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ABSTRACT
Speech compensation techniques aim to provide speech recognition systems with the robustness against sources of noise existing in
the real environments. These sources of noise cause the recognition performance to deteriorate dramatically.
In this paper, we are interested in Stereo based Stochastic Vector Mapping (SSM) speech compensation technique introduced in [1].
In [1], in the experimental work, it was assumed that the speech features are uncorrelated (independent). This assumption simplifies
the estimation of the enhancement parameters and it reduces the needed implementation time. In this paper, we will extend the
experimental work to the case when the speech features are correlated (dependent). We aim to clarify the effect of considering the
correlation on the efficiency of SSM. We considered the two estimators Maximum A Posteriori (MAP) estimation and Minimum Mean
Square Error (MMSE) estimation used in [1]. A part of the experimental work was dedicated to test the SSM with Multi Style Trained
(MST) recognition models and also with recognition models trained using SSM compensated speech.
However, considering the correlation between features introduces better performance, it cannot be applied in real time applications
without a way to reduce the complexity of the implementation and the time needed.
Keywords: speech compensation, noisy speech recognition, Stochastic vector Mapping.

1. INTRODUCTION
Although speech recognition systems work reasonably well in
quiet conditions, its accuracy degrades severely when the
systems operate in adverse acoustical environments. Such
degradation is mainly caused by mismatches between training
and testing environments due to various sources of noise exist
in the testing environments. In this paper, we are interested in
robust speech recognition systems in noisy environments. Such
systems which keep reasonably satisfied recognition accuracy
even in the presence of noise sources. We are interested in SSM
[1] speech compensation approach. The main assumption in [1]
is that the speech features are statistically independent. This
assumption simplifies the compensation algorithm and reduces
the implementation time needed. On the other hand, ignoring
the correlation between the speech feature limits the
improvements achieved in the recognition accuracy.
The aim of our work is to clarify the effect of considering the
correlation between speech features on the efficiency of SSM.
This work is considered as an extension for the experimental
work presented in [1]. We used full covariance GMMs to model
the correlation between speech features.
The paper is organized as follows. In section 2.1 we will give
an overview about the techniques of speech recognition in noisy
environments and in section 2.2 we will give a brief description
for modeling the statistical distribution of speech features in
such systems. In section 3, we describe how the covariance
between the speech features is modeled when the features are
statistically dependent and when they are independent. We also
will give a brief description for the Discrete Cosine Transform
(DCT) which is used in the computation of MFCC speech

features in order to remove the dependency between them,
making them uncorrelated. Section 4, is dedicated for SSM
introduced in [1]. The experimental work and the results are
introduced in section 5. Finally, the conclusions and the
suggested future are introduced in section 6.

2. SPEECH RECOGNITION IN NOISY
ENVIRONMENTS
2.1 Speech Enhancement Techniques
Many techniques have been developed to address the problem
of robust speech recognition against the environmental noise [1,
2]. Such techniques can be classified into three classes. The first
class of techniques involves the extraction of environmental
invariant (robust) features. One of these techniques is Cepstral
Mean Normalization (CMN) [3]. CMN is a popular method
which makes the speech features robust against the channel
noise. CMN is involved in most speech recognition systems.
The second approach is the noisy speech features compensation
[4, 1, and 5], in which the clean speech features are estimated
from the input noisy speech before entering into the speech
recognition system which had been trained using clean data.
Examples for this approach include SSM [1], SPLICE [4] and
VTS [5].One of the advantages of this class of methods is that
they can be implemented independent of the recognizers. This
simplifies the operation of speech enhancement and does not
require large amount of data.
Speech model adaptation is the third approach for noise
robustness. In this approach the recognition models are
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manipulated to better fit the noise environment. Several model
adaptation techniques have been proposed such as MLLR [6],
and MAP adaptation [7].
The first two classes of methods are computationally simpler
than the third one and they can be implemented independently
from the recognizer. On the other hand the third class of
methods need a large amount of adaptation data in order to
compensate the probability distributions of the recognizer so
they can model the noisy speech more efficiently [8,9]. In many
situations, it is difficult to obtain this large amount of data. In
this paper we are interested in the second class of methods.
Speech compensation methods may use single channel speech
recording [5]. Therefore, the available data to estimate the clean
speech are only the clean speech models and the observed noisy
speech. No additional information is available. A pre-stage is
needed before the estimation of the clean speech. In this prestage the environmental noise is estimated based on some
assumptions made in order to reduce the complexity of the
problem of noisy speech enhancement. For example the noise
can be assumed additive. The disadvantage of such methods is
that the performance of speech enhancement approach is
reasonably good when the noise existing in the environment is
the same as it is assumed, however it introduces some weakness
when the noise is of different type.
Other methods use microphone arrays [10]. One microphone
records the clean speech signal, while the others represent the
sources of noise exist in the acoustic environment. Clean speech
and noise models can be estimated and used to enhance
observed noisy speech. However, in many situations the
microphone arrays are not available. In addition, even when
multi microphones (more than two microphones) exist, the
mounting of them in a particular topology is a difficult process
[11].
In most of speech recognition and speech enhancement systems,
Mel-Frequency Cepstral Coefficient (MFCC) features are used
to train and test HMMs and GMMs. Among the factors that
have contributed to the popularity of MFCCs are low
computational complexity and high recognition performance in
clean conditions [12]. In addition, HMM is a well-known and
widely used statistical approach to characterize the spectral
properties of frames of speech features as it has an advantage of
providing a natural and highly reliable way of recognizing
speech for a wide variety of applications and it integrates well
into systems incorporating information about both acoustics and
semantics [5]. The HMM states output probabilities are usually
represented by Gaussian Mixture Densities [13].
In the majority of speech enhancement techniques the main
assumption made is that the speech features in both training and
testing stages are uncorrelated (independent). This assumption
comes from the fact that the Discrete Cosine Transform (DCT)
is applied as a main step in the computation of MFCCs. DCT
aims to uncorrelate the speech features (making them
statistically independent). This assumption reduces the
computations and the time needed in both speech recognition
and speech enhancement systems.

In this work, we focus on speech enhancement techniques
which utilize stereo databases. In particular, we are interested in
the Stereo based Stochastic Vector Mapping (SSM) approach
which was introduced in [1]. The use of stereo data to build
feature mappings was popular in earlier noise robustness
research [14,15,7], and in SPLICE [4]. In [1], the experimental
work was based on the assumption that speech features are
independent. In this work, we will extend the experimental
work to the case when the MFCCs are considered correlated and
see if this improves the performance of the speech enhancement
approach. This also will give us an idea about the efficiency of
DCT in uncorrelating the MFCCs.
2.2 Modeling the statistical distribution of speech features
Let x  ( x1, x2 ,.....,xM ) is the speech feature vector, M is the
dimension of the vector. In GMM the frame x is produced by a
probability density function:
K

p( x)   ak (t ) N ( x; k ,k )
k 1

where, K is the number of mixtures,

ak is the mixture weight,

and

N ( x; k , k ) 

1
(2 )n | k |

e1/ 2 ( x  k )T k1 ( x  k )

k

is the mean, and k is the covariance of mixture k. k and
k are computed using the following equations
1 N n
x
N n1 ,
k  E[(x  k )(x  k )T ]

 k  E[ x] 



1 N n
 ( x k )(xn  k )T
N n1

N denotes the number of frames in the training data. T denotes
the transpose operation. In the following section we will be
interested in the covariance modeling.

3. MODELING THE COVARIANCE
MATRIX
In the general case when the features are correlated covariance
is a M*M symmetric matrix and it looks as follows:
 r (1,1) r (1,2)
 r (2,1) r (2,2)

 




r (M ,1)








 r (1, M ) 
 r (2, M ) 







 r (M , M )

One of the motivations for using the DCT transform is to
decorrelate the feature vector so that the diagonal matrix
approximation becomes reasonable [16]. Only the diagonal
elements of the covariance matrix will have values and the other
elements will take value of zero. So it will be as follows:
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The diagonal elements are the variances of the coefficients.
They will be denoted in this paper as  ii2 to denote the variance
of the coefficient i, where 1  i  M .
In general the use of full covariance Gaussians in Large
Vocabulary systems is impractical due to the sheer size of the
model set. Even with small systems, training data limitations
often preclude the use of full covariance matrices is O(d2 )
compared to O(d ) in case of diagonal case where d is the
dimensionality of the feature vector[16].
In the following section we will clarify briefly the operation of
DCT.

corresponding environment class to which y belongs. SVM
introduced in [17] doesn’t rely on the availability of the stereo
recordings of both clean and noisy speech for the estimation of
SVM function parameters. Here in this paper we are interested
in Stochastic Vector mapping approach that uses a stereo
database (i.e. data that consists of simultaneous recordings of
both the clean and noisy speech).
The relationship between the clean and noisy features is
modeled by a joint statistical distribution (GMM). In order to
train this model, both the clean and noisy channels are stacked
to form a large augmented space. This new data space is used to
train the Stereo GMM. In testing stage, this joint model and the
observed noisy speech will be used to estimate the clean speech.
In [1] two estimators were developed to obtain the clean speech,
Maximum A-Posteriori (MAP) estimation and Minimum Mean
Square Error (MMSE) estimation. The assumption is that the
spectral coefficients are independent so that, the ith noisy
coefficient is used to predict the ith clean coefficient or
alternatively using a time window around the ith noisy
coefficient to predict the ith clean coefficient.

3.1 Discrete Cosine Transform (DCT)
DCT is the last step in the process of calculating the MFCCs. It
is applied to the log filter bank amplitudes. As the filterbanks
are all overlapping, the filterbank energies are quite correlated
with each other. The DCT is needed for two reasons:
The DCT tends to decorrelate the energies which means
diagonal covariance matrices can be used to model the features
in e.g. a HMM classifier. Whereas the number of filters in the
filterbank is usually more than twenty, it is common to use only
the first 13 coefficients resulting from the DCT. the higher DCT
coefficients represent fast changes in the filterbank energies and
it turns out that these fast changes actually degrade ASR
performance, so we get a small improvement by dropping them
[12].
Let s  [s1, s2 ,........,sN ]T is a frame of the input speech
signal. s is transformed into x  [ x1, x2 ,......,xM ] using the
following equation [22]:
2 N
i
xi 
 s j cos( N ( j  0.5))
N j 1

In this paper, we will extend the experiments to the case when
the features are assumed dependent and we will consider the
correlation between them and its effect on the error reduction
rate achieved.
In the following discussion we will clarify how SSM works. In
section 4.1, the structure of S SSM is shown and in section 4.2
MAP and MMSE clean speech estimators introduced in [1] will
be clarified in detail.
4.1 The joint probability distribution
The joint distribution is built using the stereo database. Let
x  ( x1, x2 ,.....,xM ) be the clean feature vector, M is the
dimension of the vector. The corresponding simultaneously
recorded noisy representation is y  ( y1, y2 ,......, yM ) .

T

where

si are the log filter bank amplitudes, N is number

of filterbank channels, xi  are the resulted cepstral coefficients
and M is the number of them.

Define z ≡ (x, y) as the concatenation of the two channels. The
first step in constructing the mapping is training the joint
probability model for p (z). We use Gaussian mixtures for this
purpose, and hence write
K

p( z)   ck N ( z;  z ,k ,  zz ,k )
k 1

where K is the number of mixture components,

4. STEREO-BASED
STOCHASTIC
VECTOR MAPPING (SSM)
The stochastic vector mapping (SVM) based methods were
explored in [17]. This approach performs a frame-dependent
bias removal to compensate for “environmental” variabilities.
The objective is to estimate the compensated feature vector x̂
from the original feature vector y by applying an environmentdependent transformation F ( y; (ey) ) where (ey) represents the
trainable parameters of the transformation and ey denotes the

ck ,  z,k

and

, zz,k are the mixture weight, mean and covariance of k th
component, respectively. Also both the mean and covariance
can be partitioned as
  x ,k 

 z ,k  

  y ,k 

  xx,k
 zz ,k  
  yx,k

 xy,k 

 yy,k 
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The GMM model can be trained using EM algorithm [18].
During testing, both the observed noisy speech and the
augmented model are used to estimate the clean speech.
In section 4.2 we will present MAP estimation and MMSE
estimation briefly and the reader can refer to [1] for details.

x| y, k  x, k  xy,k yy1, k ( y   y, k ) ,

(3)

x| y, k  xx, k  yy1, k  yx, k

(4)

and
The following discussion shows the equation when the features
are assumed independent and when they are considered
dependent.

4.2 Clean speech estimation in SSM
a) The speech features are independent
In [1] two clean speech estimators were introduced, Maximum
A Posteriori (MAP) estimation and Minimum Mean Square
Error (MMSE) estimation based on the joint probability
distribution.
4.2.1. MAP clean speech estimation

In [1], the assumption is that the coefficients are independent
so, the ith clean coefficient can be estimated using the ith noisy
coefficient or alternatively using a time window around the ith
noisy coefficient. Applying this assumption to equations will
reduce the solution of the linear system in equation (2) to the
following simple calculation for every vector dimension.

The clean speech can estimated using MAP estimation. This
will be defined as:
xˆ  arg max p( x | y)

 p( k | x , y )  / 
xˆ 
 p( k | x , y ) / 
x| y ,k

k

x

2
x| y ,k

k

the equation can be further decomposed as
xˆ  arg max p( x | y)

So, in this equation, x is a scalar, and

 x| y,k

x

 arg max  p( x, k | y)
x

k

 arg max  p(k | y) p( x | k , y)
x

2
x| y , k

k

Using EM algorithm [18], where the clean speech can be
iteratively estimated e objective function will be as follows;
xˆ  arg max  p(k | x , y) log p( y | x) p( x | k , y)

 x2| y,k is used instead of

to indicate it is also a scalar. Limiting our attention to a

single feature dimension, the clean speech x is 1-dimensional,
while the noisy speech y has the dimension of the window say
Ln , and accordingly the mean and the variance will be 1dimensional. In this paper we set Ln  1 in the experimental
work.
b) The speech features are dependent

k

x

 arg max  p(k | x , y) log[ p(k | y)  log p( x | k , y)]
x

In this case the noisy speech and the clean speech are vectors.
By using equation (3), we will reach equation (5) where the
clean speech estimate x̂ is expressed as a mixture of linear
transformations weighted by components posteriors:

k

 arg max  p(k | x , y) log p( x | k , y)
x

 arg max

k

1
 p(k | x, y) 
2 k

(1)

[log |  x| y , k | ( x  x| y , k )T x1| y , k ( x  x| y , k )]

where x is the value of x from previous iteration, and x|y is used
to indicate the statistics of the conditional distribution p(x|y). By
differentiating equation (1) with respect to x , setting the
resulting derivative to zero, and solving for x, we arrive at the
clean feature estimate given by:

 p(k | x, y)

1
x| y ,k

xˆ

(2)

k

  p(k | x , y)

1
x| y ,k

 x| y ,k

k

which is basically a solution of linear system equations,
p(k | x, y) are the usual posterior probabilities that can be
calculated using the original mixture model and Bayes rule and
the conditional statistics x| y , k and  x| y , k are known to be:

xˆ   p(k | x , y)( Ak y  bk )

(5)

k

where:
Ak  CDk , bk  Cek , and


C    p(k | x, y) x1| y,k 
 k


1

ek   x|1y,k ( x,k   xy,k  yy1,k  y,k )
Dk  x|1y, k xy, k yy1, k
p(k | x, y) can be calculated using the original mixture model
and Bayes rule,
A reasonable initialization is to set x  y , (i.e. initialize the
clean speech with the noisy speech) [1].
It is important to clarify the dimensions of all the parameters
used in the equations. Table 1 shows the dimensions of the
parameters in this case.
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 x, k
 y,k

where

Fk   xy,k  yy1,k

Dimension
1*M

g k   x,k   xy,k  yy1,k  y,k

1*M

 xx,k

M*M

Applying the special case to these two equations, Fk will take

1
yy,k

M* M

dimension Ln and g k will be 1- dimensional. However when
the features are correlated 𝐹𝑘 is M * M dimensional and g k is a



 xy,k

M * M

x| y,k

M*1

 x| y ,k

M*M

C

M*M

Ak

M*M

ek

M*1

bk
Dk

M*1

vector of M –dimension.
It is clear that the MMSE estimate is not performed
iteratively and that no matrix inversion is required to calculate
the clean speech estimate in Equation (7).

5. EXPERIMENTAL
RESULTS

WORK

AND

M*M

This is the general case of estimating the clean speech. We see
that at each frame a matrix inversion is needed to compute the
C matrix. Therefore, the use of full covariance GMMs
introduces heavy computational burden in implementation stage
of SSM. This is clarified in the experimental work according to
a comparison between the two cases on the basis of the
implementation time needed.
4.2.2 MMSE-based Estimation
The MMSE estimate of the clean speech feature given the noisy
speech feature y is known to be the mean of the conditional
distribution p( x | y) . This can be written as:

xˆ  E[ x | y]

(6)
Considering the GMM structure of the joint distribution,
Equation (6) can be further decomposed as:
xˆ   p( x | y) xdx    p( x, k | y) xdx
k

x

x

xˆ   p(k | y) p( x, k | y) xdx
k

x

  p(k | y) p( x | k , y) xdx
k

=

x

 p(k | y)E[ x | k , y]

The experiments presented in this paper have been implemented
using CARVUI database recorded inside a moving car. The data
was collected in Bell Labs area, under various driving
conditions (highway/city roads) and noise environments (with
and without radio/music in the background). About 2/3rd of the
recordings contain music or babble noise in the background. A
total of 56 speakers participated in the data collection. The
speech material from 50 speakers is used for training, and the
data from the 6 remaining speakers is used for test.
Simultaneous recordings were made using a close-taking
microphone and a 16-channel array of 1st order hypercardiod
microphones mounted on the visor. Data from 2 channels only
are used. The first one is the close-talking microphone (CT).
The second one is a single channel from the microphone array,
referred to as hands-free data (HF) henceforward. The average
SNR is about 21 db for the CT channel and 8 db for the HF
channel. The experiments were implemented using the part of
the database that contains only the digits utterances.
The data are recorded at 24kHz sampling rate and are down
sampled to 8kHz. They are then windowed with 12.5msec
frame rate, and 25msec frame size. Filter bank analysis is then
applied. The filter bank has 26 channels. MFCCs are calculated
by applying DCT to log filter bank amplitudes to produce 12
cepstral coefficients. The energy coefficients are also computed
and appended to the cepstral vectors. Therefore, each cepstral
vector contains 13 coefficients. During recognition, delta and
delta delta coefficients are computed on the fly resulting in
vectors of 39 coefficients.

k

The posterior probability term p(k | y) can be computed as
p( k | y ) 

p(k , y )

p( y )

p( y | k ) p( k )
 p( y | k ) p(k )
k

and the expectation term E[x|k, y] is given in Equation (3).
MMSE predictor can also be written as a weighted sum of linear
transformations as follows:
xˆ   p(k | y)(Fk y g k )

(7)

We have implemented speech compensation experiments using
Gaussian mixtures models with sizes 16, 64, and 256 mixtures.
The recognition models for digits are trained using about 6500
training clean speech files collected from the CT microphone
and tested using about 800 utterances. For each digit from 0 to
9 there is a HMM model. The digit 0 has an additional model
for the utterance ‘oh’. A twelfth model is considered to model
silence. Each of these models consists of 6 states. Each state
contains 8 mixtures. The clean speech files are also used to build
the clean speech Gaussian mixture models that were used in the
experiments. Training and recognition is done using HTK [13].

k
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A baseline set of results for this task are given in table 2.

Table 2: The base Line Recognition
Results
Condition
Clean/Clean
Noisy/Noisy
Clean/Noisy

SER
12.94
16.79
31.72

The first result shows the SER when clean speech is recognized
using systems trained using clean database. The second result
shows the result when the recognition system is trained and
tested using noisy speech. The error rate is low in the two cases.
This is because the environment of testing is similar to the
environment of training. However, when the system is trained
using clean speech and tested using noisy speech the
recognition performance degrades severely. This is clear in the
third experiment of table 1 which shows how the system will
perform in practical situations when the system is trained using
clean speech and tested using observed speech. We can see the
dramatic degradation in the performance due to the noise, 31.72
in noisy environment vs. 12.94 in clean environment.
Applying compensation techniques to the noisy speech
improves the recognition results. Table 3 shows the results
obtained by applying SPLICE and first order Vector Taylor
Series (VTS) technique.

Table 3: SER after SPLICE and VTS
Compensation
16
29.85
31.84

64
28.48
30.47

Table 4: SER after SSM with MAP
Estimation

SSM-DiagC
SSM-Full

This table shows the evaluation of the recognition system in the
different test/train conditions. In terms of Sentence Error Rate
(SER). Clean refers to the CT and noisy refers to the HF.

SPLICE
VTS-1st order

Tables 4 and 5 show the results obtained in case of
implementing one iteration of MAP estimation and MMSE
estimation, respectively.

256
27.49
28.86

We see that SPLICE represents about 6% improvement to the
baseline, and VTS represent about 4%.
The next set of experiments aims to test the SSM performance
as a compensation technique.The mapping is applied to the
MFCC coefficients before CMN. After applying the
compensation, CMN is performed followed by calculating the
delta and delta-delta coefficients. In [1], the SSM compensation
was implemented based on the assumption that speech features
are independent (diagonal covariance), so the clean speech
estimate is scalar (equation 2). Here we will extend the
experimental work to the case when the speech features are
correlated (full covariance). So the clean speech frame is
estimated using the noisy frame. In these experiments, DiagC
refers to GMMs with diagonal covariance matrices, while Full
refers to GMM with full covariance matrices.

16

64

256

25.5
21.14

26.12
23.26

24.13
24.5

Table 5: SER after SSM with MMSE
Estimation

SSM-DiagC
SSM-Full

16

64

256

31.1
24.01

29.48
22.26

31.84
22.51

In table, 4 we see that the increase in the number of mixtures in
the stereo GMM does not increase the efficiency of SSM,
however in general we can see that the SSM performs better
when full covariance matrices are used than the case of diagonal
covariance. In particular, the use of Full covariance results in
enhancement by a percentage of 15.5% compared to only 9% in
case of Diagonal covariance when Map estimation is applied
with 16 mixture GMM. In addition, in table 5 when MMSE
estimation is used, we can see that the use of full covariance
achieves about 14% enhancement percentage in case of full
covariance compared to about 3% achieved when diagonal
covariance is used, in case of 64 mixtures GMMs.
We also implemented one iteration of MAP estimation of the
clean speech initialized by MMSE estimates. The obtained
results are shown in table 6.

Table 6: SER after MMSE-MAP
Compensation
SSM-DiagC
SSM-Full

16
40.3
38.31

64
36.82
26.37

256
36.82
26.8

Table 6 shows that implementing MAP and MMSE estimation
separately achieves better recognition results than MAP
estimation initialized by MMSE estimation.
In the next experiment, we tested the performance of SSM using
recognition models trained using noisy speech compensated by
SSM. The results of this experiment are shown in table 7. The
type of covariance and the SSM estimator precede the word
"test" to denote the type of processing implemented on the test
noisy data and also precede the word "Rec" to denote the type
of processing performed on the noisy database used to train the
recognition model.
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The GMMs used in this experiment were 16 mixtures and the
structure recognition model was the same as the recognition
models trained using clean database (i.e. each digit model has 6
states and each state has 8 mixtures.

Table 7: SER after SSM evaluated by recognition
models trained by SSM compensated noisy speech
Full MAP test with Full MAP_Rec
Full MMSE test with Full MMSE_Rec
DiagC MAP with test Full MAP_Rec
DiagC MMSE test with Full MMSE_Rec
DiagC MAP test with DiagC MAP_Rec
DiagC MMSE test with DiagC MMSE_Rec

SER
19.40
19.28
21.14
25.75
20.9
23.01

We also tested SSM with Multi Style Trained (MST)
recognition models. This is done in two steps:
1.
2.

Applying SSM to the noisy training data to yield
SSM enhanced speech.
Constructing the training database by merging the
clean speech database with the SSM enhanced
speech database. The new database is used to train
the recognition models.

The same notation, used in the last table, is used in this
experiment.

Table 8: SER after SSM evaluated by MultiStyle trained recognition models

Full MAP test with Full MAP_Rec
Full MMSE test with Full MMSE_Rec
DiagC MAP test with Full MAP_Rec
DiagC MMSE testwith Full MMSE_Rec
DiagC MAP test with DiagC MAP_Rec
DiagC MMSE test with DiagC MMSE_Rec
Clean test with DiagC MMSE_Rec
Clean test with DiagC MAP_Rec
Clean test with Full MMSE_Rec
Clean test with Full MAP_Rec

SER
18.41
17.16
19.14
28.48
21.39
23.76
12.19
12.44
9.58
10.95

From tables 7 and 8 we see that employing SSM to enhance
noisy speech database and use it to train the recognition models
achieves better recognition when the enhanced noisy database
is used separately and when it is used with the clean speech
database to train the recognition models in MST. However the
MST achieves the best recognition results. For example when
the recognition models are trained using MAP SSM
compensated data, the improvement was about 18% in full
covariance case (test and train). This percentage increases to be
19.4% in MST.
In general, we see that considering the correlation between
speech features makes the recognition models more efficient.
However, full covariance modeling is a very time consuming
operation making the application of SSM with full covariance
impractical in real time applications. The following table shows

a comparison between the implementation time needed for SSM
with diagonal covariance and implementation time needed for
SSM with full covariance to compensate 804 noisy test files in
cases of 16, 64 and 256 GMM models.

Table 9: Comparison between SSM-DiagC
and SSM-Full in terms of implementation
time.
16
64
256
Full MAP
18 min
50 min
190 min
SSM-FullC
in terms of
implementation
DiagC MAP
1 min
4 min time.
17 min/ L
Full MMSE
6 min
12 min
29 min
DiagC MMSE
30 sec
1 min
4 min

6. CONCLUSIONS AND FUTURE WORK
From the last section we see that the SSM approach is superior
over SPLICE approach and also over VTS approach [1, 5]. We
also saw that using full covariance in SSM achieved lower SERs
in most of the cases than the cases when we use diagonal
covariance matrices in the stereo GMMs. So, we can say that
the assumption that the MFCC coefficients are statistically
independent is not optimal but it is used to simplify the
implementation.
On the other hand, the use of full covariance matrices imposes
a heavy computational burden, making it difficult to achieve
real-time recognition, specifically with the increase in the
number of mixtures in the stereo GMM. Moreover, one rarely
has enough data to (reliably) estimate full covariance matrices.
Some of these disadvantages can be overcome by parameter
tying (e.g. sharing the covariance matrices across different
states or models) [19].
Factor analysis [19, 20] represents a compromise between full
covariance and diagonal covariance. Factor analysis is a
strategy for dimensionality reduction. It enables one to express
the covariance matrices in terms of small number of parameters
that model the most significant correlations without incurring
much overhead in time or memory.
Another direction to solve the correlation problem is to use a
linear decorrelation transform [21, 22]. The objective is to
transform the coefficients into a new space in which they are
decorrelated so they can be modeled by diagonal covariance
matrices. After estimating the clean speech, the coefficients are
re-transmitted again into the original space and can be decoded
using the recognition system. This experiment is our suggested
future work.
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