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Abstract

Forwarddecodingkernelmachines(FDKM) combinelarge-marginclas-
sifierswith hiddenMarkov models(HMM) for maximuma posteriori
(MAP) adaptive sequenceestimation.Statetransitionsin the sequence
areconditionedonobserveddatausingakernel-basedprobabilitymodel
trainedwith arecursiveschemethatdealseffectively with noisyandpar-
tially labeleddata.Trainingoververy largedatasetsis accomplishedus-
ing asparseprobabilisticsupportvectormachine(SVM) modelbasedon
quadraticentropy, andanon-linestochasticsteepestdescentalgorithm.
For speaker-independentcontinuousphonerecognition,FDKM trained
over177,080samplesof theTIMIT databaseachieves80.6%recognition
accuracy over the full testset,without useof a prior phoneticlanguage
model.

1 Introduction

Sequenceestimationis at thecoreof many problemsin patternrecognition,mostnotably
speechandlanguageprocessing.Recognizingdynamicpatternsin sequentialdatarequires
a set of tools very different from classifierstrainedto recognizestatic patternsin data
assumedi.i.d. distributedovertime.
The speechrecognitioncommunityhaspredominantlyrelied on hiddenMarkov models
(HMMs) [1] to producestate-of-the-artresults.HMMs aregenerativemodelsthatfunction
by estimatingprobabilitydensitiesandthereforerequirea largeamountof datato estimate
parametersreliably. If theaimis discriminationbetweenclasses,thenit mightbesufficient
to modeldiscriminationboundariesbetweenclasseswhich (in mostaffine cases)afford
fewerparameters.
Recurrentneural networks have beenusedto extend the dynamic modeling power of
HMMs with thediscriminantnatureof neuralnetworks[2], but learninglong termdepen-
denciesremainsa challengingproblem[3]. Typically, neuralnetwork trainingalgorithms
areproneto local optima,andwhile they work well in many situations,the quality and
consistency of theconvergedsolutioncannotbewarranted.
Largemargin classifiers,like supportvectormachines,have beenthesubjectof intensive
researchin theneuralnetwork andartificial intelligencecommunities[4]. They areattrac-
tivebecausethey generalizewell evenwith relatively few datapointsin thetrainingset,and
boundson thegeneralizationerrorcanbedirectly obtainedfrom the trainingdata.Under
generalconditions,the training procedurefinds a uniquesolution(decisionor regression
surface)thatprovidesanout-of-sampleperformancesuperiorto many techniques.
Recently, supportvectormachines(SVMs) [4] have beenusedfor phoneme(or phone)
recognition[5] and have shown encouragingresults. However, useof a standardSVM
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Figure1: (a) TwostateMarkovianmaximum-likehood(ML) modelwith staticstatetransi-
tionprobabilitiesandobservationvectorsxemittedfromthestates.(b)TwostateMarkovian
MAP model,where transitionprobabilitiesbetweenstatesare modulatedby theobserva-
tion vectorx.

classifierby itself implicitly assumesi.i.d. data,unlike thesequentialnatureof phones.
To model inter-phoneticdependencies,maximumlikelihood(ML) approachesassumea
phoneticlanguagemodelthatis independentof theutterancedata[6], asillustratedin Fig-
ure1 (a). In contrast,themaximuma posteriori(MAP) approachassumestransitionsbe-
tweenstatesthataredirectlymodulatedby theobserveddata,asillustratedin Figure1 (b).
The MAP approachlendsitself naturallyto hybrid HMM/connectionistapproacheswith
performancecomparableto state-of-the-artHMM systems[7].
FDKM [8] canbe seena hybrid HMM/SVM MAP approachto sequenceestimation. It
therebyaugmentsthe ability of large margin classifiersto infer sequentialpropertiesof
the data. FDKMs have shown superiorperformancefor channelequalizationin digital
communicationwherethe receivedsymbolsequenceis contaminatedby inter symbolin-
terference[8].
In thepresentpaper, FDKM is appliedto speaker-independentcontinuousphonerecogni-
tion. To handlethevastamountof datain theTIMIT corpus,we presenta sparseproba-
bilistic modelandefficient implementationof theassociatedFDKM trainingprocedure.

2 FDKM formulation

Theproblemof FDKM recognitionis formulatedin theframework of MAP (maximuma
posteriori)estimation,combiningMarkovian dynamicswith kernelmachines.A Marko-
vian modelis assumedwith symbolsbelongingto � classes,asillustratedin Figure1(a)
for ����� . Transitionsbetweenthe classesaremodulatedin probability by observation
(data)vectors	 over time.

2.1 Decoding Formulation

The MAP forward decoderreceives the sequence
�� 
���� � 	�� 
�����	�� 
�����������������	��������
andproducesan estimateof the probability of the statevariable � � 
�� over all classes! ,"$# � 
��%�'&)(*� � 
��%�'!,+ 
-� 
�����.0/ , where . denotesthe setof parametersfor the learning
machine.Unlike hiddenMarkov models,thestatesdirectly encodethe symbols,andthe
observations	 modulatetransitionprobabilitiesbetweenstates[7]. Estimatesof theposte-
rior probability " # � 
�� areobtainedfrom estimatesof local transitionprobabilitiesusingthe
forward-decodingprocedure[7]

" # � 
���� 132546798;: & # 7 � 
�� " 7 � 
<�=��� (1)

where & # 7 � 
��,�'&)(>� � 
��,�?!@+A� � 
B�C���,�EDF��	�� 
����9.0/ denotesthe probability of making
a transitionfrom classD at time 
B�G� to class! at time 
 , given the currentobservation
vector 	�� 
�� . Theforwarddecoding(1) embedssequentialdependenceof thedatawherein
the probability estimateat time instant 
 dependson all the previous data. An on-line



estimateof thesymbol � � 
�� is thusobtained:�IHKJML�� 
����GNPORQTS)NVU# " # � 
�� (2)

The BCJR forward-backward algorithm [9] producesin principle a betterestimatethat
accountsfor future context, but requiresa backward passthroughthe data,which is im-
practicalin many applicationsrequiringrealtimedecoding.
Accurateestimationof transitionprobabilities & # 7 � 
�� in (1) is crucial in decoding(2) to
provide goodperformance.In [8] we usedkernel logistic regression[10], with regular-
izedmaximumcross-entropy, to modelconditionalprobabilities.A differentprobabilistic
modelthatoffersasparserrepresentationis introducedbelow.

2.2 Training Formulation

For trainingtheMAP forwarddecoder, we assumeaccessto a trainingsequencewith la-
bels(classmemberships).For instance,the TIMIT speechdatabasecomeslabeledwith
phonemes.Continuous(soft) labelscouldbeassignedratherthanbinary indicatorlabels,
to signify uncertaintyin thetrainingdataover theclasses.Like probabilities,labelassign-
mentsarenormalized:W 13254# 85:<X # � 
����Y�Z� X # � 
���[]\3�
The objective of training is to maximizethe cross-entropy of the estimatedprobabilities"$# � 
�� givenby (1) with respectto thelabelsX # � 
�� overall classes! andtrainingdata
^ �G_ 2546` 85:

1a2;46 # 85: X # � 
��cb�dFQ "$# � 
�� (3)

To providecapacitycontrolweintroducearegularizeref(*.0/ in theobjectivefunction[11].
Theparameterspace. canbepartitionedinto disjoint parametervectors. # 7 and g # 7 for
eachpair of classes!h��D��i\3���������h���j� suchthat & # 7 � 
�� dependsonly on . # 7 and g # 7 .
(The parameterg # 7 correspondsto the biasterm in the standardSVM formulation). The
regularizercanthenbechosenasthe kml normof eachdisjoint parametervector, andthe
objective functionbecomes^ �on�_ 2;46` 85:

132546 # 85: X # � 
���bpdZQ " # � 
��q� �r 1325467985:
132546 # 85: + . # 7 + l (4)

wheretheregularizationparametern controlscomplexity versusgeneralizationasa bias-
variancetrade-off [11]. Theobjective function(4) is similar to theprimal formulationof
a large margin classifier[4]. Unlike the convex (quadratic)cost function of SVMs, the
formulation(4) doesnot havea uniquesolutionanddirectoptimizationcouldleadto poor
local optima.However, a lower boundof theobjective functioncanbeformulatedsothat
maximizingthis lower boundreducesto a setof convex optimizationsub-problemswith
anelegantdual formulationin termsof supportvectorsandkernels.Applying theconvex
propertyof the ��b�dFQ3(s�t/ functionto theconvex sumin theforwardestimation(1),weobtain
directly ^ [ 132546798;: ^ 7 (5)

where ^ 7 �u_ 2546` 8;: n 7 � 
��
1a2;46 # 8;: X # � 
��cb�dFQv& # 7 � 
��3� �r 132546 # 85: + . # 7 + l (6)

with effectiveregularizationsequencen 7 � 
����wn " 7 � 
x�=����� (7)

Disregardingtheintricatedependenceof (7) ontheresultsof (6) whichwedeferto thefol-
lowing section,theformulation(6) is equivalentto regressionof conditionalprobabilities& # 7 � 
�� from labeleddata	�� 
�� and X # � 
�� , for a givenoutgoingstateD .



2.3 Kernel Logistic Probability Regression

Estimationof conditionalprobabilitiesy�Oc(z!�+ 	�/ from trainingdata	�� 
�� andlabelsX # � 
�� can
beobtainedusinga regularizedform of kernellogistic regression[10]. For eachoutgoing
stateD , onesuchprobabilisticmodelcanbeconstructedfor theincomingstate! conditional
on 	�� 
�� : & # 7 � 
����w{�U |�(�} # 7 (z	�� 
��M/9/9~ 132546 � 85: {�U |�(�} � 7 (z	�� 
��z/�/ (8)

As with SVMs,dot productsin theexpressionfor } # 7 (z	�/ in (8) convert into kernelexpan-
sionsover thetrainingdata	�� �x� by transformingthedatato featurespace[12]} # 7 (z	�/ � . # 7 � 	��]g # 7� 6 ��� �# 7 	�� �x��� 	x�]g # 7 (9)�5�z� ���� 6 � � �# 7f� (z	�� �x���9	�/���g # 7
where� (s�p���t/ denotesany symmetricpositive-definitekernel1 thatsatisfiestheMercercon-
dition, suchasa Gaussianradialbasisfunctionor apolynomial[11].
Optimization of the lower-bound in (5) requiressolving � disjoint but similar sub-
optimizationproblems(6). ThesubscriptD is omittedin theremainderof this sectionfor
clarity. The(primal) objective functionof kernellogistic regressionexpressesregularized
cross-entropy (6) of thelogisticmodel(8) in theform [13, 14]^ �Y� 6 # �r + . # + l ��n _6 � �A�6 # X # � �x�M}P�A(*	�� �x�z/���bpdZQ�(*�V�R� ���A� �m� � �=���p�����V��� ���A� �m� � �q� (10)

Theparameters� �# 7 in (9) aredeterminedby minimizingadualformulationof theobjective
function(10) obtainedthroughtheLegendretransformation,which for logistic regression
takestheform of anentropy-basedpotentialfunctionin theparameters[10]^)� � �6 # � �r _63� _6 � �

� #�� � � � �# �]n _6 � ( X # � �x��� � �# ~Pn¡/AbpdZQq( X # � �0�q� � �# ~Zn¡/�� (11)

subjectto constraints 6 � � �# � \ (12)6 # � �# � \ (13)

� �# ¢ n X # � �0� (14)

Therearetwo disadvantagesof usingthelogistic regressiondualdirectly:

1. Thesolutionis non-sparseandall thetrainingpointscontributeto thefinal solu-
tion. For tasksinvolving largedatasetslike phonerecognitionthis turnsout to be
prohibitivedueto memoryandrun-timeconstraints.

2. Eventhoughthedualoptimizationproblemis convex, it is notquadraticandpre-
cludesthe useof standardquadraticprogramming(QP) techniques.Onehasto
resortto Newton-Raphsonor othernonlinearoptimizationtechniqueswhichcom-
plicateconvergenceandrequiretuningof additionalsystemparameters.

1 £�¤M¥;¦s§5¨%©«ª¬¤M¥q¨9­ ª¬¤M§5¨ . The map ª¬¤�® ¨ neednot be computedexplicitly, asit only appearsin
inner-productform.



2.4 ¯f!�
5! SVM formulation

The ¯f!�
5! SVM probabilisticmodel [15] providesa sparsealternative to logistic regres-
sion. A quadratic(‘Gini’ [16]) index replacesentropy in thedual formulationof logistic
regression.The‘Gini’ index providesa lowerboundof theduallogistic functional,andits
quadraticform producessparsesolutionsaswith supportvectormachines.The tightness
of theboundprovidesaneleganttrade-off betweenapproximationandsparsity.
Jensen’s inequality( bpdZQ;° ¢ °¡�B� ) formulatesthelowerboundfor theentropy termin (11)
in theform of themultivariatēf!�
5! impurity index [16]:

�%� �6 # ° l# ¢ � �6 # ° # bpdZQ;° # (15)

where \ ¢ ° # ¢ �F�K±�! and W # ° # �²� . Both forms of entropy � W �# ° # bpdZQ;° # and �f�W �# ° l# reachtheir maximaat the samevalues° #0³ �I~�� correspondingto a uniform
distribution. As in thebinarycase,theboundcanbetightenedby scalingthe ¯f!�
5! index
with a multiplicative factor ´�[µ� , of which the particularvaluedependson � .2 The¯f!�
5! SVM dualcostfunction

^·¶
is thengivenby

^·¶ � �6 # � �r _6 � _6 � �
� # � � � � �# �¸´;n¹(m_6 � ( X # � �0�q� � �# ~Pn¡/ l �]�I/�� (16)

The convex quadraticcost function (16) with constraintsin (11) cannow be minimized
directly usingstandardquadraticprogrammingtechniques.Theprimaryadvantageof the
techniqueis that it yields sparsesolutionsand yet approximatesthe logistic regression
solutionverywell [15].

2.5 Online ¯f!�
5! SVM Training

For very largedatasetssuchasTIMIT, usinga QP approachto train ¯f!�
5! SVM maystill
be prohibitive even throughsparsitydrasticallyin the trainedmodelreducesthe number
of supportvectors.An on-lineestimationprocedureis presented,thatcomputeseachco-
efficient � `# in turn from singlepresentationof the data

� 	�� 
���� X # � 
���� . A line searchin
theparameter� `# andthebias g # performsstochasticsteepestdescentof thedualobjective
function(16) of theform

� `# � n�º X # � 
��3�²» n X # � 
��K( � `Z` � r /;�]} # (z¼½� 
��z/½� r W `¾ � ¾ # ��¿ `FÀ�Án¹( � `Z` � r /;� r ´ Â (17)

g #ÄÃ g # � `63� �
� # (18)

where � ¼3� Á denotesthe positive part of ¼ . Thenormalizationfactor ¿ ` is determinedby
equation

�6 # » n X # � 
��K( � `Z` � r /;�=} # � 
��A� r `6 ¾ � ¾ # ��¿ ` À Á �on¹( � `Z` � r /;� r ´ (19)

solvedin atmost � algorithmiciterations.

3 Recursive FDKM Training

The weights(7) in (6) arerecursively estimatedusingan iterative procedurereminiscent
of (but differentfrom) expectationmaximization.Theprocedureinvolvescomputingnew
estimatesof thesequence" 7 � 
Å�w��� to train (6) basedon estimatesof & # 7 usingprevious
valuesof theparameters� �# 7 . Thetrainingproceedsin aseriesof epochs,eachrefiningthe
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Figure2: Iterationsinvolvedin training FDKM on a trellis basedon theMarkov modelof
Figure 1. During the initial epoch, parameters of theprobabilisticmodel,conditionedon
theobservedlabelfor theoutgoingstateat time 
%�)� , of thestateat time 
 aretrainedfrom
observedlabelsat time 
 . During subsequentepochs,probabilityestimatesof theoutgoing
stateat time 
¡��� overincreasingforward decodingdepthÉ)�«�F������� � determineweights
assignedto data 
 for trainingeachof theprobabilisticmodelsconditionedontheoutgoing
state.

estimateof thesequence" 7 � 
B�o��� by increasingthesizeof the time window (decoding
depth,É ) overwhich it is obtainedby theforwardalgorithm(1).
Thetrainingstepsareillustratedin Figure2 andsummarizedasfollows:

1. To bootstraptheiterationfor thefirst trainingepoch( É��Y� ), obtaininitial values
for " 7 � 
��u��� from thelabelsof theoutgoingstate," 7 � 
������Ê� X 7 � 
��u��� . This
correspondsto takingthelabels X # � 
��u��� astruestateprobabilitieswhich corre-
spondsto thestandardprocedureof usingfragmenteddatato estimatetransition
probabilities.

2. Train logistic kernelmachines,onefor eachoutgoingclassD , to estimatethepa-
rametersin & # 7 � 
����,!h��Du�Ë�F���p���h� from the training data 	�� 
�� and labels X # � 
�� ,
weightedby thesequence" 7 � 
<�]��� .

3. Re-estimate" 7 � 
Å�u��� usingtheforwardalgorithm(1) over increasingdecoding
depthÉ , by initializing " 7 � 
<�¸ÉÌ� to X � 
<��ÉÌ� .

4. Re-train,incrementdecodingdepth É , andre-estimate" 7 � 
B�o��� , until the final
decodingdepthis reached( É)� � ).

Theperformanceof FDKM trainingdependson thefinal decodingdepth � , althoughob-
servedvariationsin generalizationperformancefor largevaluesof � arerelatively small.
A suitablevaluecanbechosena priori to matchtheextentof temporaldependency in the
data.For phonemeclassificationin speech,thedecodingdepthcanbechosenaccordingto
thelengthof a typical syllable.
An efficientprocedureto implementtheabovealgorithmis discussedin [15].

4 Experiments and Results

The performanceof FDKM wasevaluatedon the full TIMIT dataset[17], consistingof
labeledcontinuousspokenutterances.The60phoneclassespresentedin TIMIT werefirst
collapsedonto 39 classesaccordingto standardfolding techniques[6]. The training set
consistedof 6,300sentencesspokenby 63 speakers,resultingin 177,080phoneinstances.
Thetestsetconsistedof 192sentencesspokenby 24speakers.
The speechsignal was first processedby a pre-emphasisfilter with transfer function�Í�w\3� ÎAÏV¿ 254 . Subsequently, a 25 ms Hammingwindow was appliedover 10 ms shifts
to extracta sequenceof phoneticsegments.Cepstralcoefficientswereextractedfrom the
sequence,combinedwith theirfirst andsecondordertimedifferencesintoa39-dimensional
vector. Cepstralmeansubtractionandspeaker normalizationweresubsequentlyapplied.

2Unlike thebinarycase( Ð ©]Ñ ), thefactor Ò for generalÐ cannotbechosento matchthetwo
maximaat Ó Ô ©=Õ×Ö Ð .



Table1: PerformanceEvaluationof FDKM ( � �«��\ ) onTIMIT

Machine Accuracy Insertion Substitution Deletion Errors
FDKM, nC�G\a�tØ 79.9% 6.3% 14.7% 5.4% 26.4%
FDKM, nj�«� 80.6% 6.3% 14.3% 5.1% 25.7%

FDKM, nC� r �tØ 79.6% 5.3% 14.6% 5.8% 25.7%
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Figure3: Recognitionrateasa functionof decodingdepth É¹�«�F������� � .

Eachphoneutterancewerethensubdivided into threesegmentswith relative proportions
4:3:4[18]. Thefeaturesin thethreesegmentswereindividually averagedandconcatenated
to obtaina117-dimensionalfeaturevector.
Evaluationon thetestwasperformedusingthresholdingof stateprobabilitiesin theMAP
forward decoding(2) [19], with threshold\a� r Ø . The decodedphonesequencewasthen
comparedwith the transcribedsequenceusingLevenshtein’s distanceto evaluatediffer-
ent sourcesof errors. Multiple runsof identicalphonesin the decodedand transcribed
sequenceswerecollapsedto singlephoneinstancesto reflecttrueinsertionerrors.
Table 1 summarizesthe resultsof the experimentswith FDKM on TIMIT for different
valuesof the regularizationconstantn . The recognitionperformanceis comparableto
thestateof theart usingHMMs andotherapproaches,in the upper70%andlower 80%
range[2, 5, 20]. Figure3 illustratesthe improvementin recognitionratewith increasing
decodingdepthÉ . Theoptimumvalue É�ÙÚ��\ correspondsto inter-phoneticdependencies
ona timescaleof 100ms.

5 Conclusion

Experimentswith FDKM on the TIMIT corpushave demonstratedlevels of speaker-
independentcontinuousphonerecognitionaccuracy comparableto or better than other
approachesthatuseHMMs andtheir variousextensions.FDKM improvesdecodingand
generalizationperformancefor datawith embeddedsequentialstructure,providing anel-
eganttradeoff betweenlearningtemporalversusspatialdependencies.The recursive es-
timation procedurereducesor masksthe effect of noisy or missinglabels X 7 � 
�� . Further
improvementscanbeexpectedby tuningof hyper-parametersandimprovedrepresentation
of acousticfeatures.
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