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ABSTRACT

Theavailability of large corpora of parallel acousticandar-

ticulatory datahasenabledheuseof statistical,data-driven,
methodsn the contet of the speeb inversion problem. This
paperexploresthe useof SupportVector Regressionfor the
mappingfromacousticparametes to electomagneticartic-

ulograph trajectoriesand compaes the outcomingresults
againstthosepresentedn other studieson the sameprob-

lemanddataset.

1. INTRODUCTION

Acoustic-to-articulatoryspeechinversion, that is, the re-
covery of articulatoryinformation from the corresponding
acousticspeechsignal is a problem that has dravn con-
siderableattentionin the speechprocessingcommunityfor
several reasons. A successfulkolution may prove bene -
cial for automaticspeechrecognitionand synthesis,be of
greatpotentialinterestfor phonetictheory and speechsci-
ence, offer articulatory feedbacksfor purposesof speech
therajy andlanguageacquisition,and enablecheapvisual-
izationsof speechin communicatiorand entertainmenap-
plications.Theproblemis challengingdueto the nonlinear
ity andnonuniguenessf the mapping.

Older studieson speechinversion[1] usuallyrelied on
articulatory synthesismodels, that were built using sparse
dataand a large degree of intuition regardingthe process
of speechproduction.However, the recentdevelopmeniand
improvementof articulatorydataacquisitiontechniqueslik e
Electromagneticdrticulography(EMA) [2], andthe result-
ing availablility of large amountsof acousticand articula-
tory datarecordedn parallel,hascreateda new option: the
trainingof statisticalearningfunctionsto mapacoustioonto
articulatoryinformation.

In this paper the inversionmappingfrom acousticpa-
rameterso EMA informationis addressed As a mapping
method,SupportVectorRegressionSVR), a relatively new
nonlinearmethodwhich hasbeenshavn to producestateof
the art resultsfor several othersupervisedegressionearn-
ing problems[3], is proposed.The mappingaddressesnly
the staticcomponent®f the EMA parametergthatis, no at-
temptis doneto estimateandincorporatedynamicaffeatures
of theEMA data.Also, asopposedo severalotherworkson
speecthinversion(e.g.[4]), no constraintn phoneticinfor-
mationareused.

Thissystenis comparedgainsthosepresentetby Rich-
mond et al. [5] (also Richmond[6]), Todaet al. [7] and
Richmond[8]. It is demonstratedhatthe systemperforms
betterthan the correspondingaselinesystems(which ad-
dressexactly the sameproblemof estimatingstaticcompo-
nentsof the EMA data)andcomparablyto the nal systems

(which introducefurther constraintsto the mapping). The
main reasorfor choosingtheseparticularworksto compare
with is thatthey usethe samedatasetnamely datafrom the
MOCHA database.

It shouldbe notedbeforehandhatthe methodpresented
hereindoesnot explicitly dealwith the nonuniquenesgrop-
erty of the speechinversionproblem. In contrastwith other
speechinversionmethodsthat produceseveral articulatory
hypothese$or a singlespeeclsegment(e.g[9]), the method
presentedhereleadsto a singleestimationof thearticulatory
state.An implicit assumptionve makeis thatthearticulatory
stratgy employedby eachspealerin the MOCHA database
may not changesigni cantly duringtherecordingsession.

The restof the paperis organizedasfollows: Section2
brie y describessupportVectorRegressionijn particularthe
e-SVR algorithm. Section3 describeshedataandtheir pro-
cessingin orderto derive input-outputvectorssuitablefor
theregressioralgorithm. Sectiord presentsesultsandcom-
paresthemagainstthosefoundin the aforementionedtud-
ies. Section5 presentsur conclusions.

2. SUPPORT VECTOR REGRESSION

Basedon n real d-dimensionaltraining input vectorsx; 2
Rd:i = 1;::::n; andassociatedeal outputscalarvaluesy; 2
R;i = 1;:::;n; the basice-SVR algorithm[3] seeksto esti-
matea linearfunction

f(x) = hw;xi + b (1)

(wherew isad-dimensionatealvector bisarealscalarand
h;:i denotegheinnerproduct),suchthatfor previously un-
seendata(x;y) 2 R® R, generatedrom the sameunderly-
ing processasthetrainingdata,thevalue f (x) approximates
thevaluey aspreciselyaspossible.In otherwords,thefunc-
tion f shouldbeableto generalizevell to previously unseen
data,aslongasthey applyto thesamegunknown) probability
distribution P(x;y) asthetrainingdata. In orderto achieve
this, the e-SVR algorithmattemptgo minimizethe quantity
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where

jyi f(xi)je= max Oy f(xi)i eg ®)

is the so-callede-insensitve loss function, with e being a
smallpositive realscalarwhile C is apositive realscalarand
k:k denotegshenorm. Theparamete€ determinesghetrade-
off betweenthe regularizationfactor kwk? and the mean
trainingerror2 &L jyi  f(Xi)je.



It canbeshavn [10] thattheminimizationof (2) is equiv-
alentto thefollowing quadraticoptimizationproblem:

maximize

n n
ed(a+a)+aa ay
i i=1

i=1 i=

19
5 d (& a)(a aj) XiXj 4)
ij=1
subjectto
C Qo
0 ajg —ii=Luinandg(a a)=0
i=1

wherethea;a areLagrangemultipliers. Theestimatedunc-
tionis then

(0= &a a)ixi+b (5)
i=1

wherea;a arethe solutionsto the optimizationproblem(4)
andb is easily calculatedfrom the KKT conditionsfor the
problem[10]. Thereare three casesfor the optimal val-
uesof a;a , for everyi: it will beeithera = 0;a 6 0, or
a6 0,3 = Oora = a = 0. Forthe rst two casesthe
correspondingdraining input vectorsare called the support
vectors.Apparently the estimatedunction (5) depend®nly
on these. Usually the supportvectorsareonly a fraction of
thetraininginputvectors andso,thesolutionthatthee-SVR
algorithmleadsto is sparseonthetrainingdata.

As presentedofar, the e-SVR algorithmleadsto alinear
regressiorfunction. It is extendedo the nonlinearcasewith
the introduction of a nonlinearmappingx 7! F(x) of the
input vectorsfrom their original spaceto a new one,called
thefeaturespace Practically thisis achieredby substituting
the inner productsin Equations(4) and (5), with a kernel
functionk(x;x9.

A usualchoicefor thekernelfunctionis thegaussiarker-

nel
k(x;x9% = exp( gkx  x%?); (6)

wherethe paramete is to be selectedoy the user(andso
aretheparameter€ ande in the optimizationproblem).

3. DATA DESCRIPTION AND PROCESSING

The MOCHA database[11] includes four data streams
recordedconcurrently: the acousticwaveform (thatis later
labeledat the phonemidevel), laryngographglectropalato-
graphand electromagneti@rticulographdata. The speak-
ers are recordedreadinga set of 460 British TIMIT -style
sentencesyhich are designedto provide phoneticallydi-
versematerialandcapturewith goodcoverageheconnected
speechprocesse English. The original planwasthatthe
databas&vouldfeatureupto 40 spealerswith avarietyof re-
gionalaccentsbut atthetime of conductinghe experiments
presentedn this paperonly from two spealersonly where
checledandavailable.

MOCHA includes electromagnetic articulography
(EMA) informationfor the coils shovn in Figurel. Thetwo
coilsatthebridgeof the noseandthe upperincisorsareused
for the normalizationof the datafrom the rest. Seven coils,
locatedat the lower incisors (li), upperlip (ul), lower lip
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Figurel: EMA sensorcoilsin the MOCHA database.

(I, tonguetip (tt), tongueblade (tb), tonguedorsum(td)
and velum (v), offer useful location information, namely
trajectoriesof the projectionsof their positionon two axes
on the midsagittalplane: onewith directionfrom the front
to the backof the head(x-axis) andonewith directionfrom
the bottom to the top of the head(y-axis). In the rest of
this paper the information o ws from individual coils on
individual axeswill bereferredto asEMA channelsandwill
be designatedwith the initial letters of the corresponding
articulator using the the axis name as a subscript; e.qg.
channellix will referto the projectionof the positionof the
coil placedon thelowerincisorsonthe horizontalaxis.

We processhesealatain asimilarway asdescribedn [6].
First,basednthelabel les, all EMA datacorrespondingo
silentpartsfrom the beginningandendof the utterancesre
omitted. During silent stretcheshe articulatorscan possi-
bly take ary con guration, somethingthat could poseseri-
ousdif culties to thetaskathand.The EMA trajectoriesare
thenresampledrom 500Hz to 200Hz. Sincethearticulators
moverelatively slowly, crucialinformationis notlost. At the
sametime thetrajectoriesaresmoothedusinga low-passl-
terin orderto lessernthe effect of measuremerroise.

The meanvaluesof the EMA trajectoriescalculatedfor
every utterancevary considerablyduring the recordingpro-
cess.Therearetwo kindsof variation: rapid changesgdueto
the phonemiccontentof eachutteranceandslovly moving
trends,mainly dueto the fact that the subjects articulation
adaptsin certainways during the recordingsession6]. It
is usefulto remove from the EMA datathe secondtype of
variation,while keepingthe rst, whichis achievedby sub-
tractinga low-passedltered versionof the channelmeans
from the EMA data.

Finally, the valuesof the channelsare centeredat zero
and scaledby four times their standarddeviations so that
theirvastmajority fallsin theinterval (  1;1) (thisis adetail
relevantto the e-SVR softwareimplementatiorused).

Regardingtheacousticspeectsignalsilentpartsfrom the
beginning andend of the utterancesreagainomitted. Per
ceptualLinear Predictve analysis[12] is performedon the
acousticsignalwith theHTK Toolkit [13], usingaHamming
window of 16ms(256 points— the speectsignalis sampled
at 16 kHz) with a shift of 5ms(to matchthe200Hz sampling
rateof the EMA trajectories).12 ceplifteredMF-PLPs[14]



plusthelogarithmicenepy of thesignalcomprisethevector
of parametersxtractedfrom every speecHrame. Thosepa-
rametersrethennormalizedacrosgshewholedatasesothat
they have zeromeanandunity standardieviation.

Input vectorsspanningover a large numberof acoustic
framesare constructed. Thesevectorsinclude the acoustic
parametersf 17 frames:theframein questionplus8 previ-
ousones plus8 following ones.Thetime shift betweeradja-
centframesfor this constructionis 10ms(thatis, onein two
of the previously derived vectorsof parametersire usedfor
this construction). Thus, every 221-dimensionainput vec-
tor includesinformationcorrespondingo roughly 160 msof
speech.Small scaleexperimentsindicatedthat this wasan
optimalconstructiorfor thetaskathand.

4. EXPERIMENTS AND RESULTS

Consideringevery EMA channelasa separateindependent
case,the problemof mappingthe acousticvectorsderived
from the speectsignalontoEMA informationbecomes se-
riesof fourteendistinctregressiorproblems.The e-SVR al-
gorithmis calleduponin orderto solve them.

First, only datafrom the fsewO spealer of the MOCHA
databasea femalewith a southernEnglishaccent,are con-
sidered. Out of the 460 utterances368 are chosento con-
stitutethe training set. Thesecorrespondo 198,730input-
outputexamplesfor every EMA channel.Iln orderto reduce
trainingtimes,a smallerpracticaltrainingset(39,746exam-
ples)is constructedby selectinghe rst outof every vecon-
secutve candidatdrainingexamplegin away, anamountof
redundang presentin the information amongneighboring
input-outputpatternsis assumed).This latter setis actually
usedfor trainingthe e-SVR algorithm.

46 utteranceq25,022examples)constitutethe test set,
and46 areputaside.Careis taken,sothatthe utterancese-
lectedfor eachsetcorrespondxactly with the onesusedby
Richmond[6], in orderto have a directcomparisorbetween
the approachegthe 46 sentenceshat are put asideactually
correspondo Richmonds developmentet).

The gaussiarkernelis usedwith the e-SVR algorithm,
with g= 1=221(221is the dimensionalityof the input vec-
tors). The otherparameter®f the algorithmare chosenas
C= 0:5, e= 0:05. Again, smallscaleexperimentsndicated
that theseare nearoptimal choices(“near” meaningthat a
deepersearchwould not leadto signi cant improvementof
theresults). TheLibSVM software[15] is employedfor the
implementatiorof the method.

At testing,after both the actualvaluesof the channelsy,
andthe correspondingaluesof the estimatefunction f(x;)
are scaledback by multiplying by four times the standard
deviation of the correspondinghannelthe RMS error over

thewholetestsetis calculatedas:
S
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wherem is the numberof examplesn thetestset. The RMS

errormeasureshe overall distancebetweerthe original and

estimatedtrajectories. The Pearsorcorrelation,calculated
as:
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channel Egrms r

liy 0.87 0.603
liy 1.13 0.820
uly 0.93 0.621
uly 1.09 0.744
[y 1.17 0.637
[y 2.34 0.816
tty 2.21 0.834
tty 2.24 0.875
thy 2.07 0.831
tby 1.88 0.871
tdy 1.94 0.812
tdy 1.97 0.798
Viy 0.36 0.847
Vy 0.34 0.834

average 1.47 0.782

Tablel: Cumulatveresultsonthetestsetfor spealerfsew0.
RMS valuesaremeasuredn millimeters.

channel Egrms r

liy 0.49 0.711
liy 0.88 0.821
uly 0.63 0.642
uly 1.08 0.755
[y 1.06 0.747
[y 1.62 0.849
tty 2.48 0.794
tty 2.84 0.834
thy 2.19 0.788
tby 1.91 0.858
tdy 2.13 0.768
tdy 1.85 0.824
Viy 0.44 0.766
Vy 0.97 0.674

average 147 0.774
Table2: Cumulativeresultsonthetestsetfor spealkermsakO.
RMS valuesaremeasuredh millimeters.

(whereoverlinesdenotemeanvaluesoverthetestset),quan-
ti es thesimilarity in shapeandsynchroly betweerthe tra-
jectories.

Theseresultsare presentedn Table 1. Figures2 and3
shav the actualandestimatedrajectoriesfor a single utter
ancefrom the testset. The gures include corresponding
phonemesgwith IPA symbols)bhasedhe phonemidranscrip-
tions provided with the MOCHA database Careshouldbe
taken however: the phonemidabelingof MOCHA is there-
sult of anautomaticalignmentprocessandconsideregrone
to errors.

The processdescribedso far is repeatediusing, both in
training and testing, datafrom the msakO spealer of the
MOCHA databasea male with a northernEnglishaccent.
Table2 presentsheseresults.

The resultsin Tables1 and2 may be comparedagainst
thosereportedn previousattemptsonthemappingusingthe
samedataset.Richmondet al. in [5] (also Richmond[6])
useda Multilayer Perceptrorto mapfrom lterbank coef-
cientsto EMA informationfor thefsewO spealer. They sam-
pledthe EMA trajectoriesat 100 Hz, asopposedo the 200
Hz samplingrateusedin this paper They reportedan aver



Figure 2: Actual (dashedines) and estimated(solid lines)
EMA trajectorieqX-coordinatesyhenspealer fsew0 utters
the phrase:“The speechsymposiummight begin on Mon-
day”. Verticalaxes: valuein millimetersof X-coordinateof
coil in questionusingthe meanpositionof coil on upperin-
cisorsasorigin. Horizontalaxes: time in seconds.Channel
namesareshavn in the top-left cornerof the boxes.

age(overthefourteenchannelsRMS errorof 1.62mm and
an averagePearsorcorrelationof 0.739. As a secondstep
of their approaclthey employed Mixture Density Networks
reportinga relative increaseof 9.3% on a measuredverage
likelihoodscoreovertheMLP. As alreadymentionedthetest
setusedin this paperconsistof the exactsameutterancess
in Richmondetal.

Todaetal. [7] alsosampledhe EMA trajectoriesat 100
Hz. As their baselineexperimentthey useda GaussiaMix-
ture Model basedmappingalgorithmin orderto map mel-
cepstralcoefcients to the static EMA features. They re-
portedaverageRMS errorsof 1.63 mm for spealer fsew0
and1.54mm for spealker msak0.They did notchoosea spe-
ci ¢ testset;they ratherreportedcrossvalidationresults.

Both Richmond(in [6]) and Todaet. al smoothedthe
estimatedrajectoriesusing a seriesof low-pass lters with
incrementalcutoff frequenciesand, independentiyfor each
EMA channelselectedhe cutoff frequeng thatminimized
the RMS error. This lead Richmondto an averageerror of
1.57 mm (averagecorrelationwas 0.758) and Toda et. al
to 1.49 mm, for the fsewO case. Application of the same
stratgyy to the resultsof the e-SVR algorithm usedin this
paperleadsto the resultspresentedn Table 3, for spealer

Figure 3: Actual (dashedines) and estimated(solid lines)
EMA trajectorieqY-coordinatesyvhenspealer fsewO utters
the phrase:“The speechsymposiummight begin on Mon-
day”. Vertical axes: valuein millimetersof Y-coordinateof
coil in questionusingthe meanpositionof coil on upperin-
cisorsasorigin. Horizontalaxes: time in seconds Channel
namesareshawn in thetop-left cornerof the boxes.

fsewO.

Todaet al. wenton to incorporatedynamicfeaturesin
their approachyia a parametegeneratioralgorithmbased
onMaximumLik elihoodEstimation.They achievedaverage
RMSerrorsof 1.45mmbeforesmoothingand1.44mmafter
smoothingon spealer fsewO.

Quite recently Richmond[8] reportedthe introduction
of dynamicfeaturesto his MDN setup. He reportedresults
for EMA channelgty (RMS error2.22,correlation0.84),tty
(2.31,0.87),tbx (2.13,0.82),tby (1.93,0.86),tdx (1.91,0.82)
andtdy (1.92,0.81).

5. CONCLUSION

This paper demonstratedhat the application of Support
Vector Regressionto the task of estimatingEMA trajecto-
ries from the speechsignalin a spealer-dependensetupis
promising, basedon the comparisonof the resultsagainst
thoseachieved in other studiesin the literature using other
statisticallearning methods. The methodconsideredonly
staticfeatureof theEMA information. Theresultspresented
might beimprovedwith afurtherintroductionof dynamicor
phoneticconstraints.

In our experimentalsetup thetraining parameter¢C, e,



channel cutoff Ervs r

lix 2.0 0.86(2.01%) 0.622(3.16%)
liy 3.7 1.11(1.37%) 0.825(0.66%)
uly 1.7 0.90(2.86%) 0.651(4.86%)
uly 26 1.07(2.62%) 0.759(1.98%)
[y 1.9 1.15(2.16%) 0.657(3.08%)
[y 3.7 2.31(1.36%) 0.822(0.71%)
tty 29 2.17(2.03%) 0.842(1.07%)
tty 4.3 2.20(1.80%) 0.881(0.65%)
thy 3.2 2.03(1.80%) 0.839(0.94%)
thy 3.2 1.84(2.29%) 0.877(0.74%)
tdy 3.3 1.91(1.70%) 0.820(0.95%)
tdy 2.8 1.92(2.36%) 0.808(1.32%)
Vi 9.2 0.36(0.63%) 0.849(0.30%)
Vy 3.8 0.34(1.05%) 0.838(0.49%)
average 1.44(1.86%) 0.792(1.49%)

Table3: Cumulative resultson thetestsetfor spealer fsew0,

aftersmoothing.The “cutoff” columnshaws the cutoff fre-

guengy of the “best” low-passlter in Hz. The numbersin

the parenthesearethe relative improvementsof the results
overtheonespresentedh Tablel.

g andthe size of the input context window) werechosenso
asto optimizeperformancenthefourteenEMA channelsn
total. It mightbethe caseglandmorerecentexperimentsndi-
cate)thatachannel-speci omptimizationof theseparameters
improves channel-speci cresults. Nonethelesssucha be-
havior shouldbethoroughlytested(perhapsisingdatafrom
morespealers)to checkwhetheriit is systematior not.

Anotherpoint (which might contardictthe previousone)
is thatwe believe thatfuture attemptson the problemshould
take more explicitly into accountits temporaland spatial
structure Whatwe (andto ourknowledge theothermethods
presentethere)dois treatthe problemasaseriesof relatively
independenstaticmappingproblems.The concatenatiomf
input vectorsor the a posterioriintroductionof dynamical
constraintgloesnot, to our belief, fully accountor temporal
structure. The spatialinter-correllationsamongarticulatroy
trajectoriesare not exploited. Learningproblemsinvolving
structuredspacess the subjectof mary recentstudiesin the
machineearning eld (e.g.[16]).

Yet, the problem statedas: “How can a set of inter-
correlatedime-seriedepredictedrom anothersetof (inter-
correlated}time-series?’is open. A de niti ve answerto it
may prove bene cial not only for the speechinversion eld
but alsoto scienti ¢ areasextendingfar beyond speechpro-
cessing.
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