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Abstract

In this study, we propose an iterative clustering algorithm that automatically clusters a set of voice signal 

data without a label into an optimal number of clusters and generates hmm model for each cluster. In the 

clustering process, the likelihood calculations of the clusters are performed using iterative hmm learning 

and testing while varying the number of clusters for given data, and the maximum likelihood estimation 

method is used to determine the optimal number of clusters.

We tested the effectiveness of this clustering algorithm on a small-vocabulary digit clustering task by 

mapping the unsupervised decoded output of the optimal cluster to the ground-truth transcription, we found 

out that they were highly correlated.
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1. Introduction

The area of speech processing, which aims to develop unsupervised ways to learn and cluster speech data 

in environments where label manuscripts are not available, has received tremendous attention.  Different 

clustering approaches have been proposed in the literature, most of which consist of two processes; first is 

the segmentation of the signal into homogeneous segments and the other is the grouping of the segments. 

The segmentation is either assumed to be known [1-2] or performed automatically before clustering [3,6-8]. 

These approaches have limitations: in the former case, the correct segmentation is hardly known before the

practical applications, and in the latter case, the errors made in the segmentation step are not only difficult to 

correct later, but can propagate into the subsequent clustering step and thereby affecting performance.

The framework of unsupervised training based on Hidden Markov Model (HMM) was a recently proposed 

approach, that has shown to be useful for building speech recognizers where there are no transcriptions 

available [3-4]. A recent approach by [3] used unsupervised HMM training approach as an optimization over 

both the parameters of training and transcription sequence to produce self-organizing units. The study [4] 

used the similar approach of [3] with application to topic classification and keyword discovery. Both 
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researchers recorded remarkable results, as this seems to prove the effectiveness of Unsupervised 

HMM-training on unlabeled speech data. In both approach, segmentations are done prior to training and 

clustering.

In this study, we propose an iterative clustering algorithm that automatically clusters a set of voice signal 

data without labeling into an optimal number of clusters and generates hmm model for each cluster. In the 

clustering process, the likelihood calculations of the clusters are performed using iterative hmm learning and 

testing while varying the number of clusters for given data, and the maximum likelihood estimation method 

is used to determine the optimal number of clusters.

2. Iterative clustering algorithm

The iterative clustering algorithm is configured as shown in Figure 1. In the initialization process, the 

maximum number of clusters K, the training data set X, and the number of clusters being created k are 

initialized.

Figure 1. Block diagram of data clustering process

In the label set initialization process, a label set W composed of k (x, h) is generated. That is, h is 

randomly generated number between 1 and k and is assigned to training data x. This number refers to the 

element index of the model set H consisting of k empty models.

� = {(�, ℎ)|� ∈ �, ℎ ∈ �}, |�| = � (1)

In the training process, all hmm parameters in the hmm set � are re-estimated according to the 

description in the label set W and new hmm set �∗ is generated using the Baum-Welch algorithm. The 

implementation details are presented in detail in the experimental section.

�∗ = argmax� �(�|�) (2)

In the testing process, we use the Viterbi algorithm to perform recognition experiments on all data set �

with the generated hmm set �∗ and the label set W. For each hmm model h, the recognized data set S, and 

the recognition rates are obtained, and the T is a result of the recognition test as shown in equation 3. The 

recognition rate �s in one model set are averaged to obtain the recognition rate � of the model set �∗.
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� = �(�|�∗,�) = {(ℎ, �, �)|ℎ ∈ �∗, � ⊂ �} (3)

� =
�

�
∑� (4)

In the label regeneration process, if the recognition rate � is improved, a new label set �∗	is generated 

according to the recognition result �. That is, based on the data (h, S, p) of T, the data and hmm index (x, h) 

are generated. �∗ and �∗ are stored in � and �	repectively, and the process is performed again from 

the training process.

�∗ = {(�, ℎ)|� ∈ �, ℎ ∈ �, (�, �, �) ∈ �} (5)

If the recognition rate � is no longer improved, the P is stored in �� as a likelihood value of the hmm 

set of size	�. If the number of working clusters k is checked and k is less than the maximum number K of 

clusters, then k is incremented and the process is performed again from the training process. If k is equal to

K, the process is terminated and a collection of hmm sets and a set of recognition rates for each hmm set are 

output.

� = {��|2 ≤ � < �} (6)

� = {��|2 ≤ � < �} (7)

3. Computation of optimal number of clusters

From the given data set �, a collection � of hmm sets with a set size between 4 and K is obtained and 

the corresponding set �	of recognition rates is obtained.. Since the set P is defined as a set of likelihoods of 

the collection C, the hmm set having the greatest probability among P can be simply chosen as an optimal 

number of clusters. However, if many trials of data are accumulated, they will have the characteristics of a 

normal distribution, which may be chosen as the maximum likelihood estimation method. 

In the former case, the index �∗ of the maximum element is chosen in the recognition rate set P, and the 

optimal hmm set ��∗ is chosen using this value k*. 

�∗ = argmax� ��           (8)

The k* is called the optimal number of clusters and the size of the hmm set to generate the maximum 

recognition rate for the given data set �.

In the latter case, the recognition rate set � is assumed to be normal distribution expressed as a random 

variable of the size of the hmm set. A probability density function of the normal distribution is defined by a 

random variable k and parametrized in terms of the mean and the variance, denoted by μ and ��

respectively. 

�(�; �, ��) =
�

√����
�
�
(���)�

��� (9)

This equation can be defined as the likelihood of the size � of the hmm set. The optimal number of 

clusters can be determined by the maximum likelihood estimation method derived from this equation.

4. Experiment

To evaluate the proposed approach, we use 35 segment data made from 8 kHz recordings of English 
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pronunciations of the digits 0-9. These recordings are of varying durations, with a mean of approximately 0.5

seconds. HTK toolkit was used in this experiment. 

The segment is converted to a series of MFCC(Mel Frequency Cepstral Coefficient) vectors according to 

the description in a configuration file which specifies the various configuration parameters such as the format 

of the speech file, length of time frame(25ms), frame periodicity (10s), number of MFCC coefficients(12) etc. 

The MFCC feature vectors are used not only in training but also in testing process.

The cluster number K is initialized to four and used in the formation of the language model (Task 

Grammar) and the pronunciation dictionary. The task grammar is defined using extended Backus-Naur form 

(EBNF) in a text file. The task grammar is compiled with HTK tool HParse to generate the task network. 

The label data set is generated as a script file according to the number of clusters K and used in

re-estimating hmm parameters (transition probability, mean and variance vectors for each observation)

using HTK tool HRest. The recognition test is performed using HVite command of the HTK toolkit that 

produces recognition result used for regenerating the label set. These processing steps are iteratively 

performed until convergence

The table 1. shows a comparison of the statistical averages of the likelihood scores after training and 

testing for hmm sets of various sizes K. In this experiment, the optimal number K of models in cluster(hmm 

set) is simply determined as a set of highest probabilities using the method of Equation 8. We can deduce 

that the 5th hmm set is optimal for the given set of data as it gives the highest of the average statistical score

as shown in table 1. This can also be seen in Figure 2 showing a graph of K against average score. We 

should indicate that the number of data sample was kept constant throughout the experiment.

Table 1. Average scores of the various K models

Cluster with size K Average score

4 model cluster 900.2052

5 model cluster 905.1154

6 model cluster 893.6547

7 model cluster 892.6143

8 model cluster 884.7652

9 model cluster 880.8612

5. Conclusion

In this study, we propose an iterative clustering algorithm that automatically clusters a set of voice signal 

data without labeling into an optimal number of clusters and generates hmm model for each cluster. In the 

Figure 2. Score comparison of the various K models
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clustering process, the likelihood calculations of the clusters are performed using iterative hmm learning and 

testing while varying the number of clusters for given data, and the maximum likelihood estimation method 

is used to determine the optimal number of clusters.

The system was tested on a group of small vocabulary digit clustering. Experiments indicated the output of 

the selected cluster from the proposed method highly correlates with the ground-truth.

In the future, we will conduct experiments on more data and conduct research to determine the optimal 

number using the maximum likelihood estimation method.
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