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Abstract 
This paper shows a way to combine speech recognition 
techniques based on Vector Quantization (VQ) with Neural 
Networks (NN). Vector Quantization has proved its 
usefulness for isolated words recognition, but it is also useful 
for isolated sentences recognition. One way to improve the 
performance of this technique is to add an NN block that will 
help the performance of the VQ recognizer. 

1. Introduction 
Speech processing relies heavily on pattern recognition. In a 
broader sense, the ability to recognize patterns forms the core 
of our intelligence. The machines also can learn to recognize 
patterns with pattern recognition techniques.  These 
techniques have been used to solve the quantization or data 
compression problem with successful application to speech 
recognition. 
 
In the case of isolated sentences recognition, Hidden Markov 
Model (HMM) is the commonest way to recognize the 
sentence. Vector quatization (VQ) has been used in many 
aspects of speech recognition systems, by example, as 
discrete acoustic prototypes of speech signals for HMM.  But 
VQ can also be used in this way for Neural Networks (NN). 

2. Vector quantization model 
Vector quatization is one of the most efficient source-coding 
techniques. Quantization is the process of approximating 
continuous amplitude signals by discrete symbols. The 
quantization of a single signal value or parameter is referred 
to as scalar quantization. In contrast, joint quantization of 
multiple signal values is referred to as vector quantization. 
 
A vector quantizer is described by a codebook, which is a set 
of fixed prototype vectors. Each of these prototype vectors is 
also referred to as a codeword. A vector quantizer maps k-
dimensional vectors in the vector space Rk into a finite set of 
vectors Y = {yi: i = 1, 2, ..., N}.   
 
Each vector yi is called a code vector or a codeword and the 
set of all the codewords is called a codebook.  Associated with 
each codeword, yi, is a nearest neighbor region called Voronoi 
region, and it is defined by:  
 
Vi={x є RK: ║x-yi║≤║x-yj║ for all  j≠i } (1) 
 
The set of Voronoi regions partition the entire space Rk such 
that:  
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As an example we take vectors in the two dimensional case 
without loss of generality.  Figure 1 shows some vectors in 
space.  Associated with each cluster of vectors is a 
representative codeword.  Each codeword resides in its own 
Voronoi region.  These regions are separated with imaginary 
lines in figure 1 for illustration.  Given an input vector, the 
codeword that is chosen to represent it is the one in the same 
Voronoi region. 
 

 

Figure 1. Codewords in 2-dimensional space 

 
After the codebook is created, the input signal is matched 
against each codeword in the codebook using some distortion 
measure. The input vector is then identified by the index of 
the codeword with the smallest distortion. Therefore, a 
description of the vector quantization process includes: 
 
• The distortion measure; 

• The generation of each codeword. 

2.1. Distortion measure 

A distortion measure d(x,y) can measure the quantization 
quality. After vector quantization, the vector x is mapped to 
another vector y, using the distortion measure, this can be 
reformulated as follows: 

q(x)=yi  if and only if  i
k

= arg min  d(x,yk) (3) 

SPECOM'2006, St. Petersburg, 25-29 June 2006

100



The most commonly used measure is the Euclidean distortion 
measure. This distortion can be defined as follows: 
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2.2. Generation of each codebook 

Unfortunately, designing a codebook that best represents the 
set of input vectors is NP-hard.  That means that it requires an 
exhaustive search for the best possible codewords in space, 
and the search increases exponentially as the number of 
codewords increases.  The simplest way to design a codebook 
is named LBG for Linde-Buzo-Gray [3], the authors of this 
idea: 
 

1. Determine the number of codewords, N,  or the 
size of the codebook.  

2. Select N codewords at random, and let that be 
the initial codebook.  The initial codewords can be 
randomly chosen from the set of input vectors.  

3. Using the Euclidean distance measure, clusterize, 
the vectors around each codeword.  This is done 
by taking each input vector and finding the 
Euclidean distance between it and each codeword.  
The input vector belongs to the cluster of the 
codeword that yields the minimum distance.  

4. Compute the new set of codewords.  This is done 
by obtaining the average of each cluster.  Add the 
component of each vector and divide by the number 
of vectors in the cluster.  
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where i is the component of each vector (x, y, z, ... 
directions), m is the number of vectors in the 
cluster.  

5. Repeat steps 3 and 4 until the either the 
codewords don't change or the change in the 
codewords is small.  

 
For speech recognition using vector quantization,. Each 
codebook is created from a training sequence containing 
repetitions of one sentence. For example, a codebook for the 
Spanish sentence “robot trae el periódico” (robot brings the 
newspaper) would be designed by running the vector 
quantizer algorithm on a training sequence of several 
repetitions of “robot trae el periódico”. 
 
In order to recognize a spoken sentence using VQ, each frame 
t of these sentence is matched with each codebook Ci 
(i=1…M) to obtain a set of distortions d1(t), d2(t), …, dM(t) one 
for each sentence in the vocabulary. These distortions 
correspond to the distance of each codebook that best fit the 
frame t of the signal.  If the sentence has T frames, then the 
global distorsion Di is defined as: 

∑
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The decision on what sentence was spoken is made by 
comparing the global distortions D1, D2,…,DM from each 

codebook; and by selecting the sentence of the vocabulary 
whose codebook gives the smallest global distortion during all 
the length of the sentence t=1,…,T. (This process is showed in 
the Figure 2). So, the sentence i is selected if its global 
distance Di is minimum. 
 
i

k
= arg min Dk (7) 
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Figure 2. VQ Speech Recognition System 
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Figure 3. VQ and NN Speech Recognition System 

3. Neural network model 
Neural Networks attempt to achieve real-time response and 
human-like performance using many simple processing 
elements operating in parallel as in biological nervous 
systems.   

3.1. Backpropagation learning rule. 

This rule involves two phases: forward pass, and backward 
pass. In the forward pass the outputs are calculated and the 
error at the output units calculated. During this phase the input 
x is presented and propagated forward through the network to 
compute the output values yo for each output unit. This output 
is compared with its desired value do, resulting in an error 
signal δo for each output unit. 
 
In the backward pass the output unit error is used to alter 
weights on the output units. Then the error at the hidden nodes 
is calculated (by back-propagating the error at the output units 
through the weights), and the weights on the hidden nodes 
altered using these values. In this second phase involves a 
backward pass through the network during which the error 
signal is passed to each unit in the network and appropriate 
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weight changes are calculated. This process is repeated to 
update the weights until the cost function is reduced to an 
acceptable value or remains unchanged. 
 
In order to improve the performance of the speech recognition 
based on VQ, we add an NN block at the outputs of each VQ 
recognizer. In this way, the NN was fed with the global 
distortions of each VQ.(It is showed in the Figure 3). For each 
repetition of the training set, we obtained the global distortions 
that each codebook gives and feed them to the NN. 
Backpropagation was used to train the network. 
 
In this experiment, a neural with three layers was used to 
recognize 30 sentences. The input layer had 30 neurons 
corresponding with 30 distortions; and the output layer had 
also 30 neurons. The output of the training word was set to 
.999 and all the remaining outputs to .001. 
 

3.2. Evaluating method 

The decision on what sentence was spoken is made by 
comparing the outputs of the NN O1,O2,…,OM, and by 
selecting the sentence of the vocabulary whose output gives 
the biggest value. 

4. Simulation 
Two types of experiments were performed: first using only the 
VQ technique, and second with the combination of the VQ 
and NN. 30 sentences in spanish were used as recognition 
vocabulary. 10 repetitions of each sentence were used for 
training and another 10 repetitions for testing. 

4.1. Sentence analysis 

The sentences were sampled using 12.5 Khz as sampling 
frequency. It is showed in the Table 1. The vector quantizer 
was built with a set of LPC vectors that represent the spectrum 
shape of the signals to be encoded. The Levinson-Durbin 
algorithm was used for the generation of the LPC parameters. 
These parameters represent the all pole filter speech 
production model: ai, i=0,1,…,M; with ao=1,σ = gain 

∑
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Sampling Rate 12.5 Khz 
Window Hamming 
Window width 10 ms 
Frame shift 5 ms 
Analysis 16th order LPC analysis 

Table 1. Voice Analysis conditions for sentences 

4.2. Sentences recognition using only VQ 

94% of recognition was obtained when vector quantization 
was used for sentences recognition. This process is showed in 
the Figure 2. 

4.3. Sentences recognition using VQ and NN 

In this approach the number of neurons in the hidden layer of 
the neural network was a variable. The Table 2 shows the 
results of recognition with a different number of hidden 
neurons in the hidden layer. The process of sentences 
recognition with VQ and NN is showed in the Figure 3. 
 
Númber of neurons in the hidden layer Recognition 

11 92.66% 
12 93.50% 
13 95.66% 
14 93.33% 
15 94.16% 
16 94.66% 
17 96.83% 
18 96.66% 
19 95.16% 
20 95.83% 

Table 2. Sentences recognition with NN and VQ 

5. Conclusions 
In this experiment the best results for sentences recognition 
were obtained using VQ and NN with 17 neurons in the 
hidden layer. The Table 2 shows 96.83% with this approach. 
These results show that the best performance can be obtained 
with the combination of VQ and NN.  
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