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Abstract
Westudyempiricallythebestacousticparameterizationfor

articulatoryinversion(the problemof recovering the sequence
of vocal tract shapesthatproducea givenacousticspeechsig-
nal). We compareall combinationsof the following factors:
1) popular acoustic featuressuch as MFCC and PLP with
andwithout dynamicfeatures;2) differentshort-timewindow
lengths;3) differentlevelsof smoothingof theacoustictempo-
ral trajectories.Experimentalresultson a real speechproduc-
tion databaseshow consistentimprovementwhenusingfeatures
closely relatedto the vocal tract (in particularLSF), dynamic
features,andlargewindow lengthandsmoothing(whichreduce
the jaggednessof the acoustictrajectory). Further improve-
mentsareobtainedwith a 15 ms time delaybetweenacoustic
and articulatory frames. However, the improvementattained
overothercombinationsis verysmall(atmost0:3 mmRMSE).
Index Terms: acoustic-to-articulatorymapping,articulatoryin-
version,acousticfeatures,MOCHA database

1. Intr oduction
Articulatory inversion, or acoustic-to-articulatorymapping,
consistsof recoveringsequencesof vocaltractshapesthatpro-
duceacertainacousticsignal.It hasbeentraditionallybelieved
to becharacterizedbyamulti-valuedmapping.Thatis,multiple
vocaltractshapescouldproducethesameacoustics.A success-
ful solutionto this problemwould bea majorbreak-throughin
speechresearchandhasnumerousapplications.Forexample,in
speechcoding,onecanreplacespectralparameterswith slow-
varying articulatoryparameters.In automaticspeechrecogni-
tion (ASR),articulatoryinformationcouldbeintegratedinto ex-
istingacousticbasedsystemsto furtherimprovetherecognition
performance.Finally, knowledgeof speechsoundarticulations
canprovidevisualaidsfor languagelearningandtherapy.

Articulatory inversionis a long-standingproblemand re-
mainsunsolved, in particular for unvoiced sounds. The dif-
�culty is traditionally attributed to the multi-valuednatureof
the inversemapping(but see[1]). Variouscomputationalap-
proacheshave beenproposedover theyears.Most approaches
canbebroadlydividedinto two groups:oneignoringthemulti-
valued mappinge.g. analysis-by-synthesis[2] or neural net-
works [3]; and anotheraddressingthe multi-valuedmapping,
e.g.codebooklook-up [4, 5], ensembleneuralnetworks [6] or
conditionalmodes[7]. See[8, 9] for detailedreviews.

Front-endparameterizationssuchasrepresentationsof ar-
ticulatory and acousticfeaturesare important to the success
of all computationalapproaches.Thanksto the technologies
suchasX-ray microbeamandelectromagneticarticulography
(EMA), wecanuseasarticulatoryrepresentationsthemeasured

locationsof coils on different articulatorssuchas the tongue
and the lips. For acousticrepresentations,it is well known
that acousticfeaturesand their parameterizationssuchas the
short-timewindow length are essentialto ASR performance.
The samestandsfor the inversemapping. To our knowledge,
however, thereis no work aboutthe bestacousticparameteri-
zationsfor articulatoryinversion.Most previousworkssimply
choseoneof thepopularacousticfeaturesusedin ASR suchas
Mel-frequency cepstralcoef�cients (MFCC) [10], �lter banks
(FBANK) [11], line spectralfrequencies(LSF) [12], andper-
ceptuallinearprediction(PLP)[7]. Noneof themcomparelat-
erally all the performanceof theseacousticparameterizations
for theinversiontask.

One major problem of existing acousticfeaturesis the
jaggednessof their temporaltrajectories.While this issuemay
not matterfor ASR, it is a signi�cant problemfor articulatory
inversion.This is because,while theacoustictrajectoryis very
jagged,thearticulatoryoneis very smooth.Thus,whenapply-
ing a mapping(e.g.a neuralnet) to the acousticvectors,their
outputwill alsobejaggedandcausea largeerrorw.r.t theartic-
ulatory target. Fig. 1 shows suchanexampleof corresponding
smootharticulatoryandjaggedacoustictemporaltrajectories.

Thegoalsof this studyareto �nd out theacousticfeatures
andparameterizationsthat work bestfor the inversemapping,
andto explorewaysto alleviatethejaggednessof acoustictra-
jectories.Besides,we alsostudytheeffect on inversionperfor-
manceof atimedelaybetweenarticulatoryandacousticframes.

2. Methodologicalsetup

2.1. Popular acousticfeatures

In this paper, we comparemostpopularacousticfeaturesthat
arewidely usedin speech/speaker recognition,speechsynthe-
sis, and speechperception. Formantsare often usedin early
works for syntheticarticulatoryandacousticdata. Their tem-
poraltrajectoriesareverysmoothsinceformantschangeslowly
with time. However, formantsonly provide goodcharateriza-
tionsfor vowelsandthey areoftendif�cult to estimatereliably.
Sinceweaddressall typesof soundsin thisstudy, wedonot in-
cludeformantsasoneof theacousticfeaturesto becompared.
Wecomparethefollowing acousticfeaturesin decreasingorder
of closenessto thevocaltractshape:
Linear predictive coding (LPC) It performsthe short-time
spectralanalysisonspeechframeswith anall-pole�lter . It pro-
videsa goodapproximationto thevocaltractspectralenvelope
for voicedspeechandachievesa reasonablesource-�lter sep-
aration. It is lesseffective for unvoicedand transientregions
of speech. A variant of the LPC, LSF, is often known to be
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Figure1: Smootharticulatorytrajectoriesvs. jaggedacoustic
trajectories. All articulatorsmove smoothlyover time (solid
line: horizontal locationsof articulators;dashedline: verti-
cal locationsof articulators),while theacoustictrajectoriesare
highly jaggedover time (high-orderacousticfeaturesaremore
jaggedthan low-orderones). This meansthat a mappingap-
plied to the acousticsequencewill yield a jaggedarticulatory
sequenceandthusa large inversionerror. Notethat for clarity,
weonly show oddorderMFCC trajectories.

betterbehavedthantheLPC while containingexactly thesame
informationasthe LPC [13]. Another importantextensionof
theLPC is theLPCC,a short-timecepstralrepresentation.The
cepstralanalysisisusedtodecorrelatedependencesamongvari-
ablesof theacousticfeaturesto facilitatetheHMM modeling.
Filterbank analysis(FBANK) It is motivatedby the fact that
humanearsresolve frequenciesnonlinearlyacrosstheauditory
spectrum.It is thereforeapopularalternativeto theLPCsinceit
providesamuchmorestraightforwardwayto obtainthedesired
nonlinearfrequency resolution.
Auditory-based cepstral representations MFCC is a
smoothedshort-timecepstrumcalculatedfrom the log �lter -
bankamplitudeusingthe discretecosinetransformation.It is
a robust featurecontainingmuch informationaboutthe vocal
tract regardlessof the sourceof the glottal excitation andcan
beusedto representall classesof speechsounds.It is themain
choice for many ASR applications. Another robust variant,
PLP, wasoriginally proposedasa way of warpingthe spectra
to minimizethedifferencesbetweenspeakerswhile preserving
theimportantspeechinformation[14]. In addition,RASTA is a
separatetechniquethatappliesa band-pass�lter to theenergy
in eachfrequency subbandin orderto smoothover short-term
noise variationsand to remove any constantoffset resulting
from staticspectralcolorationin thespeechchannel[15].

2.2. Integration of dynamic features

Instantaneousdynamic features,i.e., velocitiesand accelera-
tions,areknown to improve theperformanceof speech/speaker
recognition.However, their effectsonarticulatoryinversionre-
mainunknown.

2.3. Variable window length

The short-timewindow length affects the smoothnessof the
acousticfeatures. A longer window is expectedto produce
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Figure2: Illustrationof smoothingof acoustictemporaltrajec-
tories. We set the cut-off frequency � = 1; 0:5; 0:25 respec-
tively in theascendingorderof smoothinglevels.

smootheracoustictrajectoriesbecausetwo consecutive frames
sharemoredatapoints.

2.4. Smoothingacousticfeatures

Smoothingthe acoustictrajectoriesis anotherway to alleviate
their jaggedness.It is importantto keepdiscriminative infor-
mationcontainedin theacousticdataasmuchaspossiblewhile
smoothing. In this study, we perform the smoothingusing a
double�ltering routine (implementedby filtfilt in Mat-
lab SignalProcessingToolbox). First, the signal is �ltered in
the forward directionusingan FIR �lter . Second,the �ltered
signalis reversedandrun backthroughtheFIR �lter . Thecut-
off frequency � of this double�lter determinesthe smoothing
level. � variesfrom 1 (no smoothing)to 0 (in�nite smoothing
removing all frequency componentsof acoustictrajectories).
We use� = 1; 0:5; 0:25 respectively to denotedifferent lev-
elsof smoothing.Fig. 2 shows anexampleof smoothingon a
singleMFCCtemporaltrajectory.

2.5. Articulatory inversionmethod

In thisstudy, weusetheneuralnetwork approachto theinverse
mapping. In particular, we choosethe multilayer perceptron
(MLP) to mapfrom acousticfeaturesto articulatoryones.One
appealingadvantageof theneuralnetwork is thatoncetrained,
it requiresmuchlesscomputatationaleffortscomparedto other
methods.Althoughthis approachignoresthemulti-valuedna-
tureof theinversemapping(sincea neuralnetcanonly learna
uni-valuedmapping),it is still a robustmethodandis usefulto
make fair comparisonsamongall setsof acousticfeatures.We
also con�rmed someof our experimentswith other inversion
methods(seesection3).

2.6. Performancemetric

Root-mean-squareerror(RMSE)is oneof themostcommonly
usedperformancemeasuresfor articulatoryinversion. It is de-

�ned as:ej =
q

1
N

P
n ka( n )

j � b( n )
j k2 where,j is articulator

index, N is numberof speechframesin the utterance,a and
b aretrue andreconstructedtrajectoriesrespectively. Another
popularmeasureis thePearsoncorrelation,whichquanti�esfor
a givenarticulatorthesimilarity in shapebetweentwo trajecto-
ries regardlessof magnitude,i.e., whetherthey rise andfall in

synchrony: cj =
P
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where�a and�b

arethemeansof thetwo sequences.



Figure3: Left: pelletlocationsin theMOCHA database.Right:
plot of theentiredatasetfor speaker fsew0 ; eachpellet's data
usesa differentcolor andshows a contourline of onestandard
deviationcenteredat its mean.

3. Experiments
3.1. Experimental setup

Dataset We used the Multichannel Articulatory (MOCHA)
databasedevelopedby QueenMargaretUniversityCollegeEd-
inburgh [16]. Threespeakers with different regional accents
havebeenmadeavailablesofar. Fourdatastreamsarerecorded
synchronouslyfor eachspeaker: the acousticwaves (16KHz
samplingrate) togetherwith laryngograph,electropalatograph
andEMA data.TheEMA recordedthemovementsof received
coils in the midsaggitalplaneat 500Hz. Coils (pellets)areat-
tachedto the upperand lower lips, lower incisor, tonguetip,
tonguebody, tonguedorsum,andvelum. Eachspeaker records
a set of 460 British TIMIT sentencesdesignedto be phonet-
ically diverse. We usedatafrom the femalespeaker fsew0
with a northernEnglishaccent. Fig. 3 shows the distribution
of EMA datafrom this speaker. We divide thedatasetinto two
parts.Onepartcontains10000frames(randomlyselectedfrom
366utterances)andis usedfor training; theotherpartcontains
2000frames(from 8 unseenutterances)andis usedfor testing.
We �x the frameshift of the short-timeHammingwindow to
10ms,which is roughlytheaveragedurationof speechsounds.
Articulatorytrajectoriesaredownsampledto matchtheacoustic
data.Theshort-timewindow is centeredat articulatoryframes.
Silenceremoval Exclusionof silent framesfrom the training
setis essentialto the neuralnetwork training. This is because
duringthesilentperiods,thevocaltractcanin principletakeany
con�guration. During training,givenanacousticfeaturevector
correspondingto silence,thenetwork wouldbetry to mapit to a
largerangeof possiblearticulatoryvectors,andresultin a poor
mapping.We applytheframe-energy basedendpointdetection
to removesilence,shortpauses,andtransientregionsof speech.
Acoustic featuresetsCombinationsof following setsarecom-
pared: (1) Acoustic features: LPC, LSF, FBANK, MFCC,
LPCC,PLP, RASTA-PLP. (2) Dynamicfeatures:staticfeatures
only andstaticplus dynamicfeatures. (3) Hammingwindow
length: 25 ms, 35 ms, 45 ms, 64 ms, 80 ms, and96 ms. (4)
Smoothinglevel: � = 1; 0:5; 0:25.
InversionmethodWeusedaMLP with asinglelayerof 55hid-
denunits,trainedwith scaledconjugategradientsusingtheNet-
lab Toolbox for Matlab (http://www.ncrg.aston.ac.
uk/netlab ).

3.2. Comparisonof acousticfeatures

Fig. 4 comparesthe performanceof differentacousticfeature
sets. The results for RMSE and correlationare essentially
equivalent. Integrating dynamicfeaturesconsistentlyoutper-

forms usingonly static features,except for PLP andRASTA-
PLP. Thesmoothertheacousticfeatures,thebettertheperfor-
mance. Relatively long windows (bestat 64 to 80 ms) also
improve the inversionaccuracy. When acousticfeaturesare
smoothenough(� = 0:25), long windows make little differ-
ence. MFCC andLPCC performsimilarly. The performance
of acousticfeaturesroughly degradesin the decreasingorder
of closenessto the vocal tract. Among all, LSF andPLP are
thebestacousticfeaturesfor articulatoryinversionandRASTA-
PLPis (signi�cantly) theworst.However, theoveralldifference
is small,with all methodsachieving anRMSEof 1:65 to 2 mm
andacorrelationof 0:56 to 0:71.

Werepeatedtheexperimentwith twoothermethods(results
not shown): usinga Gaussian-mixtureregression,andusinga
methodbasedon representingmultivaluedmappingswith con-
ditional modes[7]. The resultswerelargely the same,except
thataddingdynamicfeaturesdid not improveasmuch.

3.3. Effect of time delay

Up to now, we have attemptedto recover thearticulatoryframe
at time t from the acousticframeobtainedby multiplying the
acousticwaveby ashort-timewindow centeredat timet. How-
ever, it is possiblethata differentalignmentof thearticulatory
andacousticstreamscouldresultin asmallerRMSE;for exam-
ple,thetimespentbyawavetravellingalongthevocaltractmay
introduceadelayin theresultingacousticwaveform.While this
delaywouldlikely dependontheparticularsoundproduced,for
simplicity we considera globaldelay. We conductanotherem-
pirical studyto �nd outthebesttimedelay, usingasacousticpa-
rameterizationthebestonedescribedabove(LSFwith dynamic
features,64 ms window, smoothing� = 0:25). Fig. 5 shows
thatthebestperformanceis achievedwhentheshort-timewin-
dow is centered15 msafterthearticulatoryframe.This �nding
is consistentwith thepilot studyby Hodgenet al [17] in which
a14:4 mstimedelaywasfoundto beoptimal.But again,while
consistentoverdifferentexperiments,theimprovementoverthe
baseline(i.e.,nodelay)is verysmall.
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Figure5: Effect of time delaybetweenan acousticframeand
anarticulatoryframe.

4. Conclusion
We have presentedanempiricalstudyon thebestacousticpa-
rameterizationfor articulatoryinversion.Usinga simpleinver-
sionmethod(aneuralnetwork) asabaseline,wehavecompared
different acousticfeatures,with varying lengthsof the short-
timeHammingwindow anddifferentlevelsof smoothingof the
acoustictemporaltrajectories. Relatively large windows and
smoothingwereshown to alleviate the jaggednessof acoustic
features.We foundthatbestresultsaregenerallyobtainedwith
acousticfeaturesthataremorecloselyrelatedto thevocaltract
(in particularLSF, althoughPLP performedjust aswell), us-
ing dynamicfeatures,64 to 80 msshort-timewindow, double-
�ltering smoothingof cut-off frequency � = 0:25, and a 15
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Figure4: Performancecomparisonof differentacousticfeatures(dashed/solidlines: with/without dynamicfeatures,respectively),
window sizeandsmoothinglevel.

mstime delaybetweenarticulatoryandacousticframes.How-
ever, the improvementover othercombinationsof featuresor
smoothingwasvery small (around0:3 mm, to yield anRMSE
of around1:65 mm). Theseresultsalsoheld whenusingtwo
otherinversionmethods(differentfrom theneuralnet).

It is importantto notethelimitationsof ourstudy. Weused
only one speaker from one database(MOCHA), and speci�c
choicesof e.g. the smoothingmethod. However, while other
choicesmayaltertheRMSEin absoluteterms,wedonotexpect
major changesto the relative ranking of the features(which,
from �g. 4, is quite consistentover different conditions). It
would alsobeinterestingto analyzetheRMSEandcorrelation
for differentcategoriesof speechsounds.
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investigation of the nonuniquenessin the acoustic-to-
articulatorymapping,” Eurospeech 2007, to appear.

[2] S. E. LevinsonandC. E. Schmidt, “Adaptive computa-
tion of articulatoryparametersfrom thespeechsignal,” J.
AcousticSoc.Amer., vol.74,1983.

[3] K. Shirai andT. Kobayashi, “Estimationof articulatory
motionusingneuralnetworks,” J. of Phonetics, 1991.

[4] B. S. Atal, J. J. Chang,M. V. Mathews, andJ. W. Tukey,
“Inversion of articulatory-to-acoustictransformationin
thevocaltractby acomputer-sortingtechnique,” J. Acous-
tic Soc.Amer., vol. 63,1978.

[5] J.SchroederandM. M. Sondhi, “Dynamic programming
searchof articulatorycodebooks,” in ICASSP'1989.

[6] M. G. Rahim,C. C. Goodyear, W. B. Kleijn, J.Schroeter,
and M. M. Sondhi, “On the useof neuralnetworks in

articulatoryspeechsynthesis,” J. AcousticSoc.Amer., vol.
93,1993.
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