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ABSTRACT
Theavailability of largecorpora of parallel acousticandar-
ticulatorydatahasenabledtheuseofstatistical,data-driven,
methodsin thecontext of thespeech inversionproblem.This
paperexplorestheuseof SupportVectorRegressionfor the
mappingfromacousticparameters to electromagneticartic-
ulograph trajectoriesand compares the outcomingresults
against thosepresentedin other studieson the sameprob-
lemanddataset.

1. INTRODUCTION

Acoustic-to-articulatoryspeechinversion, that is, the re-
covery of articulatory information from the corresponding
acousticspeechsignal is a problem that has drawn con-
siderableattentionin the speechprocessingcommunityfor
several reasons. A successfulsolution may prove bene�-
cial for automaticspeechrecognitionand synthesis,be of
greatpotential interestfor phonetictheory and speechsci-
ence, offer articulatory feedbacksfor purposesof speech
therapy andlanguageacquisition,andenablecheapvisual-
izationsof speechin communicationandentertainmentap-
plications.Theproblemis challenging,dueto thenonlinear-
ity andnonuniquenessof themapping.

Older studieson speechinversion[1] usually relied on
articulatorysynthesismodels,that were built using sparse
dataand a large degreeof intuition regardingthe process
of speechproduction.However, therecentdevelopmentand
improvementof articulatorydataacquisitiontechniques,like
ElectromagneticArticulography(EMA) [2], andthe result-
ing availablility of large amountsof acousticand articula-
tory datarecordedin parallel,hascreateda new option: the
trainingof statisticallearningfunctionsto mapacousticonto
articulatoryinformation.

In this paper, the inversionmappingfrom acousticpa-
rametersto EMA information is addressed.As a mapping
method,SupportVectorRegression(SVR), a relatively new
nonlinearmethodwhich hasbeenshown to producestateof
the art resultsfor several othersupervisedregressionlearn-
ing problems[3], is proposed.Themappingaddressesonly
thestaticcomponentsof theEMA parameters;thatis, no at-
temptis doneto estimateandincorporatedynamicalfeatures
of theEMA data.Also, asopposedto severalotherworkson
speechinversion(e.g. [4]), no constraintson phoneticinfor-
mationareused.

ThissystemiscomparedagainstthosepresentedbyRich-
mond et al. [5] (also Richmond[6]), Toda et al. [7] and
Richmond[8]. It is demonstratedthat the systemperforms
better than the correspondingbaselinesystems(which ad-
dressexactly thesameproblemof estimatingstaticcompo-
nentsof theEMA data)andcomparablyto the�nal systems

(which introducefurther constraintsto the mapping). The
mainreasonfor choosingtheseparticularworksto compare
with is thatthey usethesamedataset;namely, datafrom the
MOCHA database.

It shouldbenotedbeforehandthatthemethodpresented
hereindoesnotexplicitly dealwith thenonuniquenessprop-
erty of thespeechinversionproblem. In contrastwith other
speechinversionmethodsthat produceseveral articulatory
hypothesesfor a singlespeechsegment(e.g[9]), themethod
presentedhereleadsto asingleestimationof thearticulatory
state.An implicit assumptionwemakeis thatthearticulatory
strategy employedby eachspeaker in theMOCHA database
maynot changesigni�cantly duringtherecordingsession.

The restof the paperis organizedasfollows: Section2
brie�y describesSupportVectorRegression,in particularthe
e-SVRalgorithm.Section3 describesthedataandtheirpro-
cessingin order to derive input-outputvectorssuitablefor
theregressionalgorithm.Section4 presentsresultsandcom-
paresthemagainstthosefound in the aforementionedstud-
ies.Section5 presentsourconclusions.

2. SUPPORT VECTOR REGRESSION

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

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

(wherew isad-dimensionalrealvector, b is arealscalar, and
h:; :i denotestheinnerproduct),suchthat for previously un-
seendata(x;y) 2 Rd � R, generatedfrom thesameunderly-
ing processasthetrainingdata,thevalue f (x) approximates
thevaluey aspreciselyaspossible.In otherwords,thefunc-
tion f shouldbeableto generalizewell to previouslyunseen
data,aslongasthey applyto thesame(unknown)probability
distribution P(x;y) asthe trainingdata. In orderto achieve
this, thee-SVRalgorithmattemptsto minimizethequantity
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is the so-callede-insensitive loss function, with e being a
smallpositiverealscalar, whileC is apositiverealscalarand
k:k denotesthenorm.TheparameterC determinesthetrade-
off betweenthe regularizationfactor kwk2 and the mean
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It canbeshown [10] thattheminimizationof (2) is equiv-
alentto thefollowing quadraticoptimizationproblem:
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wherethea;a� areLagrangemultipliers.Theestimatedfunc-
tion is then

f (x) =
n

å
i= 1

(a�
i � ai) hx i ;x i + b (5)

wherea;a� arethesolutionsto theoptimizationproblem(4)
andb is easilycalculatedfrom the KKT conditionsfor the
problem [10]. There are three casesfor the optimal val-
uesof a;a� , for every i: it will be eitherai = 0;a�

i 6= 0, or
ai 6= 0;a�

i = 0 or ai = a�
i = 0. For the �rst two cases,the

correspondingtraining input vectorsare called the support
vectors.Apparently, theestimatedfunction(5) dependsonly
on these.Usually thesupportvectorsareonly a fractionof
thetraininginputvectors,andso,thesolutionthatthee-SVR
algorithmleadsto is sparseon thetrainingdata.

As presentedsofar, thee-SVRalgorithmleadsto alinear
regressionfunction. It is extendedto thenonlinearcasewith
the introductionof a nonlinearmappingx 7! F (x) of the
input vectorsfrom their original spaceto a new one,called
thefeaturespace.Practically, this is achievedby substituting
the inner productsin Equations(4) and (5), with a kernel
functionk(x;x0).

A usualchoicefor thekernelfunctionis thegaussianker-
nel

k(x;x0) = exp(� gkx � x0k2); (6)

wherethe parameterg is to be selectedby the user(andso
aretheparametersC ande in theoptimizationproblem).

3. DATA DESCRIPTION AND PROCESSING

The MOCHA database[11] includes four data streams
recordedconcurrently: the acousticwaveform (that is later
labeledat thephonemiclevel), laryngograph,electropalato-
graphand electromagneticarticulographdata. The speak-
ers are recordedreadinga set of 460 British TIMIT-style
sentences,which are designedto provide phoneticallydi-
versematerialandcapturewith goodcoveragetheconnected
speechprocessesin English. Theoriginal planwasthat the
databasewouldfeatureupto 40speakerswith avarietyof re-
gionalaccents,but at thetimeof conductingtheexperiments
presentedin this paperonly from two speakersonly where
checkedandavailable.

MOCHA includes electromagnetic articulography
(EMA) informationfor thecoilsshown in Figure1. Thetwo
coilsat thebridgeof thenoseandtheupperincisorsareused
for thenormalizationof thedatafrom therest. Sevencoils,
locatedat the lower incisors(l i), upper lip (ul), lower lip
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Figure1: EMA sensorcoils in theMOCHA database.

(l l ), 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 thebackof thehead(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
individualaxeswill bereferredto asEMAchannelsandwill
be designatedwith the initial letters of the corresponding
articulator, using the the axis name as a subscript; e.g.
channell ix will refer to theprojectionof thepositionof the
coil placedon thelower incisorson thehorizontalaxis.

Weprocessthesedatain asimilarwayasdescribedin [6].
First,basedon thelabel�les, all EMA datacorrespondingto
silentpartsfrom thebeginningandendof theutterancesare
omitted. During silent stretchesthe articulatorscan possi-
bly take any con�guration, somethingthat could poseseri-
ousdif�culties to thetaskathand.TheEMA trajectoriesare
thenresampledfrom 500Hz to 200Hz. Sincethearticulators
moverelatively slowly, crucialinformationis not lost. At the
sametimethetrajectoriesaresmoothed,usinga low-pass�l-
ter in orderto lessentheeffectof measurementnoise.

The meanvaluesof the EMA trajectoriescalculatedfor
every utterancevary considerablyduring the recordingpro-
cess.Therearetwo kindsof variation:rapidchanges,dueto
thephonemiccontentof eachutterance,andslowly moving
trends,mainly dueto the fact that the subject's articulation
adaptsin certainways during the recordingsession[6]. It
is useful to remove from the EMA datathe secondtype of
variation,while keepingthe �rst, which is achievedby sub-
tractinga low-passed�ltered versionof the channelmeans
from theEMA data.

Finally, the valuesof the channelsare centeredat zero
and scaledby four times their standarddeviations so that
theirvastmajority falls in theinterval (� 1;1) (this is adetail
relevantto thee-SVRsoftwareimplementationused).

Regardingtheacousticspeechsignalsilentpartsfrom the
beginningandendof theutterancesareagainomitted. Per-
ceptualLinear Predictive analysis[12] is performedon the
acousticsignalwith theHTK Toolkit [13], usingaHamming
window of 16ms(256points– thespeechsignalis sampled
at16kHz) with ashift of 5ms(to matchthe200Hz sampling
rateof theEMA trajectories).12 ceplifteredMF-PLPs[14]



plusthelogarithmicenergy of thesignalcomprisethevector
of parametersextractedfrom everyspeechframe.Thosepa-
rametersarethennormalizedacrossthewholedatasetsothat
they havezeromeanandunity standarddeviation.

Input vectorsspanningover a large numberof acoustic
framesareconstructed.Thesevectorsincludethe acoustic
parametersof 17 frames:theframein question,plus8 previ-
ousones,plus8 followingones.Thetimeshift betweenadja-
centframesfor this constructionis 10ms(that is, onein two
of thepreviously derivedvectorsof parametersareusedfor
this construction).Thus,every 221-dimensionalinput vec-
tor includesinformationcorrespondingto roughly160msof
speech.Small scaleexperimentsindicatedthat this wasan
optimalconstructionfor thetaskathand.

4. EXPERIMENTS AND RESULTS

Consideringevery EMA channelasa separate,independent
case,the problemof mappingthe acousticvectorsderived
from thespeechsignalontoEMA informationbecomesase-
riesof fourteendistinctregressionproblems.Thee-SVR al-
gorithmis calleduponin orderto solve them.

First, only datafrom the fsew0 speaker of theMOCHA
database,a femalewith a southernEnglishaccent,arecon-
sidered. Out of the 460 utterances,368 arechosento con-
stitutethe training set. Thesecorrespondto 198,730input-
outputexamplesfor everyEMA channel.In orderto reduce
trainingtimes,a smallerpracticaltrainingset(39,746exam-
ples)isconstructedbyselectingthe�rst outof every� vecon-
secutivecandidatetrainingexamples(in away, anamountof
redundancy presentin the information amongneighboring
input-outputpatternsis assumed).This lattersetis actually
usedfor trainingthee-SVR algorithm.

46 utterances(25,022examples)constitutethe test set,
and46areputaside.Careis taken,sothattheutterancesse-
lectedfor eachsetcorrespondexactly with theonesusedby
Richmond[6], in orderto havea directcomparisonbetween
theapproaches(the 46 sentencesthatareput asideactually
correspondto Richmond'sdevelopmentset).

The gaussiankernel is usedwith the e-SVR algorithm,
with g = 1=221(221 is thedimensionalityof the input vec-
tors). The otherparametersof the algorithmarechosenas
C = 0:5, e = 0:05. Again,smallscaleexperimentsindicated
that thesearenearoptimal choices(“near” meaningthat a
deepersearchwould not leadto signi�cant improvementof
theresults).TheLibSVM software[15] is employedfor the
implementationof themethod.

At testing,afterboththeactualvaluesof thechannelsyi
andthecorrespondingvaluesof theestimatefunction f (x i )
are scaledback by multiplying by four times the standard
deviation of thecorrespondingchannel,theRMS errorover
thewholetestsetis calculatedas:

ERMS =

s
1
m

m

å
i= 1

( f (x i ) � yi)
2 (7)

wherem is thenumberof examplesin thetestset.TheRMS
errormeasurestheoverall distancebetweentheoriginal and
estimatedtrajectories. The Pearsoncorrelation,calculated
as:
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channel ERMS r
l ix 0.87 0.603
l iy 1.13 0.820
ulx 0.93 0.621
uly 1.09 0.744
l lx 1.17 0.637
l ly 2.34 0.816
ttx 2.21 0.834
tty 2.24 0.875
tbx 2.07 0.831
tby 1.88 0.871
tdx 1.94 0.812
tdy 1.97 0.798
vx 0.36 0.847
vy 0.34 0.834
average 1.47 0.782

Table1: Cumulativeresultson thetestsetfor speaker fsew0.
RMSvaluesaremeasuredin millimeters.

channel ERMS r
l ix 0.49 0.711
l iy 0.88 0.821
ulx 0.63 0.642
uly 1.08 0.755
l lx 1.06 0.747
l ly 1.62 0.849
ttx 2.48 0.794
tty 2.84 0.834
tbx 2.19 0.788
tby 1.91 0.858
tdx 2.13 0.768
tdy 1.85 0.824
vx 0.44 0.766
vy 0.97 0.674
average 1.47 0.774

Table2: Cumulativeresultsonthetestsetfor speakermsak0.
RMSvaluesaremeasuredin millimeters.

(whereoverlinesdenotemeanvaluesoverthetestset),quan-
ti�es thesimilarity in shapeandsynchrony betweenthe tra-
jectories.

Theseresultsarepresentedin Table1. Figures2 and3
show theactualandestimatedtrajectoriesfor a singleutter-
ancefrom the test set. The �gures include corresponding
phonemes(with IPA symbols)basedthephonemictranscrip-
tions providedwith the MOCHA database.Careshouldbe
takenhowever: thephonemiclabelingof MOCHA is there-
sult of anautomaticalignmentprocessandconsideredprone
to errors.

The processdescribedso far is repeatedusing,both in
training and testing, data from the msak0speaker of the
MOCHA database,a malewith a northernEnglishaccent.
Table2 presentstheseresults.

The resultsin Tables1 and2 may be comparedagainst
thosereportedin previousattemptsonthemappingusingthe
samedataset.Richmondet al. in [5] (alsoRichmond[6])
useda Multilayer Perceptronto mapfrom �lterbank coef�-
cientsto EMA informationfor thefsew0 speaker. They sam-
pled theEMA trajectoriesat 100Hz, asopposedto the200
Hz samplingrateusedin this paper. They reportedanaver-



Figure2: Actual (dashedlines) andestimated(solid lines)
EMA trajectories(X-coordinates)whenspeaker fsew0 utters
the phrase:“The speechsymposiummight begin on Mon-
day”. Verticalaxes: valuein millimetersof X-coordinateof
coil in questionusingthemeanpositionof coil on upperin-
cisorsasorigin. Horizontalaxes: time in seconds.Channel
namesareshown in thetop-left cornerof theboxes.

age(over thefourteenchannels)RMS errorof 1.62mm and
an averagePearsoncorrelationof 0.739. As a secondstep
of their approachthey employedMixture DensityNetworks
reportinga relative increaseof 9.3%on a measuredaverage
likelihoodscoreovertheMLP. Asalreadymentioned,thetest
setusedin thispaperconsistsof theexactsameutterancesas
in Richmondetal.

Todaet al. [7] alsosampledtheEMA trajectoriesat 100
Hz. As their baselineexperimentthey useda GaussianMix-
ture Model basedmappingalgorithmin order to mapmel-
cepstralcoef�cients to the static EMA features. They re-
portedaverageRMS errorsof 1.63 mm for speaker fsew0
and1.54mm for speakermsak0.They did not choosea spe-
ci�c testset;they ratherreportedcrossvalidationresults.

Both Richmond(in [6]) and Toda et. al smoothedthe
estimatedtrajectoriesusinga seriesof low-pass�lters with
incrementalcutoff frequenciesand, independentlyfor each
EMA channel,selectedthecutoff frequency thatminimized
the RMS error. This leadRichmondto an averageerror of
1.57 mm (averagecorrelationwas 0.758)and Toda et. al
to 1.49 mm, for the fsew0 case. Application of the same
strategy to the resultsof the e-SVR algorithmusedin this
paperleadsto the resultspresentedin Table3, for speaker

Figure3: Actual (dashedlines) andestimated(solid lines)
EMA trajectories(Y-coordinates)whenspeaker fsew0 utters
the phrase:“The speechsymposiummight begin on Mon-
day”. Verticalaxes: valuein millimetersof Y-coordinateof
coil in questionusingthemeanpositionof coil on upperin-
cisorsasorigin. Horizontalaxes: time in seconds.Channel
namesareshown in thetop-left cornerof theboxes.

fsew0.
Todaet al. went on to incorporatedynamicfeaturesin

their approach,via a parametergenerationalgorithmbased
onMaximumLikelihoodEstimation.They achievedaverage
RMSerrorsof 1.45mmbeforesmoothing,and1.44mmafter
smoothingonspeaker fsew0.

Quite recently, Richmond[8] reportedthe introduction
of dynamicfeaturesto his MDN setup.He reportedresults
for EMA channelsttx (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 demonstratedthat the application of Support
Vector Regressionto the task of estimatingEMA trajecto-
ries from the speechsignal in a speaker-dependentsetupis
promising,basedon the comparisonof the resultsagainst
thoseachieved in otherstudiesin the literatureusingother
statisticallearningmethods. The methodconsideredonly
staticfeaturesof theEMA information.Theresultspresented
mightbeimprovedwith a furtherintroductionof dynamicor
phoneticconstraints.

In our experimentalsetup,thetrainingparameters(C, e,



channel cutoff ERMS r
l ix 2.0 0.86(2.01%) 0.622(3.16%)
l iy 3.7 1.11(1.37%) 0.825(0.66%)
ulx 1.7 0.90(2.86%) 0.651(4.86%)
uly 2.6 1.07(2.62%) 0.759(1.98%)
l lx 1.9 1.15(2.16%) 0.657(3.08%)
l ly 3.7 2.31(1.36%) 0.822(0.71%)
ttx 2.9 2.17(2.03%) 0.842(1.07%)
tty 4.3 2.20(1.80%) 0.881(0.65%)
tbx 3.2 2.03(1.80%) 0.839(0.94%)
tby 3.2 1.84(2.29%) 0.877(0.74%)
tdx 3.3 1.91(1.70%) 0.820(0.95%)
tdy 2.8 1.92(2.36%) 0.808(1.32%)
vx 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: Cumulativeresultson thetestsetfor speaker fsew0,
aftersmoothing.The“cutoff ” columnshows thecutoff fre-
quency of the “best” low-pass�lter in Hz. The numbersin
theparenthesesarethe relative improvementsof the results
over theonespresentedin Table1.

g andthesizeof the input context window) werechosenso
asto optimizeperformanceonthefourteenEMA channelsin
total. It mightbethecase(andmorerecentexperimentsindi-
cate)thatachannel-speci�coptimizationof theseparameters
improveschannel-speci�cresults. Nonetheless,sucha be-
havior shouldbethoroughlytested(perhapsusingdatafrom
morespeakers)to checkwhetherit is systematicor not.

Anotherpoint (which might contardictthepreviousone)
is thatwe believethatfutureattemptson theproblemshould
take more explicitly into accountits temporaland spatial
structure.Whatwe(andto ourknowledge,theothermethods
presentedhere)dois treattheproblemasaseriesof relatively
independentstaticmappingproblems.Theconcatenationof
input vectorsor the a posteriori introductionof dynamical
constraintsdoesnot,to ourbelief, fully accountfor temporal
structure.The spatialinter-correllationsamongarticulatroy
trajectoriesarenot exploited. Learningproblemsinvolving
structuredspacesis thesubjectof many recentstudiesin the
machinelearning�eld (e.g.[16]).

Yet, the problem statedas: “How can a set of inter-
correlatedtime-seriesbepredictedfrom anothersetof (inter-
correlated)time-series?”is open. A de�niti ve answerto it
mayprove bene�cial not only for thespeechinversion�eld
but alsoto scienti�c areasextendingfar beyondspeechpro-
cessing.
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