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ABSTRACT

We addressa methodto efficiently selectGaussianmix-
turesfor fastacousticlikelihoodcomputation.It makesuse
of context-independentmodelsfor selectionand back-off
of correspondingtriphonemodels. Specifically, for the k-
bestphonemodelsby the preliminaryevaluation,triphone
modelsof higherresolutionareapplied,andothersareas-
signedlikelihoodswith themonophonemodels.Thisselec-
tion schemeassignsmore reliable back-off likelihoodsto
theun-selectedstatesthantheconventionalGaussianselec-
tion basedon a VQ codebook.It canalsoincorporateeffi-
cientGaussianpruningat thepreliminaryevaluation,which
offsetsthe increasedsizeof the pre-selectionmodel. Ex-
perimentalresultsshow that theproposedmethodachieves
comparableperformanceas the standardGaussianselec-
tion, and performsmuch betterunderaggressive pruning
condition. Togetherwith the phonetictied-mixture(PTM)
modeling,acousticmatchingcostis reducedto almost14%
with little lossof accuracy.

1. INTRODUCTION

In recent studiesof large vocabulary continuousspeech
recognition,large-scaleHMM containinga largenumberof
Gaussianshasbeenadoptedasacousticmodelingto achieve
accuraterecognition. However, computinga huge num-
berof Gaussiansincreasestheacousticmatchingcostenor-
mously. In mostrecognitionsystems,theacousticcompu-
tationcostoftenoccupiesmostof thedecodingtime. Thus,
anefficient methodto computetheacousticlikelihoodwith
sucha large-scalemodelhasbeenamajorconcernfor prac-
tical real-timerecognitionsystems.

Gaussian Selection (GS) is one approach widely
adopted in various large vocabulary continuousspeech
recognitionsystems. A VQ codebookis trained and all
the definedGaussiansareclusteredaccordingto the code-
book beforehand. In decoding,insteadof calculatingall
theGaussiansneeded,only theGaussianswithin thecluster
nearestto theinput vectorarecomputed.As it canremark-

ably reducetheamountof acousticcomputation,many ex-
tensionsandvariationshavebeenstudiedsofar[1][2][3][4].

However, this kind of pruningapproachfor fastdecod-
ing hasan essentialproblemthat not a few states,whose
mixturecomponentsareall pruned,have entirelyno value.
Theperformancelargely dependson thepruningthreshold
(i.e. clustersizein GS).Underaggressive conditionwith a
tight threshold,theaccuracy decreasesremarkably. Assign-
ing someconstantvalue to thoseprunedstateseasesthis
error, but this flooring methodis not thebestsolution.This
problemis inevitablefor all GSschemes.

In this paper, we proposea Gaussianmixture selection
methodbasedon likelihoodof context-independentHMM.
Insteadof traininga VQ codebook,we usesstateprobabil-
ities of a context-independentHMM to selectcorrespond-
ing triphonestates,i.e.,Gaussianmixtures.All thecontext-
independentHMM statesarecomputedfirst, andonly the
triphonestateswhosecorrespondingmonophonestatesare
ranked within the k-best are computed. The unselected
statesaregiven the probability of monophoneitself. This
approachis advantageousin that1) theunselectedstatesare
reliably “backed-off ” by assigningactuallikelihoodof cor-
respondingmonophoneprobabilities,andthat 2) selecting
Gaussianspera mixtureenablesGaussianpruningthatcan
further reducethecomputationalcost. Thesefeaturesreal-
ize stablerecognitionwith evenmoretight condition.

2. GAUSSIAN SELECTION

GaussianSelection(GS)is apopularapproachfor fastlike-
lihood calculation.Whenaninput vectorlies on thetail of
a Gaussiandistribution, theoutputprobabilityof theGaus-
sianis very small. It resultsin a tendency thatonly several
Gaussiansnearestto the input have dominanteffect on the
final output probability of a state,and ignoring thosefar
from the input vectorwill not affect the recognitionaccu-
racy. Soinsteadof evaluatingall theGaussians,computing
only the Gaussiansnearthe input vectorwill be sufficient.
TheGSmethodstry to selectsuchGaussiansefficiently for
aninputvector.



A standardGS methodis basedon vectorquantization
(VQ), originally proposedby Bocchieri[1]. The acoustic
spaceis divided into a setof vectorquantizedregions,and
all Gaussiansareclusteredto oneor moreVQ codewords.
Whenrecognition,the input vectoris quantizedto a single
VQ codeword andonly theGaussianswithin theclusteras-
signedto thecodewordarecomputed.TheGaussiansnot in
theclusterare“pruned” andnot calculatedat all. To avoid
mis-selectionand to control the amountof selection,the
Gaussiansaresharedamongclustersaccordingto the dis-
tancefrom codewords. A Gaussianbelongsto a clusterif
its Euclideandistancefrom thecodeword vectoris below a
giventhreshold.In this paperwe usevariance-weigheddis-
tancefunctionfor clusteringasabaseline[3]. Thereduction
of computationalcostis dependenton the sizeof the clus-
ter, andthereis a trade-off betweenthesizeandrecognition
errors.

Oneof vital problemsfor theGSschemeis astatefloor-
ing. Theclustersaredefinedbasedon acousticspaceparti-
tioning independentlyfrom thestateandmixturestructures.
As only Gaussiansin theselectedclusterarecomputed,not
a few statesthathave no Gaussiancomponentsincludedin
the selectedclustergetsabsolutelyno value. As a result,
associatedhypothesesare forced to be removed from de-
coding. To avoid pruning errors, thesestateshave to be
“floored” with a kind of approximatevalue. A simpleso-
lution for the stateflooring is to assigna constantvalueto
thosestates.However, thediscreteflooring doesnot reflect
actual likelihood of the input, and assigningsuchunreli-
ablevaluesis crucial to maintainhigh accuracy. Further-
more,undermoreaggressive conditionwith smallerclus-
ters,many statesareflooredandtheaccuracy decreasesre-
markably.

To dealwith suchflooredstatesis anessentialproblem
in all otherGSmethodsbasedon acousticpartitioning.Al-
thoughseveral enhancementson clusteringhave beenpro-
posedsuchaslimiting maximumnumberof Gaussiansper
state[3], they do not solve theproblemfundamentally.

3. MIXTURE SELECTION USING
CONTEXT-INDEPENDENT HMM

Insteadof making Gaussianclusters,we proposea per-
state mixture selectionmethod using a simple context-
independentHMM andits hierarchicalcorrespondencewith
triphonemodels. Figure 1 illustratesthe overview of the
procedure.We assumethatall triphonemodelsof thesame
centerphonehavethesamenumberof statesascorrespond-
ing monophonemodel, and that they are trainedwith the
sametrainingdata.All monophonestatesareevaluatedfirst
for every input frame,andthek-beststatesaredetermined.
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Fig. 1. Mixture SelectionusingContext-IndependentHMM

Then,only Gaussianmixturesof triphonestatesthatcorre-
spondto thek-bestmonophonestatesarecomputed.Scores
of triphonestateswhosecorrespondingmonophonestates
getlower thanthek-best,are“backed-off ” by assigningthe
likelihoodof themonophonemodelitself.

We call this methodGaussianmixtureselection.Since
monophonemodelsare trainedwith the maximumlikeli-
hood criterion, they serve as good approximationof tri-
phonesthanamereconstantvalueorotherad-hoccomputed
values.Their scoresreflectingtheactualinput makesback-
off scoringof un-selectedstateswork evenwith aggressive
pruningwith few selectedstates.

Anotheradvantageof the proposedmethodis its easy
andstraight-forward application. Training andimplemen-
tation of the preliminaryselectionschemeis very simple.
Only the monophonemodel trainedwith the samecorpus
is needed,andasit is oftengeneratedin the way of build-
ing a triphonemodel,no extra training is actuallyneeded,
in contrastwith the conventionalGSthatneedstraining of
anoptimumVQ codebookandclusteringa vastnumberof
Gaussians.Theproposedselectionmethodcanalsobe im-
plementedwith a little modificationon therecognitionsys-
tem.

However, theschemehasnot beenwidely adopteddue
to the increasedcomputationof costof pre-selectionitself.
Although it is desirableto use large monophonemodels
with sufficient Gaussiansfor more accurateselectionand
back-off, theincreaseof matchingcostfor preliminaryeval-
uationresultsin muchmorecomputationalcost,sometimes
spoilstheselectioneffect itself.

To solve this trade-off problem, we further incorpo-
rateanotherselectionmethodcalledGaussianpruning[6].
Given an input vector and a Gaussianset, it computes



only k-bestGaussianswhile dynamicallydroppingoff un-
promisingonesduring accumulationof distancesfor each
vector element. We have presentedand comparedsev-
eral implementationmethodsfor the phonetictied-mixture
model[6]. The pruning algorithm drastically reducesthe
computationof monophonemodelsfor pre-selectionwith
little lossof selectionaccuracy, which doesnot affect the
final result. Moreover, it is also applicableto evaluation
of selectedtriphonemodels,astheselectedstateshave full
Gaussianmixtures.Noticethat introducingfurtherpruning
in theclusterof conventionalGSis not admissibleandonly
worsenthestateflooring problem.

4. EXPERIMENTAL RESULT

The proposedGaussianmixture selectionis evaluatedin
comparisonwith the standardGaussianselection.We im-
plementedboth methodson recognitionengineJulius[5],
our two-passdecoderbasedon A* search.

The taskis 20k-word recognitionof Japanesenewspa-
perarticlecorpuswith a word trigrammodel.Two kindsof
gender-dependentacousticmodelsarepreparedfor evalua-
tion. Oneis a tied-statetriphonemodelof 2000states,in
which eachstatehasa mixtureof 16 Gaussians.Theother
is a phonetictied-mixture(PTM) model[6] in which mix-
turesaresharedamongtriphonestatesof thesameposition
of thesamebasephone.In total,129codebooksaredefined
for thePTM andeachhas64Gaussians,andthey areshared
with differentweightsamong3000states.Testsetcontains
100 sentencesspoken by 23 femalespeakers. Thesemod-
ulesareall available in Japanesedictation toolkit[7]. For
SGS,acodebookof 1119Gaussiansis setup.

First,wecomparetheproposedGaussianmixtureselec-
tion (GMS) with conventionalstandardGaussianselection
(SGS)with the tied-statetriphonemodel. To control the
numberof Gaussiansto beselected,wesetupseveralsetsof
clustersfor SGS,whicharedifferentin sizesandcontrolled
by thedistancethresholds.In GMS,monophonemodelthat
has16 mixturesin eachstateis usedandGaussianpruning
is appliedontheselectionprocessto getonly themaximum
Gaussianprobability. The selectionparameterin GMS is
controlledon run time by specifyingthenumberof mono-
phonestatesto beselected.

Theaveragenumberof computedGaussiansper frame
andtheaccuracy atdifferentselectionsizesarelistedin Ta-
ble1. Only theGaussiansactuallycomputedarecountedin
triphone. For fair comparison,preliminarycomputationin
the selectionprocedureis alsocounted.In SGS,computa-
tional costof calculatingdistancesto the clustercentroids
(codewords) is addedin termsof the numberof Gaussian
likelihoodcomputation.On GMS, the calculationof like-

Table 1. Comparisonof methodswith tied-statetriphone

GS #Gauss. total word
method tri pre %Gauss. %Err.

no GS 15772 — 100.00 4.5
SGS 2.1 6672 1119 49.40 4.5

1.7 4132 1119 33.29 5.2
1.3 2222 1119 21.18 6.2
0.9 971 1119 13.25 15.7

GMS 48 6660 690 46.60 5.1
24 3712 690 27.91 5.9
8 1468 690 13.68 6.4
4 824 690 9.60 8.6

SGSparameter:distancethresholdfor clustering
GMSparameter:numberof monophonestatesto
beselectedoutof total129states
tri: computedGaussiansin triphone
pre: costin preliminaryselection
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Fig. 2. Selectionperformanceof SGSandGMS

lihoods of monophoneHMM for preliminary selectionis
added.

The proposedGMS methodachieves comparableper-
formanceto the conventionalSGSgiven a sufficient num-
berof computedGaussians.Furthermore,it worksmoreef-
ficiently andstablyat a smallnumberof selectedmixtures.
Theaccuracy againstthenumberof computedGaussiansis
plottedin Figure2. Sincetheback-off scoresfor un-selected
statesaremorereliablethanSGS,it is confirmedthatGMS
doesnot loseaccuracy somuchevenwith a tight threshold.

The computationoverheadby selection in GMS is
smaller than SGS. Although the monophoneHMM has
2064 Gaussiansin total, introducingGaussianpruning in
thepreliminaryselectionreducedthecomputationalcostto
690.
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Table 2. Effectof GMS on PTM model

GS #Gauss. total word
method tri pre %Gauss. %Err.

triphone,2000x16 2644 690 21.14 5.9
PTM,129x64 434 690 13.61 6.0

selectionmodel:16mix. monophone

Next, we compareseveralselectionmodelsof different
sizes. The costsandaccuraciesagainstvariousnumberof
selectedstatesareplottedin Figure3. As a smallermodel
with fewer Gaussianshaslessback-off ability, therecogni-
tion accuracy decreasesto a large extent. This resultcon-
firms that assigninggood back-off likelihoodsto the un-
selectedstatesis significant. The selectioncost is higher
in largermonophones,but theGaussianpruningon thepre-
liminary selectionoffsetstheincreaseof modelsize.

The performanceof the proposedGMS togetherwith
thephonetictied-mixture(PTM) modelis shown in Table2.
Evenwith thePTM model,whoseparametersizeis already
small, the numberof computedGaussianswasreducedto
13.61%with little accuracy decrease.ThePTM modelcom-
binedwith GMS achievescomparableaccuracy to thestan-
dard triphonemodel with only 1124Gaussiansper frame
computed.

Finally, we seekfor the bestperformanceof the sys-
temby tuningsearchparametersandusinga smallerbeam
width. Test set is now extendedto 200 sentencesby 46
speakers, equalnumberof male and female. As a result,
theerrorrateof 7.8%is achievedin realtimedecodingwith
a standardPC.

5. CONCLUSION

An efficient methodto selectGaussianmixtures for fast
likelihood calculationis presented.The statelikelihoods
of context-independentmodel are usedfor both statese-
lection and back-off. It gives reliable scoringof pruned
(un-selected)triphone states,thus realizesmore efficient
recognitionundertheaggressivepruningconditionthanthe
conventionalVQ-basedGaussianselection. The property
will beadvantageousfor robustrecognitionin mis-matched
condition. Togetherwith the phonetictied-mixture(PTM)
modeling,acousticmatchingcostis reducedto almost14%
with little lossof accuracy.
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