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1 Introduction

This deliverable D3.2 report considers the resfltthe initial automatic speech recognition expents to
compare episodic and semantic long-term memory. AGBORNS memory architecture has been devised
towards the aim of developing an agent that canpcehend language and communicate based on sensory
inputs in an emergent manner. The ACORNS mematyitecture was developed based on inspiration and
constrains from the human memory and cerebral xaféscribed in deliverable D3.1. Although in this
report there is a focus on long-term memory in A@ORNS memory architecture, the structure of the
architecture relies on an interaction between waykinemory and long-term memory. The ACORNS
memory architecture is described in terms of tleegsses involved and data stores. The long-tenmamye
representations are the stored weight structurésvamking memory is the activations. The archieetis
also based on the hierarchical memory-predictiodehwhich allows the agent to develop communication
skills in an emergent manner.

In this report Section 2 examines the current AC@RNemory architecture; Section 3 briefly definestvh

is meant by long-term memory; Section 4 conside@mples of semantic long-term memory models

developed with in the ACORNS memory architectursti®n 5 presents an implementation of the episodic
long-term memory model associated with the memachitecture; and Section 6 discusses some of the
outcomes associated with these two sets of memodels.

2 Overview of the ACORNS memory architecture

The ACORNS project investigates the feasibility tbE memory-prediction framework (Hawkins and
Blakeslee 2004) as a basis for understanding laygg@ecquisition and communication. The memory-
prediction framework is appealing, mainly becauseasibased on solid neuro-physiological evidence
(Mountcastle 1978). Equally importantly, is theemsive literature on memory processing in psyaiokd
research (Baddeley 1992) that does not necessadly one-to-one to the structure suggested by the
memory-prediction framework. Therefore, much time affort has been spent during the first two yedrs
the project to design a memory architecture thatrete reflects the results of decades of psychocébgi
research and the basic tenets of the memory-predithmework.

In this memory architecture (Figure 1) the workmgmory unit receives an attention-gated versiothef
current audio and semantic (visual) feature ingudn{ Echoic and lconic memory), which produces a
working memory a representation in the form of\attons of the input. This representation is pomitl
through learned weights that are stored in the-teng memory in the form of semantic and episodic
memory (activations are in short-term memory andghts in long-term memory). These weights are
updated/learned based on the activations that mduped in the working memory so new examples of
audio and visual samples can be incorporated ong-term memory as well as better representatiéns o
previously stored weights. Attention mechanisms sehaveights are also stored in semantic long-term
memory are used to control the updating of thenksdrlong-term memory weights for other automatic
speech recognition applications. By combiningegghts and the current activation patterns thasgev
models can perform activities such as automatiedpeetrieval, representation and prediction. With
semantic features in the ACORNS architecture, tmaptete scene can be presented to the iconic memory
Episodic and semantic long-term memories are prdiand updated by changing the weight structures
stored in long-term memory.

It is possible to map the echoic and iconic memiaryFigure 1 onto the lowest level of the memory
prediction architecture, because neither model sydleed claims with respect to the neural encodimdy a
representation of the sensory signals. The praoggging on in the working memory and stored wesght
long-term memory in Figure 1 fit onto the conneatidhat are formed and the information that flowshie
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higher levels of the structure memory-predictidrherefore, we take it that an architecture suctiegcted
in Figure 1 can implement the basic operationsrmeanory-prediction framework.

Motor Behaviour

Learner Long term memory
Episodic/autobiographical
Semantic/generic
(all abstractions, e.g. weights)
Competition/interference between representation.
Very slow decay (up to life time)
c
c S
S| T
Audio Echoic Working memory
g memory gated copy
o Episodic buffer
8 Central exec buffer
2 Scratch pad
o | Visual Iconic gated copy e.g. activations
g I::> memory Slow decay (mins)
2 Attention
>
5 Fast decay (2 sec) ﬂ
OUPU ™ Virtual action Response
<— < Definition

Figure 1 The ACORN memory architecture. Boxes andrrows refer to data structures and processes,
respectively.

Figure 2 shows a representation of the hierarclstraicture of the ACORNS memory architecture. The
audio and semantic (visual) feature inputs are @oetbwith the learned weights (semantic and epsodi

long-term memory) to produce representations oéslpat different levels of abstractioA, represents the
activations (working memory) that are learned bgating and updating long-term memadry, based on
only receiving audio input and as such are theesgmtation of speech units. Th&, region provides
representations of words by combining semantiai@ljsfeatures of wordg\, with the phone representation
previous produced by théy region, using learned weightd/,. The representation is based on learned
weights in the upper layer of the model. The syis#o, in Figure 2 represent the semantic activations and
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are the result of processing the visual input. Pheregion provides activation patterns that represent
utterance, based on learned weights of semantic and episodic long-term memory by cornli the
activations for the word#\ , .

low word utterance

>

Semantic and Episodic Lon~term Memory

W, learn W, ke learn ™
Update the lower leve
le lear, le model from the higher
evel one
Audio| . _/ Working
. 1
ot | W] Vemory
|
! I
(LA ]! | -
[ . Mapping specified by \

Visual semanticfeatures
Figure 2 Hierarchical organisation of the ACORNS nemory architecture.

The incorporation of complex feature based semafvisual) features to achieve grounding into the
ACORNS memory architecture works towards the deraknt of computational models of an agent that
learns to communicate. Pulvermdiller (Pulvermiill@®9, Pulvermdiller 2002 ulvermdiller 2003%tates that
semantic (visual) features play an important rolehie representation of words in the cerebral gofte
argues it is important to relate the neurons teptesent the word form with those neurons assatiatin
perception and actions that reflect the semanfarimation on a word. When considering content wprd
the semantic factors that influence the cell assesttome from various modalities and include the
complexity of activity performed, facial expressionsound, the type and number of muscles involtresl,
colour of the stimulus, the object complexity, mament involved, the tool used and whether the pecson
see herself doing this activity?(lvermiller 2003) For objects the semantic features representecely
assemblies typically relate to their colour, snoelshape.

3 Long-term memory

Given that this deliverable D3.2 report looks amsoof the current ACORNS models from a memory
architecture point-of-view with a focus on the seti@mand episodic long-term memory, we will staithaa
brief description of what is meant by long-term nogyn Long-term memory is said to contain those
memories that remain for more than just a few nasutlt includes the memory of recent facts as asthe
memory of older facts. The robustness of the men®wiiiought to be also dependent on rehearsal.eNhil
the memory of recent facts can be quite fragile,mtiemory of older facts is usually quite robushe Tong-
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term memory is usually thought of as being dividetb two types of memory - explicit and implicit.
Explicit memory (also called declarative memoryhat type of memory that one is aware of and Ganen
Implicit memory is for example motor memories, itkose memories that one uses to perform a certain
action such as riding a bike, once it is learndgkplicit memory can further be divided into two sub
categories: Episodic memory and Semantic memory.

Semantic long-term memory is thought of as a datilar system that is responsible for general factua
knowledge of the world in an abstract and relatidoan (Baddeley 2002, Neath and Surprenant 2002).
contrasts directly with episodic memory through lask of association with a specific moment in an
individual's personal past, and lacking subjectxperience (Eysenck and Keane 2005). Semantic ngemo
is independent of the context (in terms of time plaate) in which it was acquired. It is formed blfetime

of information. It can be regarded as a form oérefice material, which includes rules and condiptslet

us construct a mental representation of the woitldout any immediate perceptions.

Episodic memory was proposed by Tulving as receaslyl972 (Tulving 1972). In contrast to semantic
memory, episodic memory is thought to retain patdicpersonal experiences at particular times dackp
(Tulving 1972, Eysenck and Keane 2005). The mastrditive feature of episodic memory is that noyon
are events memorised, but also the contexts inhwthiey occurred. What enters into episodic menhaisy
been shown to be dependent on attention mecharfGleisman et al. 1999). From neuroscience stutties
frontal and medial temporal areas are found to lzavele in representing and retrieving episodic mgm
and the hippocampal system in representing andd@mgthe spatial-location memories (Hayes et ab430

4 Semantic long-term memory in ACORNS memory
architecture

In this section of the report we present variouslet® that have been developed in the ACORNS project
incorporate a semantic long-term memory componeitité ACORNS memory architecture (see Figure 1).
The example semantic long-term memory based madelselated to attention based activities, keyword
recognition, and word and phoneme representatidimegognition.

4.1 Attention

As can be seen from Figure 1, a feature of the mgmmodel is the use of attention mechanism at wario
points within the model, which makes use of learsadictures that are stored in semantic long-term
memory. Most commonly, attention is used to réfetselectivity of processing’. For Pugh et al99b)
attention should include the capacity to switchubfrom one element to another, must be maintained a
period of time and be limited in the number of ebeits that can be focused on at any time.

James (1890) defined attention as:

“Everyone knows what attention is. It is the takpagsession of the mind,glear and vivid form, of one
out of what seem several simultaneously possitjiects or trains of thought. Focalisation, congation,
of consciousnesare of its essence.”

Various neuroscience studies have considered aspédttention such as sustained attention, seecti
attention and decision and action control (Pughle1996). For sustained attention activationoisnd in
the superior parietal area and the prefrontal aoédke right hemisphere when subjects looked foalk
changes in stimulus (Pugh at al. 1996, Pardo a98i1). Turning to selective attention the supgparietal
lobule is identified to be related to removing feduom one element to the next, the superior adllis to
the movement to a new focus and the pulvinar terfilg out stimulus that are not of interest (Posral
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Presti 1987, Pugh et al. 1996). Below is an exatign of examples of the attention mechanisms feitiis
on semantic long-term memory that have been deedlapthin the memory architecture.

4.2 Selective attention semantic long-term model

The aim of the first semantic long-term memory blasmdel described here is to examine whether dpecia
attentional focus to keywords in utterances faifis word learning and recognition. The word-legyn
algorithm (Figure 3) uses a modified concept maapproach (weights like structures that are stamed
semantic long-term memory) to track transitionablabilities of vector quantized speech, quantizatio
being provided by the clustering algorithm devetbjpe workpackage 2. 2000 utterances, from a single
Finnish female speaker in the corpus collect inogket, were used as the test material.

The cornerstones of the algorithm rely on the dtedaoncept matrices which form an inner represtéorm
(semantic long-term memory) that associatively cioed information from the auditory stream (cluster,
“phone”, sequences) with other visual semantic tinpa this case the visual input is simplifieddeing the
keyword tag associated with each sentence. Inrotloeds, the algorithm concentrates solely on the
modelling of auditory stimuli and the interactioatlveen working and semantic long-term memory rdlate
processing and makes an approximation that norteaydmodality signals are provided by external
processing modules instead of intertwined multinhguiacessing streams already at the signal leVéle
word-learning algorithm takes a multimodal tag and parallel cluster sequences corresponding fngles
utterance as the input. The first sequesecontains a discrete sequence of segmental clinsteres of
segment onsets (spectral representations createdtfre first 40% of segment durations) while theosel
sequenceS, contains cluster indices for the remaining 60%egment durations in a similar manner. The

multimodal tag represents one of the ten possible keywords imidterial as an integer.

Figure 3 A schematic representation of the word-krning algorithm. Cross-situational statistics arecollected
for phone-like-segment transitions during presencef multimodal tags.

Whenever a new utterance is introduced, the atgaorigoes through all indices i§, and adds all pairs of
two subsequent symbols as transitions to a transitequency matriXM ., defined by the tag associated
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with the utterance. This is repeated f8& M ;,,. The stochastic (normalized transition probapilit

p(i) =1 from any symbol) matriceM prn @nd M ., are then created from both frequency matrices.

These matrices now contain probability distribusicior all possible symbols [x+1] from all possible
symbols [x] for each concept (keyword). Similatly transitions of subsequent symbol pairs, matrices

M M M 3. M ,.,5 are created for transitions from [x] to [x+2]. tife tagt has been never

seen before, a new set of concept matrices (lamg-teemory weights) is created for bo8 and S, for

both [x] [x+1] and [x] [x+2] transitions. Otherwise, the existing freqogmatrices and corresponding
probability matrices in the semantic long-term meyrere updated.

113 f,t,2,3" p.t.2,

To recognize a word from a previously unheard attee, sequenceS, and S, corresponding to the

incoming utterance are utilized. Both sequencesvamdowed simultaneously with a varying sized windo

to obtain sub-sequences Bl and B2 for all possifréelow locations and for all pre-defined windowesiz
These sequences are then used to “activate” conwdpices, that is, [x][x+1] and [x] [x+2] transitions in

the sub-sequences. This process is then repeatatl foncept matrices to provide a cumulative pimlity

sum for each sub-sequence for each concept mhtrike case of zero probability for a transitio Guch
transition has ever occurred before in the presericeome corresponding tag), a small penalty to the
cumulative sum is introduced. The most probable lination of a sub-sequence and a concept matrix
produces a word hypothesis (i.e., which concepiisg activated most) and a hypothesis for the teatp
location for the word in speech signal.

The procedure is to emphasize segmental transiteosrring during keywords with different scaling
compared to the surrounding carrier sentences. Bag@ attentional learning situations implemeritethe
current version of the algorithm are tested thi first situatiorthe learner has absolutely no feedback from
the external world except for input consisting @olsen utterances, corresponding tags, and temporal
locations of the keywords. This simulates a sitratvhere the learner gets accurate information tatheu
keyword location from some other process, e.g.ptmcessing of the prosody of the input.the second
situation which is a so-called reinforced learniagvironment, the learning agent obtains feedbackt$o
decisions from the caretaker. After the learnedena hypothesis about which concept/keyword/tdngisg
referred to by the spoken utterance, the caretsigerls whether the hypothesis is correct or irerrin

the case of a correct answer, only the sub-sectidghe sequence that yields the best match forreecio
concept matrix is added to the matrix (note th&tmmal temporal focus is not influential in thistimad, but
more like a self-driven focus for important conjer®n the other hand, if the answer is incorretit, a
transitions in the entire sequence are added todheept matrix defined by the tag in a similar maras in

the non-reinforced case using the temporal fociss Should lead to situations where the contents of
concept matrices become increasingly selectivehto dontents of words instead of modelling entire
utterances.

Four learning experiments were conducted for bbéhreinforced and non-reinforced cases in which the
scalar value for a keyword and for the surroundiagier sentence are varied independently. Thraerae
and one intermediate situation are considerechdiylifferential scalar value at all, (ii) all scalalue on
carrier sentences, (iii) all scalar value on keydgornd (iv) 100% scalar value on keywords and S6&tar
value on carriers. It turned out that the diffeendetween overall accuracies of reinforced vensus
reinforced learning, and non-weighted versus thélted cases are not large. Only when scaling the
keyword downwards to zero without reinforced leagnilid poorer recognition rates occur, as is exquect

In the non-reinforced case an increase in the weifjla keyword increases the recognition confidence
notably due to diminished statistical saliency afrier sentences that are shared between severceuts.
Similar trends can be detected in the reinforcesk as well, although the change is much smalléhig
case. However, the suppression of the ‘value’ afi@a sentence information, when compared to the
keyword case, seemed to impair the keywoedognition rate in both cases, inferring that thz
surrounding context facilitates keyword recognitidhis is a reasonable outcome: at least with susimall
vocabulary and simple grammatical structure, tlaistical properties of carrier sentences are pigba
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biased to point at specific keywords. the surrongdiontext facilitates keyword recognition. Thisais
reasonable outcome: at least with such a smallbwdasy and simple grammatical structure, the gtesis
properties of carrier sentences are probably bisedint at specific keywords.

Figure 4 shows local and cumulative recognitioresaior scaled and non-scaled experiments with non-
reinforced learning (top: first 300 utterances gtail, bottom: the entire material in a longer ewaion
window). As can be seen, the difference in recagmitaccuracy is not significant, although focused
keywords obtain a small overhead in the beginnif@h large amounts of training material cumulative
accuracies converge to similar accuracies. Anéstarg detail can be seen at approximately 7001a060
utterances, where focused keyword accuracy dipalglelue to some local variation within the speech
material while non-focused accuracy remains redfitigtable.

Figure 4 Word recognition accuracy, focused Wkeyword: 1,w

arier = 0.5) versus non-focused attention.

When the keyword scaling is set to zero, the leataenot detect directly any cross situationalstias (see
Smith & Yu, 2008) between occurrences of similadisary word forms and a specific concept. In a non-
reinforced situation the learner can only make esgetween the concepts sharing the same chaticter
carrier sentences since the learner does not ‘tiearkeyword at all. In the reinforced learning ecdlse
learner can accidentally stumble upon cues fortandiword form. What happens in a reinforced non-
keyword focused situation is that the carrier seree enable correct recognition every now and siveiar

to the non-reinforced case, but the recognitiondaim can overlap partially with the keyword specific
segments despite that a small penalty is introddoedzero probability transitions in the recognitio
window. These types of transitions are then sumtnéte concept matrix, making a small but increglgin
significant difference to other concepts sharing #ame carrier sentence. This gradually incredses t
overlap between the recognition window and the ssgsnassociated with the keyword in the future inpu
increasing the selectivity and recognition accunaegr non-focused or keyword-focused learning 8@oa

on the long run.
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4.3 Attention-gated mechanism for speech detection

The next attention based model in the ACORNS meraarhitecture that makes use of semantic long-term
memory controls the type of input data that is pdgsom the echoic memory into the working memoalry.

the architecture the auditory signal in the formaofvaveform is split into time slices using a mayin
window and introduced into the attention-gatinghéecture one at a time so it can learn to deteetsh
(Figure 5). The training samples for the attengiated reinforcement model are auditory samplesoof
speech (crowd noise) and speech (first female spdedkm English the ACORNS database). The test dat
includes (i) different samples take from the sammwd scenes used for training; (i) new non-speech
samples from scenarios not used in training; ifjerent recordings of the training utterancesthg first
female speaker, (iv) the first female speaker gaglifferent utterances from those used in the tsaimples;
and (v) a second female speaker saying the origitelances.

The model uses an adaption of the actor-criticahfof reinforcement learning (Sutton and Barto 988

learn and update the critic’s weight§ and the actor weighta® (stored as semantic long-term memory) to
determine if an auditory input section is speehsample is selected and moving window auditoryisac
inputs are created along the full length of theitaug sample and introduced one section at a tiongain
this neural network model.

Working memor/
Speech input slic / Non-Speech input sli%

:Gateds ech detection decic 1

Critic,c Actor, Non-speech or Speecé,
(working memory) (working memory)
w® weights (femantic W °\weights

long-term mexgory) (senpantic long-term memory)
Auditory input sectio / Input, f

Figure 5 Reinforcement based attention-gated modéb discriminate between speech and non-speech.

Until the end of the specific auditory sample tlodofwing process is repeated to train the modehe T

reinforcement model uses the auditory input sectioand critic weightsw® (stored as semantic long-term
memory) to create the activation of the critic unifworking memory activations):

c= ch xf]. (1)
where | is the index for the data points in the input igec(1 to 30)

Once this is performed then the probability thas Hctor uniti is set active for the input section is
calculated:
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4

P(s=1)= witha = w; xf, ()

iC¢

The next input section of the samplie¢ is then selected and the critic activation(working memory
activation) is calculated:

ct= w, xf¢ (3)

A difference value between the critic value for girevious input auditory slice and the current onet
that is determined according to:

a=(c- (ct- 9)) (4)
where g is the discount rate at 0.9.

The immediate rewardR that is used to change the weights after eachi@ydnput section is determined
using the difference valug and the input section valuek using the Equation below. Hence this gated

model makes use of the fact that it is possiblédemtify if the input section is correctly detectadd
allocates the immediate reward value:

xf ;> 0 elsd), if theauditorysectiorcorrectlydetected
IR= ()
-2(abs@xf })),if theauditorysection wonglydetected

For each input section the critic weights (semaluting-term memory representation) are updated with
being the learning rate at 0.0000035:

we =w° + (IR %) (6)

The actor weights (semantic long-term memory) greéated based on the immediate reward for the actor
uniti with the highest probability:

W =w’ +(IR>s ¥7) ©)

The delay reward value®R, are used to update weights at the end of thenfutkspeech and speech
sample and are determined using the equation beldtve DR value reflects the degree based on the

difference value and input section valuéshat the model correctly identifies the sample, endefined as
follow:

sum( xf J.' , for allauditoryslicescorrectlydetectedor thefull sample
DR, = (8)
sum(2(abs( xf j' ))), for all sliceswrongly detectedor thefull sample
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wherek is the index for delay reward values (1 — posjt®e negative)

At the end of the auditory sample the delayed rdwatues are used to update the critic weights #s¢éim
long-term memory):

w,* =w,* + (DR, 1) 9)

The actor weights (semantic long-term memory) ateéhd of the sample are also updated with the delay
reward values based on the actor unitvith the highest probability at the time when thelay reward
values are calculated and whether the input sectos detected correctly:

W, =w; + (DR, s ) (10)

The auditory waveform samples for both the trairamgl test data are converted into auditory ingaesl
using the logarithmic mel-spectrum approach. Tingins performed using each full sample of speewh a
non-speech in the training set selected randomilypaesented over 17 epochs to allow the reinforeéme
attention gating system to learn to differentiageA®en speech and non-speech.

The reinforcement based attention-gated mecharmsigesied using speech and non-speech samples made u
of auditory input section values one at a time glthe full sample. The reinforcement gating sysieable

to detect correctly 93% of the new non-speech andinput slices from the crowd scenes that arel tise
train the network. When considering the detectibspeech the performance is 80% for the new vessid

the same utterances and new utterances by théngdemale speaker. The incorrect detection okepe
slice inputs by the gating network is due in parpériods in the speech samples where there aspa®ch
sounds for instance between words. However, emnaefbased approach is used and given speechllypica
crosses multiple frames, it will be possible to tisis characteristic to identify wrongly detectquesch
frames. This is possible in that when a framepeksh is correctly detected and then a frame reptieg a
signal within say 200ms is also detected as sp#eztirames between these can also be assumed to be
speech. When considering the performance on sgemoha female speaker who is not used in trairireg
reduction in performance is not that significar%a), which indicates that the system is not specdithe
training person and can be used for other femadakgys.

4.4 The phoneme and word recognition within the mem ory architecture

An application of the memory architecture for idBfing words and phones has been devised usingdhe
negative matrix factorization (NMF) approach. Tbenceptual representation related to the memory
architecture is shown in Figure 6. NMF has beesdus the ACORNS project to discovered patternnn a
utterance. In the present NMF bottom-up approagtpgnition is driven by the co-occurrence of adeust
events. In general, these events are the occuri@nsgecific patterns in the time-frequency plarighis
leads to a vectorial representation of high bgdixlimension called ‘Histogram of Acoustic Co-ocence’
(HAC). In HAC, the probability of acoustic evemssaccumulated over a graph (representing spegctt)in
The HAC-model (histogram of acoustic co-occurrenei#) its associated learning algorithm based onFNM
is able to discover recurring acoustic patternspeech both without supervision and with weak stigien.

By extending this model using ‘time Histogram ofoustic Co-occurrence’ (tHAC) it is possible to asite

at which specific times the acoustic patterns feairred. A second option for localizing the paises to

use a sliding window. If a pattern is detectechatdurrent position, we know it must be within thi@dow
boundaries. By combining both ideas, an even fimee estimate is obtained. With this approach,
continuous speech recognition on the TIDIGITS dasabwas successful. There is now a bottom-up
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activation-based recognizer that doesn’t need eclsesdgorithm like Hidden Markov Models (HMM) (see
also Deliverable D4.1).

In Figure 6 the echoic memory contains the buffespeech for copying exemplars and eHAC and ichonic
memory buffer of semantic features for copying eplemrs and eHAC. The working memory representation
incorporates a gated buffer of speech and semtedtares and eHAC representation of activated mhone
and semantic features. eHAC instead of multiplyiihg probability of acoustic events with the tinte a
which they occur (tHAC), multiplies the probabilityf acoustic events with two or more monotonous
function of time, e.g. expdt) to allow estimating the time at which a patteymctivated. This means that
the input representation maintains cells (noda®ws in an input vector) which are activated byaaoustic
event and whose activity then decays. This is dogty very plausible. From that NMF computes
activations of discovered patterns and their atitmatime. Hence the output becomes activated teven
(patterns) which decay with time. The methods diesd above have been validated and are operational

The architecture will be developed further as dbedr below. In order to develop semantic long-term
memory representations of words in terms of phde-acoustic units the NMF approach can use a
hierarchical approach. Assume hundreds of VQ-basedl-sized patterns were discovered with NMF:
V=W*H with W the word models (one per column) inrrtes of VQ-label co-occurrences. Factorizing
W=Y*G should result in common units across the vgolike phones, in Y and the presence/absencectf ea
of these units in each word in G. This is an aitlitraining process: a discovery on the structimes
memory. Hence this produces V=Y*G*H. Once Y iefi and the phones in a language are learnedaonly
new entry in G is needed to extend the vocabulaity @ne word.

Semantic long term memon

Activations ofY act Activations of W act
as classification as classification
features features

Phonemic =Y G | word _
representation¥ representationg/

Echoic memory ﬂ\ Episodic buffer:
Speech, e.x V=Y*G
MECC —‘/

Semanic Iconic memory copy

UseV’ =GH to compute word-level activationg

Figure 6 A conceptual representation of the NMF model for wad and phone recognition related to the
ACORNS memory architecture.

4.5 Semantic long-term memory models for semantic (  visual) feature
for word representation

In the experiments with the ACORN database coltkatefirst period of project typically semantic guial)
information is presented to the learner in the farfwigid semantic tags, which in contrast to thesy
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speech input do not resemble real input, do naiwatcfor the variability of real world perceptiohabjects
and actions, and due not represent the ambiguitiésrms of reference that language acquiring cbiid
have to face. Instead they represent a strong &ranprior knowledge that is not in accordancehviite
general goals of the ACORNS project. To overconis #mortcoming it was decided to use semantic
features to approximate the visual input of therlea In particular, features can be used to m@jlebken
variation (noise), (ii) type distance, and (iiifeeential ambiguity. Token variation means thaict and
objects of a category look different at differemgtances, either due to a change in perspectitbeegpmight
actually be different individuals. Type distanceans that some semantic categories are more sitoilar
others giving rise to confusing in the learner.

Semantic features allow the modelling of similarapmd simulate phenomena like over-generalization
(calling a cat “dog”) that can be observed in dgrianguage acquisition. Further, referential amibygcan

be accomplished by using several object positiotsslAn object is defined by a set of featurepedeling

on which categories apply to it. For example oositipn might be filled with the feature sets odl réurry,
eats, bear, and animal, while another slot migHilleel with the feature sets of round, green, apfpbod.
The learning system might then be exposed to amamte such as ‘The bear eats the apple’ or ‘Tde re
furry animal eats the round green food’. Althodlge main switch from the usage of rigid tags touke of

full set of ACORNS semantic features as descrilmedeliverable D5.4.2 for the database that combines
recording made in the two periods of the projacst Explorations with semantic features were alyaaade
using a features set defining the concepts of ¢leerds produced in the first period of the projeche
primary issue to solve was what sort of cognitileupible module could provide a good interface leefv
the features and the parts of the acorns implertientavhich is concerned with the acquisition of the
auditory representations.

The acquisition of semantic categories on the bafsthese semantic (visual) features is performsdgu
two mapping approaches: self-organising map anskdi@ompetitive layer. The weights produced bgehe
models (see Figure 1) are stored in semantic leng-imemory and activations associated with a specif
semantic feature word patterns occur in working imgm A self-organising map (Kohonen 1997) is an
unsupervised learning algorithm that uses an awtditicompetitive output layer of nodes in additiorthe
input layer. Each unit of this output layer acqsieeprototype vector. The closer the prototypdores to
the input vector the stronger it reacts to it. Bgriearning (semantic long-term memory weights)dbhgput
vectors systematically adapt to cover the categgiesent in the input vectors so that the fingbaumap
captures the distance of input vectors in the toggayy of the output grid. Simulations are madédnwinary
output (winner-takes-all) and probabilistic outputs

Like a self-organising map the Biased Competitiagér is an unsupervised learning algorithm thas ase
additional competitive output layer of nodes inifidd to the input layer. Also in this algorithrach unit
of this output layer acquires a prototype vectathwhe closeness of the prototype vector detemygirihe
strength of its reaction. However, in contrasthe $elf-organising map where the distance in thputlgrid

is supposed to represent the distance in the spate, the biased competitive layer does not useigut
grid, but merely a number of output units that hageelation to each other. The algorithm usema that
increases if a unit is not selected to make sumk dkiery unit is selected an adapted to the inpates A
number of experiments were run to generate oveermgdimations, one of the most basic behavioralifigsl
explained by semantic features during first wordjugsition. Over-generalization in this context fet
application of one concept, such as [[dog]], foemthing similar to a dog (like furry animals wilthur legs)

- a behavior reported for children during languaggquisition (e.g., Clark, 1973). With a 4x4 outguid
(16 units for 13 concepts) the self-organising rapnot lead to a unit for every concept. The reasw
this can be seen in the general mechanisms of therén algorithm. It strives to map similar vectdiser

to each other. Hence, it mapped similar vectoke (lhama and papa) into the same unit. Choosingheehi
resolution (8x8) overcame this problem, since cqueatly the self-organising map had more space to
represent distances in input space while still gisiifferent output units for different concepts.rtfer, we
demonstrated that the conceptual analogue of theerhym/hyponym problem did not occur in this
architecture.
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Biased Competitive Layers performs as well as agjanized maps. Since this architecture did netgit
to map conceptual similarity into output spacealiways uses different units for different concepite
showed that the model develops 13 conceptual sy of which activates the strongest when theifea
set that defines the concept is presented to thkelnim simulation designed to test for over-gelieations,
it could be observed that the [[dog]] concept iplegal to a feature set defining a cat for a nundfdime
steps, until the concept [[cat]] is establishedisTiesult suggests that over-generalization isnecessarily
caused by a representation of wrong or insufficfeatures, but just by the activation of the coneepich
is the closest match.

Self organisir
representation
current speech
element

e e o e e e e e e e e e e e ok e e e e o e e o e e o e e = o = = o e -

Fem__—_—__—_—_—_m_—mm——__——————————— _————— === ===
|

Semantic selorganising
1! network

Self organisir
representation

I
Memory f P! current semanti
previous ! : feature of word
components of L
speech signal P X !
element Tttt T )’ _______
1 1 4 I

/Speech signal inp / /Word semantic feature m;l/

Figure 7 Representation of semantic long-term memgrbased recurrent self-organising memory model for
emergent speech representation.

current speech
signal element

4.6 Semantic long-term memory self-organising based word
representation

A further semantic long-term memory based approaithin the ACORNS memory architecture uses a
recurrent self-organising map model for learning eanergent representation of speech. This model
combines speech signals and semantic (visual) resatio develop emergent speech representation. The
complete model is depicted in Figure 7. The lowsexh signal recurrent self-organising model iséa
using two inputs, namely the current speech wintiove slice representation of the speech waveforch an
the previous time-step activations from the reaurreelf-organising network. The previous time-step
activation can be seen as the abstract represamtz#tihe previous speech signal slices in workiregmnory.
Making use of finding from the semantic (visualtigre long-term memory model considered in subsecti
4.5 a self-organising network is trained using seenantic (visual) features to produce an unsupsvis
semantic representation for specific words. Itutthde noted however that the semantic featurevast
devised as an intermediate approach for test ofeqmrrelated to the recurrent self-organising mapleh

In future implementations and extensions of the ehdde ACORNS semantic (visual) feature set (see
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deliverable D5.4.2) will be used as it is now aablié and offer a better approach for representing/tsual
scene. Once training is completed for these twaetanetworks, the upper recurrent self-organisirugleh

is used to associate the speech signal activatiithshe semantic (visual) feature activationstaf tvords
overtime.

The semantic long-term memory model approach appieemergent speech representation described here
uses the basic self-organising map for semantisuél) features representation and an adaption eof th
recurrent self-organising maps of Voegtlin (2002 the lower speech signal recurrent self-orgagisi
model (Figure 8) the speech slices making up thelwepresentations are introduced one at a timke tivé
previous activation from the self-organising netkvarcting as the working memory information. In the
model a set of weights (semantic long-term memoodel) are trained so they are associated with the
current speech input slice and another set of weigte trained so they relate to the recurreriasghinising
activations at previous time step. The upper aasmcrecurrent self-organisation network structige
depicted in Figure 9. This network is trained todarce speech representations using the activatiotiee
lower speech signal recurrent self-organising netvor each speech time slice, the activation fer tipper
associator recurrent self-organising map at theipus time step and the activation for the appwadprivord
from the semantic feature self-organising networkor the full word input semantic (visual) feature
representation with the semantic self-organisingvagk and each time speech slice for the lower cpee
signal recurrent self-organising network and thpewpassociator recurrent self-organising netwotlest
matching unit with the lowest activation on thepuitlayer is identified.

Self-organising ma of activations
(working memory representation
of current speech signal element)

Copy ofself organising map activatio
at previous time step
(Working memory)

Speech inpuslice
Figure 8 The representation of lower speech signatcurrent self-organising network structure.
The activations (working memory in ACORN memorylatecture) in the lower speech signal recurrent

self-organising network is determined using twded#nt sets of Euclidean distance values and inpiper
associator recurrent self-organising networks utlimge sets of Euclidean distance values. Theskt® of

Euclidean distance value, B for the lower speech signal recurrent networkkesed on the difference
between the speech input slizét) and its weightsw* and the activation for the previous time slice of

the self-organisation network(t- 1) and its associated weightg’. The three Euclidean distance value
sets for the upper associator recurrent netwerk G, H, are based on (i) the difference between the
activation E(t) from the lower speech signal recurrent network e weightsw®, (i) the difference

between the activationS(t) from the semantic factor self-organising netwarll the weightsw®; and (iii)
the difference between the activations of the ugssociator self-organising network at the previbue
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step J(t - 1) and the related weight&”’ . The sets of Euclidean distance values are nisethbased on
the largest value in each of the sets. Two parmmet and & for the lower speech signal recurrent self-

organising network and three parameters @ and € for the upper associator recurrent self-organising

network are used to control the level of impactia sets of Euclidean distance values when creétieg
activation for the recurrent self-organisation maps

To determine the activation (short-term memory) thee units in the lower speech signal recurrert sel

organising mapE and the best matching uni#4 and B are combined (Equation 12) and normalised based
on largest value.

E =(@xA)+(6>8)) (12)

To determine the activation for the units in th@epassociator recurrent self-organising mhpand the

best matching unit with lowest activatioR,, G and H are combined (Equation 13) and normalised based
on largest value.

Ji =((cxF ) +(dG) +(exH)) (13)

Associator elf-organising ma

of activations

(working memory representation
of current speech)

LENEENNINANDNNBANNNINIS S

self organising map activatio
at previous time step
S(t) (Working memory)

Activationsof lower Activationsof

speech signal self- semantic feature self-
organising map organising map
(Working memory (Working memory)

Figure 9 The representation of upper associator @irrent self-organising network structure for emergent
speech representation.

The weights of the lower speech signal recurrelftosganising network (long-term memory) are updgti

according to Equation (14) and Equation (15). Weéhts of the upper associator recurrent self1ugijag
network are also updated in a similar manner.
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DW= dhy (X() - W) (14)

Dw’ =g, (E(t-1)- w)

(15)

where the learning rate i§ (0.01) and the neighbourhood functionhg. k is the index of the best
matching unit and index of other units in self-organising netwotk, reduces the greater the distance

betweeni and k. The shape and units in the neighbourhood depamdse neighbourhood function used.
The number of units in the neighbourhood usualtpdrgradually over time.

The training and test input for the recurrent setfanising memory model are words extracted as they
appeared in 50 utterances taken from the ACORN3idbndatabase from a female speaker repeated S time
and the test data is the same words extractedSragw recording by this female speaker of the &iitng
utterances. 703 words are used for training aacgame number for testing, with 42 distinct wovd#h the
same words extracted when recorded in utterancemiomg different words. For instance, two diwers
utterances made of different words from which thme word ‘shoe’ at different points is extracted ‘ar
shoe is a fashion item’ and the second ‘what matt¢his shoe’. The input includes words that cdugd
learned by a young child including ‘daddy’, ‘mummynappy’, ‘did’, ‘what’ and ‘shoe’. The semantic
feature network is trained and tested using semé#wiual) feature inputs for 30 nouns and verkedus

the lower speech signal recurrent self-organisiatyvork. Semantic features were only produced for a
selection of nouns and verbs as an examinatiothébapproach and so words such as ‘what’, ‘dididfiy’,
‘today’, ‘matches’ and ‘the’ were not consider. eThpper associator recurrent self-organising nétvsor
trained and tested using the activations produgeth® lower speech signal recurrent self-organisivagp

for the logarithmic mel-spectrum value speech tatiees and the semantic feature self-organising foap
the subset of 30 nouns and verbs. The speech aravefor the 30 distinct nouns and verbs are etddaas
they appear in the same 50 recorded utterancelsoas tised for the lower recurrent speech signél sel
organising network which produced 417 words foinirey and the same number for testing the upper
associator recurrent self-organising network.

The lower speech signal recurrent self-organisietgvark and the semantic feature self-organisingvoek

are trained separately with the words in each itigirset epoch introduced in random order. For the
semantic feature self-organising network the seimdeatures for the 30 nouns and verbs are intredas

a single representation per word. The semantitufeainputs are based on an approach similar to
McClelland and Kawamoto (1986) and use various s¢éiméeatures and their values. For example, fier t
verbs one such feature is the level of physicalrefequired when performing the action associatid the
verb and the possible values are ‘small’, ‘mediwon”large’. The full set of features for the verasd
nouns and possible values are shown in Table 1Tahde 2, respectively. The values associated with
semantic features that have a single option hawextnt value between 0 and 1. A telephone casebn

as a piece of furniture to the extent 0.5 for exampor those features that have multiple possiplgons
such as texture each of the three options shouwld havalue that adds up to 1. A shoe for examateeh
smooth top and a rough sole and hence would havdollowing value for semantic feature ‘texture’
smooth: 0.5, rough: 0.5 and liquid: 0.0.

Table 1 Semantic features for verb meaning
Semantic Features Responses

Semantic Features Responses

Body Movement

Small/Medium/Large

Precise of acjivit

Extent (0-1)

Interaction with object| Small/Medium/Large Commuation Extent (0-1)
Interaction with agent | Small/Medium/Large Changeltgect Small/Medium/Large
Task Complexity Small/Medium/Large Cognitive congilg | Small/Medium/Large

Emotion related

Extent (0-1)

Instigated activity

t&nt (0-1)
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Table 2 Semantic features for noun meaning

[©)

Semantic Features Responses Semantic Features | Responses

Worn Extent (0-1) Tool Extent (0-1)

Food related Extent (0-1) read Extent (0-1)
Furniture Extent (0-1) animate Extent (0-1)
Inanimate Extent (0-1) man made Extent (0-1)
Communication device| Extent (0-1) Provides inforiorat | Extent (0-1)

Gender Male/Female/Neuter Texture Smooth/roughidiqu
Used by Child/Adult/Non technology Small/Medium/bar
Creates noise Extent (0-1) Size Small/Medium/Larg
Breakable Fragile/Durable/Strong

When considering the best matching units for theasgic feature input for the semantic self-organysi
network (Figure 10) in most cases each word istéata an individual unit on the network. Furthens,
similar words are also located in close regionsthaf self-organising map. For instance higher level
cognitive function such as ‘like’ and ‘see’ aredbed in the top left of the network and words asged

with humans such as ‘daddy’, ‘mummy’, ‘Ewan’ ana@lly’ are found in lower left hand corner. Also the
written communication media ‘newspaper’ and ‘boaké located close together as are the action verbs
‘comes’ and ‘join’.
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Table 3 Best matching unit locations of the upper ssociator recurrent self-organising for the speectime slices
for two examples of the words ‘change’ and ‘baby’.

Time slice Change (1) Change (2)

1 10 16 816 1011 714
10 16 10 16 16 10 16 10
3 10 16 10 16 16 10 16 10
4 815 10 16 16 10 16 10
5 1812 815 16 10 16 10
6 1812 1812 16 10 16 10
7 1812 1812 16 10 16 10
8 1812 1812 16 10 16 10
9 1812 1812 16 10 16 10
10 1812 1812 1212 16 10
11 1812 1812 1310 1411
12 16 17 1812 713 812
13 1517 16 17 614 614
14 14 17 16 17 513 514
15 1318 14 17 912 714
16 416 315 1013
17 715 416 1212
18 816 715
19 816 816
20 816 816
21 816
22 816

When examining the best matching units for the clpestices for lower speech signal self-organisirgpm
and the speech slices and the semantic (visudl)résaupper associator recurrent self-organisimgaor it

is possible to identify that the word units havstidict representations. Such a representationdvalidw
an agent to learn and recognise words without brreed for an understanding of the underlying speec
sounds structures underlying the words. For imgatwo representation from the upper associatgneat
self-organising map showing the best matching logations for each of the speech time slices fay tw
examples for the words ‘change’ and ‘baby’ are shawTable 3, with those for ‘baby’ being very difént

to those for ‘change’ and visa-versa. In the regnéation the x-axis location is the first digitthe pair and
the y-axis location the second. This feature efricurrent self-organising model in that speedhénfirst
case is represented in terms of the individual weris is also felt to be found in children (Safifret al.
2001).

In addition, when considering the sequences of bedthing units produced by the lower speech signal
recurrent self-organising map and upper associatmrrrent self-organising map for the speech slices
found that they are associated with specific spsecimds. The speech sounds include English pHoomas
the DARPA phonetic alphabet such as N, 1Y, EY, AH and CH. By developing such speech sound
representation this would aid the learning of nesvds which contain similar sound sections. Thétgtio
recognise that words are made up of distinct spsechds such as phones also occurs in childrentbege
learn the capacity to recognise individual wordtsifDietrich et al. 2007). For the lower speednal
recurrent self-organising network, it is possildadentify various best matching unit regions feqsences

of input slices that are found to be associatet different speech sounds. The top left hand enézured
light grey on Figure 11 represents the sound ‘Sthat end or start of words such as ‘matthiaps,
‘news, ‘seen’, and ‘comésas well as the ‘S’ sound inside words such asvgaper’, ‘clogr’ and ‘hous’.

The units in top right of the recurrent self-orgamiy map in Figure 11 are those best matching tmitthe
input speech slices that are associated with ‘SH,, ‘JH’ and ‘K’. These are sounds found in werduch

as ‘fashion’, ‘shoe’, ‘shy’, ‘matches’, ‘couch, ‘| oin’ and back The sound ‘AH’ is located in the lower left
corner of the network and occurred in words suchedsphone’ (T EH L AHF OW N), ‘Ewan’ (Y UW
AH N) and ‘what’ (W_AHT). In the bottom right of the map there is aioagof best matching units that is
associated with the ‘A’ , ‘I’ and ‘OW’ sounds.
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The representation of the upper associator reduself-organisation network in Figure 12 shows the
location of best matching unit sequences relatespéazific speech sounds for particular words. [Bbels
represent the associated speech sounds (usingAR® A phonetic alphabet). The colour patterns ingica
the associated words based on semantic (visudDrésa It is possible to identify that varioustsnif the
network are associated with specific speech signahds and semantic (visual) features for wordsr F
instance, the ‘SH’ speech sound for the word ‘si{§é&l UW) is associated with the top-left cell (x=1,y=1)
This is the light grey unit labelled ‘SH’. Whennsidering the sequence of best matching unitsfiusd
that the ‘'S’ speech sound for the words ‘taps’ @ A S and ‘house’ (HH AW _¥are located close together
on the map in cell (x=1,y=3) and cell (x=1, y=5%pectively. It is also possible to identify funthregions

of the map that are associated with specific speeahds such as the ‘K’ sound. Units x=1 and yné 7
are associated with the ‘K’ sound for ‘car’ &A R) and units x=1 and y= 8 and 9 are associati¢ll the

‘K’ sound for ‘couch’ (KAW CH). The ‘T’ sound for the words ‘telephond EH L AH F OW N) and
‘taps’ (T AE P S) can also be seen on the upper assocwlfarrganising map to be location in their own
individual units but close together on the map. eSéh units for the speech sound ‘T’ for ‘taps’ are
represented on the map as units that are darkapelled ‘T’ and the units for the sound ‘T’ foelephone’
are those that have black dots with a white backgpidabelled ‘T'.

It is also possible to see that related words @ratéd in near units on the associated self-organmap.
For instance, the sounds ‘M’ in ‘mummy’ (MH M 1Y), ‘D’ (D_ AE D 1Y) in ‘daddy’ and 'Y’ for ‘Ewan’

(Y UW AH N) and hence family-human related wordslacated around x=8 and y=13. This also the case
for family-human related words for sounds suchAgd’‘and ‘1Y’ for the word ‘mummy’ (M AH M 1Y),

‘1Y’ and ‘AE’ for the word ‘daddy’ (D_AED 1Y), ‘AH’ and ‘UW’ for ‘Ewan’ (Y. UW AH N) and ‘baby’ (B
EY B 1Y) ‘B EY’ speech sound. These units are lodasieound x=11 and y=15. This is also the case for
communication media such as ‘telephone’, ‘newspaged ‘book’, with speech sounds associated with
these words located close together on the selfr@siggy map around x=10 and y=7. The sounds adsdcia
with these words at this location are ‘AH’ and ‘Ot ‘telephone’ (T EH L AHF OWN), ‘UW’ and ‘N’

for ‘newspaper’ (NUW Z P EY P ER) and ‘UH’ and ‘B’ for ‘book’ (BJH K). The speech sounds that are
included in a specific word can be seen to beiliged in different units despite the semantic &l¥
features input being the same for full length ofrdyavhich indicates that the speech signal and sgma
feature representations are combined in such awadytlie two sets of activations have a joint impercthe
associator recurrent self-organising network orggtion. For the word ‘like’ (LAY K) the ‘L’ speech
sound is located on x=14 on x-axis and y=16 and’ ‘épéech sound is located at x=17 and y=11 and 12.

5 Episodic long-term memory in ACORNS memory
architecture

There is growing interest in the use of episoditglberm memory for automatic speech recognitiomche
in this section of the report we consider one medtiin the ACORNS memory architecture. The episodi
long-term memory model in the ACORNS memory ardhitee incorporates a modification of the
MINERVA2 approach to perform alpha character and/wad recognition. MINERVA2 is a
computational multiple-trace episodic memory mothelt successfully predicts basic findings from the
schema-abstraction literature. MINERVAZ2 simulaggssodic long-term memory by first storing ‘traces’
Inputs to the system - ‘probes’ - are comparedIitofehe traces in long-term memory. The retrievezht@
returns a vector containing additional knowledgattls unspecified in the input, e.g. its class. e Th
activations are determined by the similarity betweke input and each stored trace. Hintzman (1986)
showed that such a model is able to create absteacesentations of stored data, and that by pgobin
repetitively with the abstracted representationgr{eess referred to as ‘echoes of echoes’),pbssible to
refine the response and exploit the implicit relaships between individual stored traces. In respdo a
probe, MINERVA constructs an echo by activatingsalinples in the training data — see Figure 13.

The main parameters of the model are (i) the featapresentations, (ii) the similarity functionj)(the
activation function and (iv) the echo retrieval étinn. In the implementation the feature vectangisted of
the standard representation used in ASR tasks —fregliency cepstral coefficients (MFCCs). The class
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labels (i.e. the identities of the keyword) araatioas blocks of features. The similarity betwteninput
and stored traces has to be computed using amiedisite step that is different to Hintzman'’s oragin
binary approach. In our implementations, the distameasure used is the Euclidean Distance:

ED, = / 1 - t)? (16)

Figure 13 Schematic diagram of MINERVA2

Where |, is thei" feature of the input vector artdis thei" feature of the trace The similarity between
the inputl and the traceis then computed by:

SIM,, =1- ED,, =(ED, , /max(ED,,)),

where ED,  is the vector of lengtm, with n equal to the number of features, amax(ED, ) is the

maximum value in the vector. It is necessary tawmaliseED in order to ensure that the rangesifm, , is

between 0 and 1. To gain the final activation valuef the traces with respect to inplytthe similarity
measure is raised to the powerpofThis in effect gives more importance to the nsistilar traces and less
to those traces that are not similar.

W =sim " (17)
Hintzman sets the value of the power fagtdo 3, howevep canhave any value.
Echo intensity is a measure of how much activatiaa been triggered. The more traces that match the

input, and the more similar they are to the inpl, greater the value &f Echo intensity can be used to
judge frequency and familiarity; it is defined aidws:

.
int, = w,, (18)

wherel is the input,T is the total number of traces stored.
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The echo is the derived abstraction of the starezks as a response to the input. This is accdmeplisy
computing a weighted sum of all traces in memohg &cho then becomes:

.
echq = w,  Xrace /int, (19)

t=1

where w, , is the weight on tracefor inputl, andT corresponds to the number of stored traces. Natdrth
our adapted approach, a normalisation of this valumecessary for numeric reasons.

MINERVAZ offers a powerful means for generalizing diccessing the fine detail retained in all thentray
data. However, it is severely hampered by its litgbio model temporal sequence. MINERVA2 is
essentially a single-frame classifier; hence movwim@ corpus of utterance as provided by the ACORNS
database requires the addition of a mechanismdondling variable length tokens. However, suchep st
constitutes a fundamental change in the underlymaghodology. Prior to the development of a fully
functional temporal episodic model, several intatiag solutions present themselves. In this stadpag-
of-frames’ (BoF) approach was adopted as the cordigpn that involves the least number of assumgtio
about the temporal evolution of speech patterng. 8mply means that a word is classified accordinthe
accumulated response of all of its constituent &amnegardless of the order in which they occurred.

N

bagsClass- argmax  echoClass¥ls, (20)
wi ¢ n=1

wherebagsClasss the class that is attributed to the whole ‘b&frames’ constituting an utterancd/is a
class from the set of all class€sn is the frame-index, anethoClassesValare the values that the echo
returns for all possible classes.

Before assessing model results, it is necessaagsess the relationship of single-Gaussians andsiaau
mixtures models (GMM) to the MINERVA2 approach. NMHRVA?2 is an instance-based approach which
has an element of abstraction. Instead of perfagntite abstraction before the current problem {he.
current test input) is known, MINERVA2 waits forrdining” of some of its parameters (such as settireg
mean of the data to the current problem). At “iraintime” the similarity weighting in MINERVA2
substitutes all training data for a locally avergeeighted single mean that best fits the curmeptit.
Hence, MINERVA2 models the various classes to beressed using only one value per feature. This
means that after training, its parameter complexityld be considered to be comparable to a single
Gaussian.

On the other side, allowing for multiple Gaussiandpresent the data could allow the storage otraod
more detailed, “episodic” information, with the eethe being to allow one Gaussian per training frame

the extreme end, the HMM can no longer approxintagevariance as there is only one data point per
sample Gaussian, and hence either the varianet is gero or to an artificial value. If the varianwere set

to zero, the system would lose any power of abgtracOn the other hand, setting the varianceieidify

to any value above 0 means over generalising ttesela and hence discrimination between classagdsho
become very difficult.

Of course, it is extreme to model a whole sentenith one Gaussian. This has been done in those
experiments that were performed on the ACORNS @ambsince the speech databases used only offers a
general label for the sentences; it should be ndtealigh, that often in real ASR applications dif&
classes will have some frames that are very sinflar example, sometimes the models of plosiveb asc

/p/ and /t/ will include the generic silence anadbat the beginning of the phones. Each separafiparts

of a speech signal spoken as a stream holds agsasiphs such, this can be seen as an extreme éxafnp

a problem that occurs in ASR.
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In order to consider the suitability of the episotbhng-term model some initial experiments havenbee
performed on less complex data than what is fonrtdle ACORNS databases. The database chosendor th
investigation was the TI-ALPHA isolated word corpdie data consists of 16 speakers (eight male and
eight female) uttering the 26 letters of the US Ishgorthographic alphabet (“‘A”, “B”, “C”, etc.). fie
complete test set consists of 6628 utterancesthendomplete training set consists of 4142 utterandll
experiments were conducted using standard MFCQiresmtand their first and second derivatives, giving
rise to a total of 39 features per frame. A 25nmasnfe was taken every 10ms. The classes correspomded
whole-word labels. Results were also obtained uais¢gandard whole-word HMM baseline that employed
left-to-right HMMs with three emitting states peodel. A further HMM model was trained with only one
emitting state in order to emulate the same ‘te@pemvariant’ model as in the BoF scheme. All HMM
models were trained by incremental mixture splittifThe number of components per mixture was
optimized for best performance.

In statistical pattern recognition, the procesgefieralization is achieved by combining informatiming
training. For example, in state of- the-art classif such as HMMs or Gaussian mixture mod€lsiMs),
training data is used to find the mean and variasita single- or multi-component Gaussian mixture
distribution of the data. In direct comparison, sepiic long-term memory model does something very
similar — it also computes the mean of similaritgighted data; however, there is no overall meathas
similarity weighting attempts to substitute a gahetistribution for one that best fits the currémput.
Hence, the episodic long-term memory approach nsathel various classes to be expressed using orly on
value per feature. The consequence is that theotiseich similarity weighted training data allowsth
constructed models to take into account the finagtic similarity found within a frame. Therefore,
hypothesis to be tested is as follows: does theofisemilarity-weighted training data enhance thedel’s
recognition performance using the minimum numbemnotlel parameters? If so, then one would expett tha
episodic long term memory model would outperforoma-state single-Gaussian HMM, if it makes sense to
take the similarity of such fine details into acobuAs can be seen from the results shown in Tdble
episodic long-term memory model clearly outperfothessingle-state HMM.

Table 4 Comparison between a single-Gaussian andiMERVA 2 model. Multi- Speaker (MS) and Speaker-
Independent (SI) recognition results on TI-ALPHA d4da.

Classifier Error Rate

MS: HMM S1 (single-Gaussian) 35.41 %
MS: Episodic Model 11.27 %
Sl: HMM S1 (single-Gaussian) 39.97 %
Sl: Episodic Model 27.53 %

HMMs typically use GMMs (rather than single Gaussjain order to allow data belonging to one class t
be modelled using different distributions. In effethe training data is split up and clusteredrdytraining

to a previously defined number of Gaussian distiilms. This means that in the subsequent testagest
partially clustered training data is compared ® thknown input. However, in direct contrast, MINER2

is based on the assumption that an online compad&the input data tall of the training data leads to a
more appropriate weighting of the information, @hid may offer an advantage in recognition accurdty

is interesting to find out just how well/badly MIFR&A2, which uses episodic long-term memory would
perform in comparison to HMMs using GMMs and/or tiplé states. The first experiments were run on the
complete test- and training data in multi-speakede) and the results are presented in Table 5. As
expected, the best recognition performance wasraustaising the three-state-HMM with 120 GaussiaaTs p
state.

In the second experiment a subset was developed usierances from the English ACORNS database,
which consists of 4 speakers (two male and two fensaying 6 different utterances. These 6 uttaan
contain 6 keywords and 2 different carrier senten@e ‘daddy comes’; and (ii) ‘where is the’. The
keywords associated with the first carrier sentearee’back’ and ‘closer’ and the keywords assodiatéh
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the second carrier sentences are ‘car’, ‘daddgpkb and ‘nappy’. The training and test data cetssof
each speaker repeating the utterances 5 times, @aherl 20 training utterances and 120 test uttesanthis
approach allowed us to establish the performancth@fepisodic long-term memory model on speaker
independent (SI) and speaker dependent (SD) datbeexperiments were conducted using standard MFCC
features for a 27ms frame taken every 13.5ms. Tsses corresponded to keyword labels.

Table 5 Multi-speaker recognition results. S1 (S3HMM with one (three) emitting states.

Classifier Error rate
HMM S3 (30/60 GMM) 11.7 9
HMM S3 (1 GMM) 33.4%
HMM S1 (60 GMM) 11.9%
HMM S1 (3 GMM) 52.6%
Episodic Model (p=29) 27.5%

For the speaker dependent (SD) experiments theriiBiesystem shows superior recognition resultfi¢o t
GMM. The best GMM recognition results were fourmt 15 Gaussians per GMM. Experiments were
performed with up to 120 GMM. This provides enopginameters to model every part of a sound in efch o
the test phrases. In the Sl condition the 120 GMdtleh shows superior recognition performance over th
MINERVAZ2 based episodic long-term memory systemis Ihoticeable that the number of Gaussians for
optimal performance is rather high, (given thatr¢hare only about 15 utterances per model in the Sl
condition). This suggests that the individual Gaéarss in the mixture generalise less than the esmonse

of MINERVAZ2 based episodic long-term memory modeld hence the decision may be based on even less
information than the echo acquired by MINERVAZ2.

Table 6 Comparison between a single-Gaussian andiddrva 2 model. Speaker dependent (SD) and Speaker-
Independent (SI) recognition results on ACORNS speé data.

Classifier Error rate
SD: HMM S1 (single-Gaussian) 26.03(%
SD: HMM S1 (15 GMM) 10.94 %
SD: Episodic Model 5.0 %
Sl HMM S1 (single-Gaussian) 66.58 %
Sl: HMM S1 (120 GMM) 44.80 %
Sl Episodic Model 58.33 %

In response to the Episodic long-term memory bddB¢ERVA2 bag-of-frames model’s ability to classify
temporal speech data, the aim is to build on tljisubing a new model known as TEMM (Temporal
Episodic Memory Model). TEMM not only overcomesetimability of MINERVA2 to use temporal
sequences for recognition flexibly, but it also éogp a prediction mechanism as an additional soafce
information. As the base operation, TEMM follow tprinciples of MINERVA2 and in doing so, the
system acquires knowledge about how well each flisz@ memory representation containing featunes a
their classification) in the database fits the eatiinput data. Feature prediction is a centrel gaTEMM.
The fit of the predictions to the input data andvhdiscriminating those predictions are with resgecthe
next best class provides an indication of (i) tbedness of fit of previous decisions (i.e. futueeidions
can influence past decisions), and (ii) the gooslddit of current data to future data. The pcédn step
fits neatly into the overall TEMM framework; by ugi the acquired similarity, or activation, of trade
input frames, it is possible to construct preditsidor the features of the next input frame. Sihég speech
recognition that is of interest, the competitiontwmen different classes is of primary importance, S
predictions are constructed for the features ol gassible class.
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As a consequence, the prediction step allows thdehto keep track of how likely it is that the néxput
frame is going to belong to a particular classsTihformation is the same as the “intensity” ofradiction
(corresponding to the summed activations thatdethé prediction). l.e. a prediction’s intensityre@sponds
to a prior expectation that the next frame belailmgghe same class. The prediction intensity is wgkén
updating activations.

Temporal information in TEMM is introduced usingetboncept of a ‘trace unit’ - a sequence of suceess
traces from the database. The database stores trasequence. So, the trace that follows any @ tin
the database holds the frame that followed theiguevirame in the speech signal. This means tlaaetr
units are blocks of traces (i.e. frame values dadscinformation). These trace units hold an expand
context which, due to the fact that they presemveaecurate account of sequence in the originalctpee
signal, contains the fine temporal information.CEanits expand as a function of the confidenceda®d
with the classification of the input frames.

6 Discussion and Conclusion

In this report we have reviewed how the ACORNS gubps successful developed a memory architecture
within which various long-term memory models haeer developed towards the aim of an intelligenhtige
that is able to communicate. While these modelsatation can either focus on semantic or epistatig-
term memory, within the overall memory architecttihey complement each other to work towards the
overall project aim. For the selective attentiemantic long-term model (Section 4i2tan be said that
reinforced learning seems to compensate for keyword spotting. Focused attention does not directly
lead to better recognition results in this typeadéarning problem, but it may help word segmeoitatind
therefore acquisition of word models. However, mfoeced learning algorithm can also detect keyword
locations with a moderate accuracy. The attengi@img mechanism (Section 4.3) offers a semantig-lo
term memory based model that offers the opportuaitiimit the data being introduced into the workin
memory and so prevents it from being swamped byus® of reinforcement dopamine-like feedback by
learning to differentiate between speech and needp The model when learning offers feedbackén t
form of the agent to itself as an immediate revaard from a caregiver in the form of a delayed avedrithe
end of the auditory sample to achieve speech detect

By expanding on the current NMF models it has bgleown that within the overall ACORNS memory
architecture it is possible to make use of thednadical nature of the architecture to perform ghand
word recognition (Section 4.4). In line with theemory prediction model, we have strived to allow th
representation of semantic (visual) features ofdsofSubsection 4.5) to work with minimal a priori
knowledge, i.e. the processing architecture shoatchave any prior knowledge about what concepisag
expected to learn. Both self-organising maps aiaddsl Competitive Layers appear to be good theateti
and computational accounts for the emergence ofeginal units as well as being biologically insgire
unsupervised learning algorithms. Both models sohe hypernym/hyponym problem on the conceptual
level. The can transform a set of input featurés @nset of conceptual probabilities, i.e. a vedefining for
every concept that has emerged during training, hval it applies to input. The only weakness oftbot
approaches is that a maximum number of output meiésl to be determined a priori and this numberahas
strong effect in the resolution of conceptual disea While the hyperonym problem is not very proeni

in the speech corpus produced in first period v#gHimited words, it will additional records towds the
corpus collected in period 2 when words like mad daddy, bear and toy, or food and apple are in the
vocabulary of almost every child, indicating thhe thuman cognitive system is able to deal with this
problem.

The use of an adaption of the recurrent self-oggditin map approach (Section 4.6) offers a new Braoin
temporal representing of speech emergence thatinembvorking memory (activations) and long-term
memory (weights). Similar to the neurocognitive mlodf Pulvermiiller, the recurrent self-organising
network model uses different regions of the associaecurrent self-organising network to represent
different word sounds. This model of language &itjon as an emergent property offers interesting
parallels to the memory-predictidheory of intelligent neural processing put forwdrg Hawkins and
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Blakeslee (2004). Drawing on the hierarchical structure of the nedao the recurrent self-organising
memory model detects recurring patterns in speBobse patterns are stored in higher levels of dical
hierarchy, where they are associated with visiblé &@ngible objects, actions and concepts in thereal
environment through the use of semantic featurberel are also parallels with the memory prediction
theory as the self-organising networks have theesatructure but perform different activities such a
providing a contextual memory representation fovdo and upper recurrent self-organising network,
semantic feature representation and combine theckpsignal representation with the semantic feature
representation. The activations on the lower dpesgnal recurrent self-organisation network astshe
phonological loop in working memory while the semanfeatures network activations act as the
visuospatial sketchpad in working memory. Thelfs@meech representation in a working memory eptsodi
buffer model is a combination of the visual sen@afeature activation representation and the spsiegtal
representation. The weights in these models reptesnergent speech patterns and are stored imgema
long-term memory.

Speech recognition may benefit from the use of sepisodic long-term memory (Section 5). Episodic
memory keeps the fine details of the underlyingidéihe details that get abstracted away in semorig-
term memory. Episodic long-term memory for ASR bagn defined as a system that has the raw data
available. In statistical pattern recognition, theocess of generalisation is achieved by combining
information during training. For example, in stafethe-art classifiers such as HMMs or GMMs, tran
data is used to find the mean and variance ofg@lesimr multi-component Gaussian mixture distribotof

the data. The episodic memory model on the othedtcomputes the mean of similarity-weighted data:
there is no overall mean as the similarity weightitempts to substitute a general distributionofoe that
best fits the current input. Hence, in the episdding-term models the various classes are expiassag
only one value per feature. The consequence fghbaise of such similarity-weighted training dalaws

the constructed, very simple models to take inant the fine-phonetic similarity found within &ine.
However, the semantic long-term memory models desdrhere offer learning that produces weights and
representations in a more emergent and less direcamner than currently available in the episoditgt
term memory model. The semantic long-term memaogets predominately offer learning and abstraction
from examples in a manner typically found in theebeal cortex rather than a comparison with a $et o
existing representations stored in the memory asdan the episodic long-term memory model.

The episodic long-term memory model offers a ceafrattention-component, which can be seen as éne o
the main differences between instance-based amidtisi@ models. In a statistical model such as HMM
trained on example data, the model represents #iestneam speech patterns. The variance is infacehyg

all those speech patterns that are atypical. Suodlodel performs well with test speech that is \gpjcal,

but less so for those that are not mainstream. aRoepisodic long-term memory model instance-based
system based on the same training data, the cehattention can be said to be there where theirpsit
lies. Just by comparing the bottom-up acoustiesh,dt will find the most relevant examples antdtgbcus
there. This means that such a system pays alwages attention to that data that should be the nedevant

to the current test input. While statistical, maned systems have no other choice but to preedfie
centre of attention the way the training data says most likely that the class’s centre is, imsta based
systems have the luxury of paying close attentmmldta that is the most relevant to the currentitinp
Instead of predefining the centre of attentiondlbrpossible future data, instance-based minimustadce
systems can set the centre of attention to whésehe most relevant.
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