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ABSTRACT

We addressa methodto efficiently selectGaussianmix-

turesfor fastacoustidik elihoodcomputation.t makesuse
of contt-independentmodelsfor selectionand back-of

of correspondingriphonemodels. Specifically for the k-

bestphonemodelsby the preliminary evaluation,triphone
modelsof higherresolutionare applied,andothersareas-
signediikelihoodswith themonophonenodels.This selec-
tion schemeassignsmore reliable back-of likelihoodsto
theun-selectedtateghanthe corventionalGaussiarselec-
tion basedon a VQ codebook.It canalsoincorporateeffi-

cientGaussiampruningatthe preliminaryevaluation,which
offsetsthe increasedsize of the pre-selectiormodel. Ex-
perimentalresultsshown thatthe proposednethodachieres
comparableperformanceas the standardGaussianselec-
tion, and performsmuch better underaggressie pruning
condition. Togetherwith the phonetictied-mixture (PTM)

modeling,acoustiomatchingcostis reducedo almost14%
with little lossof accurag.

1. INTRODUCTION

In recentstudiesof large vocalulary continuousspeech
recognition Jarge-scaltHMM containingalargenumberof
Gaussiankasbeenadoptedasacoustianodelingto achieve
accuraterecognition. However, computinga huge num-
berof Gaussianincreaseshe acoustiomatchingcostenor
mously In mostrecognitionsystemsthe acousticcompu-
tation costoftenoccupiesnostof thedecodingtime. Thus,
anefficient methodto computethe acoustidik elihoodwith
suchalarge-scalenodelhasbeena majorconcerrfor prac-
tical real-timerecognitionsystems.

Gaussian Selection (GS) is one approach widely
adoptedin various large vocahlulary continuousspeech
recognitionsystems. A VQ codebookis trained and all
the definedGaussiangre clusteredaccordingto the code-
book beforehand. In decoding,insteadof calculatingall
the Gaussianseededonly the Gaussiansvithin thecluster
nearesto theinput vectorarecomputed As it canremark-

ably reducethe amountof acousticcomputationmary ex-
tensionsandvariationshave beenstudiedsofar[1][2][3][4].

However, this kind of pruningapproacHor fastdecod-
ing hasan essentiabroblemthat not a few states,whose
mixture componentsareall pruned,have entirely no value.
The performancdargely dependson the pruningthreshold
(i.e. clustersizein GS).Underaggressie conditionwith a
tight thresholdtheaccuray decreaseseemarkably Assign-
ing someconstantvalue to thoseprunedstateseaseghis
error, but this flooring methodis not the bestsolution. This
problemis inevitablefor all GSschemes.

In this paper we proposea Gaussiamixture selection
methodbasedon likelihoodof contet-independenHMM.
Insteadof traininga VQ codebookwe usesstateprobabil-
ities of a contet-independenHMM to selectcorrespond-
ing triphonestatesj.e., Gaussiamixtures.All the context-
independenHMM statesare computedfirst, and only the
triphonestateswhosecorrespondingnonophonestatesare
ranked within the k-bestare computed. The unselected
statesare given the probability of monophonetself. This
approachs advantageouf thatl) theunselectedtatesare
reliably “backed-of ” by assigningactuallikelihoodof cor
respondingmonophoneprobabilities,andthat 2) selecting
Gaussianper a mixture enablesGaussiarpruningthatcan
further reducethe computationatost. Thesefeatureseal-
ize stablerecognitionwith evenmoretight condition.

2. GAUSSIAN SELECTION

GaussiarSelection(GS)is a popularapproacHor fastlike-
lihood calculation.Whenaninput vectorlies on thetail of
a Gaussiardistribution, the outputprobability of the Gaus-
sianis very small. It resultsin atendeng thatonly several
Gaussiansiearesto the input have dominanteffect on the
final output probability of a state,and ignoring thosefar
from the input vectorwill not affect the recognitionaccu-
ragy. Soinsteadof evaluatingall the Gaussianszomputing
only the Gaussiansiearthe input vectorwill be sufficient.
The GSmethoddry to selectsuchGaussiangfficiently for
aninputvector



A standardGS methodis basedon vectorquantization
(VQ), originally proposedby Bocchieri[]. The acoustic
spaceis dividedinto a setof vectorquantizedregions,and
all Gaussianareclusteredto oneor moreVQ codevords.
Whenrecognition,the input vectoris quantizedo a single
VQ codevord andonly the Gaussiansvithin the clusteras-
signedto the codevord arecomputed The Gaussiangotin
the clusterare“pruned” andnot calculatedat all. To avoid
mis-selectionand to control the amountof selection,the
Gaussiangre sharedamongclustersaccordingto the dis-
tancefrom codavords. A Gaussiarbelongsto a clusterif
its Euclideandistancefrom the codevord vectoris belov a
giventhreshold In this paperwe usevariance-weighedis-
tancefunctionfor clusteringasabaseline[B Thereduction
of computationatostis dependenbn the size of the clus-
ter, andthereis atrade-of betweerthesizeandrecognition
errors.

Oneof vital problemdor the GSschemas a statefloor-
ing. The clustersaredefinedbasedon acousticspaceparti-
tioning independentlyrom the stateandmixturestructures.
As only Gaussiané the selectedtlusterarecomputednot
afew stateghathave no Gaussiarcomponentsncludedin
the selectedclustergetsabsolutelyno value. As aresult,
associatedhypothesesre 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, the discreteflooring doesnot reflect
actuallikelihood of the input, and assigningsuchunreli-
ablevaluesis crucial to maintainhigh accurag. Further
more, undermore aggressie conditionwith smallerclus-
ters,mary statesareflooredandthe accurag decreaseee-
markably

To dealwith suchflooredstatess an essentiaproblem
in all otherGS methodsasedn acousticpartitioning. Al-
thoughseveral enhancementsn clusteringhave beenpro-
posedsuchaslimiting maximumnumberof Gaussianger
state[3, they do not solve the problemfundamentally

3. MIXTURE SELECTION USING
CONTEXT-INDEPENDENT HMM

Insteadof making Gaussianclusters,we proposea per
state mixture selection method using a simple context-
independentiMM andits hierarchicatorrespondencosith
triphonemodels. Figure 1 illustratesthe overview of the
procedure We assumehatall triphonemodelsof the same
centermphonehave thesamenumberof statesaascorrespond-
ing monophonamodel, and that they are trainedwith the
sametrainingdata.All monophonetatesareevaluatedirst
for every input frame,andthe k-beststatesaredetermined.

input vectors

monophone }----lcompute all mixture|\
HMM T

mixture selection Gaussian
k-best runin
( others ) States ) p k g
1

v »
compute mixture
for corresponding states

triphone HMM -

/ PTM

y A
back-off score actual score
from monophone from triphone

Fig. 1. Mixture SelectiorusingContext-IndependentiMM

Then,only Gaussiamixturesof triphonestateshatcorre-
spondto thek-bestmonophonetatesarecomputed Scores
of triphone stateswhosecorrespondingnonophonestates
getlowerthanthek-best,are“backed-of " by assigninghe
likelihoodof the monophonenodelitself.

We call this methodGaussiamixture selection. Since
monophonemodelsare trainedwith the maximum/ik eli-
hood criterion, they sene as good approximationof tri-
phoneghanamereconstanvalueor otherad-hooccomputed
values.Their scoregeflectingthe actualinput makesback-
off scoringof un-selectedtatesvork evenwith aggressie
pruningwith few selectedstates.

Another adwantageof the proposedmethodis its easy
and straight-forvard application. Training and implemen-
tation of the preliminary selectionschemeis very simple.
Only the monophonemodeltrainedwith the samecorpus
is neededandasit is often generatedn the way of build-
ing a triphonemodel, no extra training is actually needed,
in contrastwith the corventionalGS that needstraining of
anoptimumVQ codebookandclusteringa vastnumberof
GaussiansThe proposedselectionmethodcanalsobeim-
plementedvith alittle modificationon the recognitionsys-
tem.

However, the schemehasnot beenwidely adopteddue
to theincreasedcomputatiorof costof pre-selectioritself.
Although it is desirableto uselarge monophonemodels
with sufficient Gaussiandor more accurateselectionand
back-of, theincreasef matchingcostfor preliminaryeval-
uationresultsin muchmorecomputationatost,sometimes
spoilsthe selectioreffectitself.

To solwve this trade-of problem, we further incorpo-
rate anotherselectionmethodcalled Gaussiarpruning[§.
Given an input vector and a Gaussianset, it computes



only k-bestGaussiansvhile dynamicallydroppingoff un-
promisingonesduring accumulationof distancedor each
vector element. We have presentedand comparedser-

eralimplementatiormethoddfor the phonetictied-mixture
model[d. The pruning algorithm drastically reducesthe
computationof monophonemodelsfor pre-selectiorwith

little loss of selectionaccurag, which doesnot affect the
final result. Moreover, it is also applicableto evaluation
of selectedriphonemodels,asthe selectedstateshave full

Gaussiamixtures. Notice thatintroducingfurther pruning
in theclusterof corventionalGSis notadmissibleandonly
worsenthe stateflooring problem.

4. EXPERIMENTAL RESULT

The proposedGaussianmixture selectionis evaluatedin
comparisonwith the standardGaussiarselection. We im-
plementedboth methodson recognitionengine Julius[q,
ourtwo-pasgecodetbasedn A* search.

The taskis 20k-word recognitionof Japanesaewnspa-
perarticle corpuswith aword trigrammodel. Two kinds of
genderdependenacousticmodelsarepreparedor evalua-
tion. Oneis a tied-statetriphonemodelof 2000 states,in
which eachstatehasa mixture of 16 GaussiansThe other
is a phonetictied-mixture(PTM) model[6] in which mix-
turesaresharedamongtriphonestatesof the sameposition
of thesamebasephone.In total, 129 codebooksaredefined
for thePTM andeachhas64 Gaussiansandthey areshared
with differentweightsamong3000states.Testsetcontains
100 sentencespolen by 23 femalespealers. Thesemod-
ulesareall availablein Japaneseélictationtoolkit[7]. For
SGS,acodeboolof 1119Gaussianss setup.

First,we comparegheproposedsaussiammixtureselec-
tion (GMS) with cornventionalstandardGaussiarselection
(SGS)with the tied-statetriphone model. To control the
numberof Gaussianso beselectedye setup severalsetsof
clusterdor SGS,which aredifferentin sizesandcontrolled
by thedistancehresholdsin GMS, monophonenodelthat
has16 mixturesin eachstateis usedand Gaussiarpruning
is appliedonthe selectionprocesgo getonly themaximum
Gaussiarprobability. The selectionparametetin GMS is
controlledon run time by specifyingthe numberof mono-
phonestatego beselected.

The averagenumberof computedGaussianper frame
andtheaccuray atdifferentselectionsizesarelistedin Ta-
ble 1. Only the Gaussianactuallycomputedarecountedn
triphone. For fair comparisonpreliminary computationin
the selectionprocedurds alsocounted.In SGS,computa-
tional costof calculatingdistancedo the clustercentroids
(codavords)is addedin termsof the numberof Gaussian
likelihood computation.On GMS, the calculationof like-

Table 1. Comparisorof methodswith tied-statetriphone

GS #Gauss. total word
method tri | pre | %Gauss.| %Err
noGS 15772 — 100.00 45
SGS | 21| 6672| 1119 49.40 45
1.7 4132 1119 33.29 5.2

13| 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

SGSparameterdistancehresholdor clustering
GMS parameternumberof monophonetatego
beselectedut of total 129 states

tri: computedGaussian# triphone

pre: costin preliminaryselection
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Fig. 2. Selectionperformancesf SGSandGMS

lihoods of monophoneHMM for preliminary selectionis
added.

The proposedGMS methodachieves comparableper
formanceto the corventional SGSgiven a sufficient num-
berof computedGaussiansk-urthermoreit works moreef-
ficiently andstablyat a smallnumberof selectednixtures.
The accurag againsthe numberof computedGaussianss
plottedin Figure2. Sincetheback-of scoredor un-selected
statesaremorereliablethanSGS,it is confirmedthatGMS
doesnotloseaccurag somuchevenwith atight threshold.

The computationoverheadby selectionin GMS is
smaller than SGS. Although the monophoneHMM has
2064 Gaussiansn total, introducing Gaussiarpruningin
the preliminaryselectionreducedhe computationatostto
690.
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Fig. 3. Comparisorof selectiormodels

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

selectionrmodel: 16mix. monophone

Next, we compareseveral selectionmodelsof different
sizes. The costsand accuraciesgainstvariousnumberof
selectedstatesareplottedin Figure3. As a smallermodel
with fewer Gaussianfaslessback-of ability, the recogni-
tion accurag decrease$o a large extent. This resultcon-
firms that assigninggood back-of likelihoodsto the un-
selectedstatesis significant. The selectioncostis higher
in largermonophonegyut the Gaussiarpruningon the pre-
liminary selectionoffsetstheincreaseof modelsize.

The performanceof the proposedGMS togetherwith
thephonetictied-mixture(PTM) modelis shovnin Table2.
Evenwith the PTM model,whoseparametesizeis already
small, the numberof computedGaussiansvas reducedto
13.61%with little accurag decreaseThePTM modelcom-
binedwith GMS achiezescomparableaccurag to the stan-
dardtriphonemodel with only 1124 Gaussianger frame
computed.

Finally, we seekfor the bestperformanceof the sys-
tem by tuning searchparametersindusinga smallerbeam
width. Testsetis now extendedto 200 sentencedy 46
spealers, equalnumberof male andfemale. As a result,
theerrorrateof 7.8%is achiezedin realtime decodingwith
astandard’C.

5. CONCLUSION

An efficient methodto selectGaussianmixtures for fast
likelihood calculationis presented. The statelikelihoods
of contet-independenimodel are usedfor both statese-

lection and back-of. It gives reliable scoringof pruned
(un-selected}riphone states,thus realizesmore efficient

recognitionundertheaggressie pruningconditionthanthe

cornventional VQ-basedGaussiarselection. The property
will beadwantageousor robustrecognitionin mis-matched
condition. Togetherwith the phonetictied-mixture(PTM)

modeling,acoustiomatchingcostis reducedo almost14%

with little lossof accuray.
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