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ABSTRACT

Nonlinearsystemsbasedon chaostheory can modelvariousas-
pectsof thenonlineardynamicphenomenaccuringduringspeech
production. In this paper we explore modernmethodsandalgo-
rithmsfrom chaoticsystemgheoryfor modelingspeectsignalsin
amultidimensionaphasespacendfor extractingnonlinearacous-
tic features.Further we integratethesechaotic-typeeatureswith
the standardinear ones(basedon cepstrum)to develop a gener
alizedhybrid setof short-timeacoustideaturesor speectsignals
anddemonstratés efficacy by shaving significantimprovements
in HMM-basedword recognition.

1. INTRODUCTION

For several decadeghe traditional approachto speechmodeling
hasbeenthe linear (source-filter)modelwherethe true nonlinear
physics of speechproductionare approximatedvia the standard
assumptionsf linearacousticand1D planewave propagtion of
the soundin thevocaltract. This approximationieadsto thewell-
known linearpredictionmodelfor thevocaltractwherethespeech
formantresonanceareidentifiedwith the polesof the vocaltract
transferfunction. Thelinearmodelhasbeerappliedto speechod-
ing, synthesisndrecognitiorwith limited succes§12, 13]; to build
successfulpplicationsdeviationsfrom the linearmodelareoften
modeledas second-ordeeffectsor errorterms. Thereis indeed
strongtheoreticabndexperimentakvidence[15, 5, 19, 17] for the
existenceof importantnonlinearaerodynamighenomenaluring
the speechproductionthat cannotbe accountedor by the linear
model. Theinvestigation of speecmonlinearitiescanproceedn
atleasttwo directions: (i) numericalsimulationsof the nonlinear
differential(Navier-Stokes)equationgyoverningthe 3D dynamics
of the speechairflow in the vocal tract, and (i) developmentof
nonlinearsignal processingsystemssuitableto detectsuchphe-
nomenaandextractrelatedinformation. In our researctwe focus
on the secondapproachwhich is computationallymuchsimplet
i.e., to developmodelsandextractrelatedacousticsignalfeatures
describingnonlinearphenomenin speecHike turbulence

To bephysically meaningfumathematicatepresentationsnd
derived featuresof speechsignalsshouldbe derived basedon im-
portantaspectf the physics of speechproduction,suchasthe
acousticdynamicsof 3D speechairflow, geometryof vocaltract,
and nonstationarityof speech. The nowadays‘standard”’speech
featuresusedin automaticspeectrecognition(ASR) arebasedon
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short-timesmoothedepstrastemmingrom thelinearmodel. This
representatioignoreshenonlinearmaspectsf speechAddingnewv
robustnonlineainformationis quitepromisingto leadtoimproved
performanceandrobustnessin this paperwe alsodeveloprobust
nonlinearfeatureshasedon chaoticmodelsfor speechproduction
and apply thesefeaturesto increasethe recognitionperformance
of ASR systemsvhosepatternclassificatiorpartis basedon Hid-
denMarkov Models (HMM). Our motivation for this part of our
researclwork includesthefollowing: (1) By usingconceptsrom
fractals[7] to quantifythegeometricafoughnes®f speectwave-
forms, oneof the authorswasableto extractfractal featurefrom
speeclsignalsandusethemto improve phonemiaecognition[9].
(2) Fractalscan quantify the geometryof speechturbulence. A
fuller accountof the nonlineardynamicscanbe obtainedby using
chaoticmodelsfor generatime-seriesasin [1].

Section2 of this papersummarizeshe basicconceptsandal-
gorithmsfor analyzingspeechsignalswith chaoticmodels. In
Section3 we describehow to extract short-timefeaturevectors
from speectsignalsthatcontainchaoticdynamicdanformation,in-
tegratethesenonlinearispeectieaturesvith thestandardinearones
(cepstrum) anddevelop a generalizedsetof acousticfeaturesfor
improving HMM-basedphonemiaecognition.

2. SPEECH ANALYSISUSING CHAOTIC MODELS

It hasbeenshavn experimentallyand predictedtheoreticallythat
mary speechsoundscontainvariousamountsof turbulence[8].
Specifically dueto airflow sepaation [15, 19], theair jet flowing
throughthe vocal tract during speechproductionis highly unsta-
ble andoscillatesbetweenits walls, attachingor detachingtself,
and therebychangingthe effective cross-sectionafreasand air
masses. \ortices can easily be generatedalong the vocal tract
[19, 17] andthen propagte while twisting, stretchingand diffu-
sion occurs. Suchphenomenare encounteredn mary speech
soundsand leadto turbulent flow; especiallyfricatives, plosives
andvowels utteredwith somespealer-dependenaspiration,con-
tainvariousamountf turbulence.In thelinearspeechmodelthis
hasbeendealtwith by having awhite noisesourceexciting thevo-
caltractfilter. It hasbeenconjecturedhatgeometricabtructuresn
turbulencecanbemodeledusingfractals[7, 8], while its dynamics
canbemodeledusingthetheoryof chaos.In a previouswork [9],
oneof the authorsmeasuredhe short-timefractal dimsensiorof
speeclsoundsasafeatureto approximatelyquantifythedegreeof
turbulence(basedon its multiscalestructure)in themandusedit
to improve phonemeaecognition.Moving astepfurther, insteadof
theabove quantificationin the scalarphasespacewe shalluse,in
this paper conceptdrom chaod 1] to modelthenonlineardynam-
icsin speectof thechaotictype,asanattemptto penetraténto its
‘hidden’aspectsPreviouswork on usingchaoticsystemso model
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speecttanbefoundin [11, 18, 2, 6].

We assumehat(in discretetime n) thespeectproductionsys-
temcanbeviewedasanonlineatutfinite dimensiona{dueto dissi-
pativity [16]) dynamicalsystemX (n) — F[X (n)] = X(n + 1).
A speechsignalsegments(n), n = 1, ..., N, canbe considered
asa 1D projectionof a vector function appliedto the unknavn
multidimensionabynamicvariablesX (n). It is possiblethatthe
complity or randomnessbsenredin the scalarsignal could be
dueto lossof informationduringthe projection. It is questionable
whetherthereexists a reverseprocedureby which a phasespace
of Y = Y'(n) is reconstructed usinginformationprovidedby the
scalarsignal- satisfyingthemajorrequiremento bediffeomorphic
to theoriginal phasespacesothatdeterminismanddifferentialin-
formationof the dynamicalsystemarepresered[14].

Accordingto theembeddindheorem 1], thevector

Y(n) = [s(n),s(n+Tp),...,s(n+ (Dg —1)Tp] (1)

formedby samplesf the original signaldelayedby multiples of
aconstantime delay7» definesamotionin areconstructed -
dimensionakpacehathasmary commonaspectsvith theoriginal
phasespaceof X (n). Particularly mary quantitiesof the origi-
nal dynamicalsystem(e.g. generalizedractal dimensionsand
Lyapuna exponents)in the original phasespaceX (n) are con-
sened in the reconstructegpacetracedby Y (n). The factthat
the multidimensionaphasespacecanbefully reconstructeds in-
tuitively justified asthereis no disconnectedubsebf variablesof
the nonlinearsystem,nor one canbe createdby a smoothtrans-
formation. Thus,by studyingthe constructibledynamicalsystem
Y (n) — Y (n + 1) we canuncorer usefulinformationaboutthe
originalunknavn dynamicalsystemX (n) — X (n + 1) provided
thattheunfoldingof thedynamicds successfule.g.theembedding
dimensionDg is large enough.However, theembeddingheorem
doesnot specify a methodto determinethe requiredparameters
(Tp, Dg) but only setsconstraintson their valuesFor example,
Dpg mustbegreatetthantwice the box-countingdimensionof the
attractorsetand7» may have ary valueexceptfrom pAt, where
p = 1,2 and At correspondso periodsof possibleperiodicorbits
of the system. Hence,procedurego estimatethe valuesof these
parametersreessential.

Thetime delaycorrespondso theconstantime differencebe-
tweenthe neighboringelementf eachreconstructedector The
smallerTp gets,the morewill the successie elementsbe cor
related,as not enoughtime will have elapsedfor the systemto
generatesufficientamountsof informationandall connectedvari-
ablesaffectthe obsenedone.As aconsequencthereconstructed
vectorswill populatealongthe separatri>of the multidimensional
phasespace.On the contrary the greaterT’p gets,the moreran-
domwill the successie elementsbe and ary preeisting ‘order’
will belost. Thusit is necessaryo compromisebetweerthesewo
conflicting amuments. To achieve this, the following measureof
nonlinearcorrelationintroducedby Fraser& Swinne is usedfor
dealingwith chaoticdatas(n) [1]:

P(s(n),s(n+1T))
(s(n))-P(s(n+T))
2
whereP(-) denotegprobability Eachlog termin theabore sumis
themutualinformationfor apairof obsenedvaluess(n), s(n+1")
which are apartfrom eachotherby a delay T'. If thesevalues
are independenttheir mutual informationis zero, as their joint
probabilityfactorizedo theproductof thetwo probabilities.Thus,

I(T)= i P(s(n),s(n+T))-log, P

I(T') istheaveage mutualinformationbetweerpairsof sample®f
thesignalsegmentthatareT” positionsapart. Then,the‘optimum’
time delayTp is selectedasthe smallestT” at which the average
mutualinformationassumeg minimumvalue:

Tp = min{arg rqr};r& I(T)} (3)

Thenext stepisto selecthedimensionD i of thereconstructed
vectors.As aconsequencaf theprojection pointsof thelD signal
arenotnecessarilyn theirrelative positionsbecausef thetruedy-
namicsof themultidimensionabysten{trueneighbors)manifolds
arefolded and differentdistinct orbits of the dynamicsareinter-
secting.A truevs. falseneighborcriterionis formedby comparing
the distancebetweentwo points S,,, S; embeddedn successie
increasingdimensionslf their distancedp (S», S;) in dimension
D is significantlydifferentthantheirdistancelp 41 (Sx, S;) in di-
mensionD + 1, thenthey areconsideredo beapair of falseneigh-

bors. Equivalently, if RP (S, S;) = dD+1<S§L5S(JS)7§?)<S"L’SJ) ex-
nyRj

ceedsathresholdusuallyin therange{10, 15]), thenthetwo points
arefalseneighborspunderthe assumptiorthatary distancediffer-
enceis notgreatethansomesecondrdermultiple of theattractor
diametetkRs = 4 S ||s(n) — 3|| . ThedimensionD atwhich
thepercentagef falseneighborggoesto zero(or minimizedin the
existenceof noise)is choserastheembeddinglimensionD .

In the unfoldedphasespaceonecanmeasureénvariantquanti-
ties of the attractor which if chaoticwould be characterized10]
by denseperiodic points and mixing, suchasfractal dimensions
of geometricale.g. box-countingdimension)and/orprobabilistic
(e.g. informationdimension)character The dimensionof the at-
tractorexceptfrom beinga measuref compleity, correspond$o
thenumberof active degreesof freedomof thesystem.Thecorre-
lation dimensior4, 10] (belongingto a greatersetof generalized
dimensionof probabilistictype)is definedas

log C(N,r)

De = lim lim
logr

r—0 N—oo

; (4)

whereC is thecorrelationsum,i.e. for eachscaler thenumberof
pointswith distancesessthanr normalizedo thenumberof pairs
of points:

N
C(N,r) = m S0 - 1% - X0 ©)

i=1 j#i

where# is the Heavyside unit-stepfunction. For small ‘enough’
scalesandfor NV large‘enough’C(r) is proportionalto x (1)<,
wherex (r) standsfor thelacunarityof theset[7].

Figurel shavs thewaveformsof four speectphonemestheir
attractorandlocal-scaleorrelatiordimensiormeasurementShe
shapé differencesor similarities (complex roughspikesfor frica-
tives,smootHflow/cyclesfor vowels)in theattractorsareconsistent
with the correspondingphysicsfor eachphoneme.

3. CHAOTIC FEATURESAND SPEECH RECOGNITION

Theanalysidescribedn Sectior? hasbeerappliedto alargenum-
ber of phonemes.Experimentalobsenationsof the dynamicsin

1Thevisualizationof the multidimensionahttractorshasbeendoneby
shawing thefirstthreeelement®f eachvectorin 3D spaceandthelastthree
asRGB color components.
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Fig. 1. (a) SpeechVaveforms,(b) Attractorsof EmbeddedSignals,(c) CorrelationSums,(d) Scale-\arying CorrelationDimensions.1st
row (top): vowel /iy/, 2ndrow: voicedfricative /z/, 3rd row: vowel /axr/, 4th row (bottom): urvoicedfricative /s/. (In (c) and(d) thick

linesshav averagecunes.)

thereconstructephasespaceéhave shavn theformationof general
patternsamongphoneme®f the sametype, both from a qualita-

tive anda quantitatve point of view (i.e., the attractorstopology

andthe scale-arying correlationdimensionsyrespectiely). Less

well-formedpatternsvereobsenedin thecaseof phonemesf the

sameclass(e.qg. fricatives,plosives,vowels). Further evenfor the

samephonemaitteredby thesamespealer, thereweresomecases
of variabilitiesdependingon neighboringphonemegallophones).
Motivatedby similar classificationf fractal speechcharacteris-
ticsin apreviouswork [9], we attemptedo extractfeatuiesrelated

to chaoticdynamicsandapplythemto anautomaticspeechrecog-

nition (ASR) systermbasedn hiddenMarkov models(HMM)?.

The featurevectorsusedin speechrecognitionare typically
computedvera20-30mswindow andareupdatedevery 5-10ms.
The ‘standard’featureset consistsof the meansquareamplitude
(usually called ‘enegy’) the first twelve mel-frequencycepstrum
coeficients (MFCC) and their first and secondtime deriatives.
We shallaugmenthe‘standardfeaturevectorandthuscreateahy-

2TheHTK [20] HMM-recognitionsystemwasused.
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brid featurevectorbyincorporatingnformationfromthenonlinear
structureof speectof thechaotictypeasadditionalfeatures.Thus,
asshort-timeacoustiaepresentationsf speechve usefeaturevec-
torsthatcontaininformationboth from the smoothectepstrumof
the linear model, which represents first-orderapproximationto
the true speechacousticsaswell asfrom the chaoticdynamics,
which containinformationfrom thesecond-ordemonlinearspeech
acousticsTheinputfeaturevectorsaresplitinto two differentdata
streamgMFCC andchaotic)belongingto independenprobability
‘streamswith independenprobability distributions. The TIMIT ®
databasevasusedfor therecognitionexperiments.
Throughanautomategrocedureeachspeectanalysisframe
(25-msframes, updatedevery 10 ms) hasbeenembeddedn a
multidimensionalphasespaceusing the appropriateparameters
(T, Dg). The physicaljustificationof embeddingonly a frame
insteadof awhole phonemas thatthereconstructedpacen this

STheTIMIT databaseonsistof 6300 sentencesl0 sentencespolen
by eachof 630 spealersfrom 8 major dialectregionsof US. All speech
signalsin TIMIT aresampledat16 kHz. Thetrainingsetconsistf 3696
sentenceandthetestsetof 1344sentences.
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occasiorbelongso theshort-timephasespaceof thedynamicsys-
temduringthetime periodit producedhecurrentframe. Next, we
computeda featurevectorthat wasrelatedto the correlationsum
andthe scale-arying correlationdimensionandhencecarriedin-
formationaboutthe chaoticdynamicsof eachframe. Specifically
we selectedh setof four chaoticfeatures:(1) the meanof thecor
relationsumC, (2) the standarddeviation of C, (3) the meanof
the scale-arying correlationdimensionD¢, and(4) the standard
deviationof D¢. Thisfeaturesetalsoincludedthefirstandsecond
time derivativesof thesefour features.

Therecognitionresults(seeTable 1) of the hybrid featureset
werequitepromising,eventhoughour preliminaryfirst application
of chaoticfeaturesusedthe fewestandsimplestpossiblesuchfea-
tures.Therelatve word errorratereductionof 18%and29% (with
8 and 16 mixturesrespectiely) over usingonly the standardea-
turesis possiblydueto thedetectiorof nonlineaphenomenahich
remain“hidden” in the 1D dynamics.Unfolding the signalto the
original phasespaceenableghe obsenation of the true dynamics
of the system;furthermorea broadvariety of new measurements
canbe performedon the unfoldedattractorthat canyield fractal
and/orchaoticfeaturesaddingconsiderablénformationevenin a
four-componenfeaturevector

Word PercentCorrect
# GaussiaMixtures MFCC MFCC+Chaotic
8 73.95 78.61
16 78.76 85.01

Table 1. RecognitionResults

In [3] we have alsousedthis chaoticfeaturevectorin combi-
nationwith othernonlinearfeaturesof the modulationtype. This
yieldedarelative errorratereductionby 42%,which outperformed
experimentsn which only onetype of featuresetwasused.

4. CONCLUSIONS

In this paperwe have describedhow to apply modernconcepts
andalgorithmsfrom chaoticsystemdo analyzingspeechsignals
in orderto createa multidimensionamodelthatexploits nonlinear
dynamicinformationandextractrelatednovel acoustideatureof
chaotictype. Furtherwe have developeda hybrid featuresetfor
speectrecognitionthatincludesboth the standardinear features
aswell asthe chaoticfeaturesand appliedthis new featureset
to HMM-basedword recognition. Our experimentalresults,have
shavn a significantimprovementin recognitionover the TIMIT
database.Clearly information provided by the new (nonlinear)
featuresdealswith differentaspectof the speechdynamicsand
thereforeis valuablefor therecognitionprocess.

In our on-goingspeechresearchye arealsoworking to en-
hancethe nonlinearspeechanalysisdescribedhereinin various
directionssuchas: exploring more sophisticatec¢haoticfeatures,
suchas generalizeddimensionsand Lyapuna exponentswhich
alsocontaindynamicalinformation;extractingchaoticfeaturesn
noisyernvironmentsjntegrationof chaoticfeaturesvith othernon-
linearfeaturesapplicationof chaoticfeaturego large vocatulary
speectrecognitionproblems. Furtherresultswill be presentedn
aforthcomingpaper
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