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Abstract—We compare two approaches to the problem of both landline and cellular transmission channels. As a, rule
session variability in GMM-based speaker verification, eign- each speaker in the Switchboard collections was recorded ov
channels and joint factor analysis, on the NIST 2005 speaker gjther Jandline channels or cellular channels but not botily
recognition evaluation data. We show how the two approachesan | fracti f th K in the Fisher Enalish Part |
be implemented using essentially the same software at allagies a small fraction of the speaxers In the Fisher English Far
except for the enroliment of target speakers. We demonstratthe database were recorded more than once (and furthermore the
effectiveness of zt-norm score normalization and a new desiobn speaker identifications in this database are not relial3e).
criterion for speaker recognition which can handle large nunbers  jf g joint factor analysis model is trained on the union of
of t-norm speakers and large numbers of speaker factors at e the telephone speech corpora currently available throbgh t
computational cost. We found that factor analysis was far mee Linguistic Data Consortium, the model could be misled into

effective than eigenchannel modeling. The best result we tdined o= ) . )
was a detection cost of 0.016 on the core condition (all trig) of Delieving that some speakers are ‘landline speakers’ dreret

the evaluation. are ‘cellular speakers’. Thus, despite the success we hikie w
Index Terms— Speaker verification, Gaussian mixture model, the joint factor analysis model when it is trained and tested
speaker factors, channel factors, eigenchannels on Switchboard data [4], it is nad priori clear that it can
be trained so as to perform well on a test set drawn from the
I. INTRODUCTION Mixer corpus such as the NIST 2005 evaluation set [5].

. . . : These considerations led us to re-implement another ap-
This article compares two approaches to dealing with theroach to the problem of session variability which we had
problem of session variability in GMM-based speaker recoﬁ— P y

nition. We use the term session variability to refer to a reviously developed and which we refer to as eigenchannel

of the phenomena which cause two recordings of a givgﬁodelmg [6]. This stands in the same relationship to speake

speaker to sound different from each other. This type odel synthesis [7] as the joint factor analysis model does

variability is usually thought of as being attributable teaonel E)nglaast,:gemrggglp;zgt.hgtI?t ir?lrui?tremogseghggaﬁhvevimIrcl:th?rfrtgl
effects although other, more mysterious, factors may be y y P

. g ects at recognition time and not at enroliment time but it
play such as the well known aging phenomenon whereby the™ ™. ) . .
. IS easier to implement and it appears to make less stringent
performance of speaker models degrades over time. demands for training data
Our principal effort in the direction of solving this prolote 9 '

has been to develop a model which we refer to as a jOi{P]tWIEIIéV'II'” ;gggr: thte rfsu“.s Ofb i);]pe;ments carried ﬁUt oon
factor analysis of speaker and channel variability [1].sTisi © est set using both of these approaches. Lur

incipal conclusion will be that, notwithstanding our cenmns

- . . |
based on similar assumptions to feature mapping [2] buth ; o . .
treats channel effects as continuous rather than discretéta 2 out mismatched training data, the joint factor analysisie

I8 capable of far better performance than eigenchannel mod-
variability. This model has two major drawbacks. Firstlye“ng' Moreover we wil ShOW. that the joint _fgctgr ana!y3|s
odel can perform very well in speaker verification using a

although we have made substantial progress in simplifyi mputationally inexpensive decision rule that steers ddiei
it [3], it is mathematically and computationally demanding computationally ine p‘e S ? ec:?(_) ue ’a Steers .
rse between the ‘exact’ and ‘simplified’ scoring rules in

. . C
many respects. Secondly, it seems to require a well balan . L L
y resp y q j§ This decision criterion can handle large numbers of t-

training set in which a typical training speaker is record 4 kers at littl ¢ and large numbers of common
under a variety of channel conditions that is sufficientlgdxt orm speakers a € cost and farge numbers of commo
3peaker factors at no extra cost.

to cover most of the channel variation that is likely to b
encountered at recognition time.
This is not an easy requirement to meet. In fact it is not Il. MODELS OF SESSIONVARIABILITY

easy even to find speakers who have been recorded ovefyyr approach to speaker recognition is GMM-based in
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the model adaptation techniques that have been developea ttest utterance. This type of MAP adaptation is formally
tackle the problem of channel compensation in GMM-basédentical to eigenvoice MAP [9] so we dubbed it eigenchannel
speaker recognition. MAP in [6]. Eigenchannel MAP provides a mechanism for

The method of speaker model synthesis [7] assumes thghthesizing a new model for each speaker whenever a new
channel effects are discrete and that channel detection test utterance is encountered. Speaker recognition cam the
be performed in a pre-processing step in which utterandas performed by evaluating these channel-adapted models
are classified as, say, ‘GSM cellular’, ‘landline electratid with the standard GMM likelihood function in the usual way.
so forth. Suppose we are given an enrollment utterance adithilar types of model synthesis were used in the systems
a test utterance and it is hypothesized that they are uttestmitted by Spescom DataVoice in the NIST 2004 and 2005
by the same speaker. Denote the corresponding speaker- evaluations, by Queensland University of Technology in the
channel-dependent supervectors b§ and M’. The basic 2005 evaluation [10] and also in [11]. This seems to be quite
assumption is thad4’ can be synthesized frod by adding an effective way to proceed but it has the disadvantage of
a supervectoe which depends only on the enrollment andbeing very computationally expensive (particularly if théas
test channel conditions (and not on the speaker) as in Figalarge number of t-norm speakers). It is also a rather dishiou
so that procedure from a purely mathematical point of view, since

M — M+ec 1) adaptiqg a model to data and then ev_aluati_ng _the Iikelihcfc_)d o]
' data with the adapted model results in a ‘likelihood fungtio
There is one supervecter for every possible pair of micro- which integrates to something bigger than 1. In this artiete
phone/channel conditions. will propose another scoring mechanism which does not suffe
from these drawbacks.

C The most widely used method of GMM adaptation for
channel compensation is feature mapping [2]. Although this
is usually thought of as a front-end compensation scheme it
can equally well be viewed as a model adaptation technique
if it is assumed that GMM supervectors can be decomposed
into speaker- and channel-dependent parts as illustratEyi

M M’ 2. Specifically, the assumptions are that (i) for each speake
there is a speaker-dependent supervesta@uch that if M
is the supervector corresponding to a given recording of the
speaker then

M=s+c 3)

Fig. 1. In speaker model synthesis and eigenchannel modeling #sisraed wherec de_Pe”dS only on the channel effects in the_ recording
that if M and M’ are the speaker- and channel-dependent supervectors fand that (ii) channel effects can be treated as discrete and
two recordings of a given speaker then the difference betvileem, namely jdentified in a pre-processing step, just as in speaker model
¢, depends only on channel effects. . .

synthesis. Given an enrollment utterance for a target speak
Otne speaker supervectsrcan be estimated by subtracting the
eae%oropriate channel supervector for the enroliment utisga

for channel detection. The idea is that just as most speaIfJé:fm the data; adding the_ appropriate channel superveotor f
variability is low dimensional (the premise of eigenvoicé;1 given test utterance togives a channel-adapted supervector

: . - hich can be used to test the hypothesis that the speaker
ling) th | f channel ly s : e
modeling) the same is probably true of channel variabildy SHqthe test utterance is the target speaker. The joint factor

that similar methods can be brought to bear on modeling bd Vsi del in 111 also takes (3 its starti int but
types of variability. (The idea of using eigenvoice methtuls analysis mohe n I[ ] adsc|>_ a etst ( )t ashl S S allr N9 pon;tm u
model channel effects seems to have been first mooted in [%2 In eigenchannel modeling, It treats channel supeneaor

The eigenchannel model in [6] is a continuous versi
of speaker model synthesis which dispenses with the n

So the assumption in eigenchannel modeling is that (1) hol rntlr?u::sl ;atthertitr;lairrl] dls;:ret(: and (ijr?estawz?/hwm\:vthe need
with the channel compensation superveatdseing normally 'or channet detectio a pre-processing step. 1hus wamssu

distributed in a low dimensional subspace of the superwecfg.th's case as well that the channel compensation supersect

space. Put another way, it is assumed that there is a re(tHngﬁ in Fig. 2 can be written in the form

matrix « of low rank such that c = ur (4)

¢c = ur 2) where uw is a rectangular matrix of low rank and has a

wherezx has a standard normal distribution so that all of thetandard normal distribution. In the terminology of [1,is

channel compensation supervectors in Fig. 1 can be expresadactor loading matrix and the componentsaofre channel

as linear combinations of the columnswfin the terminology factors.

of [6], the non zero eigenvectors afu* are the eigenchannels. There are several ways of constructing a likelihood functio
This distribution onc can be used as a prior for MAPfor using joint factor analysis models in speaker recogniti

adaptation of a speaker GMM to the channel conditions [4]. We will propose a new likelihood function in this articl



Note that in this brief discussion we have only touched on
model-based methods for channel compensation of GMM’s
and not on score or feature normalization methods or the par-
allel developments in SVM-based speaker recognition [k2].
is interesting to note that although the approach in SVMetas
speaker recognition is discriminative rather than gemerand
it is concerned with finding feature representations whih a
immune to channel variability rather than modeling thisetyyb
variability, the key algorithm in ‘nuisance attribute peotion’
is also formulated as an eigenvalue problem.

IIl. M ODELS OFSPEAKER AND UTTERANCE VARIABILITY

Fig. 2. Feature mapping and joint factor analysis of speaker andncieh In the case of the joint factor analysis model, the first term
variability are based on a decomposition of the foMf = s +c. M is the i the right hand side of (3) is modeled by assuming that if

speaker- and channel-dependent supervector for a givesrdiag), s depends .
oﬁly on the speaker and%epends oﬁ,y on the Changnel_ 719, & e is the speaker supervector for a randomly chosen speaker the

s = m+tvy+dz (5)

which can be viewed as a compromise between the ‘exastherem is the speaker- and channel-independent supervector,
and ‘simplified’ scoring rules presented in [3]. v is a rectangular matrix of low ranld is a diagonal matrix
Comparing the eigenchannel approach to channel comp@id y and z are random vectors having standard normal
sation with the joint factor analysis model we see that tHéistributions. This is a factor analysis in the sense of [13]
eigenchannel model is weaker in that it only compensates #bis usual to refer to the elements gfsimply as factors but
channel effects in test utterances whereas the joint factat-  the terminology of [14] is also useful: the elementsyofire
ysis model handles channel effects in enrollment utteanc€ommon factors’ (because each of them serves to account for
as well. On the other hand it is much easier to implemerthe variance in all of the elements sf and the elements of
(Similar remarks apply to speaker model synthesisa-vis = are ‘specific factors’. In the absence of the specific factors
feature mapping.) Although it is relatively straightfomsdato (5) implies that all supervectors are contained in the linea
carry out the decomposition (3) in feature mapping (becausean ofm and the columns ob which is the assumption of
the channel supervectar can only take a discrete range ofeigenvoice modeling. In practice, the common factors astou
values), the problem of disentangling speaker and chanffl most of the variance in the data and the tedm serves
effects in the joint factor analysis model is much more dific as a residual to compensate for the fact that the eigenvoice
(since boths andc are assumed to be continuous). A solutioAssumption may be unrealistic and it may be difficult to find
derived by formulating the problem as one of calculatingnough training speakers to estimateeliably.
the posterior distribution of the hidden variables in thenjo  In the case of eigenchannel modeling, we model the first
factor analysis model is presented in Section I1I-C of [1f§lanterm in the right hand side of (1) by assuming thabf is the

summarized in the appendix. speaker- and channel-dependent supervector for a randomly
Finding an appropriate training set for the joint factor lanachosen utterance then
ysis model also seems to be problematic if the model is to be M = m+ovy+dz (6)

evaluated on the NIST 2005 test set. Like the NIST 2004 test
set, this was specifically designed to evaluate the robsstnehere the terms on the right hand side of this equation are
of speaker recognition systems to gross channel mismatckebject to the same conditions as in (5). Note that (6) is
whereas previous test sets had been taken from individaaimodel ofutterancevariability whereas (5) is a model of
Switchboard corpora where speakers were recorded eitlegr ospeakervariability since M is sensitive to channel effects
landline or cellphone channels but not both. Speakers in tiwaereass is not. (In the core condition of the NIST eval-
2004 and 2005 test sets were recorded using different typegions ‘utterances’ are whole conversation sides so ubiag

of microphone (speaker phone, head mounted and ear hedn utterance here is a bit of a stretch but it is convenient
as well as regular and cellphone handsets) and transmisdiordo so.) Put another way, we treat all utterances by a given
channel (cordless, landline and cellular). As we mentionegeaker as being statistically independent in (6) but n¢&)n

in the introduction, neither the Fisher corpus nor any of the The role of these models of speaker and utterance variabilit
Switchboard corpora is really suitable for modeling thipay in our work is to provide a prior distribution for MAP esti-

of variability; the only publicly available data that seetodit mation of GMM supervectors for target speakers. This type of
the bill is the 2004 evaluation data but this is a relativehai MAP estimation combines classical MAP [15] and eigenvoice
set (consisting of just 310 target speakers). On the othaid,haMAP [9] whose strengths and weaknesses complement each
eigenchannel modeling imposes less stringent requirestoent other. Classical MAP estimation of GMM’s requires large
the training set; all that seems to be required is that for amyounts of enrollment data and because the mairig of
given pair of channel conditions there should be at leastesorfull rank it is guaranteed to be asymptotically equivalemt t
training speakers recorded under both conditions. speaker-dependent training; becawsis of low rank there is



no such guarantee for eigenvoice MAP but, by the same tokén, Feature extraction
eigenvoice MAP can use small amounts of enroliment data to

S ) Using a 25 ms Hamming window, 12 mel frequency cepstral
good agivaqtage. The earliest instance of fact'o.r analy3|§> Iv"%oefficients together with a log energy feature are caledlat
adaptation in the literature on speaker recognition is.[O8]r

o ) e very 10 ms. These 13-dimensional feature vectors are sub-
treatment is different from [16] in that we use a likelihood <Y

S g . jected to feature warping [17] using a 3 s sliding window.
criterion similar to that of [9] to estimate the hyperparderns . :
that specify the prior. (The estimation procedure is suniwadr (There is very strong synergy between feature warping and

in the appendix.) our t_e_chniques for modeling ses_sion variability_[4].) Delt

' coefficients are then calculated using a 5 frame window givin
a 26-dimensional feature vector.
IV. FITTING THE MODELS Where available, ASR transcripts containing time stamps

In the previous sections we outlined two ways of modelin@r‘? used_tc_) suppress ;ilence intervals. In other cases tRe IS
the two types of variability which are of interest in speakefCiC€ activity detector is used [18]. o
recognition, namely speaker variability and session ‘sitg. First and secpnd order I_3aum-WeIch statlstlcs_ are extr.acted
One approach, known as joint factor analysis, is to mod&Pm the non-silence portions of the speech signal using a
speaker variability by (5) and session variability by (4heT standard umversql backgrognd model (UBM)_. We regard this
other is to model utterance variability by (6) and sessidd® & Pre-processing step since we use no information about
variability by (2). It will be convenient henceforth to useet the .sp.eech signal other than that which is encoded in these
term ‘eigenchannel modeling’ to refer to the latter comtipra  Statistics.
(rather than using this term to refer merely to equation.(2)) We used 5719 conversation sides (278 hours of data after
We now describe how we estimated eigenchannel and jof§noving silences) from as many speakers to train a female
factor analysis models using about 1000 hours of speegMM with 2,048 mixture components and diagonal covari-
(exclusive of silences) consisting of whole conversaticles ance matrices which serves as a universal background model.
extracted from the following databases: the LDC releases left C' denote the number of mixture components in the GMM
Switchboard 11, Phases 1, 2 and 3; Switchboard CellulatsPafnd ' the dimensionality of the acoustic feature vectors (so
1 and 2; the Fisher English Corpus, Part 1 and the NigftatC = 2048 and F' = 26).
2004 evaluation data. For most of our experiments we took
these models to be gender-dependent (that is, one model for N
male speakers and another for female speakers) rather t anSpeaker and utterance variability
gender-independent. We will describe the quantities of dat Note first that the speaker variability model (5) reduces to
that we used for eigenchannel modeling in the female caskee eigenvoice model in [9] il = 0. So if m is given (the
the figures for the other cases (female factor analysis, EEm&BM supervector is a natural choicey, can be estimated
eigenchannel modeling and male eigenchannel modeling) &ge the algorithm described in Proposition 3 of [9]. (This
similar (but somewhat smaller). is a version of probabilistic principal components anaysi
Estimating eigenchannels and the parameters of the cdesigned to work with Baum-Welch statistics rather tharhwit
responding model of utterance variability (6) is relatwel point estimates of utterance supervectors as in convealtion
straightforward; most of the mathematics needed is pregenprobabilistic principal components analysis [19].) Theegx
in [9]. Exact algorithms for training the joint factor analg sions needed to handle the general caké¢: 0) are described
model are presented in [1] (Theorems 4, 5 and 7) but these ardghe appendix. (The training algorithms presented theee a
not easy to implement and they are computationally demarakrived from Theorems 4, 5 and 7 of [1] by takimg= 0 in
ing. Fortunately, these difficulties can be avoided at thgt cdhe statement of each theorem).
of a very slight degradation in performance by some simple In implementing this training procedure, the Baum Welch
approximations at least if the training set is well balancestatistics extracted from all recordings of each trainipgaker
in the sense that the recordings for each training spealge pooled together (as if there were just one recording per
are sufficiently numerous and diverse that channel effesnts cspeaker). In order to estimate the hyperparameters and
be averaged out by pooling the recordings for each speakgiin the utterance variability model (6), the only modificatio
(Compare the results obtained with ‘exact’ and ‘simplifiedhat is needed is to apply the proceduvithout pooling the
training in [3]1) These approximations lead to the simplifie®daum-Welch statistics.
training algorithms described in the appendix which enable The training set that we used to fit the utterance variability
the joint factor analysis model to be trained using the sameodel (6) consisted of 9,291 conversation sides (393 hours
software that serves for eigenchannel modeling. We begin b speech exclusive of silences) in the female case. The
describing the acoustic features that we used and then megults of fitting a model with 25 common factors to this
sketch the training algorithms for the eigenchannel andtjoitraining set are illustrated in Fig. 3 which is a plot of the
factor analysis models. eigenvalues corresponding to the non-zero eigenvectors of
vv*. Note that the eigenvalues decrease exponentially. The

reported here, we skipped the ‘adaptation to the targetkspgzopulation’

: 2
step mentioned in Section 3 of [3] in order to adhere stri¢tiythe NIST measureq by comparing the expected Value‘d?‘@”. ar_‘d
evaluation protocol. |ldz||?. Sincey and z have standard normal distributions,



these expected values are given by the following matrixesac into first and second moments abautrather than first and
9 second moments abowt as was done in [9]. Secondly, for a
tr (d’ ) = 7726 @) given speaker, the speaker supervestdras to be estimated
tr(vv*) = 730.48. (8) from the data available for the speaker. Under these camiti
This suggests that essentially all of the utterance vaditabi a ppmt estimate ok may be unreliable and, as we showed n
in the training data could be accounted for by increasing tIIl3é] |t_ma3_/ be a}dvantage_ous_ to_ take account of the uncert_alnty
e?talled in estimating with limited amounts of data. We will

number of common factors which motivated us to experimen

. X . . explain in Section V-B how this complication can be dealt
with some model configurations having a very large numberith by a slight modification of the Baum-Welch statistics fo
of common factors. (The eigenvalue plots and traces in tﬁ%‘lch é/f thegs caker's Utterances
male case are similar.) P ’

We note in passing that it has been our experience that inIn the case of eigenchannel modeling, the rectangular xatri

the case where is set to0 (the situation in classical MAP), u In (2) can be estimated in much the same way. Recall that the

estimatingd by a maximum likelihood criterion does not givebas'c assumption here is that if we have a pair of conversatio

a better estimate than the empirical method in [15]. This |Sldes for a given speaker with corresponding speaker- and

/
consistent with the observation in [15] that the effectaesn channel-dependent supervectars and M’ then
of relevance MAP is insensitive to the value of the relevance M = M+ux (20)

factor. wherex has a standard normal distribution. Suppose we are

given a training set consisting of a suitably large collectof
SPEAKER EIGENVALUES . .
1000 I pairs of utterances by different speakers. We can use one of

the utterances in each pair (we chose the longer of the two)
to estimate the supervectdvl appearing in the right hand
side of (1). This plays the same role as the estimate of the
speaker supervectarin (9) so the procedure for estimating
ok is formally the same as in the case of the joint factor analysi
. model.
CHANNEL EIGENVALUES
. 1000 T T T
e
0} “
\
100 |
1 1 1 1 1 1 1 1 1 1 .
0 5 10 15 20 25 30 35 40 45 50
Fig. 3. Eigenvalues obtained by modeling utterance variabilitghw25 \‘x\
common factors. Female data. Compare with Fig. 4. The grapthé male N,
case is similar. 0k
C. Session variability
We now turn to the problem of estimating the rectangular
matrix w in (2) and (4) which serves as our model of session s 1 5 2 5 % % 0 65w
variability, both in the joint factor analysis model and imet
eigenchannel model. Fig. 4. Eigenvalues obtained by fitting an eigenchannel model ok ran

L . .. 50. Female data. Note that the decrease in the eigenvaluappmximately
Combining (4) and (5), we can summarize the joint factQiponential. The graph in the male case is similar.

analysis model by writing

M — situz 9) The training set that we used to estimaitén (2) consisted
of 27,399 utterance pairs in the female case. (The training
This is formally almost the same as (5) with set to 0 set that we used to estimate the utterance variability miodel
which suggests that can be estimated by the same method3ection IV-B was obtained by choosing the longer utterance i
as those used to estimatein [9]. Two complications arise each of these pairs.) The results of fitting a model of rank 50
however. Firstly, the speaker supervecsoin (9) varies from to this training set are illustrated in Fig. 4 which is a plbtlee
one speaker to another whereas the superveeidn (5) is eigenvalues corresponding to the non-zero eigenvectarsdf
speaker-independent. This can be dealt with by convertiag tsorted in decreasing order. (The eigenvalue plot in the male
Baum-Welch statistics for each utterance by a given speakase is similar.) The fact that the decrease is approximatel



exponential means that only a small fraction of the channgisentangle the speaker and channel effects in the enmime
variability will be lost if channel supervectors are exmed utterance, that is, to estimate the speaker’s supervactyr
in terms of the eigenchannels and the expansion is cut @i aftarrying out the decomposition (2). In [1] we showed how
a finite number of terms. This provides empirical justifioati to formulate this problem as one of calculating the posterio
for the assumption that channel variability is intrinsigdbw  distribution of the hidden variables in the factor analysis
dimensional. model, namelyx in (4) andy and z in (5). This calculation
Estimating the matrixs in (4) (that is, the joint factor anal- is described in detail in Section Il of [1]. (The treatmest i
ysis case) yields a similar picture with one critical diface, general enough to handle extended data tasks where there are
namely that the sum of the eigenvalues in this case is abtfut lraultiple enrollment recordings for each target speakehena
of the sum of the eigenvalues in Fig. 4. This is undoubteddy thhan just a single enrollment recording as in the core camdit
reason why joint factor analysis outperformed eigenchianra the 2005 evaluation).
modeling in our experiments. Since the amount of enrollment data for a target speaker
Comparing Figs. 1 and 2 it is easy to see why this difference limited, a point estimate of the speaker’s superveator
should arise. The supervectakd and M’ in Fig. 1 are both derived in this way may not be reliable. Comparing the result
contaminated by channel effects whereas the supervedtor obtained with the ‘exact’ and ‘simplified’ scoring methods i
Fig. 2 is not. Thus the variance of the channel compensatif#) shows that ignoring this type of uncertainty can degrade
supervectors (in other words, the sum of the eigenvalues sifeaker recognition performance. Unfortunately the exeat-
uwu™) in Fig. 1 is twice as large as the variance of the channielg method that we used in [4] is very computationally
compensation supervectors in Fig. 2. Of course this argamexpensive. To deal with this problem we propose a new way of
assumes that an uncontaminated speaker supensector be addressing the uncertainty issue in this article which isnooe
estimated for each speaker in the case of the factor analysisnputationally expensive than the simplified scoring rodth
model. We used a very crude approximation to achieve thi$is entails calculating not only the posterior expectatid
goal in training the joint factor analysis model — we simplyhe target speaker’'s supervectwmt enroliment time (which,
pooled the Baum-Welch statistics over all recordings ofheaéollowing the notation in [1], we denote by [s]) but also
speaker. This works (compare the results obtained with ttiee diagonal of posterior covariance matrix of(which we
‘exact’ and ‘simplified’ training algorithms in [3]) becaeis denote byCov (s, s)). Both of these can be calculated using
we chose our training set so that there were sufficienttiie methods in [1f.
many recordings of each training speaker that channeltsffec It has been our experience that it in the case where0,
could be averaged out in this way. However the situation ov (s, s) is invariably quite large (typically about 75% of the
quite different when it comes to enrolling a target speakéntal speaker variabilityl”). On the other hand, in the case of a
for speaker recognition because there is jaose recording pure eigenvoice modetl(= 0), this uncertainty is quite small
for each target speaker in the core condition of the NIS(Eince enrolling a target speaker entails estimating oy a
evaluations. In fact it i®nly in the enrollment phase that themany free parameters as there are eigenvoices). In gefaral,
implementations of the joint factor analysis model and theny configuration of the joint factor analysis mod€bv (s, s)

eigenchannel model require different software. will be largest for target speakers with the least amount of
training data. As we shall see, incorporating this term thi

V. USING THE MODELS TOBUILD SPEAKER scoring mechanism for speaker recognition provides a way

VERIFICATION SYSTEMS for penalizing hypothesized speakers with small amounts of

?nrollment data.

In this section we explain how we use the joint facto . . "
analysis model and the eigenchannel model to construct” USing the eigenchannel model for speaker recognition,

speaker verification systems. We have to describe how ro_IIing a target speaker is much S‘mp'er-_w‘? use the prior
estimate a GMM supervector for each target speaker, h tribution (6) to calculate the posterior distributiof the

we evaluate the likelihood of a test utterance using a tarqjileaker' and channel-dependent supervectprfqr thele
speaker GMM and how we normalize likelihoods calculate teranceM. In the casal :.0’ the calgulz?\tlon IS c'k.escrlbec_i
in this way so that a common decision threshold can be usedfp"roposition 1 of [9] and its corollaries; a mpdlﬂcatl_on IS
all speaker verification trials. We will concentrate on the§ needed to handle the general case. (Take: 0 in Section
factor analysis model, indicating the modifications tha¢de I-C of [1].)

to be made in the case of the eigenchannel model as we go

along. The decision criterion that we will propose for sperak B. The likelihood function

verification with the joint factor analysis model in thisiakt Again we consider the factor analysis model first. Suppose
is a compromise between the ‘exact’ and ‘simplified’ scoringie are given a target speaker and a test utterance and that
methods in [3]. (In the terminology of [4], the ‘exact’ scogi

method refers to the sequential likelihood ratio statiktic 2Although we calculatedCov (s, s) exactly for the experiments reported
here, it has been our experience that the approximation

A. Enrolling a target speaker Cov (s, 8) ~ diag (v Cov (y,y) v*) + dCov (z,2) d (11)

| . he ioint f lvsi del f k which ignores the cross correlations betwegrand z works quite well in
n using the joint factor analysis model for speaker IFecc’gfactice. This is easy to implement and it gives exact resaolthe two cases

nition, the key calculation in enrolling a target speaketds which are of greatest interest, namety= 0 andv = 0.



we wish to test the null hypothesis that the utterance spealksd let?'/? be an upper triangular matrix such that
is different from the target speaker against the altereativ L= /e (18)
hypothesis that the two speakers are the same. Denote the N
speaker supervector for the target speakes land denote the (that is, the Cholesky decompositioniyf Then applying some
test utterance byt algebraic manipulations to the formula given in the stateime
If we assume to begin with thatis known the likelihood of Proposition 2 in [1] leads to the following expression for
of X under the alternative hypothesis — let us denote it ke likelihood function:
P(X]|s) — can be calculated by the methods in [9]. By (4)

C
there is a random vectar such that the speaker- and channel- log P(X|s) = Z N.log ﬁ
dependent supervector for the test utterance is = (2m)F/2| x|V
1 _ 1
s+ ux. (12) - §tr (= 1Ss) - §log|l|
If  was known, we would know the value of this supervector + %Hl*l/Qu*E*lFsH2 (19)

so it would be straightforward matter to calculate the cendi . . )

tional (Gaussian) likelihood of the test utteranédX|s, z), providedthat s is known. In practices has_to be estimated
using the Baum-Welch statistics extracted from the utigean(f0m the enroliment data for the hypothesized speaker so we
(Lemma 1 in [9]). So, since: is assumed to have a standardePlaceF's andS, by their posterior expectations; [F's] and

normal distribution,P(X|s) is given by E'[S,], which are given by
E[F,) = F-NE]s]
P(Xl|s) = /P(X|s,w)N(m|0,I)dm (13) B[S = S-2diag(FE[s"])
where N (-0, I) is the standard Gaussian kernel. Proposition + diag(N(E [s] B [s7]
2 in [9] explains how to derive a closed form expression for + Cov (s, s))) (20)

this type of integral so we will simply state the result hame i
a flgirrmt Whrl:]:h :15 ?‘;Ip rr(])p'ga:e forht-rr;?;Trscor?nnorm;tl;a;on.A)‘ Because the termtr (X7'S,) enters into (19) with a
St Some notation. ot eac ure compone ° . _negative sign, the effect of including the ter@ov (s, s) in

be the corresponding’ x I” covariance matrix; we take this 20) is to diminish the value of the lielihood function by an
_to be diagonal and assume that it is _speaker- gnd Chanbﬁ‘lount which is inversely proportional to the amount of the
m_dependent. LeE be theC'F x CF' covanance matrix whose speaker’s enroliment data. (In order to ensure that the same
g:?r?]ggﬁl o?lzcbk:ezrigrfcv:ctldrg 'ij’wc;(')rl‘f; éN ¢ i\?gntr:r?i;'g?el criterion is used in training and testing we incorporatenailgir
9 modification to the Baum-Welch statistics in estimating the

component and set factor analysis model.)

F, = ZXt (14) The most inFeresting thing to note about_ (19) is that the

n likelihood function depends on the hypothesized speakigr on

(in accordance with the notation introduced in Section V-

through the computations in (20) and the cost of these
diag <Z XtXt*> (15) computations is negligible (sinc& [s] and Cov (s,s) are
t

calculated at enrollment time). The principal computatisn
1/2

Se

where the sum extends over all observatidhsaligned with the evaluation of =/~ (the value of the determinafit is a by-
the given mixture component, andiag () sets off-diagonal product) and this only needs to be done once (independently

entries to 0. (As we have written them these are \ﬁter&f the number of speakers hypothesized and the number of t-
statistics but we use Baum-Welch statistics in practice. VJi2'™M Speakers). Note also that the number of common speaker

use gender dependent UBM's to extract these statistics fF10'S nas a major effect on the computational burden of
all cases.) LetN be theCF x CF diagonal matrix whose €valuating the terms?[s] and Cov (s, s) in (20) but these
diagonal blocks arev,I (for ¢ = 1 C) where is the terms are only evaluated at enrollment time. The calcutatio

F x F identity matrix. LetF be theC'F x 1 vector obtained " (19) is completely insensitive to the number of common
by concatenating, (for ¢ — 1 C). Similarly, let S be the speaker factors; this is another major advantage over the

CF x CF diagonal matrix whose diagonal blocks &fg (for decisi(r)]n criterior]: uhsed .in [4]-h | | f | h
c=1,...,C). We denote the first and second order moments " the case o the eigencnanne model, we ormu ate the
of X arounds by F, and S, so that hypothesis test in a slightly different way but the calciolias

are formally identical. Suppose we are given two utterances
F, = F—-Ns and we wish to test the null hypothesis that they were uttered
S, = S-—2diag(Fs*) + diag (Nss®). by different speakers against the alternative hypothé&is t
they were both uttered by the same speaker. We designate one
(16) of the utterances (the longer of the two in our implementgtio
Finally, let as the enrollment utterance and the other as the test uteeran
Denote the test utterance by, let M be the speaker- and
I = I+u'YX 'Nu, (17) channel-dependent supervector for the enrollment utteran



and letE' [M] and Cov (M, M) be the corresponding poste- For most of our experiments we used 120 t-norm speakers
rior mean and covariance matrix (calculated in the enratitnefor each gender and 120 z-norm utterances (20 from each of
phase). Then the likelihood of under the alternative hypoth-the databases that we used for development). In our exerien
esis can be calculated in exactly the same waya¥|s) in there is little to be gained by increasing the number of tamor
(19) by replacings by M throughout. speakers or z-norm utterances beyond this number.

C. Score normalization VI. EXPERIMENTS

In our first experiments in the present article, as in [4], All of the results we report are on the core condition of
[3], we used only t-norm for score normalization but wehe NIST 2005 evaluation. We used all of the trials in this
learned from [10] that zt-norm (that is, z-norm followed by tcondition rather than the ‘common’ subset [5]. (In all there
norm and not the other way round) could be very effectivgere 2771 target trials and 28, 472 non-target trials.) Vigere
for the type of model under consideration at least in thgoth equal error rates (EER) and the minimum values of the
case wherev = 0. Unlike t-norm, z-norm requires a way NIST detection cost function (DCF).
of evaluating the likelihood of a test utterance under the |n all of experiments we used UBM'’s with 2048 Gaussians.
assumption that the actual speaker is somebody other tf@iir first experiment was conducted with an eigenchannel
the hypothesized speaker — the ‘unknown speaker’ as it wefgodel having 25 eigenvoices (EV), 50 eigenchannels (EC)
(This is the likelihood which appears in the denominatoihef t and t-norm score normalization. This resulted in a EER of
log likelihood ratio used in Neyman-Pearson style hypdthesf 11.7% and a DCF of 0.042 which was disappointing
tests. These denominators are redundant if t-norm is used ¢ensidering the size of the databases that we used for devel-
score normalization.) opment. This led us to experiment with several variants ef th

We consider only the case of the joint factor analysis modeligenchannel model but eventually we abandoned it in favor
(The modifications needed to handle the eigenchannel moggthe joint factor analysis model.
are self-evident.) The solution proposed in [10] is to take t  Before describing these experiments we make a brief remark
speaker in the center of the acoustic space as the unknyBdut silence detection. Unlike most participants in thelev
speaker. That is the likelihood of a test utterance for th&tion we used the time stamps provided by NIST to suppress
unknown speaker is evaluated in the same way as for a targg@énces in the enrollment and test utterances. This gave us
speaker by taking about 25% more speech data to work with than a conventional

E| _ silence detector. To evaluate the effect of this decisiorrave
s] = m . .
ran our system using the ISIP silence detector and found that
Cov(s,s) = 0 (21) e obtained poorer results (an EER of 12.3% and a DCF

wherem is the speaker- and channel-independent supervec@r0.045). Thus we did not use the silence detector in our
in (5). However, since our likelihood function takes accourpubsequent experiments.

of the uncertainty in the point estimate of a target speaker’

supervector produced by the enrollment procedure, it isemox Eigenchannels

natural for us to take the speaker for whom no enroliment

data is available as the unknown speaker. This is tantamoynPY" first series of experiments was designed to evaluate
the effect of modifying the configuration of the eigenchdnne

to settin ) ) .
g model. The results are summarized in Table | which shows
E[s] = m that our best results were obtained with a configuration of 5
Cov(s,s) = diag(vv*+ d2) (22) eigenvoices and 25 eigenchannels. It is apparent that sare |

_ . needed to avoid over fitting the utterance and session models
wherewv andd are as in (5). Our experience has been thi spite the large amounts of training data that we used. The
this is an effective way of evaluating the denominator of thgenefit of adding eigenvoice MAP to classical MAP is not
likelihood ratio in the case where = 0 but we also found it great (compare the last two lines of Table 1) but this is ppsha

necessary to experiment with the following variant: not surprising since eigenvoice methods were developed to
Els] = m deal with situations where very little data is availablerfowdel
LN adaptation (far less data than a whole conversation side).
Cov (s,s) = N Z Cov (sp, Spn) (23) TABLE |
n=1

) ) Results obtained on all trials of the core condition of theSNI2005
where the sum on the right hand side extends over the set Qfuation using various configurations of the eigenchamnedel. T-norm

t-norm speakers andy is the number of t-norm speakers. We score normalization.

will refer these three versions of z-norm ag-norm (or ‘z-

norm without uncertainty’)z2-norm andzs-norm respectively. (EV ] EC| EER | DCF |

Our experience has been thatis not really appropriate for 25 1 50 | 11.7% | 0.042

the scoring procedure that we are using and thahorm is 5 | 50 | 11.7% | 0.036

more effective tham,-norm if common speaker factors are 5 | 25 | 10.2 | 0.036
0 | 25 | 11.7% | 0.038

included in the speaker variability model (5).




TABLE IV
Joint factor analysis with no common speaker factors and f2npel
factors. F = forward, R = reverse. Compare with Table IlI.

The experiments reported in Table | were conducted using
only t-norm score normalization. We tested the other types
of normalization strategies described in Section V-C on two
model configurations: 5 eigenvoices and 25 eigenchanreds (t
best configuration according to Table I) and 0 eigenvoicek an

[ normalization | trial type | EER | DCF |

. . . . . - 0,
25 eigenchannels (the configuration most similar to [10Re T Ztgf'r?;?n i 171;/? 8'833
results are summarized in Tables Il and Ill. For each config- Zzt-norm = 6.9% | 0.022
uration the best results are obtained with zt-norm, configmi zot-norm R 6.4% | 0.023
the results in [10]. In each case z-norm with uncertaintegiv zzthorm F+R | 66% | 0.021

better results than z-norm without uncertainty in impleitiven

zt-norm, as one might expect. However zt-norm is substan-

tially more effective in the case where there are 0 eigemsicvariability rather than speaker variability. Since sessi@ri-
than in the case of 5 eigenvoices. Thus it turns out that osir b&bility should be to a large extent gender independent we wer
result with eigenchannel modeling, namely an EER of 8.7¢terested to see if gender independent joint factor arsalys
and a DCF of 0.029, is obtained without using any eigenvoicg¥del with this configuration could use the training data at

contrary to what the results in Table | might suggest. our disposal to greater advantage. (Recall that one of our
principal concerns with the factor analysis model was the
TABLE I paucity of Mixer type training data.) The results of these
Eigenchannel model with 5 eigenvoices and 25 eigenchanBiéisct of  experiments are reported in Table V where a slight degradati
different types of score normalization. in performance is apparent. (In performing score norméitra
in these experiments we used the same gender-dependent t-
[ normalization | EER | DCF | norm speaker sets and z-norm utterance sets that we used for
t-norm 10.2% | 0.036 the experiments presented in Table IV.)
z1-norm 12.9% | 0.056
z2-Norm 13.8% | 0.047 TABLE V

z1t-norm 10.9% | 0.040
zot-norm 9.5% 0.034

Genderindependenfoint factor analysis with no common speaker factors
and 25 channel factors. F = forward, R = reverse. Compare \iligble IV.

TABLE Il [ normalization [ trial type [ EER [ DCF |
Eigenchannel model with O eigenvoices and 25 eigenchanBéfsct of t-norm F 10.9% | 0.040
. - . zo-norm F 8.2% | 0.030
different types of score normalization. Compare with Tdble 2o tnom S =% 10025
zot-norm R 6.8% | 0.026
[ normalization | EER | DCF | zot-norm F+R 6.9% | 0.024

t-norm 11.7% | 0.038

z1-Norm 12.1% | 0.055 . . .
Zy-horm 59% 0034 So we concluded that even in the situation where the number

Z1t-norm 9.5% | 0.0324 of common speaker factors is set to 0, gender dependent
zot-norm 8.7 | 0.029 modeling is the best strategy. Our best result with this type
configuration of the joint factor analysis model on the NIST
2005 test set, namely an EER of 6.2% and a DCF of 0.019, was
obtained by gender dependent joint factor analysis mogelin
with no common speaker factors and 50 channel factors in
Since we found that with the eigenchannel model zt-norfle same way as the result in the last line of Table IV. The
was much more effective with no eigenvoices than with &orresponding DET curve is shown in Fig. 5. (Increasing the
eigenvoices we set the number of common speaker fact@igmber of channel factors from 50 to 100 gave essentially the
to be O for our first experiments with the joint factor anaysisame results.)
model. The results are substantially better than the resust
obtained with the eigenchannel model and they are reported _ . o
in Table IV. With the eigenchannel model it was natural t& Joint factor analysis with 300 common speaker factors
treat the longer of the two utterances in a trial as the tngni  So far we have only considered a special case of the joint
utterance and the shorter as the test utterance but with fhetor analysis model, namely the case when the number of
joint factor analysis model this distinction does not seem tommon speaker factors is zero. We now turn to the opposite
be a natural one. So we carried out the trials in both thextreme where the nhumber of common factors is very large,
forward direction (that is, with the training and test ustece namely 300. In this situation, the speaker variability mq8g
designations given by NIST) and in the reverse directiore Thbehaves like a pure eigenvoice model (dex~ 0). The effects
two strategies give essentially the same overall results hof various types of score normalization are shown in Table VI
averaging the results gives a small improvement in DCF.
Most of the free parameters in this configuration of the The general trend is that, just as we found in the case where
joint factor analysis model are devoted to modeling sessitime number of common speaker factors was 0, zt-norm is more

B. Joint factor analysis with no common speaker factors
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Fig. 5. DET curve showing results on the NIST 2005 test set, allstriebre  Fig. 6. DET curve showing results on the NIST 2005 test set, allstriedre
condition. Gender dependent joint factor analysis with wonmon speaker condition. Gender dependent joint factor analysis with 88@hmon speaker
factors and 50 channel factors. Trials evaluated by averggihe results factors and 50 channel factors. Trials evaluated in the reealirection.zst
obtained in both forward and reverse directionst score normalization. score normalization. EER = 5.2%, DCF = 0.017. Compare with.F5.

EER = 6.2%, DCF = 0.019.

TABLE VII
Joint factor analysis with varying numbers of common speéetors and
50 channel factors. Forward scoring onlyst score normalization.

TABLE VI
Joint factor analysis with 300 common speaker factors andthnel
factors.

[ Common Speaker Factors EER [ DCF |

[ normalization [ trial type [ EER | DCF |

0 6.8% | 0.021
t-norm F 9.0% | 0.034 1 7.1% | 0.029
t-norm R 8.9% | 0.033 5 7.3% | 0.036
z2-N0OrM F 9.2% | 0.033 20 6.9% | 0.029
z2-N0OrM R 7.5% | 0.030 100 5.8% | 0.020
z3-norm F 6.8% | 0.026 300 5.4% | 0.018
z3-norm R 6.2% | 0.023
zot-norm F 7.4% | 0.023
zot-norm R 6.7% | 0.022
zzt-norm F+R | 6.6% | 0.020 of classical MAP and eigenvoice MAP in estimating target
- 0, ..
22:28;2 . g';//; 8'81’; speaker models from limited amounts of data. But the results
23t-NOMM FR 1 53% [ 0.017 in Table VIl show that the best performance is obtained in

the two extreme cases whete = 0 andv = 0 and this
suggests that fusion at the score level may be the bestgtrate
effective than z-norm and z-norm is more effective thaniamo for achieving this goal. It turns out that a linear fusion otif
but in this situation thes; flavor of z-norm is more effective systems, namely forward and reverse scoring with 0 common
thanz,. Note that the best result in Table VI (EER = 5.2%speaker factors and 300 common speaker factors does indeed
DCF = 0.017) is considerably better than the best result v@#ve a slightly improved value of the detection cost funatio
obtained with no common speaker factors (EER = 6.2%, DEB.016 versus 0.017) when compared with the result in Fig. 6
= 0.019 in Fig. 5). The DET curve corresponding to the bebtt there is a slight degradation in the equal error rate%b.4
result is shown in Fig. 6. versus 5.2%). Thus more sophisticated fusion techniquels su
as logistic regression or a multilayer perceptron may bethvor
D. Varying the number of common speaker factors investigating.

So far we have only considered the two extreme cases where
the number of common speaker factors is zero or very large. VII. DiscussioN
Results obtained with different numbers of common speakerThe NIST 2005 test set presents an interesting challenge
factors and 50 channel factors are reported in Table Vfor the joint factor analysis model because there is reason
Adding a small number of speaker factors (1 or 5) is sed¢a doubt that the model can be properly trained for this task
to hurt performance particularly as measured by the the DQFsing currently available telephone speech corpora. Thdtse

we have presented far surpass our initial expectationstwhic

Our reason for developing the speaker variability model (3yere so pessimistic that we thought that the more primitive

was to try to take advantage of the complementary streng#igenchannel model stood a better chance of working.



The success of our approach is due in large part to tf2] A. Solomonoff, W. Campbell, and I. Boardman, “Advandaschannel
effectiveness of the zt-norm technique [10] and to the new Compensation for SVM speaker recognition,” Rroc. ICASSP 2005
. . . . . Philadelphia, PA, Mar. 2005.
scoring procedure described in Section V-B which enabled Pg] D. Rubin and D. Thayer, “EM algorithms for ML factor agals.
to turn around a large number of experiments very quickly  Psychometrikavol. 47, pp. 69-76, 1982.

because of the efficiency with which it handles t-norm spealk4l J- A. Bilmes, “Graphical models and automatic speectogeition,”
ers. A remarkable feature of this scorin rocedure is ti in Mathematical Foundations of Speech and Language Proagssin
. ap ttsa M. Johnson, S. P. Khudanpur, M. Ostendorf, and R. Rosenf&is,

computational cost is independent of the number of common New York, NY: Springer-Verlag, 2004, pp. 191-246.
speaker factors in the factor analysis model. This enabted [{f] D: Reynolds, T. Quatieri, and R. Dunn, “Speaker vertfwa using

. . adapted Gaussian mixture modelBjgital Signal Processingvol. 10,
to experiment with large numbers of common speaker factors ;"9 41, 2000.
and obtain some excellent results. In the the extreme casg S. Lucey and T. Chen, “Improved speaker verificationotigh proba-
where the number of common speaker factors is very Iarge bilistic subspace adaptation,” Proc. EurospeechGeneva, Switzerland,

300), the factor analysis model of speaker varigbili Sept. 2003, pp. 2021-2024.

(e.g. ), _ ! ys! : p f17] 3. Pelecanos and S. Sridharan, “Feature warping fousbispeaker
behaves essentially like an eigenvoice modet{0). It may verification,” in Proc. Speaker Odyssegrete, Greece, June 2001, pp.
be that the reason why this model performs so well is that 213-218. _ .
o licit] dels | f Ei . adls 18] Institute for Signal and Information Process-
it implicitly models long ter_m eatures. ( igenvoice mediso ing, Mississippi  State  University.  [Online].  Available:
take account of the correlations between the various Ganssi http://www.isip.msstate.edu/projects/speech/sofagacy/index.html
in a speaker GMM.) [19] M. Tipping and C. Bishop, “Mixtures of probabilistic ipcipal compo-

It is rather surprising that it was possible to train this nent analysers.Neural Computationvol. 11, pp. 435-474, 1999.

configuration of the factor analysis model with a training se

which consisted of only a few hundred speakers (500 in the

male case and 700 in the female case). It is also interesting t

note that since the number of free parameters that have to be

estimated in order to enroll a target speaker with an eigieevo

model is far less than with classical MAP, it may be that

the methods presented here will prove to be effective with

smaller amounts of enrollment data than have traditionalRatrick Kenny received the BA degree in Mathematics from Trinity Col-
; ; : lege, Dublin and the MSc and PhD degrees, also in Mathemdtiom
been provided in the NIST evaluations. McGill University. He was a professor of Electrical Engineg at INRS-
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APPENDIX with

In this appendix we summarize the calculation of the a b

posterior distribution of the hidden variables of the joint a = N 1
. . . . .. b I+v*X "Nv
factor analysis model and we outline the simplified training
procedures that we used to estimate the hyperparameters 8 = ( fl )
m,u,v,d and X in our experiments. v*¥" " Nd
a) Posterior calculations in a joint factor analysis model: andy = I+X'Nd>

As we explained in Section V-A, when we use the factor
analysis model to build a speaker verification system, &ngpl

a target speaker consists in calculating the posteriorilolist X
tion of the speaker’s supervectsr which is related to the (CF + Ro + Rs) x (CF + Ro + Rs) whereRg is the rank

. . . - of w andRg is the rank ofv), care has to be taken to evaluate
hidden variables in the factor analysis model by (5). Heroe v those entries of.~! which are actually needed
we summarize the calculations needed to evaluate the jonﬂy - y _ )
posterior distribution of the hidden variables in a jointtfar b) Training a pure speaker factor analysis modéiie
analysis model given a single enrollment utterance for ti§@nsider a speaker factor analysis model of the form
target speaker. (The case where multiple enroliment uttes

are provided, as in the NIST extended data tasks, is treated i

Of course, since the dimensions bfare enormous (namely

=m+ d 27
Section Il of [1].) If s(s) =m +vy(s) +dz(s) @7)
x where s is a randomly chosen speaker. (This is a model of
X=1|v speaker variability alone rather than a joint model of sgeak
Z and channel variability. Since it is necessary to distisgui

then the posterior distribution oX is Gaussian of the samePetween training speakgrg in what follows we need to indi.cat
form as the posterior distribution described in Propositib e dependence onexplicitly.) We useA to denote a generic
of [9]. Specifically, if V and L are the matrices defined by NYPerparameter seim, v, d,x).
Given an initial hyperparameter s&t = (my, vo, do, Xo),
V. = (u v d) (24) we summarize two algorithms, known as maximum likelihood
L = I+V*YINV. (25) and minimum divergence estimation [1], for producing a
better hyperparameter sét (‘better’ in a sense that can be

then the posterior distribution oX has covariance matrix made precise using the likelihood function defined in [1]).
L~ and meanL, 'V*X~'(F — Nm). Thus calculating the Throughout, we will use the notatiaf ['] to refer to posterior
posterior distribution ofX is essentially a matter of inverting expectations calculated with the initial parameter Agtas

the matrix L. outlined above. (We only use the case where 0 since we
A straightforward calculation shows thdit can be written are dealing with a pure speaker factor analysis rather than a

as joint factor analysis.)

a b c In order to describe the maximum likelihood estimation

b* IT+v'Y 'Nv o*2 'Nd (26) Pprocedure it will be convenient to eliminate by writing

¢ d¥'Nv I+3X7'Nd’
where Y(s) = ( y(18) )

a = I+u'X 'Nu andV = ( v m )
= u'Y 'Nv

c = u'Y 'Nd so that (27) can be written in the forafs) = VY (s)+dz(s).



The following statistics are accumulated over the trairsey

Ne = Y Nu(s) (28)
A = XS:NC(S)E[Y(S)Y*(S)] (29)
B = XS:N(S)E[z(s)Y*(s)] (30)
¢ = XS:F(S)E[Y*(S)] (31)
a = idiag(N(s)E[z(sv*(s)]) (32)
b = 8 (33)

" ding (F(s)E[="(s)])

S is the number of training speakers, the sums extend over all
speakers in the training set and the square root sign in (37)
and (38) indicates Cholesky decomposition.

¢) Training a channel modelThe matrixw in the chan-
nel model (3), (4) can be estimated by applying the maximum
likelihood and minimum divergence training algorithms hwit
d =0, m =0 andv replaced byu by using a modified set
of first and second order Baum-Welch statistics as the input.
For each recording of a speaker, the modification consists
of centralizing the statistics extracted from the recogdby
applying the transformations (20) so as to remove speaker
effects.

In (28) and (29),c ranges over all mixture components. The

new hyperparameter sétn, u, v, d, ¥) is defined by

(i) For each mixture component=1,...,C and for each
f=1,...,F, seti=(c—1)F + f and letV; denote

theith row of V' andd; theith entry ofd. ThenV; and
d; are defined by the equation

(voa) (3 5 )=Ce w)

where3; is theith row of 28, q; is theith entry of a,
¢, is theith row of € andb; is theith entry ofb.
(ii) Let 90t be the diagonal’ F' x C'F' matrix given by

Mt = diag (V™ + bd).

(34)

Then

(35)

»=N"! (Z S(s) — im>

where N is the CF x CF diagonal matrix whose

diagonal blocks aréVv,I,..., Nol.

For the minimum divergence estimation procedure, the new

hyperparameter sek is given by

(36)
(37)
(38)

m = mg+vop, +dop,

1/2
’U()Kyy

v =
d = doK.}
5 Ny (s
~ 2diag (F(s)E [s°(s)])

+ diog (B[s()s" (N ) ) @9

where
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EES:E[Z(S)]

& BRIy ()] - pyi

diag <% Z E[z(s)z*(s)] — P«ZNZ> )



