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Abstract-HMM has high power to describe complex phenomena. 
The Baum-Welch (BW) algorithm is very popular estimation 
method that use for estimating HMM model parameters but it 
start with an initial guess and finally converge to a local optimum 

in practice. Chaos often exists in nonlinear systems. It has many 

good properties such as ergodicity , stochastic properties, 
regularity and high sensitivity to initial states .In this paper by 
use of these properties of chaos, an effective hybrid CHAOS-BW 
optimization method is proposed that uses the Chaos 
Optimization algorithm to optimize the initial values of Baum 
Welch algorithm. This algorithm not only overcomes the 
shortcoming of becoming trapped in local optimum of the BW 
algorithm, but is also fast and requires less storage than other 
hybrid optimization algorithms such as GABW, PSOBW and 
GAPSOBW. Experimental results on Persian digit dataset show 
that the propose method has both qualities of global search as 
well as rapid convergence. Comparison with several other more 
conventional approaches also reveals superior performance of the 
proposed model. 

Keywords-Hidden Markov Model, Chaos Optimization, Baum
Welch 

I. INTRODUCTION 

HMM is a highly robust statistical modeling paradigm that 
is widely used for automatic speech and speaker recognition 
The power of HMM relies on the ability to combine the 
modeling of stationary stochastic processes producing 
observable short time features and the temporal relationships 
between these processes. [1] The HMM parameters play 
important roles in a HMM based speech recognizer because 
they can characterize the behavior of the speech segments and 
directly affect the system recognition accuracy. 

Some successful heuristic algorithms such as forward
backward method[2] and the gradient method[3] are developed 
to optimize the model parameters to describe the training 
observation sequences. These methods are fast but start with an 
initial guess and finally converge to a local optimum in 
practice. Few methods can escape from the local optimum to 
obtain the global optimum. 
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Another possibility is to use some stochastic search 
methods. Genetic Algorithm (GA), Tabu Search (TS) and 
Particle Swarm Optimization (PSO) have been applied to 
HMM training in isolated word recognition. However, the 
convergence speed of these algorithms is slow [4]. 

Chaos optimization algorithms as a novel method of global 
optimization have recently attracted much attention. Chaos 
often exists in nonlinear systems. It has many good properties 
such as ergodicity, stochastic properties, and regularity. Chaos 
can go through every state in a certain domain without 
repetition. With this advantage of chaos, we can apply it in 
optimization calculations. a new optimization algorithm that is 
called the chaos optimization algorithms COA is presented in 
[5]. COA searches on the regularity of chaotic motions and can 
more easily escape from local minima than stochastic 
optimization algorithms that escape from local minima by 
accepting some bad solutions according to a certain probability. 

By use of these properties of chaos, an effective hybrid 
optimization algorithm (CHAOS-BW) is proposed that 
reasonably combines the merits of the Chaos algorithm and the 
BW algorithm for the estimation of The HMM model 
parameters in isolated word recognition. To evaluate the 
performance of this method, we compare it with two other 
hybrid algorithms PSOBW[6], GAPSO-BW and traditional 
algorithm BW[l]. 

II. HIDDEN MARKOV MODEL 

HMM has the desirable property that it can readily model 
speech signal whose properties change over time in a 
successive manner. In order to define an HMM completely, 
following elements are needed: 

1. N, The number of states of the model 

2. M ,  The number of mixtures in each states 

3. A = {aij}, The state transition probability matrix 

aij=P{q'+I=jlq,=i} l<=i,j<=N (1) 



where qt is the state at time t and aij is the transition 
probability from state i to state j that should satisfy the normal 
stochastic constraints as: 

(2) 

and 

N 

�:a ij = 1,1:::; i:::; N (3) 
j=1 

B = {b /0) }, The output probability distribution where 

bj(Ot) is a finite mixture of Gaussian distributions associated 
with state j of the form: 

M 

b/O,) = �>jmG(,ujm,Ljm,Ot) (4) 
m=l 

Where Ot is the tth observation vector, Cjm is weighting 
coefficient for the mth mixture in state j, and G is the Gaussian 
distribution with mean vector Iljm and covariance matrix Ljm 
for the mth mixture component in state j. Cjm should satisfy the 
stochastic constrains: 

Cjm ;;:: 0 , lsjsN , 1smsM (5) 

And 

M 

�> jm = 1 , Is j s N (6) m=1 

7r = {7rj } , The initial state distribution that used to 

describe the probability distribution of the observation symbol 
in the initial moment when t = 1 

7ri = P( ql = i), 1 sis N 

N 

which must satisfy L7r; = 1 
;=1 

(7) 
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Therefore we can use the compact notation 

A= (A,cjm,,ujm,Ljm,1t) to denote an HMM with 

continuous densities. As mentioned above, HMM is used to 
approximate the probability of each observation symbol 
existing in the current state. Three essential problems of HMM 
that must be solved are: 

1. how to effectively calculate the probability P (0 I A); 

2. how to select the optimal state sequence when the model 
is given 

3. how to adjust the model parameter 

probability P( 0 I A); higher. 

to make the 

The Forward algorithm is often employed to solve the first 
problem, and the Viterbi algorithm is often used to solve the 
second one. To solve the third problem, an iterative algorithm 
based on expectation maximization is employed. This paper 
focuses on solving the last problem [ 7]. We use the Chaos 
search algorithm to search the optimal model parameters A.. 

III. BAUM-WELCH ALGORITHM 

To solve Problem 3 we need a method of adjusting the 

A = ( A, C jm',u jm' L jm' 1t) parameters to maximize the 

likelihood of the training set. we usually work with the Baum
Welch algorithm to estimate the model parameters. This 
method is an iterative algorithm based on expectation 
maximization that searches for an optimal solution to this 
problem which guarantees that the re-estimation HMM it' will 
be equal to or better than the initial HMM A. 

In addition to the Baum-Welch algorithm, it is necessary to 
estimate the Alfa and Beta matrices thanks to the forward and 
backward procedures. To compute the most probable state 
sequence, the Viterbi algorithm is the most suitable .The BW 
re-estimation formulas are shown as follows[1]: 

(8) 

(9) 

(10) 



(11) 

(12) 

Where rri , aij , Cjm , iljm and Ujm are the model 
parameters of ..1', YtV, m) is the probability of being in statej at 
time t with mth mixture component accounting for at of the 
form 

(13) 

The forward variable is defined as the probability of the 
partial observation sequence {Ol , O2,,,,, Otl (until time t) and 
state S; at time t, with the model A, as at(i) of the form 

t = 1, 1 sis N 
(14) 

l<t<T, lsisN 

And the backward variable is defined as the probability of 
the partial observation sequence form t+ 1 to the end, given 
state Si at time t and the model A, as f3t(i) of the form 

/J, (i) = 

{i aifbj ( °nl) finl (j) 

t=T, lsisN 
(1 S) 

1 s t < T,I sis N 

IV. CHAOS OPTIMIZATION ALGORITHM 

Chaos often exists in nonlinear systems. These systems are 
highly sensitive to the initial values so that very small 
differences in the initial conditions will cause large differences 
in the long-time behavior of systems. Chaos can go through all 
states in certain ranges without repetition, the long-time motion 
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of chaotic systems shows some confusion and typical 
stochastic properties. But chaos is not really stochastic, it has 
exquisite structure[ S, 8, 9]. With these characteristics of chaos, 
we can apply it in Optimization calculation. 

These chaos optimization algorithms in the referenced 
papers were all based on the Logistic map. The well-known 
Logistic map is written as: 

(16) 

Where J..l is a control parameter, k = 0,1,2, . . .  and z is a 
variable, It is easy to find that when J..l=4,the logistic map is 
totally in chaos state and all values between 0 and 1 except the 
fixed point (O.2 S, O. S, 0.7 S) are produced randomly by 
iteration. The simulation results show that when n > 1 0, the 
initial information of the system is completely lost and Its 
output is like a stochastic output. Moreover the probability 
density function of the chaotic sequences for Logistic map is a 
Chebyshev-type one with very high density near the two ends 
of the chaotic variable interval (0, 1) and low density at middle 
part, not uniformly distributed at all. This type of density 
distribution may affect the global searching capacity and 
computational efficiency of chaos algorithms remarkably In [9] 
an improved Chaotic optimization algorithm was proposed that 
cuts the parts near the two ends of chaos variable interval (0, 1) 
during the chaos searching. In this paper we use this 
optimization method to search the optimal model parameters A. 

The basic process of chaos optimization algorithm 
generally includes two major steps: At first a sequence of 
chaotic points are generated based on the logistic map and 
mapped to a sequence of design points in the original design 
space by the carrier wave method. Then, the objective 
functions are calculated and the point with the maximum 
objective function is chosen as the current optimum. Secondly, 
the current optimum is assumed to be close to the global 
optimum after certain iterations, and it is viewed as the center 
with a little chaotic perturbation, and the global optimum is 
obtained through fine search. The above two steps are repeated 
until some specified convergence criterion is satisfied, then the 
global optimum is obtained. 

V. THE CHAOS-BW TRAINING APPROACH 

The Baum-Welch (BW) algorithm is a powerful training 
method. It is fast and can optimize parameters with constraints. 
but it is prone to converge to the local optimum if it's initial 
values not properly set. [10] Therefore, the selection of the 
initial value is an important problem, as well as a troublesome 
problem. 

Chaos search algorithm has the function of globally looking 
for the best. It is fast and needs limit storage because it's 
parameters can be generate by a certain formula. So we use 
Chaos optimization algorithm to optimize initial values of 
model as state transfer matrix A and output probability 
distribution parameters Jl, � .  The steps of CHAOS-BW 
algorithm are shown at Fig 1 : 



1. Set iterative count ITRI =0. 

2. initialization: Give i initial values in the range of 0 and I 
which have I very small differences (not the fixed points of 
Logistic map i.e. 0.25, 0.50, 0.75). 

3. Set iterative count ITR2=O 

4. Calculate the new chaotic variables 

Zj(n + 1) = J1Zj(n)(1- Zj (n)) and map them to 

optimization variables by the carrier wave method, 

where Zj ( n + 1) is ith chaotic variable at time n 

generated by logistic map formula., Ci and di are constants 
such as amplification gain. 

5. Searching for optimal solution: 

i/(n=O) 

let X* = X (0) and calculate the value of the 

objective function f, J* = fo 
Else 

IfJ(x(n+ 1)) � j* then 

X* =X(n+l) , J* =J(X(n+l): 
Set n=n+ I, ITR2=ITR2+ I 

If (lTR2 � maxChaosITR) go to 

step 4. 

6. Set X" as initial values for BW algorithm 

7. Set iterative count ITR3=0 

8. Apply the BW algorithm. 

9. ITR3=ITR3+l 

10. If (lTR3 � max BWITR) go to step 8 

II. ITRI =ITRl+ I 

12. If (ITRI � MainITR) go to step 2, otherwise 

terminate 

Figure. I. CHAOS-BW training algorithm 

VI. EXPERIMENTAL RESULTS: 

For evaluating proposed method we used HTK toolkit 3.4 
[11] and changed its training functions with HCHAOS-BW 
algorithms to compare the experimental results. 

The pronunciations of 10 isolated Persian digits (0-9) 
spoken by 10 speakers is adopted in the experiment that makes 
100 utterance. The pronunciations of 7 speakers are used to 
train the model and pronunciations of 3 remaining persons are 
used to test it. The sampling rate of speech signal is 11.025kHz, 
frame time-length is 25ms and frame transfer time is 10ms. 

We consider 39 dimension Mel-frequency cepstral 
coefficients (MFCC) that consist of 12 cepstral coefficients 
plus Oth cepstral parameter and their first and second 
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derivatives as feature vector. Set J1. = 4 for logistic map 
formula and choose initial Chaos variables randomly in range 
of (0.1 ,0.2) .also set MainITR, maxBWITR and maxChaosITR 
as 20, 10 and 30 respectively. we used left to right HMM's 
with 5 states and train them for each phoneme . we first search 
for optimal HMM parameters by the above Chaos Optimization 
algorithm, and then the optimal values obtained from Chaos 
Search stage are used as initial values for Baum Welch 
algorithm to train model parameters. For evaluating 
performance of purposed method we compared it's results 
with 3 other methods PSOBW, HGAPSOBW and traditional 
BW. For each of two hybrid methods PSOBW and 
HGAPSOBW, the Population size is 6, cl and c2 considered as 
2, the probability values of crossover and mutation is 
considered 0.8 and 0.01 respectively. 

All HMMs trained by four HMM training methods. The 
average of logarithm of probability P(O I A) for each phoneme ( 
for each HMM) is reported in Table I. 

TABLE I. THE AVERAGE LOG PROBABILITY FOR EACH MODEL 
TRAINING WITH EACH METHOD 

models Chaos-BW GAPSO BW PSO BW BW 

A -1350.57 -1350.57 -1350.57 -1350.57 

Sp -639.55 -639.55 -643.69 -639.55 

0 -494.52 -497.36 -498.53 -498.58 

E -1282.05 -1282.31 -1295.31 -1296.86 

F -779.50 -779.50 -779.74 -779.60 

H -543.82 -543.84 -543.87 -543.87 

J -563.05 -563.24 -568.43 -569. 81 

N -672.52 -672.85 -69164 -672.59 

0 -1335.10 -1335.64 -1335.63 -1338 07 

p -470.26 -470.71 -477.14 -469.03 

R -472.09 -472.20 -476.97 -472.60 

S -465.24 -465.57 -466.69 -466.60 

T -740.310 -740.05 -742.17 -740 04 

Y -578.56 -579.33 -580.39 -580.31 

Ch -601.27 -601.43 -61186 -604 04 

Sh -937.66 -940.33 -940.66 -940.95 

-1722.55 -1732.96 -1826.41 -1738.99 

K -1153.76 -1152.55 -1152.55 -1156.50 

The test accuracy and correction rate in phone recognition 
for discrete speech by each of training method are reported in 
Table 2. 

TABLE II. CORRECTION AND ACCURACY RATE FOR DISCRETE SPEECH 
(PHONE) 

Training 
N H S D corr ace 

Method 

BW 106 88 16 14 6 81.13 66.03 

PSOBW 106 89 15 12 5 83.96 69.81 

HGAPSO-BW 106 90 5 II 11 84.91 74.53 

CHAOS-BW 106 94 7 4 8 88.68 82.08 



Calculation method for correction and accuracy is based on 
equations 1 7  and 18. In mentioned equations, N is the 
phonemes count, D is the deletion error, S is the substitution 
error and I is the insertion error 

N-D-S 
C01rection rate = xl 00% (17) 

N 

N -D -S-1 
A curacy rate = x 1 00% (18) 

N 

CONCLUSION 

In this paper we propose a novel approach that combines 
the global search ability of chaos with local optimization ability 
of BW to escape from local optimum. To evaluate the 
performance of this method, we compare it with two other 
hybrid algorithms PSOBW, GAPSO-BW and traditional 
algorithm BW. Obtained results illustrate that the proposed 
method reaches higher accuracy and rate of correction relative 
to other methods. Moreover this method is faster and requires 
less storage. 
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