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ABSTRACT

This paperinvestigateghe useof aggr@ationasa meansof im-
proving theperformancendrobustnes®f mixture Gaussiammod-
els. This techniqueproducesmodelsthat are more accurateand
morerobustto differenttestsetsthantraditional cross-alidation
usinga developmentset. A theoreticalustificationfor this tech-
niqueis presentealongwith experimentatesultsn phoneticclas-
sification,phoneticrecognition andword recognitiontaskson the
TIMIT and ResourceManagementorpora. In speechclassifi-
cation and recognitiontaskserror rate reductionsof up to 12%
were obsered usingthis technique.A methodfor utilizing tree-
structureddensityfunctionsfor the purposeof pruningthe aggre-
gatedmodelsis alsopresented.

1. INTRODUCTION

Mixture Gaussiarmodelsaretypically trainedusinga procedure
thatcombinessupervisecandunsupervisedraining. Supervision
is provided throughthe classlabels of the training datawhich
areknown during training. In contrastthe weightswhich deter
mine hov mucheachdatapoint contritutesto the training of the
meanand covarianceof eachindividual mixture componentare
notknown whentraining begins, but ratheraredeterminediuring
the training processin an unsuperviseananner The algorithms
usedto determinetheseweights,suchasthe K—mean<lustering
algorithmandthe Expectation-MaximizatioEM) algorithm,do
not guarantea globally optimal solution. Thesealgorithmsof-
ten corverge to a locally optimal solution, wherethe exact local
optimumthatwill be reacheds highly dependenbn the initial-
ization of the unknawn weightsat the beginning of the training
processAs aspecificexampleof thisphenomenonyordrecogni-
tion accuracie®n the ResourceManagementaskwere obtained
from 24 trials of training mixture Gaussiaimodelsby randomly-
initialized K—meansclusteringfollowed by EM iterations. The
averageword error ratewas 4.55%, with a maximum,minimum
andstandarddeviation of 4.83%, 4.33%, and0.127, respectiely.
Theerrorratereductionachiezedin traversingfrom theworsttrial
to the besttrial is 10.4%. In light of this variation,onemay ask:
Whatis a goodstratgy for usingthe resultson developmentdata
to choosewhich modelsto useon anindependentestset?
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In the past,mary have simply choserthe modeltrainingtrial that
performsthe beston the developmentdata,i.e., cross-alidation.
One problemwith this strateyy is that noiseon the development
datacontritutesa randomcomponento the performance.As a
result, betterperformanceon the developmentset may not indi-
catemodelswhich are bettermatchedo the true underlyingdis-
tribution of the data.Insteadjt mayonly indicatethatthe models
are superficially bettermatchedto the idiosyncrasieof the de-
velopmentset. As an exampleof this, TIMIT phoneticrecogni-
tion accuraciesvere calculatedon developmentandtestsetsfor
24 independentiytrainedmodels,using differentrandominitial-
izationsin the K—mean<lustering. The correlationbetweerde-
velopmentsetandtestsetaccurayg wasindeedweak(correlation
coeficient 0.16), and in this casethe simple “pick-the-best-on-
development-datatross-alidation stratgy was particularly dis-
appointingsincethetrial performingbeston the developmentset
performedworston thetestset. A seconddisadwantageof simple
cross-alidationis thatcomputatioris wasted sincethe resultsof
only onetraining trial arekept, while the modelsfrom the other
trials arethrown away [1].

To counterthe problemsdiscusse@bove, an algorithmis needed
which produces mixturedensityfunctionwhich canbeprovento
yield betterclassificatioraccurag, onaveragethanary randomly
initialized densityfunction trainedusing standardechniques At
thevery least,it is desirableo shav thenew algorithmcanreduce
thevalueof someerrorfunctionwhich s stronglycorrelatedwith
classificationaccurayg. Aggregationis a techniquewhich meets
this criterion[1]. Aggregationimprovesthe performanceof clas-
sifierswhich exhibit uncertainty or instability during their train-
ing phase.Aggreagationhasbeenappliedto a variety of typesof
predictorsand classifiers. For example, Breimanhasshowvn the
effectivenesof a specifictype of aggrgationknown asbagging
(or bootstrap aggregating) on linear regressiorpredictorsandon
classificatiorireeq?2]. In [2], Breimanindicatesaggregationcould
alsobe usedon probabilisticclassifiers.

In this paper Breimans work is extendedby proving, boththeo-
retically andempirically how aggrgationcanbe usedto improve
the performanceand robustnessof probabilisticclassifiers. The
theoreticaldevelopmentin Section2 demonstratethat the mix-
ture densityfunction producedby aggregationproducesa smaller
errorfunctionthantheaverageof theerrorfunctionsof theindivid-
ual modelsusedin the aggregation. Thetheoreticabdwantage of
aggr@ationare demonstrate@mpirically in Section3 on speech
classificatiorandrecognitiontaskswhich utilize mixture Gaussian
densityfunctions.
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2. THEORY

Aggregationof probabilisticclassifierss performedby averaging
the outputsof a setof independentlyrainedclassifiers The proof
thatfollows will demonstratéhatan aggregateclassifieris guar
anteedo exhibit an error metric which is equalto or betterthan
the averageerror metric of the individual classifiersusedduring
aggr@ation. Thoughthe empiricalevidencepresentedn this pa-
perusesonly mixture Gaussiarclassifiersthis proofis valid for
ary type of probabilisticclassifier This proofis alsocompletely
independentf thetestdatabeingpresentedo theclassifier Thus,
the methodis robust becausét improves performanceegardless
of thetestsetbeingused.

To beagin, assumea setof N differentclassifierdave beentrained.
In mostof the experimentsin this paper multiple classifiersare
generatedrom the samedatasetby using differentrandomini-

tializationsin the K—meanstlusteringprior to EM training of the
mixtures.However, the proof doesnotdependn ary way on how

the classifiersaregeneratedThis setwill becalled® andcanbe
representeds:

o :{¢1(5)7¢2(f)776N(f)} (1)

Within @, eachclassifierg, (Z) takesan obseration vectorZ as
its input. The underlyingclassthat# belongsto will be defined
asc(Z). To classify#, eachg, (Z) containsa probability density
function for eachof the D differentclassedrom which Z might
bedravn. Eachclassifierg, (Z) outputsa D dimensionalector
containingthe a posteriori probabilitiesof £ belongingto eachof
the D classesThis outputvectorfor @, (Z) canberepresenteds

Pn,1(Z) Pp(c(%) = 1]%)
Pn,2(%) Pn(c(%) = 2|7)

@n(F) = = : 2
¥n,n(7) P, (c(Z) = D| %)

In orderto evaluatethe performancef a classifieranappropriate
metricmustbedefined.Let §(Z) bea D dimensionaliectorwhich

indicateghereferenceclassor “correctanswef throughabinary

representationThatis,

#(@) = [y (&), v2(&), ..., yp ()" (3)
where _
w@={ § oo @

Ideally, a classifiers a posteriori probability for the correctclass
shouldbeascloseto 1 aspossiblewhile all of theincorrectclasses
shouldhave a posteriori probabilitiesascloseto 0 aspossible. The

errormetricusedin this proofis the squaredlistancebetweerthe

classifiers outputandthe “correctanswei’ Thus,theerror when

input is presentedo then'™ classifieris definedas

e (@) = [|§(&) — Gn (@)’ ®)
This errorcanbeexpresseas

en(@) =Y _ (ya(@) — pna(@))’ (6)

D
d=1

Using the error metric definedabove, the meanerror over all N
classifierdn @ for aninputvectorZ is

o@) = 3 3 O (Wil@) — pna(@)’ @)
n=1 d=1

For notationalease the remainderof this developmentwill drop
the explicit dependencen theinputvectorZ. It shouldbeunder
stoodthattheanalysisproceedsdenticallygivenary inputvector
Continuing theaverageerrorof the N classifiersxpandgo

.S [ys _ <% 5 @) R (N 5 goz,d)] ®
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Theaggreateclassifier 4, simply averageghe outputsof all N
classifierdn ®. Thisis expresseds

N
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Theerrorfor the aggregateclassifiermodelis

D
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By substitutingn thedefinitionof g4 (£) from (9) theerrorof the
aggr@ateclassifiercanberewritten as

D 9y 1 & 2
€A = Z [yg - <% @n,d) + (N Zﬁon,d) ]
d=1 n=1 n=1 ( )
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By comparingthe expressionsn (8) and(11), it canbe seenthat
ea will belessthanor equalto e if

1 — R
(ﬁ > <Pn,d> <N > eha (12)
n=1 n=1

In fact, this conditionis alwaystrue for ary arbitraryvectorbe-
causdt is aspecialcaseof the Cauchy—Scharzinequality Given

ary two vectors@ = [a1,as, ...an]T andb = [b1,bs,...bn]T,
thenby the Cauchy—Schartzinequality

< (2 ai) (2 bi) (13)

Now letb, = 1 for all n sothaty"~_, b2 = N to obtain

N 2 N
(Z an) <N Z a2 (14)
n=1

N

Z anbn

n=1

n=1

whichis thedesiredresult. Note thatequalityholdsin (12) only if
the ¢, 4 matrixis constanealongeachrow n, i.e., every classifier
is giving exactlythesamea posteriori probabilities.Thus,in prac-
tical situationswith classifierghatproducedifferentprobabilities,
theinequalitybecomestrict.

This derivation provesthat, for any inputtoken Z, theerrore 4 of
the aggreateclassifiercreatedrom the classifierset® is always
smallerthanthe averageerror e of the N individual classifiersn
®, providedthatthe N classifiersdo not all producethe samea
posteriori probabilities.



3. EXPERIMENTS

Overview: Theeffectivenesof aggr@ationwill bedemonstrated
with resultsobtainedon threedifferenttasks: phoneticclassifica-
tion, phoneticrecognition andwordrecognition.Eachexperiment
utilizesthesumMIT [3] recognitiorsystem.This systenuseamix-
ture Gaussiarmacousticmodelsto scoresegment-basegbhonetic
units. For eachexperiment,24 individual setsof acousticnodels
wereindependentlytrained. These24 individual trials werethen
usedto createsetsof independenmodelsfor eachaggreation
trial. Thus,the modelsfrom 24 individual trainingtrials areused
to createl2 2—fold aggr@ationtrials, 8 3—fold aggr@ationtrials,
etc.,until only onetrial of 24—foldaggreationis performed.

Phonetic Classification: For the task of phoneticclassification,
thesuMMIT systemwastestedbntheTIMIT corpususingcontext-

independenphoneticsggmentmodels. The classifierand mea-
surementaisedfor theseexperimentsare similar, but not identi-

cal,to thosedescribedn [4]. Theclassifieruseda 71 dimensional
featurevectorto modelthe sgmentsof 61 differentphones.The

featurevector containsMFCC and enegy averagesand deriva-

tives,duration,zero-crossingateandfundamentafrequeng. The

classifierusesmixturesof full-covarianceGaussiardensityfunc-

tions. In Tablel, therearetwo differentcontet-independenpho-

neticclassificatioCI-PC)conditions.In CI-PC1,eachindividual

training trial requiresa minimum of approximately500 training

tokensfor eachGaussiarkernel. In CI-PC2,only 300tokensare
requiredthusallowing moremixture componentgermodel.

Phonetic Recognition: For the phoneticrecognitiontask, Sum-
MIT wastestedon the TIMIT corpususing contet-independent
phoneticsgmentmodelsand context-dependentiphonebound-
ary models.A 77 dimensionafeaturevectoris usedto modelthe
segmentf 61differentphoneticunits. The 77 dimensionsrepri-
marily composeaf averagegndderiative of MFCC’sandtheto-
tal enegy. For eachsggmentmodel,a diagonalGaussiamixture
is createdusinga maximumof 50 Gaussiarkernels.A 50 dimen-
sionalfeaturevectoris usedto modelthe boundariedor eachof
983diphoneunits. ThisfeaturevectorcontaindMFCC andenegy
measurementskenfrom regionssurroundingeachboundary For
eachboundarymodeladiagonalGaussiamixtureis createdising
a maximumof 50 Gaussiarkernels. All modelsweretrainedon
a 462 spealkr training set. Phoneticrecognitionaccuraciesvere
computednbotha 50 spealkr developmentestset(400utts)and
on the 24 speakr coretest (192 utts). The recognizerusedfor
theseexperimentds describedn detailin [3].

Word Recognition: For the word recognitiontask,SUMMIT was
testedon the DARPA ResourceManagementorpus. The recog-
nizer usedthe samemeasuremergetasthe TIMIT phoneticrec-
ognizerusedabove. The phoneticunit setcontaineds7 phonetic
unitsinsteadof 61, andthediphoneunit setcontaineds58diphone
unitsinsteadof 983. Eachsggmentmodelcontaineda maximum
of 100 Gaussiarkernelswhile eachboundarymodelcontaineda
maximumof 50 Gaussiarkernels. To handlewords, the system
utilized a pronunciatiometwork which accountedor multiple al-
ternative pronunciationgor eachword. The systemusedthe stan-
dardword pairgrammaiprovidedfor thetask(perpleity 60). The
systemwastrainedonall 120spealkrsin thefull trainingset(4400
utts)andtestedon all 40 spealkrsin thefull testset(1200utts).

Results: A summaryof the resultson the threetasksis presented
in Tablel. Thistableshavstheaverageaccurag of N-fold aggre-

AverageError Rate(%) %
Test || M=24 | M=6 | M=1 Error

Task Set N=1 N=4 | N=24 || Reduct.
CI-PC1 | dev 21.2 | 200 | 19.6 7.1
CI-PC1 | core|| 22.1 | 20.7 | 20.2 8.3
CI-PC2 | core || 23.2 | 21.3 | 20.4 12.0
CD-PR | dev 28.1 | 27.3 | 27.0 3.6
CD-PR | core 29.3 | 284 | 28.1 4.0

| CD-WR| test || 4.5 | 4.2 | 4.0 || 12.0 |

Table1l: Averageaccurag of M trials of N—fold modelaggrea-
tion for thetasksof context-independenphoneticclassificatioron
TIMIT (CI-PClandClI-PC2),contet-dependenphoneticrecog-
nition on TIMIT (CD-PR),and contet-dependentvord recogni-
tion on ResourcéMlanagement(CD-WR).

Average N-fold Aggregation Trial
Best N-fold Aggregation Trial
Worst N-fold Aggregation Trial
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Figure 1: The effect of aggrgation on the TIMIT contet-
dependenphoneticrecognitiontaskon the developmentset.

gationover M independentrials on the threedifferenttasks. As

canbeseenaggregationimprovesaccurag of theacoustianodels
in all threecasesFor phoneticclassificationtherearetwo differ-

ent conditionslabeledCI-PCland CI-PC2. CI-PC2usedmore
mixture componentper classthan CI-PC1,thusgiving CI-PC2
the greatempossibility of overfitting thetraining data. This is con-
firmed by the fact that CI-PC2 performsworse on averagethan
CI-PC1for 1-fold aggreation. However, the damagingeffectsof

overfitting in Cl-PC2arelargely overcomewhenmultiple models
areaggregyated.For 24-fold aggregation,Cl-PC2achievescompa-
rableperformanceo CI-PC1. Similarly, the CD-WR modelsuse
more mixture componentshanthe CD-PR models,andlikewise
shav a largerreductionin errorrateusingaggreation. Thesere-

sult indicatesthat aggregationimproves robustnesgo sourcesof

overfitting. Thus, whenaggr@ationis used,it is not soimpor

tantthattherebe a perfectbalancebetweerfitting andsmoothing
thetrainingdataon eachmodeltrainingtrial. Insteadonecanerr
somevhat on the side of overfitting, and aggrgationwill appro-
priatelysmooththe models.

Figurel shavs the resultson the taskof phoneticrecognitionon
the developmentsetin moredetail. In this figure, the averagere-
sultsfor N-fold aggregationarepresentedswell asthe bestand
worst individual trials for eachN. As canbe seen,the average



errorrateperformancever twelve 2-fold trials (27.58%)is better
thanthe bestsingle 1-fold trial (27.62%). Furthermorethe worst
trial from six 4-fold trials (27.38%)is still betterthanthebestsin-
gle 1-fold trial (27.62%). Similar performancecurves were ob-
senedfor both phoneticclassificatiorandword recognition.

4. MODEL PRUNING

We have investigatedthe possibility of reducingthe varianceof
the performanceof a randomlytrained N-fold modelthroughthe
useof prunedtree-structuregrobabilitydensityfunctions[6]. We
have constructeda hierarchicaltree of the Gaussiarkernelsin
the 24-fold modelsusedfor phoneticrecognition.Pruningis per
formedby utilizing the modelof a branchnodeasa replacement
for the mixture of modelsof the leaf nodeswhich emanatdrom
it. Thebranchnodeseachcontaina singleGaussiardensityfunc-
tion which estimateshe actualmixture of Gaussiangroducecby
the leaf nodes. It is hopedthat the single Gaussiarof a branch
nodeprovidesareasonablapproximatiorof the likelihoodfunc-
tion yieldedby its leaf nodes. As pruning progressesackwards
towardstheroot of thetree,lesscomputations requiredbut more
approximatioris performed.

For ourexperimentswve createatreestructuredensitywith bottom-
up clusteringusingaweightedBhattacharyyalistance Giventwo
Gaussiandensity functions, g1, and g2, the Bhattacharyyadis-
tanceb(g1, g2), IS

T 4+ 3\t 1

%(Hl—m)t( . ) (11— puz)+ 5 In 11 +32)/2

RAERIRAL
Herep; andX; arethemeanandcovarianceof Gaussiarl andys

andX, arethe meanandcovarianceof Gaussiar?. Theweighted
Bhattacharyydunctionusedduring clusteringis

(15)

&Z}zb(gl, g2) (16)

Here,w; andw. arethe mixture componeniveights. By using
this weighting schemethe clusteringis biasedtoward clustering
mixture componentsvhich have similar weights.

d(g1,92) =

wi1w

To testthe effectivenesof thetree-structuregruning,the 24-fold
setof TIMIT phoneticrecognitionmodelswaspruneduntil it was
the samesizeasa 12-fold model,thenan 8-fold model,etc. The
prunedmodelsweretestedonthe TIMIT developmentetto com-
paretheir performanceagainststandardV-fold aggr@ation. The
resultsare alsoshavn on Figure 1. As canbe seen,the pruned
24-fold modelsobtain performancesvhich are comparabldo, if

notbetterthan,the averageof the N-fold modelsof the samesize.
A similar curwve is obseredon the TIMIT coretestset. Thisem-
pirical resultsuggestshat aggrejatingmary modelsfollowed by
pruningis advantageoubecaus is likely to achieve the expected
N-fold performance.

In thefuture,we hopeto furtherutilize thetreestructureto reduce
computatiorby performingthefastlik elihoodapproximatiortech-
niguesuggestethy Watanabeet al. [6]. In thisapproachpruning
of low scoringbranchess donedynamicallyduringtesting. Ag-
gregatedmodelsmaybewell suitedto this type of approactsince
mary of the Gaussiarkernelsfrom differenttrainingtrials maybe
similarandexhibit large overlapwith eachother Gaussiarkernels
suchasthesemight well be approximatedvith a single Gaussian
without severely degradingtheir likelihoodestimates.

5. CONCLUSIONS

In this paper we have presentedhe theoreticafoundationfor the
modelaggregationtechnique. We have also evaluatedthis tech-
nigue on several standardspeechrecognitiontasksusingmixture
Gaussianmodels.In eachcase aggrgationwasfoundto produce
significantimprovementsover standardraining techniqueswith
obserederrorratereductionf upto 12%. Aggregationperforms
particularly well whenthe standardtraining techniquesproduce
modelsthatareoverfit to thetrainingdata.Additionally, theseim-
provementsarerohbustto changesn thetestset. A tree-structured
pruning methodwas also introduced. Experimentsindicatethat
the prunedmodelsretainsomebeneficialrobustnespropertieof
the aggrgatedmodels. This aggrgate-then-prungéechniqueis
a potentialreplacementor the standardcross-alidation stratgy
of choosingthe singletrial that performsbeston a development
set. Furthermoredynamicpruningcouldleadto reduceccompu-
tationalrequirementsvith minimal degradationin performance.

Thereare a large numberof possiblegeneralizationsnd exten-
sionsof this work. In a sensemodel aggregationis equvalent
to linear interpolationof models,wherethe interpolationis per
formedusingequalweights.Thus,ary situationwheremodelsare
interpolateccanbeviewedasaform of aggreation. This encom-
passexommontechniquessuchasthe interpolationof speakr-
independentind gendetspecific models, or the interpolationof
contet-independenandcontext-dependenmodels.In recentex-
perimentsusing SUMMIT, aggr@ation was fruitfully appliedto
modelstrainedusingdifferentsggmentation®f the speectsignal.
Thus,awide variety of techniquesnaybeusedin orderto gener
ateclassifiersproducingdifferentposteriorprobabilities. One set
of techniquescan be obtainedby perturbingthe classifierstruc-
ture or type. Anothersetof techniquesemegesfrom perturbing
thelearningsetthroughweighting,resamplingpr generatingnev
learningsetsthroughalternatve preprocessingf the sameunder
lying input data. In additionto theseextensions,more sophisti-
catedschemedor combiningclassifiershave beendeveloped[5].
Aggreagationremainsattractve becausef its simplicity, and be-
causdheempiricalevidenceindicatests effectivenessn reducing
theerrorratein typical speecttlassificatiorandrecognitiontasks.
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