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Abstract

We useelectropalatographi(EPG)dataasa testbedfor dimen-
sionalityreductionmethodsasedn latentvariablemodelling,in

which an underlyinglower dimensionrepresentatioris inferred
directly from the data. Several models(and mixturesof them)
areinvestigatedjncluding factoranalysisandthe generatie to-

pographicmapping(GTM). Experimentdndicatethat nonlinear
latentvariablemodelling revealsa low-dimensionalstructurein

thedatainaccessibléo theinvestigatedinearmodels.

1 Intr oduction

In latentvariablemodelling,a low-dimensionabeneratie modelis estimatedrom

adatasample A smoothmappinglinks the low-dimensionatepresentatioandthe
high-dimensionatliata,and dimensionalityreductionis achiesed via Bayes’theo-
rem. Latentvariablemodelsincludefactoranalysis principal componentanalysis
andthe generatre topographiamapping(GTM). In this paper we apply the latent
variableframawvork to electropalatographidata.

Thetechniqueof electropalatograph§EPG)is well establishedsa relatively non-
invasive, conceptuallysimple and easy-to-uséool for the investigationof lingual

actiity in both normaland pathologicalspeech.Qualitatve and quantitatve data
aboutpatternof lingual contactwith thehardpalateduringcontinuouspeectmay
be obtainedusing EPG, andthe techniquehasbeenusedin studiesof descriptie
phoneticscoarticulationanddiagnosisandtreatmenbf disorderedspeechHard-
castleet al., 1991a). Typically, the subjectwearsan artificial palatemouldedto fit
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Figurel: Representate EPGsfor the typical stablephaseof differentphonemes.
The 62-dimensionabinary EPGvectoris picturedrowwise from top to bottomre-
semblingthe humanpalate(top: alveoli; bottom:velum).

theupperpalatewith anumberof electrodesnountednthesurfaceto detectingual

contact(62 in theReadingeEPGsystem).The EPGsignalis samplecdata frequeny

of 100 to 200 Hz and,for a givenutterancethe sequencef raw EPGdataconsists
of a streamof binary vectorswith both spatialand temporalstructuredueto the

constraintf the articulatorysystem.Note thatthe EPGsignalaloneis anincom-

pletearticulatorydescription pomitting suchdetailsasnasalisatiorandvocalisation.
Hence themappingfrom phonemes$o EPGpatternss not one-to-onesincecertain
phonemege.g./«/ and/o/) canproducethe sameEPGpatterngfig. 1).

A numberof studiessuggesthat tonguemovementsin speechmay be appropri-
atelymodelledusinga few elementanarticulatoryparameterge.g.(Nguyenetal.,
1996)).In this paperwe considerdimensionalityreductionat the spatiallevel only.
We comparethe ability of several well-known latentvariablemodelsand mixture
modelsto extract relevant structurefrom an EPG datasetin an adaptve fashion.
This contrastavith a numberof widespreadeEPGdatareductiontechniquegHard-
castleet al., 1991b)which arebasedn a priori knowledgeaboutelectropalatogra-
phy, typically in the form of fixed linear combinationsof the EPG vectorcompo-
nents. Suchad hoc methodsare not robustandwill not performwell in situations
wherethe speechdeviatesfrom the standardiimpairedspealers, differentspeech
stylesor unusualaccents)We alsoshaow thatnonlinearityis very advantageous$or
this real-world problem.

2 Generative modelling using latent variables

In latentvariablemodellingthe assumptioris that the obsened high-dimensional
datat is generatedrom anunderlyinglow-dimensionaprocesdefinedby a small
number L of latent variablesx (Bartholomev, 1987). The latent variablesare
mappedby a fixed transformatiorinto a D-dimensionaldataspace(measurement
procedurelandnoiseis addedthere(stochasticvariation). The aimis to learnthe
low dimensionalgeneratingorocessalongwith a noisemodel,ratherthandirectly
learninga dimensionalityreducingmapping.

A latentvariablemodelis specifiedby apriorin latentspacep(x), asmoothmapping
f from latentspaceto dataspaceanda noisemodelin dataspacep(t|x) (fig. 2).
Thesethreeelementsare equippedwith parametersvhich we collectively call ©.
Integratingthe joint probability densityfunction p(t, x) over latentspacegivesthe
maiginal distribution in dataspacep(t). Givenanobsenedsamplein dataspace
{t,})_, of N D-dimensionarealvectorsthathasbeengeneratedy anunknavn
distribution, a parameteestimatecanbe found by maximisingthelog-likelihoodof
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Figure2: Schematiof alatentvariablemodelwith a 3D dataspaceanda 2D latent
space.

the parameter$(®) = Zzﬂvﬂ log p(t,|®), typically usinganEM algorithm.

Oncethe parameter® arefixed, Bayes'theorengivesthe posteriordistributionin
latentspacegivena datavectort, i.e. thedistribution of the probabilitythata point
x in latentspacewvasresponsibldor generating:

p(t[x)p(x) _ _ p(tP)p(x)
p(t) [ p(t]x)p(x) dx”

Summarisinghis distribution in a singlelatentspacepoint x* (typically the mean
or the mode) resultsin a reduced-dimensionepresentativeof t. This defines
a correspondinglimensionalityreducingmappingF from dataspaceonto latent
spacex* = F(t), which will be mostsuccessfulvhenthe posteriordistribution

p(x|t) is unimodalandsharplypealed. Applying the mappingf to the reduced-
dimensionrepresentatie we obtain the reconstructeddata vector t* = f(x*).

In the usualway, we definethe squaredreconstructiorerror for the sampleas

E=4% Ejn\r:l |It,, — t*||” usingthe Euclideamorm.

p(x[t) = ¢y

We considerthe following latent variable models,for which EM algorithmsare
available:

Factor analysis (Bartholomev, 1987;RubinandThayer 1982),in whichthe map-
pingis linear, theprior in latentspacds unit Gaussiamndthe noisemodel
is diagonalGaussian.The mamginal in dataspaces thenGaussiarwith a
constrainedovariancematrix.

Principal componentanalysis(PCA), which canbe considereda particularcase
of factoranalysiswith isotropicGaussiamoisemodel(TippingandBishop,
1997).

The generative topographic mapping (GTM) (Bishopetal., 1998)is anonlinear
latentvariablemodel,wherethemappingis ageneralisedinearmodel,the
prior in latentspaceis discreteuniform andthe noisemodelis isotropic
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Gaussian. The mamginal in dataspaceis then a constrainedmixture of
Gaussians.

Finite mixturesof latentvariablemodelsmaybe constructedandthe EM algorithm

usedto obtaina maximumlik elihoodparameteestimatgEveritt andHand,1981).

A reduced-dimensiorepresentatie can be obtainedfrom the mixture component
with the highestresponsibility or asthe averageof the percomponentepresen-
tativesweightedby the responsibilities.We also considemixturesof multivariate

Bernoullidistributions,whereeachcomponents parameteriseldy a D-dimensional
probability vector; notethatthis doesnot definea latentspace put only a discrete
collectionof components.

3 Experiments

We useda subsetof the EUR-ACCOR databas€Marchal and Hardcastle 1993),
consistingof N = 11338 62-bit EPGframessampledat 200 Hz from 14 different
utterancedy an Englishspealer. The datasetwassplit into a training (75%) anda
testset(25%). All the datausedwereunlabelled.Usingthetraining set,we found
maximumlik elihood estimategor the following probability models: factoranaly-
sis,PCA, GTM, mixturesof factoranalyserandmixturesof multivariateBernoulli
distributions.Figure3 shonstheprototypedoundby severalof thesemethods Fig-
ure 4 givesthe log-likelihoodandreconstructiorerror curvesfor eachmethodon
boththetrainingandtestsets.Performingthe sameexperimentn datasetswhere
all repeatecEPG frameswere removed did not changesignificantly the shapeof
thesecurves.

Factor analysisand principal componentanalysiswere performedon the EPG
datafollowed by varimaxrotationto improve factorinterpretabilitywithout alter
ing the model. Each62-dimensionafactorloadingsvectoror principalcomponent
vector may be consideredas a dimensionalityreductionindex, in the sensethat
projectingan EPGframeon the vectoris equivalentto a linear combinationof its
components.The resultantbasisvectorsare shavn in the first two rows of fig. 3
for 9th-ordermodels.Severalof thesefactorscanbeassociatedb well-known EPG
datareductionindicesor to linearcombination®f them;e.g.\; to avelarindex or
A3 to analveolarone. But notethat the derived factorsindicateadaptve structure
(e.g.asymmetrywhich a priori derivedindicescannotcapture.

Severalof theprincipalcomponentaresimilarto someof thefactorloadingvectors
dueto thefactthatfor this datasetthe uniqguenessesatrix wasrelatively isotropic
(i.e.amultiple of theidentity),in which casefactoranalysids equivalentto PCA.

We usedthe probabilisticPCA modelof (Tipping andBishop,1997)to computethe
log-likelihoodcurvesof fig. 4. PCA outperformgactoranalysisin reconstruction
errorandfactoranalysisoutperforms€?CAin log-likelihood. Thusin termsof gen-
eratve modelling,factoranalysisis superiorto PCA, but in termsof reconstruction
errorPCAis a betterlinearmethod.

Generative topographic mapping (GTM) Both factoranalysisandPCA canonly
extract linear structurefrom the data. For factoranalysis,the null hypothesighat
“the datasamplecan be explainedwith L factors”was rejectedfor all valuesof
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Figure 3: Prototypesandfactorsfound by several methods. Each62-dimensional
vectoris picturedasthe EPGframesof fig. 1, but now eachpixel is representedy a

rectanglewhoseareais proportionalto the magnitudeof the pixel valueandwhose
colour is black for positive valuesand white for negative ones. Row 1: factors
aftervarimaxrotation. Row 2: principal componentsfter varimaxrotation. Row

3: meansy,, andfactorloadingsA,, for a mixture of factoranalysers.Row 4:

prototypedfor a mixture of multivariateBernoulli distributions.

L < 45 atasignificancdevel of 95%. UsinganEM algorithm(Bishopetal., 1998),
we traineda two-dimensionalGTM modelwith thefollowing parameters20 x 20
grid in two-dimensionalatentspacg K = 400 points),scaledothe[—1, 1] x[—1,1]
squareandv/'F x /F grid in the samesquareof F' Gaussiarbasisfunctionsof
width equalto the separatioetweerbasisfunctionscentres:/F variedfrom 3 to
14. For eachdatapoint, we took asreduced-dimensiorepresentatie the modeof
its posteriordistribution (which wasunimodalandsharplypealed for over 90% of
thedatapoints). Thelog-likelihoodcurve for thetestsetasafunctionof thenumber
of basisfunctionsusedF shavs a maximumfor F' = 49, indicatingthat overfit-
ting occursfor F' > 49 (but obsere thatthe reconstructiorerror keepsdecreasing
steadilypastthatlimit). Comparisorwith the othermethodsshows that GTM, us-
ing a latentspaceof only L = 2 dimensionsputperformsall the othermethodsn
log-likelihoodandreconstructiorerrorin a wide rangeof latentspacedimensions.
PCA needsL = 10 principal componentgo attainthe samereconstructiorerror
asGTM with F' = 49 basisfunctions,andall L = 62 componentdo surpassts
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Figure 4: Comparisonbetweenmethodsin termsof log-likelihood (top) and re-
constructiorerror (bottom)(left: training set;right: testset): factoranalysis(FA),

principalcomponenanalysigPCA), generatie topographianapping(GTM), mix-

turesof factoranalysergMFA) andmixturesof multivariateBernoullidistributions
(MB). Notethatthez axisrefersto theorderof thefactoranalysisor principalcom-
ponentanalysisthe numberof mixture components$n the caseof mixture models
andthe squareoot of the numberof basisfunctionsin thecaseof GTM.

log-likelihood.

Mixtur esof factor analysersof L = 1 factorperfactoranalyset wereestimated
usinganEM algorithm(GhahramanandHinton, 1996)with randomstartingpoints.
Fig. 3 (row 3) shavs the loadingvectorsandmeansfor a mixture of M = 4 com-
ponentsTheeffectof themodelis to placefactors(A,,) in differentregionsof data
spacgu,,); thefactorsfoundcoincidewith someof thefactorsfoundin factoranal-
ysis or with linear combinationsof themandthe meanscoincidewith someof the
typical EPGpatternsof fig. 1. In thetrainingset,thelog-likelihoodandreconstruc-
tion errorof themixturearealwaysbetterthanthatof factoranalysisput thereis not
muchimprovementin thetestset. The log-likelihoodspacehasa numberof local
maximaof differentlog-likelihoodvalueandthatexplainstheraggedappearancef
the curves(whereeachpoint correspondso a singleestimatenotto an averageof

1This kind of mixture hasa numberof log-likelihood singularitiesin parameterispace
(Heywoodcases)andfor L > 1 EM failedto convergeto a propersolution.
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Figure5: Two-dimensionaplot of the trajectoryof the highlightedutterancerag-
ment“l preferKant to Hobbedor agoodbedtimebook; with phonemidranscrip-
tion /ar prr'fs 'keent to "hobz for o 'gud "bedtarm ’buk/. Left: usingfactoranalysis
(latentspaceof factorsl and2). Right: usingGTM with F' = 49 basisfunctions
anda 20 x 20 latentspacegrid (pointsarenumberectorrelatvely). The startand
endpointsaremarkedasx ando, respectrely. The phonemesgrethoseof figure 1.

severalestimates).

Mixtur esof multivariate Bernoulli distrib utions wereestimatedisinganEM al-
gorithm(EverittandHand,1981)with randomstartingpoints. Fig. 3 (row 4) shavs
the prototypesp,,, for a9-componenmixture. Notethateachp,,4 valueis in [0, 1]

andthusis readily interpretableas an EPG vector, unlike loading vectorswhich
canhave positive andnegative values.Again, mostof the prototypescoincidewith

someof thetypical EPGpatternsof fig. 1. However, thelog-likelihoodvalueis less
thanthat of ary of the othermethodsandthe reconstructiorerror is alsogreater
Thereasons thateachcomponentf the mixture lacksa latentspaceandcanonly
reconstruct datavectorasits prototypep,.

Two-dimensionalvisualisationof EPGs We canrepresengraphicallyasequence
of EPGframes(samplefrom an utterance)y plotting their projectionsin a two-
dimensionalatentspace(joining consecutie pointswith a line). Figure5 shavs
sucharepresentatiofor factoranalysisusingfactorsl and2 (left) andGTM (right).
For linear projectiongsuchasthe onesprovidedby factoranalysisandPCA), find-
ing thebestprojection(e.g.in thesensaf beingasnongaussiaaspossible)s called
projectionpursuit However, this is not the criterion optimisedby factoranalysis,
which, in general,is thennot a good methodfor this aim. The two-dimensional
latentspaceproducecoy GTM givesa qualitatively bettervisualisationof the artic-
ulatoryspacehanthatof two-dimensionalinearprojections.

4 Discussion

Latentvariablemodelscanbe usefulto presenthe relatively high-dimensionain-
formationcontainedn theEPGsequencén awaywhichis easieito understanénd
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handle.Thisis asignificantadvantageover generaprobabilitymodelsandmixtures
of them,which aresuitablefor classificatioror clusteringbut not for dimensional-
ity reduction.Finite mixturesoffer the possibility of fitting, in a soft way, different
modelsin differentdataspaceregions and thus offer potentialto model comple

data. However, trainingis slow andoftendifficult dueto thelog-likelihoodsurface
beingplaguedwith singularities.

Forthecasestudiedoverfittingin thelog-likelihoodcanappeaif thenumberof pa-
rameterof themodelis largeenough put thereconstructiorerror presents steady
decrease boththetrainingandtestsetsfor any numberof parametersUnidentified
models(in whichdifferent,nontrivial combination®f parametevaluesproduceex-

actly the samedistribution) canproducedifferentestimategrom the samedataset.
This is not the casefor factoranalysisand PCA, andseemaot to have muchim-

portanceor mixturesof multivariateBernoulli distributions(Carreira-Pergianand
Renals,1998),but may poseproblemsof interpretatiorfor the othermodels.

GTM hasprovento be the bestmethodboth in log-likelihoodand reconstruction
error, despitebeing limited to a two-dimensionalkspacedue to its computational
compleity. This suggestshattheintrinsic dimensionalityof the EPGdatamay be
substantiallysmallerthanthat suggested5 to 10) by other studies(e.g. (Nguyen
etal., 1996)).

All themethodswve have studiedrequireknowledgeof thelatentspacedimensioror
thenumberof mixturecomponentsa possibleway to determinethe optimalonesis
by modelselection.
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