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Abstract 
We discuss how to reduce the number of 

inverse matrix and its dimensions requested in 

MLLR framework for speaker adaptation. To 

find a smaller set of variables with less 

redundancy, we employ PCA(principal 

component analysis) and ICA(independent 

component analysis) that would give as good a 

representation as possible. The amount of 

additional computation when PCA or ICA is 

applied is as small as it can be disregarded. 

The dimension of HMM parameters is reduced 

to about 1/3 ~ 2/7 dimensions of SI(speaker 

independent) model parameter with which 

speech recognition system represents word 

recognition rate as much as ordinary MLLR 

framework. If dimension of SI model parameter 

is n , the amount of computation of inverse 

matrix in MLLR is proportioned to )( 4nO . So, 

compared with ordinary MLLR, the amount of 

total computation requested in speaker 

adaptation is reduced to about 1/80 ~ 1/150. 

 

1. Introduction 
Automatic speech recognition(ASR) system is 

highly sensitive to variability of acoustic 

environment like discrepancy between training 

and test environment, and inter-speaker 

variability. To develop accuracy of ASR 

application, it is important to compensate for 

difference between environments. Model 

adaptation, robust feature extraction, or 

appropriate decision rule has been shown 

effective way to compensate these problems. 

This paper addresses model adaptation that 

finds out speaker specific acoustic model by 

adapting SI model parameter using limited 

adaptation data. 

Model adaptation algorithms applied for HMM 

based speech recognition are roughly 

categorized into transform-based adaptation 

and maximum a posteriori(MAP) adaptation.  

In the transform-based adaptation, the 
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ers of HMM parameters are individually 

formed by some transform functions. This 

ory includes the frameworks of maximum 

hood linear regression(MLLR)[1], 

astic matching(SM)[8], and constrained 

formation[9]. In the MAP adaptation, by 

ding SI HMM parameters as prior 

tics, we can adapt HMM parameters 

ing mean vector, covariance matrix, 

re weight and etc accordingly based on 

 theory[2]. In general, if amount of 

ation data is large, the transform-based 

ation does not improve recognition 

rmance as much as MAP adaptation of 

 parameters. However, the transform-

 adaptation can effectively move all the 

 parameters into a new speaker’s area 

ding to transformation function of each 

er when adaptation data is limited[3][4]. 

is paper discusses MLLR adaptation that is 

tive when adaptation data is small. In 

 adaptation, a number of matrix inversion 

quired in order to obtain a transformation 

ion. If dimension of SI model parameter is 

at is, the amount of computation of inverse 

x in MLLR is proportioned to )( 4nO -the 

nt of a matrix inversion is proportioned to 

 and n  inverse matrices are required for 

sformation function. 

erefore, it is necessary to reduce the 

er of matrix inversion and to represent 

tively the HMM parameters. The mean 

rs of HMM parameters are clustered on 

 groups where we use the regression tree 

LLR in HTK 3.0, and we can reduce the 

nsion of HMM parameters using this 

ers. We employ the ICA and the PCA to 

e the dimension of parameters. In order 

pply the ICA and the PCA to MLLR 

work, either PCA or ICA is performed 

 SI model is trained, and only the 

plication for reducing the dimension of 

 parameters is added. 



This paper organized as follows. In section 2, 

the new transformation function is derived 

which includes a dimension reduction matrix of 

HMM parameters. Section 3 describes how to 

apply PCA or ICA for finding out a dimension 

reduction matrix of HMM parameters. 

Following, the experimental setup and 

databases are mentioned, and a series of 

comparative experiments on speaker adaptation 

is reported. Finally, the conclusion is given. 

 

2. MLLR framework with dimension 

reduction matrix  
The purpose of MLLR algorithm is to estimate 

a transformation function for the mean vectors 

of each mixture component so that transform 

HMM parameters of SI model into that of SD 

model. For the mixture component s  with 

mean vector 
sµ , the adapted mean vector is 

represented by, 

sss PWP ξµ 1ˆ −=               (1) 

where 
sW  is an )1( +× mm  transform matrix, 

P is )1()1( +×+ nm dimension reduction 

matrix( nm < ). 
sξ is the extended mean vector, 

{ }′= snsss w µµµξ ,...,,, 21
           (2) 

where w  decides if offset term is included or 

not. That is, if 1=w , the offset term is to be 

included, and if 0=w , there is no offset. 

Assume that adaptation data, },...,,{ 21 ToooO =  is 

given, where T  is the number of observation. 

The auxiliary function to re-estimate HMM 

parameters is redefined as  
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Equating to zero to find the maximum of 
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where ss WPA 1−= . Equation (6) gives the 

general form for computing sA . A closed form 

solution is presented in C. J. Leggetter’s 

theory[1]. 

  So,

and r

the 

follow

dime

 

In th

the d

apply

frame

param

We c

MLLR

Wit

comp

super

this m

matri

of ba

covar

PCA 

 

Fig

 

Th

betw

set o

would

possi

that 

minim

elem 

 

 the performance of speaker adaptation 

eduction of computation is dependent on 

dimension reduction matrix P . In the 

ing section, how to estimate the 

nsion reduction matrix P  is described. 

3. Reduction of dimension 
is paper, PCA or ICA is applied to reduce 

imension of HMM parameters. In order to 

 these analysis theories to MLLR 

work, the mean vectors of HMM 

eters must be clustered on some groups. 

an use the regression tree of ordinary 

 framework in HTK for clustering. 

h the regression tree like fig 1, mixture 

onents in a cluster are concatenated into 

vector is . The supervector is  obtained in 

anner from k will be denoted supervector 

x [ ]ksssS ,,, 21 L=  where k  is the number 

se class node of regression tree. With the 

iance matrix of the supervector matrix S , 

or ICA is applied. 

.

.

.����������
����������
����������

�����������
�����������
�����������

�����������
�����������
�����������

�����������
�����������
����������� . . .

. . .

.

.

.

.

.

.

Regression tree

����������
����������
����������

1s 2s

S

ks

 
. 1 Constructing a supervector matrix S . 

e purpose of PCA is to reduce correlations 

een data elements, and to find a smaller 

f variables with less redundancy, that 

 give as good a representation as 

ble[5][6]. That is, PCA finds out axes 

maximize the covariance of data and 

ize the correlations between data 

ents, and projects data on new axes.  The 



dimension of data can be reduced as only some 

axes are used that maximize the covariance of 

data. Mathematically, eigenvector matrix 

[ ]kvvvV ,...,, 21=  of covariance matrix of input 

data with PCA transforms input data on V -

space, and the number of eigenvector is 

decided depending on eigenvalue. In other 

words, the variances of the principal 

components are directly given by the 

eigenvalues, and because the principal 

components have zero means, a small 

eigenvalue indicates that the value of 

corresponding principal component is mostly 

close to zero. So, eigenvectors with a small 

eigenvalue are truncated, and the dimension of 

HMM mean parameters can be reduced. If we 

choose m  eigenvectors, the dimension 

reduction matrix P  is represented,  
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where [ ]mvvvV ,...,, 21=′  and km < . 

The goal of ICA is related to the goal of PCA. 

However, in PCA the redundancy is measured 

by correlations between data components, 

while in ICA the much richer concept of 

independent is used[5]. It is a way to find a 

linear coordinate system such that the resulting 

signals are as statistically independent. In 

contrast to correlation-based transformations 

such as PCA, ICA not only decorrelates the 

signals (2nd order statistics) but also reduces 

higher order statistical dependencies. So, if we 

highly reduce the dimension of HMM 

parameters, ICA represents better performance 

than PCA. But, assuming that independent 

components are not sufficiently included in 

input data, PCA represents input data better 

then ICA[7].  With weighting matrix A  given 

by ICA, the dimension reduction matrix P  can 

be obtained similarly to PCA. 

 

4. Experiments and Results  
 Experiments are performed on the resource 

management continuous speech database (RM) 

where was collected from 80 speakers for SI 

training. 42 total utterances per speaker are 

used for SI training data. For speaker 

adaptation, 612 sentences per speaker from 12 

speakers are incrementally employed and 100 

test utterances. Speech features were 

extracted based on a 18th order LPC where the  
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re components were 18 cepstral 

icients, and their first time derivatives. 

equence cepstral mean subtraction was 

rmed. The SI model consists of 49 

phone HMMs, where each model is 

osed of 3 states with 8 mixture 

onents. For ordinary MLLR framework, a 

 diagonal transform matrix was used 

 has 2 blocks, while for ours a full 

form matrix with a block was used. 

 1.  The comparison of word recognition 

 when PCA, ICA, and ordinary MLLR is 

rained to have maximum components. 

# utterances 1 2 3 4
ICA(16) 92.9 95.1 95.9 96.5
PCA(36) 93.4 95.5 96.2 96.7
MLLR(36) 90.8 92.8 94.3 96
SD 92.1 92.1 92.1 92.1  

able 1 shows the comparison of word 

ognition rate when either PCA or ICA is 

strained to have maximum components 

ere 36 principle components for PCA and 

independent components for ICA is 

resented. The MLLR with either PCA or 

 outperforms the ordinary MLLR. 

ecially, with only half dimension of HMM 

ameter of ordinary MLLR, the 

formance of ICA is better than that of 

inary MLLR. 

n Table 2, the word recognition rate 

ording to the dimension is given. 10 

ponents for ICA and 12 components for 

A represent similar performance with 36 

ponents for ordinary MLLR framework, if 

re components are used for an adaptation, 

 ICA and PCA show better performance. 

e MLLR with ICA represents a little more 

ognition rate than the MLLR with PCA. 

is result suggests ICA not only 

orrelates the signals (2nd order statistics) 

 PCA but also reduces higher order 

tistical dependencies.  

n the point of view of the amount of 

putation, )( 3nO  is needed to compute 

trix inversion where n  is the dimension 

column vector of a matrix, and the MLLR 

ptation requires computation proportioned 

)( 4nO  since n  matrices must be inversed 

 a transformation matrix. For our 

eriments, the ordinary MLLR framework 

st compute 36 inversions of 



(36+1)*(36+1) dimensional matrix, while for 

ICA, 10 inversions of (10+1)+(10+1) 

dimensional matrix, and for PCA, 12 

inversions of (12+1)+(12+1) dimensional 

matrix. Consequently, the amount of 

computation is reduced to about 1/80~1/150. 

 

 Table 2 Word recognition rate according to 

the dimension of parameters. 

# utterances 1 2 3 4
PCA(10) 90.7 92.2 93.8 95.1
PCA(12) 91.2 92.9 94.5 95.6
PCA(14) 91.5 93.7 94.9 96
PCA(16) 91.8 94.5 95.4 96
ICA(10) 91.2 92.6 94.5 95.9
ICA(12) 91.8 93.4 94.9 96.1
ICA(14) 92.4 93.9 95.4 96.2
ICA(16) 92.9 95.1 95.9 96.5
MLLR(36) 90.8 92.8 94.8 96
SD 92.1 92.1 92.1 92.1  

In the proposed method, the multiplication of 

the dimension reduction matrix P  and the 

mixture component sµ  is required, but since 

the matrix multiplication is proportioned )( 2nO , 

the additional computation can be disregarded.  

In order to obtain the dimension reduction 

matrix, either PCA and ICA is performed when 

SI model is trained. Therefore, there are not 

additional computations in order to obtain 

dimension reduction matrix for speaker 

adaptation. 

 

5. Conclusion 
The reduction of computation needed to MLLR 

framework is proposed. Using PCA and ICA, 

the dimension of HMM parameters is reduced, 

and the number of matrix inversion decreases. 

Since in order to obtain the dimension 

reduction matrix, either PCA or ICA is 

performed when SI model is trained, there are 

not additional computations in order to obtain 

dimension reduction matrix for speaker 

adaptation, and the amount of the computation 

of the additional multiplication for reducing the 

dimension of HMM parameters can be ignored. 

The PCA and the ICA not only reduce the 

dimension of parameters, but also make 

discrimination between components to be 

highly. This suggests that if we use this 
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formed components for constructing 

ssion tree, we can obtain a deeper 

ssion tree, and the highly improved 

rmance of speaker adaptation. Future 

s involve how to constructing the 

ssion tree appropriate to the PCA and ICA, 

xperiments about the relation between the 

ation probability and the reduction of the 

nsion. 
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