
Support Vector Machinesfor Segmental
Minimum BayesRisk Decoding

VeeraVenkataramani and Sourin Das
Centerfor SpeechandLanguageProcessing

Departmentof ElectricalandComputerEngineering
JohnsHopkinsUniversity

Baltimore,MD 21218�
veera,sourin � @jhu.edu

Abstract

Segmental Minimum Bayes Risk (SMBR) Decoding is an approach
wherebywe usea decodingcriterionthatis closelymatchedto theeval-
uationcriterion(Word Error Rate)for speechrecognition.This involves
the refinementof the searchspaceinto manageableconfusionsets(ie,
smallersetsof confusablewords).WeproposeusingSupportVectorMa-
chines(SVMs)asadiscriminativemodelin therefinedsearchspace.The
hopeis wewill beableto useSVMseffectively whenthesearchproblem
is brokendown into sequenceof independentandsimplerproblems.Our
first approachwill beto useSVMsto makeharddecisions,ie, theSVMs
will outputa word for eachconfusionset. We will thenshow that on
usingasimplevotingschemeweimproveuponthebaselinesignificantly
(10%relativeat 9%WER)on a smallvocabulary task.

1 Intr oduction

Thecommonstatisticalmodelemployedin mostof themodernstate-of-artspeechrecog-
nition systemsis the Hidden Markov Model (HMM). HMMs can be trainedin various
waysdependingonthemodelingassumption.Thecommonlyuseddecodingschemecalled
MaximumA-Posteriori(MAP) givesoptimalperformanceunderSentenceError Ratecri-
terion. But for WER performance,other decodingtechniqueslike SMBR provesto be
bettersuited.In SMBR baseddecodingthesearchspaceis reducedandextremelyrefined
discriminativetrainingmethodscanbeusedfor performancegain.

During decodingHMM useonly simpleacousticscoresfor discriminatingbetweentwo
competinghypothesispaths.Extradata-dependentinformationobtainedfrom thevarious
sufficient statisticsof themodelparameterscanbeincorporatedinto thedecodingmecha-
nism.In thispaperwehaveusedFisherScores[1] for extractingextrainformationfrom the
model.Generallythesearemulti-dimensionalvectorsconsistingof first orderderivativeof
thelikelihoodwith respectto variousmodelparameters[11, 12]. SVMscanthenbetrained
asclassifiersin this scorespace.This paperdescribestheapplicationof SVMs trainedin
this scorespacefor SMBR baseddecoding.



2 SpeechRecognitionSystem

2.1 Formulation

Givenasequenceof acousticobservations�������
	��
�	�������	��
� �
����� andpossibleword
sequence� �����
	�����	�������	���� ��� �"! , theproblemof a AutomaticSpeechRecogni-
tion (ASR)systemis to find a wordstring #� satisfying#� � arg max$&%(')�+* �-,
UsingBayesrule theaboveproblemis equivalentto#�.� arg max$ %(')�/,�%('0�1* �/,
Hencea ASR systemconsistsof threemain components:a languagemodel %(')�/, , an
acousticmodel %('2�1* �/, anda decoderto find thestringhaving maximumprobability. In
thispaperwe describeexperimentsbasedon isolatedalpha-numericcharacterrecognition,
hencethe languagemodelingcomponentis not required. The component%('0�1* �/, is
modeledby a HMMs. The output distribution of the HMM is modelledby a mixture
of Gaussiandistributions.Thesemodelsare trainedusingvariouscriteria like Maximum
LikelihoodEstimation(MLE), MaximumMutual InformationEstimation(MMIE).

The commonlyuseddecodingstrategy is the MAP decodingcriterion, which given an
utterance� producesasentencehypothesisaccordingto #� � arg max$43�56%(')�+* �-, . It
givesoptimalperformanceunderSentenceError Rate.But thestandardevaluationmetric
for ASR systemsis WER. Henceotherdecodingtechniquesoptimizedfor WER criterion
are preferred. Suchschemesinclude the Minimum Bayes-Risk(MBR) decoderand its
variantstheSMBR.

2.2 SegmentalMinimum Bayes-RiskDecoders

The MBR decodertries to minimize the sentencehypothesiserrorsundera given loss
function.Mathematicallyit findstheoptimalhypothesisgivenby78 � arg min9;: 3�5=<9 3�5?> ' 8 	 8A@ ,B%(' 8 * CD,
where! denotesthepossiblewordstringsetfrom aN-Bestlist or latticesgeneratedby the
underlyingHMM modeland > ' 8 	 8 @ , is thelossfunctionbetweenwordstring

8
and

8 @
.

As a resultthedecodingbecomescomputationallyexpensivesearchproblem.SMBR tries
to tackletheproblemby decomposingtheoriginalprobleminto asequenceof independent
small searchproblems. Herewe assumethat the word sequence

8 �E! is segmented
into F substringsconsistingof zeroor morewords

8 �
	 8 ��	�������	 8�G . This segmentsthe
associatedlatticeinto F segmentsets!"��	�HI�KJ	MLN	������O	�F . ThentheMBR hypothesis

78
canbeobtainedby concatenatingthe individual hypothesis

78 ��	�H��PJ�	QLR	�������	MF obtained
for eachlatticesegmentusing78 �S� arg min9;: 3�5UTA<9 3�5UT
> ' 8 	 8 @ ,B%V�Q' 8 * CD,
Therearevariouswaysto segmentthelattices.Oneparticularapproachstartswith aligning
theMAP hypothesiswith the lattice. In region of low confidenceof theMAP hypothesis
otheralternative pathsfrom thelatticeareretainedfor thenew searchspace.But for high
confidenceregion, thehypothesisis restrictedto theMAP hypothesis.Hencethestructure
of theoriginal latticeis retainedonly whenwearenotconfidentabouttheMAP hypothesis
Thenew searchspaceobtainedby concatenatingthesesmallsegmentsis calleda pinched
lattice. Typical examplesof thesesearchspacesareshown in fig 1.
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Figure1: LatticeSegmentation:Top: First-passlatticeof likely sentencehypotheseswith
MAP pathin bold. Bottom: Refinedsearchspace W! consistingof alternative pathsto be
discriminated

2.3 Refineddiscriminati ve training usingSVMs

In a pinchedlattice, thosesegmentsof the MAP hypothesiswhich aremoreerror-prone
areexpandedusingsegmentsof the original lattice. Henceit opensup the possibility of
trainingmorerefinedmodelsfor thosesegmentsonly. Previouslyseparateacousticmodels
weretrainedspecificallyto discriminateonly betweentheword sequencespresentin ! � .
Only training datacorrespondingto thosespecificlatticesegmentswereusedin building
theseacousticmodels. The drawbackof this approachlies in the fact that it usesonly a
scalaracousticscoreto discriminatebetweenthe confusablealternatives. Insteadwe can
useextra datadependentinformation from the generative model. In our work we have
extractedextra informationin form of fisherscore.ThenseparateSVMs weretrainedfor
eachconfusablepair. Whenever similar confusionpairswereobtainedin the testset,the
correspondingSVM wasusedto selectthemostprobablepath.

3 Score-spaceformulation

This sectiongivesa brief descriptionof score-spacesandoperators.Speechis a highly
dynamicprocess.Hencethe observation sequencesare not of fixed-dimension.But to
applyany staticclassifierlike SVMs to speechproblems,we needto maptheobservation
sequenceinto fixed-dimensionvectors.Score-spaceprovidesa mechanismof doingthis.

Let �X�Y'Z���[	��
�	�������	M�]\�, be an observationsequenceandlet a setof possiblegenerative
probabilitymodelsfor thatsequencebe ^K� �M_a` '2�1* bdcN,O� . This observationsequencecan
betransformedto a score-spaceusingthefollowing mapping:egf hij'2�-,k� e hikl ' ��_ ` '0��* b c �],
Here l '�m , is thescore-argumentandis functionof themembersof ^ . e hi mapsfrom the
scalarspaceof the score-argumentinto the score-spaceandhencecalledscore-mapping.
It is definedusinga score-operator

7n
. Theprojectionof thescore-argumentinto thescore

spaceegf hij'2�-, is called the score. Thereare several candidatesfor score-argumentand
score-operator. Eachof thesecombinationgive riseto adifferentscorespace.

The differentdimensionsof the scorespacearenot orthogonal.Generallyit shouldnor-
malizedor whitenedto decorrelatethedimensions.Thenormalizedscorespaceis canbe
computedasbelow: e G '2�-,k�Eo�p ��qM�rts e '0�u,
where o rts � vw' e '0�Kxzy rts ,�' e '0�Kxzy rts ,B{ _ '0��* bt,B|R�



y rts � v e '2�-, _ '0��* b,�|}�
arethecovariancematrix andexpectationin thescore-spacerespectively.

3.1 Fisher scoreand kernel

The likelihood score-spacegiven by a first-orderderivative operatoris called the fisher
scoreandusingtheabovenotationcanberepresentedaseV~ � `�g� '2�-,��w�;����� _ '0��* bt,
Here b representstheparametersof theHMM. Anotherchoiceof score-argumentfunction
is thelog likelihoodratio.In thatcasethescoreis representedbyeV~ � `� � '0�u,k�w�;����� _ � '0�1* b,_ �'0�1* b,
ThenormalizedFisherscorespaceis givenby� �Eo p ��qM� e ~ � `� � '0�u,
FromMercer’sTheoremwe know any kernelcanberepresentedasasimpleinnerproduct
betweensuitablychosenfeaturevectors� 'Z� � 	����d,k� � {� T � �V�
For any parametricclassof models %('Z�4* bt,�b���� the fisher informationmatrix � is
givenby ����� � �
� � � {���
where � � ���;�������I%('Z�4* b,
is the Fisherscoreand the expectationis over %(')�&* b, . Hencea naturalkernel in this
mappingspacecanbeobtainedby takingtheinnerproductof thefeaturevectors� 'Z�;��	�� � ,k� � {� TB� � � � � � {� TB� p � � � �
Thiskernelis calledtheFisherkernel.

4 SVMs in Automatic SpeechRecognition: Challenges

Applying SVMsto SpeechRecognitionis notstraightforward.Oneproblemis thatspeech
is a dynamicsignalwhile SVMs areinherentlystaticclassifiers.We solve this problemby
usingFisherkernels.Thuswe mapthevariablelengthobservationsequencesinto a fixed
dimensionspace,thedimensionbeingequalto thenumberof parametersin thegenerative
model.Also, SVMsareinherentlybinaryclassifierswhile speechis amulti-classproblem.
We get aroundthis by using the SMBR decodingapproach;we reducethe problemto
a sequenceof independentbinary decisionproblems;then useSVMs for eachof these
simplerproblems.

5 ProposedMethod

Theproposedmethodis asfollows:� Train HMMs andgeneratepinchedlattices� Gothroughthepinchedlatticesandchoose50 mostconfusablepairs



� GenerateFisherScoreof thoseselectedobservationsequencesandtrain separate
SVMs for eachpair� Decodethetestset� For eachconfusionpair ' 8 ��	 8 � , in thetestset,

– Identify occurrencesof thesamein thetrainingset
– UsingthetrainedSVM for thispair, choosehypothesisfrom ' 8 � 	 8 �d, .

6 Corpus and BaselineSystemDescription

To testour approach,we presentour resultson theOGI-Alphadigit [3] corpus.This is a
small vocabulary taskof 37 words(26 lettersand11 numbers).Therearearound46,000
utterancesin thetrainingsetandaround3,000in thetestset.Eachutteranceis a sequence
of 6 words. Theerror rateof discriminitively trainedHMM-basedsystemson this corpus
is around10%.Thisensuresthatareenougherrorsto allow for erroranalysis.

TheHMM baselinesystemwasbuilt usingtheHTK toolkit [4]. Theaudiowasencoded
as13 dimensionalMFCC vectorsandappendedwith first andsecond-orderderivatives.
Eachwordwasmodeledby left-to-rightHMMs having around20 stateseach.Themodels
contained12mixturesperstate,estimatedby conventionalHTK styletrainingprocedures.
Startingfrom thesemodels,threeiterationsof MaximumMutual InformationEstimation
(MMIE) [5] [6] wereperformedto yield discrimanitively trainedmodels.TheAlphadigits
taskhasno languagemodel;thusasimpleword loopwasusedfor decodingandfor gener-
atinglattices [7] onthetrainingsetfor MMIE. TheWER(9.07%)from thesemodelswere
takento bethebaseline.

7 Experiments

We considerthe 50 most frequentlyoccurringconfusionpairs in the training set. These
wereobtainedby Period-1risk-basedlatticecutting [8]; we furthersimplify theproblem
by allowing only two competingpathsin eachconfusionpair.

We first trainedSVMs,usingtheginiSVM toolkit [9] [9], for theconfusionpairB<->V.
Thealignmentsusedwerefrom thebaselinesystem.Therewerearound5000occurrences
of B<->V in the training set and around300 in the test set. To work with reasonable
dimensions,we generatedonly themean-spacescoresfrom theBaselinemodels.For the
log-likelihoodratioscorespacethatweused,this resultsin 20,000dimensionvectors.For
thewhiteningof thescores,we useda diagonalapproximationto thewhiteningmatrix as
calculatedfrom thetrainingdata;this approximationwasusedto whitenbothtrainingand
testscores.The training of the SVM, for the 20,000dimensioncase,convergedonly for
onevalueof thetrade-off parameter(C=100).However, theperformanceof this SVM was
dismal.

Previousresearch[11] indicatesthat thebestgenerative modelsto getscoresto train the
bestperformingSVMsneednotbefrom thebestperforminggenerativemodelsthemselves.
Theveryhighdimensionof thescoresprobablyhastoomany nuisancedimensionsthatthe
SVM cannotignore.Thus,we thenused2 mixtureMaximumLikelihood(ML) intermedi-
atemodelsto generatescores.Note thereis now a mismatchbetweenthemodelsusedto
identify confusionpairs(12 mix MMIE) andthoseusedto train SVMs (2 mix ML). The
mean-scoresnow haveadimensionof around3000.Table 1 showstheerrorcountsfor the
confusionpair asthetrade-off parametervaries.We canseevariationin performancewith
C; this indicatesthat sometuningof C will be required.We alsofound thetanh kernel
producedabetterKernelfeaturemapthanthelinearkernel;for C=1.0,theerrorcountwent
down furtherto 86.



Table1: Error countsfor B<->V confusionpair usinga linear kernel

SVM trade-off Errors
parameter(C)

Baseline 69
0.01 116
0.1 100
1.0 100
10.0 101
100.0 106

Table 2: Word Error Rateson Full Systems.r indicateszeroth-derivativeof the log-
likelihoodratio scores,a indicatesthetransitionprobabilityscoresandm themeanscores.
ThenotationC=x->y indicatesthat for thoseSVMswhich didn’t converge with C=x, a
SVMwith C=y wasused

System Error-Rates
Baseline 9.07
SVM m 9.63

C=1.0->10.0
SVM r a m 9.65

C=1.0->10.0
SVM r a m 9.44
C=1.0-> 3.0

Wethenaddedthezeroth-orderderivativeof thelog-ratioscoresandthetransitionprobabil-
ity derivativesof theHMMs to thescore-space.For adynamictasklikespeechrecognition,
onewouldexpectthetransitionprobabilitiesto helpperformance.Also, theseadditionsre-
sultedin a verysmall increasein thescoredimension.

Finally, we trainedSVMs on all 50 confusionpairsin thesescoresspaces.Theoutputsof
theseSVMs weretheninsertedin placeof theconfusionsetsto yield full hypothesesfor
eachutterance.Thisresultedin afull systemwhoseperformancewecouldmeasureagainst
thebaselinesystem.

Table 2 lists theWord Error Ratesfor variousSVM systems.ThusthebestSVM system
thatwastrainedis about0.4%absoluteWERworse.However, onerroranalysis[Figure 7],
we find thatSVMS do not performuniformly worse.TheSVMs outperformthebaseline
MMIE modelson confusionpairs that had lesseramountsof training data(upto 5,000
trainingpoints).Beyondthat,theSVM trainingmostprobablyneedsto tuned.To testthis,
we trainedtheC=1.0-> 3.0 system(thefinal line of 2). TheideawasthatC hasto bea
multiple of theamountof trainingdatauptowhich its performancewassatisfactory. This
indeedhelpedperformanceonconfusionpairswith moretrainingdata;but wasinsufficient
to beatthebaseline.

On further analysis,we found that the 9.44%WER systemandthe 9.07%WER system
wereabout6.0%absoluteapart.This situationis ideal for voting schemes.However, we
noticedthattheprobabilitiesthattheSVM wasassigningto thetwo pathswerenot reliable
confidencescores,i.e., theerrorsthat theSVM makesandtheprobabilitiesthat it assigns
wereuncorrelated.However, it is well known that ASR errorscanbe reliably identified
with HMM systems[13]. Thuswe useda simplealgorithm,basedon posteriors,to filter
out unreliabledecisionsof the HMMs and usedSVM outputsin placeof them. If the
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Figure2: Bar plot of error countson confusionpairs of 4 differentsystems.Thedistance
alongthex-axisindicatesdecreasein theamountof trainingdata;e.g.,F<->S had15,000
trainingpoints,whileB<->V hadaround5,000.TheSVMsoutperformthebaselineMMIE
modelson confusionpairs with lessertraining data. For other confusionpairs, training
needstuning.

Table3: Error-Ratesfor differentthresholdsusedfor acceptingtheHMM output.A lower
thresholdwouldimply lesserconfidenceon theHMM systemandmore on theSVMsystem

Threshold(t) Error-Rates
(bestpathmusthave

probability>t)
0.0 9.07
0.9 8.87
. .
. .J�x4Jd� p ��� 8.25J�x4Jd� p ��� 8.30

posteriorof a word’s hypothesiswaslessthana chosenthreshold,thenwe simply replace
it by theSVM hypothesis.Usingthiscombinationapproach,wecanseefrom table 3, that
we canreducetheerrorrateto 8.25%.

8 Conclusionsand Future Work

We have presenteda framework for training SVMs in the SMBR framework for Speech
Recognition.The SVMs on combinationwith the baselinesystemshows significantim-
provementover thebaselineperformanceon a smallvocabulary task.It would beinterest-
ing to seeif suchimprovementscanstill beobtainedwithout recourseto thebestHMMs
available;e.g., theconfusionpairson thetestsetwereidentifiedusing12 mixtureMMIE
models. It hasbeenshown that scoresgeneratedfrom MMIE modelsyield SVMs with
betterperformancethenthosefrom ML models [14]. TheSVM trade-off parameterhasto
betunedseparatelyfor eachginiSVM; theamountof trainingdataavailableseemsto bea



goodcriterion.TheSVM outputprobabilitiescanalsobeusedto performre-scoringof the
lattices.
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