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ABSTRACT 

The paper presented a novel method to speed up the likelihood 
computation of the speech recognition system based continuous 
Hidden Markov Model (CHMM). The block-diagonal covariance 
matrices were applied in the method and the technique to 
construct an optimal block-diagonal matrix was introduced. The 
experimental results demonstrated that the block-diagonal 
covariance matrices could achieve a large improvement in 
recognition speed without significant decrease of recognition rate 
compared with baseline system.  
 

1. INTRODUCTION 

To implement a HMM-based speech recognition system on chip, 
the fast decoding algorithm must be applied for real time 
calculation. The most expensive computational operations in 
speech recognition systems are the evaluation of state 
observation probabilities and the search of the optimal Viterbi 
path. Many fast algorithms were designed to cut down these 
operations, such as the Mixture VQ methods [1] and the beam 
search methods [2]. In this paper we study the algorithms for 
reducing the computational effort of the continuous mixture 
density calculations in HMM-based speech recognition systems. 

One efficient way to reduce the computation cost is to select the 
structure of the covariance matrix used by each Gaussian mixture 
component. The full covariance matrices achieve a high level of 
performance, but the amount of calculations is too large to 
accomplish in real time. Constraining the covariance matrices to 
be diagonal accelerates the recognizing process with the 
dropping of recognition rate. Some covariance matrices 
structures are proposed to make a compromise between the full 
covariance matrix and the diagonal covariance matrix, for 
instance, the band-diagonal matrix [3], the block-diagonal matrix 
[4] and some other factored sparse matrix [5]. In block-diagonal 
covariance matrices, some non-diagonal elements of covariance 
matrices are preserved as block matrices. Then how to build 
more efficient block-diagonal covariance matrices and how to 
select the dimension of each block and the amount of the blocks? 
In this paper, we present a novel method to construct the 
desirable block-diagonal covariance matrices.  

We noticed that the block-diagonal covariance matrix could not 
be efficient if two significantly correlating feature components 
lie far from each other in the feature vector, no matter how the 
dimensions and the amount of blocks are selected. Therefore, we 
shall cluster the components of the feature vector before the 
inconsequential elements of the covariance matrices are set to 
zero.  

We employed a new defined measurement derived from the 
statistics of training data to evaluate the degree of correlations 
between feature components. The clustering processes can be 
taken according to the measurement either in the state-level or in 
the global-level. In the former case the output of the classifiers, 
which are the determinants of the feature sequences, are various 
in different states. Compared to the baseline system, both these 
methods can speed up the computation without deterioration of 
recognition accuracy. 

The rest of this paper is organized as follows: The Section 2 
introduces the covariance matrix of CHMM. The proposed 
covariance matrices selection technique is described in detail in 
Section 3. The new method was applied to two systems: 
Mandarin isolated word speech recognition system and Mandarin 
large vocabulary continuous speech recognition system. A 
number of experimental results are presented in Section 4, with 
concluding remarks in Section 5. 

2. COVARIANCE MATRIX OF CHMM 

In a continuous observation density Hidden Markov Model, the 
model probability density function is usually defined as a finite 
mixture of Gaussian distribution: 
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where x is the observation vector, cjm is the mixture coefficient 
for the mth mixture in state j, 

jmµ  and jmΣ  denote the mean 
vector and the covariance matrix of the mth mixture component 
in state j. We often use the log-likelihood score instead of the 
observation probability to limit the range. The log-likelihood 
score is represented as: 
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in which 1
jm jm

−=A Σ . 

We define Gaussian Distance between an input vector and each 
Gaussian distribution as: 
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The Gaussian Distance calculation takes most of the total 
recognition time in the CHMM-based ASR system. N2+N 
multiplies and N2 adds should be done for each mixture when A 
is a full matrix, where N denotes the dimension of the feature 
vector. Using covariance structures with many none-zero 
elements can speedup the recognition process. The simplest 
choice is the identity matrix, whose only none-zero elements are 
the 1s in diagonal. The calculation required for this alterative 
matrix is N multiplies and N adds. Another conventional model 
of the covariance matrices of Gaussian mixture is the diagonal 
matrix: 

2 2 2
1 2( , , , )d Ndiag σ σ σΣ =                             (4) 

where 2 ( 1, , )i i Nσ = are the variances of each feature 
component. Diagonal matrix decreases the operation effort to 2N 
multiplies and N adds.  

Both the identity matrix and the diagonal matrix cause the 
recognition accuracy drop significantly while cut down the 
calculation cost. The block-diagonal covariance matrix made a 
tradeoff between recognition rate and the time consuming. A 
block-diagonal matrix, in which some none-diagonal elements 
are reserved as blocks, can be expressed as: 
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Mi is a di-dimensional symmetric and positive definite matrix 
and di satisfies:  
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The most crucial principle to design an optimal block-diagonal 
covariance matrix is that how to save the important elements as 
many as possible.  

3. BLOCK-DIAGONAL COVARIANCE MATRIX 
DESIGN METHOD 

Consider a Mandarin continuous speech recognition system 
whose feature vectors are composed of 31 components, including 
14-Order Mel-Frequency Cepstrum Coefficients (MFCC) and 
their first order differences, normalized energy and its first and 
second order differences in time, arranged in that order. We 
investigated the well-trained state parameters and showed the 
average normalized covariance matrix with gray level image in 
figure 1. It shows that the covariance between MFCC and 
normalized energy play an important role in recognition. But if 
the order of the feature components is fixed, these prominent 
elements of the matrix will be preserved merely by large sub-
block dimensions. Therefore the block-diagonal covariance 
matrix will be more efficient – that means more information and 
fewer elements – only after the feature components are 
rearranged to move the significant elements closer to the 
diagonal. We derive the new sequences of the components from 
the clustering process with next four steps:  

 
Figure 1. Average normalized covariance matrix 

• The sample correlation coefficient of each two 
components is counted from training data. 

• The measure of each two components is computed 
according to the correlation coefficient. We define a 
measure to describe the correlation of two components.  
When the correlation of two components is larger, the 
measure between them is smaller, vice versa.  

• We classify the components of the feature vector. The 
amount of the categories and the elements in each 
category are not predefined, but determined by the 
training data.  

• The components of feature vector are rearranged based 
on the result of the clustering and the block-diagonal 
covariance matrices can be constructed.  

3.1 Measure the Correlation between components 

Consider two feature components X and Y as random variables, 
n pairs of samples are acquired from observations: (X1, Y1), (X2, 
Y2)… (Xn, Yn). The sample correlation coefficient (also called 
Pearson Correlation Coefficient) of X and Y is: 
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in which X and Y denote the statistical mean of X and Y 
respectively. 

rXY , ranging from -1 to 1, represent the degree of relativity 
between random variables. X and Y are linear dependent when 
|rXY|=1 and linear independent when |rXY|=0.  

We define SXY as: 

                     21XY XYS r= −                                    (6) 

Obviously SXY has the followed properties: 

1) SXY ranges from 0 to 1. 



2) SXY has its maximal value 1 only if |rXY|=0, namely X and Y 
are linear independent. SXY has its minimal value 0 when 
|rXY|=1.   

3) SXY is monotone increasing while |rXY| is decreasing.  

Therefore we conclude that SXY is a reasonable standard to 
measure the correlativity between X and Y. 

3.2 Cluster the Feature Components 

Suppose we have derived the optimal state sequence from 
training procedure, we have also known which frames of training 
speech are belonging to state i. The Pearson Correlation 
Coefficient matrix R and the measurement matrix S of the state 
can be computed from statistical data of the feature vectors of 
these frames. The clustering algorithm with minimum near 
neighbor function criterion is applied to find the optimal 
classification of the feature components. [7] 

Firstly, the near neighbor ordinal number matrix M should be 
fixed on according to S. That its element mij is k means that 
component j is the kth nearest neighbor of component i.  

Secondly, the near neighbor function matrix L is computed as: 

2ij ij jil m m= + −                        (7) 

And then the initial classification can be established by 
connecting the two components corresponding to the minimum 
elements of each line of the L matrix.  

We define iMAXα  as the maximum connecting loss inside class 

iω , which can be computed with the equation: 

,
max{ }

i
iMAX jkj k

l
ω

α
∈

=         (8) 

ikr denotes the minimum near neighbor function between class 

iω  and other classes. 
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in which ijr  is the minimum near neighbor function between the 

elements of class iω  and class jω .We also obtained kω as the 

nearest neighbor class of iω  during the searching procedure of 

ikr .  

The classification criterion is to minimize the interclass losses. 
The iteration process is done beginning from the initial 
classification. ikr is computed and compared with iMAXα  and 

kMAXα during the process. Class i and class k should be merged 
when ik iMAXr α≤  or ik kMAXr α≤ . If no more such classes can be 
found, the iteration process should be ended and the optimal 
classification is acquired.  

The dimension of each non-zero sub-matrices of covariance 
matrix may be too large if the optimal classification has a very 
small class amount. In this case, the memories consume and the 

computation cost won’t be reduced significantly compared with 
the full covariance matrix. We preset the minimum class amount 

*C to avoid it. The iteration process must be terminated, when 
class amount decreases to *C . The non-optimal classifications 
with *C  classes also act well in fast likelihood computation.   

Finally, the components of feature are rearranged base on the 
clustering result. We established the block-diagonal covariance 
matrices by reserving the covariance between the components of 
the same class and replacing other elements of the covariance 
matrices with zeros. Therefore the amount of the sub-blocks is 
the number of class while the dimensions of the sub-blocks are 
the quantity of elements in each class.   

The clustering procedures discussed above are taken separately 
in different states, so the cluster results are various in distinct 
states. The recognition program will be more complicated to 
meet the diverse computation process, which is a counteraction 
of speedup the calculation. To solve this problem, we apply the 
clustering process in global-level instead of state-level, since 
there is little discrimination in correlation matrices of different 
states. All the feature vectors of training data are used as 
observation samples during the global-level clustering process 
and the covariance matrices of all the states are reconstructed 
according to the same classification. 

4. EXPERIMENTAL RESULTS 

The fast likelihood computation method using block-diagonal 
covariance matrix was tested in two Mandarin speech 
recognition systems: the large vocabulary continuous speech 
recognition (LVCSR) system and the isolate words recognition 
system. Both the systems used the 31- dimension feature vector 
mentioned in Section 3.  

4.1 Test Results in LVCSR System  

The continuous speech recognition system used tone- 
distinguished biphone models. About 900 states with 3 Gaussian 
mixture components were adopted to describe all the syllables of 
Mandarin speech. National 863 standard Mandarin Speech 
Corpus was employed in the experiments. [8] The database is 
divided into training and testing subsets. Training database 
included 40 hours data spoken by 70 male speakers. And the 
testing database contained 5 hours data spoken by 8 male 
speakers. All the speech was sampled by 16 KHz and quantified 
into 16 bits. 20ms frame length and 10ms frame overlap were 
used.  

Table 1 shows the performance (Syllable recognition rates of the 
best choice and the time costs) of the LVCSR system for 
different choices of covariance matrices structure. The 
improvement in the recognition time is computed in percentages 
of the baseline system in which full covariance matrices were 
employed.  

It can be seen that the Global-level clustering method performed 
better than the state-level method. The system with the global-
level clustering covariance matrices practices 61.18% calculation 
time of the full matrices and the drop in the recognition rates is 
6.85%. Both the state-level and the global-level method 
accomplish higher recognition rates than the diagonal matrices. 



The clustering method in the state-level did not act as well as 
that in the global-level because the training data of some states 
are insufficient to achieve a reasonable clustering result, and as 
we noted above, the diversity of sub-blocks of covariance 
matrices required more complicated recognition procedure. 

Table 1: Syllable recognition rates of the best choice and the 
speed using different covariance matrices in LVCSR system 

Block-diagonal 
 Full State-

level 
Global-

level 

Diagona
l 

Recognition 
rate  78.08% 70.00% 71.23% 66.05%

Recognition 
Time (%) 100 90.37 61.18 35.09 

 

4.2 Tests Result in Isolate Words Recognition System 

We employed the tone-undistinguished biphone models in isolate 
words recognition system because it had been testified that it 
performed better than the tone-distinguished biphone models in 
this system with 1.38% higher in recognition rates. The isolate 
words recognition system was trained by 47 hours male speech 
in National 863 standard Mandarin Speech Corpus and tested in 
four words lists spoken by 10 male speakers. The place name, 
the stock name and the person name list each contains 200 words 
with the length form 2 to 4 syllables, and the confusion words 
list consist 400 words.  

Table 2 summarized the recognition rate and the efficiency of the 
fast likelihood computation method compared with the full and 
the diagonal covariance matrices. As we expected, the fast 
likelihood evaluation method showed a similar result as in the 
LVCSR system. The state-level clustering method made the 
recognition 55.8% faster than the baseline and the recognition 
rates are almost equal to the base rates. The global-level method 
cut down the recognition time to 37.88% with the high 
recognition rate 96.51%, which is 0.5% less than full matrix and 
0.3% greater than diagonal matrix.  

Table 2: Recognition rates and the speed using different 
covariance matrices in isolate words recognition system 

Block-diagonal 
 Full State-

level 
Global-

level 
Diagonal

Place 98.50% 97.10% 97.55% 96.65%

Stock  99.55% 99.70% 99.65% 99.65%

Person  98.30% 97.80% 98.10% 98.10%

Confusion 91.87% 93.05% 90.74% 90.42%

Total  97.05% 96.91% 96.51% 96.20%

Time (%) 100 55.8 37.88 24.28 

 

In this system the block-diagonal matrix constructed by state-
level clustering technique achieved a better performance in 
recognition rates than by global-level clustering method, 

opposite to the results of LVCSR system, since the amount of the 
states descend to about 400 in tone-undistinguished network and 
each state obtained adequate data to train.  

We noticed that the observed speedup in isolate words 
recognition system is greater than the LVCSR system. The 
reason is that the states transfer network is simpler in isolate 
words recognition system and the evaluation of state observation 
probabilities account for greater proportion in the operations.  

5. CONCLUSIONS 

We have studied a method to accomplish fast likelihood 
computation using block-diagonal covariance matrices and tested 
the method in two Mandarin speech recognition systems. The 
experimental results show that with the sufficient training data, 
the block-diagonal matrices built by state-level clustering and 
global-level clustering both can economize the recognition time 
by 40%~60% and give a tantamount recognition rate compared 
with full covariance matrices. The global-level method cuts 
down the recognition time more than state-level method with a 
little decrease in recognition rates. Consequently, if the training 
database is inadequate and a faster performance is required, the 
global-level clustering method could grant the demands. And the 
state-level clustering method should be applied to get a higher 
recognition rate in the system with plenty of training data. 
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