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ABSTRACT 

The introduction of Gaussian mixture models in the field of 

voice recognition systems has established very good results. 

The process of speaker verification based on Gaussian mix-

ture models is highly expensive in the regard of computa-

tional complexity and memory usage perspectives, thus sup-

pressing its adaptability for efficient and low-cost systems. 

The methods like Expectation Maximization used by GMM to 

compute the speaker models are highly iterative procedures 

and contribute significantly to the complexity in the imple-

mentation of an efficient system. In this paper we propose the 

use of Information theoretic vector quantization VQIT for the 

training of GMM models as a replacement of EM algorithm; 

we also apply the other vector quantization techniques such 

as K-means and LBG and compare the performance with the 

VQIT. 

1. INTRODUCTION 

Speaker verification is a process where a person is identified 

or verified biometrically, for such systems a person’s identity 

is verified by voice. Using the voice of a speaker to identify a 

person has become the more applied approach in the recent 

years because as such of the characteristics do not need to be 

memorised like passwords. The favourite part of the speaker 

verification systems is that the speaker is not bound to speak 

any restricted phrase to get identified but he is free to utter 

any sentence. The speaker verification system comprises of 

three stages, in the first stage feature extraction is performed 

over a database of speakers where vectors representing the 

speaker distinguishing characteristics are isolated. The sec-

ond step addresses establishing the speaker model; this trans-

lates to finding the distribution of feature vectors. The third 

step is of decision, which determines the claimed identity of 

a speaker, as depicted in fig.1. 

Vector quantization (VQ) based speaker verification has re-

mained a successful method in the field of speaker recogni-

tion systems. The basic idea in this approach is to compress a 

large number of short term spectral vectors into a small set of 

code vectors. Until the evolution of GMM, vector quantiza-

tion techniques were the largely applied in the field of 

speaker verification, and in this paper we come up with the 

idea that using vector quantization as part of a GMM based 

speaker verification can serve in terms of better results. The 

fundamental problem with the GMM inspite of having very 

high recognition rates is its computational complexity, effi-

ciency and its adaptability for the low cost systems. The 

GMM uses the EM algorithm to train the speaker models 

which actually contributes to the complexity of system. We 

suggest that if we use the vector quantization techniques [1], 

[2] instead of EM algorithm then it not only reduces its com-

putational complexity but also adds to its adaptability for 

low-cost systems. The major contribution of our work ap-

pears when we use the information theoretic vector quantiza-

tion VQIT [4] along with other VQ implementations like 

LBG and K-means where VQIT establishes good results. 

2. PRELIMINARIES 

In this section we shall discuss the K-means, LBG and VQIT 

algorithms for vector quantization and their application as 

individual classifiers to speaker verification. Further we will 

discuss the GMM algorithm and its EM architecture. 

 

2.1 K-means algorithm 

It is an algorithm to classify or to group data based on attrib-

utes/features into K number of group. K is positive integer 

number. The grouping is done by minimizing the sum of 

squares of distances between data and the corresponding 

cluster centroid. Thus, the purpose of K-mean clustering is to 

classify the data. K-means algorithm [5] was developed for 

vector quantization codebook generation. It represents each 

cluster by the mean of the cluster. Assume a set of vectors 

X={x1,x2,x3,…..,xT} is to be divided into M clusters repre-

sented by their mean vectors {µ1, µ2, µ3,…, µM} the objective 

of K-means algorithm is to minimize the total distortion 

given by, 
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K-means is an iterative approach; in each successive iteration 

it redistributes the vectors in order to minimize the distortion. 

The procedure is outlined below: 
 

(a) Initialize the randomized centroids as the means of 

M clusters. 

(b) Data points are associated with the nearest centroid. 

(c) The centroids are moved to the centre of their re-

spective clusters. 
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(d) Steps b & c are repeated until a suitable level of 

convergence has been reached, i.e. the distortion is 

minimized. 

 

When the distortion is minimized, redistribution does not 

result in any movement of vectors among the clusters. This 

could be used as an indicator to terminate the algorithm. The 

total distortion can also be used as an indicator of conver-

gence of the algorithm. Upon convergence, the total distor-

tion does not change as a result of redistribution. It is to be 

noted that in each iteration, K-means estimates the means of 

all the M clusters. 

2.2     LBG (Linde, Buzo and Gray) Algorithm 

The LBG algorithm is a finite sequence of steps in which, at 

every step, a new quantizer, with a total distortion less or 

equal to the previous one, is produced. We can distinguish 

two phases, the initialization of the codebook and its optimi-

zation. The codebook optimization starts from an initial 

codebook and, after some iterations, generates a final code-

book with a distortion corresponding to a local minimum. 

The following are the steps for LBG algorithm. 

a. Initialization. The following values are fixed: 

• NC: number of codewords; 

• ε ≥ 0: precision of the optimization process; 

• Y0: initial codebook; 

• X = {xj ; j = 1 , ...,NP}: input patterns; 

Further, the following assignments are made: 

• m = 0; where m is the iteration number. 

• D−1 = +∞; where D is the minimum quantization error cal-

culated at every m
th
 iteration. 

b. Partition calculation. Given the codebook Ym, the partition 

P(Ym) is calculated according to the nearest neighbour condi-

tion, given by 
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c. Termination condition check. The quantizer distortion (Dm 

= D({Ym,P(Ym)}) is calculated according to following equa-

tion. 
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Where Di indicates the total distortion of i
th
 cell.  

 If  ε≤−− mmm DDD /)( 1
 then the optimization ends and Ym is 

the final returned codebook. 

d. New codebook calculation. Given the partition P(Ym), the 

new codebook is calculated according to the Centroid condi-

tion. In symbols: 

                                       Ym+1 = X (P(Ym))                             (4) 

After, the counter m is increased by one and the procedure 

follows from step b. 

2.3 VQIT (Information theoretic vector quantization) 

algorithm 

In Vector quantization the challenge is to find a way that best 

represents the data. VQIT [4] uses a new set of concepts from 

information theory and eliminates the flaws of previous vec-

tor quantization algorithms. Unlike LBG and Self Organizing 

map (SOM) algorithms this algorithm addresses a clear 

physical interpretation of data and relies on minimization of a 

well defined cost function. In the light of information theory 

it becomes clear that minimizing distance is actually equiva-

lent to minimizing the divergence between distribution of 

data and distribution of code vectors. When SOM is con-

verged it is at the minimum of cost function, but this cost 

function is highly discontinuous and drastically changes if 

any sample changes its best matching centroids [6]. Now 

attempts have been made to find a cost function that when 

minimized gives results similar to the original update rule [7] 

and information theorists have made attempts to design good 

vector quantifiers [8], [9] and [10]. Unlikely the [7], [8], [9] 

and [10] VQIT takes the distribution of data explicitly into 

account by matching the distribution of the code vectors with 

the distribution of the data points in a data cluster. This ap-
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Fig.1. The three stage SV phenomenon involving feature extraction, modelling and classification 
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proach leads to the minimization of the well defined cost 

function. 

This algorithm works on the principal of minimizing the di-

vergence between Parzen estimator of the code vectors den-

sity distributions and a Parzen estimator of the data distribu-

tion. Minimizing the divergence between the Parzen esti-

mates of data points and code vectors means minimizing the 

dissimilarity, and this is achieved by using Cauchy-Schwartz 

inequality which is the linear approximation of kullback-

leibler divergence. 

The Parzen density estimator is given by the following equa-

tion, 
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Where K(.) is the Gaussian Kernel and x is the independent 

variable for which we seek the estimate and xi represents the 

data points. The Parzen estimate of the data has N kernels, 

where N is the number of data points and the Parzen estima-

tor of the code vectors has the M kernels, where M is the 

number of code vectors and M<<N. After evaluating the den-

sity estimation the divergence measure is evaluated and this 

is achieved by using Cauchy-Schwartz inequality,  

 

|a(x) b(x)| ≤ ||a(x) || ||b(x) ||           (6a) 

This equation is used to minimize the divergence between 

a(x) and b(x), where a and b represent the data points and 

code vectors respectively. Hence Maximizing the following 

expression is equivalent to minimizing divergence between a 

and b.  
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In order to minimize the divergence between data points (Say 

a(x)) and Code Vectors (Say b(x)) the following is mini-

mized. 
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The cost function used to evaluate the centroids for code 

vectors can further be achieved as,  
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 This cost function is minimized with respect to the location 

of the centroids (w). When the centroids reach to a location 

so that a local minimum is achieved then no effective force 

acts on them, this uses gradient descent method for address-

ing the local minima. Eq. (8) has three terms the first term 

represent the data points which are stationary thus differenti-

ating Eq.8 with respect to centroids will yield zero for the 

first term, the middle term called cross information potential 

and the last term called the entropy of centroids [4] will have 

non-zero derivatives. 

Consider the cross information potential term; the Parzen 

estimator for a(x) and b(x) puts Gaussian kernels on each 

data point xj and each centroid wi respectively, where the 

variances of the kernels are σa
2
 and σb

2
. Initially the locations 

of the centroid are chosen randomly. 

∫= dxxbxaC )()(                                                  (9a) 
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Where M represents the number of centroid kernels and N 

represents the number of data point kernels. The gradient 

update for the centroid wk from the cross information poten-

tial term then becomes, 

C

C
C

dw

d

k

∆
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Where ∆C denotes the derivative of C w.r.t wk, and ∆C is 

calculated as, 
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Similarly for the entropy term we have, 
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The update for point k consist of two terms, cross informa-

tion potential and entropy of the centroids, 








 ∆
−

∆
−=+

C

C

V

V
nwnw kk 2)()1( η     (14) 

Where η  is the step size, the VQIT consists of a loop over 

all wk. 

2.4 Gaussian Mixture Models 

Gaussian Mixture Model (GMM) has appeared as a widely 

applied tool in the field of text-independent speaker verifica-

tion [12] in recent years. The discouraging attribute of GMM 

is training of GMM models, when we approach to design a 

speaker model by giving its feature vectors; it leads to com-

plexity and low-efficiency due to its computational complex-

ity and iterative nature. The iterative procedure and training 

of a GMM model utilizes an algorithm called EM algorithm, 

The EM algorithm achieves the convergence to a local 

maximum. However, the high computational complexity of 

the algorithm necessitates high hardware cost as well as large 

training time. In this paper, we have proposed a vector quan-

tization algorithm called VQIT and its performance suprem-

acy to other VQ algorithms for the training of GMM speaker 

models. 

 

Although EM algorithm performs well to establish the con-

vergence of local maximum, but by adding following disad-

vantages:  
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(a) Usually the EM algorithm guarantees the convergence of 

local maximum after it takes 8 to 16 iterations. The iterative 

procedure adds to the complexity of the operations and thus 

reduces the efficiency. 
(b) The EM algorithm performs the intensive computational 

operations such as square root, exponentiation and division, 

and in case when we have more training vectors the numbers 

of such operations grow exponentially. 

(c) If we are dealing with low-cost systems it will be highly 

impossible to establish a high-speed single-chip implementa-

tion of EM algorithm. 

 

Thus investigation of alternative training algorithms is un-

avoidable. The K-means algorithm has been applied for find-

ing a robust model approximation to the GMM in [3]. Hence 

we are using a number of vector quantization algorithms in-

cluding K-means, LBG and recently designed VQIT to in-

vestigate its suitability to avoid complexity and efficiency 

loses when using EM algorithm. We also compare the per-

formance of VQIT over other vector quantization approaches 

which are previously applied as a replacement measure of 

EM algorithm [2]. 

 

3.   RESULTS AND DISCUSSION 

 

Experiments were conducted on TIMIT databases to investi-

gate the suitability of VQIT algorithm for speaker verifica-

tion. In this section the results of the experiments are pre-

sented. 

 

3.1 Experimental Set-up:  
3.1.1 Speaker Corpus 

   We have enrolled a set of 36 speakers of the New England 

dialect from the TIMIT corpus by keeping a half of male and 

female speakers; we are using two min and thirty seconds of 

speech files after removing the silence, two minutes for train-

ing and thirty seconds for testing. The TIMIT corpus of read 

speech has been designed to provide speaker data. The 

speech was recorded at Texas instrumentation (TI), tran-

scribed at Massachusetts Institute of Technology (MIT), and 

has been maintained, verified, and prepared for CD-ROM 

production by the National Institute of Standards and Tech-

nology (NIST). 

3.1.2 Preprocessing and extracting features 

The speech data is preprocessed before extracting the coeffi-

cients. We are using a high-pass filter: v (k) =x (k)-0.95x (k-

1) which pre-emphasizes the speech data where x (k) con-

tains the speech sampled data and v (k) returns the pre-

emphasized speech data. We are using a logarithmic tech-

nique suggested by [11] for separating and segmenting 

speech from noisy background environments, a set of effi-

cient rules is used to generate speech and noise metrics from 

the input speech. The rules are derived from the statistical 

principles about the characteristics of the speech and noise 

waveform and are based on time-domain processing to have 

zero-delay decision; at the final stage the algorithm compares 

the speech and silence metrics using a threshold scheme to 

control the speech/silence decision. Therefore silence is re-

moved from the speech files before applying the feature ex-

traction algorithms to pre-emphasised speech data. The fea-

ture extraction algorithms used to extract the coefficients are 

linear predictive coefficients (LPC) and mel-frequency Cep-

stral coefficients (MFCC) which generates the coefficient 

data ready for training. 

3.2 Experimental Results 

Our principal objective of carrying on this experiment was to 

test the vector quantization algorithm called VQIT for the 

speaker verification data. We carry the experiments with 

some other implementations of vector quantization such as 

K-means and LBG to make a comparative analysis and we 

observed that VQIT behaves a better vector quantization ap-

proach than the other VQ implementations as listed in tables 

1 and 2. Table1 indicates the performance comparison of 

different VQ implementations when LPC is used as a feature 

extraction algorithm, and Table2 indicates the performance 

comparison when MFCC is used as a feature extraction tech-

nique. We train the coefficient data by using the different 

vector quantization versions along with GMM to optimize 

the speaker models.  
 

 

Speech Length 
 

Algorithm 

 Training Testing 

 

Rate of verifying an 

speaker 

GMM_EM 2 min 30sec 81% 

GMM_K-

means 
2 min 30sec 73% 

GMM_LBG 2 min 30sec 74.5% 

GMM_VQIT 2 min 30sec 79.8% 

Table 1: Performance comparison of different vector quantization 

techniques when feature extraction algorithm is LPC 

 

Speech Length  

Algorithm 

 Training Testing 

 

Rate of verifying an 

speaker 

GMM_EM 2 min 30sec 96.5% 

GMM_K-

means 
2 min 30sec 80% 

GMM_LBG 2 min 30sec 81.5% 

GMM_VQIT 2 min 30sec 96% 

Table 2: Performance comparison of different vector quantization 

techniques when feature extraction algorithm is MFCC 

 

4. CONCLUSION 
 

In this paper we evaluate the performance of VQIT algorithm 

and conclude that it proves better in performance than the 

other Vector Quantization algorithms, when used as a re-

placement of EM algorithm as a part of GMM system to op-

timize the speaker models. We test it with different feature 

extraction algorithms like the linear predictive coefficient 

and mel-frequency Cepstral coefficients and for both of the 

implementation we observe the performance superiority of 

VQIT algorithm, when used as an optimization algorithm for 
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GMM classifier. Our conclusion supports the idea that in 

general vector quantization techniques and in particular 

VQIT can be employed with the GMM based classification 

to suppress the complexity of the algorithm and increase the 

efficiency of the system. 
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