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ABSTRACT

This paperinvestigatesthe useof aggregationasa meansof im-
proving theperformanceandrobustnessof mixtureGaussianmod-
els. This techniqueproducesmodelsthat aremoreaccurateand
morerobust to differenttestsetsthantraditionalcross-validation
usinga developmentset. A theoreticaljustificationfor this tech-
niqueispresentedalongwith experimentalresultsin phoneticclas-
sification,phoneticrecognition,andword recognitiontaskson the
TIMIT and ResourceManagementcorpora. In speechclassifi-
cation and recognitiontaskserror rate reductionsof up to 12%
wereobserved usingthis technique.A methodfor utilizing tree-
structureddensityfunctionsfor thepurposeof pruningtheaggre-
gatedmodelsis alsopresented.

1. INTRODUCTION

Mixture Gaussianmodelsaretypically trainedusinga procedure
thatcombinessupervisedandunsupervisedtraining. Supervision
is provided through the classlabels of the training data which
areknown during training. In contrast,the weightswhich deter-
minehow mucheachdatapoint contributesto the trainingof the
meanand covarianceof eachindividual mixture componentare
not known whentrainingbegins,but ratheraredeterminedduring
the training processin an unsupervisedmanner. The algorithms
usedto determinetheseweights,suchasthe � –meansclustering
algorithmandtheExpectation-Maximization(EM) algorithm,do
not guaranteea globally optimal solution. Thesealgorithmsof-
ten converge to a locally optimal solution,wherethe exact local
optimumthat will be reachedis highly dependenton the initial-
ization of the unknown weightsat the beginning of the training
process.As aspecificexampleof thisphenomenon,wordrecogni-
tion accuracieson theResourceManagementtaskwereobtained
from 24 trials of trainingmixtureGaussianmodelsby randomly-
initialized � –meansclusteringfollowed by EM iterations. The
averageword error ratewas ��� ����� , with a maximum,minimum
andstandarddeviation of �	� 
���� , �	� ����� , and 
	������� , respectively.
Theerrorratereductionachievedin traversingfrom theworsttrial
to thebesttrial is 10.4%. In light of this variation,onemayask:
Whatis a goodstrategy for usingtheresultson developmentdata
to choosewhichmodelsto useonanindependenttestset?�
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In thepast,many have simply chosenthemodeltrainingtrial that
performsthe beston the developmentdata,i.e., cross-validation.
Oneproblemwith this strategy is that noiseon the development
datacontributesa randomcomponentto the performance.As a
result, betterperformanceon the developmentsetmay not indi-
catemodelswhich arebettermatchedto the true underlyingdis-
tributionof thedata.Instead,it mayonly indicatethatthemodels
are superficiallybettermatchedto the idiosyncrasiesof the de-
velopmentset. As an exampleof this, TIMIT phoneticrecogni-
tion accuracieswerecalculatedon developmentandtestsetsfor
24 independentlytrainedmodels,usingdifferent randominitial-
izationsin the � –meansclustering.Thecorrelationbetweende-
velopmentsetandtestsetaccuracy wasindeedweak(correlation
coefficient 0.16), and in this casethe simple “pick-the-best-on-
development-data”cross-validationstrategy wasparticularlydis-
appointingsincethetrial performingbeston thedevelopmentset
performedworston thetestset.A seconddisadvantageof simple
cross-validationis thatcomputationis wasted,sincetheresultsof
only onetraining trial arekept, while the modelsfrom the other
trials arethrown away [1].

To countertheproblemsdiscussedabove, analgorithmis needed
whichproducesamixturedensityfunctionwhichcanbeprovento
yield betterclassificationaccuracy, onaverage,thanany randomly
initialized densityfunction trainedusingstandardtechniques.At
thevery least,it is desirableto show thenew algorithmcanreduce
thevalueof someerrorfunctionwhich is stronglycorrelatedwith
classificationaccuracy. Aggregation is a techniquewhich meets
this criterion[1]. Aggregationimprovestheperformanceof clas-
sifierswhich exhibit uncertainty or instability during their train-
ing phase.Aggregationhasbeenappliedto a variety of typesof
predictorsandclassifiers. For example,Breimanhasshown the
effectivenessof a specifictype of aggregationknown asbagging
(or bootstrap aggregating) on linear regressionpredictorsandon
classificationtrees[2]. In [2], Breimanindicatesaggregationcould
alsobeusedon probabilisticclassifiers.

In this paper, Breiman’s work is extendedby proving, both theo-
reticallyandempirically, how aggregationcanbeusedto improve
the performanceandrobustnessof probabilisticclassifiers. The
theoreticaldevelopmentin Section2 demonstratesthat the mix-
turedensityfunctionproducedby aggregationproducesa smaller
errorfunctionthantheaverageof theerrorfunctionsof theindivid-
ual modelsusedin theaggregation.Thetheoreticaladvantagesof
aggregationaredemonstratedempirically in Section3 on speech
classificationandrecognitiontaskswhichutilizemixtureGaussian
densityfunctions.
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2. THEORY

Aggregationof probabilisticclassifiersis performedby averaging
theoutputsof a setof independentlytrainedclassifiers.Theproof
that follows will demonstratethatan aggregateclassifieris guar-
anteedto exhibit an error metric which is equalto or betterthan
the averageerror metric of the individual classifiersusedduring
aggregation. Thoughtheempiricalevidencepresentedin this pa-
per usesonly mixtureGaussianclassifiers,this proof is valid for
any typeof probabilisticclassifier. This proof is alsocompletely
independentof thetestdatabeingpresentedto theclassifier. Thus,
the methodis robust becauseit improvesperformanceregardless
of thetestsetbeingused.

To begin, assumeasetof � differentclassifiershavebeentrained.
In mostof the experimentsin this paper, multiple classifiersare
generatedfrom the samedatasetby usingdifferent randomini-
tializationsin the � –meansclusteringprior to EM trainingof the
mixtures.However, theproofdoesnot dependin any way on how
theclassifiersaregenerated.This setwill becalled � andcanbe
representedas: �������� ��� ��! #" ��%$ � ��& #" �'�(� " ��*) � ��& ,+ (1)

Within � , eachclassifier ��*- � ��& takesanobservation vector �� as
its input. The underlyingclassthat �� belongsto will be defined
as . � ��/ . To classify �� , each �� - � ��/ containsa probabilitydensity
function for eachof the 0 differentclassesfrom which �� might
bedrawn. Eachclassifier �� - � ��& outputsa 0 dimensionalvector
containingthea posteriori probabilitiesof �� belongingto eachof
the 0 classes.Thisoutputvectorfor ��*- � ��/ canberepresentedas

��*- � ��& � 1223 � -�4 � � ��& � -�4 $ � ��& 
...�*-�4 5 � ��/ 

6�778 � 1223 9 - � . � ��/ �:�<;���& 9 - � . � ��/ ���=;���& 
...9 - � . � ��! �>0:;���& 

6�778 (2)

In orderto evaluatetheperformanceof a classifier, anappropriate
metricmustbedefined.Let �? � ��/ bea 0 dimensionalvectorwhich
indicatesthereferenceclass,or “correctanswer,” throughabinary
representation.Thatis,�? � ��& �:@ ? � � ��& #"A? $ � ��& #" �(�(� ",? 5 � ��& CBED (3)

where ?�F � ��! �HG � if I � ��& �KJ
 otherwise
(4)

Ideally, a classifier’s a posteriori probability for thecorrectclass
shouldbeascloseto 1 aspossiblewhile all of theincorrectclasses
shouldhavea posteriori probabilitiesascloseto 0 aspossible.The
errormetricusedin thisproof is thesquareddistancebetweenthe
classifier’s outputandthe“correctanswer.” Thus,theerror when
input �� is presentedto the L&MON classifieris definedasP - � ��! �RQS�? � ��! *T �� - � ��& Q $ (5)

ThiserrorcanbeexpressedasP�- � ��! � 5U FWV � � ?�F � ��/ XTY� -�4 F � ��& , $ (6)

Using the error metric definedabove, the meanerror over all �
classifiersin � for aninputvector �� isP � ��& � �� )U- V � 5U FWV � � ?�F � ��! *TY� -Z4 F � ��& , $ (7)

For notationalease,the remainderof this developmentwill drop
theexplicit dependenceon theinput vector �� . It shouldbeunder-
stoodthattheanalysisproceedsidenticallygivenany inputvector.
Continuing,theaverageerrorof the � classifiersexpandstoP � 5U FWV �\[ ? $F T^] � ?�F� )U - V � � -�4 F`_Rab] �� )U - V � � $-Z4 F _\c (8)

Theaggregateclassifier, ��*d , simplyaveragestheoutputsof all �
classifiersin � . This is expressedas�� d � �� )U - V � �� - (9)

Theerrorfor theaggregateclassifiermodelisP d �RQS�?eT �� d Q $ � 5U FWV � � ? $F T � ?�F�� df4 Fgah� $df4 F  (10)

By substitutingin thedefinitionof �� d � ��& from (9) theerrorof the
aggregateclassifiercanberewrittenasP d � 5U F(V � [ ? $F T^] � ?�F� )U - V � � -Z4 F`_:ai] �� )U - V � � -�4 F`_ $ c

(11)

By comparingtheexpressionsin (8) and(11), it canbeseenthatP�d will belessthanor equalto P if] �� )U - V � � -Z4 F�_ $kj �� )U - V � � $-Z4 F (12)

In fact, this conditionis alwaystrue for any arbitraryvectorbe-
causeit is aspecialcaseof theCauchy–Schwarzinequality. Given
any two vectors �l �^@ l � ",l�$`" �(�(� l	)=B D and �m �n@ m � " m $�" �(�(� m )gB D ,
thenby theCauchy–Schwartzinequalityooooo )U- V � l	- m - ooooo $pj ] )U - V � l $- _q] )U- V � m $- _ (13)

Now let
m - �r� for all L sothat s )- V � m $- �>� to obtain] )U - V � l - _ $ j � )U - V � l $- (14)

which is thedesiredresult.Notethatequalityholdsin (12)only if
the � -Z4 F matrix is constantalongeachrow L , i.e.,every classifier
is giving exactlythesamea posteriori probabilities.Thus,in prac-
tical situationswith classifiersthatproducedifferentprobabilities,
theinequalitybecomesstrict.

This derivationprovesthat,for any input token �� , theerror P d of
theaggregateclassifiercreatedfrom theclassifierset � is always
smallerthantheaverageerror P of the � individual classifiersin� , provided that the � classifiersdo not all producethe samea
posteriori probabilities.
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3. EXPERIMENTS

Overview: Theeffectivenessof aggregationwill bedemonstrated
with resultsobtainedon threedifferenttasks:phoneticclassifica-
tion,phoneticrecognition,andwordrecognition.Eachexperiment
utilizestheSUMMIT [3] recognitionsystem.Thissystemusesmix-
ture Gaussianacousticmodelsto scoresegment-basedphonetic
units. For eachexperiment,24 individual setsof acousticmodels
wereindependentlytrained. These24 individual trials werethen
usedto createsetsof independentmodelsfor eachaggregation
trial. Thus,themodelsfrom 24 individual trainingtrials areused
to create12 2–fold aggregationtrials, 8 3–fold aggregationtrials,
etc.,until only onetrial of 24–foldaggregationis performed.

Phonetic Classification: For the taskof phoneticclassification,
theSUMMIT systemwastestedontheTIMIT corpususingcontext-
independentphoneticsegmentmodels. The classifierand mea-
surementsusedfor theseexperimentsaresimilar, but not identi-
cal,to thosedescribedin [4]. Theclassifieruseda71dimensional
featurevectorto modelthesegmentsof 61 differentphones.The
featurevector containsMFCC and energy averagesand deriva-
tives,duration,zero-crossingrateandfundamentalfrequency. The
classifierusesmixturesof full-covarianceGaussiandensityfunc-
tions. In Table1, therearetwo differentcontext-independentpho-
neticclassification(CI-PC)conditions.In CI-PC1,eachindividual
training trial requiresa minimum of approximately500 training
tokensfor eachGaussiankernel. In CI-PC2,only 300 tokensare
requiredthusallowing moremixturecomponentspermodel.

Phonetic Recognition: For the phoneticrecognitiontask,SUM-
MIT was testedon the TIMIT corpususingcontext-independent
phoneticsegmentmodelsandcontext-dependentdiphonebound-
ary models.A 77 dimensionalfeaturevectoris usedto modelthe
segmentsof 61differentphoneticunits.The77dimensionsarepri-
marily composedof averagesandderivativeof MFCC’sandtheto-
tal energy. For eachsegmentmodel,a diagonalGaussianmixture
is createdusinga maximumof 50 Gaussiankernels.A 50 dimen-
sionalfeaturevectoris usedto modelthe boundariesfor eachof
983diphoneunits.This featurevectorcontainsMFCCandenergy
measurementstakenfrom regionssurroundingeachboundary. For
eachboundarymodeladiagonalGaussianmixtureis createdusing
a maximumof 50 Gaussiankernels. All modelsweretrainedon
a 462 speaker trainingset. Phoneticrecognitionaccuracieswere
computedonbotha50speakerdevelopmenttestset(400utts)and
on the 24 speaker core test (192 utts). The recognizerusedfor
theseexperimentsis describedin detailin [3].

Word Recognition: For theword recognitiontask,SUMMIT was
testedon theDARPA ResourceManagementcorpus.Therecog-
nizerusedthesamemeasurementsetastheTIMIT phoneticrec-
ognizerusedabove. Thephoneticunit setcontained67 phonetic
unitsinsteadof 61,andthediphoneunit setcontained558diphone
units insteadof 983. Eachsegmentmodelcontaineda maximum
of 100 Gaussiankernelswhile eachboundarymodelcontaineda
maximumof 50 Gaussiankernels. To handlewords, the system
utilized apronunciationnetwork whichaccountedfor multiple al-
ternative pronunciationsfor eachword. Thesystemusedthestan-
dardwordpairgrammarprovidedfor thetask(perplexity 60). The
systemwastrainedonall 120speakersin thefull trainingset(4400
utts)andtestedon all 40speakersin thefull testset(1200utts).

Results: A summaryof theresultson thethreetasksis presented
in Table1. Thistableshowstheaverageaccuracy of � -fold aggre-

AverageErrorRate(%) %
Test M=24 M=6 M=1 Error

Task Set N=1 N=4 N=24 Reduct.

CI-PC1 dev 21.2 20.0 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 28.4 28.1 4.0

CD-WR test 4.5 4.2 4.0 12.0

Table1: Averageaccuracy of M trials of N–fold modelaggrega-
tion for thetasksof context-independentphoneticclassificationon
TIMIT (CI-PC1andCI-PC2),context-dependentphoneticrecog-
nition on TIMIT (CD-PR),andcontext-dependentword recogni-
tion on ResourceManagement(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 aggregation on the TIMIT context-
dependentphoneticrecognitiontaskon thedevelopmentset.

gationover t independenttrials on the threedifferenttasks.As
canbeseen,aggregationimprovesaccuracy of theacousticmodels
in all threecases.For phoneticclassification,therearetwo differ-
ent conditionslabeledCI–PC1andCI–PC2. CI–PC2usedmore
mixture componentsper classthanCI–PC1,thusgiving CI–PC2
thegreaterpossibilityof overfitting thetrainingdata.This is con-
firmed by the fact that CI-PC2 performsworseon averagethan
CI-PC1for 1-fold aggregation. However, thedamagingeffectsof
overfitting in CI-PC2arelargely overcomewhenmultiple models
areaggregated.For 24-foldaggregation,CI-PC2achievescompa-
rableperformanceto CI-PC1. Similarly, theCD-WR modelsuse
moremixture componentsthanthe CD-PRmodels,andlikewise
show a largerreductionin errorrateusingaggregation. Thesere-
sult indicatesthat aggregationimprovesrobustnessto sourcesof
overfitting. Thus, when aggregation is used,it is not so impor-
tant that therebea perfectbalancebetweenfitting andsmoothing
thetrainingdataon eachmodeltrainingtrial. Instead,onecanerr
somewhat on the sideof overfitting, andaggregationwill appro-
priatelysmooththemodels.

Figure1 shows the resultson the taskof phoneticrecognitionon
thedevelopmentsetin moredetail. In this figure,theaveragere-
sultsfor � -fold aggregationarepresentedaswell asthebestand
worst individual trials for each � . As canbe seen,the average
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errorrateperformanceover twelve 2-fold trials (27.58%)is better
thanthebestsingle1-fold trial (27.62%).Furthermore,theworst
trial from six 4-fold trials (27.38%)is still betterthanthebestsin-
gle 1-fold trial (27.62%). Similar performancecurves were ob-
servedfor bothphoneticclassificationandword recognition.

4. MODEL PRUNING

We have investigatedthe possibility of reducingthe varianceof
theperformanceof a randomlytrained � -fold modelthroughthe
useof prunedtree-structuredprobabilitydensityfunctions[6]. We
have constructeda hierarchicaltree of the Gaussiankernelsin
the24-fold modelsusedfor phoneticrecognition.Pruningis per-
formedby utilizing themodelof a branchnodeasa replacement
for the mixture of modelsof the leaf nodeswhich emanatefrom
it. Thebranchnodeseachcontaina singleGaussiandensityfunc-
tion whichestimatestheactualmixtureof Gaussiansproducedby
the leaf nodes. It is hopedthat the singleGaussianof a branch
nodeprovidesa reasonableapproximationof thelikelihoodfunc-
tion yieldedby its leaf nodes.As pruningprogressesbackwards
towardstherootof thetree,lesscomputationis requiredbut more
approximationis performed.

Forourexperimentswecreateatreestructuredensitywith bottom-
upclusteringusingaweightedBhattacharyyadistance.Giventwo
Gaussiandensity functions, u � , and u $ , the Bhattacharyyadis-
tance,v � u � " u $' , is�
 �Ow � T w $  yx�z*{ � a { $� |~} ��Ow � T w $  Wa ������ ; � { � a { $  A� �	;; { � ;��� a ; { $ ;��� (15)

Here w � and { � arethemeanandcovarianceof Gaussian1 and w $
and { $ arethemeanandcovarianceof Gaussian2. Theweighted
Bhattacharyyafunctionusedduringclusteringis� � u � " u $� ��� � a � $� � � $ v � u � " u $( (16)

Here, � � and � $ arethe mixture componentweights. By using
this weightingscheme,the clusteringis biasedtoward clustering
mixturecomponentswhichhavesimilarweights.

To testtheeffectivenessof thetree-structuredpruning,the24-fold
setof TIMIT phoneticrecognitionmodelswaspruneduntil it was
thesamesizeasa 12-fold model,thenan8-fold model,etc. The
prunedmodelsweretestedon theTIMIT developmentsetto com-
paretheir performanceagainststandard� -fold aggregation. The
resultsarealsoshown on Figure1. As canbe seen,the pruned
24-fold modelsobtainperformanceswhich arecomparableto, if
notbetterthan,theaverageof the � -fold modelsof thesamesize.
A similar curve is observedon theTIMIT coretestset. This em-
pirical resultsuggeststhataggregatingmany modelsfollowedby
pruningis advantageousbecauseit is likely to achievetheexpected� -fold performance.

In thefuture,wehopeto furtherutilize thetreestructureto reduce
computationbyperformingthefastlikelihoodapproximationtech-
niquesuggestedby Watanabe,et al. [6]. In thisapproach,pruning
of low scoringbranchesis donedynamicallyduring testing. Ag-
gregatedmodelsmaybewell suitedto this typeof approachsince
many of theGaussiankernelsfrom differenttrainingtrialsmaybe
similarandexhibit largeoverlapwith eachother. Gaussiankernels
suchasthesemight well beapproximatedwith a singleGaussian
withoutseverelydegradingtheir likelihoodestimates.

5. CONCLUSIONS

In this paper, we have presentedthetheoreticalfoundationfor the
modelaggregation technique.We have alsoevaluatedthis tech-
niqueon several standardspeechrecognitiontasksusingmixture
Gaussianmodels.In eachcase,aggregationwasfoundto produce
significantimprovementsover standardtraining techniques,with
observederrorratereductionsof upto 12%.Aggregationperforms
particularlywell when the standardtraining techniquesproduce
modelsthatareoverfit to thetrainingdata.Additionally, theseim-
provementsarerobustto changesin thetestset.A tree-structured
pruningmethodwas also introduced. Experimentsindicatethat
theprunedmodelsretainsomebeneficialrobustnesspropertiesof
the aggregatedmodels. This aggregate-then-prunetechniqueis
a potentialreplacementfor the standardcross-validationstrategy
of choosingthe singletrial that performsbeston a development
set. Furthermore,dynamicpruningcouldleadto reducedcompu-
tationalrequirementswith minimaldegradationin performance.

Therearea large numberof possiblegeneralizationsandexten-
sionsof this work. In a sense,model aggregation is equivalent
to linear interpolationof models,wherethe interpolationis per-
formedusingequalweights.Thus,any situationwheremodelsare
interpolatedcanbeviewedasa form of aggregation.Thisencom-
passescommontechniquessuchas the interpolationof speaker-
independentand gender-specificmodels,or the interpolationof
context-independentandcontext-dependentmodels.In recentex-
perimentsusing SUMMIT, aggregation was fruitfully applied to
modelstrainedusingdifferentsegmentationsof thespeechsignal.
Thus,a wide varietyof techniquesmaybeusedin orderto gener-
ateclassifiersproducingdifferentposteriorprobabilities.Oneset
of techniquescanbe obtainedby perturbingthe classifierstruc-
ture or type. Anothersetof techniquesemergesfrom perturbing
thelearningsetthroughweighting,resampling,or generatingnew
learningsetsthroughalternative preprocessingof thesameunder-
lying input data. In addition to theseextensions,moresophisti-
catedschemesfor combiningclassifiershave beendeveloped[5].
Aggregationremainsattractive becauseof its simplicity, andbe-
causetheempiricalevidenceindicatesits effectivenessin reducing
theerrorratein typicalspeechclassificationandrecognitiontasks.
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