A Comparisonof Acoustic Featuresfor Articulatory Inversion
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Abstract

We studyempiricallythe bestacoustiqparameterizatiofor
articulatoryinversion(the problemof recovering the sequence
of vocaltract shapeghat producea given acousticspeectsig-
nal). We compareall combinationsof the following factors:
1) popular acousticfeaturessuch as MFCC and PLP with
andwithout dynamicfeatures;2) differentshort-timewindow
lengths;3) differentlevels of smoothingof the acoustidempo-
ral trajectories. Experimentakesultson a real speechproduc-
tion databasehow consistenimprovementwhenusingfeatures
closelyrelatedto the vocal tract (in particularLSF), dynamic
featuresandlargewindow lengthandsmoothingwhichreduce
the jaggednes®f the acoustictrajectory). Furtherimprove-
mentsare obtainedwith a 15 mstime delay betweenacoustic
and articulatory frames. However, the improvementattained
over othercombinationgs very small(atmost0:3 mm RMSE).
Index Terms: acoustic-to-articulatorgnappingarticulatoryin-
version,acoustidfeaturesMOCHA database

1. Intr oduction

Articulatory inversion, or acoustic-to-articulatorymapping,
consistof recorering sequencesf vocaltractshapeshatpro-
ducea certainacousticsignal.It hasbeentraditionallybelieved
to becharacterizetdy amulti-valuedmapping.Thatis, multiple
vocaltractshapesouldproducehesameacousticsA success-
ful solutionto this problemwould be a major break-throughn
speechresearctandhasnumerouspplications For example,in
speectroding,onecanreplacespectralparametersvith slow-
varying articulatoryparametersin automaticspeechrecogni-
tion (ASR), articulatoryinformationcouldbeintegratednto ex-
istingacoustidasedsystemso furtherimprove therecognition
performanceFinally, knowledgeof speechsoundarticulations
canprovide visualaidsfor languagdearningandtherayy.
Articulatory inversionis a long-standingoroblemand re-
mainsunsolhed, in particularfor urvoiced sounds. The dif-
culty is traditionally attributed to the multi-valued natureof
the inversemapping(but see[1]). Variouscomputationabp-
proachehave beenproposedver the years.Most approaches
canbebroadlydividedinto two groups:oneignoringthe multi-
valued mappinge.g. analysis-by-synthesig2] or neural net-
works [3]; and anotheraddressinghe multi-valued mapping,
e.g.codeboolook-up[4, 5], ensembleneuralnetworks [6] or
conditionalmodeq7]. See[8, 9] for detailedreviews.
Front-endparameterizationsuchasrepresentationsf ar
ticulatory and acousticfeaturesare importantto the success
of all computationalapproaches.Thanksto the technologies
suchas X-ray microbeamand electromagnetiarticulograply
(EMA), we canuseasarticulatoryrepresentationthemeasured
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locationsof coils on different articulatorssuch as the tongue
and the lips. For acousticrepresentationst is well known
that acousticfeaturesand their parameterizationsuchas the
short-timewindow length are essentiato ASR performance.
The samestandsfor the inversemapping. To our knowledge,
however, thereis no work aboutthe bestacousticparameteri-
zationsfor articulatoryinversion. Most previous works simply
choseoneof the popularacoustideaturesusedin ASR suchas
Mel-frequeng cepstralcoefcients (MFCC) [10], lter banks
(FBANK) [11], line spectralfrequencieqLSF) [12], and per
ceptuallinearprediction(PLP)[7]. Noneof themcompardat-
erally all the performanceof theseacousticparameterizations
for theinversiontask.

One major problem of existing acousticfeaturesis the
jaggednessf their temporaltrajectories.While this issuemay
not matterfor ASR, it is a signi cant problemfor articulatory
inversion. This is becausewhile the acoustidrajectoryis very
jagged thearticulatoryoneis very smooth.Thus,whenapply-
ing a mapping(e.g.a neuralnet) to the acousticvectors,their
outputwill alsobejaggedandcausealargeerrorw.r.t theartic-
ulatorytarget. Fig. 1 shavs suchan exampleof corresponding
smootharticulatoryandjaggedacousticemporaltrajectories.

The goalsof this studyareto nd outtheacousticfeatures
and parameterizationthat work bestfor the inversemapping,
andto explore waysto alleviate the jaggednessf acoustictra-
jectories.Besideswe alsostudythe effect on inversionperfor
manceof atime delaybetweerarticulatoryandacoustidrames.

2. Methodological setup
2.1. Popular acousticfeatures

In this paper we comparemost popularacousticfeaturesthat
arewidely usedin speech/speak recognition,speechsynthe-
sis, and speechperception. Formantsare often usedin early
works for syntheticarticulatoryand acousticdata. Their tem-
poraltrajectoriesarevery smoothsinceformantschangeslonly
with time. However, formantsonly provide good charateriza-
tionsfor vowelsandthey areoftendif cult to estimatereliably.
Sincewe addresall typesof soundsn this study we do notin-
cludeformantsasoneof the acousticfeatureso be compared.
We comparehefollowing acoustideaturesn decreasingrder
of closenes$o thevocaltractshape:

Linear predictive coding (LPC) It performsthe short-time
spectrabnalysison speechrameswith anall-pole lter . It pro-
videsa goodapproximatiorto thevocaltractspectralervelope
for voiced speechand achieves a reasonablesource- lter sep-
aration. It is lesseffective for urvoiced andtransientregions
of speech. A variantof the LPC, LSF, is often known to be
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Figure 1: Smootharticulatorytrajectoriesvs. jaggedacoustic
trajectories. All articulatorsmove smoothly over time (solid

line: horizontal locationsof articulators;dashedline: verti-

cal locationsof articulators) while the acoustictrajectoriesare
highly jaggedover time (high-orderacousticfeaturesaremore
jaggedthan low-order ones). This meansthat a mappingap-
plied to the acousticsequencavill yield a jaggedarticulatory
sequencandthusalargeinversionerror Notethatfor clarity,

we only shav oddorderMFCC trajectories.

betterbehaedthanthe LPC while containingexactly the same
informationasthe LPC [13]. Anotherimportantextensionof
theLPCis theLPCC,ashort-timecepstrakepresentationThe
cepstrahnalysids usedo decorrelatelependencemmongvari-
ablesof theacoustideaturego facilitatethe HMM modeling.
Filterbank analysis(FBANK) It is motivatedby the factthat
humanearsresohe frequenciesonlinearlyacrosshe auditory
spectrumlt is thereforeapopularalternatie to theLPC sinceit
providesamuchmorestraightforvardwayto obtainthedesired
nonlinearfrequeng resolution.

Auditory-based cepstral representations MFCC is a
smoothedshort-time cepstrumcalculatedfrom the log lter -
bankamplitudeusingthe discretecosinetransformation.lt is
a robust featurecontainingmuch information aboutthe vocal
tract regardlessof the sourceof the glottal excitation and can
be usedto representll classe®f speectsoundsit is themain
choice for mary ASR applications. Another robust variant,
PLR, wasoriginally proposedasa way of warpingthe spectra
to minimize the differenceshetweerspealkrswhile preserving
theimportantspeectinformation[14]. In addition,RASTA is a
separatdechniquethat appliesa band-pasdter to theenegy
in eachfrequeny subbandn orderto smoothover short-term
noise variationsand to remove ary constantoffset resulting
from staticspectralcolorationin the speectchanne[15].

2.2. Integration of dynamic features

Instantaneouslynamic features,i.e., velocities and accelera-
tions,areknown to improve the performancef speech/speak
recognition.However, their effectson articulatoryinversionre-
mainunknown.

2.3. Variable window length

The short-timewindow length affects the smoothnes®f the
acousticfeatures. A longer window is expectedto produce
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Figure2: lllustration of smoothingof acoustidemporaltrajec-
tories. We setthe cut-off frequeny = 1;0:5; 0:25 respec-
tively in theascendingrderof smoothingevels.

smootheracoustictrajectoriesbecausewo consecutie frames
sharemoredatapoints.

2.4. Smoothingacousticfeatures

Smoothingthe acoustictrajectoriess anotherway to alleviate
their jaggednesslt is importantto keepdiscriminative infor-

mationcontainedn theacousticdataasmuchaspossiblewhile

smoothing. In this study we performthe smoothingusing a
double Itering routine (implementedby filtfilt in Mat-

lab Signal Processingroolbox). First, the signalis ltered in

the forward directionusingan FIR Iter. Secondthe ltered

signalis reversedandrun backthroughthe FIR lter. Thecut-
off frequeny of this double Iter determineghe smoothing
level. variesfrom 1 (no smoothing)to O (in nite smoothing
removing all frequeny componentsof acoustictrajectories).
We use = 1;0:5;0:25 respectiely to denotedifferentlev-

els of smoothing.Fig. 2 shavs an exampleof smoothingon a
singleMFCC temporaltrajectory

2.5. Articulatory inversion method

In this study we usethe neuralnetwork approacho theinverse
mapping. In particular we choosethe multilayer perceptron
(MLP) to mapfrom acousticfeaturego articulatoryones.One
appealingadvantageof the neuralnetwork is thatoncetrained,
it requiresmuchlesscomputatationatfforts comparedo other
methods.Although this approactignoresthe multi-valuedna-

ture of theinversemapping(sincea neuralnetcanonly learna

uni-valuedmapping),it is still arobustmethodandis usefulto

malke fair comparisonsmongall setsof acousticfeatures.We

also con rmed someof our experimentswith otherinversion
methodgqseesection3).

2.6. Performancemetric

Root-mean-squarerror (RMSE) is oneof the mostcommonly
usedperformaacarneasuresﬁor articulatoryinversion. It is de-
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Figure3: Left pelletlocationsin the MOCHA databaseRight
plot of the entiredatasefor spealker fsewO ; eachpellet's data
usesa differentcolor andshaws a contourline of onestandard
deviation centeredatits mean.

3. Experiments
3.1. Experimental setup

Dataset We used the Multichannel Articulatory (MOCHA)
databaselevelopedby QueenMargaretUniversity College Ed-
inburgh [16]. Threespealers with different regional accents
have beenmadeavailablesofar. Four datastreamsrerecorded
synchronouslyfor eachspealer: the acousticwaves (16KHz
samplingrate) togetherwith laryngographglectropalatograph
andEMA data. The EMA recordedhe movementsof received
coils in the midsaggitalplaneat 500Hz. Coils (pellets)are at-
tachedto the upperand lower lips, lower incisor, tonguetip,
tonguebody, tonguedorsum,andvelum. Eachspealer records
a setof 460 British TIMIT sentenceslesignedto be phonet-
ically diverse. We usedatafrom the female spealer fsewO
with a northernEnglish accent. Fig. 3 shavs the distribution
of EMA datafrom this spealer. We divide the datasetnto two
parts.Onepartcontainsl0000frames(randomlyselectedrom
366 utterancesandis usedfor training; the otherpartcontains
2000frames(from 8 unseerutterancesandis usedfor testing.
We x the frame shift of the short-timeHammingwindow to
10ms,which is roughly the averagedurationof speectsounds.
Articulatory trajectoriesaredownsampledo matchtheacoustic
data.Theshort-timewindow is centeredat articulatoryframes.
Silenceremoval Exclusionof silent framesfrom the training
setis essentiato the neuralnetwork training. This is because
duringthesilentperiodsthevocaltractcanin principletake ary
con guration. During training, givenanacousticfeaturevector
correspondingp silence thenetwork would betry to mapit toa
largerangeof possiblearticulatoryvectors,andresultin a poor
mapping.We apply the frame-enagy basedendpointdetection
to remove silence shortpausesandtransientegionsof speech.
Acousticfeature setsCombinationof following setsarecom-
pared: (1) Acoustic features: LPC, LSF, FBANK, MFCC,
LPCC,PLP, RASTA-PLP. (2) Dynamicfeaturesstaticfeatures
only and static plus dynamicfeatures. (3) Hammingwindow
length: 25 ms, 35 ms, 45 ms, 64 ms, 80 ms, and 96 ms. (4)
Smoothindevel: = 1;0:5;0:25.

Inversionmethod We useda MLP with asinglelayerof 55hid-
denunits,trainedwith scaledconjugategradientsusingtheNet-
lab Toolbox for Matlab (http://www.ncrg.aston.ac.
uk/netlab ).

3.2. Comparisonof acousticfeatures

Fig. 4 compareghe performanceof differentacousticfeature
sets. The resultsfor RMSE and correlation are essentially
equivalent. Integrating dynamicfeaturesconsistentlyoutper

forms usingonly static features,exceptfor PLP and RASTA-
PLP. The smoothetthe acousticfeaturesthe betterthe perfor
mance. Relatvely long windows (bestat 64 to 80 ms) also
improve the inversionaccurag. When acousticfeaturesare
smoothenough( = 0:25), long windows male little differ-
ence. MFCC and LPCC performsimilarly. The performance
of acousticfeaturesroughly degradesin the decreasingrder
of closenesgo the vocal tract. Among all, LSF andPLP are
thebestacoustideaturedor articulatoryinversionandRASTA-
PLPis (signi cantly) theworst. However, theoverall difference
is small,with all methodsachieving anRMSE of 1:65t0 2 mm
andacorrelationof 0:56 to 0:71.
Werepeatedheexperimentwith two othermethodgresults
not shown): usinga Gaussian-mixtureegressionandusinga
methodbasedon representingnultivaluedmappingswith con-
ditional modes[7]. The resultswere largely the same,except
thataddingdynamicfeaturesdid notimprove asmuch.

3.3. Effect of time delay

Up to now, we have attemptedo recover thearticulatoryframe
attime t from the acousticframe obtainedby multiplying the
acoustiovave by ashort-timewindow centeredattimet. How-

ever, it is possiblethata differentalignmentof the articulatory
andacousticstreamsgouldresultin asmallerRMSE;for exam-
ple,thetime spentby awavetravelling alongthevocaltractmay
introduceadelayin theresultingacoustiovaveform. While this
delaywouldlikely dependntheparticularsoundproducedfor
simplicity we considera globaldelay We conductanotherem-
pirical studyto nd outthebesttime delay usingasacoustiga-
rameterizatiothebestonedescribedbove (LSFwith dynamic
features 64 mswindow, smoothing = 0:25). Fig. 5 shavs
thatthe bestperformances achieved whenthe short-timewin-
dow is centeredl5 msafterthearticulatoryframe. This nding

is consistentvith the pilot studyby Hodgenetal [17] in which
a14:4 mstime delaywasfoundto beoptimal. But again, while
consistentver differentexperimentstheimprovementoverthe

baseling(i.e.,no delay)is very small.
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Figure5: Effect of time delay betweenan acousticframeand
anarticulatoryframe.
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4. Conclusion

We have presentedhn empirical studyon the bestacousticpa-
rameterizatiorfor articulatoryinversion.Usingasimpleinver-
sionmethod(aneuralnetwork) asabaselineyve have compared
differentacousticfeatures,with varying lengthsof the short-
time Hammingwindow anddifferentlevelsof smoothingof the
acoustictemporaltrajectories. Relatvely large windows and
smoothingwere shavn to alleviate the jaggednessf acoustic
features We foundthatbestresultsaregenerallyobtainedwith
acousticfeatureghataremorecloselyrelatedto the vocaltract
(in particularLSF, althoughPLP performedjust aswell), us-
ing dynamicfeatures 64 to 80 ms short-timewindow, double-
Itering smoothingof cut-of frequeny = 0:25, anda 15
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Figure 4: Performancecomparisonof differentacousticfeatures(dashed/solidines: with/without dynamicfeatures respectiely),

window sizeandsmoothindevel.

mstime delaybetweenrarticulatoryandacousticframes.How-
ever, the improvementover other combinationsof featuresor
smoothingwasvery small (around0:3 mm, to yield anRMSE
of around1:65 mm). Theseresultsalsoheld whenusingtwo
otherinversionmethodgdifferentfrom the neuralnet).

It is importantto notethelimitationsof our study We used
only one spealer from one databas€MOCHA), and speci ¢
choicesof e.g.the smoothingmethod. However, while other
choicesnayaltertheRMSEin absolutderms we donotexpect
major changedo the relative ranking of the features(which,
from g. 4, is quite consistentover different conditions). It
would alsobe interestingto analyzethe RMSE andcorrelation
for differentcategoriesof speectsounds.
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