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Abstract  In recent years, the eigenvoice approach has 
proven to be an efficient method for rapid speaker 
adaptation, which directs the adaptation according to the 
analysis of full speaker vector space. In this article, we 
developed a new algorithm for eigenspace-based adaptation 
restricting eigenvoices in clustered subspaces, and 
maximum likelihood (ML) criterion was replaced with 
maximum aposteriori (MAP) criterion for better parameter 
estimation. Experiments show that even with one sentence 
adaptation data this algorithm would result in 6.45 % error 
ratio reduction relatively, which overcomes the instability of 
maximum likelihood linear regression (MLLR) with limited 
data and is much faster than traditional MAP method. This 
algorithm is not highly-dependent on subspace number of 
division, thus it proved to be a robust adaptation algorithm. 

 
Keywords Information processing, Fast speaker adaptation, 
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1 Introduction 

Speaker adaptation is regarded as one of the important 
techniques in speech recognition. A speaker-dependent (SD) 
system always outperforms a speaker-independent (SI) one. 
However, it requires a large amount of speaker-specific data 
and the performance is not guaranteed when the data is 
lacking, so the key issue of adaptation is to robustly 
estimate model parameters with the limited data. As a result, 
a speaker-adapted (SA) model is obtained [1]. 

Dominant speaker adaptation techniques can be 

classified into three categories: the maximum a-posteriori 
(MAP) [1-2] adaptation approaches, transformation-based 
adaptation approaches such as maximum likelihood linear 
regression (MLLR) [3], and the approaches related to 
speaker clustering such as eigenvoice adaptation. Recently, 
the eigenvoice method has proven to be an efficient 
adaptation algorithm, which is not only successfully applied 
to isolated word recognition [4] but also used in large 
vocabulary continuous speech recognition (LVCSR) [5].  

In the traditional eigenvoice method, the estimation is 
performed in full speaker vector space, while in this paper it 
is based on the analysis of independent subspaces. In 
addition, the traditional maximum likelihood criterion is 
replaced by maximum a-posterior criterion aims to make 
the extimation more robust. Experimental results show that 
even with a one sentence speech data it could gain 
considerable improvements, which outperforms both MAP 
and MLLR methods. 

2 ML adaptation with eigenvoices 

The eigenvoice approach begins with a reference set of 
well-trained SD models. For each of the SD model, a 
supervector is formed by concatenating all of the mean 
vector parameters (supposed to be D-dimensional). After 
that, a dimensionality reduction technique called principal 
component analysis (PCA) [6] is used to find the 
eigenvectors. The supervector for a new speaker is assumed 
to be a linear combination of selected eigenvectors. 

Denote C as the sample covariance matrix of the super- 
vectors, then by PCA method, C can be expressed as: 

T
1[ (1)   ( )] diag (   , ) [ (1)   ( )]

D
D Dλ λ= L L LC e , ,e , e , ,e   (1) 

where ( )   1  2   , i i D= Le , , ,  are eigenvectors and iλ  are 
the corresponding eigenvalues of C in descending order 
(

1 2 D
λ λ λ≥ ≥L ), which also represent their contributions 

to speaker variation. The top K eigenvectors, named as 
“eigenvoices”, are selected (where K�D). They account 
for most of the variation in the reference speakers. 
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Let e(0) be the mean supervector1, then for a new speaker, 
the supervector S could be represented as follows: 

1

(0) ( ( ) ( ))
K

k

k k
=

= + ×∑S e x e               (2) 

Given the adaptation data from a new speaker, only the 
coefficient vector x=(x(1), x(2), …, x(k))T of size K needs 
to be estimated.  

Suppose that the single Gaussian state-output distribution 
is used. Given the adaptation data T

1 1   
T

O = ∆ Lo o , ,o  with 

the corresponding transcription 1 1   , ,
N

NW w w w= ∆ L , let: 
n : the dimension of the feature vector; 

to : the feature vector at time t; 

sµ : the mean vector for state s; 

sC : the covariance for state s; 
( )s je : the subvector of eigenvoice j corresponding to 

state s; 
We also define )(tsγ  as the occupation probability for 

state s at the time t given sentence transcription, i.e.,  
( ) ( )| ,s tt P s s W Oγ = =                 (3) 
The maximum likelihood estimation method, called 

maximum likelihood eigen-decomposition (MLED) in Ref. [4] 
aim to maximize the likelihood )( xWOP ,| with respect to 
the unknown parameters x . This is done by iteratively 
maximizing an auxiliary function (  ),Q x x′  as follows: 

( ) (  ) ( )[log ( )]s t
s t

Q x x P W O x t P sγ′ ′= ×∑∑, , | o | , x    (4) 

where x′  is the current model, and x  is the model to be 
estimated. 

T 1

log ( , ) 0 5  log(2 ) 0 5 log | |

                      0 5( ) ( )
t s

t s s t s

P o s n C

C−

= − π −

− − −

| x . .

. o oµ µ
      (4) 

According to Eq. (2), we get:  

1

(0) ( ( ) ( ))
K

s s s
k

k k
=

= +∑µ e x e      (5) 

Denote �x  as the re-estimation of coefficient vector 
which maximizes ( , )Q ′x x over x. Let / ( ) 0,Q j∂ ∂ =x j =  
1,  ,  KL  

We obtain the update equation for each Kjj ,,,   1 L= : 

�

T 1

T 1

1

( )( ( ))

( ) ( )( ( )) ( )

( (0))
s s s t

s t

K

s s s s
s t k

st j C o

t k k C j

γ

γ

−

−

=
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e e

e ex
     (6) 

3 MAP adaptation with eigenvoices 

Note that the use of eigenvoices imposes a strong constraint 
on mean vectors; it is beneficial to explore the prior 
                                                                          
1 In implementation, a supervector constructed from SI model is used instead of 
the mean supervector, since the robust estimation of mean vector will require 
speech data from large volumes of speakers, which is difficult in practice. 

information in the model estimated. Maximum aposteriori 
criterion could be used for this purpose.  The MAP 
estimation of acoustic model parameter θ  is: 

0arg max[ ( | , ) ( )]P O W Pθ θ θ θ=    (7) 
where 0 ( )P θ  denotes the prior probability of the known 
parameters θ . The estimation procedure under MAP 
criterion is called maximum a posteriori eigen-decomposition 
(MAPED). 

Since ( ),  1, ,x k k K= L  are the projections of the speaker 
supervector to the eigenvectors, the prior probability can be 
derived directly from the eigen-analysis of covariance 
matrix C . Multi-dimensional Gaussian distribution is used 
to model supervector S  with the mean (0)e  and the 
covariance C , then the prior probability is given by: 

0 0( ) ( ) ( | (0),  )P P= = Nx S S e C        (8) 
Substitute the eigenvoice expression of the speaker 

supervector from Eq. (2) into Eq. (9), and rewrite C as in  
Eq. (1), then the log prior probability of coefficient vector x 
is given by: 

T

0
1

1 1 T
1

1

1log ( ) const ( ) ( )) ( (1) ( ))
2

             diag ( )(( (1)   ( ))  ( ( ) ( )))
D

K

k

K

k

P k k D

D k kλ λ

=
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=

⎛ ⎞
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×
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∑
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  (9) 
Since T( ) ( ) 0  i j i j= ≠e e , and T( ) (i) 1i =e e ,2 Equation. (10) 

can be rewritten as3: 
2

0
1

1 ( )log ( ) const
2

K

k k

kP
λ=

= − ∑ xx            (10) 

Equation (11) gives that the mean of each coefficient x(k) 
is equal to zero, and the variance is equal to the 
corresponding eigenvalue kλ . 

Redefine auxiliary function as: 

0( ) ( ) ( )[log ( )] log ( )s t
s t

Q P W O t P s P xλ⎧ ⎫′ ′ ′= +⎨ ⎬
⎩ ⎭
∑∑x , x , | x o | , x   

  (11) 
Substitute )(0 xP  and let / ( ) 0, 1,   , Q j j K′∂ ∂ = = Lx  

we get: 
T 1

T 1

1

   ( )( ( )) ( (0))

( ) ( )( ( )) ( )

s s s t s
s t

K
k j

s s s s
jk s t

t j C

k t k C j

γ

δ
γ
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−

−
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−
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∑ ∑∑ ,

e o e

x e e
   (12) 

for each 1,2,  ,  j j K= L, . Here: 

,

1,     
0,    otherwisek j

k j
δ

=⎧
= ⎨
⎩

         (13) 

                                                                          
2 It's the property of normalized eigenvectors. 
3 Though it's only derived for the case of full-ranked covariance C, it can also 
be adapted to other cases since the equation is only associated with the top K 
eigenvalues. 
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4 Eigenvoice-based MAP adaptation within correlation 
subspace 

When applied to LVCSR, the speaker vectors are always 
high dimensional even if only single-Gaussian state output 
distribution is used. In contrast, the free parameters to be 
estimated are much fewer, which implies strict limits 
between components, while some states are not so highly 
correlated. 

One of the methods for solving this problem is to use the 
speaker-specific transform matrixes to take the place of 
speaker vectors [7], while in this paper independent 
subspaces analysis is used. Firstly, all the states are 
clustered into several classes according to some similarity 
measures4, thus the high-dimensional speaker vector space 
is divided into several low-dimensional subspaces, which 
we will call as “correlation subspaces”. Secondly, 
eigenvoices are obtained via the PCA method in each 
correlation subspace respectively, which means the 
correlations between different classes are ignored. Assume 
total speech components are clustered into H correlation 
subspaces, and for each correlation subspace a super vector 
containing all the mean vectors of all the components in this 
subspace is constructed.  Use h  as the indication of a 
correlation subspace, then the supervector )(hs in this 
subspace is expressed as Eq. (15): 

( )

( ) ( ) ( ) ( )

1
(0) ( ( ) ( ))

hK
h h h h

k
k k

=

= +∑S e x e           (14) 

Here ( ) ( )( ), 0,   ,h hi i K= Le  denote eigenvoices of size 
)(hK  in the hth subspace, chosen from ( )hD  eigenvectors. 

The update equation Eq. (13) is modified as Eq. (16) for 
each correlation subspace, Hh  ,  1 L,= : 

1
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Here ( ) ( )1,2,   ,  h h
jj K λ= L , are eigenvalues in descent 

order, ( ) ( )( ), 1   , x h hk k , K= L  are coefficients, and ( )hΦ  is 
the congregation of components5 in this subspace. 

5 Experimental results 

5.1 Database and experimental approach 

To evaluate the performance of MAPED within correlation 
subspaces6, experiments were carried out on a Chinese 
LVCSR task using speech database for “China 863 

                                                                          
4 Euclidean distance is used in this paper. 
5 A “component” is same as a state in single Gaussian model. 
6 To simplify the description, MAPED will be used to indicate the MAPED 
within correlation subspaces in the following text. 

Assessment”. The training data was the utterances from 83 
speakers, each with 650 sentences. Thus there were 83 SD 
models constructed. Other 5 persons’ data were used for 
evaluation, each of them contributed 120 sentences, which 
comprised 2 940 syllables and lasted from 10 to 15 minutes. 

All the Chinese characters are pronounced as one of the 
total 408 un-toned Chinese syllables in CV structure. A 
left-to-right HMM syllable model was used, with 2 states 
for consonant and 4 states for the vowel part. The total 
number of states is 857, and the acoustic features were 
45-dimensional formed by 14 MFCCs along with 
normalized log-energy and their first and second order 
differentials. Single Gaussian model was used for 
state-output probability density with full covariance matrix. 

Here we focused on the acoustic part. The speech was 
decoded into free syllable strings without any grammar 
constraints, and the result was organized into syllable- 
lattices. No language model was used. Only the syllable 
error rate (SER) was reported for performance comparisons. 

Adaptation was carried out in supervised mode. The first 
60 sentences were used to estimate the weight coefficients, 
and other 60 sentences reserved for evaluation. Adaptation 
sentences were gradually increased from 1 to 60, and the 
SERs with different adaptation data were reported 
compared with MAP method and MLLR method. 

Performance with various eigenvoices number was 
compared. Since each eigenvalue represented the variation 
of the projection in the corresponding eigenvector direction, 
they could be regarded as important indications for each 
eigenvoice. Eigenvoices with small eigenvalue were viewed 
as the result of noise or unexpected variations, so they could 
be ignored without affecting recognition performance. Denote 

)(
rest
hE  as the summation of ( ) ( ) ( ) 1   , h h h

i i K Dλ = + L, , , which 
represents the energy of rest eigenvectors in the subspace, 

and
( )

( )  ( )
all  ( )

1

hD
h h

i
i

E λ
=

= ∑ , which represents the total energy. 

Threshold Et  is used to restrict the ratio of )(
rest
hE  to )(

all
hE  

is no more than Et , Hh ,  21 L,,= .  
Different choices of subspaces were also compared. In 

experiment different clustering thresholds were used to 
construct different subspaces, and the results with different 
subspaces would be reported. 

5.2 Experimental results 

The first experiment was carried out with H  fixed to be 
52 and tE = 0.01. MAP and MLLR methods were also 
performed to give a comparison. Results are listed in Table 1, 
which shows MAPED always outperformed both MAP and 
MLLR according to gradually added data. The SER 
decreases from 30.96 % to 21.81% with MAPED method, 
which gains 29.55 % relative error rate reduction. It's also 
observed that the advance of MAP is not so notable, and 
when adaptation data is too limited MLLR would even 
cause unexpected performance decrease. 
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Table 1   SER Comparison 
nSent MAP/% MLLR/% MAPED/% 

0 30.96 30.96 30.96 

1 30.90 103.22 28.96 

2 30.75 73.26 28.64 

3 30.72 49.03 28.12 

4 30.57 40.84 27.99 

5 30.55 33.64 27.46 

10 30.01 28.34 26.83 

20 28.89 26.33 24.97 

30 27.42 24.61 23.95 

40 26.07 25.49 23.28 

50 24.92 24.00 22.84 

60 24.01 23.83 21.81 
Comparison of SER for MAP, MLLR and MAPED. The adaptation data was 
gradually added from 1 to 60 sentences. ( ) 60,   1, , hK h H= = L  

 
Table 2 gives the SERs in recognized syllable graph, 

which is with 5 candidates at each node and thus is profit 
post processing. MAPED also outperforms MAP and 
MLLR method consistently in this experiment. 
 
Table 2  SER comparison in syllable graph 

nSent MAP/% MLLR/% MAPED/% 

0 9.17 9.17 9.17 

1 9.06 101.01 8.81 

2 9.05 46.78 8.47 

3 8.99 20.44 8.47 

4 8.98 14.61 8.31 

5 8.94 10.74 8.34 

10 8.74 8.38 7.60 

20 8.51 7.55 6.86 

30 8.03 7.16 6.47 

40 7.69 7.50 6.38 

50 7.51 6.99 6.39 

60 7.20 7.00 6.11 
Comparison of SER in syllable graph for MAP, MLLR and MAPED. 
The adaptation data was gradually added from 1 to 60 sentences. 

( ) 60, 1, ,hK h H= = L  

 
Figure 1 shows the affection of Et . In this experiment, 

H  is fixed to be 52. MAPED-1 gives the result with 
0.1Et =  and MAPED-2 with tE = 0.01. There are 3 720 

eigenvoices in MAPED-2, much more than 1 976 
eigenvoices in MAPED-1, whereas the performance is very 
similar, which indicates  that PCA is well adapted to 
reduce redundancy. 

Figure 2 gives the result with different subspace number, 
and 39 010 == HtE .. in MAPED-1, 52=H  in MAPED-2, 
and 89=H  in MAPED-3. They all gave similar SERs, 

 

Fig. 1  Syllable error rate (SER) with different eigenvoice number, the 
results of MAP and MLLR are also drawn to give a comparison, 52H = . 

0.1Et =  in MAPED-1 and 0.01Et =  in MAPED-2. 

which show that the results are not strongly dependent on 
the cluster procedure of components, and prove that weak 
correlations have little effect on the performance. Thus the 
subspace method would help to perform adaptation when 
the full space is too large to handle. We also expect it would 
help to depict the model more accurately. 

 

Fig. 2 SER with different clustering thresholds, 0.01Et = . 39H =  in 
MAPED-1, 52H =  in MAPED-2 and 89H =  in MAPED-3 

6 Conclusions 

Eigenspace-based MAP adaptation within correlation 
subspaces is an efficient and robust adaptation method. 
Remarkable improvements are observed even with very 
limited adaptation data, which outperforms both MAP and 
MLLR. Another notable benefit of this method is that only a 
few eigenvectors are needed to update all the parameters, 
which greatly reduces the complexity of computation. In 
addition, the subspace method helps to depict the model 
more accurately, and makes the implementation of the 
eigenvoice method on high-dimensional full space practical. 
Applying this method to Gauss mixture model will be a 
promising technique for real applications. 
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