IEEE TRANS. AUDIO SPEECH AND LANGUAGE PROCESSING 1

A Study of Inter-Speaker Variability in Speaker
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EDICS Category: SPE-SPKR decomposed into a sum of two supervectors, a speaker su-

Abstract— We propose a new approach to the problem of pervectors and a channel supervector

estimating the hyperparameters which define the inter-speeer
variability model in joint factor analysis. We tested the proposed
estimation technique on the NIST 2006 speaker recognition
evaluation data and obtained 10-15% reductions in error raeson . .
the core condition and the extended data condition (as meased distributed.
both by equal error rates and the NIST detection cost functim). Secondly, we assume that the distributionsdias a hidden
We show that when a large joint factor analysis model is traied variable description of the form
in this way and tested on the core condition, the extended
data condition and the cross-channel condition, it is capale of s=m+vy+dz (2)
performing at least as well as fusions of multiple systems adfther
types. (The comparisons are based on the best results on tiees wherem is a C'F' x 1 supervectorp is a rectangular matrix
tasks that have been reported in the literature.) In the casef the  of |ow rank andy is a normally distributed random vectat;
cross-channel condition, a factor analy5|s_ model with 300peaker is aC'F x C'F diagonal matrix anc is a normally distributed
factors and 200 channel factors can achieve equal error rageof . . .
less than 3.0%. This is a substantial improvement over the ks C F-dimensional random vector. We will refer to the columns
results that have previously been reported on this task. of v as eigenvoices and we will refer to the componentg of
Index Terms— Speaker verification, Gaussian mixture model, as speaker factors. C .
speaker factors, channel factors Thirdly, we assume that the distribution efhas a hidden

variable description of the form

M =s+c, (1)

where s and ¢ are statistically independent and normally

I. INTRODUCTION ¢c=uz, ®3)

Factor analysis is a model of speaker and session varjabiftherew is a rectangular matrix of low rank and is a nor-
in Gaussian mixture models (GMM’s). This article is conmally distributed random vector. We refer to the components
cerned with the speaker variability component of our versi®®f « as channel factors and we use the term eigenchannels to
of factor analysis. In our approach to speaker recognitioa, refer to the columns ot.
role of this component is to provide a prior distribution for Finally, we associate a diagonal covariance maifixwith
target speaker models (we use the term prior distribution §ch mixture componentwhose role is to model the variabil-
the sense in which it is used in Bayesian statistics [1]). AW in the acoustic observation vectors which is not capture
such, it plays a key role in estimating target speaker moddl¥ either the speaker model (2) or the channel model (3). We
at enrollment time. denote byX the C'F x C'F supercovariance matrix whose

In order to formulate precisely the problem that we addresdiagonal is the concatenation of these covariance matrices
we begin by recapitulating the basic assumptions in factéfthough most authors (e.g. [4], [5]) use the teractor
analysis. LetC' be the number of components in a Universa@nalysis to refer to the channel model (3) alone, we have
Background Model (UBM) andF the dimension of the always used this term in a broader sense which includes the
acoustic feature vectors. We use the term supervector éo refPeaker model (2) as well. (Where it is necessary to make this
to the C F-dimensional vector obtained by concatenating théistinction explicitly we speak ofoint factor analysis.) Our
F-dimensional mean vectors in the GMM corresponding to@ncern in this article is with the way the hyperparameters
given utterance. andd in (2) are estimated. These hyperparameters provide a

Our assumptions are as follows. Firstly, we assume tHRfior distribution formaximum a priori (MAP) estimation of

a speaker- and channel-dependent supervebtbrcan be speaker-dependent GMM’s at enrollment time, and they are
critically important to the success of our approach to speak
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(CRIM).

(_ar_nail: patri ck._kenny@r_i m ca, pier re._ouel let@rimca, 1As in our previous work, we are following the usage of [2]. Afelient
naj i m dehak@rim ca, vishwa.gupta@rim ca, usage prevails in the general statistical literature: thi@rans ofv would be
pi erre. dumouchel @rimca referred to as speaker factors and the entrieyyads factor loadings. The

_ This work was supported in part by the Natural Science andireg- terminology is used in this way in [3] where factor analysigthods are
ing Research Council of Canada and by the Ministere du Dppement gppjied to the face recognition problem.
Economique et Régional et de la Recherche du Gouvernenie@uébec.

0000-0000/00%$00.0®) IEEE



2 IEEE TRANS. AUDIO SPEECH AND LANGUAGE PROCESSING

of [6].) Since the assumption in (2) is equivalent to sayingeason to believe that (2) is a correct model of inter-speake
that s is normally distributed with meamn and covariance variability — it is just a compromise that is forced on us bg th
matrix d? + vv*, (2) is a model of inter-speaker variability.fact that a supervector covariance matrix of sufficientigthi
Our goal in this article is to show how improved inter-speakeank to be realistic would probably be impossible to estanat
variability modeling can lead to substantial gains in sgeakor to calculate with. (Impossible to calculate with becatise
recognition performance. rank of the covariance matrix would be too high; impossible
If v = 0 andu = 0, then the assumption in (2) is theto estimate because many more training speakers would be
same as in classical MAP [7]; on the other handdi= 0 needed than are currently available.)
and v = 0, the assumption is the same as in eigenvoice This led us to explore another way of estimatingand
MAP [8]. Classical MAP adaptation (including relevance MARI which we will explain in Section Il and which we refer
[9]) is by far the most popular type of speaker modeling ito as decoupled estimation. In Section Ill, we show how
text-independent speaker recognition, but our experidrae decoupled estimation leads to 10-15% reductions in ertesra
been that MAP adaptation using eigenvoices is generallyhmu@s measured both by equal error rates and the NIST detection
more effective, at least in situations where limited ameuwft cost function) on both the core condition and the extendéal da
enrollment data are available. condition of the NIST 2006 speaker recognition evaluation
Classical MAP adaptation can only adapt those Gaussiatata. In order to be able to turn around these experiments in a
which are seen in the enrollment data but, if large amoumsasonable time, we used factor analysis models of relgtive
of enroliment data are available, it is arguably the best wagodest dimensions. Our final results, using a much larger
of estimating speaker supervectors since it is asymptbticafactor analysis model, are presented in Section IV. These
equivalent to maximum likelihood estimation. On the otheesults show that a stand-alone joint factor analysis model
hand, eigenvoice MAP is helpful if only small amounts ofs capable of performing at least as well as fusions of large
enrollment data are available, since only a small humbeumbers of systems of other types (based on comparisons
of free parameters need to be estimated at enrollment timéth the best results that have been reported in the litegatu
The fact that the supervector covariance matrix is full @ath The results on the NIST 2006 cross channel condition are
than diagonal in this case ensures that MAP adaptation talpasticularly impressive: equal error rates of less than 3% c
account of the correlations between the different Gaussidme achieved without any special-purpose signal processing
in a speaker supervector so that all of the Gaussians &esults of other tests are presented in [13]; these include
updated at enrollment time even if only a small fraction ofross-channel tests in which microphone speech is used for
them are observed. An extreme example of the effectiverfesearoliment as well as for verification and tests involvingyve
eigenvoices can be found in [10], which is concerned with thehort utterances at verification time.
use of factor analysis to model syllable-level prosodidiiess.
The number of feature vectors per conversation side is only Il. ESTIMATING THE HYPERPARAMETERS

about 400; it is unrealistic to expect classical MAP adagptat The supervector defined by a UBM can serve as an estimate

to be very effective in this situation. m and the UBM covariance matrices are good first approxi-
It should be possible to capitalize on the advantages of bo% . . : areg PP
mations to the residual covariance matrigks(c = 1,...,C).

classical MAP and eigenvoice MAP by including both terms[‘.he problem of estimating in the case wherel — 0 was

vy anq dz in (2.) (this was .f|rst suggested in [11]). Howeveraddressed in [8] and a very similar approach can be adopted
extensive experimentation in [12] showed that the tdgwas S . : )
for estimatingd in the case where = 0. We first summarize

only helpful on an extended data task where 15-20 minu fhe estimation procedures for these two special cases and th

of enrollment data are available for each target speakée ( . :
. : : . %Xplaln how they can be combined to tackle the general case.
term vy is helpful in all circumstances, even in the extende

data task.) Since including the terdz is the source of most

of the mathematical complication in [6], and the extendetd daA. Baum-Welch statistics

task is of secondary interest to most researchers, this ded UGijven a speakes and acoustic feature vectol§, Ys, . . .,
to wonder if we would not be better off suppressing the termr each mixture component we define the Baum-Welch

dz altogether. statistics in the usual way:
The reason why the termdz was not helpful in [12] is that

in a typical factor analysis training scenario with, sayp@0 Ne(s) = Y nlo)

training speakers and 300 speaker factors, almost all of the t

speaker variability in the training set can be well accodnte F.(s) = Z%(c)Yt

for by v alone @ has 300 times as many free parameterd)as t

Thus, if the maximum likelihood criterion is used to estimat

d and v, what tends to happen is that ends up playing Se(s) = diag <Z%(c)Yth*>
t

no useful role unless very large amounts of enrollment data
are available (as in the extended data task). However, thereere, for each time, :(c) is the posterior probability of
is reason to doubt that the maximum likelihood criterion ithe event that the feature vectdf is accounted for by the
appropriate for this type of estimation problem. Even if thenixture component. We calculate these posteriors using the
linear/Gaussian assumptions in (2) are granted, there is UBM.
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We denote the centralized first- and second order Baumw, v, 3 and s ranges over the training speakers:
Welch statistics byF.(s) and.S.(s):

Ne = Y Ne(s) (c=1,...,C)
Fus) = Y ul(0)(¥e—me) :
7 Ao = Y N()E[y(s)y*(s)] (c=1,...,C)

Sels) = ding (Z (€)Y = me) (Vi — m»*) ¢ = S FOEW )
wherem,. is the subvector ofn corresponding to the mixture N = Z N(s)
component. In other words, s
~ For each mixture component=1,...,C and for eachf =
F.(s) = Fe(s)— Nc(s)me 1,...,F, seti = (¢ — 1)F + f; let v; denote theith row of
Sc(s) = S.(s) v and¢; theith row of €. Thenwv is updated by solving the

— diag (Fe(s)mys + mcFe(s)* — Ne(s)mem)). equations
vA, = & (i=1,...,CF).

Let N(s) be theCF x CF diagonal matrix whose diagonal

blocks areN.(s)I (¢ =1,...,C). Let F(s) be theCF x 1 The update formula foE is
supervector obtained by concatenatifigs) (c =1,...,0).

Let S(s) be theCF x CF diagonal matrix whose diagonal

blocks areS.(s) (c=1,...,0). <Z S(s) — diag (€v* )) .

(See [8], Proposition 3.)
B. Training an eigenvoice model 3) Minimum divergence re-estimation: Given initial esti-

) _ _ o matesm, andwvy, the update formulas fom andv are
In this section we consider the problem of estimatingv

and X under the assumption that = 0. We assume that m = mo+vop
initial estimates of the hyperparameters are given. (Rando _ * Y
T A . v = wvT,..
initialization of v works fine in practice.) vy

The approach that we adopt is similar to Gales’s clustgfe
adaptive training [14] in that it does not rely on techniques
such as MAP or MLLR to produce GMM’s for the training _ 1

duce . ty, = <> Ely(s)

speakers (all of the computation is done with Baum-Welch S
statistics rather than GMM's). It differs from the approach
in [14] in that the hyperparameter estimation problem ¥, is an upper triangular matrix such that
formulated in terms of maximum likelihood Il [15]. As such,
our approach is very similar to the Probabilistic Principal T™ T _ ZE
Components Analysis (PPCA) of [16] (which is formally vy l'vy S
a special case of our procedure). Note that, as in PPCA,
the terms eigenvector and eigenvalue do not appear in di&. Cholesky decompositionf is the number of training
formulation but it is known that, unless the optimizatiorigge speakers, and the sums extend over all speakers in thenggaini
stuck locally, PPCA does succeed in finding principal eigeget. (See [6], Theorem 7.) This update formula leaves thgeran
vectors. Thus it is appropriate for us to speak of eigenwicef the covariance matriwv* unchanged. The only freedom
even though our estimation procedure is not formulated as #Mas is to rotate the eigenvoices and scale the correspond-
eigenvalue problem. ing eigenvalues. This type of hyperparameter estimatioa wa

1) The posterior distribution of the hidden variables For introduced in [17]; its role is to get good estimates of the
each speake, setl(s) = I +v*X "N (s)v. Then the poste- elgenvalues corresponding to the eigenvoices ([18], &ecti
rior distribution ofy(s) conditioned on the acoustic observall-C)- Thus is useful for diagnostic purposes; for examje,

tions of the speaker is Gaussian with méah(s)v* S~ F(s) comparing the eigenvalues afu* with those ofvv* as in
and covariance matrik"(s). (See [8], Proposition 1.) Table VI below. Maximum likelihood estimation on its own

We will use the notatiorE? [ to indicate posterior eXpecm_produces eigenvalues which are difficult to interpret [6].
tions; thus,E [y(s)] denotes the posterior mean 9fs) and
E [y(s)y*(s)] the posterior correlation matrix.

2) Maximum likelihood re-estimation: This entails accumu-
lating the following statistics over the training set, whdhe An analogous development can be used to estimalel
posterior expectations are calculated using initial estés of and X if v is constrained to bé.

— Hyby

C. Training a diagonal model
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1) The posterior distribution of the hidden variables: For S is the number of training speakers, and the sums extend
each speakey, setl(s) = I+d”*~ "' N(s). Then the posterior over all speakers in the training set.
distribution of z(s) conditioned on the acoustic observations We will need a variant of this update procedure which
of the speaker is Gaussian with melrt (s)dX "' F(s) and applies to the case where is forced to be0. In this cased
covariance matrix ' (s). (The derivation here is essentiallyis estimated fromd, by takingT'.. to be such that
the same as in Section 1I-B.1.)

Again, we will use the notatior¥ [-] to indicate posterior T2, = diag <l ZE[z(s)z*(s)]) )
expectations; thugy [z(s)] denotes the posterior meanzfs) S 4
and F [z(s)z*(s)] the posterior correlation matrix.

It is straightforward to verify that, in the special case whe D. Joint estimation of v and d

d is assumed to satisfy There is no difficulty in principle in extending the maximum

P2 - 12 likelihood and minimum divergence training procedures to
- P handle a general factor analysis model in which bethndd
this posterior calculation leads to the standard relevahae are non-zero (Theorems 4 and 7 in [6]). We used this type of

estimation formulas for speaker supervectors [8]i€ the joint estimation in all of our previous work _in factor anailys _
relevance factor). The following two sections summarizeada and to_pro<_juce _benchmarks for the experiments that we will
driven procedures for estimating:, d and 3 which do not report in th|s_ a_rt|cle. L & andd | ionall
depend on the relevance MAP assumption. It can be shown tgalt-lowever, joint estimation ob and d is computationally

when these update formulas are applied iteratively, theesl emanding because, in a general factor analysis modelf all o
of a likelihood function analogous to that given in Propiasit the hidden variables become correlated with each otheran th

2 of [8] increase on successive iterations posterior distributions. Our experience has been thagrgilte
2) Maximum likelihood re-estimation: Thié entails accumu- Baum-Welch statistics, training a diagonal model runs very
lating the following statistics over the training set whehe quickly and training a pure eigenvoice model can be made

posterior expectations are calculated using initial estés of to run quickly (at the cost of some memory overhead) by

m.d,> ands ranges over the training speakers: suitably organizing the computation of the matridgs) in
T Section 1I-B.1. Unfortunately, no such computational $hor

N. = Z N.(s) (c=1,...,0) cuts seem to be possible in the general case. Furthermene, ev
s if the eigenvoice component is carefully initialized, many
a — Z diag (N (s)E [z(s)z"(s)]) iterations of joint estimation seem to be needed to estirdate
. properly and, because the contributiondto the likelihood

. — ~ N of the training data is minor compared with the contribution
b = Z diag (F(S)E = (8)]) of v, it is difficult to judge when the training algorithm has
° effectively converged.
N = Y N(s) Y g

E. Decoupled estimation of v and d

A much more serious problem with joint estimation is that
it tends to produce estimates df which are too small, so

Fori=1,...,CF let d; be theith entry ofd and similarly
for a; andb;. Thend is updated by solving the equation

dia; = b; that almost all of the speaker variability in a factor anays
. training set is accounted for by the teroy in (2) and very
for eachi. The update formula fob: is little of the variability is accounted for by the terd. Thus,
in practice, the termdz is of little use except in situations
T=N" <Z S(s) — diag (bd)) . where large amounts of enrollment data are available (as we
5 observed in [12]).

It is probable that the reason why joint estimation behaves
in this way is that it is a maximum likelihood estimation
procedure andv has many more free parameters thdn

3) Minimum divergence re-estimation: Given initial esti-
matesmg andd, the update formulas fom andd are

m = mg+dop, But as we mentioned in Section |, there is reason to doubt
d = doT.. the appropriateness of maximum likelihood estimation is th

situation, and there is a good argument which suggests that
where the termdz ought to be helpful in distinguishing between
1 speakers. The termy can only capture inter-speaker variabil-

B= = 3 Z Elz(s)], ity which is confined to a low-dimensional affine subspace of

s supervector space (hamely the subspace contaiminghich

T.. is a diagonal matrix such that is spanned by the eigenvoices). It is reasonable to belfete t

the orientation of this subspace reflects attributes whigh a
Tiz = diag | = ZE [2(s)2%(s)] — popel | common to _aII speakers. No such constral_nt is |m_posed on the
S . termdz, so it ought to be capable of capturing attributes which
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are unique to individual speakers. Similar consideratiguls Evaluation data set; and the NIST 2004 SRE enrollment and
the authors in [19] and [20] to construct speaker recogmitidest data.
systems which operate in the orthogonal complement of theFor training factor analysis models we used the LDC
principal components of a large training set. (This orthegjo releases of Switchboard Il, Phases 2 and 3; Switchboard
complement is referred to as the “speaker unique subspa@®llular, Parts 1 and 2; and the NIST 2004 SRE data. We used
in [20].) only those speakers for which five or more recordings were
This raises the question of how to produce a reasonaldeailable. For decoupled estimation@fandd, we estimated
estimate ofd which is not “too small”. Since the termdz v on the Switchboard data antlon the 2004 SRE data.
models residual inter-speaker variability which is nottcapd In order to ensure strict disjointness between the factor
by a large set of eigenvoices, this can be achieved by withhoblnalysis training data and the NIST 2006 SRE data which
ing a subset of the training speaker population; the speakere used for testing, we made no use of the 2005 SRE data.
that are withheld serve to estimadiebut they play no role in (For the extended data condition, some of the 2005 data was
estimatingv. recycled in 2006. In [23] we reported how failing to keep the
Thus, we split the factor analysis training set in two and useaining and test sets disjoint could produce extremely- mis
the larger of the two sets to estimate andv and the smaller leading results.) Note also that, since the Switchboargamar
to estimatad andX. We first fit a pure eigenvoice model to theconsist of English only data and English is predominant & th
larger training set using the procedures described in &exti NIST 2004 SRE data, the factor analysis training set is bliase
[I-B.2 and II-B.3. Then, for each speakerin the residual towards English speakers.
training set, we calculate the MAP estimateyffs), namely
E[y(s)], as in Section 1I-B.1. This gives us a preliminary . .
esgirﬁa)t]e of the speaker’s supervectomamely D. Implementation details
The first step in building factor analysis models is to
s=m+vE[y(s)]. (4)  train gender dependent UBM's in the usual way. Baum-

We centralize the speaker's Baum-Welch statistics by asbtr Welch statistics extracted with these UBM's are sufficient

ing the speaker’s supervector (that is, we apply the formuldtatistics for all subsequent processing: hyperparamesttr

in Section II-A withm replaced bys). Finally, we use these Mation, target speaker enroliment and likelihood calcoifest

centralized statistics together with the procedures desdin at Ve“f'C?‘t'On time. _

Sections 1I-C.2 and 11-C.3 to estimate a pure diagonal modelTO estimatev and d we pooled all of the recordings of

with m = 0. This gives us estimates af and X. each speaker in the factor analysis training set and ignored
Since this training algorithm uses only the diagonal arfehannel effects as in [24]. (The rationale here is that chnn

eigenvoice estimation procedures, it converges rapidly.  effects can be averaged out if sufficiently many recordings
are available for each speaker.) In implementing decoupled

IIl. EXPERIMENTS estimation ofv and d, we ran the algorithms in Section IlI-
B to convergence (seven iterations of maximum likelihood
A. Enroliment and test data estimation and one of minimum divergence estimation) keefor
We used the core condition and the extended data conditigdiculating the speaker supervectors for each traininglsge
(in which 8-conversation sides are available for enrollingccording to (4).
each target speaker) of the NIST 2006 speaker recognitionwe decoupled the estimation af from that of v and d

evaluation (SRE) for testing [21]. Although we will reportas in [25], [24] (rather than using the maximum likelihood
results on male speakers as well as female, we used mogilgcedures in [6], [18]).

he female trials in the 2006 SRE for our experiments. Recall that equation (2) can be interpreted as saying that
speaker supervectors are normally distributed with m@and
B. Feature Extraction covariance matrixd’> + vv*. For the purposes of enrolling

We extracted 19 cepstral coefficients together with a I%get speakers, we interpret this normal distribution as a

energy feature using a 25 ms Hamming window and a 10 or q|str|blt1t|tc_)nt_ n trga_ Sense in Wh|'|Ch trl's ttterm IS useg It?]
frame advance. These were subjected to feature warping ush yesian statistics. Given an enroliment utierance an €

a 3 s sliding window [22]A coefficients were then calculated y{:)erlp?ramtiterm, 1,[" v andd_ ai,'\t/)vet.enrolfl ?htargztdspeagﬁr by
using a 5 frame window, giving a total of 40 features. caljculating the posterior distribution of the hidden vares

x,y and z, using the maximum a posteriori estimate of

. o m+ vy + dz as a point estimate of the speaker’s supervector.

C. Factor analysis training data (We do not use the point estimatemsince the channel effects
We trained two gender-dependent UBM's having 102 the enrollment data are irrelevant.)

Gaussians and gender-dependent factor analysis modétgihav As is generally the case with a Gaussian prior, the posterior

0, 100 and 300 speaker factors. Except where otherwisealso Gaussian and can be calculated in closed form [1].

indicated, the number of channel factors was fixed at 50. The case wherel = 0 andu = 0 is treated in Section II-
For training UBM'’s we used Switchboard Il, Phases 2 anf.1; the case whera = 0 andv = 0 is treated in Section

3; Switchboard Cellular, Parts 1 and 2; the Fisher EnglidhC.1; the case where # 0,v = 0,u = 0 and there is a

Corpus, Parts 1 and 2; the NIST 2003 Language Recognitisingle enroliment utterance is treated in the Appendix &];[2
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the case wherel # 0,v # 0,u = 0 and there is a single 5 of the 2006 SRE answer key.) There are some blank entries
enrollment utterance is formally equivalent to this — onéyonin the table because decoupled estimation applies onlyen th
has to replaca: by the matrix case where botly and d are non-zero. The best result is

( u v ) : TABLE |
Results obtained on the core condition of the NIST 2006 SRE (female

finally, the general case in which there are multiple enrelhin ers, English language trials).

utterances is treated in Section Il of [6] but we have foumat t
pooling the Baum-Welch statistics from the various utteesn : —
together (as if we had a single utterance for enrollmentksor JEO,l:r; Esnrgét,':on EEECOU%I?F
just as well as the complicated calculation described there 100 speaker factors] Z0 | 4.4% | 0.027 | 3.9% | 0.022
Note that our enrollment procedure results in a point of | 300 speaker factorsf #0 | 4.1% | 0.024 | 3.6% | 0.021
estimate of each target speaker's supervector, rather ghan gofp:gﬁzriég;ﬁgiz 0 ggzz 8'85‘7‘ = -
posterior distribution as in the Bayesian approach that we : :
riginall m 18].
° E\t \?e%fii‘:t;fior? tteizr?ug, 8Ii]kelihoods were evaluated accordin t?ta‘”ed with 300 speaker factors and dgcogpled estimation
to (19) in [24]. (We did not use the correction (20) in [24].t Is apparent that, contrary to our 00”0'93'0” in [12], then
This is a minor technical issue which is discussed at length ¢z in @) can play a use_ful rolt_a in rest_rlcte_d data tasks after
[12].) Thus, we account for channel effects in test utteeanca"' There is an anomaly in the10|r_1t estimation column: la th_
by integrating over the channel factossin (3) rather than 300 speaker factor case we obtained a better EER by setting

by using a point estimate of the channel factors for each téét:ho than by joint gstlmatlon _Oi’ a(;“,j d. We. attribute this
utterance as other authors do. to_}_ Elcolrlwe_zrgen(r:]e Issue meng(_)ne in ISect|0n“II-II_).I -
If a test utterance is sufficiently long, the posterior dlstr avie [l gives the correspon Ing resu ts.on all trials of the
female portion of the core condition. Again, the best result

tion of the channel factors will be sharply peaked and using biained with K dd led . X
point estimate of the channel factors (either a MAP estimafig® obtained wit 300 speaker and decoupled estimation..

or a maximum likelihood estimate) will give essentially thé-0mparing the second row of Table Il with that of Table |

same result as integrating over the channel factors. But in TABLE Il
the case of short test utterances (say 10 seconds of speechgeqiits obtained on the core condition of the NIST 2006 SRE (female
integrating over channel factors seems to be the right thing speakers, all trials)

to do. (Since the integral in question is Gaussian there is no
difficulty in evaluating it in closed form.) It was reported i Joint Estmation] Decoupled
[27], [28], [29] that channel factors are unhelpful for task EER | DCF | EER | DCF
involving short test utterances but this does not agree with | 100 speaker factorsf #0 | 5.9% | 0.032 | 4.9% | 0.027
our experience. In [13] we present some good results on 10 | 300 speaker factorsi # 0 | 5.6% | 0.030 | 4.6% | 0.025
d diti . beli h b 300 speaker factorsl =0 | 5.2% | 0.028 - —
second test conditions; we believe that our success can 0 speaker factorsd £ 0 Z5% 10034

traced tonot attempting to obtain point estimates of channel

factprs under these (_:onditions- o ) _we see that, ifd is estimated with decoupled estimation, then
Finally, the denominator of the log likelihood ratio stétis e termdz in (2) is particularly effective in modeling non-

used for verification was calculated in exactly the same Wahglish speakers. This is to be expected since we used a

as the numerator with the UBM supervector used in place PJrge amount of English-only data (namely the Switchboard

the hypothesized speaker’s supervector. corpora) to estimate.
We replicated these experiments on the female trials of the
E. Imposters extended data condition. The results are summarized iresabl

The verification decision scores obtained with the factdfl and IV. Patterns similar to those in Tables I and Il are
analysis models were normalized usiagnorm. As in [12], evident.

we used 283-norm speakers in the female case and 227 in the TABLE Ill
male_ case. We used 10Genorm utterances for each gender. _Results obtained on the extended data condition of the NIST 2006 SRE
The imposters were chosen at random from the factor analysis (female speakers, English language trials).

training data. The reasons for using such a large number of
z-norm utterances are explained in [12].

Joint Estimation| Decoupled
EER | DCF | EER | DCF
E Results 100 speaker factorsl #0 | 2.2% | 0.012 | 2.1% | 0.011
300 speaker factorsl #0 | 2.1% | 0.014 | 1.9% | 0.011
The results of our experiments on the female portion of the | 300 speaker factorsf = 0 | 2.1% | 0.014 - -

common subset of the core condition of the NIST 2006 SRE | 0 speaker factorsg 7 0 31% | 0.017 - -
are summarized in Table I. (EER refers to the equal error rate

and DCF to the minimum value of the NIST detection cost We report results on male speakers in Table V. Note that
function. The common subset consists of English languatiese results are much better than the results we obtaimed fo
trials only. All results in this paper were obtained usingsien female speakers.
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TABLE IV
Results obtained on the extended data condition of the NIST 2006 SRE
(female speakers, all trials).

IV. RESULTS OBTAINED WITH A LARGE FACTOR ANALYSIS
MODEL

In this section we report results obtained on the NIST 2006
SRE test set by increasing the dimensions of the male and

Joint Estimation Decoupled

EER | DCF | EER | DCF female factor analysis models. We increased the number of
100 speaker factorsl #0 | 2.5% | 0.012 | 2.3% | 0.014 Gaussians from 1024 to 2048, we increased the dimension of
0, . -
300 speaker factorai £ 0 | 2.7% | 0.014 | 2.3% | 0.012 the acoustic feature vectors from 40 to 60 by appendiny
300 speaker factorsf =0 | 2.7% | 0.015 - - . . .
0 speaker factorsd Z 0 3.6% | 0.016 = = coefficients, and we increased the number of channel factors

from 50 to 100. We kept the number of speaker factors at
300 because previous experience has shown that using larger

TABLE V numbers of speaker factors is not helpful [12].
Results obtained on the core condition and the extended data condition of In presenting the results that we obtained with the large
the NIST 2006 SRE for male speakers (S0 channel factors, 300 speaker  factor analysis models, we will break them out by gender
factors, d # 0, decoupled estimation). because (as we saw in the previous section) there are large
differences in performance between males and females. Some
_ _ EER | DCF insight into this phenomenon can be gained by inspecting the
Core condition, English | 2.1% | 0.013 way the male and female factor analysis models fit the trginin
y Yy
Core condition, all trials| 4.2% | 0.020 . . 2
Extended data, English | 1.4% | 0.006 data. Table VI gives the traces of the matriaes®, d and
Extended data, all trials| 1.7% | 0.008 uu* for the two gender-dependent factor analysis models.

It is clear that, as measured both by the tracevef and

by the trace ofd?, there is substantially greater variability

among male speakers than among female speakers. Thus,
G. Note on Baum-Welch statistics distinguishing between male speakers seems to be intihsic

easier than distinguishing between female speakers, st lea

The results we have obtained using speaker factors #rghe feature set consists of cepstral coefficients. (In our

clearly much better than those obtained usihgalone, but earlier work we used 12 cepstral coefficients. We increased
the reader may have noticed that the figures presented in the number of cepstral coefficients to 19 in the present work
fourth rows of Tables | and Il are not quite as good as tHe the hope that this would narrow the gender gap.) Perhaps
best results that have been reported with comparable stagden more surprisingly, we observe that the traceuaf is
alone GMM/UBM systems as in [30], [5], [31]. These systemsubstantially larger for the male model than for the female
are comparable because they use relevance MAP for spedk@del. which seems to indicate that the channel model (3)
enrollment and channel factors to compensate for inteisessgives a better fit in the case of male speech. However, althoug
variability. As we mentioned in Section 11-C.1, relevanc&® the figures in the fourth row of Table VI are not really
is essentially a special type of diagonal factor analysisieho comparable with the others, they suggest that most of the

The reason for the discrepancy in performance is that we u\@riability in the data is not captured by either the speaker

the UBM to extract Baum-Welch statistics in our system rathénooIeI (2) or the channel model (3) gnd this residual varitgbil
larger in the case of males than in the case of females.

than speaker-dependent GMM's. It turns out that, in the caSe
of a diagonal factor analysis model, using speaker-depgnde TABLE VI

GMM's does indeed produce better results. For example, @feyer and channd variability in male and female factor analysis models.
the English language trials in the core condition, a diagjona
model with 100 channel factors produces an EER of 2.8%

L . Male speakers| Female speakers
for male speakers, which is similar to the results preseirted T (0v") 1075 975
[30], [5], [31] (but not as good as the result in the first line tr (d) 334 306
of Table V). tr (uu®) 501 433
tr () 25,840 23,535

However, for a factor analysis model with 300 speaker fac-
tors, using speaker-dependent GMM'’s (estimated with spreak
factors) to extract Baum-Welch statistics turns out to be »
harmful. For example, on the English language trials in tH¢ Core condition
core condition, a factor analysis model with 300 speaker The results we obtained on the core condition of the NIST
factors and 100 channel factors produces an EER of 4.22006 SRE with the large factor analysis model just described
for male speakers if the Baum-Welch statistics are extdactare summarized in Table VII. Even though they were obtained
with speaker-dependent GMM’s; on the other hand, an EEfth a stand-alone system, these results compare very-favor
of 1.4% is obtained if the UBM is used for this purpose. Thiably with the best results on the 2006 core condition thaehav
is the reason why we have always used the UBM to extramten reported in the literature, namely those obtained IBAST
Baum-Welch statistics in our work on factor analysis. (ThE82], SRI [33] and MIT/IBM [4]. The STBU system achieved
extraordinarily low error rate of 1.4% is attributable toingg an EER of 2.3% (English language trials only, results pooled
100 channel factors rather than 50 as in Table V.) over male and female speakers) by fusing 10 subsystems
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TABLE VII
Results obtained with a large factor analysis model on the core condition of
the NIST 2006 SRE.

identity of the microphone is not given. The cross-chanasi t
is described in detail in [34].)

We used the development data provided by NIST to esti-
mate 100 eigenchannels to model the effects of the various

Male speakers| Female speakers . .

EER pDC,: EER pDC,: microphones and we appended these eigenchannels to the 100
English trials | 1.5% | 0.011 | 2.7% | 0.017 eigenchannels that we had previously estimated on telephon
Al trials 3.0% | 0.017] 3.3% | 0.020 speech. Thus, the factor analysis model that we used at

recognition time had 200 channel factors rather than 10@eSi

the enrollment data in this task consists of telephone $peec
(cepstral and MLLR); SRI achieved an EER of 2.6% bye did not have to make any change to the factor analysis
fusing 8 subsystems (cepstral, MLLR and higher level); anglodel used at enroliment time. The only other modification
MIT/IBM achieved an EER of 2.7% by fusing 9 subsystemgat we made was to chose thenorm utterances from the
(cepstral, MLLR and higher level). cross-channel development data rather than from the factor

In comparing our results with those of STBU, it shoul&nalysis training data described in Section I1I-C.

be noted that the individual subsystems of the STBU systemThe results we obtained on the cross-channel test data

were trained on pre-2005 data but the fusion parameters wef@ summarized in Table IX. These results are a good deal
estimated using the data made available for the 2005 NIST

SRE. (Robust fusion was a key ingredient in the success of TABLE IX

the STBU system in the 2006 SRE.) On the other hand, ouiresults obtained with a large factor analysis model on the cross-channel
reason for excluding the 2005 data from the factor analysis condition of the NIST 2006 SRE.

training set was simply to enable us to experiment properly

with the extended data condition in the 2006 evaluation set Male speakers| Female speakers

(as we explained in Section I1I-C). Had we included the 2005 EER | DCF | EER | DCF

English trials | 2.6% | 0.011 | 2.9% | 0.014
All trials 25% | 0.011| 3.3% | 0.015

data in factor analysis training, the proportion of Mixertaa
in the factor analysis training set would have increasedfro
20% to 50% and this would presumably have resulted in evg
better performance on the 2006 evaluation set.

Btter than the best results that have been reported on this
task, namely an EER of 4.0% obtained by MIT [34]. The
MIT results were obtained by fusing two cepstral systems
B. Extended data condition (a support vector machine with nuisance attribute propecti

Table VIII summarizes the results obtained with the Iarg%nd a GMM/UBM system with channel factors) and speech

factor analysis model on the extended data condition of t%ghancement played an important role in reducing errosrate

2006 NIST SRE. The best results on this task in the literatul e system makes use of no special-purpose signal process-

ing; it relies solely on a large number of channel factors

TABLE VIII to compensate for transducer effects. The results of other
Results obtained with a large factor analysis model on the extended data  auxiliary microphone tests (where microphone speech id use
condition of the NIST 2006 SRE. at enrollment time as well as at verification time) can be fbun
in [13].

Male speakers| Female speakers
EER | DCF | EER DCF
English trials | 0.8% | 0.004 | 1.6% | 0.009

All trials 1.1% | 0.007 | 1.8% | 0.009 We have shown how careful modeling of inter-speaker
variability enables a stand-alone joint factor analysistem
are those reported by MIT/IBM [4] where EER’s of 1.5% (Ento perform as well as fusions of large numbers of systems of
glish language trials, male and female results pooled) a2 other types (which typically include models of inter-sessi
(all trials) were obtained by fusing 9 subsystems (cepstraRriability but not of inter-speaker variability). Of ccag this
MLLR and higher level). It is interesting to note that, altiglhh  achievement comes at a cost — the implementation is more
the extended data task was intended to encourage reserchgamplicated and painstaking experimentation is needed ¢ bu
higher level systems, and higher level systems (includimg @ur approach beats the state of the art on the NIST 2006
MLLR system) play an important role in reducing the errogxtended data task (without using higher level featured)aam
rates in [4], we were able to obtain better results usingtrabps the cross-channel task (without using speech enhancement)
features alone. The principal departure from our earlier work is that
we abandoned (at least partially) the maximum likelihood
principle for estimating the hyperparameters which define a
joint factor analysis model. This decision was driven by the
In the cross-channel condition, the enrollment data foheaoesults in [12] which led us to conclude that the maximum
target speaker consists of a conversation side extracbed dr likelihood principle could not produce useful estimates of
recording of a telephone conversation but the test datastsnsthe hyperparameteal in (2), apparently because (2) is not a
of recordings made using one of 8 different microphonese(Thealistic model of inter-speaker variability. There is dvimus

V. CONCLUSION

C. Cross-channel condition
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parallel here with speech recognition: Hidden Markov M@&de[20] H. Aronowitz, “Speaker recognition using Kernel-PCAdsinter-session
are not realistic models of acoustic-phonetic phenomend, a
maximum likelihood estimation does not perform as well
other estimation criteria (such as Maximum Mutual Informa-

tion or Minimum Phone Error). This raises the question d#?]
whether similar discriminative training criteria can beeds
to estimate factor analysis hyperparameters. First staps[d3]
this direction have been taken in [35], [36] but the results

suggest that getting this type of approach to work in speaker
recognition may require a large effort, just as it has in spee[24]
recognition.
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