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Abstract

ForwarddecodingkernelmachinegFDKM) combinelarge-magin clas-
sifierswith hiddenMarkov models(HMM) for maximuma posteriori
(MAP) adaptve sequencestimation. Statetransitionsin the sequence
areconditionedon obseneddatausingakernel-basegrobabilitymodel
trainedwith arecursve schemehatdealseffectively with noisyandpar
tially labeleddata.Trainingover very largedatasetss accomplishedis-
ing asparseprobabilisticsupportvectormaching SVM) modelbasecn
quadraticentropy, andan on-line stochasticsteepestiescentalgorithm.
For spealrindependentontinuousphonerecognition,FDKM trained
over1l77,080sample®fthe TIMIT databasechierzes80.6%recognition
acc(;;r?y overthefull testset,without useof a prior phoneticlanguage
model.

1 Introduction

Sequencestimationis at the coreof mary problemsin patternrecognition,mostnotably
speechandlanguagerocessingRecognizinglynamicpatterndn sequentiatlatarequires
a set of tools very differentfrom classifierstrainedto recognizestatic patternsin data
assumedli.d. distributedovertime.

The speechrecognitioncommunityhas predominantlyrelied on hiddenMarkov models
(HMMs) [1] to producestate-of-the-antesults. HMMs aregeneratre modelsthatfunction

by estimatingprobabilitydensitiesandthereforerequirea largeamountof datato estimate
parameterseliably. If theaimis discriminationbetweertlassesthenit mightbesuficient

to modeldiscriminationboundariedbetweenclassesvhich (in mostaffine cases)afford

fewer parameters.

Recurrentneural networks have beenusedto extend the dynamic modeling power of

HMMs with the discriminantnatureof neuralnetworks[2], but learninglong termdepen-
denciesemainsa challengingproblem[3]. Typically, neuralnetwork trainingalgorithms
are proneto local optima, and while they work well in mary situations,the quality and
consisteng of the corvergedsolutioncannotbewarranted.

Large mamin classifiersJik e supportvectormachineshave beenthe subjectof intensive

researchn the neuralnetwork andartificial intelligencecommunitieq4]. They areattrac-
tive becauséhey generalizevell evenwith relatively few datapointsin thetrainingset,and
boundson the generalizatiorerror canbe directly obtainedfrom the trainingdata. Under
generalconditions,the training proceduredinds a uniquesolution (decisionor regression
surface)thatprovidesanout-of-samplgerformanceuperiorto mary techniques.

Recently supportvector machinegSVMs) [4] have beenusedfor phoneme(or phone)
recognition[5] and have shavn encouragingesults. However, useof a standardSVM
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Figurel: (a) Two stateMarkovian maximum-liehood(ML) modelwith static statetransi-

tion probabilitiesandobservatiorvectos xemittedromthestates(b) Two stateMarkovian

MAP model,whele transitionprobabilitiesbetweerstatesare modulatedby the observa-
tion vectorx.

classifierby itself implicitly assumesi.d. data,unlike the sequentiahatureof phones.

To modelinterphoneticdependenciesnaximumlikelihood (ML) approachesssumea
phonetidanguagemodelthatis independentf the utteranceadatal6], asillustratedin Fig-
urel (a). In contrastthe maximuma posteriori(MAP) approachassumesransitionsbe-
tweenstateghataredirectly modulatedy the obsereddata,asillustratedin Figurel (b).
The MAP approachendsitself naturallyto hybrid HMM/connectionistapproachesvith
performanceomparabldo state-of-the-attiIMM systemg7].

FDKM [8] canbe seena hybrid HMM/SVM MAP approacho sequencestimation. It
therebyaugmentghe ability of large mamin classifiersto infer sequentialpropertiesof
the data. FDKMs have shonvn superiorperformancdor channelequalizationin digital
communicationwherethe receved symbolsequencés contaminatedby inter symbolin-
terferencd8].

In the presenpaper FDKM is appliedto spealkerindependentontinuougphonerecogni-
tion. To handlethe vastamountof datain the TIMIT corpus,we presenta sparseproba-
bilistic modelandefficientimplementatiorof the associateéFDKM trainingprocedure.

2 FDKM formulation

The problemof FDKM recognitionis formulatedin the framavork of MAP (maximuma
posteriori)estimation,combiningMarkovian dynamicswith kernelmachines.A Marko-
vian modelis assumedvith symbolsbelongingto S classesasillustratedin Figurel(a)
for S = 3. Transitionsbetweenthe classesare modulatedn probability by obsenation
(data)vectorsx overtime.

2.1 Decoding Formulation

The MAP forward decoderreceives the sequenceX[n] = {x[n], x[n — 1],...,x[1]}
and producesan estimateof the probability of the statevariableg[n] over all classes,

ai[nlhz P(q[n] = i | X[n],w), wherew denoteshe setof parametersor the learning
machine.Unlike hiddenMarkov models,the statesdirectly encodethe symbols,andthe
obsenationsx modulatetransitionprobabilitiesbetweerstated7]. Estimatef the poste-
rior probabilitya;[n] areobtainedrom estimate®f local transitionprobabilitiesusingthe
forward-decodingprocedurd?]

5-1
aifn] =) Pijln] ajfn — 1] 1)

J=0

where P;; [ng = P(g[n] = i | ¢[n — 1] = j,x[n],w) denoteghe probability of making
atransitionfrom classy attime n — 1 to class: attime n, giventhe currentobsenation
vectorx[nE). The forwarddecoding(1) embedsequentiaependencef the datawherein
the probability estimateat time instantn dependson all the previous data. An on-line



estimateof the symbolg[n] is thusobtained:
¢**[n] = arg max ] )

The BCJR forward-backvard algorithm [9] producesin principle a better estimatethat
accountdor future context, but requiresa backward passthroughthe data,which is im-

practicalin mary applicationgequiringrealtime decoding.

Accurateestimationof transitionprobabilitiesP;;[n] in (1) is crucialin decoding(2) to
provide good performance.In [8] we usedkernellogistic regression[10], with regular

ized maximumcross-entrop, to modelconditionalprobabilities. A differentprobabilistic
modelthatoffersa sparserepresentatiors introducecdbelow.

2.2 Training Formulation

For trainingthe MAP forward decoderwe assumeaccesgo a training sequencevith la-
bels (classmemberships) For instance the TIMIT speechdatabaseomeslabeledwith
phonemesContinuougqsoft) labelscould be assignedatherthanbinaryindicatorlabels,
to signify uncertaintyin thetrainingdataoverthe classesLik e probabilities labelassign-

mentsarenormalized:y"> ' y;[n] = 1,y;[n] > 0.
The objective of training is to maximizethe cross-entrop of the estimatedprobabilities
a;[n] givenby (1) with respecto thelabelsy;[n] overall classes andtrainingdatan
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To provide capacitycontrolwe introducearegularizerQ(w) in theobjectvefunction[11].
The parametespacew canbe partitionedinto disjoint parametewectorsw;; andb;; for
eachpair of classes,j = 0,...,5 — 1 suchthat P;;[n] dependsonly on w;; andb;;.

(The parameteb;; correspond$o the biastermin thé standardSVM formulation). The
regularizercanthenbe chosernasthe L, norm of eachdisjoint parameterector andthe
objective functionbecomes
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wheretheregularizationparameter”’ controlscompleity versusgeneralizatiorasa bias-
variancetrade-of [11]. The objectve function (4) is similar to the primal formulationof
a large mamin classifier[4]. Unlike the convex (quadratic)costfunction of SVMs, the
formulation(4) doesnot have a uniquesolutionanddirectoptimizationcould leadto poor
local optima. However, alower boundof the objective function canbe formulatedsothat
maximizingthis lower boundreducedo a setof corvex optimizationsub-problemsvith
anelegantdualformulationin termsof supportvectorsandkernels. Applying the convex
propertyof the — log(.) functionto thecorvex sumin theforwardestimation(1), we obtain
directly

H>Y H 5)

where

H; Z Cj[n] z yi[n] log P;;[n Z |wij |2 (6)

with effective regularlzatlonsequence
Cjln] = Cay[n —1]. Q)

Disregardingtheintricatedependencef (7) ontheresultsof (6) which we deferto thefol-
lowing section the formulation(6) is equivalentto regressiorof conditionalprobabilities
P;;[n] from labeleddatax[n] andy;[n], for agivenoutgoingstate;.



2.3 Kernd Logistic Probability Regression

Estimationof conditionalprobabilitiesPr(i|x) from training datax[n]] andlabelsy;[n] can
be obtainedusinga regularizedform of kernellogistic regressior[10]. For eachoutgoing
statej, onesuchprobabilisticmodelcanbeconstructedor theincomingstatei conditional
onx[n]:
S—1
Pij[n] = exp(fi;(x[n]))/ > exp(fs;(x[n])) 8
s=0
As with SVMs, dot productsin the expressiorfor f;;(x) in (8) corvertinto kernelexpan-
sionsover thetrainingdatax[m] by transforminghe datato featurespacg12]

fiy(x) = wix+ by
= Z Vi x[m].x + by 9

2 Z Y K(x[m],x) + bi;

whereK (-, -) denotesarny symmetricpositive-definitekernet thatsatisfiegthe Mercercon-
dition, suchasa Gaussiamadialbasisfunctionor a polynomial[11].

Optimization of the lowerboundin (5) requiressolving M disjoint but similar sub-
optimizationproblems(6). The subscriptj is omittedin the remainderof this sectionfor
clarity. The (primal) objective function of kernellogistic regressiorexpressesegularized
cross-entrop (6) of thelogistic model(8) in theform [13, 14]
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Theparametera} in (9) aredeterminedy minimizingadualformulationof theobjectve

function (10) obtainedthroughthe Legendretransformationyhich for logistic regression
takestheform of anentropy-basedbotentialfunctionin the parameter§lQ]

M 1 N N N
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subjectto constraints

A =0 (12)
YA =0 (13)
Z A" < Cyilm] (14)

Therearetwo disadwantage®f usingthelogistic regressiordualdirectly:

1. Thesolutionis non-sparsandall thetraining pointscontribute to the final solu-
tion. For tasksinvolving large datasetslik e phonerecognitionthis turnsoutto be
prohibitive dueto memoryandrun-timeconstraints.

2. Eventhoughthe dualoptimizationproblemis corvex, it is notquadraticandpre-
cludesthe useof standardquadraticprogramming(QP) techniques.One hasto
resortto Newton-Raphsoior othernonlinearoptimizationtechniquesvhichcom-
plicatecorvergenceandrequiretuningof additionalsystemparameters.

'K(x,y) = ®(x).®(y). Themap@(-) neednot be computedexplicitly, asit only appearsn
innerproductform.



24 GinitSVM formulation

The GiniSVM probabilisticmodel [15] providesa sparsealternatve to logistic regres-
sion. A quadratic(‘Gini’ [16]) index replacesntrofy in the dual formulationof logistic
regressionThe‘Gini’ index providesalower boundof theduallogistic functional,andits
guadraticform producessparsesolutionsaswith supportvectormachines.The tightness
of theboundprovidesaneleganttrade-of betweerapproximatiorandsparsity
Jensersinequality(log p < p — 1) formulateghelower boundfor theentrogy termin (11)
in theform of the multivariateGini impurity index [16]:

M M
1—21%2 < _Zpil()gpi (15)
1 K3

where0 < p; < 1,Viand}_, p; = 1. Bothformsof entrogy —Zf”pi logp; and1 —

ZzM p? reachtheir maximaat the samevaluesp; = 1/M correspondingo a uniform
distribution. As in the binary case the boundcanbetightenedby scalingthe Gini index
with a multiplicative factory > 1, of which the particularvalue dependson M .2 The
GiniSVM dualcostfunction H, is thengivenby

Hy, = Z[% Xl: S NQuAT +7C O (yilm] — A7 /C)? = 1)] (16)

The convex quadraticcostfunction (16) with constraintsn (11) cannow be minimized
directly usingstandardjuadraticorogrammingechniques.The primary advantageof the
techniqueis that it yields sparsesolutionsand yet approximateghe logistic regression
solutionvery well [15].

25 OnlineGiniSVM Training

For very large datasetsuchas TIMIT, usinga QP approactho train GiniSVM may still
be prohibitive even throughsparsitydrasticallyin the trainedmodelreduceshe number
of supportvectors.An on-line estimationprocedurds presentedthat computesachco-
efficient A in turn from single presentatiorof the data{x[n],y:[n]}. A line searchin
theparameteA? andthebiasb; performsstochastisteepestlescendf the dual objective
function(16) of theform

[Cyz[n](an + 2) + fl(x[n]) + 22? )‘f - an—
C(Qnn +2) +2v )

AP = CO(yiln] — 17)
b b,~+zn:/\§ (18)
l

where[z], denoteghe positive partof . The normalizationfactorz™ is determinedby
equation

M n
D [Culn)(Qun +2) + filn] + 2D A = 2", =C(Qun+2)+2v  (19)
% 4

solvedin atmostM algorithmiciterations.

3 Recursive FDKM Training

The weights(7) in (6) arerecursvely estimatedusingan iterative procedureaeminiscent
of (but differentfrom) expectationmaximization.The procedurénvolvescomputingnew
estimate®f the sequencey;[n — 1] to train (6) basedon estimate®f P;; usingprevious
valuesof theparameters;. Thetrainingproceedsn aseriesof epochseachrefiningthe
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Figure2: Iterationsinvolvedin training FDKM on a trellis basedon the Markov modelof
Figure 1. During theinitial epodt, parametes of the probabilistic model,conditionedon
theobservedabelfor theoutgoingstateat timen — 1, of thestateat timen aretrainedfrom
observedabelsat timen. During subsequergpods, probability estimate®f the outgoing
stateattimen — 1 overincreasingforward decodingdepthk = 1, ... K determinaveights
assignedo datan for training ead of the probabilisticmodelsconditionecon theoutgoing
state

estimateof the sequencex;[n — 1] by increasingthe size of the time window (decoding
depth,k) overwhichit is obtainedby theforwardalgorithm(1).

Thetrainingstepsareillustratedin Figure2 andsummarizedsfollows:

1. To bootstrapgheiterationfor thefirst trainingepoch(k = 1), obtaininitial values
for a;[n — 1] from thelabelsof the outgoingstate,a;[n — 1] = y;[n — 1]. This
correspondso takingthelabelsy;[n — 1] astrue stateprobabilitieswhich corre-
spondgo the standardprocedureof usingfragmentediatato estimatetransition
probabilities.

2. Train logistic kernelmachinespnefor eachoutgoingclassj, to estimatethe pa-
rametersn P;;[n], i,j = 1,..,8 from the training datax[n] andlabelsy;[n],
weightedby thesequencey;[n — 1].

3. Re-estimatex;[n — 1] usingthe forward algorithm(1) over increasingdecoding
depthk, by initializing a;[n — k] toy[n — k].

4. Re-train,incrementdecodingdepthk, andre-estimatex; [n — 1], until thefinal
decodingdepthis reachedk = K).

The performancef FDKM trainingdepend®n thefinal decodingdepthK, althoughob-
senedvariationsin generalizatiorperformancdor largevaluesof K arerelatively small.
A suitablevaluecanbe chosera priori to matchthe extentof temporaldependengin the
data.For phonemeclassificatiorin speechthedecodingdepthcanbe choseraccordingo
thelengthof atypical syllable.

An efficient procedurdo implementthe above algorithmis discussedh [15].

4 Experimentsand Results

The performanceof FDKM was evaluatedon the full TIMIT datase{17], consistingof
labeledcontinuousspolenutterancesThe 60 phoneclassepresentedn TIMIT werefirst
collapsedonto 39 classesaccordingto standardolding techniqueg6]. The training set
consistedf 6,300sentencespolenby 63 spealers,resultingin 177,080phoneinstances.
Thetestsetconsistedf 192 sentencespolenby 24 spealers.

The speechsignal was first processedy a pre-emphasidilter with transferfunction
1 —0.97z~!. Subsequentlya 25 ms Hammingwindow was appliedover 10 ms shifts
to extracta sequencef phoneticsggments.Cepstralcoeficientswereextractedfrom the
sequencesombinedvith theirfirstandsecondrdertime differencesnto a39-dimensional
vector Cepstralmeansubtractionand spealer normalizationwere subsequentlapplied.

2Unlike the binary case(M = 2), thefactor~ for generalM cannotbe choserto matchthetwo
maximaatp; = 1/M.



Tablel: Performancé&valuationof FDKM (X = 10) on TIMIT

| Machine [ Accuragy | Insertion] Substitution] Deletion | Errors |
FDKM,C =051 79.9% 6.3% 14.7% 5.4% T 26.4%
FDKM, C' =1 80.6% 6.3% 14.3% 5.1% | 25.7%
FDKM,C =251 79.6% 5.3% 14.6% 5.8% | 25.7%
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Figure3: Recanitionrateasa functionof decodingdepthk = 1,... K.

Eachphoneutterancewverethensubdvidedinto threesegmentswith relative proportions
4:3:4[18]. Thefeaturesn thethreesegmentswereindividually averagedandconcatenated
to obtaina 117-dimensiondieaturevector

Evaluationon thetestwasperformedusingthresholdingof stateprobabilitiesin the MAP
forward decoding(2) [19], with threshold0.25. The decodedphonesequencevasthen
comparedwith the transcribedsequenceausing Levenshteins distanceto evaluatediffer-
ent sourcesof errors. Multiple runsof identicalphonesin the decodedand transcribed
sequencewerecollapsedo singlephoneinstancedo reflecttrueinsertionerrors.

Table 1 summarizeghe resultsof the experimentswith FDKM on TIMIT for different
valuesof the regularizationconstantC'. The recognitionperformancds comparableo
the stateof the art usingHMMs andotherapproachesn the upper70% andlower 80%
range[2, 5, 20]. Figure3 illustratesthe improvementin recognitionratewith increasing

decodingdepthk. Theoptimumvaluek = 10 correspondso inter-phoneticdependencies
onatime scaleof 100ms.

5 Conclusion

Experimentswith FDKM on the TIMIT corpushase demonstratedevels of spealer-
independentontinuousphonerecognitionaccurag comparableo or betterthan other
approachethatuseHMMs andtheir variousextensions.FDKM improvesdecodingand
generalizatiorperformancdor datawith embeddedequentiabtructure providing an el-
eganttradeof betweenearningtemporalversusspatialdependenciesThe recursve es-
timation procedurereducesor masksthe effect of noisy or missinglabelsy;[n]. Further

improvementsanbeexpectedoy tuningof hyperparameterandimprovedrepresentation
of acoustideatures.
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