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ABSTRACT

Previouswork hasshavn thatconnectionistearningsystems
cansimulatemportantaspect®f thecateyorizationof speech
soundshy humanandanimallisteners.Trainingis on repre-
sentationf synthetic,exemplarvoiced and urvoiced stop

consonantpassedhrougha computationamodelof the au-

ditory periphery In this work, we usethe moderninductive

inferencetechniqueof supportvector machines(SVMs) as

thelearningsystem.Visualizationof the SVM's weightvec-

tor revealswhat hasbeenlearnedaboutthe voiced/uwoiced

distinction.

INTRODUCTION

For several years,we have worked on computationalmod-
elsof sound-to-symbdiransformationwith a view to under
standingthe possibleacousticandauditorybasef the cate-
goricalperceptior{CP)of voicingin syntheticsyllableinitial
stopconsonant$l, 2, 3]. This hasrevealedthatary reason-
ably generalearningsystenis ableto cateyorizethepatterns
of simulatedauditorynerne activationin away whichmimics
the psychophysicabehaiour of reallisteners.The question
which thenarises,andwhich we addressere,is: whatpho-
neticknowledgehasbeencapturecby the network?

Previous work used single-layerperceptrongand other
neuralnetworks) asthe learningsystem.However, from the
point of view of modernstatisticallearningtheory the per
ceptronapproachhasseveral shortcomings.Our purposein
this paperis to overcometheseusingthe support vector ma-
chine (SVM) method4], in thespecificcontext of theextrac-
tion of phoneticknowvledgepertainingto thevoiced/uwoiced
distinction.

CP OF INITIAL STOPS

The voiced/uwoiced distinction is fundamentalto speech
communicationand hasreceved much attentionin studies
of speectperception.In early work, Libermanetal. [5] in-
vestigatedthe perceptionof voicing in syllable-initial stop
consonantdy English listenersas voice-onsetime (VOT)
wasvariedandshavedit to be‘categorical’. Thatis, percep-
tion changesbruptlyfrom ‘voiced’to ‘unvoiced’ asVOT is
increasediniformly anddiscriminationis far betterbetween
catgoriesthanwithin a categyory. Thus,bilabial stimuli with
small VOTs are perceved and labeledas/ba/ while those
with large VOTs are perceved and labeledas/pa/. As a
consequencéabeling(identification)functionsare'warped’,
having a steepregion aroundthe catgyory boundary and
discriminationfunctionsare non-monotonic peakingat the
boundary Thereis alsoa phoneme-boundasshift with place
of articulation.As the placeof articulationmovesbackin the

= === Chinchillas
= English
ggpeal(ers

100

80

60

401

PERCENT LABELED /b,d,g/
I

201

0 +10 +20 <30 +40 +50 +60 <70 +80
VOT IN MSEC

Figurel: Labelingcurvesfor syllable-initialstopconsonants
varyingin voice-onsetime (VOT) for humanandchinchilla
listenersfrom [6].

vocaltractfrom bilabial (/ ba—pd VOT series)throughalve-
olar (/da—td) to velar (/ga—k&), sotheboundarymovesfrom
about25msthroughabout35msto approximately42ms.

An intriguing factis thatthis cateyoricalbehaiour is also
obsered in non-humarlisteners. This was first shavn for
chinchillasby Kuhl and Miller [6] but hassincebeencon-
firmed for other animal species. Figure 1 shavs labeling
cunes illustrating the warping aroundthe cateyory bound-
ary and the boundarymovementwith placeof articulation.
Obsenred behaiours areremarkablyclosefor the two kinds
of listener: the chinchillasexhibit boundaryvaluesnot sig-
nificantly differentfrom the humangalthoughthe curvesare
lesssteep).This striking similarity hasusuallybeentakento
indicatethatcategorizationis basicto theoperatiorof animal
auditorysystems.

Thetopicof CPhasgenerateanuchstudy debateandcon-
troversy: see[3] for full discussiorandoriginal references.
Accordingto RosenandHowell [7], threeof the mostinflu-
entialtheoriesof CPhave been:articulatory(‘motor’ theory),
auditory andlearnedexplanations. Overall, their opinionis
thatnoneof the extanttheoriescan, by itself, explain all the
experimentaldata. Thus, they concurwith Soli’s view [8,
p.2150]: “Althoughthe existenceof discriminationpeaksat
the voicing boundaryis a robust experimentalphenomenon,
a satishctorytheoreticalexplanationof their occurrencéhas
yetto begiven’

AUDITORY PREPROCESSING

The syntheticconsonant-ewel syllablesusedin this study
were suppliedby HaskinsLaboratories. They are digitally-
sampledversions(samplingrate 10kHz) of thosedeveloped
by Abramsonand Lisker [9], consistingof three seriesin
which VOT variesin 10msstepsfrom 0 to 80ms, simulating
a seriesof English, pre-stressedilabial (/ ba—pd), alveolar
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Figure2: Responsef the P-D modelto thebilabial stimulus
with 40msVOT in theform of aneurogramEachdotdepicts
thefiring of aneuronattheindicatedCF andtime.

(/da—td) andvelar (/ga—kd) syllables.The useof thesesyn-
thetictokens,ratherthanrealspeechallows comparisomwith
the seminalstudieg(suchas[6]) which have alsousedthem.
We have usedthe modelof Pontand Damper[10] (here-
afterthe P-D model)asan auditoryfront-endpre-processor
Input stimuli are passedthrough a filterbank designedto
mimic the physiologicaltuning curves of catauditorynene
data, with appropriatebasilarmembranedelay characteris-
tics and frequeny rescalingreflectingthe rangeof human
hearing. The filters are equally spacedin termsuniformly
in termsof basilarmembranelace,rescaledo take account
of the different rangesof humanand cat hearing. After
filtering, mechanical-to-neuratansductionamplitudecom-
pressiorandtwo-tonesuppressiomremodeledphenomeno-
logically. Outputis in theform of time of firing of 128 sim-
ulated auditory nene fibres spanningthe frequeng range
50Hz to 5kHz. The parameter®f the model are fixed ac-
cording to physiologicalmeasurementéor other direct ev-
idence)where available and so asto fit obsered grossre-
sponsesvhererelevantphysiologicaldataarenot available.
The outputsfrom the P-D model form the inputsto the
learning system. Corveniently the mechanical-to-neural
transductioncomponenbf the modelreflectsthe stochastic
natureof this processdn the (real) auditorysystem. This al-
lows us to producea datasetfor training, even thoughwe
only have one exampleof eachstimulusfor eachVOT and
placeof articulation,by using eachstimulusrepetitvely as
inputto the P-D model However, themodelis computation-
ally expensve sowe have limited thisto 50 repetitions.Thus
we face(unavoidably)a small-samplesizeproblem.
Thestimuli wereappliedattimet = 0 atasimulatedevel
of 65dB soundpressurdevel. Activity beforet = 0 is spon-
taneous. The model outputis visualizedas a neuraltime-
frequeng spectrogran{'neurogram’)asin Figure2. A dot
indicatesthe firing of a neuron:the x andy coordinatesare
thetime of firing andthe neurons centerfrequeny (CF) re-
spectvely. To avoid lossof detail, only some25,000spikes
areshawn, correspondingo approximatelythe first 30 or 40
of the 50 repetitions. Damperet al. [1] confirm that the
P-D modelsresponseareanexcellentfit to availablephysi-
ologicaldata.
Neurogramsin the form of Figure 2 are not suitable
for input to the learning system. Retaining such de-
tailed information implies a very high datarate and, con-
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Figure 3: Typical ‘reduced’ neurogramas presentedo the
learningsystem:bilabial stimulus,40ms VOT (i.e. reduced
versionof theneurogranin Fig. 2.

sequently a learning systemwith too mary parametergo

be estimatedfrom sparsetraining data. Hence, spikes

were countedin a (12 x 16) = 192-cellwindow stretching
from —25msto 95msin 10ms stepsin the time dimension
andfrom 1to 128 in stepsof 8 in the CF dimension. The

time limits werechoserto excludetoo muchirrelevantdetail

pre-onsebr during the steady-stat@ortion of the /a/ vowel.

192 cells represents reasonableeompromisebetweenthe

needfor datareductionandthe retentionof importantinfor-

mation. Figure 3 shaws a typical such‘reduced’neurogram
(in gray-scaldorm). Comparingwith Fig. 2, theextentof the

datareductionis obvious.

MODELING CPWITH SVM’S

To addressomeof the shortcoming®f perceptrongseebe-
low), we usesupportvectormachine§SVMs) [4]. SVMsin-
corporatethe structuralrisk minimizationprinciple, derived
from the theory of small samplesizes. As well asrequir
ing correctclassificationa further constraints addedwhich
maximizesthe margin, i.e. the distancebetweerthe separat-
ing hyperplaneandthe nearestlatapoint of eachclass.This
leadsto thenotionof anoptimal separatindnyperplandOSH)
which — beingmorerobustthana perceptrorsolution— typi-
cally providesbettergeneralization.
Thedistanceof pointx from hyperplangw, b) is:

W - X+ bj

dw. b = =

wherew andb areequivalentto theweightvectorandbiasof
aformalneuron.Foratwo-clasg A, B) problem,asherethe
maugin is givenas:

p (W, b) = min; {d(w, b; Xj)} + min;j {d(w, b; X )}
Xj € A, Xj € B

Maximizing p with respecto w andb producegjoodcontrol
of thegeneralizatiombility of thelearningmachineandguar
anteesa uniquesolutionto the problem,unlike perceptroror
back-propagatiotearning.

Quadratic programming optimization used Mészaros’
BPMPDpackagd11], andwasperformedn theinputspace,
i.e. assumindinearseparabilityof the patterns ThreeSVMs
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Figure 4. Labeling curves for the SVM classifiershaving
correctboundaryplacementasa function of placeof articu-
lation.

were constructedionefor eachplaceof articulation. Train-

ing using100patterns50repetitionsof responset theOms
VOT stimuliand50repetitionsof responset the80msVOT

stimuli. SVMswereusedwith anarchitectureequivalentto a
perceptrorj4], with ahard-limiting(signumfunction)thresh-
old unit onthe output. Therewasno additionalcapacitycon-
trol.

Resultsareshavn in Figure4. Eachof thethreecurvesde-
pictsthe averageclassificatiorover eachof the 50 repetitions
for the relevant series. Taking the mid-point (0.5) to repre-
sentthe catggory boundarygives 16 ms,30msand40msfor
the bilabial, alveolarandvelar seriesrespectiely — compar
ing very well to thevaluesfor reallisteners.

TheSVM implicitly realizesaform of dataselection. Only
input patternswith non-zeroLagrangemultipliers — the so-
calledsupport vectors, (SVs)— will contritute to the model.
Thus,the SVsarethe patternghatcorvey thevital informa-
tion aboutthecategyory boundary They lie ontheboundaryof
the maximizedmangin. The two mawgin boundariegonefor
eachclass)areparallel,andthe OSHis parallelandequidis-
tantto both. The mawgin boundariedully characterizehe
separatiorof the classesand so provide a convenientand
powerful basisfor knowledgeextraction. We usethe normal
vectorto the OSH (i.e. theweightvectorw) for this purpose.
The percentag®f supportvectorsfor eachSVM was41%,
37%and45%for bilabial, alveolarandvelar stimuli respec-
tively, divided roughly half andhalf betweerthe voicedand
unvoicedcatejories.

To visualizethe knowledgecapturedthe 192-dimensional
weightvectorsw? (formedby simply squaringeachindivid-
ual component)are depictedfor the threestimuli seriesin
Figure5. Squaringemphasizeshe magnitudeof the infor-
mationdifferentiatingvoicedand unvoiced categyories. Dark
areadn thesefigurescorrespondo areasof rich information
in theinput space .t canbe seenthatthe crucialinformation
liesin the low frequeny (first formanttransition)region just
afteracousticstimulusonset.The preciselocationof this re-
gion shiftsin the threecasegbilabial, alveolar velar)in the
sameway astheboundarypointfor reallisteners.Theimpor
tanceof the highly-localizedF 1 transitionregion closeto the
catgory boundaryis alsoseen Further thespectrumatstim-
ulus onsetappeardamportantin distinguishingvoiced from
unvoiced bilabial tokens. This is lessthe casefor the velar
stimuli andeven lessso for the alveolarstimuli. The F1 re-
gion at vowel onset(approximately95ms)is alsodistinctive
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Figure5: Gray-scalaepictionof the squaredveightvectors
of the SVM, w2, for thethreestimuli series.

in all threecases.
ROLE OF THE AUDITORY MODEL

TheP-D front-endis capableof essentiallyperfectreproduc-
tion of detailedneuralfiring patterns.But hov muchof this

sophisticatioris actuallynecessary®e have alreadyshavn

thatthe back-endcanbe quite simple— alinear supportvec-
tor machingwith hard,signumclassificatiorrule) givesgood
results. In this section,we attemptto simplify the front-end
processingsfar aspossible usingshort-timeFourieranaly-
sis.

The power spectraldensitiesof eachof the 3 x 9 stim-
uli were computedusinga 256-pointfastFourier transform
(FFT) with 25.6msframescenterecn the 10mscell widths
previously emplo/ed. (The overlap betweenconsecutie
frameswas (25.6 — 10)/2 = 7.8ms.) Spectralenegy was
summedn a (12 x 16) analysiswindow intendedto parallel
thereducedauditoryrepresentationsedearlierasinputto the
back-end.Thus, the time dimensionstretchedrom —25ms
to 95ms in 10ms stepsand frequeng from 0to 5kHz in
stepsof 312.5Hz. So, here,the frequeng dimensionis di-
vided up linearly (in Hz) ratherthanaccordingto CF asear
lier.
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Figure6: Labelingcurnesobtainedfrom an SVM classifier
with decisionboundaryconstructedasthe bisector(in 192-
dimensionalspace)betweenFFT-analyzedendpoints. Cor
rect movementof the boundarywith placeof articulationis
notmaintained.

Thereis now only a singletoken for eachacousticstim-
ulus. This is unavoidablesincewe areno longersimulating
the stochasticprocessof mechanical-to-neuratansduction
by the cochlearhair cells. Labelingcurwesfor eachof the
threeserieswereobtainedby constructinga decisionbound-
ary asthebisectorin 192-dimensionapacebetweerthetwo
FFT-analyzedendpoints A hardclassificatiorrule wasused.
Figure6 shaws theresults.Correctmovementof the bound-
ary with placeof articulationis not maintained,indicating
thatat leastsomeaspecbof the auditorytransformatioris es-
sentialto realisticsimulationof CP. It is easyto seethatthis
must be so. Sincethe SVM is linear, the non-linearsegre-
gationof the stimuli by placeof articulationcanonly result
from processingdpy theauditoryfront-end.

CONCLUSIONS

SVMs featureimplicit dataselection(supportvectors)and,

consequentlydata reductionwhich equatesto a powerful

form of knowledge extraction. In this work, we have used
normal vectors (192-dimensionsjo the optimal separating
hyperplaneto representhe essentiainformation aboutthe

voiced/uwoiceddistinction. In all threecasegbilabial, alve-

olar, velar),theregionof highinformationcontents localized
to the low-frequeny (first formanttransition)region shortly

afterstimulusonset.The precisdocationof this region shifts

in thethreeanalysesn the sameway asthe phonemeédound-
arypoint. Analysisof theSVMs allowedextractionof consis-
tentknowledgeto supportthenotionthatthephonetigpercept
of voicing is easilyanddirectly recorerablefrom a highly-

localizedregion of theauditoryrepresentations he placeof

articulationdistinctionis explainedon the basisof system-
atic movementof the positionof this highly-localizedregion.

Thisoffersfairly directsupportfor anauditorydiscontinuities
explanationof CP. Thus,thereis noneedto positary speech-
specificmechanismssin articulatory(‘motor’) theory The

factthattheauditoryfront-endwasessentialo correctmodel-

ing alsopointsto anauditoryratherthanacousticexplanation
(ct. [8]).

Replacementf theauditoryfront-endby asimplerFourier
analysisabolishedcorrectmovementof the boundarywith
placeof articulation.Hence someaspect(spf peripherabu-
ditory function is/areessentiato correctsimulationof cat-
egorizationbehaior. In future work, we intendto explore

this furtherusinga variety of simplified auditoryfront-ends.
At this stagehowever, we believe thatfrequeng warpingon
a psychophysicascaleandonsetenhancemertty the action
of the hair cells are mostlikely to be essential. Thereare
several otherpotentiallyfruitful avenuedor future research.
The Haskinsstimuli werestudiedherebecausef their prior
usein key studiesof CR, andbecausesynthesisallows easy
productionof ‘ambiguous’tokens. However, the relation of
thesestimuli to real speechs tenuous.Hence,it is a priority
to studyrealspeechn thenearfuture. We alsointendto train
SVMs on pairs of completestimuli series,e.q. bilabial and
alveolar alveolarandvelar etc., so that the trainednetwork
canbeanalyzedo uncoer thefeature(skignalingthe place
of articulationdistinction.
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