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ember 16, 20041 Introdu
tionFor the task of data 
lassi�
ation, two main approa
hes exist and are 
ommonly employed:generative and dis
riminative. In the generative 
ase, we assume that the data was gener-ated a

ording to some underlying distribution and seek to estimate it. More spe
i�
ally,for a 
lass Y and data X we estimate P (Y ) and P (XjY ) to obtain a surrogate to P (Y jX).In the dis
riminative 
ase, no dire
t attempts are made to model the underlying distributionof the data. Rather P (Y jX) is estimated or in some 
ases simply a separating hyperplaneis obtained and no probabilisti
 models are developed at all. Naturally, there exist tradeo�sbetween these two methods [1℄ and the spe
i�
 task may di
tate whi
h is more bene�
ial.In the area of speaker re
ognition, the dominant te
hniques rely on generative modelingapproa
hes. Spe
i�
ally, the state of the art involves the use of a Gaussian Mixture Model(GMM) [2℄ or possibly a Hidden Markov Model (HMM) [3℄ for spee
h a
ousti
 features.Re
ently, however, dis
riminative modeling, spe
i�
ally the use of Support Ve
tor Ma
hines(SVMs), has been shown to have good performan
e as well on this task [4℄. A natural ques-tion, then, is whether both approa
hes 
an simultaneously be in
orporated into a speakerre
ognition systemThis proje
t sought to illustrate that the answer to the above is indeed \yes" andalso examined the performan
e of su
h a hybrid system. The system uses HMM modelparameters as features for an SVM 
lassi�er. HMMs of spe
i�
 keywords and phrases areadapted to ea
h speaker from a Universal Ba
kground Model (UBM) and the means of theGaussian mixtures whi
h model ea
h HMM state are used as the SVM features.This paper is organized as follows: se
tion 2 des
ribes the basi
 speaker re
ognitiontask; se
tions 3 and 4 des
ribe a keyword HMM system and a hybrid HMM/SVM system,respe
tively, that will be 
ompared; se
tion 5 explains the theory of the Support Ve
torMa
hine; se
tion 6 outlines the basi
 pro
edure used; details on the evaluation pro
ess aregiven in se
tion 7; results are presented in se
tion 8; and 
on
lusions and future work aredis
ussed in se
tion 9.2 The Speaker Re
ognition TaskThe dominant framework for speaker re
ognition is that of a dete
tion task. The obje
tiveis to determine whether a putative target is the speaker in a given test utteran
e. Aspreviously mentioned the Gaussian Mixture Model approa
h yields high performan
e. The1



approa
h is as follows: Let X = fxi : i = 1; : : : ; Ng be the sequen
e of spee
h featureve
tors for a test utteran
e. For a given test/target pair we look at the log-likelihood ratioof the data given the target model and the data given what is referred to as a UniversalBa
kground Model (UBM):LLR(X) = logP (XjS) � logP (XjUBM) (1)where S refers to the speaker model. The UBM is obtained by training a Gaussian MixtureModel with spee
h from a large 
olle
tion of speakers that are not within the test population.The speaker-spe
i�
 model is generated by adaptation of the UBM with the speaker'straining data, in the form of spoken 
onversation sides (details provided in se
tion 7). Thebene�t of this approa
h is that fuller speaker models 
an be obtained than if a model wereto be generated from the speaker's training data alone.If the log-likelihood ratio s
ore ex
eeds a spe
i�ed threshold, the test utteran
e is a
-
epted as having been produ
ed by the putative target speaker. If not, the speaker assign-ment is reje
ted. For a 
olle
tion of trials one 
an sweep through a series of thresholds,ea
h of them representing an operating point for the system. For ea
h point, a false alarm(FA) and missed dete
tion (MD) rate 
an be 
omputed. The overall system performan
e isthen represented graphi
ally by a Dete
tion Error Tradeo� (DET) 
urve whi
h plots falsealarm probability versus miss probability on a normal deviate s
ale. This is done to havethe 
urves appear linear (as opposed to ROC 
urves whi
h 
ould also be used) whi
h as-sists in 
omparison of systems. A summary statisti
, the Equal Error Rate (EER), is oftenused and represents the operating point at whi
h the probability of false alarm equals theprobability of missed dete
tion.3 Keyword HMM SystemThough the GMM approa
h works well, re
ent work [3℄ involving Hidden Markov Models ofspe
i�
 keywords has yielded systems with good performan
e. This approa
h is motivatedby the observations that 1) GMMs (in
orre
tly) assume that spee
h feature ve
tors areindependent and thus fail to take advantage of some sequential information in spee
h; and2) Certain words/phrases possess high speaker dis
riminative 
hara
teristi
s than others.The system works as follows: the keywords for whi
h the models exist are identi�edand extra
ted from the spee
h stream based on alignment information provided by anAutomati
 Spee
h Re
ognizer (ASR). For ea
h keyword a UBM is trained using speakersnot in the test population, similar to the GMM 
ase. Also similarly, a speaker-spe
i�
keyword HMM is obtained by adapting the UBM version with speaker training data. Theadaptation pro
edure used is Maximum A Posteriori (MAP) adaptation of the means. Theoutput distribution for ea
h state in the HMM is a mixture of 4 Gaussians and the MAPadaptation means are given by:�̂jm = NjmNjm + � ��jm + �Njm + � �jm (2)where � is a weighting of the a priori knowledge to the adaptation spee
h, N is the o

upa-tion likelihood of the adaptation data, �jm is the speaker independent (i.e., UBM) mean and��jm is the mean of the observed adaptation data. When performing a test, all instan
es ofea
h keyword are found and extra
ted, again using ASR. Ea
h spee
h segment is s
ored byits appropriate target speaker and UBM HMM. These s
ores represent the logprobabilities2



of the sequen
es having been generated by the respe
tive HMMs. A log-likelihood ratios
ore is obtained by summing the target s
ores, subtra
ting the sum of the UBM s
ores,and normalizing by the total number of spee
h feature ve
tors for the sequen
es. Figure 1shows a s
hemati
 of the system.

Figure 1: Keyword system.This te
hnique has been shown to work quite well, with the advantage that it looks atonly a small subset of the total data, as only feature ve
tors 
orresponding to the keywordsare utilized. Presently the system uses only about 10% of the total data available.4 Hybrid HMM/SVM SystemFrom equation (1), we 
an view the log-likelihood ratio s
ore as a kind of measure betweenmodels (the target and UBM) with respe
t to a �xed utteran
e X. Models whi
h are\farther" from the UBM tend to be more reliably dete
ted. Adopting this framework, onemight also �nd it reasonable to utilize other measures between models. One alternative isdistan
es in the model parameter spa
e. From this we arrive at the hybrid HMM/SVMsystem.For this system, ea
h speaker model is represented as a ve
tor of parameters; spe
i�
ally,the 
on
atenation of the mean ve
tors of the Gaussian mixtures in the appropriate HMM.The speaker model is here, too, obtained by adaptation with the speaker training data. Thedi�eren
e in this 
ase is that multiple models are generated for ea
h speaker, one for ea
h
onversation in the training data, for a total of 8. The derived ve
tors serve as positiveexamples for an SVM 
lassi�er. The negative examples are ve
tors obtained from adaptingto the 
onversations used for training the UBM. This is done for ea
h keyword HMM.For testing, the keyword HMMs are adapted using the test data to produ
e a data pointpoint for ea
h SVM 
lassi�er for the target speaker model. Ea
h 
lassi�er then generates as
ore and the s
ores are then 
ombined to yield a �nal s
ore.5 Support Ve
tor Ma
hinesThe Support Ve
tor Ma
hine is a dis
riminative 
lassi�er of in
reasing utilization in speakerre
ognition and other ma
hine learning �elds. This binary 
lassi�er seeks to �nd the sep-arating hyperplane that maximizes the margin between the two 
lasses in a (potentially)higher-dimension spa
e than that of the original features. The margin is de�ned to be theminimal distan
e of a sample to the de
ision surfa
e. The optimization problem is formally3



stated as [6℄: minw;b 12 jjwjj2 (3)Here w is the weight ve
tor whi
h appears in the de
ision fun
tion f(x) = (w � �(x)) + bfor the 
lassi�er. This quadrati
 program 
annot be solved dire
tly, as w lies in the higherdimensional spa
e and this spa
e is only a

essible via inner produ
ts obtained by a kernelfun
tion k(xi;xj). As in many 
ases, a solution is obtained by looking at the dual problem:max�Pni=1 �i � 12Pni;j=1 �i�jyiyjk(xi; xj)subje
t to �i � 0; i = 1; : : : ; n (4)Pni=1 �iyi = 0whi
h is a quadrati
 optimization problem that is readily solvable. The above formulationpresupposes separability between the two 
lasses, whi
h is often not obtainable for real dataowing to fa
tors su
h as noise. This 
an be addressed by the addition of \sla
k" variables�i whi
h allow for points to lie inside the margin area. The new problem is:max�Pni=1 �i � 12Pni;j=1 �i�jyiyjk(xi; xj)subje
t to 0 � �i � C; i = 1; : : : ; n (5)Pni=1 �iyi = 0One of the appealing aspe
ts of the SVM is that the solution of the optimization problem issparse in �. Spe
i�
ally, the Karush-Kuhn-Tu
ker 
onditions for the problem indi
ate thatonly �i 
orresponding to xi that are on or inside the margin area are nonzero.6 Pro
edureThe initial part of the pro
ess involves training of the ba
kground HMMs. The keywordsfor whi
h models were trained were as follows: fa
tually, anyway, i know, i mean, i think,i see, like, now, okay, right, see, uh, uhhuh, um, well, yeah, yep, you know, you seeg.These words/phrases were sele
ted be
ause of their high frequen
y in 
onversational spee
has well as be
ause they may possess strong-speaker distin
tive 
hara
teristi
s owing to theirhabitual, spontaneous behavior. The HMMs were trained using Hidden Markov ModelToolkit (HTK), a 
ommon toolkit for spee
h and speaker re
ognition.After training the ba
kground HMMs, they are then adapted and their parameters are\ve
torized" as des
ribed in se
tion 4. S
oring also o

urs as previously des
ribed. A 
om-pli
ating issue exists in that for ea
h trial, 19 s
ores from the 19 
lassi�ers are generatedand must be 
ombined into a single s
ore. This is espe
ially a problem be
ause the s
oresdo not represent probabilities or likelihoods as in other 
ases, so the prin
ipled 
ombinationte
hniques developed for other speaker re
ognition systems 
annot be applied. Ultimatelythree di�erent te
hniques were explored for this proje
t: simple linear 
ombination (nor-malized by the number of 
lassi�ers), maximum entropy 
lassi�
ation for the s
ores, andanother SVM whi
h served as a s
ore 
ombiner. A maximum entropy 
lassi�er is yet an-other dis
riminative 
lassi�er, whi
h seeks to �nd P (Y jX) whi
h maximizes the 
onditionalentropy: H(P ) = �Xx;y ~P (X)P (Y jX)logP (Y jX) (6)4



for features fi whi
h are typi
ally binary in nature. The solution to this optimizationproblem is: P �(Y jX) = Z(x)exp(Xi �ifi(x; y)) (7)with Z(x) = Py exp(Pi �ifi(x; y)). Training of the 
lassi�er amounts to determining the�i and is done using te
hniques su
h as Generalized Iterative S
aling (GIS). The binaryfeatures used in this 
ase were the de
isions by ea
h SVM 
lassi�er as well as the absen
e ofa 
lassi�er de
ision (whi
h o

urs when the keyword does not appear in the test utteran
es).The training and the s
oring of the SVM 
lassi�ers was done using SVMlight, a publi
lyavailable implementation of Support Ve
tor Ma
hines. The pa
kage allows for the modi-�
ation of various parameters, the most pertinent being the kernel fun
tion k(xi;xj), the
ost-fa
tor (i.e., the fa
tor by whi
h positive mis
lassi�
ations outweigh negative ones), andthe regularization 
onstant C. From experimentation it was shown that a linear kernel(k(xi;xj) = xTi xj) along with a 
ost-fa
tor of one performed best. Extensive analysis wasnot performed on the regularization 
onstant, whi
h was set to one as well.7 EvaluationThe hybrid HMM/SVM system was evaluated within the framework of the Extended DataTask of the 2001 NIST Speaker Re
ognition Evaluation [5℄. In the NIST evaluation speakermodels are trained using 1,2,4,8, and 16 
omplete 
onversation sides and are subsequentlytested on a 
omplete 
onversation side. The 
onversation sides are approximately 2.5 min-utes in length. The Extended Data Task uses the Swit
hboard I 
onversational telephone
orpus in a 
ross-validation pro
ess whereby the data is partitioned into 6 se
tions of ap-proximately equal size and ea
h partition is tested independently; when one partition isbeing tested, data from the others 
an only be used for ba
kground models or normal-ization. For this proje
t, testing was performed on splits 1-3 and the three others werereserved for providing ba
kground model data. In addition, models were trained using 8
onversation sides as previously mentioned.8 ResultsThe Equal Error Rate results for the experiments 
an be found in table 1 and the overallDete
tion Error Tradeo� 
urves are pi
tured in �gures 2 and 3. The �rst item of note isthe 
omparable performan
e of the linear and SVM 
ombination te
hniques along with thepoor performan
e of the maximum entropy 
ombiner. The maximum entropy 
ombiner'slag in performan
e is in some ways to be expe
ted: the binarization of the features amountsto removing information whi
h 
ould be used to aid 
lassi�
ation.The 
omparison of the best hybrid system (i.e., the one with the SVM 
ombiner) tothe keyword system also yields interesting observations. The keyword system signi�
antlyoutperforms the hybrid one. Note, though, that there is a 
rossover point in the low falsealarm region where the hybrid system begins to have the better performan
e.9 Con
lusions and Future WorkThe obje
tive of the proje
t was to demonstrate that both a generative and dis
riminativeapproa
h 
ould simultaneously be applied to a 
lassi�
ation task, spe
i�
ally that of speaker5



Combination s
heme EER (%)Maxent 4.15Linear 1.40SVM 1.29System EER (%)Keyword 1.08HMM/SVM 1.29Table 1: System performan
e. The �rst three entries give results for the various 
ombinationmethods and the last two entries are a 
omparison of the keyword system and the bestHMM/SVM system..
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Figure 2: Comparison of di�erent s
ore
ombination te
hniques
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Figure 3: Keyword system versus hybridHMM/SVM systemre
ognition. From the results presented, this indeed appears to be the 
ase. Further still,the results suggest that the hybrid approa
h 
an be applied rather su

essfully, obtain-ing performan
e somewhat 
ompetitive with the state-of-the-art generative 
lassi�
ationsystems.It still remains to be seen whether the hybrid method 
ould be more e�e
tive thaneither of the two in isolation. For the present task and framework, there exist possiblefuture avenues of exploration. One issue in this work is that the SVMs are not ne
essarilyoptimized to minimize the EER. Optimization of the 
ost-fa
tor and regularization 
onstantusing either held-out data or 
ross-validation 
ould 
hange that. Another possible alterationlies in the MAP adaptation pro
edure. Modi�
ation of the weighting � in equation (2)a�e
ts the amount of shifting of parameters, whi
h may in
uen
e the SVM training and
lassi�
ation.
6



Referen
es[1℄ G. Bou
hard, B. Triggs, \The Trade-o� Between Generative and Dis
riminative Clas-si�ers," Pro
. IASC International Symposium on Computational Statisti
s, 2004.[2℄ D.A. Reynolds, T.F. Quatieri, and R.B. Dunn, \Speaker Veri�
ation using AdaptedGaussian Mixture Models," Digital Signal Pro
essing, vol. 10, no. 1-3, pp. 19-41, 2000.[3℄ K. Boakye and B. Peskin, \Text-Constrained Speaker Re
ognition on a Text-Independent Task," Pro
. Odyssey 2004 - The Speaker and Language Re
ognitionWorkshop, 2004.[4℄ W.M. Campbell, J.P. Campbell, D.A. Reynolds, D.A. Jones, and T.R. Leek, \Pho-neti
 Speaker Re
ognition with Support Ve
tor Ma
hines" Pro
. Neural InformationPro
essing Systems, 2003.[5℄ NIST 2001 Speaker Re
ognition website:http://www.nist.gov/spee
h/tests/spk/2001.[6℄ K. M�uller, S. Mika, G. R�ats
h, K. Tsuda, and B. S
h�olkopf, \An Introdu
tion toKernel-Based Algorithms," IEEE Trans. on Neural Networds, vol. 12, no. 2, pp. 181-202, 2001.

7


