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ABSTRACT

We present a latent variable approachto the acoustic-to-
articulatorymappingproblem wheredifferentvocaltractconfigu-
rationscangive riseto the sameacousticsIn latentvariablemod-
elling, the combinedacousticandarticulatorydataareassumedo

have beengeneratedby anunderlyinglow-dimensionaprocessA

parametrigorobabilisticmodelis estimatecand mappingsarede-
rived from the respectie conditionaldistributions. This hasthe
adwantageover othermethods suchasarticulatorycodebookor

neuralnetworks, of directly addressinghe nonuniquenesprob-
lem. We demonstrateur approactwith electropalatographiand
acousticdatafrom the ACCORdatabase.

1. INTRODUCTION

Recentlytherehasbeenagroving avarenesén the speechrecog-
nition field that blind sciencebasedon acousticalinformation
alonemightnottendto moreimprovementsof stateof theartcom-
putationaimethodf speectproduction[5]. Blind sciencemeans
herethe use of complex genericstatisticalmodels(e.g., hidden
Markov modelsor neuralnetworks) thatcould be usedfor the de-
scriptionof ary physicalphenomenoiecausé¢he strongassump-
tions that they malke canusually be overcomeby having a large
numberof parametersind of training data. While thesemethods
canbe appliedsuccessfullyto a wide rangeof phenomenathere
seemgo bealimit ontheir speechrecognitionperformancenas-
muchasthey aresolelyacoustionodels.

Incorporatingadditional knowledge aboutthe speechprocess
canbe donein several ways. For example,the hiddendynamic
model of [8] addssomeconstraintsderived from the mechanics
of the articulatorysystem,in the form of a Kalmanfilter. In our
approachwe simply useacousticfeaturevectorsaugmenteavith
articulatorycomponentand let the latentvariablemodelinfer a
hiddenrepresentatiomvithout enforcingary external constraints.
Smoothnesss anintegral partof our model,which thereforedoes
notrequireary ad-hocmodule.

While this approachis very generaland can be applied to
speechrecognition(e.g. by usingthe latentvariablesasfeatures),
in this paperwe concentraten its suitability to the acoustic-to-
articulatorymappingproblem.

2. INVERSE PROBLEMS

An inverseproblemoccurswhenthereis a one-to-may associ-
ation betweenvariables. Inverse problemsposegreattheoreti-
cal and computationaldifficulties. An exampleis the problem
of the acoustic-to-articulatorynapping. It is well known that,
while givenatime sequencef vocaltractconfigurationghereis
a unigueoutputacousticsignal,the converseis not true: multiple

vocaltractconfigurationsanproducea given acousticsignal[9].
A numberof approachefave beenappliedwith limited success,
includingarticulatorycodebook@ndneuralnetworks.
Probabilisticmodelsoffer a significantadwantageover these
methodsn thatit is possibleto obtainmary-to-onemappingsoe-
tweenthe variablesheing modelled. By training the modelwith
both acousticandarticulatorydata,it is thenpossibleto compute
conditionaldistributionsof the acousticvariablesgiven the artic-
ulatory onesandvice versa. A one-to-onemappingwill resultin
a unimodaldistribution, while a mary-to-onemappingwill result
in a multimodalone. In both casesthe modesof the conditional
distribution canbetaken asthe solutionto invertingthe mapping.
In this paper the articulatoryvariableswill be electropalato-
graphic (EPG) frames, ratherthan the positionsof the different
articulatorsdueto thelack of amoreappropriatedataset. In this
case,the mappingEPG — acousticsignalis mary-to-one(since
differentphonemesnay correspondo the sameEPGframe).

3. GENERATIVE MODELLING USING LATENT
VARIABLES

In latentvariable modelling the assumptioris that the obsered
high-dimensionaldatat is generatedrom an underlying low-
dimensionabprocesglefinedby a small numberL of latentvari-
ablesx [1]. The latentvariablesare mappedby a fixed transfor
mationinto a D-dimensionabdataspaceandnoiseis addecthere.
Theaimis to learnthelow dimensionabeneratingprocessalong
with a noisemodel,ratherthandirectly learninga dimensionality
reducingmapping. Note that the low-dimensionarepresentation
is abstracandmaynotnecessarilypeinterpretablén termsof ary
physicalvariables. Latentvariable modelshave beenappliedto
datareductionof EPGdatain [4].

A latentvariablemodelis specifiedby a prior in latentspace
p(x), a smoothmappingf from latentspaceto dataspaceand
a noise model in dataspacep(t|x). Thesethree elementsare
equippedwith parametersvhich we collectively call ®. Integrat-
ing thejoint probability densityfunctionp(t, x) over latentspace
givesthe mauginal distribution in dataspacep(t). Givenan ob-
sened samplein dataspace{t,}A_, of N D-dimensionalreal
vectorsthathasbeengeneratedby an unknavn distribution, a pa-
rameterestimatecan be found by maximisingthe log-likelihood
of the parameter$(®) = Zln":l log p(t,|®), typically usingan
EM algorithm.

We considetthefollowing latentvariablemodels for whichEM
algorithmsareavailable:

Factor analysis [1], in which the mappingis linear, the prior in
latentspaces unit Gaussiarandthe noisemodelis diagonal
GaussianThe maginal in dataspaces thenGaussiarwith
aconstraineatovariancematrix.
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Figurel: Schematiof alatentvariablemodelwherethe obsered dataconsistof EPGpatternsandPLP coeficients.
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Figure2: A unimodal(dottedline) anda multimodalconditional
distribution (solid line). Thevertical,dashedinesmarkthemodes
andthemeans.

Principal component analysis (PCA), which canbe considered
a particularcaseof factoranalysiswith isotropic Gaussian
noisemodel[10].

The gener ative topogr aphic mapping (GTM) [2] is anonlinear
latent variable model, wherethe mappingis a generalised
linearmodel,theprior in latentspaces discreteuniformand
the noisemodelis isotropic Gaussian.The maginal in data
spacsds thena constrainednixture of Gaussians.

3.1. Regression in latent variable models

Oncethe latentvariablemodel hasbeentrainedusing datafrom

theobsered spacgthatis, vectorsconsistingof bothacousticand
articulatoryinformation),we have aprobabilisticmodelp(x, t) for

all thevariablesof interest.For simplicity of notation,we omit the
dependencen the parameterandthe model. Using the standard
operationsof maginalisationand conditioning, it is possibleto

obtainthedistributionsof ary variable(s)with respecto ary other
variable(s). For example,to find the distribution in latentspace,
we computethe posteriordistribution of the latentvariableswith

respecto theobseredones,

p(tx)p(x)
p(t)

which leadsto dimensionalityreductionandhasbeeninvestigated
in [4]. Here, we constructconditionaldistributions of the form
p(ts|tz) whereZ,J € {1,...,D} aresetsof indicesand D
is the dimensionalityof the obsered space. For example, if
T = {1,7,3}, thentz = (t1trt3). Froma conditionaldistribu-
tion p(ts|tz) it is possibleto constructa functionalrelationship
ty = f(tz) providedthatthe entrogy of this conditionaldistribu-
tionislow. Thatis, giventz, only asmallregionof thespaceof t 5
shouldhave nonngligible probability mass:p(t 7|tz) is sharply
pealed. To derive a functionalrelationshipy = f(z) from acon-
ditional distribution p(y|z), onecantake a pointthatcorveniently
summarisetheinformationcontainedn p(y|z), e.g.,themeanor
themode(s)If p(y|z) is unimodal(like thedottedcurwein fig. 2),
the meanwill usuallybe nearthe mode(valueys). Butif p(y|z)
is multimodal(like thesolidcurwein fig. 2), theneachmodeis po-
tentiallyavalid solution(valuesy, y2, ys), while themean(value
y3) maybeamisleadingestimatsdf it liesin alow-probabilityarea
(however, on the averageit may have a lower reconstructiorer
ror, aswe shaw below). This is the casewith inverse problems
suchasthe acoustic-to-articulatorynapping,whereone-to-mam
mappingsmay appear The advantageof probabilisticmethodss
thatin principleit is possibleto find all possiblevaluesof y asa
functionof z (for agivenvalueof z) by locatingall the modesof
p(y|z). For thelatentvariablemodelsinvestigatechere the distri-
bution p(t) in obsered spaceis either Gaussiar(factoranalysis,
PCA)or amixtureof isotropicGaussianéGTM), andsop(t 7|t z)
is againGaussiaror a Gaussiammixture, respectrely. The Gaus-
siancaseoffers no problemasthe meancoincideswith the mode
andthedistributionis unimodal.For Gaussiamixtures,it is possi-
bleto find all themode<efficiently usinggradientascentombined
with quadraticoptimisationstartingfrom eachcentroid[3]. Spu-
rious modesmay be discardedf their probability is lower thana
suitablethreshold.Additionally, it is possibleto obtainerrorbars

p(x|t) =
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(i.e.,aconfidencentenal) ateachmodeby locally approximating
the densityfunction by a normaldistribution. However, if the di-
mensionalityof t 7 is high,theerrorbarsbecomevery wide dueto
thecurseof thedimensionality

4. PREDICTION OF PLP COEFFICIENTSAND EPG
PATTERNS

To demonstratéhe ability for regressiorof latentvariablemodels,
we trainedthreedifferentmodelsusinga small subsef the AC-
CORdatabasg7]. This databasejesignedor the cross-language
studyof coarticulationcontainselectropalatographgndacoustic
measurement@mongothermeasurementdpr utterancesn dif-
ferentEuropeanianguagesand varying speechstyles(slow, fast,
etc.). We selectedhe utteranceé'Put your hat on the hatrackand
your coatin the cupboardfor spealkr FG andcomputedrom its
acousticwaveform 12th-orderPLP coeficients[6] plus the log-
enegy at 200 Hz. The EPGdataconsistsof 62-bit framessam-
pled at 200 Hz, which we consideras 62-dimensionalectorsof
real numbers,with componentsndexed from 1 (top left) to 62
(bottomright). Thus,theresultingsequenceonsistef over 600
75-dimensionalreal vectors,and was split into a training (80%)
andatest(20%) set.All thedatausedwereunlabelled.

The modelstrained were factor analysis(FA) with 9 factors
(= dimensionalityof latentspace),principal componentanalysis
(PCA) with 9 principal componentg= dimensionalityof latent
space)ndthe generatre topographianapping(GTM) with ala-
tentspaceof dimensior2 anda 20 x 20 grid.

In fig. 3 we usedGTM to reconstrucpartsof the EPGframe
given other parts of it. Note how the reconstructedpatternis
slightly differentwhenthe left half is given thanwhenthe right
halfis given,revealingasymmetryin thetonguemovement.When
thebottomhalfis given,thedistributionfor thetop half happenso
be multimodal,with several patterngcorrespondingo openvow-
els andalveolars)becomingpossible. Determiningwhich one of
thesepatterngs thetrueonewould requireadditionalinformation,
suchasthe previousEPGframein the sequencer the PLP coefi-
cientsin thisframe.

Tables1 and2 shaw resultsfor the reconstructiorerror of the
EPG frame given the PLP coeficients and vice versa. For the
linearnormalmodels(FA andPCA),theconditionaldistributionis
alwaysnormalandsotheonly pointto considerto reconstructhe
vectoris theconditionalmean(equalto theconditionalmode).For
GTM, wetriedthreepossibilities:theconditionalmean;itheglobal
conditionalmode(g-mode),i.e., the modewith highestprobabil-
ity; andthe conditionalmode closestto the vectorto be recon-
structed(c-mode). The c-modegivesa lower boundfor the error
usingary kind of mode,but it is unknavn a priori. We useit here
to seehow goodthemodescanperformoverthemean.

Theaverageerror Es = % Ef:’:l 6(£n — t,), wheret,, is the
true vectorandt,, the reconstructedne, was computedfor two
differentdistancesthe quadratiocnormd(t) = [|t||5 = Zletﬁ
andthemaximumnormé(t) = ||t|| ., = maxg=1,.. b |t4|.

Regardingmethodcomparisonthe tablesshav that GTM at-
tainsthesmallesterrorof ary kind in almostall caseswhile PCA
hasthehighesterror, atnotmuchdistancerom FA. Thereasorfor
PCA performingworsethanFA maybethefactthatPCAassumes
an isotropic error noise, but our variableshave differentranges
andvariancege.g.the EPGvariablesarein [0, 1] while the log-
enepy isin [1, 5] approximately). GTM alsousesanisotropicer

ror noise(althoughit is possibleto extendit to a generaldiagonal
noisemodel) but it compensateby having a nonlinearmapping.
Thereforethe useof a nonlineamrmappingis of paramountmpor
tanceasanonlinearmodelwith alatentspaceof dimensior2 can
outperformlinearmethodswith latentdimensionalityof 9.
Regardingthe useof the meanor a mode,the averagerecon-
structionerrorsfor GTM shav thatthe meanperformsbetterthan
the globalmodein mostcasedut worsethanthe closestmodein
all casesWe employed a fourth stratgy, not shavn in thetables,
wherethe meanis usedif the conditionaldistribution is unimodal
andthe global modeif it is multimodal. This gave anerror virtu-
ally equalto thatof theglobalmode whichindicateghatthediver
genceoccursin multimodalconditionaldistributions.We conclude
thatthe bestpredictoris oneof the modes but not necessarilyhe
modewith the highestprobability Without ary additionalinfor-
mationit is not possibleto tell a priori which modeis the best.

5. DISCUSSION

We have presentedh classof probabilisticmodelswhich is able,
by constructingconditionaldistributionsand deriving from them
functionalrelationshipsto performdimensionalityreductionand
multivariate regressionfor one-to-may mappings. We have
shavedits applicabilityto inverseproblems suchasthe acoustic-
to-articulatorymapping. Both acousticand articulatorydataare
usedfor training,but only theacousticarenecessarjor testing.

A regressioncan be seenas missing dataimputation, where
giventhe presentvaluestz, the missingvaluest s areto befilled
in using the knowledge of the distribution p(t 7 |tz). Thus,the
sameformalismappliesto missingdataimputation.

Ourmodeldoesnot currentlycontemplateéhe dynamiccharac-
ter of speechwhich is necessaryo predictthe articulatoryvari-
ablesfrom theacousticones.However, continuity constraintsnay
be appliedin the latentspace sothatof all the conditionalmodes
only thosethatgive a continuoudrajectoryin latentspacearese-
lected.

A potentialproblemof this approachis that the dimensionof
the latent spacehasto be fixed in adwance,althoughan optimal
one could be found by cross-alidation. An additionalproblem
of methodsthat samplethe latentspace like GTM, is thattheir
computationatostgrows exponentiallywith the dimensionof the
latentspace.
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computethedistribution of the EPGpartgreyedout (the unknavn values)conditionalon the EPGpartwhichis not greyed out (theknown
values).Themodesaregivento theright of thearrow, labelledwith their normalisedorobabilityif thereis morethanonemode.In all four
casesthemean(marked*) coincidedapproximatelywith oneof themodes.Notetheleft-rightasymmetry
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