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Abstract

In this paper we explore modernmethodsandalgorithmsfrom
fractal/chaoticsystemgaheoryfor modelingspeectsignalsin a
multidimensionalphasespaceand extracting characteristidgn-
variantmeasuresik e generalized fractal dimensions and Lya-
punov exponents. Suchmeasuresancapturevaluableinforma-
tion for thecharacterisationf themultidimensionaphasespace
- whichis closerto thetruedynamics sincethey aresensitveto
thefrequeng with whichtheattractowisitsdifferentregionsand
therateof exponentialdivergenceof nearbyorbits,respectiely.
Furtherwe examinethe classificatiorcapabilityof relatednon-
linearfeatureoverbroadphonemeslassesTheresultsof these
preliminaryexperimentsndicatethattheinformationcarriedby
thesenovel nonlinearfeaturesetsis importantanduseful.

1. Intr oduction

Therearemultiple theoreticalandexperimentalkvidencesg.g.
in[1, 2, 3], for theexistenceof rich nonlinearstructuran speech
signals. Motivated by theseevidences,our on-going speech
researchfocuseson the detectionof nonlinearphenomenan
speechdynamicslik e turbulence and extraction of relatedin-
formation as acousticsignal featuresfor ASR. In a previous
work [4], the short-time fractal dimsension of speechsounds
wasmeasuredsa featureto approximatelygquantifythedegree
of turbulencein themand usedto improve phonemerecogni-
tion. Moving a stepfurther, insteadof the quantificationin the
scalar phasespacein this paperwe extendour work in [5, 6]
on usingconceptgrom chaosto modelthe nonlineardynamics
in speechof the chaotictype andthen computecharacteristic
invariant measures.Someprevious work in similar directions
canbefoundin [7, 8].

A speeclsignalsegmentcanbethoughtof asa1D projection
of a vectorfunction appliedto the unknovn multidimensional
speechproductionsystem. It is possiblethat this projection
is responsiblefor a loss of information. By a reverseproce-
durea multidimensionaphasespacds reconstructedatisfying
themajorrequiremento bediffeomorphicto theoriginal phase
spacesothatdeterminismanddifferentialinformationof thedy-
namicalsystemarepresered[9]. Accordingto the embedding
theoren(10], thereconstructedpacecanbeformedby samples
of the original signal delayedby multiples of a constanttime
delayanddefinesa motionin areconstructednultidimensional
spacethat hasmary commonaspectswith the original phase
spacde.g. fractaldimensionsandLyapunw exponents).Thus,
by studyingthe constructibledynamicalsystemwe canuncover
usefulinformationaboutthe original unknavn dynamicalsys-
tem provided that the unfolding of the dynamicsis successful.
The parametershat needto be set(i.e. embeddingdimension
andtime delay)canbedeterminedespectiely by useof anon-

linearcorrelationmeasurdi.e. the averagemutualinformation
of thesignal),andameasurehatquantifieshow muchthemani-
foldsin thephasespacerefolded,dueto projection[10]. Inthe
unfoldedphasespaceone shouldmeasurdnvariantquantities
of theattractorthatwould be conseredfrom the original phase
space.

Theanalysisvia nonlinearmodelsaimsto capturethesen-
variantmeasure®f the speechproductionsystems dynamics.
In this way, we shallgain insighton the phenomenavhich take
effect by quantifyingvariouscharacteristicef them. Measures
satisfyingour requirementsre the fractal dimensionsandthe
Lyapunw exponents.The former correspondo the numberof
active degreesof freedomandthe underlyingcompleity (geo-
metricallyand/orprobabilistically). Moreover theanalysiswith
generalizedractal dimensiongprovides a measurewhich has
the potentialto detecinhomogeneityf aset,in which casethe
setis calledamultifractal. In this casethe descriptionof theset
with aclassof generalizedlimensiongs indispensableOn the
contrary if the setis homogeneouthenary fractal dimension
out of the classof generalizedlimensionscanwork asa rep-
resentatie, but evenin this casethe knowledgethatthe fractal
dimensiorremainsconstants useful. TheLyapunw exponents
guantifythesensitvity totheinitial conditionsandtherateof ex-
ponentiadivergenceof nearbyorbitsontheattractor Thus,they
arecomplementaryo thedimensionsasthey carryinformation
closelyrelatedto the dynamicsof the system.

In this work the effort was placedfirstly on the modeling
andthe analysisof speectsignalswith methodghatreflectthe
above two directionsdescribedabose andare computationally
efficient. As apreliminaryASR applicationwe have alsoexper
imentedon broadclassphonemeclassificationwith promising
results. Section2 of this papersummarizeshe basicconcepts
for the analysiswith generalizedlimensionsaanda preliminary
classificationof phonemes. The other invariant measurej.e.
theanalysiswith Lyapune exponentsijs presentedh Section3
followedby classificatiorexperiments.

2. GeneralizedDimensions

As anattempttowardsa moredetailedcharacterizatioof com-
plexity and ‘strangenessin phonemeattractors,we have ex-

ploredthedirectionof generalizedlimensionge.g. Reryi hier

arcty). Thedescriptiorof aphasespaceviaoneandonly number
(e.g. Dy or D3), mightbetoorestrictingto representheamount
of informationpossiblyresidingin it, asfar asthe underlying
probability densitydistribution is concernedsinceit might be
more populatedn certainregionsthanothers. Although frac-

tal dimensionf the probabilistictype (suchasinformationor

correlationdimension)do take underconsideratiorthe variable
“visitability” of theattractorin differentregions,they still area
globalweightedaverage.
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A measureamongothers[11] that can be appliedfor the
extensionof theanalysisjs the generalizedlimensionfunction
which definesaninfinite classof dimensionsintroducedn [12]
(whereanextensie analysiscanbefound). In brief, thisis ac-
complishedby an analysisof the genericmomentsof nearest
neighbors'distancesamongrandomlychosenpointson the at-
tractor More precisely for a referencepoint = in the attractor
X anda predefinechumberof pointsn, if §(n) is its nearess
neighbordistanceamongthe n — 1 others,and P(4, n) is the
probability distribution of , thenthe genericmomentof order
~ of thesedistancess

(") = M, (n) = /O 57 P8, ) do.

Since(§”) is argued[12] to dependon n as ~ nfﬁ, the
dimensiorfunctionis definedas: D(y) = — lim, 00 1&11%
wherey is theparametethatsuppressesr enhanceslifferentd
scalesof distances.Sincefor increasingy the larger distances
are more weightedand vice versa,D(~) is a monotonicnon-
drecreasingunction of 4. Among the infinite numberof di-
mensionsone canfind the Reryi classof dimensionsD, for
g > 0 with which the corespondancis given by the formula
D[y = (1 — q¢)Dq] = D,. Geometricalythe D,’s arethe
intersectionof the graphof the D = D(«) functionwith a se-
ries of straightlines with slopeﬁ (e.g9. Do is the point that
~v = D(v); D1 istheintersectiorwith v = 0). If D(y) doesnot
vary for differenty valuesyields, thenthe setis homogeneous
with constanfractaldimension(Dy = ... = Dg,q >0).

The integral equation of (6”) can be rewritten as a
sum for a discretesignal of finite length N: M, (n) =
+ Zf.\f:l 87 (n)P(d;,n) wherei is anindex for the points of
the dataset. The secondtermin this sumi.e. the probability
densityfunction P (4, n) canbecomputedor anarbitraryscale
0; asthe differenceof volume estimatesbasedon the resolu-
tion of the successie scaleq13]. Let {y(k):k =1,..., M}
be a setof uniform randomnumbersof the samedimension-
ality as the dataset X, and let us define the membership
function fs, (k) = 1 if dist(y(k), X) < ¢; and 0 otherwise
wheredist(y(k), X) = infzex ||y(k) — z||. Thenthe Monte
Carlovolumeestimateof a d;-cover of theset X is: A(4;) =
LSvL fs, (k). Giventheabove, P(5;, N) ~A(8;) — A(8j41)
is the probability that somepoint hasa nearesheighborat dis-
tanced € (041, 9;].

Whenarbitrarysignalsareinvolved,aninfinite (or verylarge
for implementatiorreasonsapmountof datais consideredo be
available (the numberof pointsusedin [12] or [13] areof the
orderof 10°). Unfortunatelythis is not the casefor speectsig-
nals(dueto non-stationarity)especiallyif therehasto besome
physical interpretationof the statethat the speechproduction
systemwas, while generatinga certainphoneme As far asthe
directcomputatiorof ageneralizedlimensiorby estimatiorof a
multidimensionahistogram(asthemasgunction)is concerned,
the more usuallimitations are obsered dueto the insuficient
statisticoof thedatain themultidimensionabins,asthey tendto
getsparserTherandomnatureof theapproacltdescribedbove,
malesit appealingor this experimentalapplicationon speech
signals.

Figure2 shavsthedimensiorfunctionsD = D(~y) for dif-
ferent,arbitraryselectedphonemeg¢from the TIMIT database).
It canbe clearly seenthatin somecasesD(vy) is varyingin
the rangeof ~ valuesthathasbeencomputedwhich might be
differentin eachcase becausef, amongothers,the phoneme
length, spealer and allophonedependene Suchdependence

@

of the dimensionfunction on ~ indicatesnon-homogeneityf
the set. However, therehave beenobsened casesn which the
dimensiorfunctionis notmonotonicand/ormondecreasin(see
Fig. 2 (a)), or caseghat samephonemesitteredeitherby the
samespealer or not, hadtotally differentprofile of dimension
function. To explorethe existenceof ary classificatiorcapabil-
ity of themeasureslescribedabore, certainsimplecharacteris-
tic featureshave beenselectedsuchas: the meanvalue of the
generalizedlimensionfunction, the coeficientsof a 1stor 2nd
orderpolynomialfit to the generalizedlimensionfunction. In
Fig. 2the2D PCA projectionof this featurevectoris plottedfor
thebroadclasse®f stopsurvoicedfricativesandvowelsor un-
voicedfricativesandvowels(in all caseshephonemesreof one
spealerwhoseTIMIT -identityis mentioned) In generaivehave
obseredsomebasicclustering(greatefor vowels,lessfor frica-
tives,andevenlessfor stops),althoughthereis somediffusion
amongheclassesStopsendto mix morethantheotherclasses
sothey havebeeromittedin thelasttwo plots. Furtherin orderto
quantify our obsenations,we have usedGMM (HTK,16 mix-
tures)for, spealer independentisolatedbroadclassphoneme
classificationyielding 83%correctratefor vowels(V), 75%for
fricatives(F)and70%for stops(Swith anoverall correctrateof
78% (outof 32616testphonemes. In thesametaskthe12 cep-
strumcoeficientsalone(extractedframevise andthenmapped
by averagingon one featurevector per phonemewithout ary
deltas,so asto compareapproximatelyunderthe sameterms)
scoredrespectiely 67%(V), 48%(F),88%(S)with overall cor
rectrate of 67%. Concluding,thesepreliminary experiments
arepromisingbecausehey provide anefficientway to uncover
sometypesof nonlinearinformationwith goodpotentiaffor cat-
egorizationof broadphonemeclasses.
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Figurel: Generalizedlimensiorfor:(a)vowels/iy/ (-) andstops
/bl (<) utteredby thesamespealer (mrws1);(b) fricatives/v/ (o),
[z/ (v), and/fl (x) utteredby mixedspealers.

3. Lyapunov Exponents

Modeling and Prediction on the ReconstructedAttractor:
Thetaskof predictinga chaoticsignalthathasbeenproduced
by asystemwhosedynamicsX,, .1 = F[X,] aredescribecby
a function F', can be formulatedas finding a function F that
approximated” in anoptimalway. Only atime seriesof output
obsenrationsaregiven,whichcanbeusedo reconstructhesys-
tem’s attractor wherepredictionis done.Numerougechniques
have beenproposedfor the purposeof prediction[14]; these
modelsincludeapproximationbasednglobalor local polyno-
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Figure2: The2 principalaxesafter PCA projectionof D,, relatedfeaturesor broadphonemeclassesurvoicedfricatives(>), vowles
() andstops(o) for: (a) malespealer (mjswO),(b)femalespealer (fdacl). Unvoicedfricatives(>) andvowels(x) for: (c) malespealer

(mdab0)and(d) malespealer (mrjo0).

mialsaswell asapproximationgnspiredfrom machindearning
suchasradialbasisfunctionnetworks, fuzzy-logicsystemsand
supportvectormachines Ourfocushasbeenon facilitatingthe
applicationof themethod=f chaoticsignalanalysissvenwhen
ashorttime seriesis available(ca. 500 samples)whichis our
casein speech. Amongstthe modelsthat we tested,the one
that strikesthe bestbalancebetweenmodel complity, train-
ing time and ability to capturethe systemdynamicsseemsto
betheTakagi-Sugeno-Kan@r SK) [15] modelwith linearlocal
approximationgTSK-1).

TSK models[15] constitutethe Fuzzy-Logicapproachto
function approximation. In brief, the ideais to partition the
input spaceof the functionin M fuzzy sets,i.e. setshaving
no crispbordersio fit alocal modelto eachsubdvision of the
input spaceandto expressthe approximatiorof thefunctionas

aweightedaverageof localmodels: F(X) = %

wherey; measurethedegreeof membershipf X inthei — th

fuzzy setandl;(X) is thelocal modelof the systemdynamics
for thei — th fuzzy set. If constantareusedaslocal models
i.e. l;(X) = B;, themodelis calleda TSK-0 model. If we use
alinearexpressionasalocal modeli.e. I;(X) = A; X + B;,

themodelis calledTSK-1.

The numberof membershigunctionsandtheir spreadgif
they areGaussianshaveto bedeterminedaswell asA;, B;. If
the centersandthe spreadsareknown, the optimal A; and B;
canbecalculatedby thenormalequationsaandif A; andB; are
consideredtable thecentersaandthes’s canbelearnedusinga
gradientdescenalgorithm.\We usedavariantof thepopularAN-
FIS systen16] for FuzzyLogic basedunctionapproximation,
startingwith arelatively large numberof membershigunctions
andusingthe SVD-QR[17] techniquédor eliminationof unnec-
essarymembershigunctions; for fine-tuninga robust variant
of the back-propagtionalgorithm, namelyResilientPropag-
tion (RPROP)[18], hasbeenused.For detailson Fuzzy-Logic
basedunctionapproximationwe refertheinterestedeaderto
theabove citations.

Lyapunov exponents(LEs): LEscanbeusedto character
izeadynamicalsystemsincethey areindependenof a particu-
lar coordinatesystemandembeddinglimension.Divergenceof
nearbyorbitsresultsin a positive LE andcorvergenceof orbits
resultsin a negative LE. For a conserative systemthe sumof
LEs hasto be nggative, sothatthe orbits areboundedwhile a
chaoticsystemhasat leastonepositive LE. LEs canbe calcu-
latedas[19]: assumeaninitial stateX, which is perturbedoy
AX toanew oneX|. Thevaluesof thetheir orbitswill differ
by

X7 — Xi? = ATXTT (Xo)-J" (Xk)-J(Xk)-J(X0)AX

k = 1,2,3...,J(X,) is the Jacobianof F at X,, and| - |

is the euclidian norm of a vector We can estimate.J by
using the predictor which approximatesF. The quantity
J(Xg) - J(Xo0)JT (Xo)--- JT(Xx) whenk — oo con-
vergesto the Oseledeamatrix OSL of F'. The logarithm of
the eigervaluesof the Oseledegnatrix areequalto the LEs of
the systemwhosedynamicsaredescribedy F'. Sincewe usu-
ally donothavethatlongatime-seriesywe useanapproximation
of OSL which involvesonly thefirst £ matrixes, from which
we calculatethe socalledlocal Lyapuna exponents.

A problemthat ariseswhen calculatingthe eigervaluesof
the Oseledeamatrix is its ill-conditioned naturewhich causes
numericalinaccuraciesTherecursve QR decompositioriech-
niguehasbeenproposedwhichbreakgheprobleminto smaller
ones: the matrix OSL can be viewed as the productof 2m
matrixes Aa., - Aam—1 - A1 eachof which canbe expressedas
A;jQi—1 = Q;R; Vj, Qo = I where@;, R; resultfrom
the QR-decompositiorof A;. @ is anorthogonalmatrix and
R is upperdiagonalwith decreasingliagonalelements.Thus,
we cansimplify the diagonalizationof O.SL asfollows [19]:
AomAop—1-- A1 = QamRomRom—1---R1. SinceQam is
orthogonalhe eigervaluesof the lastexpressiorshallbe equal
totheeigevaluesof theproductof the R;....2,,, matricessotheir
eigervaluesshall equalthe elementof their diagonal. Subse-
quently the i-th LE canbe expressedas \; = Z?il log(d;:)
whered;; is the i-th elementof the diagonalof R;. Another
problemwe may encountelis dueto the fact that the embed-
ding dimensionis not necessarilyheintrinsic dimensionof the
system,but canbe a larger one, which guaranteeshe unfold-
ing of theattractor As a by-productof theembeddingprocess,
moreLEs thanthe true onesare calculatedandthey arecalled
spurious exponents. One canresohe this problemby revers-
ing the orderof the dataand calculatingoncemorethe LEs of
the system. The true onesshouldflip sign, sincecorvergence
of nearbyorbits now becomeglivergenceandvice-versa. The
spuriousoneshowever, areanartifactof theembeddingrocess
andshouldstaynegative, sincethey only represenhow therest
of thedimensionshouldcollapseto theattractorof the system,
independentlyof the natureof the system. This methodwas
proposedn [19] andworkswell with cleanandlong datasets;
One of our main criteriafor choosinga certainpredictorwas
how well this canbedonewith shortandnoisy datasets.

Applications to speechsignals: We wantto extractsome
meaningfulfeatureqLEs) from the speectsignalthatcould be
usedfor speectanalysis.\owels have small positive exponents
(usuallyonly one)and1-2 LEs negative andvery closeto zero.
Unvoiced fricatives give no validatedexponents;in particular
all the direct and inverse exponentsare negative (henceno
exponentsare validated). This is a consequencef the highly
noisy nature of urvoiced fricatives.\alidated exponents of
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Figure3: DirectandinverseLyapune exponentof avowel, anunvoicedstopsound,a voicedandanunvoicedfricative.
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Figure4: Oneexcellent,onegood,oneaverageandonebadclassseparatiomisingonly LEs( The2 principalcomponentsf theL.E.data

areplotted).

voiced fricatives areusuallyhigherthanthoseof vowelswhich
is someha expected, since fricatives are less predictable
thanvowels. However, it happensusually that a strongnoise
componentin the signal causesnone of its exponentsto be
validated. Stop sounds were found to be vaguely separated
in two clusters: namelyurvoiced/oiced. For thefirst group
it was impossibleto find ary validatedexponents,while the
exponentsof the secondgroup were validated some of the
times. However, really short and non-stationantime series
correspondo stopsoundsandit is thereforenot safeto draw
ary conclusionsaboutthe dynamicsof the systembasedn the
LEs; they still canbeuseful,howeverfor classification Thefact
thatno LEs arevalidatedmay prove to be usefulinformation
since this distinguishesstop soundsand unvoiced fricatives
from vowels andvoicedfricatives. Separatiorof the phoneme
classeds possiblein somecasesby usingthe first three LEs
of phonemesascanbe seenin Fig.3. The separations almost
perfectfor vowels/urvoicedfricatives, but it is not alwaysthat
successful.

ClassificationExperiments: In orderto somehav quantify
the usefulnes®f LEs we useda directedagyclic graph(DAG)
classifiethatusesa K-NN classifierto distinguishbetweerev-
ery pair of classesgiving a vote to the winning classfor every
comparison. The classthat getsthe mostvotesis considered
to be the classthatthe phonemebelongsto. This architecture
allowsusto usetheLEs only for thecomparisorbetweerthose
classedor which they mayhave a positive contrikutione.g. for
the comparisorbetweenvowelsandurvoicedfricatives. Using
only the first threeLEs computedwith the TSK-1 modelwe
achiereda 62%1-0-0 (leave oneout) correctclassificatiorrate
for phonemeshathave morethan400 samplesand55% when
norestrictiononthephonemesizewasused whichis still much
larger thanthe percentageorrespondingo randomchoiceof
oneclass(20%). This testifiesthat LEs cansene asa useful
featurefor speectanalysis.Using12 Mel-Frequeng Cepstrum
Coeficients(MFCC) for the samepurposeyieldeda 78% cor-
rectclassification.By combiningthe MFCC componentsvith
thefirst 3 LEs for thecaseghey werefoundto be usefulwe got
an81%ocorrectclassificatiorrate.
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