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ABSTRACT

We propose a new approach to the problem of estimating speaker
factor loading matrices which enhances the effectiveness of the
classical MAP component of factor analysis. Our past experience
led us to believe that this component was only useful in extended
data tasks where 15–20 mins of speech data is available to en-
roll target speakers. When the proposed estimation technique was
tested on the NIST 2006 speaker recognition evaluation data, we
found that the classical MAP component was responsible for 10–
15% reductions in error rates on the core condition (as measured
both by equal error rates and the NIST detection cost function).
Similar improvements were obtained on the extended data task.

Index terms speaker recognition

1. INTRODUCTION

Factor analysis is a model of speaker and session variability in
Gaussian mixture models (GMM’s) which is widely used in text-
independent speaker recognition. This paper is concerned with
the speaker variability component of our version of factor anal-
ysis. The role of this component is to provide a prior distribu-
tion for maximum a priori (MAP) estimation of speaker-dependent
GMM’s at enrollment time.

Let F be the dimension of the acoustic feature vectors and let
C be the number of mixture components in the universal back-
ground model (UBM); we index these mixture components by
c = 1, . . . , C. We use the term speaker supervector to refer to
the CF dimensional vector obtained by concatenating theF di-
mensional mean vectors in a speaker-dependent GMM.

If s is the supervector for a randomly chosen speaker then we
assume thats is distributed according to

s = m + vy + dz (1)

wherem is a speaker-independent supervector,d is a diagonal
matrix, v is a rectangular matrix of low rank andy andz are in-
dependent random vectors having standard normal distributions.
(This assumption is equivalent to saying thats is normally dis-
tributed with meanm and covariance matrixd2 + vv∗ .) Also we
associate a diagonal covariance matrixΣc with each mixture com-
ponentc whose role is to model the variability in the acoustic ob-
servation vectors which is not captured by the speaker variability
model (1). We denote byΣ theCF ×CF supercovariance matrix
whose diagonal is the concatenation of these covariance matrices.

The components ofy are the speaker factors. We will write
y(s) in place ofy in situations where it is necessary to refer to the
speaker factors associated with a particular speakers. The speaker
variability model (1) reduces to classical MAP in the casev = 0

and to eigenvoice MAP [1] in the cased = 0. Given the hyperpa-
rametersm, v, d,Σ together with a channel factor loading matrix
u, the calculation of the MAP estimate ofs can be carried out as
in Section III of [2].

Generally speaking, our experience has been that the termvy

in (1) is much more useful than the termdz. In a typical factor
analysis training scenario with, say, 1000 training speakers and
300 speaker factors, almost all of the speaker variability in the
training set can be well accounted for byv alone (v has 300 times
as many free parameters asd). Thus, if care is not taken, it can
happen thatd ends up playing no useful role. The principal con-
clusion that we came to in [3] was that the termdz is really only
useful in extended data tasks where 15–20 minutes of enrollment
data are available for each target speaker. This led us to re-examine
the algorithms that we used to estimatev andd. In this paper we
propose a new training regimen for these hyperparameters which
enabled us to obtain 10–15% reductions in error rates on the core
condition of the NIST 2006 speaker recognition evaluation data as
well as on the extended data task.

2. ESTIMATING THE HYPERPARAMETERS

The UBM supervector can serve as an estimate ofm and the UBM
covariance matrices are good first approximations to the residual
covariance matricesΣc (c = 1, . . . , C). The problem of esti-
matingv in the case whered = 0 was addressed in [1] and a very
similar approach can be adopted to estimatingd in the case where
v = 0. We first summarize the estimation procedures for these
two special cases and then explain how they can be combined to
tackle the general case.

2.1. Baum-Welch statistics

Given a speakers and acoustic feature vectorsY1, Y2, . . ., for each
mixture componentc we define the Baum-Welch statistics in the
usual way:

Nc(s) =
X

t

γt(c)

Fc(s) =
X

t

γt(c)Yt

Sc(s) = diag

 

X

t

γt(c)YtY
∗

t

!

where, for each timet, γt(c) is the posterior probability of the
event that the feature vectorYt is accounted for by the given mix-
ture component. We calculate these posteriors using the UBM
(other possibilities could be explored).



We denote the centralized first and second order Baum-Welch
statistics byF̃c(s) andS̃c(s):

F̃c(s) =
X

t

γt(c)(Yt − mc)

S̃c(s) = diag

 

X

t

γt(c)(Yt − mc)(Yt − mc)
∗

!

wheremc be the subvector ofm corresponding to the mixture
componentc. In other words,

F̃c(s) = Fc(s) − Nc(s)mc

S̃c(s) = Sc(s)

− diag (Fc(s)m
∗

c + mcFc(s)
∗ − Nc(s)mcm

∗

c) .

Let N (s) be theCF × CF diagonal matrix whose diagonal
blocks areNc(s)I (c = 1, . . . , C). Let F̃ (s) be theCF × 1

supervector obtained by concatenatingF̃c(s) (c = 1, . . . , C).
Let S̃(s) be theCF ×CF diagonal matrix whose diagonal blocks
areS̃c(s) (c = 1, . . . , C).

2.2. Training an eigenvoice model

In this section we consider the problem of estimatingm, v and
Σ under the assumption thatd = 0. We assume that initial esti-
mates of the hyperparameters are given. (Random initialization of
v works fine in practice.)

2.2.1. The posterior distribution of the hidden variables

For each speakers, setl(s) = I+v∗

Σ
−1N (s)v. Then the poste-

rior distribution ofy(s) conditioned on the acoustic observations
of the speaker is Gaussian with meanl−1(s)v∗

Σ
−1F̃ (s) and co-

variance matrixl−1(s). (See [1], Proposition 1.)
We will use the notationE [·] to indicate posterior expec-

tations; thusE [y(s)] denotes the posterior mean ofy(s) and
E [y(s)y∗(s)] the posterior correlation matrix.

2.2.2. Maximum likelihood re-estimation

This entails accumulating the following statistics over the train-
ing set where the posterior expectations are calculated using initial
estimates ofm, d,Σ ands ranges over the training speakers:

Nc =
X

s

Nc(s) (c = 1, . . . , C)

Ac =
X

s

Nc(s)E [y(s)y∗(s)] (c = 1, . . . , C)

C =
X

s

F̃ (s)E [y∗(s)]

N =
X

s

N (s).

For each mixture componentc = 1, . . . , C and for eachf =
1, . . . , F , seti = (c − 1)F + f let vi denote theith row of v

andCi the ith row of C. Thenv is updated by solving the equa-
tions

viAc = Ci (i = 1, . . . , CF ).

The update formula forΣ is

Σ = N
−1

 

X

s

S̃(s) − diag (Cv
∗)

!

.

(See [1], Proposition 3.)

2.2.3. Minimum divergence re-estimation

Given initial estimatesm0 andv0, the update formulas form and
v are

m = m0 + v0µy

v = v0T
∗

yy

Here

µ
y

=
1

S

X

s

E [y(s)] ,

T yy is an upper triangular matrix such that

T
∗

yyT yy =
1

S

X

s

E [y(s)y∗(s)] − µ
y
µ

∗

y

(i.e. Cholesky decomposition),S is the number of training speak-
ers, and the sums extend over all speakers in the training set. (See
[2], Theorem 7.) The role of this type of estimation is to get good
estimates of the eigenvalues corresponding to the eigenvoices.

2.3. Training a diagonal model

An analogous development can be used to estimatem, d andΣ if
v is constrained to be0.

2.3.1. The posterior distribution of the hidden variables

For each speakers, setl(s) = I + d2
Σ

−1N (s). Then the poste-
rior distribution ofz(s) conditioned on the acoustic observations
of the speaker is Gaussian with meanl−1(s)dΣ

−1F̃ (s) and co-
variance matrixl−1(s).

Again, we will use the notationE [·] to indicate posterior ex-
pectations; thusE [z(s)] denotes the posterior mean ofz(s) and
E [z(s)z∗(s)] the posterior correlation matrix.

It is straightforward to verify that, in the special case where d

is assumed to satisfy

d
2 =

1

r
Σ,

this posterior calculation leads to the standard relevanceMAP es-
timation formulas for speaker supervectors (r is the relevance fac-
tor). The following two sections summarize data-driven proce-
dures for estimatingm, d andΣ which do not depend on the rel-
evance MAP assumption. It can be shown that when these update
formulas are applied iteratively, the values of a likelihood function
analogous to that given in Proposition 2 of [1] increase on succes-
sive iterations.



2.3.2. Maximum likelihood re-estimation

This entails accumulating the following statistics over the train-
ing set where the posterior expectations are calculated using initial
estimates ofm, d,Σ ands ranges over the training speakers:

Nc =
X

s

Nc(s) (c = 1, . . . , C)

a =
X

s

diag (N (s)E [z(s)z∗(s)])

b =
X

s

diag
“

F̃ (s)E [z∗(s)]
”

N =
X

s

N (s).

For i = 1, . . . , CF let anddi the ith entry ofd and similarly for
ai andbi Thend is updated by solving the equation

diai = bi

for eachi. The update formula forΣ is

Σ = N
−1

 

X

s

S̃(s) − diag (bd)

!

.

2.3.3. Minimum divergence re-estimation

Given initial estimatesm0 andd0, the update formulas form and
d are

m = m0 + d0µz

d = d0T zz

where

µ
z

=
1

S

X

s

E [z(s)] ,

T zz is a diagonal matrix such that

T
2

zz = diag

 

1

S

X

s

E [z(s)z∗(s)] − µ
z
µ

∗

z

!

,

S is the number of training speakers, and the sums extend over all
speakers in the training set.

We will need a variant of this update procedure which applies
to the case wherem is forced to be0. In this cased is estimated
from d0 by takingT zz to be such that

T
2

zz = diag

 

1

S

X

s

E [z(s)z∗(s)]

!

.

2.4. Joint estimation of v and d

There is no difficulty in principle in extending the maximum like-
lihood and minimum divergence training procedures to handle a
general factor analysis model in which bothv andd are non-zero
(Theorems 4 and 7 in [2]). We used this type of joint estimation in
all of our previous work in factor analysis and to produce bench-
marks for the experiments that we will report in this paper.

However joint estimation ofv andd is computationally de-
manding because, in a general factor analysis model, all of the

hidden variables become correlated with each other in the poste-
rior distributions. Our experience has been that, given theBaum-
Welch statistics, training a diagonal model runs very quickly and
training a pure eigenvoice model can be made to run quickly (at the
cost of some memory overhead) by suitably organizing the com-
putation of the matricesl(s) in Section 2.2.1. Unfortunately no
such computational short cuts seem to be possible in the general
case. Furthermore, even if the eigenvoice componentv is carefully
initialized, many iterations of joint estimation seem to beneeded
to estimated properly and, because the contribution ofd to the
likelihood of the training data is minor compared with the contri-
bution ofv, it is difficult to judge when the training algorithm has
effectively converged.

2.5. Decoupled estimation of v and d

These considerations together with the fact thatd has far fewer free
parameters thanv led us to explore an alternative training regimen
where we divide the training speakers into two disjoint sets. We
use the larger of the two sets to estimatem andv and the smaller
to estimated andΣ.

Specifically, we first fit a pure eigenvoice model to the larger
training set using the procedures described in Sections 2.2.2 and
2.2.3. Then, for each speakers in the residual training set, we
calculate the MAP estimate ofy(s), namelyE [y(s)], as in Sec-
tion 2.2.1. This gives us a preliminary estimate of the speaker’s
supervectors, namely

s = m + vE [y(s)] .

We centralize the speaker’s Baum-Welch statistics by subtracting
the speaker’s supervector (that is we apply the formulas in Section
2.1 withm replaced bys). Finally we use these centralized statis-
tics together with the procedures described in Sections 2.3.2 and
2.3.3 to estimate a pure diagonal model withm = 0 This gives us
estimates ofd andΣ.

Since this training algorithm uses only the diagonal and eigen-
voice estimation procedures, it converges rapidly.

3. EXPERIMENTS

3.1. Enrollment and test data

We used the core condition and the 8 conversation training con-
dition (also known as the extended data condition) of the NIST
2006 speaker recognition evaluation (SRE) for testing. Although
we will report results on male speakers as well as female, we used
only the female trials for our experiments.

3.2. Feature Extraction

We extracted 19 cepstral coefficients together with a log energy
feature using a 25 ms Hamming window and a 10 ms frame ad-
vance. These were subjected to feature warping using a 3 s sliding
window. Delta coefficients were calculated using a 5 frame win-
dow giving a total of 40 features.

3.3. Factor analysis training data

We trained 2 gender dependent UBM’s having 1024 Gaussians and
gender dependent factor analysis models having 0,100 and 300
speaker factors. The number of channel factors was fixed at 50
in all cases.



For training UBM’s we used Switchboard II, Phases 2 and 3;
Switchboard Cellular, Parts 1 and 2; the Fisher English Corpus,
Parts 1 and 2; the NIST 2003 Language recognition evaluation
data set; and the NIST 2004 SRE enrollment and test data.

For training factor analysis models we used the LDC releases
of Switchboard II, Phases 2 and 3; Switchboard Cellular, Parts 1
and 2; and the NIST 2004 SRE data. For decoupled estimation of
v andd, we estimatedv on the Switchboard data andd on the
2004 SRE data.

3.4. Imposters

The verification decision scores obtained with the factor analysis
models were normalized usingzt-norm. As in [3], we used 283
t-norm speakers in the female case and 227 in the male case. We
used 1000z-norm utterances for each gender. The imposters were
chosen at random from the factor analysis training data.

3.5. Results

The results of our experiments on the female portion of the com-
mon subset of core condition of the NIST 2006 SRE are summa-
rized in Table 1. (EER refers to the equal error rate and DCF to
the minimum value of the NIST detection cost function.) There
are some blank entries in the table because decoupled estimation
only applies only in the case where bothv andd are non-zero.
The best result is obtained with 300 speaker factors and decoupled

Table 1. Results obtained on the core condition of the NIST 2006
SRE (female speakers, English language trials)

Joint Estimation Decoupled
EER DCF EER DCF

100 speaker factors,d 6= 0 4.4% 0.027 3.9% 0.022
300 speaker factors,d 6= 0 4.1% 0.024 3.6% 0.021
300 speaker factors,d = 0 3.9% 0.024 – –
0 speaker factors,d 6= 0 5.2% 0.027 – –

estimation. There is an anomaly in the joint estimation column: In
the 300 speaker factor case we obtained a better EER by setting
d = 0 than by joint estimation ofv andd. We attribute this to
the convergence issue mentioned in Section 2.4. Table 2 gives the
corresponding results on all trials of the female portion ofthe core
condition. Again 300 speaker factors with decoupled estimation
gives the best results.

Table 2. Results obtained on the core condition of the NIST 2006
SRE (female speakers, all trials)

Joint Estimation Decoupled
EER DCF EER DCF

100 speaker factors,d 6= 0 5.9% 0.032 4.9% 0.027
300 speaker factors,d 6= 0 5.6% 0.030 4.6% 0.025
300 speaker factors,d = 0 5.2% 0.028 – –
0 speaker factors,d 6= 0 7.2% 0.034 – –

We replicated these experiments on the female trials of the
extended data condition. The results are summarized in Tables 3
and 4. Patterns similar to those in Tables 1 and 2 are evident.

For completeness, we report results on male speakers and on
all speakers in Table 5.

Table 3. Results obtained on the extended data condition of the
NIST 2006 SRE (female speakers, English language trials)

Joint Estimation Decoupled
EER DCF EER DCF

100 speaker factors,d 6= 0 2.2% 0.012 2.1% 0.011
300 speaker factors,d 6= 0 2.1% 0.014 1.9% 0.011
300 speaker factors,d = 0 2.1% 0.014 – –
0 speaker factors,d 6= 0 3.1% 0.017 – –

Table 4. Results obtained on the extended data condition of the
NIST 2006 SRE (female speakers, all trials)

Joint Estimation Decoupled
EER DCF EER DCF

100 speaker factors,d 6= 0 2.5% 0.012 2.3% 0.014
300 speaker factors,d 6= 0 2.7% 0.014 2.3% 0.012
300 speaker factors,d = 0 2.7% 0.015 – –
0 speaker factors,d 6= 0 3.6% 0.016 – –

3.6. Conclusion

We have shown that decoupled estimation ofv andd leads to 10–
15% reductions in error rates compared with joint estimation on
both the core condition and the extended data condition of the
NIST 2006 SRE. The improvements that we observed were par-
ticularly marked on non-English trials. It seems that eigenvoice
modeling successfully captures variability among Englishspeak-
ers andd is especially helpful with non-English speakers. Con-
trary to our conclusion in [3], the termdz in (1) can play a useful
role in restricted data tasks after all.
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Table 5. Results obtained on the core condition and the extended
data condition of the NIST 2006 SRE for male speakers and for all
speakers using gender-dependent factor analysis models with 300
speaker factors (decoupled estimation)

Male speakers All speakers
EER DCF EER DCF

Core condition, English 2.1% 0.013 3.1% 0.018
Core condition, all trials 4.2% 0.020 4.3% 0.023
Extended data, English 1.4% 0.006 1.8% 0.009
Extended data, all trials 1.7% 0.008 2.2% 0.011


