition. Also ETLA (ecological theofylanguage acquisition, Lacerda et al., 2004)
has been taken into account as one of the guideline

(b) Phonetic aspects. The set of 50 words has been mate interesting from a phonetic point of
view without sacrificing the ecological plausibjliby the selection of a few specific keywords. In
the current word list, there are several word pHieg are or can be considered minimal pairs:
examplesn Dutchare heeft — geeft, zie — zei, ronde — rode (hgises, said — sees, round — red).
Furthermore, Dutch inflection of adjectives is airme of phonetic variation: rode auto — rood
vliegtuig (red car — red airplane).

(c) Semantic factors. Semantics also played a rolewafged to have hyper- en hyponyms figuring
in the list, in order to be able to see the eftdatlifferent encodings in terms of semantic/visual
features. As a result, the word ‘car’ appears t@4porsche’, ‘animal’ appears together with ‘cat’,
‘dog’, etc. It is useful to note that it depends thie word-feature coding matrix whether these
words are actually hyper/hyponyms. For exampleusing a 1-1 word feature relation, the set of
words becomes ‘flat’ without any hierarchy.

Syntax. It is known that in English infant-directed spleebe relevant noun is mostly located at the
end of the utterance. The same is true for Duttls Was taken into account in the construction of a
grammar that was used to generate candidate sestefibe grammar, expressed in the BNF
formalism, is included as Appendix 2.

The sentences in the Y2 database have been cdestincsuch a way that context and keyword are
not necessarily correlated. A BNF was used to gaaes large number of candidate sentences in
which carrier phrase and keywords were combine@& BNF was not weighted, which means that
special attention needs to be paid to obtain tisgett (relative) frequency of the keywords. Froma th
pool of candidate sentences, those with incommatitdjectives (such as in the utterance ‘there bsee
red green airplane’) are ruled out.

SentencesFrom the cleaned BNF-generated pool, 2000 seesanere selected randomly. Corrective
utterances such as ‘no, | mean FISH’ with emphasissh have also been added.

A sentence contains minimum 1 target word and adtmdarget words. The median number of target
words per sentence is 3. The number of target wihiaisis actually applied in an experiment provides
a way for making a scalable paradigm in learningglexity.

Deliverable D5.2 13/54
© 2008 ACORNS Consortium



FP6-2002-IST-C Spec. targeted research proj ect
ACORNS

4.2 Speakers

The Y2 database consists of utterances read alpud llifferent speakers. Per language 4 speakers
(the same persons who also produces the Y1 corites) 2000 ‘regular’ sentences (see below) plus

about 150 corrective sentences, whereas 6 additgpeakers read aloud a (randomly chosen and
fixed) subset of 600 utterances.

4.2.1 Speaking style

For the Y2 database, the speakers have been ashedgine talking to a young infant of about 18
months old. The result is infant-directed speetbw(@r than average speaking rate, fairy-tale tgllin
like), without the extreme characteristics of spre€motherese’ or ‘parenthese’) addressed to very
young babies.

4.3 Recording

Recording was done in a low noise sound recordoglbat the Radboud University. The recording
conditions and equipment were identical to the mtiog and equipment used for the Y1 database.
Sound files were digitally recorded in PCM wav fatnat 44.1 kHz sample frequency, and converted
to 16 kHz, mono, little-endian, 16 bit/sample waed.

In line with our experience with the Y1 databadgQ@ utterances is about the maximum an average
speaker is willing to do. It takes about 2 full eulivided over two sessions.

4.3.1 Annotation / verification

After the recordings, the wave files and the prosipets were presented to SPEX. The task for SPEX
was to provide the time stamps in the wave file emdnnotate them in accordance with the prompt
sheet. On the prompt sheets, each utterance was giunique integer. This integer was used to mark
the corresponding time stamp. This was all donBramt, and the result is a collection of Praat text
grids. These text grids have been converted tordocmatted file. This cor file has tab-separated
columns: the name of the wave file, begin time e titterance (in sec), begin time of the next
utterance (in sec), and the annotation on word.l&lgually the annotation is exactly the same as th
one in the prompt sheets.

In case the speaker made a mistake, there are dsgbyities. (a) it is corrected directly aftereth
utterance. In that case, a time stamp is defingd mmnotation ‘<X>’ for the reparandum and the
correct annotation is aligned with the repair.tfi®re is no correction by the speaker and the erasr
only detected by SPEX after the recording. In tzete the annotation from the prompt sheet has been
repaired such that the resulting annotation isgoedance with the actually uttered speech.

Metadata are available in different formats. Fortdbu cor-(corpus) files were created with the
advantage of easy readability in MATLAB. The copeasding xml files were created by Leuven. The
Finnish and British English corpora are accompabigaml files. Cor files and xml files contain the
same information and are 1-1 convertible.

KUL has processed the Dutch Y2 database in thdéoveit has originally been posted by RU. By
using HMM-based ASR technology, KUL was able totspobtle and less subtle discrepancies
between the speech and the annotation. A list ofitaB0 errors has been provided to RU, which were
corrected in the Dutch Y2 database.

4.4 Contents of the ACORNS Y2 database

4.4.1 Scene

A simple but realistic scene has been taken asréingf point for the Y2-database. The scene is
defined by and represented by a list of objectsliufing persons), properties (colours, shapesskize
and actions (a very limited number). Each of thiem@s is associated with 1 literal target word. In
total there are 50 of such target words. A scerms ct make much sense if the learning agent cannot
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act in that scene, at the very least in terms minggat one of the objects in the scene. To thdf #re
response by the learner, which is available astéte of activation of internal representationdl, ba
translated into gazing time (Norris, 2005; Alloparet al., 1998). This means that the output of the
learner eventually can be interpreted as definipgohability distribution of gazing time on the st
objects and actions in the scene.

4.4.2 Communication

The objects, properties and actions defined instiene lead in a natural way to a set of proposition
about and questions about the scene. An examgleds below.

Suppose {apple + cow + red + take + see} are kegia/tinat relate to the scene. In that case, it makes
sense to have propositions such as ‘daddy sees eorg, ‘| take the apple’ and questions such as
‘where is the red apple ?’, ‘do you see the red @awrhe conversion from the list of keywords to a
pool of possible sentences is based on the us@imifeastate grammar (see below).

Apart from the propositions and questions describbdve, the database also contains additional
utterances that make a dialogue between carereamder possible. These additional utterances are
utterances that correct the learners reply in thgipus turn. Here an example is presented.

(suppose the scene contains a red and blue telephon

carer: ‘here we have a nice red telephone’
reply: ‘blue’ + ‘sheep’

carer: ‘no | mean the RED one’

(with prosodic marking of ‘red’)

Observe that we have to choose to correct eithee”mor ‘sheep’, since it would be completely
infeasible to pre-record sentences with all possiimbinations of two or more keywords. That
means that the number of different additional sesgs is in theory equal to the number of keywords.

4.4.3 Contexts

To avoid a bias in the detection of a keyword basednsufficient variation of its context (such tha
the context cues the keyword), the set of carrfeages had necessarily to be very limited. In the
ACORNS corpus the selection of carrier phrasesuish ghat each of the carrier phrases occurs
randomly and sufficiently often not to cue the keyu(s).

Examples of useful contexts are:

there is a lion and a duck.

here is ...

he sits on...

whatis ... ?

the mommy sleeps.

she gives a dirty tree.

do you like a [adjective] [object]?

4.5 Finnish and British English: specific issues
Toomas Altosaar, Guillaume Aimetti

This section describes the most significant fao&taotivation and procedure for the productiontu t
second ACORNS corpus for the English and Finnisguages.

4.5.1 Prompt ordering
The sentences in the database make up three diffeategories, depending on their function:
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Dialog-normal: Here is a small toy and a dog.
Dialog-query: Cat?
Dialog-corrective: No, I mean DOG.

As for the Dutch database, the 2000 dialog-norreshents were first ordered to avoid dwelling on a
single subject across consecutive utterances.Wassperformed in order to avoid a loss of novatty i
the utterances and the speaker changing the prafiselyo becoming too familiar with the objects.
Next, dialog-triplets were formed by adding quendacorrective elements to some dialog-normal
elements. The dialog-triplets were equally spageattan the material at a ratio of 13 dialog-normal
elements to one dialog-triplet. Query-verbs weenthdded and also spaced equally apart. Finady, th
sentences were split into two sets and a randonsigedf 50 keywords in isolation pre-pended to each
set to form a single 2397 element list of prompts.

The 2397 prompts were then split into 24 setsnor@uniform manner so as to remove recording task
monotony by providing recording set duration noyeti the speaker during the recording process.
Target set sizes of 50, 100, and 150 utterances smployed resulting in measured recording times
of approximately 4, 7 and 11 minutes per set, reibpay.

The 24 prompt sets that included all of the 23%mpts were designed to be spoken by each of the
year 1 corpus speakers, speakers 1-4. For veitficapeakers 5 through 10, a 600 element subset of
the 2397 set was used that consisted of 50 keywspdken once in isolation followed by 550 other
types of prompt elements and otherwise followedstagstics of the larger set. The 600 prompts were
split into six sets that also followed a set sizedoiation using set sizes of 50, 100, and 150 al¢sne

4.5.2 Recording Software

For Finnish and British English, a software appl@ma designed for recording and generating speech
corpora semi-automatically was employed. The apptia provided output to two computer displays;
one for the speaker and another for the technigtam actively controlled and monitored the recording
process to ensure corpus production quality. Thlenieian would request the software to present the
next prompt to the speaker, the prompt would thempiesented on both displays, the speaker would
utter it, and the technician, when satisfied, wotlleh move on to the next prompt. If any anomaly
was detected by either the speaker or technicign,areading error or a flagged technical erumhs

as signal level clipping, the prompt could be resrded immediately with only a minimal affect t@th
speaker’s “rhythm” of the reading process.

This approach reduced the number of errors sigmiflg, e.g., no missing prompts or out-of-
vocabulary words are known to exist within the Esfgland Finnish recordings. Besides real-time
recording to the file system, start and stop tifieeseach prompt were automatically recorded by the
software to be used later in the utterance segriemfarocess.

To promote fixed-loudness recordings in an anecbbamber, all speakers wore headphones where
auditory-feedback was introduced to reduce the Llamhbeffect. To ensure similar recording
characteristics between the Year 1 and Year 2 dauys, the same anechoic room, setup, and
equipment, e.g., the exact same microphone, préf@npand A/D converter, was utilised.

To retain speaker attention throughout the recgrtiisk, speakers were forced to take a rest break o
at least 30 seconds between each set. The numlsatofecorded per day varied according to the
capabilities of the speaker and fell in a rangenfra minimum of 200 utterances to a maximum of
1000. In all cases a prompt set was always recadaxhe unit, i.e., at least 50, 100, or 150 utts
were recorded without any rest breaks in betweempts. Speakers presented with the 24 sets (2397
prompts) required 4 to 8 recording sessions spoeadover different days to complete their task.
Speakers of the smaller 600 element verificatiamsee all able to complete their recordings within
single 75 minute period of time.

Iconic prompts

Speaker fatigue was reduced by the usecohic-prompts For all keywords existing in some
utterance, a set of ordered images was displayaison to the speaker prior to the prompt text
becoming visible. The purpose of these abstracesgmtations of the keywords was to provide the
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speaker with a sub-conscience challenge of therjmgptext thus in effect “priming” the speaker’s
mind to attempt a synthesis of the upcoming teke @mount of time that a set of iconic prompts was
visible for varied according to the number of keyadsexisting in the utterance (0.8 to 1.3 seconds).
Iconic-prompts were designed to retain a large eegf abstractness and were restricted to simple
black and white line drawings except for a few saadere a single colour was introduced. For
diversity each keyword had two different iconic4mquts associated with it drawn by two different
artists and were presented to the speaker in amating manner across utterances. Due to i) not
having a one-to-one relationship between imagekaysvord, ii) the abstractness of the images, and
iii) the limited amount of time the set of imageaswisible, it became very difficult for a speaker
“guess” all of the upcoming keywords correctly loeit phrasing.

Iconic-prompts were also used to effectively retultéie implicit word rate of speakers by explicitly
limiting their maximum possible utterance rate. Theording of each prompt, consisting of up to a
single timed set of four iconic-prompts, followeg the text and read speech, took a minimum of 3-5
seconds of time. Therefore, the number of uttermspeken by the speaker ranged from 12 to 20 per
minute. This rate is plausible for speech spokeM1@-M24 infants in an environment where objects,
e.g., toys, are visually present and handled. Toergprosodic cues for this rate of relaxed speseh
captured in the recordings. Without any imposedeuagdpnit for utterance rate, speakers tend to
increase their rate when fatigued due to theirrdetsi complete the recording session as soon as
possible. In the worst case this may produce aieenreading of text that includes an overly strong
level of co-articulation or other errors, producagon-uniform corpus.
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5 The computational platform
Louis ten Bosch, Guillaume Aimetti, Kris Demuynck

5.1 Overview

The main computational framework used in the WPaearents is a MATLAB implementation of
two interacting modules (protagonists), one moduladelling the caregiver and the other module
modelling the learner. The learner is the most dernmodule of the two, although the caregiver has
become gradually more complex during the second e architecture of the learner is inspired by
the scheme (memory architecture) presented in &i§u8. This architecture was discussed, updated
and consolidated during a meeting in Leuven bysk farce in which all involved ACORNS partners
participated.

The communication between caregiver and learnspéified at a high level in figure 3.1 and 3.2.
The details of the modules have been describedeiivéable 5.1.1 (M10) and an update will be
described in Deliverable 5.1.2, 5.2.2, and 5.3u2(#30). For the sake of clarity, we here mentlua t
most relevant conceptual issues that play a robaiiagiver and leaner.

5.1.1 Caregiver

The caregiver provides stimuli to the learner apakts to the replies by the learner. The stimuli
are chosen according to a predefined list. Thisdisreated by making use of a pool of utterances
and depends on the specific experimental designat&Vver the reply from the learner, the
caregiver can in principle decide to present the sgémulus, to repeat the previous (or similar)
stimulus, or to use a corrective utterance of timel kno | mean FISH'. Moreover, the caregiver
can be relaxed or more aggressive in its corredidezback (for example it can insist on
correcting incorrect responses). In the Y2 expenisai@erformed so far, the corrective sentences
are not explicitly used as corrective feedbackeytare just included as regular training and test
utterance.

To make this decision, the caregiver ‘listens’hie tearner and compares the learner’s reply with
the ground truth in the stimulus (which is specifia the database). In the case in which tags are
used (all Y1 experiments, some Y2 experimentsk tumparison is straightforward and very
similar to the WER approach in conventional ASR. the case of features, however, the
comparison is much more complex, especially in ¢thee where features are combined to
represent a visual scene. In case a trivial feahatix (e.g. a diagonal matrix) or a simple matrix
(in which words and features are related 1-1) edughe evaluation is straightforward. The exact
way of how to compare presented feature vectorgecmhstructed feature vectors in the complex
case is still under investigation. The challengthé the learner is presented with a combination
with audio + a visual scene, and so in the tegtdbnstructs on the basis of audivisual scene —
and therefore not necessarily the constituent wittelsiselves. In other words, the learner focuses
on the compositional meaning of the speech paherdhan on the individual words.

5.1.2 Learner

The learner receives input stimuli and updatestments of the sensory store, STM and LTM. It
also compares the stimulus with the internal modals then generates a virtual response that is
provided to the caregiver. At a high level, theh@ag algorithm is specified by one of the ‘routes’
as depicted in Figure 6.1 and the way how stimm@lipgrocessed (amount of initialisation material,
amount of update material, update frequency andwig perceived stimuli are reused in the
update).

The drive to learn is implemented via a couplingMeen the external and internal learning loops.
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5.2 Integrating DP-ngram into the learner’s archite  cture

The computational framework implements a memoniggcture that attempts to achieve cognitive
plausibility (cf. Figure 2.3). The details of thaeplementation of that ‘abstract’ architecture deptm

a large extent on the learning algorithm that edus a specific experiment. The DP-ngram algorithm
has now been modified to work within this ACORNS&nfrework. The memory structure that has been
implemented can be seen in Figure 5.1.

Figure 5.1 Integration of DP-ngram into the learaehitecture

Carer — The carer feeds the learner with cross-modalti(guoustic & semantic).

Perception— The stimulus is processed by the ‘perceptiondal® which converts the acoustic signal
into a representation similar to the human audigystem (mfcc’s using ACORNS front-end).

Short Term Memory (STM) — The output of the ‘perception’ module is storedaitimited STM
which acts as a circular buffer to stargoast utterances. Thepast utterances can then be compared
with the current input to discover repeated patesing DP-ngram.

Long Term Memory (LTM) — The ever increasing list of discovered units fachke word
representation are stored in the LTM. Clusteringcpsses can then be applied to find the ideal
representation. The representations stored witfiNl lare only pointers to where the segment lies
within the very long term memory.

Very Long Term Memory — The very long term memory is used to store evéseoved utterance. It

is important to note that unless there is a poifiderla segment of speech within LTM then the data
cannot be retrieved. But, in the future additiosdeping’ processes could be carried out on tha da
stored in VLTM to re-organise internal representasior carry out additional analysis.
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6 Experiments

6.1 Aims, overview, performance measures

This chapter discuss the main experiments perforoheding the second year. All experiments
described here aim at the ‘end-to-end’ processfragimuli — that is, they deal with feature detenti
learning (i.e. bootstrapping and updating) intemeplresentations, and the decoding of new stimuli i
terms of these internal representations. Experisndaaling with parts of the learning chain, such as
the Self Organising Maps (SOM) and the RestricteltzBnann Machine (RBM) are not discussed
here. Work on SOM is described in WP report 3.2&Refocussing on the results of the initial ASR
experiments comparing episodic and semantic lomgy teemory’.

6.1.1 Aim of the experiments

All experiments have the general aim of modellihg tiscovery of semantic units (word-like units)
from multimodal stimuli. Table 6.1 provides an oview of thespecificaim per experiment.

Table 6.1. Overview of the WP5 experiments.

Partner Aim of experiment

TKK Based on DB Y1 and Y2: focus on hierarchical
representations leading to clear picture to exgiaiw
the number of keywords is immaterial for accuracy

SHFD DP-ngram comparison Y1-Y2 DB, using tags
experiment Y1 DB, with visual features from WP5
KUL Experiments showing that NMF approach works Y@r

(crisp tags, incremental, scoring ordering-indegen+
use semantic features

Experiments focusing on hierarchical representation
RU Incremental processing; Semantic features; @actghn
of hierarchical representations

6.1.2 Overview of the learning algorithms

The computational models used in these experimemetdbased on different learning techniques and
implementations. Figure 6.1 shows at a high-levelvthree main routes to deal with a speech
stimulus.

The signal (left) can be processed via route 1lthis route, emphasis is on a a form of blind
segmentation which produces a sequence of symhatsdo not have any linguistic or phonetic
reference. A subsequent structure discovery metipgiates on this symbol sequence by searching
recurring symbolic sub-sequences. The step frorsgaibolic to symbolic representation is made in
an early stage. Computational Mechanics Modellind #tnhe multigram approach are examples of an
algorithm along this route.

In route 2, the attempt to unravel the structurth@input signal is dealt with in a different wadere,

the signal is represented as a sequence of (deistimior statistical) events that may have a ptione
or linguistic interpretation, after which a decorsjion technique that operates on sub-symbolic data
searches for common structure. NMF is a typicahea along this route.

Finally, route 3 uses stimulus-to-stimulus compari® hypothesize potentially useful building blsck
(‘chunks’) that are common in both stimuli. Aftdnig step, hypothesized chunks might get demoted,
created or sharpened based on the acoustical eeiddannew stimuli. Only at a very late stage,
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symbolic labels are attached to these ‘chunks’. daproach along this route is the DP-ngram
algorithm.

Figure 6.1. High-level overview of structure diseoy methods.

6.1.3 Performance measures

Independent of the learning algorithm, several sypkperformance measures may be distinguished.
We here briefly discuss five types.

(1) Comparison of tags (as invariant symbolic repreg@nis). This measure is directly comparable to
the conventional automatic speech recognition (Al8&) WER/accuracy measurement. This
approach makes use of the fact that each utteiartbe ACORNS databases is associated to one
or more "concepts" (by the invariant symbolic tagge chapter 5 of this report). Algorithms that
are able to decode speech by providordered sequences (such as ASR-like graph-decoding
techniques) can be judged based on the comparisondered sequences. (This includes #del,
#ins, #subs etc.). Algorithms that do not providdeoing (such as the conventional NMF) can be
judged by comparing the results without taking ardginto account.

(2) Comparison of the original and the reconstructetialisemantic feature vector. This deals with
the comparison between the feature vector as &l&ila the input stimulus, and the one that is
reconstructed on the basis of the audio informatidhe test. If the feature vectors code the words
in a 1-1 way, e.g. by a diagonal matrix, (1) isyveimilar to (2). In more complex cases such as
composite scenic feature vectors, one has to gpebidt kind of comparison is being performed.

(3) Empirical cross entropy. This amounts@id N)  P(correct|stimulug , the sum taken over all
N stimuli.

The above measure all are based on the input-ootpaparison. There are other measures that focus
more on therocessingExamples are
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(4) Comparison oflearning ratein terms of the rate in which words are learned. (shape of the
learning curve). Since learning is a continuouscess, internal representations will usually
change throughout the entire learning process. aidetlrerefore not define stability in naive terms
such as ‘invariant under learning processes, elvemie learning stimuli would be presented’.
However, we can define stability of internal repmstions in terms of the independence of the
initial conditions that were used to bootstrap thaning. To that end, we need means for
monitoring the contents of the representationghthexperiments, this is possible by looking at
the internal representations that are built andatgmtiby the learning algorithm during the learning
process.

(5) Comparison oemergence of structure$his measure refers to what happens during legrim
terms of the organisation of the internal repremtéonts. For example, one may look at the
minimum number of tokens per ‘word’ that are neaeg$o build a ‘stable’ representation.

Most of experiments provide a tag-comparison basest measure (1) combined with learning curves

(5).

6.2 Emergence of word-like units using NMF
Louis ten Bosch, Joris Driesen

6.2.1 Introduction

Data

The training and test data for these experimengsciiosen from the Dutch version of the Y2
ACORNS database. The data consists of all uttesa(es meta-information) from four speakers,
viz. Els (f), Henk (m), Margot (f) and Peter (m), this order. Within each speaker, the stimuli have
been presented in the same order in which these Ib@en recorded, so matching the ordering of the
prompts. These prompts were mostly organised inag thiat consecutive utterances have a high
likelihood to share a target word. This implies emdency for the within-speaker stimuli to be
presented in word-blocked form. This word-blockedsgntation is not strong, however, since in most
utterances more than one target word occurs.

For all experiments mentioned in this section, $hene sequence of stimuli was used in the same
ordering. For reasons related to the charactehefindividual experiment, some experiments only
used the first 2000 utterances, while other expamisiuse the entire series of 8300 utterances.i his
indicated for each experiment.

Features

Each stimulus consists of one wave file in comlamatwith a ‘visual' feature vector. In all
experiments, the feature vector has been constristanaking a ‘scenic’ overlay @il properties of
the target words in the utterance — no matter vdrdtiese target words relate to one or more physica
objects. For example we consider an utterance asich

‘daddy looks at the small green duck’

with tags {daddy small green}. In the NMF experirteedescribed below, an utterance is accompanied
with a visual feature vectav defined by

w = code(‘daddy’) + code(‘small’) + code(‘green’)

where code() is the coding for word w as defined in the setmafeature matrix.

If this feature matrix is a trivial matrix, eachrgat word is encoded by a 0-1 basis vector. Thianmae
that the between-type distance is constant for @aghof target words, and that the between-token
variation is zero (i.e. no visual variation).Thatigre matrix can also be more complex, such tlgat e.
hypo- and hyponymy are reflected in the featurermpd
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Unless stated otherwise, the experiments reporgdaivbare obtained by using a trivial 0-1 feature
matrix.
More details about the features and feature engaati@ described in chapter 4 of this deliverable.

Parameters
Each training/test is characterized by a numbepashmeters that define the exact settings of the
algorithm. The parameters are presented in taBle 6.

Table 6.2. Overview of parameters in the NMF-decgdilgorithm.

than can be stored in
short-term memory. It
is used for the
internal update of
representations.

Name Meaning Typical value
minUttNMF The number of stimuli From 100 on. A value of
necessary to bootstrap 10 is certainly too
the training low. 100 utterances are
equivalent with approx.
5 acoustic
realizations/word.
STMlength The amount of stimuli 300-700 utterances.

This amounts to about
25-30 acoustic
realizations per word.

update_freq

The frequency of
updating the internal
representations.

This value has been set
to 1 (without further
experimentation)

nr_innerloops_init

The number of internal
loops to create initial
models.

varying

nr_innerloops_update

The number of internal
loops to update
internal models.

For NMF, 1 appears
sufficient

semantics_factor

The weighting factor
that weights the
influence of the
visual/semantic part of
a stimulus compared to
the visual part.

(must be in the order
of a few 100 at least,

to compensate for the
small size of the

visual feature vector
compared to the size of
the acoustic encoding)

nr_stim

Number of stimuli used
for a training.

The values of the parameters are presented asdegethe figures. The ordering is the same as

presented in table 6.2:

minUttNMF-STMIlength-update_freg-nr_innerloops_init-

nr_innerloops_update-

semantics_factor-nr_stim

6.2.2 Results

A typical learning curve for the Y2 database isspraed in figure 6.2.1. The horizontal axis present
the number of multimodal stimuli presented. Thetigal axis presents the accuracy of the learner,
linearly averaged over the most recent 50 uttesanbee accuracy of the learner per utterance is the
number of target words that has correctly beentifilet, compared to the number of target words as
specified in the stimulus. If there is one targerdy such as in the utterance ‘nee ik zei vis’ [(said
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fish), the accuracy is O (incorrect) or 1 (corretitthere are three target words, the accuracyhhig

0, 1/3, 2/3, or 1. The vertical bars around x=2M4¥N0 and 6300 denote a new speaker. The major
dips of about 30 percent absolute every time a mpeaker starts indicate that the internal
representations have to adapt to the new speakethér words, internal representations are (at lea
to a certain extent) dependent on the acoustiacteristics of the ‘most recently observed’ speaker
Compared to the dips observed in the Y1 databd&se@dlicent absolute), the Y2 dips are about twice
as deep.

Not all dips are attributable to a speaker cha@gene of the dips are due to the fact that within a
speaker, stimuli are presented in work-blockeditaskidue to the ordering of the prompt sheets that
were used in the Y2 database recording). Belowyillegive an example of a ‘speaker blocked words
random’ stimulus presentation.

The number of internal update loops can be redtmedd— without sacrificing overall learning rates.
This is shown in figure 6.2.2 (1 loop), in comparigo figure 6.2.1 (4 loops).

Figure 6.2.3 shows that the minimal number of slirseen before initialisation can be reduced to 100
(that is, about 5 acoustic realisations per woil)too aggressive initialisation deteriorates the
performance substantially (figure 6.2.4 and 6.2.5).

Comparison between figure 6.2.6 (word-blocked) @u2d7 (words randomised) shows that in the case
of random word ordering the dips in the learningveuare attributable to speaker changes only. This
explains the spiky character of most plots: therean effect of the word-blocked presentation of
stimuli on the representations during the learmiragess.

Figure 6.2.1. A learning curve, obtained on thedéfabase. Stimuli are presented speaker-blocked wis
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Figure 6.2.2. This figure presents the same expmarirtfig. 6.2.1), the difference being the numbi@noer
loops in the NMF update, which was 4 in the presiplot and equals 1 in this training. The tiny eiiéinces
indicate that once the models are properly ing&di the internal update might be very shallow.

Figure 6.2.3. Same as previous figure, but now Ndifds representations much earlier in the traimpragess,
from stimulus number 100. This means that the iagiof the internal representations is based dpatout 5
examples per word (average).
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Figure 6.2.4. Results of a training in which veewfutterances (10) are used for initialising therimal
representations. In comparison with the previogsrg, this result shows that once the learner gii®io
bootstrap from only 10 utterances, the long-ternfigpmance deteriorates. This is due to the ingation

problem starting from too few stimuli (much lesarttthe total number of keywords). For the sakdanity, this
plot shows the result for the first 2000 utterances

Figure 6.2.5. This plot differs from the previoustpn the lower number of initialisation loops (8200, here
20). The differences are in the details; globdilpwever, there is no deterioration compared tgtegious
figure. It indicates that the bad initialisatiomist due to over-training on a too small data set.
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Fig 6.2.6. Same plot as figure 6.2.2. Copied hewlow easy comparison with the next plot.

Figure 6.2.7. As figure 7.2.6, but with word ordandomised. The dips are now attributable to specthanges
only. To be compared with the previous plot, inethihe utterances were presented word-blocked.

6.2.3 Discussion

The experiments using NMF on the current Y2 Dutatadase are encouraging. They show that the
word discovery approach is able to build interrgdresentations of meaningful units, also in the cas
of a database more complex than the Y1 databaserefinesentations emerge during training. As the
results show, the performance of NMF-based leardigigends on various settings. Most important
parameter is the size of the internal buffer, usedpdate internal representations. It must beelarg
enough to have about 500 utterances in memory, hwhimounts to approximately 30 acoustic
realisations per target word. At most about 5 aitouealisations per word are necessary for robust
initialisation.
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Figure 6.2.8. These plots indicate the performanficbe learner if the learner waits with the irigation until
500 (left) or 700 (right) stimuli have been obsetv€omparison suggests that the performance cangreved
by a better initialisation of the internal repretsgions, or by a better use of the information thatonveyed in
the first few hundreds of utterances.

6.2.4 Plans for NMF-based learning experiments for  the third year
In the third year, at least the following issue he focused on.

(1) The emergence of hierarchical representationsfifteexperiment in this direction will start with
building speaker-dependent models as the first siethe modelling process. A subsequent
clustering step will then generate hypotheses alspetker-independent word clusters (same
technique as used in ten Bosch et al., 2008). Asoexperiments with hierarchy based on
cascaded two-layered NMF (deliverable D4.1, secipwill focus on the hierarchical structure of
internal representations.

(2) The flagging of the activation of internal represgions. During the training in the NMF-based
experiments described above, the learner makesfube fact that the number of representations
per stimulus is known. That is, for each stimulthg learner knows how many target words
(representations) must be looked for among thevateill representations. This is a cognitively
implausible situation. Recently, experiments haeerbperformed that select the ‘set of most
active representations’ by using an activationshotd (Del D4.1, section 4).

(3) The use of more realistic features. The experimaessribed above avoid the use of the invariant
symbolic tags, but still use a ‘trivial’ feature ma.

6.3 Concept Matrices
Okko Rasanen, Unto K. Laine, Toomas Altosaar

6.3.1 Introduction

The Y2 ACORNS speech material is richer than thed#fiabase (50 instead of 10 keywords). Also
more sentences with multiple keywords are pres€his evokes the question how to select the
methods so that we can cope with this more contglicapeech material.

How are the keywords discovered if they always apjiea complex context of other keywords? One
simple answer to this problem is cross-situatiostatistics (see, e.g., Smith & Yu, 2007). Co-
occurring inputs and/or events form associatiom&ngs that always occur together are processed as a
one large associative chunk since there is no neseplit the representations (e.g., co-occurrarice
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a worddragonfly and the corresponding insect). However, if a nd@aner hears the pairflying
bat’, “flying bird’, “black bat, etc., the situation changes. Let's assume thatdw not know any
words and our conceptual thinking is not (yet) dueiéd by linguistic structures. By first hearing th
pair “flying bat and seeing a dark winged animal moving in the wie may form an association
between an acoustic word forrftyingbat’ and the perceived event, or, if we are able fmsate doing
from being, an association betwedtyiigbat’ and the insect (similarly to dragonfly example) is
formed. However, as soon as we hedjirig bird” and there is nothing related to the bat-inseaiun
perceptual surroundings but a bird instead, we &mmbmmon link between both occurrences of the
wordflying: a subject moving in the air. The statistical bingdbetween the worillying and perceiving
something flying becomes stronger than the conmedietween the bat-insect and flying-doing due to
the frequency of occurrences of these associatigggecially, if we then hearblack bat it also
becomes very clear what the wotzht’ is representing.

In a nutshell, the idea is very simple: what systeeally co-occurs forms an association. Assoogtiv
agents (words, visual shapes, etc.) that are ctethég each other can be split into two or more new
agents if the sub-parts of the agents form strasgp@ations to something else or seem to occur
everywhere equally often in other contexts. Fromldmguage learning point of view this means that
the richness of the language input is actually seaey for finding good compact models for words
since changes in the word context will lead totspli of models. However, not all word-to-word
connections fade to a non-existent level unlessirtpat is composed of entirely randomised non-
syntactic and semantically incoherent speech.efléinguage input to the learner represents pregerti
of a real language, the systematic properties ¢ooHoences) that are left for the word contextrafte
massive amounts of exposure to the language letltbttormation of associative links that represent
semantic and syntactic properties of a language €of.., Latent Semantic Analysis, Landauer &
Dumais, 1997). To conclude, the number of wordanrutterance is not an issue, as long as there is a
sufficient amount of language input where the dturesits occur in other contexts. What is sufficjent
then, is dependent on the way the learner is psotgghe statistical information. As the language
learner manages to learn meaning for a handfulasfisy the formation of accurate models for novel
words becomes much more easier as the number ofwweds and their possible referents in each
utterance becomes smaller. The correct questiaskois: ‘How often does this event occur in this
context in relation of this occurring in other cert®”

6.3.2 Recognition with multiple keywords per uttera  nce

This section discusses the effects of the deteaifomultiple target patterns in the input when the
models for patterns have been already learned dekeerable D2.2, Association Response Table,
section 2.5.3).

In order to do word recognition from a speech sirétais necessary to have some sort of recogniser,
or model, in the memory of the system for the wdhag are being searched for. When a new signal is
presented to the system, the system analyzeswsaaf the signal and matches them to the existing
models. The models giving a good match form a setood candidates (cf.cohort’, Marslen-Wilson

& Tyler, 1980 or TRACE model of speech perceptibttLelland & Elman, 1986). In the simplest
case, the word hypothesis is chosen by a purerhailexical competition, that is, the winning word
model is the one gaining the most activation framoustics and contextual and syntactic information
is either already embedded in the word model aeglected.

The matching process is essentiallyemporal process: activation of word models can be analysed
guantitatively at any moment of time using inforfoat from the audio stream inside a limited
temporal distance. However, looking at a singheetiinstant is not sufficient for determining what
word is occurring at that time since acoustic repn¢ations of spoken words are distributed
temporally over several hundred milliseconds. Gatigeand analysing this distributed information
requires continuous integration of word-unit adiimas over temporal windows of several hundred
milliseconds. Temporal integration leads to a maetivation level, or a cumulative activation level
(depending on how the integration is performed)efach activated word candidate at each moment of
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time. This type of temporal activation of each nmazha be then used to inhibit all other models Base
on their activation level if found necessary. Therdvmodel gaining the most activation is chosen as
the detected word.

Now if the size of the lexicon increases, the atiouistances of the word models become inevitably
smaller. This makes competition harder as moreraace word candidates gain activation from the
bottom-up stream. Therefore, the number of keyw@ds issue for the correct detection of the word
at a specific temporal location in the speech stiea

However, in the word recognition task, multiple keyds in a single utterance exist in a serial form.
The only way they affect each other is that theyeha context effect on the neighbouring words with
variable significance. However, the context is alsv@resent, no matter how many “tags” or target
words there are in the utterance (unless there ial sentence but just a single word, but even th
the isolation of a single word affects the pronation of it). Having two known words adjacent to
each other simply leads to a situation where th&vigcof another word ends and the activity of
another word begins. Actually, the activation & thords is more accurately defined if adjacent word
are keywords, that is, they are already familiathi® recogniser. This is because the activatiothef
subsequent word will override possible activatiohshe other recognisers that may arise from, e.g.,
syllable structure that is shared between words.

Consider, e.g., the Finnish utteran¢#ih antaa likaisen lehmé&nwhere the transition from /an/-/ta:/
to /li/-/kai/ shares a syllable structure with #eyword ‘talitintti” (/ta/ /li/, figure 6.3.1). The talitintti-
recogniser becomes activated at the transition ffamaa” to “likainen” but as it has only one
syllable that is shared with the first word and egtable with the second word, its overall tempora
activity falls to a lower level than the actual @srspoken (figure 6.3.2) and is thus inhibitedufeg
6.3.1, bottom).

A more ambiguous situation would occur with compbwords and with words that have some other
word as their sub-part. As there are currently umhswvords in the Y2 Finnish corpus, these situation
cannot be tested empirically. However, we can hypsize what would happen in this case: if the
window of temporal integration is sufficiently lonpe longest model will preside, as it will cuntela
the most activation over time. In case of compowadds the situation will also depend on whether
they are modelled as two separate words and whethexssociation is made somewhere during
semantic level analysis.

Figure 6.3.3 demonstrates the keyword recognitamuacy of the transition probability analysis as a
function of number of keywords embedded in the tittgtrances. Bars on the left show the recognition
rates when the same number of word hypothesesamitped as the number of meta-tags in the
utterance (chosen in order of total activity). Asde seen, recognition rates for utterances iy &
single word turn out to be the most difficult. Thés also a slight trend for decrease in accuradhe
number of keywords increases, but the recognitiatesr are still relatively high and since the
possibility for ambiguities increases significargly the utterance lengths increase, it would by has
say that this is because there are several keyvitts utterance.

The problem with single keyword utterances is pbbpaue to the fact that other recognizers react to
familiar structures in carrier sentences and tloeeefsome other words may cumulate sufficient
activity to surpass the actual keyword. For examitle utteranceEi, mina tarkoitin isia! (“ No, |
meant daddy), where ‘isi” is the tagged keyword, there may exist severaldwtypotheses for the
carrier sentence (that is much more longer tharkélysvord itself - these type of corrective sentence
should be actually tested in a more natural wayniglementing actual dialogue settings which they
are intended for). It does not, however, mean ttiatword model wouldn’t be activated at the time it
is present in the stream. On the contrary, allrattees with two keywords in the Y2 corpus have the
same carrier sentencé/‘here is the<keyword1> <keyword2>") and therefore the addiibwords

do not affect the detection of the tagged wordsliley to very good recognition accuracy.
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Figure 6.3.1'Héan antaa likaisen lehman”The word talitintti” becomes activated at the transition point
between &ntad and “likainer’ but is inhibited by higher temporal overall adtyvof the neighboring known
words.

Figure 6.3.2: Recognizer activities for utteranefi antaa likaisen lehméaréfter temporal integration (250 ms
median filter window) and before inhibition. Théditiatti-recognizer activity falls below other (awrct) word
candidates.
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To overcome the problem with the evaluation methothe case of single keyword utterances, the
recogniser was allowed to give N+2 word hypothdeedN keywords. Now the utterances with only
one keyword are recognized with much more simitaueacy compared to the other utterance types,
which at least partially proves the above hypothfgjure 6.3.3, on the right).

Figure 6.3.3: Keyword recognition rates for utta@s containing 1, 2, 3, and 4 keywords when N)(kefd N+2
(right) word hypotheses are allowed, where N isrthber of utterance related keyword tags (incréase N
to N+2 shown in red).

Figures 6.3.4 and 6.3.5 show some recognition ebesmfor utterances with 4 and 3 keywords,
respectively. The effect of multiple adjacent key#gcan be easily seen as well-defined transitions
from one word to another. On the contrary, figbr&.6 shows the situation for the utteranteadlla

on sy6tava lintu ja autdwhere the conjunctionja” (“ and’) does not have a word model and causes
an ambiguous situation between the last and thendeto last word.

Figure 6.3.4: Recognition of the utterand&ativa antaa pienen putinRecognizer activities for all 50 keywords
are shown in the middle trace. Activities after pamal integration and inhibition are shown at tio¢tdom and
the association response table (ART) derived frioarfittered representation is shown at the top.
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Figure 6.3.5: Recognition of the utteran¢#ih katsoo pyoreda rekkdaRecognizer activities for all 50
keywords are shown in the middle trace. Activititer temporal integration and inhibition are shaatithe
bottom and the association response table (ARTYyetkfrom the filtered representation is showrhat top.

Figure 6.3.6: Recognition of the utterandeiblla on sy6tava lintu ja autoThe conjunction wordja” is not
known to the system and this causes an ill-defsieition in the activity between the last andsbeond to last
word.
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6.4 Acoustic DP-ngrams - Word Discovery Experiments
Guillaume Aimetti and Roger Moore

6.4.1 Aim of the experiments

The experiments that are discussed in this chépteis on the use of DP-ngram technique. In figure
7.1, this route is represented by the lowest bramblk experiments have been carried out to test the
Acoustic DP-ngrams ability to automatically discoaad build internal representations of key words
from a sub-set of the entire ACORNS (Y1 and Y2)ablase. The algorithm is able to associate co-
occurring events across multiple modalities (adowmtd semantic) to create internal representations
of its surrounding environment. These experimehtsvwshow quickly the algorithm is able to create
stable internal representations of the key words tHA is required to learn from the Y1 and Y2
database, and how the complexity of cross-modaitiaffects the word learning rate.

6.4.2 Acoustic DP-ngrams

There are two key processes to the language atignisiodel described here; automatic segmentation
and word discovery. The automatic segmentationestdigws the system to build a library of similar
repeating speech fragments directly from the agosijnal. The second stage groups these fragments
into distinct key word classes.

The automatic segmentation process accommodatg®tahalistortion through dynamic time warping
(DTW). The algorithm finds partial matches, porsotihat are similar but not necessarily identical,
taking into account noise, speed and different pnarations of the speech. Traditional template thase
speech recognition algorithms using DP would comppan sequences, the input speech vectors and a
word template, penalising insertions, deletions anbstitutions with negative scores. Instead, the
acoustic DP-ngram model uses an accumulative gusldre to reward matches and prevent anything
else; resulting in longer, more meaningful sub-seqges.

Word discovery is carried out through a simple sro®dal association process. The algorithm learns
by comparing two utterances; thus, the algorithnabte to create internal classes of co-occurring
cross-modal (audio & semantic) events. Each interlaas evolves throughout learning, building an
ever increasing list of episodic acoustic units.

6.4.3 Experiment DP-ngrams 1 — Word Learning Rate

The first experiment is a comparison of the worm@héng rate between the Y1 and Y2 data set. The
stability of LA’s internal representations will lsentinuously measured during the learning process a
the internal representations are constantly evglvin

There are 10 key words within the first year dasaband 50 key words within the second. LA is tested
on a prototype exemplar of each key word and mamy with the correct semantic tag. It is important
to note that LA may reply with more than one serigately as her internal class could be represented
by multiple semantic features. The acoustic DP4mgadgorithm does not assume that each semantic
feature is a single object, for example if LA algagpbserves a green frog then its internal
representation will be a single concept with thexaetic features 'green' and 'frog' where the amust
association would be 'greenfrog'. It's only if &reoccurs separately that LA will create a 'green’
concept. Therefore, if LA is tested on the key winay' and replies with the semantic tags 'greem
‘frog' then she is penalized as having a distortgdrnal representation. A second, more lenient,
measure will also be recorded, showing the totahlver of words learnt when allowing for internal
semantic distortion.

LA was tested on a sub-set of 200 utterances fhenYfl and Y2 database of the same speaker.

Results

Figures 6.4.1 and 6.4.2 display the stability of 4 Aternal representations of the key words friwe t
year 1 and year 2 database as a function of olberterances. In both figures, the x-axis shows the
number of utterances observed and the y-axis fiiesthe index of the key word LA was tested on.
Areas of the plot in blue indicate that the key dvbias not yet been observed. Areas of the plot in
green indicate that LA has observed the key wotdibas not have a correct internal representafion o
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it. The different shades of red indicate that LAs laarepresentation of the key word, the darker the
shade the more stable the representation. A diskoepresentation implies that LA has replied \aith
internal representation that contains multiple sgindags.

Stable

Stability of
Internal
representation

Distorted

KW observed
KW not yet

Figure 6.4.1. Internal representation stabilityhef 10 key words of the ACORNS year 1 UK database.

Stable

Stability of
Internal
representation

Distorted
KW observed
KW not yet

Figure 6.4.2. Internal representation stabilitytef 50 key words of the ACORNS year 2 UK database.

Figure 6.4.3 is a plot of the number of stable wotd\ has learnt during the training/test phase
(utterances 1 - 300) on the Y2 database. The xsids/s the number of utterances observed and the
y-axis shows the number of LA’s stable internalresgntations of the key words from both data-sets.
The red and blue plots display LA observing yeatttérances and the black plot year 1 utterances. It
can be seen that LA achieves stable word represamgeor all key words within the year 1 data-set
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after 70 utterances. LA seems to reach a platedi6-df8 stableleankey word representations after
120 utterances and almost 30 if allowing for seigagtistortion. This is still short of the total %@y
words required to be learnt from the year 2 databas

Words Learnt - Y1 vs Y2

(Single Centroid used for recognition)
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Figure 6.4.3. Comparison of word learning rate &sation of observed utterances for year 1 and Qedata-
sets. The two plots for the year 2 database shaw lgarning rates with and without penalising LA $emantic
distortion.

6.4.4 Experiment DP-ngrams 2 — Key Word Detection

The second experiment is a simple tag comparissl fauring the learning process LA is tested on
her ability to detect the keywords/concepts thatmesent within each utterance. The correct resgpon
is for LA to predict the semantic tags associateth whe current incoming utterance while only
observing the speech signal. LA re-uses the aaoD&ingram algorithm to solve this task in a simila
manner to traditional DP template based speechynétion. The recognition process is carried out by
comparing exemplars, of discovered key words, agdie current incoming utterance and calculating
an accumulative quality distance score.

Word detection of the first year data-set was ghrnask as the algorithm would choose the exemplar
unit giving the highest quality score. The secomdrydata-set contains multiple key words. Tag
detection is then carried out by setting a qualitgre threshold for each key word class (see figure
6.4.4).

Figure 6.4.4 displays the quality scores for eachAds internal representations against the current
utterance (Mummy looksat thebig lion’). The quality threshold is set to 100, therefang mternal
classes that achieve a score greater than théthdesre predicted to lie within the utterance. Tdms
associated with each class are shown in the leggti figure.

The model, in its current state, does not make assumption of the correct attribution of the key
words detected within the utterance. LA was teste@ sub-set of 200 utterances from the Y1 and Y2
database of the same speaker.
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Utterance =Mummy looksat thebig lion’

Quality Score for each Key Word Class (after 200 utts)
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600
17 Key Word Class [l <w Class Quality Score
13 1 ="looks’ ~ — ~ Quality threshold
500~ 13 = ‘mummy’ -
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Figure 6.4.4. Quality scores for each of LA’s imi&@rrepresentation class. Classes producing qusiizes
higher than the threshold are predicted to lie withe utterance.

Result

Figure 6.4.5 displays LA’'s word detection accurdeying the training/test phase. The x-axis shows
the number of utterances observed and the y-ariwsthe word detection accuracy as a function of
utterances observed. The red, green and blue gisptay LA observing year 2 utterances and the
black plot year 1 utterances. It is evident thatd vord detection accuracy is considerably loweihwi
the year 2 data-set. This is to be expected ataikels much harder. From the plot it can alsodsns
that using all the exemplars within internal classe more accurate than using fewer cluster
‘centroids’ after an initial learning phase (70+ewances). This shows us that this method of
recognition is able to capture acoustic variatioorenreliably, but at the expense of computation
increasing to infinity. A solution to this problemould be to move from template recognition to a
statistical model for the internal class at thenpoihere accuracy begins to flatten off or dec(rE60
utterances).

When carrying out recognition, LA can use all disa@d exemplars stored within each internal class
(red and black plot), a single, most ideal, ‘ceidfroepresentation of each class (blue plot) or the
‘centroid’ of multiple sub-clusters within each s$a(green plot). The sub-clusters for each internal
representation class were calculated using an agghdive clustering method and setting a cut-off
distance (see fig. 6.4.6).
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Figure 6.4.5. Comparison of word detection accuecy function of observed utterances for yeardlyaar 2
data-sets.

Dendrogram of Exemplar units Within Key Word Class DUCK
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Figure 6.4.6. Dendrogram of the exemplar units withA’s internal representation of the semantiddiea
DUCK. Sub-clusters were achieved by applying adatfittistance (example = 7).

6.4.5 Conclusions

Results from the first experiment using DP-ngrammews that, in its current state, the acoustic DP-
ngram method successfully creates the required austhble key word representations for the year 1
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data-set, but falls short with the year 2 dataidetwever, it can be seen from figure 7.4.3 that the
model has a faster word learning rate with the yedata-set. This may be an advantage of a more
complex utterance structure containing multiple Weyds that occur more frequently.

From experiment DP-ngrams 2 we can conclude tleatbdels word detection accuracy suffers from
this additional complexity. The main reason fostliw accuracy could be because the algorithm has
not, as yet, been optimised for the year 2 data3det bar chart in figure 6.4.4 displays the gyalit
scores produced by each key word class, therefonegga probability of its occurrence within the
utterance. With a quality threshold of 100 (asfeetexperiment 2) we can see that additional and
unwanted classes are hypothesised, therefore pigaihe learner’s (LA’s) word detection accuracy.
Factors affecting the results of both experimentddbe due to the algorithm, in its current stats,
cleaning up distorted internal classes that wezated during the early stages of development ahd no
being able to run on a larger data-set.

LA could only be tested on a very small sub-sethef year 1 and year 2 databases due to the ever
increasing number of exemplar units discoveredstared within LA’s internal memory architecture.

In order solve this issue the algorithm is beingdified to update and clean up unwanted exemplar
units. The exemplars that are left can then beagesl to create a single abstract ‘prototype’ urat t
statistically models the variance within each in&rclass. Allowing the model to carry out both
‘exemplar’ and ‘prototype’ recognition would concwith current developmental theories that young
infants and adults use both depending on enviroteheanditions (Quinn and Eimas, 1996).
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7 Relations between WP5 and the other work packages

The experiments done in WP5 by all partners afll fleeck to the design and approach followed in the
experiments in the other work packages. This chdgiefly discusses this feedback.

7.1 WP1 Signal representations

In ACORNS WPL1 takes a somewhat special positiontdube fact that it provides the input for all
learning algorithms and experiments. The perforreanfca hierarchical pattern recognition system
such as developed in ACORNS is dependent on tloenaition conveyed to the higher levels by the
lowest level. The principle of ACORNS is to leararlval communication skills using the human
learning process as primary example. This implies the set of acoustic features that are compaited
the lowest level of the hierarchy should basicpligvide the same information as the output from the
human auditory periphery. As a consequence, inrasinto the conventional approaches, the resulting
set of features is not a priori dependent on speciésign choices made for pattern recognition
systems. Thus, at least in principle, no feedbamifhigher layers in the hierarchy is requiredtfe
design of the acoustic features.

However, chapter 4 of Deliverable 1.2 (Feature ctigle based on auditory models) shows how
experiments that are based on a loop involvingckdead algorithm (in this case a specific auditory
model) provide useful (and sometimes essentiahrimation about thexperimental desigof the
feature selection stage. Feature selection mightdmeplex since the selection algorithms are not
necessarily able to over-generate the featuremseuseful manner before subsequent feature smecti
takes place. Chapters 2 and 3 of Deliverable 1s2ri®e the development of voicing-onset time and
prosodic features. The use of prosody in experimmenshown to provide some gain during the first
phase of the learning, but this positive effectidighes during further training. This experimental
result suggest that prosodic features are to Bedad in the entire feature vector, but that thadrght
must be re-estimated based on the activity levethe internal representations as they get updated
during training

7.2 WP2 Signal patterning

With respect to design choices and interpretatgR2 (and WP3 and WP4) depend more than WP1
on the empirical observations in WP5. For WP2, &t tbeen demonstrated (section 6.3) that the
keyword recognition accuracy of the transition p@tolity analysis is a function of number of
keywords embedded in the test utterances. This shibat the signal patterning approach in WP2,
which is actually an early step in the cascadeotgsses for learning, can only be optimised usiag
feedback from a loop thatvolves the decoding stephe dependency of performance of earlier stages
in processing as a function of the processingter Istages of the processing shows that the madelli
and optimisation of the learning process must besidered as the modelling of one integrated
optimisation step in which all back-end resultsiamrporated. This directly implies the relevate
experimental empirical results on the detailed anpéntation of sub-stages in this chain.

An example is provided in section 6.3, where isi®wn recognition rates for utterances with only a
single word turn out to be the most difficult. Thias consequences for the way how competition
between representations must be modelled, as &doraf the overall experimental results.

7.3 WP3 Memory organization and access

In May 2008, ACORNS participants from Sheffield jivégen, Stockholm and Leuven convened to
discuss an update and refinement of the ACORNS mearchitecture that was originally proposed
during the first year of ACORNS by SHFD and RUN.
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This cross-WP work has implications for the intetption of the modules that were defined within the
learner in Task 5.1 and vice versa. For example, eékact functionality of STM and LTM has
implications for the set-up of the data-processiithin the learner (where the activations go, and
where the representations are stored). At the $anee the design of caregiver and learner in WP5.1
imposed a specific interpretation of the memonhiecture. A very explicit example of interaction
between WPs (especially from WP5 and WP4 to WPgjasided by figure 2.4.

7.4 WP4 information discovery and integration

Deliverable D4.1 describes a bottom-up, activabiased paradigm for continuous speech recognition.
Speech is represented by co-occurrence statistieecaustic events over an analysis window of
variable length, leading to a vector representatibhigh but fixed dimension called “Histogram of
Acoustic Co-occurrence” (HAC). During training, tedng acoustic patterns are discovered and
associated to words through non-negative matritofaation (NMF). During testing, word activations
are computed from the HAC-representation and tivaeg of occurrence is estimated. Hence, words in
a continuous utterance can be detected, orderelbeaied.

In the WP5 experiments, cognitive plausibility isentral issue. The way WP5 guides research in
WP4 is exemplified in about how th@ausibility of word activations is verified. In the deliverabl
D4.1 it is explained how this is done. First, tlotiveations of internal representations must excaed
threshold. Second, the locations (in time) of thtedted words need to be consistent over timedThir
it was verified if the order in which words areiaated corresponds to the expected activation pette
as learned through previous exposure to the laregguag

Deliverable D5.2 41/54
© 2008 ACORNS Consortium



FP6-2002-IST-C Spec. targeted research proj ect
ACORNS

8 Conclusion and discussion

8.1 Summary of the results in Year-2

Task 1: Platform:

Compared to the status after year 1, the carepagibeen updated. The caregiver can now respond to
the learner with multiple reactions which may beessally relevant in case of errors made by the
learner. These reactions are ignore, repeat the sam similar utterance, and explicitly correcy (b
applying a corrective sentence). The learner isatgul to deal with vector-based features as
representation for the information in the visuahchel.

Learning to communicate:

The internal and external loops within which leagnitakes place are updated with respect to the
implementation of learning drive. The learning @manthe result of the information provided by the
caregiver via the external loop, and driven by riaimisation of a target function operating in the
internal loop.

Task 2: Multimodal integration.

The integration of audio and visual informationdakplace at an early stage at the level of features
The learner combines the two streams of informafldre simulated visual stream is upgraded beyond
the use of the symbolic tags in the first year,using a vector-based representations rather than
symbolic representations of information presentedagthe visual channel.

Task 3: Architecture.

The architecture underlying the caregiver-learmgeraction and the design of the learner has been
discussed, refined, and consolidated. This has pesgared and carried out by a task force with the
aim to make the functions of the various types efimary more precise. Moreover, the learner module
has been updated such as to optimally reflect tiarced memory architecture. The new software
platform is operational and will be described idediverable due M30.

Task 4: Experiments

Experiments with NMF, DP-ngrams and Concept Masribave been carried out. The NMF based
learning experiments show that the use of the moneplex Y2-part of the ACORNS database leads
to an accuracy of about 85 percent correct ideatitn of concepts in the case [a] trivial visual
features [b] utterance-by-utterance incrementaitrg [c] limited number of realisations per contep
in active memory (STM).

Novelty detection:

NMF, DP-ngrams and CM all deal with a mechanismriovelty detection based on a metric in the
representation space. Approaches with subsymhbatictideal with this in a fundamentally different
way than approaches based on symbolic input.

The Y2 database is much more complex than the Ydbdae in terms of its lexical contents and the
number of concepts per utterance. The experimantear 2 have shown that as long as recognisers
are used in parallel, the multiple keywords do s&¢m to be a problem for decoding, but such an
approach needs well-trained word-specific recogaisEhe NMF experiments on the Y2 database

described in this paper show a performance of ctos80 percent, obtained under very specific

interpretation of accuracy (accuracy based ondagd comparison, tag-ordering independent, and the
number of items to be decoded known beforehand).

The results obtained with NMF (and DP-Ngrams) depen parameters with a clear cognitive
interpretation. The NMF results presented in tlisument show how that the learning results depend
on basically four parameters: the amount of stirthdit is seen before the initialisation (this can b
small if learning is done at all times, but canlamer if the learning only takes places when it is
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efficient to build representations), the amounsiiiuli used forupdate the frequency of the update
and the ‘aggression’ in the update. The cognitilaugibility relates to the fact that a conventional
ASR-way of dealing with epochs over the entire basz leads to non-causal modelling: testing of
stimuli while future stimuli are already seen dgritraining. This means that only stimuli that are
perceived can be used (more than once) in STM dategnternal representations.

8.2 Directions for experiments in Year-3

In this deliverable, several different activities WP5 have been discussed. In the third year of
ACORNS we will concentrate on combining the straisgets of these algorithms. In this section, we
discuss a number of issues that play a role inmidae how to move forward from the current state of
affairs. These issues also make clear how expetameniVP5 influences the other work packages in
terms of focussing on specific experimental quaestio

Firstly, every learning algorithm must be able &aldwith a distance measure (e.g. in terms of a
statistical distribution), on the basis of whicke thigorithm can decide whether a stimulus refera to
new object, quality or event, or whether it refersomething that has previously been processed. No
all algorithms are equally powerful in this aspeBly considering the activations of internal
representations, NMF (Del 4.1) can rate the novefta new input. The DP-ngrams approach (Del
2.1) handles variation by storing more prototypiésravhich a pruning must take place to increase th
efficiency of the internal representations. Thereatr implementation of Computational Mechanics
Modelling (Del 2.1) handles variation in a manrattis basically different from NMF or DP-ngrams,
making it very sensitive tanyvariation in the input.

Secondly, one of the questions is whether centrandistemplates can be dealt with in a strictly mono
layer learning architecture. The literature on laage learning suggests that learning is best nextlell
by a cascade of algorithms that interact, eachtoown hierarchical level. When an input matches
very well with one of the stored low-level represgions, the learning algorithm does not need to
elaborate upon a further interpretation of the tnpuhile deviant inputs (for which a parse in terofis
internal representations does not provide a satfia result) needs a more ‘conscious’ response
which involves the activation of higher, more ahstrlevels of processing. The combination of
architecture and attention mechanisms describedeinD3.2 in combination with the multi-layer
decoding in D4.1 look very promising to address thsue.

Hierarchical models form an issue that must be esfdd in more detail. As already mentioned, it
plays a role in many of the experiments (D4.1,isadb; in Del 3.2; ten Bosch et al., 2008). It isoca
addressed, albeit in a different way, in the fori feedback from higher conceptual levels
(knowledge) to the feature selection in Del 1.23ptkr 4 (Feature Selection Based on Knowledge of
the Auditory System). In Del 1.2 a sensitivity nitais used to select features according to a select
mechanism inspired by the way humans perceivéhignapproach we establish a measure of impact of
a given feature based on a perturbation analysisdatortion criteria derived from psycho-acoustic
models. Based on this measure a compact set ohrgléeatures is derived. It is assumed that Hueh t
features and the distortion criteria are continuang differentiable functions of the speech sighal.
Year 3 we will repeat a number of crucial experitsemith the new features to investigate their inipac
on learning.
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Appendix 1 — List of visual/semantic features

Male Female

Parent Non-parent

Grown-up Non-grown-up

Round Non-round

Alife_or_pretend_alife Non_alife_or_pretend_alife

Plant Non-plant

Humanoid Non-humanoid

Artifact Non-artifact

Four_legged Non-four_legged

Edible Non-edible

Vehicle Non_vehicle

Felidae Non-felidae

Furry Non-furry

Ride-able Non-ride-able

Has-horns Has-no-horns

Has-wings Has-no-wings

Swims Doesn’t-swim

Has-red-throat No-red-throat

Aerodynamic Non-aerodynamic

Positive Negative

Possession-related Non-possession-related

Expression Non-expression

Emotion Non-emotion

Object-related Non-object-related

Red Non-red

Yellow Non-yellow

Blue Non-blue

Stable_possession Non-stable_possession

Gain_possession Loose_possession

Successful Non-successful

Big Small

Has-mane Has-no-mane
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Appendix 2 — Example of BNF Grammar

$OBJECTS =
toy |

ball |
bottle |
dog |

doll |
cookie |
telephone |
banana |
bird |
duck |
frog |

cat |
apple |
airplane |
truck |
horse |
tree |
cow |
fish |
lion |
eagle |
robin |
car |
porsche |
animal

$PERSON_ADJ =
sad |

happy |

smiling |

crying ;

$VERBS2 =
look_at |
take |

give |

see |

like |

have ;

$PERSONS =
man |

woman |
daddy |
mommy |
baby

$PROPERTIES =
edible |

clean |

dirty |
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happy |
sad |
big |
small |
round |
square |
red |
yellow |
blue

$DET =(a|the);

$PROP1 = (here is | there is ) a [ $PROPERTIES | $ PROPERTIES $OBJECTS and
a $OBJECTS ;

$PROP2 = (she | he ) $VERBS2 _S $DET $PROPERTIES $ OBJECTS ;
$PROP3 = $DET $PERSONS $VERBS2 _S $DET $PROPERTIES $OBJECTS ;
$PROP4 = $DET $PERSON_ADJ $PERSONS $VERBS2 _S $DET $OBJECTS ;

$QUESTIONSI = ( where is the | do you like a | do y ou have a | do you see
the ) $PROPERTIES $OBJECTS ?;

$CORR = CORR [0 ] (I mean ) ( $VERBS2 | SPERSON_ ADJ | $PERSONS | the
$PROPERTIES one | $DET $OBJECTS ) ;

($PROP1 | $PROP2 | $PROP3 | $PROP4 | SQUESTIONST | $CORR)

The BNF starts with a list of non-terminals witkeithvalue. The eventual graph is defined by the las
line in the BNF file.

The BNF as such generates millions of differentesgres. In practice, the Y2 database for British ha
been created by first over-generating about 2 onilientences, followed by a post-processing step
that skipped the semantically nonsensical one$wite the same keyword in one sentence), no
clashing properties (‘big small apple’).

Deliverable D5.2 50/54
© 2008 ACORNS Consortium



FP6-2002-IST-C Spec. targeted research proj ect

ACORNS

Appendix 3 - Keywords English

Food, food-related
Apple Banana Cookie
Bottle

Animals, toys, environment

Animal Bird Robin
Eagle Fish Dog
Cat Lion Horse
Cow Frog Duck
Toy Airplane Bottle
Telephone Car Porsche
Ball Doll Truck
Tree

People

Woman Man Baby
Daddy Mummy

Properties

Red Blue Yellow
Clean Dirty Edible
Big Small Happy
Crying Smiling Sad
Square Round

Actions

Give Look See
Like Take
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