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Abstract
We propose to use a new feature transformation (FT) function to
construct supervectors of support vector machines for speaker
recognition. Considering that estimation of bias vectors is more
robust than that of transformation matrices, we define the FT
function in a flexible form that transformation matrices and bias
vectors are controlled by separate regression classes. Unlike the
MLLR-based approach that needs a continuous speech recogni-
tion system, our FT function parameters are estimated based on
a Gaussian mixture model (GMM). An iterative training proce-
dure is used to achieve the maximum a posteriori estimation of
the FT function parameters, which avoids the possible numer-
ical problem caused by insufficient training data in the maxi-
mum likelihood estimation. Our approach is evaluated on the
SRE2006 NIST evaluation and obtains better performance than
a conventional SVM system based on GMMmean supervectors.
Index Terms: speaker recognition, feature transformation,
maximum a posteriori, support vector machine

1. Introduction
A conventional approach for the text-independent speaker
recognition is modeling cepstrum features with Gaussian mix-
ture models (GMM) and detecting likelihood ratios of the
GMMs as decision measures. Recently, support vector ma-
chines (SVM) have been proved to be another effective method,
which models high-dimensional supervectors that represent
speakers’ characteristics. In comparison with the GMM-based
system, the SVMs exhibit close performance and possess ad-
vantages such as low computational cost and flexibility of super-
vector design. The performance is typically further improved if
scores of GMM- and SVM-base systems are combined.

Several types of supervectors have been studied for SVM
kernel design. The first is so-called generalized linear discrimi-
nant sequence (GLDS), which is calculated by averaging poly-
nomial expansion of cepstrum features over each speech ut-
terance [1]. The second is the concatenation of GMM mean
vectors according to the Kullback-Liebler divergence [2]. This
method can be viewed as a combination of GMM and SVM.
The third is the concatenation of transformation parameters
from maximum likelihood linear regression (MLLR), which are
estimated based on a large vocabulary continuous speech recog-
nition (LVCSR) system [3].

In this paper we propose to use parameters of a flexible
feature transformation (FT) function to construct supervectors
for SVM classification. Our approach shares similarity with
the MLLR-SVM method [3] and possesses the following ad-
vantages. Firstly, we estimate the transformation parameters
based on GMMs instead of the LVCSR HMMs, which reduces
much effort in building the system. A related attempt is using
GMM-based constrained MLLR (CMLLR) as SVM features
[4]. Secondly, we define a flexible FT function that is capa-

ble of clustering transformation matrices and bias vectors with
separate regression classes, so bias vectors can be set more than
transformation matrices because the estimation of the former is
more robust. In MLLR or CMLLR, however, both transforma-
tion matrices and optional bias vectors are constrained with the
same regression classes [5]. Thirdly, we estimate the transfor-
mation parameters with the maximum a posteriori (MAP) cri-
teria. In MLLR and CMLLR, parameters are estimated with
the maximum likelihood (ML) criteria, which may encounter
numerical problems when the training data is insufficient [5].
Replacing ML with MAP is one way to deal with this problem
[6, 7]. Fourthly, we define the transformation on the feature
space which can be viewed as a joint transformation of both
means and covariances [5]. Both MLLR- and GMM-SVM sys-
tems only take advantage of difference of mean vectors in Gaus-
sian components between speakers while omit the difference of
covariances.

This paper is organized as follows. Section 2 presents our
approach including feature transformation function, its MAP
estimation, vector space characterization and a discussion. Sec-
tion 3 presents experimental results. Finally, we conclude in
Section 4.

2. Feature Transformation Approach
2.1. Feature Transformation Function

Let’s assume that a speech utterance spoken by a speaker s has
been transformed into a sequence of feature vectors Y (s) =

{y(s)t }Tt=1, where y
(s)
t is a D-dimensional vector. We define

a feature transformation (FT) function that maps the speaker’s
feature vector y(s) to a speaker-independent feature vector y as
follows:

y � F(y(s); Θ(s)) = A
(s)
k y(s) + b

(s)
l , (1)

where A
(s)
k is a nonsingular D × D matrix, b(s)l is a D-

dimensional vector, Θ(s) = {A(s)
k , b

(s)
l ; k = 1, · · · ,K; l =

1, · · · , L}. The FT function parameters Θ(s) represent the
speaker’s unique characteristics and therefore are concatenated
to form a supervector for SVM classification.

2.2. MAP Estimation of Θ(s)

Let’s model the speaker-independent speech with a GMM,
whose parameters are denoted as Λ = {cm, μm,Σm;m =
1, · · · ,M}, where M is the number of Gaussian com-
ponents, cm’s are Gaussian mixture weights, μm =
[μm1, · · · , μmD]T is aD-dimensional mean vector, and Σm =
diag{σ2

m1, · · · , σ2
mD} is a diagonal covariance matrix. The

GMM is usually trained with a collection of training data from
a number of speakers and known as the universal background
model (UBM).
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The transformation classes k and l are associated with
Gaussian components in UBM by clustering the components
that share the same transform. A centroid splitting algorithm
with Euclidean distance measure is used to map each compo-
nent m to two separate classes: Ck = {m|km = k}; k =
1, · · · ,K and Cl = {m|lm = l}; l = 1, · · · , L.

In this paper, we propose to use the MAP estimation to train
the FT function parameters. An objective function is defined as
follows:

L(Θ,Λ) = p(F(Y (s); Θ(s))|Λ)
K∏

k=1

p(A
(s)
k )

L∏

l=1

p(b
(s)
l ) ,

(2)
where p(A

(s)
k ) and p(b

(s)
l ) are the prior probability density

functions (PDFs) of A(s)
k and b(s)l , respectively.

2.2.1. Prior PDFs

The prior PDF ofA(s)
k is defined as a matrix variate normal PDF

(e.g., [6]):

p(A) ∝ |Ξ|−D/2|Φ|−D/2

exp

[
−1

2
tr(A− U)TΞ−1(A− U)Φ−1

]
, (3)

where U , Ξ, and Φ are the hyperparameters, with U ∈ RD×D ,
Ξ ∈ RD×D , Ξ ≥ 0, and Φ ∈ RD×D , Φ ≥ 0. We fix Ξ(s)

k =

cI and Φ
(s)
k = I , where c is a scalar control parameter and

I is an identity matrix. When the value of c gets smaller, the
MAP estimation of A(s)

k becomes closer to the prior parameter
Uk; on the contrary the MAP estimation gets closer to the ML
estimation.

A way to obtain Uk is to use the CMLLR estimation based
on the UBM and the training data Y = {yt}, where yt is the t-
th feature vector. Let’s assume that each feature vector y, which
contains the current speaker’s characteristics, is transformed to
a pseudo speaker-independent feature vector ỹ with the func-
tion: ỹ = Uky. ThenUk is estimated to maximize the following
likelihood function [5]:

L(Uk) =
∏

t

∑

m∈Ck

cm| det(Uk)|N (Ukyt;μm,Σm) , (4)

where det(Uk) denotes the determinant of matrix Uk.
The prior PDF of b(s)l is defined as a normal PDF:

p(b) ∝ exp
[
−τb

2
(b− ρ)TΨ−1(b− ρ)

]
, (5)

where τb, ρ are Ψ are the hyperparameters, with τb > 0, ρ
being a D-dimensional vector, and Ψ = diag{ψ2

1 , · · · , ψ2
D}

being a diagonal covariance matrix. We fix τb to be a con-
stant. Following the estimation of Uk, the hyperparameter set
Ω = {Ψl, ρl; l = 1, · · · , L} can also be estimated based on the
UBM and the background data using the ML estimation. Let’s
assume that each feature vector ỹ is further transformed to a
pseudo speaker-independent feature vector ŷ with the function:
ŷ = ỹ + b. From the pointview that Ỹ = {ỹt} is modeled by
two coupled models p(ŷ|Λ) and p(b|ρ,Ψ), we get the following
likelihood function:

L(Ω) =
∏

t

p(ỹt|ŷt, b1, . . . , bL)p(ŷt|Λ)
∏

l

p(bl|ρl,Ψl)

=
∏

t

∑

l

∑

m∈Cl

cmN (ỹt;μm − ρl,Σm +
Ψl

τb
) . (6)

An approach to maximizing Eq. (6) is similar to the studies in
[8, 9, 10, 11]. Thus we get the update formulae of Ω as follows:

ρ̄l =

∑
t

∑
m∈Cl

γm(t)E(bl|ỹt,m)
∑

t

∑
m∈Cl

γm(t)
, (7)

Ψ̄l =

∑
t

∑
m∈Cl

τbγm(t)E(blb
T
l |ỹt,m)

∑
t

∑
m∈Cl

γm(t)
− τbρ̄lρ̄

T
l , (8)

where γm(t) = p(m|ỹt,Λ,Ω), and the expected values are
E(bl|ỹt,m) = (Σ−1

m + τbΨ
−1
l )−1(Σ−1

m (μm − ỹt) + τbΨ
−1
l ρl) ,

E(blb
T
l |ỹt,m) = E(bl|·)E(bTl |·) + (Σ−1

m + τbΨ
−1
l )−1 .

Note that the likelihood functions in Eq. (4) and (6) can be
further maximized via an iterative process.

2.2.2. Parameter Estimation

The following iterative procedure is used to estimate Θ(s) to
maximize the objective function in Eq. (2):

Step 1: Initialization

The initial values of transformation matrices A(s)
k ’s are set

to be identity matrices and the initial values of bias vectors
b
(s)
l ’s are set to be zero vectors.

Step 2: Estimating A(s)
k by Fixing b(s)l

Given the UBM parameters Λ, we estimate the transforma-
tion matrices Ā(s)

k by fixing the bias vectors b(s)l . Several EM
iterations can be performed. The updating formula for the r-th
row of A(s)

k (hereinafter denoted as a(s)
kr ) is as follows:

a
(s)
kr = (α

(s)
kr p

(s)
kr + v

(s)
kr +

1

c
Ukr)(G

(s)
kr +

1

c
I)−1 , (9)

where p
(s)
kr is the extended cofactor row vector

[0, c
(s)
kr1 . . . c

(s)
krD] with c(s)krd = cof(A

(s)
krd), and

G
(s)
kr =

∑

t

∑

m∈Ck

γm(t)

σ2
mr

y
(s)
t y

(s)T
t (10)

v
(s)
kr =

∑

t

∑

m∈Ck

γm(t)

σ2
mr

(μmr − blmr)y
(s)T
t (11)

α
(s)
kr = − ε2

2ε1
±

√
ε22 + 4β

(s)
k ε1

2ε1
(12)

β
(s)
k =

∑

t

∑

m∈Ck

γm(t) (13)

ε1 = p
(s)
kr (G

(s)
kr +

1

c
I)−1p

(s)T
kr (14)

ε2 = p
(s)
kr (G

(s)
kr +

1

c
I)−1(v

(s)
kr +

1

c
Ukr)

T . (15)

The value of α(s)
kr is selected that maximizes

Q = β
(s)
k log |α(s)

kr ε1 + ε2| − 1

2
α
(s)2
kr ε1 . (16)

In the above equations, γm(t) is the occupation probability
of Gaussian componentm at time t of the current compensated
observation, where the likelihood for each frame of observation
is calculated as follows:

p(y(s)|m,Θ(s)) = N (F(y(s); Θ(s));μm,Σm)|det(A(s)
k )| .
(17)
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Step 3: Estimating b(s)l by Fixing A(s)
k

Given the estimated Ā
(s)
k , we can estimate b̄(s)l using the

following updating formula:

b̄
(s)
ld =

∑
t

∑
m∈Cl

γm(t)

σ2
md

(μmd − a
(s)
kmdy

(s)
t ) + τbρld

ψ2
ld∑

t

∑
m∈Cl

γm(t)

σ2
md

+ τb
ψ2
ld

. (18)

Several EM iterations can be performed.

Step 4: Repeating Step 2 and Step 3 several times until a pre-
set criterion is satisfied.

2.3. Vector Space Speaker Characterization

After the transformation parameters are estimated, they are vec-
torized for speaker characterization. For each speech utterance,
the transformation parameters are concatenated to form a super-
vector consisting of K × D2 + L × D elements. An SVM is
trained for each target speaker by regarding the target speaker’s
training supervectors as positive examples, and the supervectors
from the training set as negative examples. Our experiments are
implemented using the SVMtorch software, in which a linear
inner-product kernel function is adopted [12].

Before SVM training or testing, the supervectors may be
normalized to equate their dynamic ranges. A rank normal-
ization has been successfully used to normalize the elements
of MLLR matrices in the MLLR-SVM approach [3]. It re-
places each value in the supervectors with its rank among the
background data samples on a given dimension, and then scales
ranks to a value between 0 and 1. The rank normalization warps
the distribution to be uniform on each dimension of background
vectors, which may result in better robustness for the SVM clas-
sifier. Its effectiveness to our approach is confirmed in our ex-
periments.

Recently, NAP has been successfully used in the SVM
framework to project out a subspace from the original super-
vector space [13]. The subspace, aiming to model nuisance
effects in speech, is trained on a set of training data recorded
from many different speakers each speaking multiple speech
segments in different channels. The NAP also exhibits remark-
able effectiveness in our approach. Finally, the output SVM
scores are normalized with Tnorm which further compensates
for the nuisance effects [14].

2.4. Discussion

With the definition of FT function (Eq. 1), we can set the num-
ber of transformation matrices and the number of bias vectors
separately. For example, we may set l � k in order to esti-
mate “precise” bias vectors as well as “robust” transformation
matrices.

If we set k = l, Eq. (1) is rewritten as

y � F(y(s); Θ(s)) = A
(s)
k y(s) + b

(s)
k . (19)

It is the same as the transformation function defined in CMLLR
which estimates the function parameters with the ML criteria
[5]. Similar to CMLLR, we can combine b(s)k and A(s)

k into an
extended transformation matrixW (s)

k = [b
(s)
k A

(s)
k ], and corre-

spondingly define an extended observation vector o = [1 yT ]T .
Then the update formulae in Step 2 can be straightforwardly
generalized to estimateW (s)

k (similar to [7]), while Step 3 can

be skipped. The matrix U in the prior PDF (Eq. 3) is also ex-
tended and estimated with CMLLR that includes bias vectors in
transformation.

If we assume l = m, Ψl = Σm, ρl = 0, and discard A(s)
k ,

Eq. (18) is rewritten as

b
(s)′
md =

∑
t γm(t)μmd −∑

t γm(t)y
(s)
td∑

t γm(t) + τb
. (20)

According to the update formula of MAP estimation of mean
vectors in Gaussian components [15], b(s)

′
md is equal to the dif-

ference between the original mean vector and the MAP adapted
mean vector.

3. Experiments
Our approach is evaluated on the core condition (1-side train-
ing, 1-side test, all trials) of SRE2006 NIST evaluation. We
select 8000 speech utterances of 2.5 minutes duration from the
Switchboard corpora as the training data. It covers many speak-
ers (female and male) and different recording channels, and
is used for training of UBM as well as composing impostor
speakers in SVM training. The NAP training data includes
3383 speech utterances of 2.5 minutes duration, recorded by
310 speakers, from SRE2004 NIST corpus. The 1-side training
data in SRE2005 corpus is used for training cohort models in
Tnorm.

The input speech utterance is converted to a sequence of
36-dimensional feature vectors including 12 MFCC coefficients
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, the feature vectors are processed by mean and variance
normalization. With the background data, we train two gender-
dependent GMMs each including 512 Gaussian components.
The NAP matrix rank is set to 40.

In Table 1, we compare the results of our method with dif-
ferent parameters (MAP-FT in the table) to the GMM-SVM
system in which the SVM supervector is composed of MAP-
adapted GMM mean vectors (MAP-MEAN in the table). EER
and minimum DCF values are observed on male speakers’ data
in the core condition of SRE2006. Besides the results of SVM
classifier, we also present the results after the NAP process
as well as after the NAP plus Tnorm process. We first set
k = l = 1, i.e., each speaker is represented by a transforma-
tion matrix and a bias vector. As discussed in Section 2.4, in
this case the algorithm in Step 2 in Section 2.2.2 is generalized
to update A(s) and b(s) together, while Step 3 is skipped. The
value of c is set to be 100. One EM iteration is performed in
Steps and Step 4 is skipped. Results show that the performance
with this setting is much worse than the GMM-SVM system,
probably because the number of parameters is too few to ef-
fectively distinguish between speakers. We then increase the
number of bias vectors l to 512, denoting that each bias vector
is associated with an unique Gaussian component in the UBM.
For simplicity we set Ψm = Σm, ρm = 0 and τb = 20 in
Eq. (18). With this change, the performance is significantly
improved and becomes close to that of the GMM-SVM system.
Finally, we normalize the supervectors using the rank normal-
ization process. Its effectiveness is proved by the results in the
last row in Table 1.

Figure 1 illustrates DET curves after the NAP and Tnorm
processes for the four supervectors listed in Table 1. With the
setting of k = l = 1, the MAP-FT supervector obtains a higher
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Figure 1: DET curves on the core condition of SRE2006 (male
speakers, all trials).

DET curve than the MAP-MEAN supervector. However, by
increasing l to 512, the DET curve becomes lower than MAP-
MEAN. After rank normalization, the curve is further improved.

Table 2 presents the comparison of EER and the minimum
DCF values between our approach and the GMM-SVMmethod
on the data of both male and female speakers. In our approach,
we have k = 1, l = 512. Rank normalization, NAP and
Tnorm processes are applied. In comparison with the GMM-
SVM method, our approach achieves relative reduction of 15%
(EER) and 14% (DCF) across all speakers. The results demon-
strate the effectiveness of our approach.

Table 1: Results on the core condition of SRE2006 (male speak-
ers, all trials). The upper row (in italics) in each table cell is the
EER (%). The lower row is the minimum DCF value (X100).

Supervector SVM +NAP +Tnorm
MAP-MEAN 7.26 4.68 4.14

3.60 2.39 2.15
MAP-FT 11.22 9.30 8.98

(k = l = 1) 5.13 4.31 3.98
MAP-FT 7.08 4.33 3.63

(k = 1, l = 512) 3.63 2.25 2.06
MAP-FT 6.67 4.05 3.57
(Rank norm) 3.44 2.09 1.91

Table 2: Results on the core condition of SRE2006 (all speakers,
all trials). The upper row (in italics) in each table cell is the
EER (%). The lower row is the minimum DCF value (X100).

Methods Female Male All
MAP-MEAN 5.68 4.14 5.12

SVM 2.90 2.15 2.60
MAP-FT 4.85 3.57 4.35
SVM 2.47 1.91 2.23

4. Conclusions
We presented a new feature transformation (FT) function as
supervector of SVM for speaker recognition. With a flexi-
ble definition and the MAP estimation, FT function parame-
ters are robustly estimated based on GMM-UBM through an
iterative procedure. The proposed approach is evaluated on the
SRE2006 NIST evaluation and exhibits better performance than
the GMM-SVM system. Future work includes: 1) intensive
study of the proposed approach such as investigating the per-
formance with increase of the number of transformation matri-
ces, and 2) generalize the framework of the approach to speaker
adaptive training (SAT) strategy so as to jointly estimate both
the FT function and the UBM.
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