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ABSTRACT

Articulatory representationsare expectedto bring bet-
ter speechrecognitionresults. This requiresto estimate
the parametersof a speechproductionmodel from the
speechsound,problemknown as acoustico-articulatory
inversion. Known methodsto solve this problem usu-
ally introducea heavy computationalcost. Alternately,
it is known thatLinearPredictionanalysisoffersananal-
ogy with acousticfiltering. This analogyhad beenex-
ploitedto developa lessexpensiveanalyticmethodappli-
cableto theestimationof tubeshapesdiscretizedin equal-
lengthsections.Wehaveextendedthemethodto theDRM
case,wherethe tubeis madeof unequal-lengthsections.
TheproposedDRM inversionschemeis thussimplerand
faster. Furthermore,it shows goodperformancein terms
of low residualmodelingerror. It alsoenhancesspeech
recognitionresultswhenusedto computeLog Area Ra-
tios.

1. INTRODUCTION

It is traditionally recognized[3] that the productionof
speechresultsfrom theacousticalfiltering of a glottal ex-
citation by the vocal tract taken asa seriesof connected
sectionsof uniform length. In this framework, it canbe
demonstrated[5] that the filtering processis equivalent
to anAuto-Regressive (AR, or all pole)filtering process.
The auto-regressive filter can be describedin a polyno-
mial form aswell as in a lattice form. Wakita [11] has
proposedto recover the tubeshapesby applyinginverse
filtering methods,known in theframework of AR process
identification,to acoustico-articulatoryinversion.

Mrayati, Carŕe andGuérin [7] have pushedthe above
speechproduction theory further: they postulatethat
speechproductionmodeling agreesbetter with human
phonology’s rules if the vocal tract is discretized in
unequal-lengthsections. We will show in the following
that the Distinctive RegionsModel (DRM) they propose
correspondsto aconstrainedAR processif theDRM tube
is consideredas a seriesof subsectionsof unit length,
someof which beingfastenedtogether(Figure1). First,
the constrainedlattice form of the DRM inversetransfer
functionis derived. A criterionto estimateits parameters
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Figure1: The DRM acoustictubeasa concatenationof
30equal-lengthsections.

is posed,and the correspondingestimatoris expressed.
Experimentalassessmentof themethodis performedfirst
throughaveragemeansquareresidualerror computation
and then through the use of DRM-derived featuresfor
speechrecognition. Finally, the role of articulatoryfea-
turesin speechrecognitionis briefly discussed.

2. LATTICE FORM OF THE DRM FILTER

2.1. Development of the transfer function

The solutionof Webster’s equations,describingthe state
of a fluid in anexcitedacoustictube[6, 1], allows to ex-
pressthe interactionbetweena soundwave propagating
towardsthe lips end of a vocal tract and a soundwave
propagatingin theinversedirection,i.e. towardstheglot-
tal end. If thevocal tract is discretizedin unequallength
cylindrical section,this interactionis describedby:�� ������ �	��
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where:$ � �� (resp. � �� ) is the speedof the forward (resp.
backward)travelingwave$  � �&% �	')(*� % �% �	')(+� % � , where , � is the areaof the - -th
cylindrical section$ � � �.�0/�1 �2 is the time neededfor the air to travel
alongthe - -th section.

By defining a discretetime unit correspondingto the
greatestcommondivisor of the traveling times, the 3 -
transformcanbeappliedto theaboveequations.As speed
of soundis constant,thediscretetime canberelatedto a
discretedistance: �5476�8:9;�<�=�5>?4@6A8B9*C�D . This unit distance



is itself thegreatestcommondivisorof thesectionlengths.
In thecaseof theDRM, this distanceis E CGFIH (whereE is
thetotal tubelength)sincethesectionshave length E CKJLH ,E CMJ@N , OAE CMJ@N , E C�N etc.,hencethe30 unit sectionsin Fig-
ure1. After applicationof the 3 -transform,we obtain:�P� P�RQTSAU �VXW �� �	�G
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where:$ Q �a`cb�dMe /gf Uih:j 9$lk � is thelengthof the - -th sectionexpressedasthe
numberof elementaryunits.

Thissystemcanbeexpressedin matrix form as:monqpr ptscu
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Consideringthattheexit of thetube(the“lips”) is con-
nectedto atubeof infinite section,weobtainthefollowing
boundarycondition1 :, �t� ��� �  A�����.J
Applying this condition,equation(3) canbewrittenas:�o� '��'K(��:���� S��'K(��:�����q� �G� (V�� ����I� U ����� �l��� '� �:���� S� �:���o�^� � '� �:��� � � S� �:�����(4)
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Neglecting the overall delay Q 
 (V[¨ ����I� 6 � � and the gain

¤ � , the true transferfunction for the forward traveling
wavecorrespondsto © 
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computedrecursivelyusing:� � '��'K(��:���� S��'K(��:���.�«� � � ����'K(����'K( � SAU ��'K( � SAU ��'K( � ��� '� �:���� S� �:��� ���� '� �:���� S� �:��� � � � � � � SAU � � (7)

It can be demonstrated[4] that this recursionleadsto
a polynomial form for

  �� 
 Q � . Hence, the “synthesis

1Sectionsarenumberedin crescentorderfrom lips to glottis.

oriented”transferfunction © 
 Q � still representsan auto-
regressiveprocess.Furthermore,theinversetransferfunc-
tion

  �� 
 Q � canbe formalizedasa lattice, given in Fig-
ure2.

The given lattice form is equivalent to a classicalin-
verseLinearPredictionlatticefilter wheresomereflection
coefficients  I8 would beconstrainedto stayequalto zero
in the locationscorrespondingto fastenedunit sections.
It hasbeendemonstrated[5] that unconstrainedAR fil-
terswherestableif the condition ¬  8 ¬¦­ J¯®�° wasveri-
fied. Sincethe constraintintroducedby the DRM means¬  8 ¬ ��H for some° , thestabilityof themodelis still guar-
anteedif theunconstrainedreflectioncoefficientsarebe-
tween J and �.J .Sincewe have now a latticeform anda stability condi-
tion for the transferfunction,we canapply inversefilter-
ing to theestimationof its parameters.

3. INVERSE FILTERING INCLUDING DRM
CONSTRAINTS

We have just shown that the DRM acousticfiltering pro-
cessis equivalent to a lattice filtering processincluding
articulatoryconstraintsin theform of odddelays(Fig. 2).
Denotingby ±�² thesumof all thedelaysfrom order J to
order 
B³�� , a stablefilter characterizedby its reflectionco-
efficients  � ² �	� � canbe estimatedby minimizing a mean
squaredpredictionerror ´ 
B³µ��J@� similar to theoneused
for Burg’smethod:¶7· u¹¸�º } w { }»R¼½ ¾ ¿ÀÁ?ÂÄÃ�Å pts7Æ pÁ u¹¸yº } w · º ¿ÀÁÇÂÈÃGÅ pts7Æ xÁ u¹¸yº } w ·KÉ ÊË
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Minimizing this error criterion through differentiating
andequatingto zerogives:�LÌ pts { ~Í»[Î ¿Á?ÂÄÃ Å p�s Æ pÁ u¹¸Ïw Æ xÁ xK� Å u¹¸MwÎ ¿Á?ÂÄÃ�Å p�s	Ð Æ pÁ u¹¸Ïw]Ñ · º Î ¿ÁÇÂÈÃGÅ pts�Ò Æ xÁ xM� Å u¹¸ÏwÔÓ · (9)

It canbeeasilyverifiedthatthis solutionalwaysrespects
the filter stability conditionevoked in the precedingsec-
tion.

4. EXPERIMENTAL RESULTS

4.1. Data set

The describedinversefiltering methodhasbeenimple-
mentedwith the purposeof comparingits modelingac-
curacy with other models. Comparisonhas beenper-
formedbetweena classical8th orderLP lattice (LPC8),
a 27thorderLP lattice (LPC27),the DRM latticeandan
evenly-constrainedlattice(all Q � 6 h equalto Q ��Õ ; denoted
LPCConstr.).

For all our experiments,a subsetof the soundfiles of
the University of WisconsinX-Ray microbeamdatabase
[12] hasbeenused. Characteristicsof the dataare: mi-
crophonespeechw/ somebackgroundnoise,47 speakers
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Figure2: TheDRM inversefilter.

(21 M, 26 F), 21.239kHz samplingrate,promptedword
lists (7 wordsor less). This choicehasbeenoperatedin
conjunctionwith othertasksof our researchproject.

4.2. Summary of the analysis method

The speechanalysismethodcorrespondingto the com-
paredmodelscanbesummarizedas:

1. adaptthesamplefrequencyof speechdatato thecon-
straint imposedby the model for the applicationof
the 3 -transform,namely á�â � 2e /�1Bf Uih:j (where D is
thespeedof soundand �5> 4@6A8B9 is theunit lengthde-
finedabove). Giventhestructureof themodels,and
assumingthat a vocal tract is 17 centimeterslong
on average,the samplingfrequenciesto usewill be
8kHz in thecaseof LPC8and30kHzin thecasesof
the DRM, LPC27andLPC Constr. The frequency
adaptationhas beenperformedfrom the unaltered
original21kHzsamplingrate,usingzeropackingfol-
lowedby polyphasefiltering.

2. pre-emphasizetheobtainedspeech waveby asimple
differentiation. This stepis performedto compen-
satefor the effects introducedby the glottal wave-
form shapeandtheradiationeffectat thelips.

3. inverse-filter speech. Adapt filter every 10 ms by
computingreflection coefficients  I8 , using expres-
sion(9) with 25msobservationwindows.Forspeech
recognition,transformreflectioncoefficientsinto log
arearatios: > 8 �R>!ã@ät
 ����� h����� h � .

4. computeaverage meansquared prediction error in
thedifferentcasesstudied.

4.3. Residual prediction error

Results(Figure3) show thattheDRM, describedby 7 pa-
rameters(the  A8 ’s),producesa lowerpredictionerrorthan
anunconstrainedLPCmodeldescribedby thesamenum-
berof parameters,i.e. LPC8.

However, anunconstrainedLPCmodelof anequivalent
order (LPC27) results,ascould be expected,in a lower
residualerror.

Nevertheless,it is seenthat the repartitionof the con-
straintsin the sectionlengthsplays a role in the mod-
eling accuracy, sincea constrainedmodel of equivalent
order but with a different repartitionof sectionlengths
(LPC Constr.) performsworsethantheDRM.
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Figure3: Comparisonof MeanSquaredErrorsfor thedif-
ferenttubemodels.Upsamplingor downsamplingis per-
formedfrom theoriginal 21kHz samplefrequency.

4.4. Speech recognition

Speaker-independentspeechrecognition has been per-
formed by training 43 monophoneHMMs (left-right, 3
states,5 gaussiansper state,diagonalcovariances)in an
embeddedtraining scheme,using the orthographictran-
scriptiongivenwith thedatabase.Trainingsetwasmade
of 1584sentencesdividedamong41 speakers(18 M, 23
F).Testsetwasmadeof 237sentences/6speakers.Decod-
ing concernedthe110wordsvocabulary, andmadeuseof
a descriptive grammargiving the numberof words(7, 6
or 5). Ourbaselinesystem,makinguseof LPCC+� + �5�features,reacheda5.8%Word ErrorRate(WER).

Log AreaRatiosderivedfrom theDRM havebeenused
for recognitionand comparedto LAR from an 8th or-
der equal-lengthtube. While unconstrainedLAR gave a
16.2%WER,DRM-LAR gavea 13.4%WER,which cor-
respondsto a 17%relativeimprovement.

Of course,theseresultsappearlow ascomparedto the
baselinesystem.However, they suggestthat if a reliable
way of computingcepstralcoefficients from the DRM
parametersis found, an improvementin state-of-the-art
recognitionaccuracy couldbeexpected.

5. DISCUSSION

Many authors[2, 8, 13] havesuggestedthatspeechrecog-
nition would benefitfrom the exploitation of knowledge
relatedto the capabilitiesof the speechproductionap-
paratus. As the direct observation of vocal tract shapes
is impracticalfor everydaylife applications,theobserva-
tionof articulationthroughacousticclues,problemknown
asacoustico-articulatoryinversion,is contemplatedas a
meansof obtaining“speechproductionclues”.



Solutionsto this problemhad alreadybeenproposed
[10] throughtheuseof optimization,artificial neuralnet-
works or codebookbasedmethods. Richards& al. [9]
have useda dynamiccodebooksearchto recover the pa-
rametersof the DRM. Thesemethodsintroducea heavy
computationalcost. Alternately, Wakita [11] haddevel-
opeda lessexpensive analytic methodapplicableto the
estimationof tubeshapesdiscretizedin equal-lengthsec-
tions.

Whatwe have proposedhere,throughtheextensionof
Wakita’s methodto the DRM case,is a fastandsimple
DRM inversionscheme.But in the absenceof a defini-
tion for an“articulatorydistance”,wewish to keeponus-
ing acousticfeaturesat the input of recognitionsystems.
Hence,we believe that speechrecognitionwon’t benefit
from the directuseof articulatoryparametersaspatterns
to be recognized,but rather from imposingarticulatory
constraintson theobservationof acousticfeatures.

6. CONCLUSION

We have proposeda simpleandfastmethodto invert the
DRM speechproductionmodel. Performanceof the in-
version systemis good in terms of low meansquared
residualerror. Furthermore,an improvementis observed
in speechrecognitionaccuracy whenusingDRM-derived
Log AreaRatiosin placeof usualLAR. This methodcan
be useful in several speechprocessingdomains,includ-
ing speechcoding and speechrecognition,and prelimi-
nary experimentsvalidatethe approach.But significant
improvementsin speechrecognitionstill dependuponthe
finding of a reliableway to computecepstralcoefficients
from DRM features.

References

[1] L.J. Bonder. The n-tubeformula and someof its
consequences.Acustica, 52:216–226,1983.

[2] K. ErlerandL. Deng.HMM representationof quan-
tized articulatoryfeaturesfor recognitionof highly
confusiblewords. In ICASSP’92, volumeI, pages
545–548,1992.

[3] C.G.M.Fant. Acoustictheoryof speech production.
Mouton: TheHague,1960.

[4] SachaKrstulović. Acoustico-articulatoryinversion
of theDRM modelthroughinversefiltering. IDIAP-
RR16,IDIAP, 1998.http://www.idiap.ch/.

[5] J.D. Markel and A.H. Gray. Linear prediction of
speech. Springer-Verlag,1976.

[6] P.M. MorseandK.U. Ingard.Theoretical acoustics.
Mc Graw-Hill, 1968.
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