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ABSTRACT

Articulatory representationsre expectedto bring bet-
ter speechrecognitionresults. This requiresto estimate
the parameterf a speechproductionmodel from the
speechsound, problemknown as acoustico-articulatory
inversion. Known methodsto solve this problem usu-
ally introducea heary computationalcost. Alternately
it is known thatLinear Predictionanalysisoffersananal-
ogy with acousticfiltering. This analogyhad beenex-
ploitedto developalessexpensve analyticmethodappli-
cableto theestimationof tubeshapesliscretizedn equal-
lengthsectionsWe have extendedhemethodo theDRM
case wherethe tubeis madeof unequal-lengttsections.
The proposedRM inversionschemes thussimplerand
faster Furthermorejt shavs goodperformancen terms
of low residualmodelingerror. It alsoenhancespeech
recognitionresultswhenusedto computeLog Area Ra-
tios.

1. INTRODUCTION

It is traditionally recognized[3] that the productionof
speechresultsfrom the acousticafiltering of a glottal ex-
citation by the vocal tract taken asa seriesof connected
sectionsof uniform length. In this framework, it canbe
demonstrated5] that the filtering processis equivalent
to an Auto-Regressie (AR, or all pole)filtering process.
The auto-rgyressie filter can be describedn a polyno-
mial form aswell asin a lattice form. Wakita[11] has
proposedo recover the tube shapeshy applyinginverse
filtering methodsknown in theframework of AR process
identification,to acoustico-articulatorinversion.
Mrayati, Care and Guérin [7] have pushedthe above
speechproduction theory further: they postulatethat
speechproduction modeling agreesbetter with human
phonologys rules if the vocal tract is discretizedin
unequal-lengttsections. We will show in the following
thatthe Distinctive Regions Model (DRM) they propose
correspondso aconstraineddR processf theDRM tube
is consideredas a seriesof subsectionof unit length,
someof which beingfastenedogether(Figure 1). First,
the constrainedattice form of the DRM inversetransfer
functionis derived. A criterionto estimatets parameters
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Figure1l: The DRM acoustictube asa concatenatiorof
30equal-lengthsections.

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

2. LATTICE FORM OF THE DRM FILTER

2.1. Development of the transfer function

The solutionof Websters equationsdescribingthe state
of afluid in anexcited acoustictube[6, 1], allows to ex-
pressthe interactionbetweena soundwave propagating
towardsthe lips end of a vocal tract and a soundwave
propagatingn theinversedirection,i.e. towardsthe glot-
tal end. If the vocaltractis discretizedn unequallength
cylindrical section this interactionis describedy:

U1 (t = Amt) = == {uf (1) + kv, (6)}

U1 (E+ Amt) = == {kmuf, (8) + v, (6)}
(1)

where:

e ul (resp. u;,) is the speedof the forward (resp.
backward)traveling wave

o ky = =222, wheres,, is theareaof the m-th

cylindrical section

o At = A% is the time neededor the air to travel
alongthem-th section.

By defining a discretetime unit correspondingo the
greatestcommondivisor of the traveling times, the Z-
transformcanbeappliedto theabore equationsAs speed
of soundis constantthe discretetime canbe relatedto a
discretedistance At = Alyni/c. Thisunit distance



isitselfthegreatestommondivisorof thesectionengths.
In the caseof the DRM, this distances L/30 (whereL is

thetotal tubelength)sincethe sectionshave length L /10,

L/15,2L/15, L/5 etc.,hencethe 30 unit sectiondn Fig-

urel. After applicationof the Z-transformwe obtain:

22U (2) = 25 (U (2) + kU (2)]
@
2 UL (2) = 725 kU (2) + U (2)]

where:

e 2z = eijAuniit

e 1, isthelengthof them-th sectionexpressedsthe
numberof elementaryunits.

This systemcanbe expressedn matrix form as:
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Consideringhatthe exit of thetube(the“lips”) is con-
nectedo atubeof infinite sectionwe obtainthefollowing
boundaryconditiont :

S_1=00 = kg=-1

Applying this condition,equation(3) canbewritten as:
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and

Ko =115 (6)
=0

Neglecting the overall delay z(3 Z+=o™) and the gain
K,,, thetrue transferfunctionfor the forward traveling
wavecorrespondgo A(z) = 1/D; (z), whee D}t (z) is
computedecusivelyusing:

D-ft+1 (2)
Dy y1(2)

5G] = [Ln]

It can be demonstrated4] that this recursionleadsto
a polynomial form for D} (z). Hence,the “synthesis
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1sectionsarenumberedn crescenbrderfrom lips to glottis.

oriented”transferfunction A(z) still representsn auto-
regressive processFurthermoretheinversetransferfunc-
tion D} (z) canbe formalizedasa lattice, givenin Fig-
ure2.

The given lattice form is equivalentto a classicalin-
verselinearPredictionlatticefilter wheresomereflection
coeficientsk; would be constrainedo stayequalto zero
in the locationscorrespondingo fastenedunit sections.
It hasbeendemonstrated5] that unconstrainedAR fil-
terswherestableif the condition |k;| < 1 Vi wasveri-
fied. Sincethe constraintintroducedby the DRM means
|k:| = 0 for somei, the stability of themodelis still guar
anteedf the unconstrainedeflectioncoeficientsarebe-
tweenl and—1.

Sincewe have now a lattice form anda stability condi-
tion for the transferfunction, we canapply inversefilter-
ing to the estimationof its parameters.

3. INVERSE FILTERING INCLUDING DRM
CONSTRAINTS

We have just shavn thatthe DRM acousticfiltering pro-
cessis equialentto a lattice filtering processincluding
articulatoryconstraintsn theform of odd delays(Fig. 2).
Denotingby %, the sumof all the delaysfrom order1 to
order(p), a stablefilter characterizedby its reflectionco-
efficientsk,, 1) canbe estimatedoy minimizing a mean
squaredpredictionerror£(p + 1) similar to the oneused
for Burg’'s method

52(p+1)=§{ S e+’ Y e;<p+1)2}

t=5p+1 t=5p+1
(8)

Minimizing this error criterion through differentiating
andequatingto zerogives:

-2 Eiv=>:p+1 ej(p)et_—n,, (p)
zi\]:):p-u (ej(p))z + Ziv:):p-u (Eg—np (p))2

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

9)

kpy1 =

4. EXPERIMENTAL RESULTS

4.1. Data set

The describedinversefiltering methodhasbeenimple-

mentedwith the purposeof comparingits modelingac-
curag with other models. Comparisonhas been per

formedbetweena classical8th orderLP lattice (LPC8),
a27thorderLP lattice (LPC27),the DRM lattice andan
evenly-constrainethttice (all 2~ equalto z~*; denoted
LPC Constr).

For all our experiments,a subsetof the soundfiles of
the University of WisconsinX-Ray microbeamdatabase
[12] hasbeenused. Characteristicef the dataare: mi-
crophonespeechw/ somebackgrounchoise,47 spealers
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Figure2: The DRM inversefilter.

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

4.2. Summary of the analysis method

The speechanalysismethodcorrespondingo the com-
paredmodelscanbe summarizeds:

1. adaptthesampldrequencyfspeeb datato thecon-
straintimposedby the modelfor the applicationof
the Z-transform,namely Fy = TR (wherec is
the speedof soundand Al,,,,;; is the unit lengthde-
finedabove). Giventhe structureof the models,and
assumingthat a vocal tract is 17 centimeterdong
on average the samplingfrequenciego usewill be
8kHz in the caseof LPC8and30kHzin the casef
the DRM, LPC27 andLPC Constr The frequengy
adaptationhas been performedfrom the unaltered
original21kHzsamplingrate, usingzeropackingfol-
lowed by polyphaseiltering.

2. pre-emphasiztheobtainedspeeb waveby asimple
differentiation. This stepis performedto compen-
satefor the effectsintroducedby the glottal wave-
form shapeandtheradiationeffectatthelips.

3. inverse-filter speeb. Adapt filter every 10 ms by
computingreflection coeficients k;, using expres-
sion(9) with 25 msobsenationwindows. For speech
recognition transformreflectioncoeficientsinto log

arearatios: I; = log(}jr,lj’f )-

4. computeaverage meansquaed prediction error in
thedifferentcasestudied.

4.3. Residual prediction error

ResultgFigure3) show thatthe DRM, describedy 7 pa-
rametergthek;’s), producesalower predictionerrorthan
anunconstrainedl PC modeldescribedy the samenum-
berof parameterg,e. LPCS8.

However, anunconstrainetlPC modelof anequivalent
order (LPC27) results,as could be expected,in a lower
residualerror.

Neverthelessit is seenthat the repartitionof the con-
straintsin the sectionlengthsplays a role in the mod-
eling accurag, sincea constrainednodel of equivalent
order but with a different repartition of sectionlengths
(LPC Constr) performsworsethanthe DRM.
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Figure3: Comparisorof MeanSquarederrorsfor thedif-
ferenttubemodels.Upsamplingor downsamplings per
formedfrom theoriginal 21 kHz samplefrequeng.

4.4. Speech recognition

Spealker-independentspeechrecognition has been per

formed by training 43 monophoneHMMs (left-right, 3

states 5 gaussianger state,diagonalcovariances)n an
embeddedraining schemeusing the orthographictran-
scriptiongivenwith the databaseTraining setwasmade
of 1584 sentenceslivided among41 spealers(18 M, 23
F). Testsetwasmadeof 237sentences/Spealers.Decod-
ing concernedhe 110wordsvocahulary, andmadeuseof

a descriptve grammargiving the numberof words (7, 6

or 5). Ourbaselinesystemmakinguseof LPCC+A+AA

featuresreached 5.8%Word Error Rate(WER).

Log AreaRatiosderivedfrom the DRM have beenused
for recognitionand comparedto LAR from an 8th or-
der equal-lengthtube. While unconstrained AR gave a
16.2%WER,DRM-LAR gave a 13.4%WER, which cor-
respondgo a 17%relativeimprovement

Of course theseresultsappeatlow ascomparedo the
baselinesystem.However, they suggesthatif areliable
way of computing cepstralcoeficients from the DRM
parameterss found, an improvementin state-of-the-art
recognitionaccurag couldbeexpected.

5. DISCUSSION

Many authorg2, 8, 13] have suggestethatspeechrecog-
nition would benefitfrom the exploitation of knowledge
relatedto the capabilitiesof the speechproductionap-
paratus. As the direct obsenation of vocal tract shapes
is impracticalfor everydaylife applicationsthe obsena-
tion of articulationthroughacousticclues problemknown
as acoustico-articulatorynversion,is contemplatechs a
meansof obtaining“speechproductionclues”.



Solutionsto this problemhad alreadybeenproposed
[10Q] throughthe useof optimization,artificial neuralnet-
works or codebookbasedmethods. Richards& al. [9]
have useda dynamiccodebooksearchto recover the pa-
rametersof the DRM. Thesemethodsintroducea heary
computationakost. Alternately Wakita [11] had devel-
opeda lessexpensve analytic methodapplicableto the
estimationof tubeshapedliscretizedn equal-lengthsec-
tions.

Whatwe have proposechere,throughthe extensionof
Wakita's methodto the DRM case,is a fastand simple
DRM inversionscheme.But in the absenceof a defini-
tion for an“articulatorydistance” we wish to keepon us-
ing acousticfeaturesat the input of recognitionsystems.
Hence,we believe that speechrecognitionwon’t benefit
from the direct useof articulatoryparametersspatterns
to be recognized but ratherfrom imposingarticulatory
constrainton the obsenationof acousticfeatures.

6. CONCLUSION

We have proposeda simpleandfastmethodto invert the

DRM speechproductionmodel. Performanceof the in-

version systemis good in terms of low meansquared
residualerror. Furthermoreanimprovementis obsened

in speectrecognitionaccurag whenusingDRM-derived

Log AreaRatiosin placeof usualLAR. This methodcan
be usefulin several speechprocessingdomains,includ-

ing speechcoding and speechrecognition,and prelimi-

nary experimentsvalidatethe approach. But significant
improvementsn speechrecognitionstill dependuponthe

finding of areliableway to computecepstralcoeficients
from DRM features.
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