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ABSTRACT
Despitethe approximationsit supposes,performingLPC-based
acoustico-articulatoryinversion is justified in someapplicative
frameworks. By illustrating this assertionthroughexperiments
aiming at incorporatingspeechproductionconstraintsfrom the
DRM modelandfrom a factor-basedmodelinto anLPC model-
ing scheme,we promotethe useof LPC-basedinversionas an
interfacebetweenProductionModeling and Automatic Speech
Processingmethods.

1 INTRODUCTION
Speechproductionmodelsusuallyattemptat mirroring thecoar-
ticulationprocesses,andrely on quantitiesthatstay, at onelevel
or another, proportionalto measurementsfrom humanspeakers.
In this respect,they areideal candidatesfor representingspeech
in AutomaticSpeechProcessing(ASP) applications: in an Au-
tomatic SpeechRecognitionframework [RSS96], prior knowl-
edgeabout coarticulationwould help building more elaborate
phonememodelsandwouldhelpmodelingintra-speakervariabil-
ity; in a speechde-noisingframework, it would helpcharacteriz-
ing soundsnotproducibleby humans.

But if ASP hasbroadly benefitedfrom interactionswith the
Auditory Modeling community, e.g. throughthe useof the Mel
scale,RASTA-PLPor moreelaboratecochlearmodelsin thefea-
tureextractionprocess,few concludingproposalshavebeenmade
concerningthe useof speechproductionmodelsfor speechpa-
rameterization.

Nevertheless,it is traditionally recognizedthatLinearPredic-
tion Coefficients (LPC) modelingof speechis basedon a pro-
ductionmodel. This modelis un-specialized,in thesensethat it
allows themodelingof any sound,includingnon-speech,with an
equalaccuracy. As a matterof fact,few knowledgeaboutspeech
productionis reflectedin theequationsof LPCmodeling: thecor-
respondingsource+filtermodel is completelyunconstrainedbe-
yondits Auto-Regressive (AR) nature.

On theotherhand,it hasbeendemonstrated[MG76, Wak79]
thattheprocessof AR filtering was,undercertainconditions,for-
mally equivalentto acousticfiltering by lossless,rigid tubesdis-
cretizedin equal-length,time-varying sections. It is interesting
to notethatmostof today’s speechproductionmodelsrely upon
a tubemodelat thearticulatory/acousticinterfacelevel (for syn-
thesistasks).Hence,mirroringspecialarticulatorycharacteristics
of thesemodelsasconstraintsin theLPC estimationschemeap-
pearsto beareasonablewayof usingspeechproductionmodeling
theoriesinto ASPtechniques.

We apply this idea to two speechproduction models, the
Distinctive Regions and Modes (DRM) model [MCG88], and
a factor-basedvocal-tractsagittalcut model similar to Maeda’s
model [Mae79] or ICP’s model [BBB

�
96]. After having re-

viewed the generalframework of the AR filtering/tubefiltering
equivalence,we will explain how we introducedDRM-derived

constraintsinto LPC estimation. We will exposethe improve-
mentsbroughtby theseconstraints.Next, we will explain how
LPC canbeusedasa meansof invertinga factormodel.Results
abouttheextractionof sagittalcutswill thenbegiven.

2 LPC AND ARTICULATION : GENERAL
FRAMEWORK

2.1 General method
It hasbeenshown by severalauthors[MG76, Wak79] thatthepro-
cessof Auto-Regressivedigital filtering,alsoknown astheLinear
Predictionprocess,wasanalogousto acousticfiltering in discrete
losslessacoustictubesprovidedthat:� soundwavesareconsideredto beplanefluid waves,� the lengthsof the individual tube sectionsare kept short

comparedto a wavelengthat the highestfrequency of in-
terest(this introducesa spectralboundary),� the samplingrate of the speechsignal is fixed to

�������
	��
������� where ����������� is thelengthof a tubesection,� no lossesareaccountedfor.

If, in addition, the speechsignal is pre-emphasizedto compen-
satefor spectralcharacteristicsof the glottal excitation source
and for radiation impedanceat the lips, playing with this for-
mal analogyallows to recover vocaltractareafunctionsfrom the
speechwaveform by applicationof well known inversefiltering
techniques[Mak77, Wak79].

Despite the mathematicaleleganceand computationaleffi-
ciency of this method,it hasfound few echoin today’s inves-
tigationsof acoustico-articulatoryinversionmethods: thoseare
mainly basedon codebooks,functional approximationsusing
neuralnetworks, or adaptationof parametersthroughoptimiza-
tion of a synthesismodel.This relative lack of successis mainly
dueto :� difficulties in evaluatingits accuracy : apartfrom compar-

isonswith Fant’sRussianvowelsdataandcomparisonswith
syntheticareafunctionsfrom theIshizaka-Flanaganmodel,
no convincing evaluationhadbeenperformed.� thefactthattheadditionof lossesor anasaltractaredifficult
in theframework of this model.

2.2 Evaluating the method
At the time of creationof Wakita’s method[Wak79], vocal tract
shapemeasurementsweresparseandcomputationalmeansto ex-
ploit themwerelow. Twentyyearsafter, X-ray movies or Mag-
neticResonanceImagery(MRI) picturesof vocaltractsin action
aremoreaccessible(althoughstill costly).Theyetunsolvedprob-
lem residesin the transformationof vocal tract sagittalcutsinto
areafunctions.Hence,a reliablemethodto directly measurehu-
manareafunctionsis still unavailable.
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Figure1: Latticefilter accountingfor theDRM configuration.

Therefore, qualitative assessmentof LPC-basedacoustico-
articulatory inversion is now possible (cavities at the “right”
places,correcttendenciesfor lips or tonguemovements),but pro-
viding theactualorderof magnitudeof themodelingerroris still
impossible. Hence,we can not aim at modelingperfectly the
humanreality (this staysan ideal ultimategoal). Rather, we at-
tempt to matchavailablearticulatorymodelingknowledgewith
well known signalprocessingmethodsto representmoretypical
humanarticulatoryphenomenain ASP speechfeatures.Assess-
mentof our methodshasthereforea meaningwith respectto the
applicative goal,morethanwith respectto an idealhumanmod-
eling.

2.3 Losses and nasal tract
It is oftenarguedthattheLPC/acoustictubeanalogyis inherently
badasa speechproductionmodelbecauseit doesnot incorpo-
ratea modelof lossesnor a modelof the nasaltract. In princi-
ple,addinglossesor anasaltractsimplyamountsto changingthe
vocaltract’s transferfunctionform, i.e. addingsomezerosin ad-
dition to the poles(ARMA modelinginsteadof AR modeling).
In practice,it appearsthattheexpressionof thetransferfunction
getsfarmuchcomplicated[Ole95,MG76], andthecorresponding
estimationprocessdifficult to manage.Hence,the necessityfor
suchcostlyrefinementsbecomesin turnquestionable:� lossescan be consideredas negligible with respectto the

amplitudeof acousticresonancephenomena[Wak79],� alternately, formant frequency shifts producedby “forget-
ting” the lossesmay not necessarilybe significantwith re-
spectto perceptionor an applicationin speechrecognition
or de-noising,� modelingnon-nasalizedsoundsallows to coverapartof the
“speechspace”which is sufficient for most ASP applica-
tions.

LPC-basedacoustico-articulatoryinversiondoesimply someap-
proximations,but hereagain,approximationsandperformances
areto beassessedwith respectto theapplicative goalratherthan
with respectto a human“reality” which we do not know how to
reliablycomparewith.

3 CONSTRAINING ACOUSTIC FEATURES
ESTIMATION WITH THE DRM MODEL

3.1 DRM inversion method
TheDRM acousticfiltering processis equivalentto alatticefilter-
ing processincludingarticulatoryconstraintsin the form of odd
delays[Krs99] (fig. 1). Denotingby 859 the sum of all delays
from order : to order ;
<>= andapplyingBurg’s method,a stable
filter characterizedby its reflectioncoefficients ? @ 9 �2A6B canbees-
timatedby minimizingameansquaredpredictionerror C ;
<EDF:G= :H ��I JLKNMPORQ MS TU V WX�0Y[Z)\ ��A^] �� I JEK_MPO6�`K WX�0Y[Z)\ ��A^]%a� I JEKbMPO6�dc ef (1)

g h 9 ��A Q i S�j W�0YRZ \ �2A ] �� I J"O ] a� a �G\ I J"Oj W�kYRZ \ �2Aml ] �� I J"Oon � K j W�kYRZ \ �2Aml ]%a� a � \ I JpOon � (2)

Alternately, an estimatorof the Itakura-Saitoform can be ap-
plied:h 9 �2A Q i j W�0Y[Z \ ��A ] �� I JpO ]Pa� a ��\ I J"Oq j W�0YRZr\ ��A l ] �� I JpOon � j W�kYRZr\ �2A l ]Pa� a � \ I JpOon � (3)

This lastestimatordoesnotcorrespondto theminimizationof an
errorcriterion,but is basedonstatisticalconsiderations[Mak77].

Hence,theDRM inversionmethodtakesthefollowing steps:

1. Low-passfilter speechup to 4kHz, resampleto 30kHz
(polyphasemethod)andpre-emphasizeto complywith the
conditionsof validity of theLPC/tubeequivalence.

2. Apply oneof theabovementionedacousticestimatorsto ex-
tractreflectioncoefficients ?r� . (Observationwindow length:
25ms;window shift : 10ms.)

3. Deduceareafunctionfrom reflectioncoefficients:?r� �ts � �2A`u s �s � �2A D s �wv s � � s � �2A : u ? �:xDy?r� (4)

wheresectionsarenumberedfrom lips to glottis. A starting
glottis areahasto bespecified: it is usuallyfixedto s[z �:�{ |G}�~ �

.

3.2 Results
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Figure2: Comparisonof MeanSquaredErrorsfor the different
tube models. Upsamplingor downsamplingis performedfrom
theoriginal21 kHz samplefrequency.

Modeling accuracy Figure2 shows the MeanSquareresidual
predictionError (MSE) for an8thorderunconstrainedfilter, then
theDRM filter, which has8 parametersbut a transferfunctionof
orderof 27, thena 27thorderunconstrainedfilter andfinally an8
parameter, 27th ordertubewith differentlengthconstraintsthan
theDRM. Fromthis figure, it is clearthat theDRM-constrained
filter hasbettermodelingperformancethananunconstrainedLPC
modelwith anequalnumberof parameters(or equivalentlyatube
modelwith 8 equal-lengthsections).Of course,its performance
stayslower thanthatof theunconstrainedtubeof thesameLPC
order. The last columnindicatesthat the repartitionof the sec-
tion’s lengthplaysa role in the modelingaccuracy, sincea tube
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Figure3: Theacoustico-articulatoryprocessingchainfor a linearvocaltractshapemodel.

with the sameorderthanthe DRM but a differentrepartitionof
lengthsproducesa highermodelingerror.

Speech recognition accuracy Table 1 shows the word error
rates obtainedon a medium vocabulary, speaker independent
speechrecognitiontask[Krs99]. ResultsindicatethatLog Area
Ratios(LAR) inheritingtheDRM constraintsperformbetterthan
LAR correspondingto an8thorderLPCmodelfor bothreflection
coefficients’ estimators.

Featuretype(+E+� + ��� ) WER Relative gain
LAR 16.18%
LAR DRM BURG 13.45% 16.9%
LAR DRM ITAKURA 12.81% 20.8%

Table1: Recognitionresultsobtainedwith theDRM-constrained
log-arearatioswith thetwo differentacousticestimators.

Comparison with X-rays Comparisonsof the areafunctions
with X-ray datahasnot beenperformed,sincewe don’t dispose
of anadequategeometrictransformationbetweensagittalcutsand
transferfunctionswith DRM constraints.

4 CONSTRAINING ACOUSTIC FEATURES
ESTIMATION WITH A LINEAR FACTORS SHAPE

MODEL
4.1 Linear model inversion method
Themethod,illustratedby figure3, decomposesinto the follow-
ing steps:

1. sameasin the caseof the DRM : low-passfilter, resample
andpre-emphasize.

2. Apply the (unconstrained)Itakura-Saitoacousticestima-
tor [Mak77] to extractreflectioncoefficients:?r� � u j W�0Y[�[� �� ;0�6= � a� ;0�6=q j W�0Y[� l � �� ;0�6= n � j W�0Y>� l � a� ;0�6= n � (5)

with observation window lengthof 25msandwindow shift
of 10ms.Alternateestimators(e.g.Burg [Mak77] or Levin-
son)couldalsobeapplied.

3. Deduceareafunctionfrom reflectioncoefficients(eq.4).

4. Transformareafunction into vocal tract profiles, through
applicationof the ��� -transform[HS65] or oneof its more
recentversions:s � � �x;0�6=4� � @ � B� v �)� ����s ���;0�4=^� $� 1 � 3

(6)

A yetunimplementedfurtherstepwouldbe:

5. Decomposethe obtainedshapesinto a linear components
basissimilar to Maeda’s shapebasis. The main difference
with Maeda’s modelcomesfrom thefactthattheLPCanal-
ogy doesnotallow a timevaryingvocaltractlength.

Sincethe correspondinglinear systemcomprises30 equa-
tionsfor 7 unknowns (providedthat7 factorsareused),the
solutioncanbeobtainedthroughLeast-Squaressolving:� ����� � ���� ; ���2� = a A ��� � (7)

where
�

is the matrix of known factors, � is the vector
describingthe tract shape,and

�
is the vector of factors’

weights(
��

beingits leastsquaresestimate).

4.2 Results

−5 0 5
−6

−4

−2

0

2

4

6
/D/

−5 0 5
−6

−4

−2

0

2

4

6
/AO/

−5 0 5
−6

−4

−2

0

2

4

6
/R/

−5 0 5
−6

−4

−2

0

2

4

6
/M/

−5 0 5
−6

−4

−2

0

2

4

6
/AH/

−5 0 5
−6

−4

−2

0

2

4

6
/T/

−5 0 5
−6

−4

−2

0

2

4

6
/AO/

−5 0 5
−6

−4

−2

0

2

4

6
/R/

−5 0 5
−6

−4

−2

0

2

4

6
/IY/

Figure 4: Pronunciationof the English word “dormitory”. Ex-
ampleof shapesautomaticallyextractedfrom a soundfile of the XRDB
database(Itakura-Saitoacousticestimator).



Qualitative assessment Figure 4 shows a sampleof the se-
quenceof shapesobtainedon a soundfile of the University of
Wisconsin’s XRDB databaseafter step4 of the method. From
this example,qualitative considerationscanbeemitted: cavities
for /AO/, /AH/ and/IY/ aregloballyat the“right place”(backfor
/IY/, front for /AO/); incisorsseemrepresentedon the 3rd grid
line for all thephonemes;the/T/ and/D/ plosivesactuallyimply
that the tonguecomescloseto the palate(this is followed by a
releasenot representedon the figure); thereis a lip closurefor
the /M/; the particularshapeof the /R/ can be interpretedas a
retroflexion of the tongue;thepremisesof the /R/’s lingual con-
figuration are visible in the preceding/AO/, which meansthat
coarticulation phenomenabecomeobservable. Theseobserva-
tions can be generalizedto the totality of the spoken sequence,
which is in fact 7 words long, aswell as to othersequencesof
thedatabase.Moreover, we have observed that theobtainedtra-
jectoriesaresmooth,i.e. thereareno discontinuousjumpsfrom
oneshapeto the following (seefor instancelower lip trajectory
on fig. 5).

Theseobservationshave of courseto be relativized. For the
/D/ andthe/T/, actualcontactis not observedbecausetheanaly-
sisscaleis too large(25mswindows shiftedby 10msareunable
to captureit) : adaptationof thesescales(with a long modeanda
shortmode,or a pitch synchronousanalysis)couldalleviate this
problem.Next, theshapeof the/R/ is madeshockingby its lack
of smoothness,dueto theeffectsof theapplicationof theanti-���
transformon thegrid linesonly: this canbecorrectedby chang-
ing themappingfunction into a more“smoothing” one. Finally,
for the/M/, only thelips shouldclose,not thewholetract: we do
not have yeta solutionto this problem.
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Figure5: Ordinateof thetrajectoryof the“lower lip”. The“beep”
at the beginning of the recordinggives rise to valuesclearly out of the
rangeof thoseof ahumanspeaker.

Further observations and forecasted applicative goals When
superimposingphoneticalignments,thatwereautomaticallygen-
eratedfrom forcedalignmentof acousticHiddenMarkov Models
(HMMs), with the sequencesof extractedshapes,we have ob-
servedthat thephonemeboundariesin theacousticdomainwere
becomingquestionablein the sagittalshapesdomain. Hence,it
is reasonableto forecastthat embeddedtraining of HMMs, to-
getherwith theiralignmentin thedecodingpass,will convergeto-
wardsadifferentsolutionthantheonebasedonacousticfeatures.
Whetherthis solutiongivesbetteror worserecognitionscoresis
currentlyinvestigated.

Figure 5 shows that the “beep” presentat the beginning of
the recordingswas giving rise to valuesclearly out of the hu-
man range. Hence,the “beep” zonecould be detectedby sim-
ple thresholdingof theobtainedvalues,which would representa
simpledenoisingmethod. A deeperknowledgeof the system’s
behavior couldallow to extendthis typeof application.

5 CONCLUSION
We have shown that the incorporationof DRM-derived con-
straintsinto theprocessof LPC modelingwasbringingimprove-
ments to the modeling accuracy and to a speechrecognition
task. Alternately, obtaining vocal tract profile shapesthrough
LPC, with theultimategoal of inverting factor-basedvocal tract
models,shows anopeningtowardstheuseof speechproduction
paradigmsinto speechrecognitionand speechdenoisingappli-
cations. Hence,despitethe approximationsit supposes,LPC-
basedacoustico-articulatoryinversionis a goodcandidateasan
interfacebetweenspeechproductionknowledgeandAutomatic
SpeechProcessingapplications.
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