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Abstract

TheGaussianmixture models(GMM) hasproved to bean
effective probabilisticmodel for speaker verification, andhas
beenwidely usedin most of state-of-the-artsystems. In this
paper, we introducea new methodfor the task: thatusingAd-
aBoostlearningbasedon theGMM. Themotivation is thefol-
lowing: While a GMM linearly combinesa numberof Gaus-
sianmodelsaccordingto a setof mixing weights,we believe
that thereexistsa bettermeansof combiningindividual Gaus-
sianmixture models. The proposedAdaBoost-GMMmethod
is non-parametricin which a selectedset of weak classifiers,
eachconstructedbasedonasingleGaussianmodel,is optimally
combinedto form astrongclassifier, theoptimalitybeingin the
senseof maximummargin. Experimentsshow thattheboosted
GMM classifieryields10.81%relative reductionin equalerror
ratefor thesamehandsetsand11.24%for differenthandsets,a
significantimprovementover the baselineadaptedGMM sys-
tem.

1. Intr oduction
Thespeaker verificationtaskis essentiallya hypothesistesting
problemor that of a binary classificationbetweenthe target-
speaker model and impostor model. The Gaussianmixture
models(GMM) method[8] hasprovedto beaneffectiveproba-
bilistic modelfor speakerverification,andhasbeenwidely used
in mostof state-of-the-artsystems[8]. Eachspeaker is charac-
terizedby aGMM, andtheclassificationis performedbasedon
thelog likelihoodratio (LLR) of thetwo classes[8].

A GMM asaimsto approximateacomplex nonlineardistri-
butionusingamixtureof simpleGaussianmodels,eachparam-
eterizedby its meanvector, covariancematrix andthe mixing
parameter. Theseparametersarelearnedby using,e.g. anEM
algorithm.In adaptedGMM basedspeakerverificationsystems,
aGMM is learnedfor theimposterclass,andthetarget-speaker
modelis approximatedby adaptationfrom theimposterGMM,
i.e. modificationof the imposterGMM model. An complete
adaptationshouldbedoneon themeanvector, covariancema-
trix andthemixingparameter;but it is usuallyperformedfor the
meanvectoronlysinceit isempiricallyobservedthatadaptation
alsooncovariancematrixandthemixing parameterwouldyield
lessfavorableresults.

As such, the GMM modeling, i.e. the estimationof the
parameters,andespeciallytheadaptationfor thetarget-speaker
modelarenot optimal. This motivatedus to investigateinto a
methodwhich would rely lesson theestimatedparametersand
couldrectify inaccuraciestherein.

AdaBoostmethods,introducedby FreundandSchapire[2],
providesa simpleyet effective stagewise learningapproach:It
learnsasequenceof moreeasilylearnableweakclassifiers,each
of themneedingonly slightly betterthanrandomguessing,and
booststhem into a single strongclassifierby a linear combi-

nation of them. The weak classifiers,eachderived basedon
somesimple,coarseestimates,neednot to beoptimal. Yet, the
AdaBoostlearningprocedureprovidesanoptimalapproachfor
combiningtheminto thestrongclassifier.

Originatingfrom thePAC (probablyapproximatelycorrect)
learningtheory[11, 5], AdaBoostprovably achievesarbitrarily
good boundson its training and generalizationerrors[2, 10]
provided that weakclassifierscanperformslightly betterthan
randomguessingon every distribution over the trainingset. It
is alsoshown thatsuchsimpleweakclassifiers,whenboosted,
cancapturecomplex decisionboundaries[1].

Relationshipsof AdaBoostto functionaloptimizationand
statisticalestimationareestablishedrecently. It is shown that
the AdaBoost learning procedureminimizes an upper error
boundwhich is an exponentialfunction of the margin on the
training set[9]. Several gradientboostingalgorithmsarepro-
posed[3, 6, 12], which provides new insightsinto AdaBoost
learning.A significantadvanceis madeby Friedmanet al. [4].
It is shown that theAdaBoostalgorithmscanbe interpretedas
stagewiseestimationproceduresthatfit anadditive logisticalre-
gressionmodel.BoththediscreteAdaBoost[2] andtherealver-
sion[10] optimizeanexponentiallossfunction,albeit in differ-
entways. Thework [4] links AdaBoost,which wasadvocated
from themachinelearningviewpoint, to thestatisticaltheory.

In thispaper, weproposeanew methodfor thespeakerver-
ification: thatusingAdaBoostlearningbasedon theGMM. We
startwith an imposterGMM anda target-speaker GMM, more
specifically, their meanvectorsandcovariancematricesbut not
the mixing weights. Although the GMM modelsare inaccu-
rate, we are able to constructa sequenceof weak classifiers
basedontheseGMM’s,weakclassifiersmeaningslightly better
than randomguessing. The AdaBoostprocedure(1) sequen-
tially andadaptively adjustsweightsassociatedwith the train-
ing exampleswhich helpsto constructandselectthenext good
weakclassifiers,and(2) combinethemsensiblyto constitutea
boostedstrongclassifier. Thecombinationis optimality in the
senseof maximummargin. Experimentsshow thattheboosted
GMM classifieryields10.81%relative reductionin equalerror
ratefor thesamehandsetsand11.24%for differenthandsets,a
significantimprovementover the baselineadaptedGMM sys-
tem.

2. GMM Representationof Speaker Voices
In speaker verification, the task is to verify the target speaker
andto rejectimposterspeakers.Two GMM arebuilt from train-
ing data,the universal background model(UBM) for the im-
posterclassandthetargetspeakermodel.Thissectiondescribes
theGMM modeling,on which mostof thestate-of-the-artsys-
temsarebased,asthestartingpointof theproposedmethod.

Mel-frequency cepstralcoefficients (MFCCs) are usedas
acousticfeaturesfor signalsof speaker voices. All utterances



are pre-emphasizedwith a factor of 0.97. A Hammingwin-
dow with 32mswindow lengthand16mswindow shift is used
for eachframe. Eachfeatureframeconsistsof 10 MFCC co-
efficientsand10 deltaMFCC coefficients. Finally, the relative
spectral (RASTA) filter andcepstral meansubtraction (CMS)
areusedto remove linear channelconvolutional effectson the
cepstralfeatures.Therefore,eachwindow of signal framesis
representedby a20-dimensionalfeaturevector, whichwecall a
featureframe.

A sequenceof
�

feature frames, denoted � ������
	������
	������
, are observed from the utteranceof the same

speaker. Assumingthe featurevectorsare independent,the
probability (likelihood)of the observation � canbe obtained
asfollow: ����� ����� � � � ������� � 	 � � � (1)�!� � ��" # � � $%��& �(' � � � � � � � � (2)�!� � " # � � )*+ & � �!� � ��" # �
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Here,' � is theweightof Gaussianmixture � � � � ��� � 	 � � � with
mean

� � andcovariancematrix
� � , and

# � � ' � 	,� � 	-� � � is
alsousedto representthemodelparameters.

Using the EM algorithm, we can get a local optimum .#
for

#
undertheMLE criterionby maximizingtheprobabilistic

densityfor all observationframes..# � /10 2435/�6 �7� � " # �
(4)

The universal background model (UBM) is obtainedby the
MLE training. The targetspeaker modelmayalsobeobtained
in a similarway.

However, to reducecomputationand to improve perfor-
mancewhenonly a limited numberof training utterancesare
available,someadaptationtechniqueswereproposed,e.g. [8],
in whichMAP adaptationoutperformstheothertwo, maximum
likelihood linear regression(MLLR) adaptationand eigen-
voicesmethod.

MAP adaptationderived targetspeaker modelby adapting
theparametersof theUBM usingtargetspeaker’s trainingdata
underthe MAP criterion. Experimentsshow that when only
the meanvectorsof the UBM modelareadapted,we canget
thebestperformance.Givena UBM model

#98�:<;
andtraining

data � from the hypothesizedspeaker, the adaptationcan be
doneasfollow,= �?> " ����� � ' � � ���@� �A�B��!� ��� " #C8�:�; � (5)D � � )% + & � = �?> " � � �
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(7).� � � G � E ��� � ��H � FCI G � �B� � (8)G � � D7�D � HKJ (9)

where
J

is a constantrelevancefactor fixed at
J � F�L . The

parameters
#CM�N

of thetargetspeaker GMM is thusobtained.
The classificationfor speaker verification may be per-

formed basedon the the log likelihood ratio LLR. Given the

observation � , theLLR is definedasOPORQ � � � � SUTV2 �!� � " # M�N���7� � " #98�:<; � (10)� �% � & �XW SUTV2 �7� � ��" #CM�N � I SUTY2 �!� � � " # 8�:�; �BZ
Becausethe correspondingmeansand covarianceshave been
estimated,theLLR canbecomputedanalytically. Thedecision
functionis [ � � � � H F \B] OROPQ � � �4^`_

(11)� IaF b�c�dAe J1f \Bg
e (12)

The threshold
_

canbe adjustedto balancebetweenthe accu-
racy andfalsealarmrates(i.e. to choosea point on the ROC
curve).

3. AdaBoostLearning
The basic form of AdaBoost [2] is for two class prob-
lems. A set of

�
labelled training examples is given as� � � 	�h � �i	�j�j�jk	 � � � 	�h � �
, where

h �ml �YH F 	 IaF � is the class
label for the example

��� lon9p
. AdaBoostassumesthat a

procedureis available for learninga weak classifiers dAq � ���
( rs� F 	itu	
j�j�j�	-v ) from the training examples,with respect
to a distribution of theexamplesdeterminedby the associated
weight

fw�
. It aimsto learna strongerclassifierasa linearcom-

binationof the
v

weakclassifiers[ x � ��� � x%q & � G qydAq � ��� (13)

Theclassificationof
�

is obtainedasthesignof

[ x � ��� . It may
beadvantageousto usea normalizedversionof theabove:[ � ��� �{z xq & � G q|dAq � ���z xq & � G q (14)

Now, the classifierfunction is }�~U2V� W � � 6 �BZ andthe normalized
confidencescoreis

" [ � ��� " . The learningprocedure,described
in Fig.1,is aimedto derive G q and d q � ��� .

In thesimplestcase,theerror is to beminimized.An error
occurswhen

[ � ���a�� h
, or

h [ x � ���w���
. The“margin” of an

example � �7	�h<�
achievedby d � ��� l�n

on thetrainingsetexam-
plesis definedas

h d � ��� . Thiscanbeconsideredasameasureof
theconfidenceof the d ’s prediction.Theupperboundon clas-
sificationerrorachievedby

[ x canbederivedasthefollowing
exponentiallossfunction[9]� � [ x � � % ��� 6<� W I h � [ x � � � �BZ (15)

� % � � 6<��� I hV� x%q & � G qydAq � �����
AdaBoost construct dAq � ��� by stagewise minimization of
Eq.(16).

A characteristicsof AdaBoostis that during the learning,
theAdaBoostre-weightseachexample,i.e. adaptively updatesf�� qC��

accordingto theclassificationperformanceof thelearned
weakclassifiers(Step2(3)). Moredifficult examplesareassoci-
atedwith largeweightssothatmoreemphasisin thenext round



0. (Input)
(1) Trainingexamples

� � � � 	�h � �i	�jkj�j�	 � � � 	�h � � �
,

where
� ��� HK�

; of which � exampleshave
h(� � H Fand

�
exampleshave

h � � IaF ;(2) Terminationcondition �
(e.g. basedon Recall/FalseAlarm, or

v��X���
);

1. (Initialization)f �U� �� � ��,� for thoseexampleswith
h(� � H F orf �U� �� � ���� for thoseexampleswith
hV� � IaF .v � �

;
2. (StagewiseLearning)

while � not satisfied
(1)

v���v�H F ;(2) Learn d x ;
(3) Update

f � x �� � � 6�� W I h(� [ x � �����BZ , and
normalizeto z � f�� x �� � F ;3. (Output)

[ � ��� �{ a¡¢P£¥¤u¦ ¢w§
¢ �U¨ �  ¡¢R£A¤ ¦ ¢ .

Figure1: DiscreteAdaBoostAlgorithm.

of learningweakclassifierwill beput on thoseexamples.The
weightederroris© q � % � f�� qC�� F W h � �� [ � � � �BZ (16)

Minimizing theabove is theobjective of dAqCª �
.

Given the current

[ x¬« � � ��� � z x¬« �q & � G q|dAq � ��� , and
thenewly learnedweakclassifierd x (learnedaccordingto the
weights

f � x¬« � � � ��	�h<�
), thebestcombiningcoefficient G x for

thenew strongclassifier

[ x � ��� � [ x5« � � ���
H G x d x � ��� is
theonewhich leadsto theminimumcost:G x �­/10 2R3¬~U�¦ � � [ x5« � � ����H G d x � ����� (17)

TheminimizerisG x � Ft S®TY2 = � h � H F " ��	�f � x5« � � �= � h � IaF " ��	�f � x5« � � � (18)

Theweightfor each� ��	�h<�
arethenupdatedf � x � � �7	�h<� � f � x¬« � � � �7	�h<� � 6<� � I G x h d x � ����� (19)

which is equivalentto Step2.(3).
ThebasicAdaBoostalgorithmis for two-classproblem.In

multi-classproblems,wheretheclassnumber� ^¯t
, thefinal

decisioncould be obtainedby combiningmultiple binary Ad-
aboostclassifiers.Therearetwo popularschemesfor extending
binaryclassifiersto themulti-classcase.Oneis theone-against-
all strategy, in which classificationis performedbetweeneach
classandtheremaining.Thisneedsto trainatotalof � boosted
classifiers.Theotheris the one-against-onestrategy, in which
classificationis performedbetweeneachpair. Thelaterstrategy
will require � � � I­F ��°Vt classifiers.In our system,we adopt
the formerschemeto save thecomputationalcost. Theoutput
of the � strongclassifiersarenormalizedasEq.(14)to provide
thescorefor comparison.Thefinal decisionis madeby maxi-
mizing thescore.

Table1: DCF, EERandrelative reduction(SH: SameHandset.
DH: DifferentHandset)

Method DCF (SH) DCF (DH)

AdaptedGMM 0.0460 0.1816
BoostedGMM 0.0395 0.1729
Rel. Reduction 14.13% 4.79%

Method EER(SH) EER(DH)

AdaptedGMM 4.90% 21.96%
BoostedGMM 4.37% 19.49%
Rel. Reduction 10.81% 11.24%

4. Learning WeakClassifiers
An algorithmis neededto learnweakclassifiers(Step2.(2) in
Fig.1). In this work, we definea setof candidateweakclassi-
fiers basedon the modelparameters(

� � 	-� � ) provided by the
two GMM’s (but withoutusingthemixing parameter' � in this
stage),andfind thebestonefrom thissetin eachstage.

At iteration
v

, we definethe set of baseweak classifier
usingthecomponentLLR’s

d � x �� � ��� � SUTV2 �!� � "�#CM�N 	�f � x¬« � � ��7� � "�# 8�:<; 	�f � x¬« � � � I _�� x �� (20)

(21)

wherethe
_ � x �� is setto ensurea requiredaccuracy. The best

weak classifieris the one for which the falsealarm is mini-
mized: >A± �­/10 243¬~U��³²a´ � d � x �� � ����� (22)

where ²a´ is the falsealarm causedby d � x �� � ��� (also w.r.t.f � x5« � � ). Thisgivesusthebestweakclassifierasd x � ��� � d � x ��
µ � ��� (23)

5. Experiments
5.1. Data Set

All experimentsareconductedonthe1996NIST speakerrecog-
nition evaluationdataset.Only malespeakersareinvestigated.
Thereare21 male target speakersand204 male impostorsin
theevaluationdataset. The training utterancesfor eachtarget
speaker areextractedfrom two sessionsoriginating from two
differenthandsets,oneminuteper session.As for the testing,
thereare321targettrialsand1060impostortrials. Theduration
of eachtestutteranceis about30seconds.

5.2. Results

Thesystemperformanceis evaluatedusingthedetectionerror
tradeoff (DET) curve, detectioncostfunction(DCF) andequal
error rate(EER).DCF canbedefinedasfollow [7],¶ � ² � �4·¹¸ � � · ¸ � =7º � ¸ H �4· � � � · � � =!» �X¼

(24)

Here, � ·¹¸ and � · � are falserejectionrateand falseacceptance
raterespectively at a operatingpoint. � · ¸ and � · � arecostsfor
falserejectionandfalseacceptance.

=7º � ¸ and
=!» �X¼

aretheprior
probabilityof targettrialsandimpostortrials.

= º � ¸ � ��j � F and=!» �X¼ � �@j ½V½
.



EERandDCF for BoostedGMM andAdaptedGMM un-
der the sameandthe differenthandsetsareshown in Table1.
DET curvesfor AdaptedGMM andBoostedGMM for thesame
handsetdataareshown in Figure2, andthosefor thedifferent
handsetsare shown in Figure 3. From the results,we could
concludethat boostedGMM yields a significantimprovement
on relatively reductionof over 10% thanthe baselineadapted
GMM approach.Theimprovementis dueto theoptimalcombi-
nationof individualGMM learnedby non-parametricAdaBoost
method.
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Figure2: DET curvesfor boostedGMM andAdaptedGMM on
thesamehandset.
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Figure3: DET curvesfor boostedGMM andAdaptedGMM on
thedifferenthandsets

5.3. Conclusion

We proposeda novel boostinglearningbasedalgorithm that
could significantly improve the performanceof the baseline

adaptedGMM system.TheboostedGMM optimally combines
weakclassifiers,i.e. componentlog likelihoodratioin GMM, to
a strongclassifier. AdaBoostprovidesan effective framework
for fusingdifferentmodels.In future,it would beinterestingto
investigatehow to useAdaBoostat low level feature(suchas
cepstral)level to learnbetterspeaker models.
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