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Speaker and Session Variability in GMM-Based
Speaker Verification

P. Kenny, G. Boulianne, P. Ouellet and P. Dumouchel

EDICS Category: SPE-SPKR verification, particularly if it is integrated with an efféxe
Abstract—We present a corpus-based approach to speaker model of speaker variability. As.aflrst gtte.r'nptlat this pEgbl
verification in which maximum likelihood Il criteria are used We proposed a model of session variability in [2] which we
to train a large scale generative model of speaker and sesmio referred to as eigenchannel MAP. In [3] we showed how
variability which we call joint factor analysis. Enrolling a target  this model can be integrated with standard models of speaker
speaker consists in calculating the posterior distributio of the variability, namely classical MAP [4] and eigenvoice MAR,[5

hidden variables in the factor analysis model and verificatbn tests ¢ d del of K d h iability which
are conducted using a new type of likelihood Il ratio statisic. 0 produce a model of speaker and session variability whic

Using the NIST 1999 and 2000 speaker recognition evaluation W€ refer to asjoint factor analysis In this article we will
data sets, we show that the effectiveness of this approachpends present an overview of the factor analysis model as it was
on the availability of a training corpus which is well matched originally formulated in [3] and we will explore how it can
with the evaluation set used for testing. Experiments on th&lIST be applied to text-independent speaker verification. Wee hav

1999 evaluation set using a mismatched corpus to train facto lored - implificati d refi ts of thediact
analysis models did not result in any improvement over standrd explored various simplincations and relinements ot thedac

methods but we found that, even with this type of mismatch, analysis model in subsequent work [6], [7], [8], [9], [10].

feature warping performs extremely well in conjunction with the Our original motivation in developing the factor analysis
factor analysis model and this enabled us to obtain very good - .
results (equal error rates of about 6.2%). model was to use model adaptation techniques developed for
speech recognition to perform channel adaptation of speake
Index terms speaker verification, Gaussian mixture, factomodels in speaker recognition. Two difficulties arise here.
analysis Firstly, very little data may be available for channel adapt
tion. For example, in all but the most recent NIST speaker
|. INTRODUCTION recognition evaluations (SRE's), test utterance duration
Simply stated, the basic problem in speaker verification is the core condition range from 15 to 45 seconds. Secondly,
decide whether two utterances have been uttered by the sanwlel adaptation techniques developed for speech redmgnit
speaker or by different speakers. Put another way, one has@mflate inter-speaker and channel variability so thahocaigh
decide whether the differences between the two utterarrees they are usually thought of as performing speaker adapiatio
better accounted for by inter-speaker variability or byeint they may be performing channel adaptation in some situgition
session variability, that is, the variability exhibited bygiven and speaker adaptation in others. In order to be effective
speaker from one recording session to another. This typefof speaker recognition, model adaptation techniques et
variability is usually attributed to channel effects altiglh capable of adapting speaker models to the channel effeets in
this is not strictly accurate since intra-speaker variatfthe test utterancevithoutadapting them to the speaker in the test
speaker’s health or emotional state for example) and pfonaitterance.

variation are also involved. o We have attempted to deal with these problems by modify-
In state of the art methods of speaker verification, speakgp the eigenvoice and EMAP (extended MAP) approaches
variability is assumed to be of primary importance but if model adaptation that have been developed in speech
has long been recognized that session variability is a 8&riqecognition specifically in order to deal with situationsaw
problem. In face recognition, it has been found that modeIS Gery small amounts of adaptation data are available (as-in on
intra-person variability (which capture differences insp@e jine speaker adaptation [11]). These methods have not been
and illumination in different images of the_ same subjece_a(,yide|y used in speaker recognition so we will give a brief
capable of good performance even when inter-person véariajescription of them here. Applied to the problem of estimgti
ity is not modeled at all [1]. This suggests that a systemaligeaker-dependent Gaussian mixture models (GMM's), EMAP
model of session variability could prove to be useful in $@ea requires specifying a prior probability distribution oneth
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by B. Given adaptation data for a speaker, the posteribr order to provide an answer to the second question, it seems
distribution for the speaker’s supervector can be caledlatto be necessary to integrate eigenchannel MAP with a model
usingm and B as in [5]. Because their role is to specify theof inter-speaker variability. The simplest possibilitytis use
prior distribution of the parameter that we want to estimatde prior in eigenvoice MAP for this purpose; this is the basi
(namely the speaker’s supervectam, and B are known as idea underlying the factor analysis model. Thus we assume
hyperparameters. Of course these hyperparameters alddameehat each speaker- and channel-dependent supervectorecan b
be estimated and this can be done by maximizing a likelihodécomposed into a sum of two supervectors, one of which
function whose arguments are the hyperparameters [5]. Th&s in the speaker space and the other in the channel space.
approach to hyperparameter estimation has come to be knd@&iren an enroliment recording for a speaker we can disen-
as maximum likelihood llin the general machine learningtangle the speaker and channel effects in the corresponding
literature [12]. speaker- and channel-dependent supervector by calaylatin
Classical MAP corresponds to the special case wiieris the joint posterior distribution of the speaker and channel
taken to be diagonal and estimated empirically. The adgantgactors. Suppressing the contribution of the channel facto
of EMAP over classical MAP is that it takes account of théo the supervector gives (in theory at least) an estimatbef t
correlations between different Gaussians in a speaker imodpeaker’s supervector which is immune to the channel affect
Thus, whereas classical MAP only adapts the Gaussians whiiclthe enrollment recording and hence an answer to the second
are observed in the adaptation data, EMAP adapts all of theestion above. In formulating the factor analysis model we
Gaussians even in situations where only a small fraction a€tually took this idea one step further by incorporating th
them are observed. prior for classical MAP as well as the prior for eigenvoice
Eigenvoice methods are based on the assumption that MA&P in order to compensate for the rank deficiency problem
supervector covariance matri® is full but of low rank so in eigenvoice MAP [5]. Posterior calculations and maximum
that speaker supervectors are constrained to lie in a ling&elihood Il training algorithms for the joint factor angis
manifold of low dimension which is known as trepeaker model are worked out in detail in [3].
space This type of constraint facilitates very rapid speaker Note that the factor analysis model is quite similar in gpiri
adaptation since only a small number of free parametdts feature mapping. In [13], the basic assumption is that
need to be estimated, namely the coordinates of a speakedsh speaker- and channel-dependent supervector is a sum
supervector relative to a basis of the speaker space. (Tdfea speaker-dependent supervector and a channel-degenden
eigenvectors ofB which correspond to non-zero eigenvaluesupervector. The major difference is that the factor anglys
— the ‘eigenvoices’ — constitute such a basis.) We will refanodel treats the channel space as a continuum whereas in [13]
to these free parameters sigeaker factors channel effects are quantized so that there is a discretef set
Combining the eigenvoice assumption with EMAP giveshannel supervectors (one for electret handsets, anotier f
eigenvoice MAP [5]. This type of model adaptation cagarbon and so forth). For this approach, the second question
be modified to tackle the problem of channel adaptation above presents no particular difficulty since it can be w&akl
speaker models for speaker recognition by assuming thst applying the appropriate type of channel compensation in
the channel-dependent supervectors for different rengsdi enroliment as well as in testing [13].
of each speaker have a Gaussian distribution centered omn undertaking the present work, our aim was to con-
the speaker’s supervector. If the covariance matrices eseh duct speaker verification experiments on one or more of
speaker-dependent distributions are tied across all speakd the NIST speaker recognition evaluation sets using a new
C denotes the common value, thé€h can be estimated by type of likelihood Il ratio statistic derived from the joint
the same methods as the supervector covariance mAkrixfactor analysis model. This entails as a first step fitting the
in eigenvoice MAP. This is the basic idea in eigenchannglint factor analysis model (using the maximum likelihodd |
MAP [2]. Our experience has been that the eigenvalues @iterion) to a large training corpus in which there are sale
C (like those of B) decay rapidly, soC can be taken recordings of each speaker, such as the corpora distriliyted
to be of low rank in practice. This makes it possible tehe Linguistic Data Consortium (LDC). In order to do this éyp
perform channel adaptation of speaker models on very shoftexperiment properly, the training corpus and evaluatien
test utterances. Since the supervectors which accounttiari need to be disjoint but reasonably well matched with respect
session variation all lie in the range @f, it is natural to think to both speaker and channel characteristics. Here we rarint
of the range ofC as thechannel spaceand to definechannel difficulty which we had not anticipated, namely that the NIST
factorsanalogously to speaker factors. evaluation sets had been collected in such a way as to make it
The development of eigenchannel MAP in [2] was inconpractically impossible to fuffill this requirement prior 005
plete because it addressed the first of the following questiolas we will explain). On the other hand, for both the 2004
but not the second: and 2005 evaluations, the evaluation data was drawn from
1) How is it possible to adapt a speaker model to thee common source, namely the Mixer collection, which was
channel effects in a test utterance without performingesigned specifically to stimulate research in channel firaggle
speaker adaptation? for speaker recognition [14]. It became possible to expenitn
2) How is it possible to estimate a speaker model in a wayoperly with the factor analysis model in 2005 because, for
which is immune to the channel effects in the speakefairposes of testing on the 2005 evaluation data, the 2004
enrollment data? evaluation data can serve as a training corpus. So, although
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the current work was done in 2004, we decided not to submiit 2005). Sections V and VI describe how we conducted our
it for publication until we were in a position to produce résu experiments and we conclude with a discussion of the results
on the 2005 data set (in the companion paper [7]). in Section VII.

Our main concern in this article was to see if a large
scale factor analysis model of speaker and session vatyabil Il. FACTOR ANALYSIS

(having up to 500 speaker factors and 100 channel factors ang e t4ctor analysis model combines the priors underlying

hence several hundred times as many free parameters as injiigsical MAP, eigenvoice MAP and eigenchannel MAP, so we
standard GMM/UBM approach to speaker verification) coulegin py reviewing these and showing how a single prior can
be successfully trained on corpora containing hundreds 1of constructed which embraces all of them. We assume a fixed

hours of data using the maximum likelihood Il prescriptiems Gy structure containing a total aff mixture components.
[3]. Secondly, we wanted to see if & likelihood Il ratio 886 | ot 12 pe the dimension of the acoustic feature vectors.
derived from such a model could be used successfully in

speaker verification. We adopted this approach to congtigict
a likelihood ratio statistic because it enabled us to tathée
problem of channel compensation in a much more sophisti-Our basic assumption is that a speaker- and channel-
cated way than eigenchannel MAP: firstly, it takes account 8ependent supervector can be decomposed into a sum of two
channel effects in a target speaker’s enrollment data ak w&ipervectors, one of which depends on the speaker and the
as in a test utterance (by integrating over all possibleasluother on the channel, and that speaker supervectors and chan
of the channel factors in each case, rather than by using pdi¢! supervectors are statistically independent and ndymal
estimates); and secondly, it takes account of the unceytaiflistributed. The dimensions of the covariance matricebede
of the target speaker’s location in the supervector spaae tHlistributions are enormou&'F” x C'F') so we have to explain
results from the fact that the enroliment data is of limiteBow we propose to model these covariance matrices.
duration (by integrating over the posterior distributiohtbe ~ Let M(s) be the speaker supervector for a speakand let
speaker factors, where the posterior distribution is dated 7 denote the speaker- and channel-independent supervector.
from the speaker’s enrollment data). (The simplest way to estimater is to take the supervector
We report the results of experiments on the NIST 199g0m a Universal Background Model (UBM).) In classical
and 2000 evaluation sets in this article. We investigatedeso MAP it is assumed that, for a randomly chosen speaker
methods to mitigate the mismatch problem, even though theb&(s) is normally distributed with meamn and a diagonal
methods violate the NIST evaluation protocol. The main ide@variance matrixi®. It is convenient to describe this prior in
here was to try to adapt a joint factor analysis model to tgrms of hidden variables as follows:
given target speaker population using the enrollm_t_ant dmx_a ( M(s) = m + dz(s), L
not the test data) for the target speakers. To facilitate we
also estimated universal background models on the enrotim#here z(s) is a hidden vector distributed according to the
data in our experiments on the 1999 evaluation set (but rasandard normal densityy (z|0,I). (It is easily seen that,
in the case of the 2000 evaluation set). For these reasons, @der this assumption, the expectation ff(s) is m and
results are not strictly comparable with those reportedtheo its covariance isi”.)
authors on these evaluation sets. (But note that the results Provided thatd is non-singular, MAP speaker adaptation
the NIST 2005 evaluation set in [7] were obtained withoutsing this prior distribution is guaranteed to be asymptily
any violations of the NIST protocol.) As it turns out, theggmi equivalent to maximum likelihood estimation of speaker mod
in performance obtained by this type of adaptation from oreds as the amount of adaptation data increases. Howeveg, the
speaker population to another were very minor. On the oth@pes not seem to be any principled reason for assuming that th
hand we found that substantial improvements (30% redustiogpvariance matrix is diagonal. Treating mixture composent
in error rates) could be obtained by using feature warpirig a speaker model as being statistically independent tas th
[15], [16] in conjunction with the joint factor analysis meld disadvantage that MAP adaptation can only update mixture
and this result convinced us to continue to develop the modeimponents which are observed in the adaptation data. Thus,
despite the obstacles we had encountered with it initially. if the number of mixture components' is large, classical
The article is organized as follows. In Section Il we deseribMAP tends to saturate slowly in the sense that large amounts
the factor analysis model and the likelihood Il functionngsi of enroliment data are needed to use it to full advantage.
the same notation as in [3]. We briefly describe the maximum Eigenvoice MAP assumes instead that there is a rectangular
likelihood 11 procedures for estimating the hyperparamgtematrix v of dimensionsC'F x R where R < C'F' such that,
from training corpora and for adapting them from one speakgr a randomly chosen speaker
population to another and we explain how enrolling a target .
speaker reduces to calculating the posterior distributibthe M(s) = m +vy(s), 2)
hidden variables in the factor analysis model. In Sectidn Wwherey(s) is a hiddenR x 1 vector having a standard normal
we explain how to construct the likelihood Il ratio statisti distribution. Since the dimension af(s) is much smaller
that we used for our speaker verification experiments. 8ectithan that ofz(s), eigenvoice MAP tends to saturate much
IV explains how we chose the training corpora and evaluationore quickly than classical MAP. But this approach to speake
sets for our experiments (and why this was problematic priadaptation suffers from the drawback that, in estimating

A. Speaker and channel factors
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from a given training corpus, it is necessary to assume thatno reason why its eigenvalues should decay rapidly to,zero
R is less than or equal to the number of training speakeyst this phenomenon is frequently observed in physics and
[5], so that a large number of training speakers may lkengineering. A plausible explanation for this is that, sitice
needed to estimate properly. Thus in practice there is noeigenvectors produced in the Karhunen-Loeve expansian of
guarantee that eigenvoice MAP adaptation will exhibit eotr physical signal are orthogonal, the energies in the dibesti
asymptotic behavior as the quantity of enrollment data foraf these eigenvectors are additive. The average energycim ea
speaker increases. No matter how much enrollment dataofsthese directions is just the corresponding eigenvaloe, s
made available, the eigenvoice MAP estimate of the speakesince the total energy of the signal is finite, the sum of the
supervector is constrained to lie in the subspace spanneddiyenvalues must converge. In order for this series to ageve
the training speakers’ supervectors even if the ‘true’ gpea the eigenvalues have to tend to zero rapidly.
supervector lies elsewhere. Thus the hypothesis that the covariance matrix for channel
The strengths and weaknesses of classical MAP and eigeampensation supervectors is of low rank (or, equivalently
voice MAP complement each other. (Eigenvoice MAP ithat the channel space is of low dimension) is a plausible
preferable if small amounts of data are available for speakene. Indeed, it has been our experience that incorporating
adaptation and classical MAP if large amounts are availpblgpecial channel factors (analogous to the diagonal terr@)in (
An obvious strategy to combine the two is to assume vaehich would result in a covariance matrix of full rank, hurts
decomposition of the form performance in speaker verification. If the channel covaréa
matrix were really of full rank then it would be possible
M (s) = m +vy(s) + dz(s), ) to make one speaker sound like any other by varying the
wherey(s) and z(s) are assumed to be independent and ®&hannel conditions. This would be very bad news for speaker
have standard normal distributions. In other wordg,(s) recognition! Of course, there are grounds for questionive t
is assumed to be normally distributed with meam and assumption that the channel compensation supervectors are
covariance matrixwv* + d*. This is a factor analysis modelnormally distributed in the channel space. The success of
in the sense of [17]. The components gfs) are common the method of feature mapping [13] suggests that the correct
speaker factorsand the components of(s) are special distribution may be multimodal rather than unimodal, sd tha
speaker factorsv and d are factor loading matrices The Gaussian mixture may be the most appropriate way to model
speaker spacés the affine space defined by translating thié This question is addressed in [9].
range ofvv* by m. If d = 0, then all speaker supervectors Thus, in its current form, the joint factor analysis model is
are contained in the speaker space; in the general daged) Specified as follows. IR is the number of channel factors
the termdz(s) serves as a residual which compensates for ta@d s the number of speaker factors, the model is specified
fact that this type of subspace constraint may not be raalistoy a quintupleA of the form (m,u,v,d,X) wherem is
This type of prior distribution has been used as a basis f6fF" x 1, u is CF x Rc, v is CF x Rg, andd and X
speaker adaptation in both speech recognition [18] anckepeaare CF x CF' diagonal matrices. To explain the role &f,

recognition [19]. fix a mixture component and letX. be the corresponding
In order to incorporate channel effects, suppose we aregivlock of 3. For each speaker and recordingh, let M;,.(s)
recordingsh = 1,..., H(s) of a speakes. For each recording denote the subvector a¥,,(s) corresponding to the given

h, let M1, (s) denote the corresponding speaker- and channgkxture component. We assume that, for all speakeesd
dependent supervector. We assume as in [2] that the differenecordingsh, observations drawn from mixture component
betweenM ,(s) and M (s) can be accounted for by a vectorare distributed with mean/;,.(s) and covariance matrix,.
of common channel factors,(s) having a standard normal In the cased = 0 andu = 0 the factor analysis model
distribution. That is, we assume that there is a rectangufgduces to the prior for eigenvoice MAP. In the case where
matrix w of low rank (the loading matrix for the channelu = 0 andv = 0 we obtain the prior for classical MAP.
factors) such that If we assume thaiM (s) has a point distribution instead of

M(s) = m+vy(s)+dz(s) . ghe _Gau_ssia_n di_stribution sp_ecified by (1) and that thiig:)oin

Mp(s) M (s) + uxp(s) } (4) |_str|but|or_1 is different for different speakers we obtd
prior for eigenchannel MAP.
for each recordingh = 1,..., H(s). Note that the speaker The special speaker factotgs) are included in the model
factors and the channel factors play different roles, irt tha in order to ensure that it inherits the asymptotic behavior o
speaker factors are assumed to have the same values fokhlésical MAP, but they are costly in terms of computational
recordings of the speaker whereas the channel factors vagmplexity. The reason for this is that, although the inseca
from one recording to another.
Thus we are assuming that channel supervectors are corlf d” is assumed to be relatesl by an equation of the form
tained in a low-dimensional subspace of the supervectaespa 5 1
: d?=-x

namely the range ofiu*, which we refer to as thehannel T
space The rationale for this assumption is that it has invariablyherer is a ‘relevance factor [4], then the classical MAP estiraatformulas
been our experience that the eigenvalueaof decay rapidly gre easily seen to be a special case of Proposition 2 in [3} (& replaced
so there is little loss in accuracy in assuming thas of low y d). Thus, although its role is rarely spelled out explicittiie diagonal

- ’ - J . matrix d is the key to the success of the GMM/UBM approach to speaker
rank. Given a random symmetric positive definite matrixyéhe verification.
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CHANNEL

p where N(X |0, I) is the standard Gaussian kernel

We denote the value of this integral iya (X (s)). A closed

form expression for this integral is given in Theorem 3 in [3]

in terms of the Viterbi statistics of the various utterantes

It is quite common in speaker recognition to use Viterbi-

type approximations (particularly if the number of Gaussia

in the UBM is large), but strictly speaking, this is not rgall

satisfactory — the correct procedure would be to sum over all

Fig. 1. In the PCA case, a speaker- and channel-dependent supeni¢t [POSSible alignments of observations with mixture compasien

o tlie "opace asc? tsﬁlémot?iactwfliiipiﬁrYﬁ?‘éLsanﬂlﬁ’ 50 fﬁﬁfﬁiéﬂrgﬁ CeHowever, summi_ng over all possib_le alignments in evaltggtin

\?v’i)tiatr?é ;S)g?efl?eligram rule). In the general case, spgalaqnexvectors are the ffaCtor analysis likelihood function would be compuai

distributed in the neighborhood of the speaker space. ally intractable. In the case where = 0 andv = 0 the
problem can be solved by dynamic programming [20], [21]
but this approach is not computationally feasible in theegah

in the number of free parameters is relatively modest sinease (unless the number of speaker factors and channeiacto

(unlike w and v) d is assumed to be diagonal, introducingire constrained to be unrealistically small). We dealt wiitis

z(s) greatly increases the number of hidden variables. It goblem in our implementation by substituting Baum-Welch

also a major source of complication in [3]; for example factcstatistics for Viterbi statistics in evaluating (5). (Weedsthe

analysis models do not form a conjugate family unldss 0. Ssame expedient in [5].)

We will use the term Principal Components Analysis (PCA)

to.refer to t_he case Whe.de: 0. The_ quel is quite simple in Speaker-independent hyperparameter estimation

this case since the basic assumption is that each speaker- an . o . ]

channel-dependent supervector is a sum of two supervectord! W€ aré given a training corpus in which each speaker

one of which is contained in the speaker space and the othefSfécorded in multiple sessions, the hyperparametersan
the channel space. This decomposition is actually uniqueesi be estimated by EM algorithms which guarantee that the total

the range ofuu* and the range ofv*, being low dimensional likelihood of the training data increases from one itenatio
subspaces of a very high dimensional space, (typicallyy orP the next. (The total likelihood of the tra|_n|ng dat_a_ls
intersect at the origin. (The representation in Fig. 1 ighgly 11s FA(X(s)) wheres ranges over the speakers in the training

misleading because it suggests that the intersection of ff§Pus. This is a likelihood Il function since its arguments
speaker and channel spaces is of positive dimension.) ~ &€ the hyperparameters.) We refer to these as speaker-
independent hyperparameter estimation algorithms (oplgim

astraining algorithms) since they consist in fitting (3) to the
B. The factor analysis likelihood Il function entire collection of speakers in the training data rathemth
to an individual speaker. These algorithms are described in
Theorems 4, 5 and 7 of [3].

SPEAKER
SPACE

Suppose that we are given a hyperparameterAseind a
set of recordmgs.for a speakeindexed byh = 1, ... ’.H(s)' One estimation algorithm, which we will refer to simply as
For each recording:, assume that each observation vector

. : . . . aximum likelihood estimation, can be derived by extending
has been aligned with a mixture component as in a Vlterg}ro osition 3 in [5] to handle the hyperparametarand d
alignment and letX}(s) denote the collection of labeled. P yberp

frames for thehth recording. LetX(s) be the vector ob- in addition tov and 3. Another algorithm can be derived by

tained by concatenating the collections of labeled frameg Y the d|yergence m_|n|m|zat|on_ approach to hyperpatame
; N estimation introduced in [22]. This seems to converge much

A(s),., Xuus) () for all of the speaker's recordings; these oo iy bt it has the property that it keeps the oritota
are the observable variables for the factor analysis model. pidly property that P :
X ) . Of the speaker and channel spaces fixed so that it can only
Let X (s) be the vector obtained by concatenating the hidden . . o
variablesa; (s) 2110 (5), y(s), 2(s). (As in [3] we use e used after maximum likelihood estimation has already

sy L H(s ) ) .

under bars when referring to collections of recordingsemstthbeen carried OUF' Minimum o!lvergence estlmatlon seems to
than to an individual recording.) produce better eigenvalue estimates than maximum liketiho

If X(s) were given, we could write dowrM,(s) and estimation. This is to be expected, since the only freedom it

calculate the (Gaussian) likelihood &f, (s) for each recording zszclsstgnrgtsézléhteh:Igizré\@(;ﬂessm the speaker and channel
h, so the calculation of the likelihood of’(s) would be '

straightforward. Let us denote this conditional likeliloby  2ry 5 given sequence of observation vectdis .. ., Yo, the first and
PA(X(s)|X(s)). Since the values of the hidden variablesecond order Viterbi statistics for each mixture componeate defined as

are not given, calculating the likelihood of(s) requires

. . 2 Ve
evaluating the integral >, VY
P (X(s)|X)N(X|0 I)dX (5) where the sums extend over all observations aligned withgthen mixture
A2 ===/ component.
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Admittedly, the literature on eigenvoice methods is unclea ANCILLIARY | estmare
as to whether very precise estimates of the eigenvalues are DATA N

needed in practice. Evidence presented in [11] suggests tha
in extreme situations where utterances are very short or the

number of eigenvoices is large, precise estimates may be Y
helpful, but in most implementations of eigenvoice methods ENROLLMENT RE-ESTIMATE
other than [11], [5] the eigenvalues are ignored altogether TARGET SPEAKERS mv.d

in speaker adaptation. (This is tantamount to treating all
of the non-zero eigenvalues as infinite in eigenvoice MAR)g. 2. A data set such as the enroliment data provided by NIST for one
The most widely used procedure to estimate eigenvoices afi¢he restricted data evaluations is not adequate to traifaetor analysis
: : . odel. We estimate the speaker-independent hyperpanamete a much

elge.nvalues re.“es on MLLF\_) or classical MAP (rather tha’;Erger ancillary training corpus that contains multiple cerdings for each
maximum likelihood estimation) to produce supervectons f@peaker (such as one or more of the Switchboard corpora). dstraf our
the speakers in the training corpus. This tends to produg@eriments this is followed by adapting the hyperpararadtet model inter-

. - . P eaker variability (namelyn, v and d) to the target speaker population;
noisy es_tlmat_es of the eigenvalues so that it '_S not alwaS& assume that channel effects are invariant so we keéiged.
clear which eigenvalues should be treated as being efédgtiv

0. Thus some authors have concluded that eigenvalue-based

dimensionality reduction is better avoided altogethefl;[88t population (in order to avoid over training on the limited
note that this is only feasible if the number of speakers Wmount of enrollment data in a NIST evaluation set). AltHoug
a training corpus is quite limited. In eigenchannel MAP Ofhjs type of adaptation to the target speaker populatiolatés

the other hand, dimensionality reduction cannot be avoidafle NIST evaluation protocol, we decided to explore it baeau
so careful estimation of the eigenvalues certainly seent®1to qf its intrinsic scientific interest.

desirable.

E. Speaker-dependent hyperparameter estimation

In order to construct the likelihood ratio statistic that we
The effectiveness of the speaker-independent hyperparamsed in our speaker verification experiments, we also need a
ter estimation algorithms in estimating a joint factor y:séd speaker-dependent hyperparameter estimation algoriiten.
model depends critically on the availability of a trainingrpus call that in the factor analysis model we have hyperpararaete
in which there are multiple recordings of each speaker —ii, v andd whose role is to model the distribution of speaker
seems very unlikely that speaker and session effects can esigpervectors. The idea in speaker-dependent hyperpaamet
be broken out using a training corpus in which there is jusistimation is that if we are given some enrollment data for
one recording for each speaker, such as the enrollment datparticular speakes, we can use this data to calculate the
provided by NIST for one of the restricted data SRE’s. Sposterior distribution of the hidden variablegs) and z(s)
in order to test our model on, say, the NIST 1999 SRE datahich specify the speaker’s supervecf(s), and use the
we need an ancillary training corpus such as the union byperparametersn, v andd to model the posterior distribu-
Switchboard Il, Phases 1 and 2, to train the joint factorgsial tion of M (s) instead of modeling the distribution of speakers
model. Thus in practice there may be a mismatch between thehe population at large (Fig. 3). This is broadly analogtu
training speaker population and the target speaker pdpualat the way speaker models are derived by MAP adaptation from
This raises an issue which seems to be of basic importarecaniversal background model in the GMM/UBM approach. In
for the factor analysis model namely, whether the speakeur experiments, the procedure for enrolling a target speak
and session components of the model can be successfaliyisists in carrying out this type of speaker-dependengehyp
estimated on different training corpora. Theorems 8 and 9 frarameter estimation.
[3] present two hyperparameter estimation algorithms twhic Thus we assume that, for a given speakemd recording
attempt to address this problem: one using the maximum likie;
lihood approach_ and the other using the minimum dlvgrgence M(s) m(s) + v(s)y(s) + d(s)=(s)
approach. We will present the results of experiments witth bo Mu(s) = M(s)+ umn(s) } . (6)
of these algorithms in this article. In these experiments, w h h
first estimate a full set of hyperparameters u,v,d andX That is, we make the hyperparametens v and d speaker-
on the ancillary training corpus and then, holdingand ¥ dependent but we continue to treat and 3 as speaker-
fixed, re-estimaten, v andd on the enrollment data (but notindependent. (The rationale here is that channel effecsldh
the test data) for the target speakers (Fig. 2). In other sjorahot vary from one speaker to another.)
we keep the hyperparameters associated with channel spada order to estimate the speaker-dependent hyperparasneter
fixed and re-estimate only the hyperparameters associatked wn(s), v(s) and d(s), we find the distribution of the form
the speaker space. It turns out to be important to use the(s) + v(s)y + d(s)z (where, as usualy and z have
divergence minimization rather than the maximum likeliloostandard normal distributions) which is closest to the giict
approach in this situation. That is, it is necessary to kéep tdistribution of M (s) in the sense that the Kullback-Leibler
orientation of the speaker space fixed as well as that of tergence is minimized. Thusn(s) is an estimate of the
channel space, rather than change it to fit the target speakpeaker’'s supervector when channel effects are abstracted

D. Adapting from one speaker population to another
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i hypothesis. Note that there is no notion of a target speaker
mv,d.u model in this construction. All that is needed is to underdta
how to evaluate the integral (5), but this computation can

be prohibitively expensive if the number of speaker factors

Y is large. (A large number of speaker factors is desirable for
ENROLLMENT SPEAKER- discriminating between speakers.)
DATA FOR |— | DEPENDENT . . . . L .
SPEAKER s m(g), v(9), ) u The sequential likelihood ratio statistic is constructed i

a more traditional way. Using enroliment recordings for the
Fig. 3. For a target speakers, the speaker-dependent hyperparametertarget speakeg we estimate a speaker-dependent version of
m(s), v(s) and d(s) model the posterior distribution of the speaker'sthe factor analysis model (Section II-E) which models the
supervectorM (s). This posterior is calculated using the speaker-indepehde . —_— .
hyperparameters and the speaker’s enrollment data. posterior distribution of the speaker-dependent supéovéar
the given speaker. This gives us two ways of evaluating the
likelihood of the test utterance, namely with the speaker-
and d(s) and v(s) measure the uncertainty in this estimatdndependent hyperparametefs and the speaker-dependent
This enrollment procedure is just the minimum divergend@&/perparametera (s), and hence another way of constructing
estimation algorithm applied to a single speaker in the cagdikelihood ratio statistic for deciding between the two- hy
whereu and¥ are held fixed. Note that minimum divergenc®otheses. Ift" denotes the collection of labeled observations
rather than maximum likelihood is the right criterion to usén the test utterance (each observation being labeled by the
here since, in enrolling a speaker, we want to impose tgerresponding mixture component), this statistic is given
constraint that the estimate of the speaker’s superveewint the log domain by
the speaker space. Details are given in Theorem 10 of [3]. For In Pp(s(X)
each target speaker we will denote the speaker-dependent Pp(X)
hyperparameter sétm(s), u, v(s), d(s), ) by A(s).

()

where the numerator and the denominator are evaluated as in
(5) (with H(s) = 1 in each case). We refer to this as the
sequential log likelihood ratio because it lends itselfunally

The likelihood Il function described in Section 1I-B canto progressive speaker adaptation if the speaker-depénden
be used to construct likelihood ratio statistics for speakByperparameter estimation algorithm is applied recufgive
verification in various ways. We will describe two of thesdThat is, whenever a new recording for a given speaker
statistics, which we call théatch and sequentiallikelihood becomes available, we update the speaker-dependent layperp
ratios, in this section. Both of these statistics are simdathe rametersm(s),v(s) andd(s) by using the current estimates
Bayes factors in [20], [21], [24] in that they make allowasceof these hyperparameters rather than the speaker-independ
for the fact that a target speaker’s location in supervesppace hyperparameters as the starting point for speaker-depénde
is uncertain (due to limited enroliment data) but, unlikesl estimation.) It is well known that progressive speaker adap
Bayes factors, they incorporate mechanisms to compensatetétion can improve the performance of speaker recognition
channel effects in the target speakers’ enrollment dataimndsystems dramatically and recent NIST SRE’s have permitted
test utterances. this avenue to be explored. (We have taken up this question

We assume that we are given a collection of one or moi@ [10].)
enrollment utterances for a target speakand a test utterance It can be shown that the two likelihood ratios are identical
and that we wish to test the hypothesis that the speaker in thethe case whered = 0, but in the general case the
test utterance is against the null hypothesis that the speakesequential likelihood ratio is only an approximation to the
in the test utterance is somebody else. batch likelihood ratio. The reason for this is that the famil

The batch likelihood ratio is most easily described in thef joint factor analysis models is not a conjugate family
case where there is just one enrollment recording (the Beeca unless the conditionl = 0 is satisfied (see the discussion
speaker comparison problem), but the extension to multipigeceding Theorem 10 in [3]). For the same reason, the sesult
enrollment recordings is straightforward. Under the aitgive of applying the speaker-dependent hyperparameter esimat
hypothesis, the speaker factors for the enrollment and tedgorithm recursively in evaluating the sequential likelbd
recordings are the same and the joint likelihood of the paiatio (i.e. progressive speaker adaptation) are exactiyecb
of recordings is given by evaluating the integral (5) witlonly if d = 0.
H(s) = 2. Under the null hypothesis, the two recordings are However it is preferable to use the sequential likelihood
statistically independent; the likelihood of each recoglis ratio in practice, because it is easy to find computationally
given by evaluating the integral (5) with/(s) = 1 in each tractable approximations for evaluating it; accordinglyis
case, and the joint likelihood of the two recordings is juss the only likelihood ratio that we used in the experiments
the product of these two integrals. Thus the two hypotheseported here. To understand the computational issues, con
give rise to different ways of evaluating the joint likelind sider first the numerator of (7). By Theorem 3 in [3], the
of the enrollment and test recordings. The batch likelihoatbmputation needed to evaluate the numerator essentlly b
ratio is just the quotient of the two values, and the largelown to calculating the Cholesky decomposition of a matrix
the ratio, the stronger the evidence in favor of the altéveat of dimension(Rs + R¢) x (Rs + R¢) constructed fromv(s)

[1l. LIKELIHOOD RATIO STATISTICS
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andwu. (Recall thatu is aCF' x Rc matrix andv is aCF x Rg An egregious example of what can go wrong if the training
matrix.) Reducing the rank af(s) to manageable proportionscorpus is not chosen carefully can be found in [26]. This was
by discarding the minor eigenvalues ofs)v*(s) alleviates our first attempt at implementing the factor analysis model
the computational burden. Sinegs) captures the uncertainty (using a small number of speaker factors and channel fgctors
in the values of the speaker factors after enrollment, moafte did a series of experiments to address some basic qugstion
of the eigenvalues ob(s)v*(s) are small if the amount of such as: Which of the two likelihood ratio statistics consted
enrollment data for the speaker is reasonably large. Even wgth the likelihood Il function is the more effective? Is t-
this calculation is still computationally demanding so tthanorm effective? How many Gaussians should be used? Is a
we were led to use cruder approximations in our subsequegender-dependent joint factor analysis more effectiven tha
work [7], [8]. We are not in a position to say whether thesgender-independent joint factor analysis? Is silencectiete
approximations are deleterious in situations where theusrho necessary? These experiments were conducted using the LDC
of enrollment data is not ‘reasonably large’ (as in the lfelease of Switchboard Cellular Part | as the training cerpu
sec enrollment conditions in the NIST SRE’s). Although ouand the NIST 2001 SRE cellular data for testing [27]. The
methods perform well under this condition, we have found theesults were extraordinarily good but we discovered after t
the uncertainty concerning the location of a target speakerfact that the NIST 2001 cellular evaluation data which was
supervector space is very large in this situation — typjcalldescribed in [27] as ‘drawn from the Switchboard-II Corpus,
about 50% of the variance of the speaker population asPaase 4’ was actually entirely contained in Switchboard Cel
whole. Thus is may be necessary to explore other approkitar Part I. Thus our preliminary experiments were flawed
mations in the future. and we were forced to abandon this testbed.

We are confronted by the same problem in evaluating theSince 2004, the NIST evaluation sets have all been drawn
denominator of (7) as in evaluating the numerator, but thisom the Mixer collection, which was designed specifically
can be avoided altogether by using t-norm score normatizatito stimulate research in channel modeling [14]. In partcul
[25]. The idea here is to enroll a collection of t-norm spaakethe evaluation sets for 2004 and 2005 were drawn from the
and, at verification time, to calculate the log likelihoodida same source (without recycling). Thus, by using the 2004
(7) for each t-norm speaker in addition to the target speakevaluation data as a training corpus (or part thereof), it is
s. Let u ando be the mean and standard deviation of the loggossible to experiment properly with the factor analysisigio
likelihood ratios for the t-norm speakers. The normalizati on the 2005 evaluation set — ‘properly’ in the sense that
consists in standardizing (7) by subtractipgand dividing by the training corpus and evaluation set are well matched. The
o. It is clear that the denominator in (7) drops out of thisesults reported in the companion paper [7] were all obthine
calculation. on the 2005 evaluation set.

However, prior to 2004 (when the present work was done),
each of the NIST evaluation sets was drawn from a different
Switchboard corpus (except in cases where data was recycled

In order to experiment with the factor analysis modetom one year to the next). Each Switchboard corpus was
in speaker recognition, we need a largaining corpus in designed to cover a particular dialect of American English
which each speaker is recorded under a suitable variety @f a particular type of transmission channel (e.g. GSM or
channel conditions for estimating the speaker-independ@DMA). Thus it was impossible at that time to experiment
hyperparametersA, and an evaluation set such as NISTith the factor analysis model using a NIST evaluation set as
provides in the annual SRE’s. These evaluation sets caofsisk testbed and one or more of the Switchboard corpora for
enrolimentdata for each of the target speakers destdata training without encountering a mismatch between training
which is used to measure speaker verification performdncand evaluation conditions. For example, using the NIST 2002
Naturally, the training corpus and the evaluation set sthoubr 2003 SRE data for testing and Switchboard Cellular Part
be disjoint but well matched with respect to both speaker andor training would not be appropriate since the test data
channel characteristics. Unfortunately, because of theth@ consists principally of CDMA transmissions and there would
NIST evaluation sets were collected in previous years, & wae essentially no CDMA transmissions in the training data.
impossible to use them as testbeds for experimenting wiBwitchboard Cellular Part | consists mostly of GSM trans-
factor analysis modeling prior to 2005 without violatingsth missions.)
requirement. So we decided that we would just have to live with the

mismatch problem until the 2005 evaluation set was made

°A note on terminology: In the general speaker recognitiaerdiure  gyailable. For our first experiments in this article we chose

the terms training and enrollment are used almost integdsaoly. In the . .
context of this work and [7] we use the word training solely refer to the Switchboard II, Phases 1 and 2 corpora for training
speaker-independent hyperparameter estimation (asilleddn Section II- factor analysis models and the 1999 evaluation data (wlsich i
C), just as one speaks of training UBM's in the GMM/UBM apmioaThe  extracted from the Switchboard I, Phase 3 corpus) forrgsti
terms enrollment and adaptation also tend to be used iregeably in the . . . .
GMM/UBM approach (since in that situation, a target speakedel is derived The Switchboard Il corpora consist of land line data with
from the UBM by classical MAP adaptation). In this work we uke term roughly equal proportions of ‘same number’ and ‘different
adaptation to refer solely to adapting speaker-indepentigperparameters number’ calls, so there should be no mismatch where channel
from one population to another (as described in Section)!l\De use the . . .

characteristics are concerned. However, there is a mismatc

term enroliment to refer to speaker dependent hyperpasnestimation (as o ]
described in Section II-E). between the training and target speaker populations becaus

IV. TRAINING CORPORA ANDEVALUATION SETS
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the training speakers are from the American Midwest arjdint factor analysis model on large training sets; thereds
Northeast and the target speakers from the South. We foutifficulty in introducingd in adapting the speaker-independent
that, under these conditions, speaker verification with theyperparameters from the training speaker population to a
sequential likelihood ratio statistic yielded results @hiare NIST target speaker population (since the enroliment data f
as good as (but no better than) the best results that have beach target speaker consists of just one or two recordings).
attained with standard GMM likelihood ratios and handset As we explained in Section II-B and Section Ill, evaluating
detection using unwarped cepstral coefficients as acoudtie likelihood Il ratio statistic for a given test utterarmed a
features. given set of hypothesized target speakers requires extgact

Our efforts to improve on these results by adapting the joithte first and second order statistics from the test data using
factor analysis model to the target speaker populatiomgubia a Viterbi or Baum-Welch alignment. We used Baum-Welch
strategy outlined in Section II-D were largely unrewardeat, alignments and gender-dependent UBM’s for this purpose. An
we did find that much better performance could be achievettvious advantage of using only UBM's for alignment is that
by using Switchboard Il, Phase 3 as the training corpus. @fgiven test utterance only needs be aligned once (rather tha
course, this is an unfair experiment because, in this chse, bnce for each hypothesized speaker as required by the usual
evaluation set is contained in the training corpus. HowéverGMM approach). Thus the number of Gaussians in the UBM
suggested that it would be useful to design an experimeht wis not really a major computational issue for us.

a well matched training corpus and evaluation set. As for signal processing, speech data was sampled at 8
We used the NIST 2000 evaluation data for this purposgdz and 12 liftered mel frequency cepstral coefficients amd a
The 2000 SRE data set is unusually large since it involveseaergy parameter were calculated at a frame rate of 10 ms. The
thousand target speakers. These speakers were drawn femeustic feature vector consisted of these 13 parameters to

both Phase 1 and Phase 2 of Switchboard Il and the tgsther with their first derivatives. For most of our experits
utterances were all extracted from different number callgie did not perform cepstral mean subtraction or normalize
We constructed the evaluation set for our experiment on thilse energy feature. Although it is contrary to tradition in
data set by discarding every second target speaker in #peaker recognition, there are several reasons for notgdoin
2000 evaluation and we constructed a training corpus usimgean normalization in the early phases of investigatioereh
speakers in Switchboard I, Phases 1 and 2 which were ngno difficulty in capturing linear channel effects with cimel
included in our evaluation set. We found that the joint factdactors; there is evidence that cepstral mean subtracgen r
analysis model performed well in this situation, which lexl uduces speaker variability as well as channel variabilitpeg

to conclude that the mismatch problem was indeed of critictl a lesser extent) [28] so that it may be an impediment to
importance. Nonetheless, we were eventually able to aehialiscriminating between speakers; and an early experinment i
very good results on the NIST 1999 data by using featue®mbining eigenvoice and eigenchannel modeling indicated
warping in conjunction with factor analysis modeling (errothat cepstral mean subtraction could be deleterious [2IceSi

rate reductions of about 30%). we wanted to be able to compare our results on the 1999 and
2000 evaluation sets with those published by other authors,
V. IMPLEMENTATION ISSUES we did not use feature warping except in our final experiments

Using | b f K a/ h | fact (rwhere it proved to be extremely effective).
Sing 1argé numbers of speaker and/or channel 1aclorSq; o aq were excised from the NIST 1999 and NIST 2000

ﬁreates probltemsT|E spgaker—llndepentd?_nt elskt)m:t:ittlon of g}ﬁollment and test data so we used a silence detector to pre-
yperparameters. The principal computational bottie pare the training data for our experiments on these evaluati

|sb||n catlr::u{a.tlng th; po:j;erlor :hstribu:]iotn pf'the hiddlt(aariv sets. Traditionally, NIST defines a ‘primary condition’ ftire
ables (that is,Ps (X (s)|X(s)) for each training speakes). annual evaluations. In 1999 and 2000 the primary conditions

If the number of recordings of the speaker is large (the id ere defined in such a way that only the electret portions of

S|rt]uat|or|1)f antd thetLe ar;ah_largel nulrrt1_bers of spe?l:)er facths e test sets were used in the evaluations. We did not impose
channel factors, then this cajculation may not be practylcalthe primary condition restrictions in our experiments sinee

fe‘f':lsnzlet#nlessi :|0. (Reca:! that we use the :erm ;%’%It ere interested to see how the joint factor analysis model
refer 1o this case.) In our preliminary experiments on would perform on a mixture of electret and carbon data. In

|2300t1|cellular e]\c/alutatl_on dat26usmg tg% SW':ChboardtcmHUIparticular, we did not use handset detection (except tokbrea
art | corpus for training [26], we did not encounter anYown some of our results).

difficulties in this case because we used only 40 speakarfact
and 40 channel factors, but for most of our experiments on the VI. EXPERIMENTS
NIST 1999 and NIST 2000 test data we did have to impose
the restrictiond = 0.* Calculating the posterior distribution
of the hidden variables is only problematic in training th

In this section we will first report results obtained on the
NIST 1999 evaluation data (which is extracted from Switch-
Board I, Phase 3) by training PCA models (ic.= 0) on
4Even with this restriction training can still be time consom For Switchboard Il, Phases 1 and 2. As we mentioned in Section

example, we found that training a PCA model with 300 speasietofs and |V, the training corpus and evaluation set for these expenirs
100 channel factors on a Switchboard database takes almeshalf real 5re mismatched.

time per EM iteration on a 2.4 GHz Xeon CPU. We have since foand .

satisfactory approximation which enables the trainingcpdure to be speeded In order to see how well a PCA model is capable of
up substantially [6]. performing if the training corpus and evaluation set arel wel
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matched, we carried out experiments on a subset of the NIBT A toy experiment
2000 evaluation data (which was extracted from both Phases ¥ne most promising strategy for dealing with the mismatch

and 2 of Switchboard If) where we used a subset of the NI§kween the training and target speaker populations in our
2000 target speaker population for testing and a disjoinde oyperiments on the 1999 evaluation set seems to be to use
speakers from Switchboard Il, Phases 1 and 2 for training. 5 large number of speaker factors in the hope of generating
For our final experiment with feature warping we used thg speaker space which is large enough to accommodate the
1999 evaluation set. target speakers as well as the training speakers. (Thisrigebo
out by experiments reported in [7].) However, if we use adarg
number of speaker factors then computational considersitio
A. Data force us to takel = 0 in training the factor analysis model (as
we mentioned in Section V) and to make an approximation in
For each target speaker in the 1999 evaluation set, t#ealuating the sequential likelihood ratio statistic (&p (ve
enrolliment data consisted of about one minute of speech frangntioned in Section IlI). In order to see if our model was
each of two different conversations conducted over the sag@pable in principle of performing well under these corudit,
phone line. We used one of the two enrollment recordingee performed an experiment on the female subset of the 1999
for each of the target speakers (5 hours of data in the fema&aluation data where we trained a PCA model on the female
case, 4 in the male) to train two gender-dependent UBM's eapfrtion of Switchboard Il, Phase 3. (This is a ‘toy’ experimhe
having 2,048 Gaussians. (This violates the NIST protot@g) since the evaluation data is a subset of the training conpus i
used the Switchboard Il, Phases 1 and 2 corpora to constrifds situation.)
two training sets (one male and one female) for training PCA In estimating the hyperparameters we limited ourselves to
models. We excluded all speakers who were included in tAh€ conversation sides per speaker (this gave us 63 hours of
1999 evaluatior. This left 625 female training speakers andemale training data after excising silences) and we esticha
528 male. In our first set of experiments on the 1999 daRCA model with 300 common speaker factors and 50 channel
(described in Section VI-C) we restricted ourselves to astib factors using the maximum likelihood training algorithrm. |
of the available training data for computational reasorz8(1testing we used the sequential likelihood ratio statistid a
hours after excising silences in the female case, 94 hourstinorm score normalization with 50 t-norm speakers per test
the male case). However, we used all of the available trginintterance. In order to evaluate the likelihood ratio st&ti/),
data for our second set of experiments (described in Sectiog reduced the rank aé(s) from 300 to 50 for each target
VI-E), namely 230 hours in the female case and 180 hoursspeaker. Under these conditions we obtained a DCF (that is,
the male case. the value of the NIST dectection cost function) of 0.016 and
In order to design the training corpus and evaluation sb equal error rate (EER) of 4.8% on the female portion of the
for our experiment using the NIST 2000 evaluation data, ywRvaluation set. This indicates that a PCA model togethdr wit
began by excluding every second target speaker as well ast@ approximation used in evaluating the sequential fieid
speakers who were not in the Switchboard II, Phases 1 anéiéfio statistic can indeed perform very well, at least if the
corpora. This gave us a set of 453 target speakers (203 mi@ning corpus and evaluation set are perfectly matched.
and 250 female). We selected a disjoint set consisting of 3@pwever it turns out that, as in the case of conventional GMM
male and 385 female speakers from Switchboard Il, Phasy$tems, the performance on different number trials is much
1 and 2 for training. For each training speaker we used @gorer than on same number trials. This is apparent fromeTabl
to 20 conversation sides, giving 121 hours of training data |, Where we have broken down the results in the same way as
the female case and 96 hours in the male case. Finally, Wel4].
constructed our evaluation set from the NIST 2000 evaluatio
data by excluding trials which involved spgakers other ixan Breakdown of results of the toy experiment on the femaldguodf the
453 target speakers or test utterances which had been mra‘iQ% evaluation set obtained by training on SwitchboardPhiase 3. SNST
from one of the conversation sides that we used in training. . R
. . e . . ="same number, same type (electret or carbon); DNST = diftereimber,
This left us with 27,438 verification trials (13,516 male and same type; DNDT = different number, different type
13,922 female) involving 5,207 test utterances. Of thed@ 2 ' ' '

TABLE |

were recorded with carbon button handsets (compared with | [ DCF | EER |
23% of 6,052 test utterances in the test set as a wHole). SNST 1 0006 2.2%
Thus the results we will report on our evaluation set can be DNST | 0.016 | 4.8%
compared with results obtained by other authors on the NIST DNDT | 0.033 ] 10.0%
overall | 0.016 | 4.8%

2000 evaluation set as a whole (that is, without the primary
condition restriction).

_5Care is _nee_ded _in making this determination because sona&esgehave C. Results on the 1999 evaluation set
:'r'\zsgf]éLrl‘e'f:trs;”a;'r‘énsﬁgzﬁz d"‘gfg gg‘;askitrs of enrolimeta, cone carbon 1y gyr first (non-toy) experiments on the 1999 evaluation
SHandset detection was performed automatically so theseefigmay not set, we used 500 common speaker factors, 50 channel factors

be accurate. and we did not use feature warping. As in the toy experiment,
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we reduced the rank af(s) to 50 for each target speakein components analysis, that is, the diagonal tetafs) in (3)
evaluating the likelihood ratio statistic (7) and we usedtb0 can indeed play a useful role even if the number of common
norm speakers for each test utterance. We first performed a speaker factors is very large. The approach taken in Line 7
ries of experiments on the female portion of the evaluatin shas the advantage that relevance factors do not have to be
using the female training corpus extracted from Switchbdoaestimated empirically, but comparing Line 6 with Line 7, &in
II, Phases 1 and 2 (as described in Section 1V) to train PCAwith Line 5 and Line 1 with Line 3 shows that our attempts
models. Our aim was to investigate the effectiveness of tke mitigate the mismatch problem by adapting to the target
two types of hyperparameter estimation algorithm (maximuspeaker population using the approach indicated in Section
likelihood and minimum divergence) in training the PCAI-D were unsuccessful.
models and in adapting speaker independent hyperparametefFurthermore, the results in Line 2 show that adapting to the
to the target speaker population (see Sections II-C and {arget speaker population can actually be harmful if maximu
D). As we mentioned in Section V, it is only in adaptindikelihood estimation is used in place of minimum divergenc
the speaker independent hyperparameters to the targétespeastimation for this purpose (as we mentioned in Section II-
population that we relax the conditiah = 0. Thus most of D). The reason for this is clear: minimum divergence adap-
our results were obtained with Principal Components Arialysation preserves the orientation of the speaker space found
(PCA) models rather than Factor Analysis (FA) models. training, whereas maximum likelihood adaptation forgéis t

These results are summarized in Lines 1-5 of Table Il. Lineformation and re-orients the speaker space to fit the targe
1 gives the results obtained with maximum likelihood tragi speaker population. Since the amount of enroliment data for
of the PCA model without any adaptation to the target speakée target speakers is relatively small (compared to theitrg
population. These results are reasonably good, but notynearorpus), maximum likelihood adaptation suffers from over-
as good as in our toy experiment which suggests that tfiting whereas minimum divergence adaptation does not.
mismatch between the training and target speaker popokatio We replicated the experiment in Line 7 on the male portion
may be a problem. The performance (as measured by the D@F)the 1999 evaluation set, obtaining a DCF of 0.029 and
with minimum divergence training (Line 4) and with minimuman EER of 10.2%. Pooling male and female trials gave worse
divergence adaptation (Lines 3 and 5) was essentially tine saresults than keeping them separate, namely a DCF of 0.033 and
as in Line 1. an EER of 10.9%, so it appears that using common thresholds
for male and female trials is suboptimal for the joint factor
analysis model. It is quite likely that this is due to the @isty
in the sizes of the male and female training sets. (There
are generally more females than males in the Switchboard
corpora.)

For comparison, results on the 1999 evaluation set without
the primary condition restriction are reported in [4] whene
EER of 10% was obtained.

TABLE I
Results on the female portion of the 1999 evaluation setirdxausing
maximum likelihood (ML) and minimum divergence (MD) altforis for
training speaker independent hyperparameters and adggtiem to the
target speaker population. PCA = principal components gs@l, FA = joint
factor analysis, — indicates that no adaptation to the tageaker
population was performed. Feature warping was not used.

[ ] Training | Adaptation [ DCF | EER |

1 ML — 0.037] 9.9% ;

> ML L PCE SO TEo% D. Results on the 2000 evaluation set

3 ML MD PCA 0.037 | 10.8% We used the NIST 2000 evaluation data to design some
4 [ ML + MD — 0.036 | 10.4% : . :

ML D O PCE R e experiments to_ see hqw well the joint fa_ct_or anaIyS|s_modeI
6 | ML+ MD | MD PCA+d | 0.031] 92% could perform in situations where the training corpus islwel
7 | ML + MD MD FA 0.030 | 9.2% matched with the evaluation set. As we have already explaine

we used a subset of the NIST 2000 evaluation data for testing
0%nd a disjoint subset of Switchboard II, Phases 1 and 2 for
éraining in these experiments. They were carried out in the
ame way as those on the 1999 evaluation set except that we
id not use the enrollment data in estimating the UBM'’s.
We used the entire training corpus to estimate gender-
d2 = LE 8) dependent UBM'’s with 2,048 Gaussians and gender-dependent
16 PCA models with 300 speaker factors and 100 channel factors.
as [4] would suggest. (As we mentioned, in the classicife reduced the rank af(s) to 100 for each target speaker
MAP case the ‘relevance factors’ in [4] are the diagonah evaluating the likelihood ratio statistic (7) and we ug#ll
entries ofd 23X.) This turned out to be a good choice; using-norm speakers for each test utterance. On the femaleoporti
the minimum divergence adaptation algorithm mentioned of our evaluation set, the PCA model gave a DCF of 0.030
Section II-D to adapt a joint factor analysis model inizald and an EER of 8.1%. These results can be compared with the
in this way to the target speaker population gave essentialesults reported in Line 5 of Table II.
the same results (Line 7). The experiment reported in Line 7 of Table Il showed that
Comparing the results in Lines 6 and 7 with those in Liné was possible to compensate to some extent for the mismatch
5 shows that joint factor analysis can outperform principdletween the training and target speaker populations in the

All of these results were obtained by imposing the conditi
d = 0. For the experiment reported in Line 6 we took th
adapted PCA model from Line 5 and turned it into a join?1
factor analysis model simply by setting
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NIST 1999 SRE FEMALE The results in the male case are similar, namely a DCF of
% N WITHOUT WARPING — 0.020 and an EER of 5.9%. To our knowledge these results
‘“’ ~ WITHAAREING = 1 are a good deal better than any that have been reported on the
o 1999 evaluation set (but recall that we have departed fram th
20 oo \ NIST evaluation protocol in some respects).
z B S VIl. DISCUSSION
|8 5
i \\ In this article we have shown how large scale factor analysis
£’ models of speaker and channel variability can be trained on

large corpora using the maximum likelihood and minimum
divergence algorithms described in [3] which optimize a
likelihood Il objective function, that is, a likelihood fetion
whose arguments are hyperparameters. We have also shown
01 05 Falstampfobabimlyo(mo/; 20 30 40 50 how to construct a new type of likelihood Il ratio statistir f
. _ _ _ ~ speaker verification using such factor analysis models amd h
Fig. 4. DET curves illustrating the effectiveness of feature wagpin  ihig approach overcomes the major limitation of eigenclenn
conjunction with the joint factor analysis model. Femaletjpm of the NIST . .
1999 evaluation set, carbon data as well as electret. Witheature warping: MAP Dy taking account of channel effects at enroliment time
DCF = 0.030, EER = 9.2% (upper curve). With feature warpingE® = as well as at verification time.
0.021, BER = 6.2% (lower curve). Our first results on the NIST 1999 evaluation set (obtained
without feature warping) were worse than the results of the
experiments on the 1999 data by converting a PCA model ttooy experiment in Sec_t|on \./l'B m!ght lead one to expect. T_h|_s
N . ; suggested that the dialectical mismatch between the tigini
a joint factor analysis model. By using the same strategg,her

we were able to obtain a DCF of 0.028 and an EER of 7.5% ng target speaker populations might be to blame. That there

the female portion of our test set. So this strategy is dffect is some truth to this supposition is clear from the much bette

even if there is no evident mismatch although, as one wourI‘(a:iSUItS we obtained in our experiments on the NIST 2000

. X ) . .___.evaluation data which were conducted with a well matched
expect, the improvement in this case is smaller. Repligatiny " . "
training corpus and evaluation set. We attempted to maigat

this experiment on the male portion of our evaluation set, WEs mismatch problem by using the adaptation techniques
obtained a DCF of 0.027 and an EER of 6.4%. Pooling th

. . .. aeescribed in Section II-D but our efforts in this direction
results (using a gender-independent decision threshatay gWere largely unsuccessful. Thus, the factor analysis model
a DCF of 0.028 and an EER of 7.2%. gely ’ ’ Y

There are few published results to compare these figursesems o require a training set which is well matched with

with, but it is generally recognized that, although it cetsi the application domain in which it is expected to functiom an

entirely of different number trials, the 2000 evaluation ise there does not seem to be any easy way of getting around this

o .obstacle.
of about the same degree of difficulty as the 1999 evaluation . : : .
g y As we explained in Section IV, we have only been in a

set and that DCF’s of roughly 0.037 and EER'’s of about 10% " . ) . . .
can be achieved by the methods in [4]. For our purposes # sition to experiment with the factor analysis model using
X ' properly matched training corpora and evaluation setsesinc

important thing to note is that w ined much r . )
portant thing to note is that we obtained much bette tesuE 05. The results reported in the companion paper [7] were

on the 2000 test data than on the 1999 test data, and . : . .
difference can be attributed to using a training corpus 17vhi00tﬁ"""wd.On the NIST 2005 evaluation set (St”.Ctly N accor-
is well matched with the evaluation set. dance with the_NIST proto_col)._ These rgsults mclu_de_back-

to-back comparisons of a simplified version of the likelidoo

Il approach developed here with eigenchannel MAP and they
E. The effect of feature warping clearly show that the likelihood Il approach is far superior

Since we failed to obtain good results on the 1999 evaluatigve found that the likelihood Il approach had to be simplified

data by compensating for the mismatch problem, we decidedcause the computational demands of strictly adherinigeto t
to try another technique. In all of the experiments reportdikkelihood Il principle made it difficult for us to turn aroun
so far we used unnormalized cepstral coefficients as acoudtirge numbers of experiments. After this work was completed
features. It turns out however that using feature warpirfj,[1 we showed how training factor analysis models could be
[16] gives much better results. We replicated the experiman speeded up by decoupling the speaker and channel components
the female portion of the 1999 evaluation set which gave us cof the model [6], and how the CPU time needed for verification
best results (Line 7 of Table 1) using feature warping, reidg  trials could be greatly reduced by using an approximation
the number of common speaker factors from 500 to 300 atwl the likelihood Il statistic which can be evaluated withou
using all of the training data available in the Switchbodrtd Ihaving to perform a Cholesky decomposition [26], [7].
Phases 1 and 2 corpora. Under these conditions we obtaine@he most interesting result to emerge from the experiments
greatly improved results, namely a DCF of 0.021 and an EER this article is the very strong synergy between the joint
of 6.2%. The corresponding DET curves are shown in Fig. factor analysis model and feature warping. This method of

feature normalization consists in sliding an analysis wimd

0.5

0.1
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(typically of length 3 sec) over the signal and mapping theo] S.-C. Yin, P. Kenny, and R. Rose, “Experiments in speakaptation

distribution of each cepstral coefficient in the window onto for factor analysis based speaker verification,”Rroc. IEEE Odyssey
tandard | distribution. The techni i rrent 2006 San Juan, Puerto Rico, June 2006.
a standard normal distribution. The technique is currently;; y gotterweck, “Anisotropic MAP defined by eigenvoicdsr large

used in most, but by no means all, state of the art text- vocabulary continuous speech recognition,Firoc. ICASSPSalt Lake
independent speaker recognition systems, although tisemsa City, Utah, May 2001.

. . 12] D. J. C. MacKay, “Comparison of approximate methods Hiandling
for its effectiveness do not seem to be fully understood. Tl[le hyperparameters,Neural Computationvol. 11, no. 5, pp. 10351068,

most comprehensive reference on the subject is Pelecanos’ 1999. o _
unpublished thesis [16]. The arguments and empirical exide [13] D. Reynolds, “Channel robust speaker verification @atéire mapping,”

. .. . in Proc. ICASSPHong Kong, China, Apr. 2003.
presented there in favor of normalizing the first and secopgy; ;. campbelet al, “The MMSR bilingual and crosschannel corpora for

order moments of the cepstral distributions in this manner speaker recognition research and evaluation,Pioc. Odyssey 2004
seem to be incontrovertible but it is less clear why norniadjz Toledo, Spain, June 2004, pp. 29-32.

. . . 15] J. Pelecanos and S. Sridharan, “Feature warping fousblspeaker
all of the moments in this way should be an effective Strateéy verification,” in Proc. Speaker Odyssegrete, Greece, June 2001, pp.

for dealing with channel effects in speaker recognitioneTh  213-218.
theoretical arguments advanced by Pelecanos only penair{116] J. Pelecanos, “Robust automatic speaker_recogrﬁiﬁan. d_issertation,
L. . . . . Queensland University of Technology, Brisbane, Austra?i@03.

the case of additive white noise, but the results using this) 5 Rubin and D. Thayer, “EM algorithms for ML factor agals,”

technique on real data, namely the NIST 1999 evaluation set, Psychometrikavol. 47, pp. 69-76, 1982.

were very impressive. [18] D. Kim and N. Kim, “Online adaptation of continuous déylshidd_en

.. . Markov models based on speaker space model evolutionPrat.
The surprising thing about our results on the same eval- |csLp Denver, Colorado, Sept. 2002, pp. 1393-1396.

uation set is that feature warping in conjunction with factd19] S. Lucey and T. Chen, “Improved speaker verificatiorotiyh proba-
; in i bilistic subspace adaptation,” Proc. EurospeechGeneva, Switzerland,

anaoly3|s actqally gave us a much larger gain in performance Sept. 2003, pp. 20212024,

(30% reductions in error rates as measured both by D@ R. Vogt and S. Sridharan, “Bayes factor scoring of GM\s $peaker

and EER) than Pelecanos and others have obtained by using verification,” in Proc. Odyssey 2004 oledo, Spain, June 2004, pp. 173-
feature warping in conjunction with the GMM/UBM approach,_ . 178

L . 21] ——, “Frame-weighted Bayes factor scoring for speakerification,”
We suspect that the reason for this is that the joint faCtBr in Proc. 10th Australian International Conference on Speeclerge

analysis model depends on Gaussian assumptions at the leveland TechnologySydney, Australia, 2004, pp. 404-409.
of supervectors, and the short term Gaussianization pegdr [221 P Kenny, G. Boulianne, P. Ouellet, and P. Dumouchelpeger

. . . . . adaptation using an eigenphone baskfEE Trans. Speech Audio
in feature warping reinforces these assumptions. Howenwer, Processing vol. 12, no. 6, Nov. 2004. [Online]. Available:

order to test this hypothesis, it would be necessary to relax http:/Avww.crim.ca/perso/patrick.kenny/

the Gaussian assumptions that we used to model superveBgr B- Mak, T-C. Lai, and R. Hsiao, “Improving referenceesgier weight-
ing adaptation by the use of maximum-likelihood referenpeakers,

distributions (by using independent components analgsiger in Proc. ICASSPToulouse, France, May 2006.

than principal components analysis or factor analysis, f@4] H. Jiang and L. Deng, “A Bayesian approach to the vettifica prob-

example). This seems to be a difficult problem which would lem: Appllcatlons to speaker verificationlEEE Trans. Speech Audio

. . .. . Processingvol. 9, no. 8, pp. 874-884, 2001.

only be worth tackling if additional evidence could be foungs; r. Auckenthaler, M. Carey, and H. Lloyd-Thomas, “Scommaliza-

to suggest that it might be of practical importance. tion for text-independent speaker verification systeniigital Signal
Processingvol. 10, pp. 42-52, 2000.

[26] P. Kenny and P. Dumouchel, “Disentangling speaker ahdniel
effects in speaker verification,” ifProc. ICASSP Montreal, Canada,
May 2004. [Online]. Available: http://www.crim.ca/perpatrick.kenny/

— . L [27] (2001) The NIST year 2001 speaker recognition evatmaplan. [On-
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