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Abstract

We propose using the maximum-a-posteriori (MAP) estimation
of subspace transform for speaker recognition. The linear trans-
form is defined on the mean vectors of the Gaussian mixture
model (GMM), where transform matrices and bias vectors are
associated with separate regression classes so that both can be
estimated with sufficient statistics given limited training data.
The transform matrices are further defined as a linear combi-
nation of a set of basis transforms so that the weights are pa-
rameters to be estimated. We characterize the speakers with
the transform parameters and model them using support vec-
tor machine (SVM). Experiments on the 2008 NIST SRE task
illustrate the effectiveness of the method.

Index Terms: speaker recognition, subspace transform, maxi-
mum a posteriori

1. Introduction

This paper focuses on speaker recognition approaches based on
support vector machine (SVM). The SVM-based approaches
mainly differ in the definition of SVM features, e.g., the gen-
eralized linear discriminant sequence (GLDS) [1], the Gaussian
mixture model (GMM) supervector [2], the bag of N-grams [3],
and the maximum likelihood linear regression (MLLR) trans-
form [4].

Among the SVM features, MLLR models the difference be-
tween a speaker-dependent and a speaker-independent model by
sharing linear transforms across Gaussian mixtures. Multiple
transforms are usually defined in order to sufficiently describe
the speaker’s characteristics [4]. However, the MLLR estima-
tion may encounter numerical problems such as singular matrix
inverse when the training data are sparse [5].

To address the sparse training data problem, one way is to
estimate the linear regression with the maximum a posteriori
(MAP) criterion [6][7][8]. MAP can yield a smooth estimation
of parameters by assuming that the parameters belong to certain
prior probabilities [9].

A second way to deal with the limited training data is to use
the subspace concept e.g., eigenvoice [10], joint factor analy-
sis (JFA) [11], extended maximum likelihood linear transform
(EMLLT) [12], subspace on precisions and means (SPAM) [13],
subspace GMM [14], cluster adaptive training (CAT) [15] and
subspace feature MLLR [16]. The subspace can be defined
either for the model parameters [10]-[14] or for the transform
parameters [15][16]. This paper studies the subspace methods
based on transform parameters.

‘We propose a method for estimating the subspace transform
based on the MAP criterion. MAP estimation is used instead of
ML estimation in order to eliminate possible numerical prob-
lems. The transform can be defined on either model space or
feature space. In [15], MLLR is defined on Gaussian means
and subspace transforms are estimated with the expectation-
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maximum (EM) algorithm. On the other hand, in [16], feature-
space MLLR is defined and subspace transforms are estimated
with the line search algorithm because the Jacobian determi-
nant makes the EM derivation intractable. Therefore, similar to
[15], we define the transforms on Gaussian means to achieve
a relatively simple solution. Considering that the estimation of
bias vectors is more robust than that of transform matrices given
limited amounts of training data, we previously studied a flexi-
ble definition of linear regression where transform matrices and
bias vectors are associated with separate regression classes [17].
In this paper we define the transform in the same flexible form,
and further define the transform matrices as a linear combina-
tion of a set of orthonormal basis transforms. The transform
parameters, which can be used to characterize the speakers, are
finally modeled by SVM.

Our method shares similarity with MLLR-SVM in the use
of transform matrices, and has these two advantages: 1) MAP
estimation eliminates possible numerical problems in ML esti-
mation, and 2) subspace estimation is more robust than the full-
matrix estimation in MLLR given limited training data. Our
method also shares similarity with GMM-SVM where large
number of bias vectors are defined, and has the advantage that
bias vectors and transform matrices can be jointly estimated for
speaker characterization.

The method is evaluated on the 2008 NIST SRE corpus.
Results show the effectiveness of the subspace transform espe-
cially for short-duration speech. Good performance is obtained
by setting different numbers of bias vectors and transform ma-
trices.

2. Subspace Transform

Let’s model the speaker-independent data consisting of D-
dimensional feature vectors y; with a GMM universal back-
ground model (UBM)

M

plyel M) = eonN (e i, Zm) 0))

m=1

which is defined by a set of parameters M = {cpm,
Umy Zm;m = 1,--+ | M}, where M is the number of Gaus-
sian components, ¢, are Gaussian mixture weights, A/(-) is a
Gaussian, [, are mean vectors, and 3, are covariance matri-
ces. Let’s define a linear transform to map speaker-independent
mean vectors ., to speaker-dependent mean vectors fis,, as
follows:

Hsm = Ask:,um + bsl 5 (2)

where s denotes the speaker, Ay, is a nonsingular D x D matrix,
bs1 is a D-dimensional vector.

The regression classes k and [ are associated with Gaussian
components in the GMM-UBM by sharing the transform across
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Figure 1: Subspace transform on Gaussian means.

mixture components. To this end, a centroid splitting algorithm
with Euclidean distance measure is used to assign each com-
ponent m to two separate classes: Cr, = {m|kn = k};k =
1,--,Kand C; = {m|l,, = l};l =1,---, L. Typically we
have K < M and L < M. The choice of K and L regulates
the number of parameters. By allowing different combination
of K and L, we are able to define a linear transform with the
desired number of parameters.

When the speaker adaptation data are insufficient, the esti-
mates of transform matrices As; may not be reliable. To ad-
dress the problem, we define A,y as a linear combination of a
set of basis transforms as follows:

P
Ask = Ak() + Z AskpAkp )

p=1

3)

where the bases {Agp;p = 1,---, P} define a subspace for
transform matrices Asx, Askp are weights of the linear com-
bination, Axo denotes the speaker-independent transform ma-
trix. Figure 1 illustrates the subspace transform on Gaussian
means. Thus the speaker-dependent parameter set is com-
posed of linear combination weights and bias vectors, denoted
as O, = {Aek,bssk = 1,--- JK;1 = 1,--- L}, where
Ask = ekt - derp]T.

3. MAP Estimation

Given a speaker’s feature set Y = {ys:}, the MAP estimation
of ©, is to maximize the posteriori probability as follows:

p(®S|Y97M) :p(YQ|M7@S)p(®s) ’ (4)

where p(Y5| M, ©,) is the likelihood of Y, with respect to M
and O, and p(O;) is the prior probability of ©,. An itera-
tive procedure, as described below, can be used to estimate O,
where g are estimated by fixing bs; and bg; are estimated by
fixing As.

3.1. Estimation of )\,

Let’s define the prior probability of Asx as a Gaussian distribu-
tion as follows:

p()\sklr)\) = N()\slmplm \Ilk/g) ) (5)

where p;, and Uy, are respectively the mean vectors and covari-
ance matrices, while the parameter € controls the broadness of
the prior distribution. I'y = {px, ¥} is the set of hyperparam-
eters.

The EM auxiliary function for the ML estimation of © 4 can
be written as follows:

1 _
QI\/IL =C - 5 ; ’Ym(t)(yst - ,U/sm)TEml(yst - llfs'm) ) (6)
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where the term C' is irrelevant to the speaker parameter set
Os, and 7y, (t) is the posteriori probability of the m-th Gaus-
sian component given the feature y,; with respect to parameters
{Cm, trsm, Xm }. With the prior probability in Eq. (5), the EM
auxiliary function for the MAP estimation of s, can then be
written as

1 _
Onrar sk Mog) = Qi — =e(Ask — pi) 3 (Nsre — p1) -

2

Differentiating Eq. (7) with respect to Asx and equating to zero,
we get

Aoe = (G + W) " (esk + Wy pr) ®)
where
Gk = Y m®UnSn'Un
MECt
esk = Z V(U Em (st — Akoptm — i) s
meCy,t

and Up, = [Akifim -+ Akpfim].

3.2. Estimation of by

Similar to Asx, we define the prior probability of bs; as a Gaus-
sian distribution as follows:

p(bs|Ty) = N (bsi; 1, ®1/7) ©)

where v; and ®; are respectively mean vectors and covariance
matrices, and the parameter 7 controls the broadness of the prior
distribution. I’y = {1y, ®,} is the set of hyperparameters. The
EM auxiliary function for the MAP estimation of bs; can be
written as

/ 1 _
Quiap (bst; bur) = Quir, — 57(bst = 1) @, (bt = 1) - (10)

Differentiating Eq. (10) with respect to b; and equating to zero,
we get

b = (Hoa + 70, ) (fa + 79, ') , (11)
where
Ha = Y wm®S,
meC,t
fa = Z Vi () Em" (Yst — Asky fim) -
meCy,t

Assuming that both 3, and ®; are diagonal matrices, i.e.

Sm = diag{on, -+ 05, p} and &1 = diag{¢f1, -, dip},
the estimation of by, can be simplified as follows:
ngcl,t ’Ym(t) (ysti*Z;anium) + %
bsii = =5 i (12)

Vmeera 17 + 5

where the subscript ¢ denotes the i-th element in vectors (b,
Ystir O2s» Vis and ¢2) or the -th row in matrices (Askpmi)-

3.3. Summary of estimation procedure

Given a speaker s’ data, we estimate O, with the following
steps:

Step 1: Initialization of A\s and bs;. Both vectors are ini-
tially set as 0 in our experiments.

Step 2: Estimation of \sx with Eq. (8).

Step 3: Estimation of by; with Eq. (12).

Step 4: Repeat Step 2 and Step 3 until a criterion is satisfied.

(M



4. Estimation of Basis Transforms

We estimate the basis transforms {Agp;k = 1,--- | K,p =
0,---, P} using the background data. For each speaker s in
the background data, based on the speaker-independent GMM-
UBM, a set of transforms {Asx;k = 1,--- , K} can be esti-
mated by using MLLR [5]. The MLLR estimation among all
speakers in the background data can be used as the zeroth trans-
form matrices {Ago; k=1, -+, K}.

It is useful to construct a set of orthonormal bases, i.e.
tr(AriAR;) = 0(i, ), where (4, j) is the Kronecker delta
function. To estimate the orthonormal bases, we compute the
scatter matrix among the MLLR transforms as follows:

X = Z vec(ASk)vec(Ask)T , (13)

where vec(Ask) denotes the concatenation of rows of Ay into
a supervector. Then SVD is used to compute the column vec-
tors {ukp;p = 1,---, P} corresponding to the top-P singu-
lar values in X, = UgLyV;’. Finally we get the bases as
vec(Akp) = Upp.

5. Estimation of Hyperparameters

The prior probabilities of As; and bs; are defined with hyper-
parameters consisting of I'x = {px, U;k = 1,--- , K} and
Iy = {v, P51 = 1,---, L}. We estimate the hyperparame-
ters on the background data. The idea is to estimate Asx and
bs; for each speaker in the background data, and to compute
the distribution among these speakers as the prior probabilities.
Therefore, the estimation includes the following two steps:

Step 1: Estimate A and bg; for each speaker in the back-
ground data. As there is no prior probabilities in this stage, we
use the ML estimation to update the parameters. ML is the spe-
cial case of MAP where the prior probability is flat, i.e. ¢ — 0
in Eq. (5)and 7 — 0 in Eq. (9). Therefore, ML estimates of
Ask and bg; are respectively Eq. (8) and Eq. (12) in condition
ofe =0and 7 = 0.

Step 2: Estimate the hyperparameters I'y and I',. Given
the values of Ak and bs; among the speakers in the background
data, we may compute the unbias estimates of hyperparameters
as pr. = FsDsk], Up = Es[sk — pr) sk — pr) T =
E,[ba], and ®; = E,[(bsr — v1)(bst — 1) 7]

6. SVM with Transform Parameters

Given the estimated Ak, we can compute the transform matri-
ces As, with Eq. (3). Then we get a set of speaker-dependent
transform parameters ©, = {Ag,bsisk = 1,--- , K;l =
1,---, L}, which we use for SVM modeling. For each speech
utterance, the parameters are concatenated to form a supervec-
tor consisting of K D? + LD elements. An SVM is trained for
each target speaker by taking the target speaker’s training su-
pervectors as positive samples, and the supervectors from the
background data set as negative samples. Our experiments are
implemented using the SVMTorch package with a linear inner-
product kernel [18]. The supervectors are scaled to the same
dynamic ranges using the rank normalization [4]. It replaces
each value in the supervectors with its rank among the back-
ground data samples on a given dimension, and then scales the
ranks to a value between 0 and 1. Rank normalization warps the
distribution to be uniform for each dimension of the background
vectors, which may result in better robustness for the SVM clas-
sifier. We perform nuisance attribute projection (NAP) on the
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SVM supervetor [19], and normalize the output SVM scores
with Tnorm and Znorm [20].

7. Experiments

We evaluate the method on the telephony English data in the
2008 NIST SRE corpus. According to the duration of train-
ing and testing speech utterances, the corpus is classified to
five conditions which are denoted as: 10s-10s, 1¢c-10s, 8c-10s,
lc-1c, and 8c-1c. In the denotation, the two values represent
training and testing duration respectively. “s” means a sec-
ond and “c” means a conversation of approximately 2.5 min-
utes. The background data comprise the 2004 NIST SRE cor-
pus which consists of 1816 utterances from 145 female speakers
and 1268 utterances from 101 male speakers, and are used to
train the GMM-UBM, basis transforms, and NAP transforms.
The 1-conversation training data in the 2005 NIST SRE cor-
pus are used for training the cohort models for Tnorm, and the
1-conversation training data in the 2004 NIST SRE corpus are
used as cohort speakers in Znorm.

Each speech utterance is converted to a sequence of 39-
dimensional feature vectors including 12 PLP coefficients, Co
and their first and second order derivatives, which are then fil-
tered by a RASTA filter. An energy-based voice activity detec-
tion (VAD) process is then used to remove non-speech frames.
Finally, feature vectors are normalized with Gaussianization.

Subspace transform (ST) is compared with two methods:
1) MLLR-SVM, in which the SVM supervector is composed
of vectorized MLLR transform parameters that are estimated
based on the GMM-UBM, and 2) GMM-SVM, in which the
SVM supervector is composed of concatenated mean vectors in
the speaker-dependent GMM which is MAP-adapted from the
GMM-UBM. With the background data, we train two gender-
dependent GMM-UBMs each consisting of 512 Gaussian com-
ponents. In all methods, the NAP transform rank is set to be 40.
In ST-SVM, weset P =40 ande = 7 = 1.

We first study the performance of ST using the transform
matrices Asy only, which is defined by setting I = 0. The per-
formance is compared with MLLR-SVM in which we define
MLLR as K full matrices so that ST and MLLR have the same
number of parameters. Without loss of generality, we com-
pare the performance on male-speaker data. Table 1 shows the
equal error rates (EERs) of the two methods. The value of K is
changed from 1 to 8. For conditions involving short durations
(10s-10s, 1c-10s and 8c-10s), ST-SVM outperforms MLLR-
SVM, indicating that the short-duration speech is insufficient
for MLLR estimation but is enough for ST estimation. In the
mid-duration condition (1c-1c), ST cannot beat MLLR when
K = 1,2,4 and becomes better than MLLR when K = 8. In
the long-duration condition (8c-1¢), MLLR-SVM outperforms
ST-SVM, showing that MLLR performs better than ST when
there are sufficient data.

Next we study the performance of ST with both transform
matrices Agy, and bias vectors bs;. The performance is com-
pared with GMM-SVM in which the SVM supervector is com-
posed of mean vectors of 512 Gaussians. By setting L = 512,
the SVM supervector in ST-SVM has K D? more elements
which come from the Agj parameters. Table 2 shows EERs
of the two methods on male-speaker data. When K equals 1 or
2, ST-SVM outperforms GMM-SVM in most conditions except
that slight performance fluctuation appears in the condition of
8c-1c. Results also show that ST-SVM yields greater improve-
ment in shorter duration conditions. When K is equal to or
bigger than 4, the ST-SVM performance degrades especially in



Table 1: Equal error rates (in %) of MLLR-SVM and ST-SVM
(L = 0) on male-speaker data.

Table 4: Equal error rates (in %) of GMM-SVM and ST-SVM
(L = 512) on all-speaker data.

short-duration conditions, indicating that the speech data be-
comes insufficient for estimating the more transform matrices
together with the large number of bias vectors.

Table 2: Equal error rates (in %) of GMM-SVM and ST-SVM
(L = 512) on male-speaker data.

[ Method [ K [ 10s-10s | 1c-10s | 8¢c-10s | le-lc | 8c-Ic |
GMM-SVM - 22.98 9.68 3.70 1.93 1.18
1 18.82 9.09 3.17 1.90 1.18
ST-SVM 2 18.40 8.84 2.68 1.82 1.22
(L =512) 4 20.20 10.07 3.70 1.82 0.97
8 23.48 11.55 5.82 1.82 1.29

(2]

[3]

(4]

(5]

(6]

(7

As Table 2 shows that ST-SVM yields good performance
on male-speaker data when L equals 512 and K equals 1 or 2,
we extend the study to female-speaker data and to all-speaker
data. The EERs are shown in Table 3 and Table 4. Results in
the two tables confirm the effectiveness of ST-SVM especially
for short-duration conditions.

Table 3: Equal error rates (in %) of GMM-SVM and ST-SVM
(L = 512) on female-speaker data.

(8]

]

[10]

(1]

[ Method [ K [ 10s-10s [ 1c-10s | 8c-10s | lc-lc | 8c-lc |
GMM-SVM - 25.05 11.13 4.49 2.31 1.29 [12]
ST-SVM 1 21.67 10.37 4.42 2.28 1.10
(L =512) 22.08 10.52 4.63 2.29 1.18 [13]

8. Conclusions

We present a speaker recognition method using MAP estima-
tion of subspace transforms (ST). Transform matrices and bias
vectors are associated with separate regression classes, and ma-
trices are defined as a linear combination of basis transforms.
Transform parameters are estimated with MAP and modeled
with SVM. The method is evaluated on the 2008 NIST SRE
task. ST with transform matrices outperforms MLLR in short-
duration conditions, demonstrating that the subspace estima-
tion is more robust than the full-matrix estimation given limited
training data. ST with both transform matrices and bias vectors
improves the performance of GMM-SVM when the number of
bias vectors in ST is the same as the number of means in GMM,
showing the effectiveness of combining different numbers of
transform matrices and bias vectors. In future, we will study
joint estimation of basis transforms and speaker transforms, and
estimation of transforms on both model space and feature space.

[14]

[15]

[16]

[17]

(18]

[19]

[20]
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[ Method | K [ 10s-10s | 1c-10s [ 8¢c-10s | lc-lc | 8c-Ic | |  Method [ K [ 10s-10s | 1c-10s | 8c-10s | Ic-Ic | 8c-Ic |
1 38.19 23.96 13.23 5.77 3.13 GMM-SVM | - 24.18 10.70 3.98 2.16 1.16
MLLR 2 36.80 23.83 12.70 5.16 2.90 ST-SVM 1 20.76 9.88 3.95 2.14 1.11
-SVM 4 38.38 25.31 14.53 5.02 3.23 (L =512) 20.97 9.88 3.96 2.14 1.16
8 41.16 27.27 15.65 6.19 2.78
1 21.46 13.76 11.11 7.13 7.42
ST-SVM | 2 21.72 12.84 9.52 6.24 6.43 9. References
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