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                  ABSTRACT

This  paper  describes  a  new  speaker verification system
based on orthogonal Gaussian mixture modeling (GMM)
techniques combined with maximum a posteriori (MAP)
adaptation. In most of the GMM based speaker
verification systems, the variance of each component is
constrained to be diagonal for its computational
simplicity. However, this approximation inevitably
introduces performance degradation. To reduce this
deleterious effect, we combine the orthogonal transform
and MAP adaptation to build our system. The transform
matrix is shared according to which mixture of the
Speaker Independent (SI) model the current mixture
component is adapted from.  This gives significant
system performance improvement at the cost of
introducing only a small additional computational load.

1. INTRODUCTION

Over the past several years, adapted Gaussian mixture
models have become the dominant approach for modeling
in text-independent speaker recognition applications. In
this approach, firstly a background(speaker independent)
model parameters are  estimated with training vectors
from many speakers using the iterative expectation-
maximization (EM) algorithm[1]. Then each speaker
model parameters are adapted from this background
model using maximum a posteriori method[2]. The main
idea of GMM approach is to represent the distribution of
training vectors with a weighted sum of several
multivariate Gaussian functions.

 In theory each Gaussian function may have a full
covariance matrix.  However, the diagonal covariance
matrix has been used almost exclusively in practice for its
computational advantage. Generally, the elements of
feature vectors extracted from a speech signal are
correlated. A linear combination of diagonal covariance
Gaussian function is capable of modeling the correlation,
but a large number of mixtures has to be used to obtain a
good approximation[5]. A large GMM needs large
amount training data for a good estimation of the

Gaussian mixtures, and is slow in response due to its size.

The basic idea of common orthogonal GMM is that
before applying to the diagonal GMM the feature vectors
are firstly transformed to the space spanned by the
eigenvectors of the covariance matrix so that the
correlation among elements is reduced[3]. But the
computation load of the transformation is still very large.
This paper proposes a method to combine orthogonal
GMM techniques and MAP adaptation. In this method,
the transform matrix is shared by the mixture components
adapted from the same mixture of the speaker
independent model. When decoding and enrolling a new
speaker, only a small computational load is introduced
but considerable improvement of the performance is
obtained.

   2. ORTHOGONAL GMM WITH
  SHARED TRANSFORM MATRIX

2.1 Orthogonal GMM

A Gaussian mixture model is a weighted sum of M
multivariate Gaussian functions and is given by the form:
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where X is a d-dimensional random vector, )(XPi ,
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is the mixture weight. Each component density is a d-
variate Gaussian function of the form:
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with  mean vector  µ xi  and covariance matrix Σ xi . In

most situations, all covariance matrix Σ xi  are assumed to

be diagonal. From the linear algebra theory, we know that
a covariance matrix can be diagonalized if the vectors are
linearly transformed to the space spanned by the
eigenvectors of the original covariance matrix.

Suppose a covariance matrix is xiΣ , and the transform

matrix iΩ  is composed of the eigenvectors  of  the

eigenvectors of  xiΣ , then after the linear transformation

Y=
T

iΩ X, the covariance matrix in the Y space, yiΣ , is

diagonal. yiΣ  is related to xiΣ  according to the

following equation
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iΩ is composed of the eigenvectors of  xiΣ , it

has the property that IT
ii =ΩΩ . Replacing X in Eq. (2)

with  yΩ , we have,
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where yiµ are defined as,

xi
T
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From the analysis above, we can see that the diagonal

Gaussian function in Y i  space is equivalent to the

Gaussian function with full covariance in the X i  space.

So we can construct the orthogonal GMM based speaker
models, each mixture of which is composed of a normal
diagonal GMM and a linear transform matrix. The
transform matrix is comp osed of the eigenvectors of the
covariance matrix. Before training and decoding, we
firstly transformed the feature vectors with these
transform matrixes. Then we compute the probability of
the transformed feature vectors using the diagonal GMM
parameters in corresponding transformed spaces.
However, with an M-mixture and S-speaker GMM model,
we should transform every feature vectors to S*M
different spaces, which is time consuming and not
practical.

2.2 MAP based sharing method of transform
              matrix

To solve the time consuming problem, we propose a
MAP based transform matrix sharing method to reduce
the computation load.

 In our method, a background model is firstly trained to
represent the speaker-independent distribution of the
features. Then we derived the speaker dependent model
by adapting the parameters of the background model
using the speaker’s training vectors and MAP adaptation.

The general MAP update rules for the weights, means and
variances can take the form

SIXSD Θ−+Θ=Θ )1( λλ    (6)

where XΘ is an estimate for the parameter based on the

SD adaptation data X and SIΘ  is the previous estimate

for the parameter of speaker independent model. The

adaptation parameter λ can be seen to form the new
parameter estimated from the weighted combination of

the current and previous estimates. The value of λ
represents how much the parameters are updated. It can
be related to the confidence parameter  η by
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where N is the number of samples in the adaptation data
that for estimating the parameters of the speaker
dependent model. The value of a confidence parameter is
essentially a measure of how many samples are assumed
to have been used to obtain the old parameter estimate,
and is to be contrasted to the number of samples that is to
be used in obtaining the current estimate[4].

In MAP adaptation, the higher value for confidence
parameter η is to be expected given that more samples

are needed to estimate the covariance than to estimate the
component means. So the covariance is usually much less
adapted than mean and better performance is obtained,
and some systems even use mean only adaptation[5].

Throughout the discussions above, Since the covariance
is not much updated and the linear transform matrix is
composed of the eigenvectors of the covariance matrix,
the transform matrixes of  the SI model can be shared by
the mixtures of the SD models which are adapted from
the same mixture.  Figure 1 shows the structure of this
shared method.
:



 

Figure 1 linear transform matrixes of SI model are shared
                      by  the mixture components of SD models.

Supposed an M-mixture GMM system, below is the
process to estimate the model parameters:

1) Estimate the parameters of speaker independent model
using EM method, at the same time the transform
matrixes are obtained. The transform matrixes are
composed of the eigenvectors of the corresponding full
covariance matrix.

2) Estimate the parameters of speaker dependent  model
using MAP method. Firstly all feature vectors are
transformed to M different spaces with the linear
transform matrixes computed in the first step. Then in
each iteration of the adaptation, we update the
parameters of each gaussian mixture with the transformed
feature vectors in the corresponding spaces according to
which mixture of the SI model this mixture is adapted
from. The transform matrixes are not updated.

When decoding, the feature vectors are only needed to be
transformed to M different spaces. Then the probability is
computed with the transformed feature vectors using the
diagonal GMM parameters in corresponding spaces.

               3. EXPERIMENTS

3.1 Database and speech analysis

Our speech data is drawn from 863 corpora, which is a
mandarian database continuous speech database provided
by the State Education 863-Commission. There are 99
reference speakers(50 male,49 female) and another 52
speakers(26 males,26 females) from the same database
were selected as impostors. Each speaker model is is

trained with 10 seconds of  speech and the average
duration of each test utterance is 2.7 seconds. The  front-
end extracts 12 mel-frequency cepstral coefficients
(MFCC), and their first and second derivatives (total of
36 parameters) from every 10ms frame.

3.2 Computational Efficiency

Suppose in a speaker verification system, the number of
mixtures in the speaker independent model is M and
feature vector dimension is D. Then compared to the
standard diagonal GMM based system with same number
of mixtures, our OGMM only needs additional M×D×D
storage.

The primary computational costs introduced by our
method are in the phase of training the parameters of the
speaker independent model with EM method. However,
the speaker independent model is usually pre-trained and
is seldom changed even for different speaker verification
systems. The speed of enrolling a new speaker and
decoding is  even faster than the standard diagonal GMM
based system because we can give better performance
with much less mixture components than standard
diagonal GMM based system.

3.3 System Performance

We did both speaker identification and verification
experiments to evaluate the system performance.

Table 1. compares the performance of the standard
diagonal GMM and the OGMM.  From the table we see
that even with much less mixture components, the
OGMM based system outperforms the standard diagonal
GMM based system. And the OGMM with 12
components needs less storage and is faster in response
than the standard diagonal GMM with 32 mixtures.

Standard GMM Orthogonal GMM
Mixtures

Close set
error rate

EER Close set
error rate

EER

     12 27.4% 41.3% 99.1% 9.4%
     32 2.7% 12.3% 99.2% 8.9%

Table 1 performance with the standard GMM and the
OGMM

In the second experiment, we modified the confidence
parameter in MAP adaptation to evaluate the
effectiveness of this shared method. In Table 2.,

ρην ,, represent the confidence parameter for mean,

weight and covariance. From table 2, we can see even if

 transform
matrix m

      SI model

 transform
matrix 1

 transform
matrix M

SD model 1 SD model s SD model S



the covariance is much adapted, this share method is still
useful.  But with higher confidence parameters for
covariance, the covariance is less adapted. It will be more
effective to use this share method.

PARAMETERS
ρην ,,

Close set
Error  rate

      
         EER

   16,8,64     99.1%      9.4%
128,128,128     99.0%      10.3%
  16,16,16     98.4%      10.1%

      Table 2 performance with different confidence
                   parameters(OGMM,12 mixtures)

4. SUMMARY

In this paper, we proposed a new MAP based method to
share the linear transformation matrixes of the orthogonal
GMM. Significant improvement of the performance is
obtained and only a small additional computation load is
introduced. In most systems based on the Gaussian
mixture speaker models, diagonal covariance matrixes are
used.  The use of Orthogonal GMM provided a better
approximation to the distribution. The MAP based
sharing method of the transform matrixes reduces the
computation load.
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