Learning to BoostGMM BasedSpealer Verification

StanZ. Li, DongZhang,ChengyuarMa, Heung-Y¥ungShum,andEric Chang

Microsoft ResearclChina,Beijing SigmaCenter Beijing 100080,China

szli@ncrosoft.com http://research. mcrosoft.com ~szli

Abstract

The Gaussiammixture models(GMM) hasprovedto bean
effective probabilisticmodelfor spealer verification, and has
beenwidely usedin mostof state-of-the-arsystems. In this
paper we introducea nev methodfor the task: thatusing Ad-
aBoostlearningbasedon the GMM. The motivationis the fol-
lowing: While a GMM linearly combinesa numberof Gaus-
sianmodelsaccordingto a setof mixing weights,we believe
thatthereexists a bettermeansof combiningindividual Gaus-
sian mixture models. The proposedAdaBoost-GMMmethod
is non-parametrién which a selectedset of weak classifiers,
eachconstructedbasednasingleGaussiammodel,is optimally
combinedo form a strongclassifier the optimality beingin the
senseof maximummagin. Experimentshav thatthe boosted
GMM classifieryields 10.81%relative reductionin equalerror
ratefor the samehandsetseind11.24%for differenthandsetsa
significantimprovementover the baselineadaptedGMM sys-
tem.

1. Intr oduction

The spealkr verificationtaskis essentiallya hypothesigesting
problemor that of a binary classificationbetweenthe target-
speakr model and impostor model. The Gaussianmixture
model§ GMM) method[8] hasprovedto beaneffective proba-
bilistic modelfor spealer verification,andhasbeernwidely used
in mostof state-of-the-arsystemd8]. Eachspealker is charac-
terizedby a GMM, andthe classificatioris performedbasedn
thelog likelihoodratio (LLR) of thetwo classe$8].

A GMM asaimsto approximate comple nonlineardistri-
bution usingamixtureof simpleGaussiamimodels,eachparam-
eterizedby its meanvector covariancematrix andthe mixing
parameterTheseparametersrelearnedby using,e.qg. anEM
algorithm.In adaptedsMM basedspealker verificationsystems,
aGMM is learnedfor theimposterclassandthetamet-speagr
modelis approximatedy adaptatiorfrom theimposterGMM,
i.e. modificationof the imposterGMM model. An complete
adaptatiorshouldbe doneon the meanvector covariancema-
trix andthemixing parameterbutit is usuallyperformedor the
mearvectoronly sinceit is empiricallyobseredthatadaptation
alsoon covariancematrixandthemixing parametewouldyield
lessfavorableresults.

As such,the GMM modeling,i.e. the estimationof the
parametersandespeciallythe adaptatiorfor the tamet-speagr
modelarenot optimal. This motivatedus to investigateinto a
methodwhich would rely lesson the estimatecparameterand
couldrectify inaccuraciesherein.

AdaBoostmethodsintroducedby FreundandSchapirg2],
providesa simpleyet effective stagevise learningapproachit
learnsasequencef moreeasilylearnableveakclassifierseach
of themneedingonly slightly betterthanrandomguessingand
booststheminto a single strongclassifierby a linear combi-

nation of them. The weak classifiers,eachderived basedon
somesimple,coarseestimatesneednot to be optimal. Yet, the
AdaBoostlearningproceduregprovidesanoptimalapproactor
combiningtheminto the strongclassifier

Originatingfrom the PAC (probablyapproximatelycorrect)
learningtheory[11, 5], AdaBoostprovably achiezesarbitrarily
good boundson its training and generalizatiorerrors[2, 10]
provided that weak classifierscan performslightly betterthan
randomguessingon every distribution over the training set. It
is alsoshavn thatsuchsimpleweakclassifierswhenboosted,
cancapturecomplex decisionboundarie$1].

Relationshipof AdaBoostto functional optimizationand
statisticalestimationare establishedecently It is shavn that
the AdaBoostlearning procedureminimizes an upper error
boundwhich is an exponentialfunction of the maigin on the
training set[9]. Several gradientboostingalgorithmsare pro-
posed[3, 6, 12], which provides new insightsinto AdaBoost
learning.A significantadwanceis madeby Friedmaretal. [4].
It is shawvn thatthe AdaBoostalgorithmscanbe interpretedas
stagaviseestimatiorprocedureshatfit anadditive logisticalre-
gressiomodel.BoththediscreteAdaBoos{2] andtherealver
sion[10] optimizeanexponentiallossfunction,albeitin differ-
entways. Thework [4] links AdaBoost,which wasadwcated
from the machindearningviewpoint, to the statisticaltheory

In this paperwe proposeanewv methodfor thespealer ver-
ification: thatusingAdaBoostearningbaseconthe GMM. We
startwith animposterGMM anda target-spea&r GMM, more
specifically their meanvectorsandcovariancematricesbut not
the mixing weights. Although the GMM modelsare inaccu-
rate, we are able to constructa sequenceof weak classifiers
basedbntheseGMM’s, weakclassifieraneaningslightly better
than randomguessing. The AdaBoostprocedure(1) sequen-
tially andadaptvely adjustsweightsassociateavith the train-
ing exampleswhich helpsto constructandselectthe next good
weakclassifiersand(2) combinethemsensiblyto constitutea
boostedstrongclassifier The combinationis optimality in the
sensef maximummain. Experimentshav thatthe boosted
GMM classifieryields 10.81%relative reductionin equalerror
ratefor the samehandsetand11.24%for differenthandsetsa
significantimprovementover the baselineadaptedGMM sys-
tem.

2. GMM Representationof Spealer Voices

In spealer verification, the taskis to verify the target spealer
andto rejectimposterspealkrs. Two GMM arebuilt from train-
ing data,the univesal badkground model(UBM) for the im-
posterclassandthetargetspealer model. Thissectiondescribes
the GMM modeling,on which mostof the state-of-the-arsys-
temsarebasedasthe startingpoint of the proposednethod.
Mel-frequenyg cepstralcoeficients (MFCCs) are usedas
acousticfeaturesfor signalsof speakr voices. All utterances



are pre-emphasizeavith a factorof 0.97. A Hammingwin-
dow with 32mswindow lengthand 16mswindow shift is used
for eachframe. Eachfeatureframe consistsof 10 MFCC co-
efficientsand 10 deltaMFCC coeficients. Finally, therelative
spectal (RASTA) filter and cepstal meansubtiaction (CMS)
areusedto remove linear channelcorvolutional effectson the
cepstralfeatures. Therefore,eachwindow of signalframesis
representetly a 20-dimensionaleaturevectot whichwe call a
featureframe.

A sequenceof N feature frames, denoted X =
{z1,--- ,zn}, areobsered from the utteranceof the same
speakr. Assumingthe featurevectorsare independentthe
probability (likelihood) of the obseration X can be obtained
asfollow:

pe(mi) = N(@i;pe,Zk) (€
K

p(@ilA) = ) uk-pr(ai) @
k;l

p(x|A) = [Ip(@ila) ®)

t=1

Here,uy, is theweightof Gaussiamixture N (z; p, L) with
meanu;, andcovariancematrix X, andA = {ug, pr, Xr } IS
alsousedto representhe modelparameters.

Using the EM algorithm, we can get a local optimumf\
for A underthe MLE criterionby maximizingthe probabilistic
densityfor all obserationframes.

A = argmaxp(X|A) (4)

The univesal bakground model (UBM) is obtainedby the
MLE training. Thetargetspeakr modelmay alsobe obtained
in asimilarway.

However, to reducecomputationand to improve perfor
mancewhenonly a limited humberof training utterancesare
available,someadaptatiortechniquesvereproposede.g. [8],
in which MAP adaptatioroutperformghe othertwo, maximum
likelihood linear regression(MLLR) adaptationand eigen-
voicesmethod.

MAP adaptatiorderived target speaker modelby adapting
the parametersf the UBM usingtargetspealer’s training data
underthe MAP criterion. Experimentsshav that when only
the meanvectorsof the UBM model are adaptedwe canget
the bestperformanceGivena UBM modelAyswm andtraining
dataX from the hypothesizedspealer, the adaptationcan be
doneasfollow,

N ke pr(mi)
T
e = Y P(klz:) (6)
=1
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t=1
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wherer is a constantrelevancefactorfixedat» = 16. The

parameterdsp of thetametspeakr GMM is thusobtained.
The classificationfor spealkr verification may be per

formed basedon the the log likelihoodratio LLR. Giventhe

obseration X, theLLR is definedas

LLR(X) log 1% (10)

N
> llog p(xi|Asp) — log p(xi|Auwm)]
i=1

Becausehe correspondingneansand covarianceshave been
estimatedtheLLR canbecomputedanalytically Thedecision
functionis

H(X) +1 if LLR(X) > T (11)

—1 otherwise (12)

The thresholdr canbe adjustedto balancebetweenthe accu-
ragy andfalsealarmrates(i.e. to choosea point on the ROC
cune).

3. AdaBoostLearning

The basic form of AdaBoost[2] is for two class prob-
lems. A setof N labelled training examplesis given as
(z1,91),...,(zN,yn), Wherey; € {+1,—1} is the class
label for the examplex; € R™. AdaBoostassumeghat a
procedureis available for learning a weak classifiersh, (z)
(m = 1,2,..., M) from the training examples,with respect
to a distribution of the examplesdeterminedby the associated
weightw;. It aimsto learna strongerclassifierasalinearcom-
binationof the M weakclassifiers

Hy(z) = Z amhm () 13)

Theclassificatiorof z is obtainedasthesignof Has(z). It may
be advantageous$o usea normalizedversionof theabove:

H(z) = Zm=12mlin(2) (14)

M
Em=1 QAm

Now, the classifierfunction is Sign[H(x)] andthe normalized
confidencescoreis |H(z)|. Thelearningproceduredescribed
in Fig.1,is aimedto derive ai, andh, ().

In the simplestcasetheerroris to be minimized. An error
occurswhenH (z) # y, oryHy (z) < 0. The“margin” of an
example(z, y) achievedby h(z) € R onthetrainingsetexam-
plesis definedasyh(z). This canbeconsiderecisameasuref
the confidenceof the h’s prediction. The upperboundon clas-
sificationerrorachievedby H,s canbederivedasthefollowing
exponentiallossfunction[9]

J(Hu) = ZGXP [—yiHm (zi)] (15)

Zexp |:—yi Z amhm(x)]

AdaBoost construct h,,(z) by stagevise minimization of
Eq.(16).

A characteristicof AdaBoostis that during the learning,
the AdaBoostre-weightseachexample,i.e. adaptvely updates
wi(m) accordingo theclassificatiorperformancef thelearned
weakclassifiergStep2(3)). More difficult examplesareassoci-
atedwith largeweightssothatmoreemphasisn the next round



0. (Input)
(1) Trainingexamples{(z1,¥1), ..., (zn,y~n)},
whereN = a + b; of whicha exampleshavey; = +1
andb exampleshave y; = —1;
(2) TerminationconditionC
(e.g. basedn Recall/RalseAlarm, or Mmax);
1. (Initialization)
w® = L for thoseexampleswith y; = +1 or
w® = L for thoseexampleswith y; = —1.
M =0;
2.(StageviseLearning)
while C' not satisfied
Q)M+~ M+1;
(2) Learnhas;

(3) Updatew ™ « exp[—yi Hur(z:)], and

normalizeto ), wz(M) =1
3. (Output)
M
H(.’E) — Lm=12mhm(z) .

Z'rl\r{:l Am

Figurel: DiscreteAdaBoostAlgorithm.

of learningweakclassifierwill be put on thoseexamples.The
weightederroris

em =D wi™ 1[y: # H(w:) (16)

Minimizing theabove is the objective of A 1.

Given the current Hy—1(z) = M- amhm(z), and
thenewly learnedweakclassifierhas (learnedaccordingto the
weightsw ™~ (z, ), the bestcombiningcoeficient aar for
thenew strongclassifierHus(z) = Hu—1(z) + amhum(z) is
the onewhichleadsto theminimumcost:

aym = argmin J(Hy—1(z) + aha(x)) 17)
Theminimizeris

1 Ply=+1|z,w™=")
= 21 18
QM B Og P(y =1 | SC,’LU(M_I)) ( )

Theweightfor each(z, y) arethenupdated

w(M)( (M—l)(

T,y) =w z,y)exp (—amyhm(z))  (19)
whichis equivalentto Step2.(3).

ThebasicAdaBoostalgorithmis for two-classproblem.In
multi-classproblemswherethe classnumberC' > 2, thefinal
decisioncould be obtainedby combiningmultiple binary Ad-
aboostlassifiers Therearetwo popularschemesgor extending
binaryclassifiergo themulti-classcase Oneis theone-against-
all stratey, in which classificationis performedbetweeneach
classandtheremaining.This needdo train atotal of C' boosted
classifiers.The otheris the one-against-onstrateyy, in which
classificatioris performedbetweereachpair. Thelaterstratgy
will requireC(C — 1)/2 classifiers.In our system,we adopt
the former schemeo save the computationatost. The output
of theC strongclassifiersarenormalizedasEq.(14)to provide
the scorefor comparison.The final decisionis madeby maxi-
mizingthescore.

Tablel: 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 Weak Classifiers

An algorithmis neededo learnweak classifierg(Step2.(2) in
Fig.1). In this work, we definea setof candidateveakclassi-
fiers basedon the model parametergu, Xx) provided by the
two GMM'’ s (but without usingthe mixing parametet, in this
stage) andfind the bestonefrom this setin eachstage.

At iteration M, we definethe set of baseweak classifier
usingthecomponentLR’s

p(z | Asp,w™ 1)
p(z | Ausm, wM—D)

BM(z) = log — M (20)

(21)

wherethe T,EM) is setto ensurea requiredaccurag. The best
weak classifieris the one for which the false alarm is mini-
mized:

k* = arg mkin FA(h;CM)(l‘)) (22)

where F'A is the false alarm causedby h}cM )(z) (alsow.r.t.
w™ 1), Thisgivesusthebestweakclassifieras

har(z) = B30 (x) (23)

5. Experiments
5.1. Data Set

All experimentsareconductenthe1996NIST spealerrecog-
nition evaluationdataset. Only malespeakrsareinvestigated.
Thereare 21 maletarget spealkers and 204 male impostorsin
the evaluationdataset. The training utterancedor eachtarget
spealker are extractedfrom two sessionriginating from two
differenthandsetspne minute per session.As for the testing,
thereare321tamettrialsand1060impostortrials. Theduration
of eachtestutterancds about30 seconds.

5.2. Results

The systemperformances evaluatedusingthe detectionerror
tradeof (DET) curwe, detectioncostfunction(DCF) andequal
error rate (EER).DCF canbedefinedasfollow [7],

DCF = Cfr s Pfrt Pta.r + Cfa * Pfa - -Pimp (24)

Here, ps andps, arefalserejectionrate andfalseacceptance
raterespectiely ata operatingpoint. Cs. andCt, arecostsfor
falserejectionandfalseacceptanceP;,, and Pimp aretheprior
probability of targettrials andimpostortrials. P, = 0.01 and
Pimp = 0.99.



EER andDCF for BoostedGMM and AdaptedGMM un-
derthe sameandthe differenthandsetsare shavn in Table1.
DET curvesfor AdaptedGMM andBoostedGMM for thesame
handsetlataareshawvn in Figure2, andthosefor the different
handsetsare shavn in Figure 3. From the results,we could
concludethat boostedGMM yields a significantimprovement
on relatively reductionof over 10% thanthe baselineadapted
GMM approachTheimprovements dueto the optimalcombi-
nationof individual GMM learnedby non-parametriddaBoost
method.
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Figure2: DET curvesfor boostedsMM andAdaptedGMM on
the samehandset.
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Figure3: DET cunvesfor boostedsMM andAdaptedGMM on
thedifferenthandsets

5.3. Conclusion

We proposeda novel boostinglearning basedalgorithm that
could significantly improve the performanceof the baseline

adaptedsMM system.TheboostedGMM optimally combines
weakclassifiersj.e. componentog likelihoodratioin GMM, to

a strongclassifier AdaBoostprovidesan effective framevork

for fusingdifferentmodels.In future,it would beinterestingto

investigatehow to use AdaBoostat low level feature(suchas
cepstral)evel to learnbetterspeaker models.
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