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Abstract

We useelectropalatographic(EPG)dataasa testbedfor dimen-
sionalityreductionmethodsbasedin latentvariablemodelling,in
which an underlyinglower dimensionrepresentationis inferred
directly from the data. Several models(and mixturesof them)
are investigated,including factoranalysisandthe generative to-
pographicmapping(GTM). Experimentsindicatethat nonlinear
latentvariablemodelling revealsa low-dimensionalstructurein
thedatainaccessibleto theinvestigatedlinearmodels.

1 Intr oduction

In latentvariablemodelling,a low-dimensionalgenerativemodelis estimatedfrom
a datasample.A smoothmappinglinks thelow-dimensionalrepresentationandthe
high-dimensionaldata,anddimensionalityreductionis achieved via Bayes’ theo-
rem. Latentvariablemodelsincludefactoranalysis,principal componentanalysis
andthegenerative topographicmapping(GTM). In this paper, we apply the latent
variableframework to electropalatographicdata.

Thetechniqueof electropalatography(EPG)is well establishedasa relatively non-
invasive, conceptuallysimpleandeasy-to-usetool for the investigationof lingual
activity in both normalandpathologicalspeech.Qualitative andquantitative data
aboutpatternsof lingualcontactswith thehardpalateduringcontinuousspeechmay
be obtainedusingEPG,andthe techniquehasbeenusedin studiesof descriptive
phonetics,coarticulation,anddiagnosisandtreatmentof disorderedspeech(Hard-
castleet al., 1991a).Typically, thesubjectwearsanartificial palatemouldedto fit
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Figure1: Representative EPGsfor the typical stablephaseof differentphonemes.
The ��� -dimensionalbinaryEPGvectoris picturedrowwisefrom top to bottomre-
semblingthehumanpalate(top: alveoli; bottom:velum).

theupperpalatewith anumberof electrodesmountedonthesurfacetodetectlingual
contact( ��� in theReadingEPGsystem).TheEPGsignalis sampledata frequency
of  �!�! to �
!�! Hz and,for a givenutterance,thesequenceof raw EPGdataconsists
of a streamof binary vectorswith both spatialand temporalstructuredue to the
constraintsof thearticulatorysystem.Notethat theEPGsignalaloneis anincom-
pletearticulatorydescription,omittingsuchdetailsasnasalisationandvocalisation.
Hence,themappingfrom phonemesto EPGpatternsis notone-to-onesincecertain
phonemes(e.g. "$#%" and "'&(" ) canproducethesameEPGpatterns(fig. 1).

A numberof studiessuggestthat tonguemovementsin speechmay be appropri-
atelymodelledusinga few elementaryarticulatoryparameters(e.g.(Nguyenet al.,
1996)).In thispaper, weconsiderdimensionalityreductionat thespatiallevel only.
We comparethe ability of several well-known latentvariablemodelsandmixture
modelsto extract relevant structurefrom an EPGdataset in an adaptive fashion.
This contrastswith a numberof widespreadEPGdatareductiontechniques(Hard-
castleet al., 1991b)which arebasedin a priori knowledgeaboutelectropalatogra-
phy, typically in the form of fixed linear combinationsof the EPGvectorcompo-
nents.Suchadhoc methodsarenot robustandwill not performwell in situations
wherethe speechdeviatesfrom the standard(impairedspeakers,differentspeech
stylesor unusualaccents).We alsoshow thatnonlinearityis very advantageousfor
this real-world problem.

2 Generative modelling using latent variables

In latentvariablemodellingthe assumptionis that the observedhigh-dimensional
data ) is generatedfrom anunderlyinglow-dimensionalprocessdefinedby a small
number * of latent variables + (Bartholomew, 1987). The latent variablesare
mappedby a fixed transformationinto a , -dimensionaldataspace(measurement
procedure)andnoiseis addedthere(stochasticvariation). The aim is to learnthe
low dimensionalgeneratingprocessalongwith a noisemodel,ratherthandirectly
learningadimensionalityreducingmapping.

A latentvariablemodelisspecifiedbyaprior in latentspace-/.0+21 , asmoothmapping3
from latentspaceto dataspaceanda noisemodel in dataspace-/.0)54 +21 (fig. 2).

Thesethreeelementsareequippedwith parameterswhich we collectively call 6 .
Integratingthejoint probabilitydensityfunction -�.7)�8�+21 over latentspacegivesthe
marginal distribution in dataspace,-�.7)�1 . Givenanobservedsamplein dataspace9 )�:<;�=:
>/? of @A, -dimensionalrealvectorsthathasbeengeneratedby anunknown
distribution,a parameterestimatecanbefoundby maximisingthelog-likelihoodof
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Figure2: Schematicof a latentvariablemodelwith a3D dataspaceanda 2D latent
space.

theparametersW�.X6Y1[Z]\ =:
>/?<^`_�a -�.7)$:b4 6c1 , typically usinganEM algorithm.

Oncetheparameters6 arefixed,Bayes’theoremgivestheposteriordistribution in
latentspacegivena datavector ) , i.e. thedistribution of theprobabilitythata point
+ in latentspacewasresponsiblefor generating) :

-�.7+d4 )(1dZ -�.0)e4 +210-�.7+21
-�.0)(1 Z -�.7)54 +21�-/.0+21f -/.0)54 +21�-/.0+21hg�+ji (1)

Summarisingthis distribution in a singlelatentspacepoint +�k (typically themean
or the mode) results in a reduced-dimensionrepresentativeof ) . This defines
a correspondingdimensionalityreducingmapping l from dataspaceonto latent
space,+ k Zmln.0)�1 , which will be mostsuccessfulwhenthe posteriordistribution
-�.7+d4 )(1 is unimodalandsharplypeaked. Applying the mapping

3
to the reduced-

dimensionrepresentative we obtain the reconstructeddata vector ) k Z 3 .7+ k 1 .
In the usual way, we define the squaredreconstructionerror for the sampleaso Z ?

= \ =:�>�?qp ) :jr ) k: p
G

usingtheEuclideannorm.

We considerthe following latent variablemodels,for which EM algorithmsare
available:

Factor analysis (Bartholomew, 1987;RubinandThayer, 1982),in which themap-
ping is linear, theprior in latentspaceis unit Gaussianandthenoisemodel
is diagonalGaussian.Themarginal in dataspaceis thenGaussianwith a
constrainedcovariancematrix.

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

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

Finitemixturesof latentvariablemodelsmaybeconstructed,andtheEM algorithm
usedto obtaina maximumlikelihoodparameterestimate(Everitt andHand,1981).
A reduced-dimensionrepresentative canbe obtainedfrom the mixture component
with the highestresponsibility, or as the averageof the per-componentrepresen-
tativesweightedby the responsibilities.We alsoconsidermixturesof multivariate
Bernoullidistributions,whereeachcomponentis parameterisedby a , -dimensional
probabilityvector;notethat this doesnot definea latentspace,but only a discrete
collectionof components.

3 Experiments

We useda subsetof the EUR-ACCORdatabase(MarchalandHardcastle,1993),
consistingof @sZt � �u�u�v 62-bit EPGframessampledat 200Hz from  xw different
utterancesby anEnglishspeaker. Thedatasetwassplit into a training( y
z %) anda
testset( ��z %). All thedatausedwereunlabelled.Usingthetrainingset,we found
maximumlikelihoodestimatesfor the following probabilitymodels: factoranaly-
sis,PCA,GTM, mixturesof factoranalysersandmixturesof multivariateBernoulli
distributions.Figure3 showstheprototypesfoundby severalof thesemethods.Fig-
ure 4 givesthe log-likelihoodandreconstructionerror curvesfor eachmethodon
boththetrainingandtestsets.Performingthesameexperimentson datasetswhere
all repeatedEPGframeswere removed did not changesignificantly the shapeof
thesecurves.

Factor analysisand principal componentanalysiswereperformedon the EPG
datafollowed by varimaxrotationto improve factorinterpretabilitywithout alter-
ing themodel. Each ��� -dimensionalfactorloadingsvectoror principalcomponent
vector may be consideredas a dimensionalityreductionindex, in the sensethat
projectingan EPGframeon the vectoris equivalentto a linear combinationof its
components.The resultantbasisvectorsareshown in the first two rows of fig. 3
for { th-ordermodels.Severalof thesefactorscanbeassociatedto well-known EPG
datareductionindicesor to linearcombinationsof them;e.g. |d? to a velarindex or
|qU to analveolarone. But notethat thederivedfactorsindicateadaptive structure
(e.g.asymmetry)whicha priori derivedindicescannotcapture.

Severalof theprincipalcomponentsaresimilarto someof thefactorloadingvectors
dueto thefactthatfor this datasettheuniquenessesmatrix wasrelatively isotropic
(i.e.amultipleof theidentity), in whichcasefactoranalysisis equivalentto PCA.

WeusedtheprobabilisticPCAmodelof (TippingandBishop,1997)to computethe
log-likelihoodcurvesof fig. 4. PCA outperformsfactoranalysisin reconstruction
errorandfactoranalysisoutperformsPCA in log-likelihood.Thusin termsof gen-
erativemodelling,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 hypothesisthat
“the datasamplecan be explainedwith * factors”was rejectedfor all valuesof
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Figure3: Prototypesandfactorsfound by several methods.Each ��� -dimensional
vectoris picturedastheEPGframesof fig. 1, but now eachpixel is representedby a
rectanglewhoseareais proportionalto themagnitudeof thepixel valueandwhose
colour is black for positive valuesand white for negative ones. Row  : factors
after varimaxrotation. Row � : principalcomponentsafter varimaxrotation. Row
u : means %¡ andfactor loadings ¢ ¡ for a mixture of factoranalysers.Row w :
prototypesfor amixtureof multivariateBernoulli distributions.

*¤£¥wez atasignificancelevel of {�z %. UsinganEM algorithm(Bishopetal.,1998),
we traineda two-dimensionalGTM modelwith thefollowing parameters:�
!§¦¨��!
grid in two-dimensionallatentspace( ©mZªw�!�! points),scaledto the « r  �8x '¬�¦« r  �8x x¬
square,and ® ¯°¦±® ¯ grid in the samesquareof ¯ Gaussianbasisfunctionsof
width equalto theseparationbetweenbasisfunctionscentres;® ¯ variedfrom u to
 xw . For eachdatapoint, we took asreduced-dimensionrepresentative themodeof
its posteriordistribution (which wasunimodalandsharplypeakedfor over {�! % of
thedatapoints).Thelog-likelihoodcurvefor thetestsetasafunctionof thenumber
of basisfunctionsused ¯ shows a maximumfor ¯²Z³w�{ , indicatingthat overfit-
ting occursfor ¯³´µw�{ (but observe that thereconstructionerrorkeepsdecreasing
steadilypastthat limit). Comparisonwith theothermethodsshows thatGTM, us-
ing a latentspaceof only *¶Z·� dimensions,outperformsall theothermethodsin
log-likelihoodandreconstructionerror in a wide rangeof latentspacedimensions.
PCA needs*¸Z¹ �! principal componentsto attain the samereconstructionerror
asGTM with ¯ºZ°w�{ basisfunctions,andall *»Z¼��� componentsto surpassits
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Figure 4: Comparisonbetweenmethodsin termsof log-likelihood (top) and re-
constructionerror (bottom)(left: trainingset;right: testset): factoranalysis(FA),
principalcomponentanalysis(PCA),generativetopographicmapping(GTM), mix-
turesof factoranalysers(MFA) andmixturesof multivariateBernoullidistributions
(MB). Notethatthe ½ axisrefersto theorderof thefactoranalysisor principalcom-
ponentanalysis,thenumberof mixturecomponentsin thecaseof mixturemodels
andthesquarerootof thenumberof basisfunctionsin thecaseof GTM.

log-likelihood.

Mixtur esof factor analysersof *¶Zt factorper factoranalyser1 wereestimated
usinganEM algorithm(GhahramaniandHinton,1996)with randomstartingpoints.
Fig. 3 (row u ) shows the loadingvectorsandmeansfor a mixtureof ¾¿Z»w com-
ponents.Theeffectof themodelis to placefactors( ¢ ¡ ) in differentregionsof data
space(   ¡ ); thefactorsfoundcoincidewith someof thefactorsfoundin factoranal-
ysisor with linearcombinationsof themandthemeanscoincidewith someof the
typicalEPGpatternsof fig. 1. In thetrainingset,thelog-likelihoodandreconstruc-
tion errorof themixturearealwaysbetterthanthatof factoranalysis,but thereis not
muchimprovementin the testset. The log-likelihoodspacehasa numberof local
maximaof differentlog-likelihoodvalueandthatexplainstheraggedappearanceof
thecurves(whereeachpoint correspondsto a singleestimate,not to anaverageof

1This kind of mixture hasa numberof log-likelihood singularitiesin parameterspace
(Heywoodcases),andfor ÀÂÁ±Ã EM failedto convergeto apropersolution.
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Figure5: Two-dimensionalplot of the trajectoryof thehighlightedutterancefrag-
ment“I preferKant to Hobbesfor agoodbedtimebook,” with phonemictranscrip-
tion "xÑ(Ò�ÓeÔ�Ò�Õ Ö0×�Õ Ø�#dÙ�Ú/Ú�&nÕ ÛeÜeÝhÞdÖß&'Ôà&nÕ áeâ�ãäÕ Ý�å$ã�Ú�Ñ�Ò`æ·Õ Ý�â
Øe" . Left: usingfactoranalysis
(latentspaceof factors  and � ). Right: usingGTM with ¯³Z·w�{ basisfunctions
anda �
!ç¦Â�
! latentspacegrid (pointsarenumberedcorrelatively). Thestartand
endpointsaremarkedas è and é , respectively. Thephonemesarethoseof figure1.

severalestimates).

Mixtur esof multi variate Bernoulli distributions wereestimatedusinganEM al-
gorithm(Everitt andHand,1981)with randomstartingpoints.Fig. 3 (row w ) shows
theprototypesê ¡ for a { -componentmixture. Notethateach- ¡ìë valueis in « !�8x x¬
and thus is readily interpretableas an EPG vector, unlike loading vectorswhich
canhave positive andnegativevalues.Again,mostof theprototypescoincidewith
someof thetypicalEPGpatternsof fig. 1. However, thelog-likelihoodvalueis less
thanthat of any of the othermethodsandthe reconstructionerror is alsogreater.
Thereasonis thateachcomponentof themixturelacksa latentspaceandcanonly
reconstructadatavectorasits prototypeê ¡ .

Two-dimensionalvisualisationof EPGs Wecanrepresentgraphicallyasequence
of EPGframes(samplefrom an utterance)by plotting their projectionsin a two-
dimensionallatentspace(joining consecutive pointswith a line). Figure5 shows
sucharepresentationfor factoranalysisusingfactors and � (left) andGTM (right).
For linearprojections(suchastheonesprovidedby factoranalysisandPCA),find-
ing thebestprojection(e.g.in thesenseof beingasnongaussianaspossible)is called
projectionpursuit. However, this is not the criterion optimisedby factoranalysis,
which, in general,is thennot a goodmethodfor this aim. The two-dimensional
latentspaceproducedby GTM givesa qualitatively bettervisualisationof theartic-
ulatoryspacethanthatof two-dimensionallinearprojections.

4 Discussion

Latentvariablemodelscanbeusefulto presenttherelatively high-dimensionalin-
formationcontainedin theEPGsequencein awaywhichis easierto understandand
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handle.This is asignificantadvantageovergeneralprobabilitymodelsandmixtures
of them,which aresuitablefor classificationor clusteringbut not for dimensional-
ity reduction.Finite mixturesoffer thepossibilityof fitting, in a soft way, different
modelsin differentdataspaceregionsand thusoffer potentialto modelcomplex
data.However, trainingis slow andoftendifficult dueto thelog-likelihoodsurface
beingplaguedwith singularities.

For thecasesstudied,overfittingin thelog-likelihoodcanappearif thenumberof pa-
rametersof themodelis largeenough,but thereconstructionerrorpresentsasteady
decreasein boththetrainingandtestsetsfor any numberof parameters.Unidentified
models(in whichdifferent,nontrivial combinationsof parametervaluesproduceex-
actly thesamedistribution) canproducedifferentestimatesfrom thesamedataset.
This is not thecasefor factoranalysisandPCA, andseemsnot to have muchim-
portancefor mixturesof multivariateBernoulli distributions(Carreira-Perpĩnánand
Renals,1998),but mayposeproblemsof interpretationfor theothermodels.

GTM hasproven to be the bestmethodboth in log-likelihoodandreconstruction
error, despitebeing limited to a two-dimensionalspacedue to its computational
complexity. This suggeststhattheintrinsic dimensionalityof theEPGdatamaybe
substantiallysmallerthanthat suggested( z to  �! ) by otherstudies(e.g. (Nguyen
etal., 1996)).

All themethodswehavestudiedrequireknowledgeof thelatentspacedimensionor
thenumberof mixturecomponents;apossibleway to determinetheoptimalonesis
by modelselection.
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Bishop,C. M., Svenśen,M., andWilliams, C. K. I. (1998). GTM: Thegenerative
topographicmapping.Neural Computation, 10(1):215–234.
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