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Abstract

Sgmental Minimum Bayes Risk (SMBR) Decodingis an approach
wherebywe usea decodingcriterionthatis closelymatchedo the eval-

uationcriterion (Word Error Rate)for speechrecognition.This involves
the refinementof the searchspaceinto manageableonfusionsets(ie,

smallersetsof confusablavords).We proposeausingSupportvectorMa-

chineg(SVMs)asadiscriminativemodelin therefinedsearctspace The
hopeis we will beableto useSVMs effectively whenthesearchproblem
is brokendown into sequencef independenandsimplerproblems.Our

firstapproactwill beto useSVMsto make harddecisionsije, the SVMs

will outputa word for eachconfusionset. We will thenshow that on

usinga simplevoting schemave improve uponthebaselinesignificantly
(10%relative at 9%WER)on a smallvocalulary task.

1 Intr oduction

The commonstatisticalmodelemployedin mostof the modernstate-of-arispeectrecog-
nition systemsis the Hidden Markov Model (HMM). HMMs can be trainedin various
waysdependingpnthemodelingassumptionThecommonlyuseddecodingschemealled
Maximum A-Posteriori(MAP) givesoptimal performancainderSentenceError Ratecri-
terion. But for WER performance pther decodingtechniquedike SMBR provesto be
bettersuited.In SMBR basedlecodingthe searchspaceis reducedandextremelyrefined
discriminative training methodscanbe usedfor performanceyain.

During decodingHMM useonly simple acousticscoresfor discriminatingbetweentwo
competinghypothesigaths. Extra data-dependennformationobtainedfrom the various
sufficient statisticsof the modelparametersanbeincorporatednto the decodingmecha-
nism. In this papemwe have usedFisherScoes[1] for extractingextrainformationfrom the
model. Generallythesearemulti-dimensionalectorsconsistingof first orderderivative of
thelikelihoodwith respecto variousmodelparameterfll, 12]. SVMscanthenbetrained
asclassifiersin this scorespace.This paperdescribeghe applicationof SVMs trainedin
this scorespacefor SMBR baseddecoding.



2 SpeechRecognition System

2.1 Formulation

Givenasequencef acoustiobsenationsO = 01,0s,---,0,, 0; € O andpossiblenvord
sequenc® = wy,wsq, -, w, w; € W, the problemof a Automatic SpeechRecogni-
tion (ASR) systemis to find aword string W satisfying

W = arg maxy P(W|0)
Using Bayesrule the above problemis equivalentto
W = arg maxy P(W)P(O|W)

Hencea ASR systemconsistsof three main components:a languagemodel P(W), an
acousticmodel P(O|W) andadecodetto find the string having maximumprobability. In
this papemwe describexperimentdasedn isolatedalpha-numericharacterecognition,
hencethe languagemodeling componentis not required. The componentP(O|W) is
modeledby a HMMs. The output distribution of the HMM is modelledby a mixture
of Gaussiardistributions.Thesanodelsare trainedusing variouscriteria like Maximum
Lik elihoodEstimation(MLE), Maximum Mutual InformationEstimation(MMIE).

The commonlyuseddecodingstrategy is the MAP decodingcriterion, which given an
utteranceD produces sentencéypothesisaccordingo W = arg maxy <)y P(W|0). It
givesoptimal performancaunderSentenceerror Rate. But the standardevaluationmetric
for ASR systemds WER. Henceotherdecodingtechniqueoptimizedfor WER criterion
are preferred. Suchschemesnclude the Minimum Bayes-Risk(MBR) decoderand its
variantsthe SMBR.

2.2 SegmentalMinimum Bayes-RiskDecoders

The MBR decodertries to minimize the sentencehypothesiserrorsundera given loss
function. Mathematicallyit findsthe optimal hypothesigjivenby

W =argming.c,, > LW, W')P(W|0)
wew

where)V denoteghepossiblenvord stringsetfrom aN-Bestlist or latticesgeneratedby the
underlyingHMM modelandi (W, W') is thelossfunctionbetweerword stringW andW'.
As aresultthe decodingoecomegomputationallyexpensve searchproblem.SMBR tries
to tacklethe problemby decomposinghe original probleminto a sequencef independent
small searchproblems. Here we assumehat the word sequencé?V € W is sgmented
into NV substringsconsistingof zeroor morewords Wy, W, - - -, Wy . This sggmentsthe
associatedatticeinto N sggmentsetsW;,i = 1,2,---, N. Thenthe MBR hypothesigi’
canbe obtainedby concatenatinghe individual hypothesisWi,z‘ =1,2,---,N obtained
for eachlattice segmentusing

Wi = agming. ¢, > LW, W)P(W|0)
wew;

Therearevariouswaysto sggmentthelattices.Oneparticularapproactstartswith aligning

the MAP hypothesiswith thelattice. In region of low confidenceof the MAP hypothesis
otheralternatve pathsfrom the lattice areretainedfor the new searchspace.But for high

confidenceegion, the hypothesigs restrictedo the MAP hypothesisHencethe structure
of theoriginal latticeis retainedonly whenwe arenot confidentaboutthe MAP hypothesis
The new searchspaceobtainedoy concatenatinghesesmall segmentsis calleda pinched

lattice. Typical examplesof thesesearchspacesareshovnin fig 1.



c
NINE
SILENCE A
OH J  NINE A

K NINE

s
SILENCE
.
w ENCE
A7

SILENCE oy QNINE A Al7 V5 SILENCE

B:7 B:5

Figurel: Lattice Segmentation:Top: First-pasdattice of likely sentencéypothesesvith
MAP pathin bold. Bottom: Refinedsearchspace)V consistingof alternatve pathsto be
discriminated

2.3 Refineddiscriminative training using SVMs

In a pinchedlattice, thosesegmentsof the MAP hypothesisvhich are more errorprone
are expandedusing sggmentsof the original lattice. Henceit opensup the possibility of

trainingmorerefinedmodelsfor thosesegmentsonly. Previously separatecoustianodels
weretrainedspecificallyto discriminateonly betweerthe word sequencepresentn W;.

Only training datacorrespondindo thosespecificlattice segmentswereusedin building

theseacousticmodels. The drawbackof this approacHies in the factthatit usesonly a
scalaracousticscoreto discriminatebetweernthe confusablealternatives. Insteadwe can
useextra datadependentnformation from the generatie model. In our work we have
extractedextra informationin form of fisherscore.Thenseparaté&SVMs weretrainedfor

eachconfusablepair. Whenever similar confusionpairswere obtainedin the testset, the
correspondinggVM wasusedto selectthe mostprobablepath.

3 Score-spaceformulation

This sectiongivesa brief descriptionof score-spaceand operators. Speechis a highly
dynamicprocess. Hencethe obsenation sequencesare not of fixed-dimension.But to
apply ary staticclassifierlike SVMs to speechproblemswe needto mapthe obsenation
sequencénto fixed-dimensiorvectors.Score-spacprovidesa mechanisnof doingthis.

Let O = (01,09, --,0;) beanobsenation sequencandlet a setof possiblegeneratie
probability modelsfor thatsequencée P = {p;(O|fx)}. This obsenationsequencean
betransformedo a score-spacasingthefollowing mapping:

©1(0) = ¢ f({pr(Ol61c})
Here f(.) is the score-agumentandis function of the membersof P. ¢, mapsfrom the
scalarspaceof the score-agumentinto the score-spacand hencecalled score-mapping.
It is definedusinga score-operatoﬁ’. The projectionof the score-agumentinto thescore
spacegoj;(O) is called the score. Thereare several candidatedor score-agumentand
score-operatotEachof thesecombinationgive riseto a differentscorespace.

The differentdimensionsof the scorespaceare not orthogonal. Generallyit shouldnor-
malizedor whitenedto decorrelateéhe dimensions.The normalizedscorespaces canbe
computedasbelow:

oM (0) = £5/%¢(0)
where

Sso = / (0 - psc) (9(O — psc)Tp(0]8)dO



o / (0)p(0]6)dO

arethe covariancematrix andexpectationin the score-spacesspectiely.

3.1 Fisher scoreand kernel

The likelihood score-spacgiven by a first-orderderivative operatoris called the fisher
scoreandusingthe above notationcanberepresenteds
¢ (0) = Vg Inp(O[6)

Heref representthe parametersf the HMM. Anotherchoiceof score-agumentfunction
is thelog likelihoodratio.Inthatcasethe scoreis representely

p1(0l6)

v (0) = Vil
O = Vel o)

Thenormalizedrisherscorespacds givenby
R (o)
FromMercer’s Theoremwe know ary kernelcanberepresentedsa simpleinnerproduct
betweersuitablychoserfeaturevectors
K(X;, X;) = 6%, 9x,
For ary parametricclassof modelsP(X|0) 6 € O the fisherinformationmatrix I is
givenby
I = Ex{UxUj%}
where
Ux = Vg 10gP(X|0)
is the Fisherscoreand the expectationis over P(X|f). Hencea naturalkernelin this
mappingspacecanbe obtainedby takingtheinnerproductof thefeaturevectors
K(Xi, X;) o ¢ Ipx, =Ux 1 'Ux,
This kernelis calledthe Fisherkernel.

4 SVMsin Automatic SpeechRecognition: Challenges

Applying SVMsto SpeechRecognitionis not straightforward. Oneproblemis thatspeech
is adynamicsignalwhile SVMs areinherentlystaticclassifiers We solve this problemby

usingFisherkernels. Thuswe mapthe variablelengthobsenation sequencesto afixed

dimensionspacethe dimensionbeingequalto the numberof parameterin the generatie

model.Also, SVMs areinherentlybinaryclassifiersvhile speechis a multi-classproblem.
We get aroundthis by usingthe SMBR decodingapproach;we reducethe problemto

a sequencef independenbinary decisionproblems;then use SVMs for eachof these
simplerproblems.

5 ProposedMethod

The proposednethodis asfollows:

e Train HMMs andgeneratginchedlattices
¢ Gothroughthe pinchedlatticesandchoose50 mostconfusablepairs



e Generatd-isherScoreof thoseselectedbbsenationsequenceandtrain separate
SVMs for eachpair

e Decodethetestset
¢ For eachconfusionpair (W;, W;) in thetestset,

— ldentify occurrencesf thesamein thetraining set
— UsingthetrainedSVM for this pair, choosehypothesigrom (W;, ;).

6 Corpusand BaselineSystemDescription

To testour approachwe presentur resultson the OGI-Alphadigit [3] corpus. Thisis a
smallvocahulary task of 37 words (26 lettersand 11 numbers).Therearearound46,000
utteranceén thetrainingsetandaround3,000in thetestset. Eachutterancds a sequence
of 6 words. The errorrateof discriminitively trainedHMM-basedsystemsn this corpus
is around10%. This ensureshatareenougherrorsto allow for erroranalysis.

TheHMM baselinesystemwashbuilt usingthe HTK toolkit [4]. Theaudiowasencoded
as 13 dimensionalMFCC vectorsand appendedvith first and second-ordederivatives.
Eachword wasmodeledby left-to-right HMMs having around20 stateseach.Themodels
containedl2 mixturesperstate estimatedy conventionalHTK styletrainingprocedures.
Startingfrom thesemodels,threeiterationsof Maximum Mutual Information Estimation
(MMIE) [5] [6] wereperformedto yield discrimanitively trainedmodels.The Alphadigits
taskhasnolanguagemodel;thusa simpleword loop wasusedfor decodingandfor gener
atinglattices [7] onthetrainingsetfor MMIE. The WER (9.07%)from thesemodelswere
takento bethebaseline.

7 Experiments

We considerthe 50 mostfrequentlyoccurringconfusionpairsin the training set. These
wereobtainedby Period-1risk-basedattice cutting [8]; we further simplify the problem
by allowing only two competingpathsin eachconfusionpair.

We first trainedSVMs, usingthe giniSVM toolkit [9] [9], for the confusionpair B<- >V.
Thealignmentsusedwerefrom thebaselinesystem.Therewerearound50000ccurrences
of B<- >V in the training setand around300 in the testset. To work with reasonable
dimensionswe generatednly the mean-spacscoresirom the Baselinemodels. For the
log-likelihoodratio scorespacethatwe used this resultsin 20,000dimensionvectors.For
the whiteningof the scoreswe useda diagonalapproximatiorto the whiteningmatrix as
calculatedrom thetraining data;this approximatiorwasusedto whitenbothtrainingand
testscores.The training of the SVM, for the 20,000dimensioncase,corvergedonly for
onevalueof thetrade-of paramete(C=100).However, the performancef this SVM was
dismal.

Previousresearch[11] indicatesthatthe bestgeneratie modelsto getscoresto train the
bestperformingSVMs neednotbefrom thebestperforminggeneratie modelsthemseles.
Thevery high dimensionof thescoregprobablyhastoo mary nuisancalimensionghatthe
SVM cannotignore. Thus,we thenused2 mixture MaximumLik elihood(ML) intermedi-
atemodelsto generatescores.Note thereis now a mismatchbetweerthe modelsusedto

identify confusionpairs (12 mix MMIE) andthoseusedto train SVMs (2 mix ML). The
mean-scoresow have adimensionof around3000. Table 1 shavstheerrorcountsfor the
confusionpair asthetrade-of parametewaries.We canseevariationin performancevith

C; this indicatesthat sometuning of C will berequired. We alsofoundthet anh kernel
produced betterKernelfeaturemapthanthelinearkernel;for C=1.0,theerrorcountwent
down furtherto 86.



Tablel: Error countsfor B<- >V confusiorpair usinga linear kernel

SVM trade-of | Errors
paramete(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 indicateszeoth-derivativeof the log-
likelihoodratio scomes,a indicatesthetransitionprobability scoesandmthemeanscoies.
The notation C=x- >y indicatesthat for thoseSVMswhich didn't corverge with C=x, a
SVMwith C=y wasused

System Error-Rates
Baseline 9.07
SVM m 9.63
C=1.0->10.0
SVMr _a_m 9.65
C=1.0->10.0
SVMr _a_m 9.44
C=1.0->3.0

Wethenaddedhezeroth-ordederivative of thelog-ratioscoresandthetransitionprobabil-
ity derivativesof theHMMs to thescore-spacd-or adynamictasklik e speechrecognition,
onewould expectthetransitionprobabilitiesto help performanceAlso, theseadditionsre-
sultedin avery smallincreasen thescoredimension.

Finally, we trainedSVMs on all 50 confusionpairsin thesescoresspaces.The outputsof
theseSVMs weretheninsertedin placeof the confusionsetsto yield full hypothesegor
eachutteranceThisresultedn afull systemwhoseperformanceve couldmeasureagainst
thebaselinesystem.

Table 2 lists the Word Error Ratesfor variousSVM systems.Thusthe bestSVM system
thatwastrainedis about0.4%absoluteVER worse.However, onerroranalysigFigure 7],
we find that SVMS do not performuniformly worse. The SVMs outperformthe baseline
MMIE modelson confusionpairs that had lesseramountsof training data (upto 5,000
training points).Beyondthat,the SVM trainingmostprobablyneedgo tuned.To testthis,
we trainedthe C=1.0- > 3.0 system(thefinal line of 2). TheideawasthatC hasto bea
multiple of the amountof training dataupto which its performancevassatistctory This
indeedhelpedperformancen confusionpairswith moretrainingdata;but wasinsufficient
to beatthe baseline.

On further analysis,we found that the 9.44%WER systemandthe 9.07%WER system
wereabout6.0% absoluteapart. This situationis ideal for voting schemesHowever, we
noticedthatthe probabilitiesthatthe SVM wasassigningo thetwo pathswerenotreliable
confidencescoresj.e., the errorsthatthe SVM makesandthe probabilitiesthatit assigns
were uncorrelated.However, it is well known that ASR errorscanbe reliably identified
with HMM systems[13]. Thuswe useda simplealgorithm,basedon posteriorsto 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 differentsystemsThedistance
alongthex-axisindicatesdecreasen theamountof training data; e.g., F<- >S had 15,000
training points,while B<- >V hadaround5,000.TheSVMsoutperformthebaselineMMIE

modelson confusionpairs with lessertraining data. For other confusionpairs, training

needguning

Table3: Error-Ratesfor differentthresholdsusedfor acceptingthe HMM output. A lower
thresholdwouldimply lesserconfidencen the HMM systenand more onthe SVMsystem

Threshold(t) Error-Rates
(bestpathmusthave
probability>t)
0.0 9.07
0.9 8.87
1-1012 8.25
1-10713 8.30

posteriorof a word’s hypothesisvaslessthana choserthreshold thenwe simply replace
it by the SVM hypothesisUsingthis combinationapproachywe canseefrom 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 baselinesystemshaows significantim-
provementover the baselingperformancen a smallvocahulary task. It would beinterest-
ing to seeif suchimprovementscanstill be obtainedwithout recourseto the bestHMMs
available;e.g., the confusionpairson the testsetwereidentifiedusing 12 mixture MMIE
models. It hasbeenshavn that scoresgeneratedrom MMIE modelsyield SVMs with
betterperformancéhenthosefrom ML models [14]. The SVM trade-of parametehasto
betunedseparatelyor eachginiSVM; theamountof training dataavailableseemso bea



goodcriterion. The SVM outputprobabilitiescanalsobe usedto performre-scoringof the

lattices.
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