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Abstract

This paper proposes a method for automatically clustering 
multilingual speech so as to derive language family trees. We 
consider that the language is the source of information which 
generates speech feature parameters; the probability or 
statistical characteristics of this information is modeled by 
Gaussian mixture models (GMMs); then a distance measure 
between the GMMs is introduced. Based on this, we construct 
family trees of multilingual speech which are quite similar to 
those considered in linguistics. 

1. Introduction

Recently, the computer performance has developed greatly 
and it has become possible to process a large amount of 
speech data. With this background, speech recognition 
research utilizing probability models based on large speech 
corpora and its application to language or dialect identification 
have been conducted actively. These probability models have 
been used widely in technological applications such as speech 
and language processing, and they have demonstrated their 
effectiveness. They also seem to provide effective methods for 
various fields in linguistics. 

There have been many studies on quantitative comparison 
among languages based on probabilistic or statistical methods. 
Kita reports that a language clustering method based on a 
probabilistic model utilizing letter trigram gives quite similar 
results as those given by linguistic classification [1]. The 
trigram or more generally N-gram models suit modeling 
character sequences so as to represent characteristics of a 
language. However, such methods can not be applied to 
acoustic parameters of speech directly; we need a probabilistic 
model suitable and effective for various features of spoken 
languages.

There are two different approaches to language identification, 
the one utilizing speech recognition and the other which does 
not. The method utilizing speech recognition and language 
model is reported to give the best identification rate [2]. It 
converts input speech into phoneme or letter sequences by 
speech recognition and then identifies the language utilizing a 
language model. These systems give high identification rates, 
but it is necessary to estimate acoustic models of each 
phoneme of each language with training data; it requires much 
computation time for comparing the input speech with all 
languages. Moreover, the training data must be labeled and 
segmented into phonemes. Especially, phoneme labeling 
should be performed manually in order to guarantee high 
precision.

On the other hand, there are some methods which do not 
recognize speech but utilizes simple acoustic information. 
Among them are Gaussian Mixture Models (GMMs) [2] and 

VQ clustering methods [3][4]. The method utilizing GMMs 
are reported in several papers as an effective method  giving 
high identification rate. 
This paper takes up deriving family trees of multilingual 
speech as an example showing effectiveness of probability 
models in the field of linguistics; it also tries to investigate 
acoustic similarity between various languages experimentally. 
We consider a language as information source generating 
speech parameters, and we model its probabilistic 
characteristics by probabilistic models. Next, we introduce a 
distance measure between the probabilistic models. Then we 
propose a method for clustering multilingual speech based on 
the proposed distance measure.

2. Gaussian mixture model 

The Gauss model, also called the normal distribution, can be 
applied to describe various phenomena in the nature and of 
human society; and it is applied to many statistical studies. 
The probability density function of Gaussian distribution is 
represented by the next equation. 
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The GMM is represented as a weighted sum of several 
Gaussian distribution functions. 
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)( jw : weighting for the j-th Gaussian component 

The logarithmic likelihood of the discrete patterns can be 
calculated by the next equation. 
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Figure 1 illustrates the block diagram of the proposed 
method. First, we extract feature parameters from speech 
wave; they are to be used as the training data. Then we 
calculate the GMMs for each language by using EM algorithm. 
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Figure 1: Block diagram of the language family tree 
derivation method.

The initial values of GMM parameters such as mean vectors 
 and covariance  are given by vector quantization. The 

calculation goes as follows: 
1. Perform vector quantization and make a codebook. 
2. Calculate the covariance matrix of each cluster with the 
code vector as the mean vector. 
3. Substitute the mean and covariance of each cluster into the 
initial values of the GMMs and perform EM algorithm. 

We used EM algorithm to estimate suitable GMMs.  
Step 1: k=0, initialize k

j
k
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Step2: calculate )(,,),|( jwxjp jj  until it 

converges.
For each i, j, calculate the following equation. 
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For each j calculate the following equations. 
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3. Clustering of languages with GMMs 

First we extract feature parameters from speech data of each 
language and then we train the probabilistic model of the 
feature parameters  automatically. We define a distance 
measure between the models. By using a clustering method 
called UPGMA (Unweighted Pair-Group Method using 
Average) we derive a family tree of spoken languages. We 
adopt GMMs as a probabilistic model.

3.1. Vector quantization 

Vector quantization is a method to generate a set of 
representative vectors by applying a clustering method to 
feature vectors. For example, we are given a n-dimensional 
space containing n-dimensional vectors Yj=(y0j, y1j, y2j, …, y(n-

1)j)
t, j= 0, 1, …, J. We can use k-means method or LBG 

algorithm for clustering [5]. First, take I representative 
vectors Y0

*, Y1
*, …, Y(I-1)

* and make a set of I clusters. We can 
calculate the representative vector as the mean of the vectors 
in the cluster and also the variance and covariance of each 
cluster.  We can reduce the calculation time by using the 
mean and variance of each cluster as the initial values of the 
EM algorithm to estimate the GMM model.  

3.2. Distance between GMMs 

In order to measure the distance between the two GMMs, we 
used a measure which was defined for measuring the distance 
between the HMMs [6].  

Suppose we are given D1 and D2 as the set of speech 
feature parameters of Language L1 and L2, respectively. Let 
|Di| denote the number of elements of Di,where i= 1, 2. Let Mi

represent the language model generated from the parameter 
set Di. The distance measure from the model M1 to M2 and 
the distance measure from the Model M2 to M1 are 
represented by the next two equations (8).  
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These equations show that the distance measure from L1

to L2 is determined based on the difference of probabilities 
between the probability with which the data D2 is generated 
from the model M2 of the language L2 and the probability 
with which the data D2 is generated from the model M1 of the 
language L1 as shown in the upper equation. The distance 
measure from L2 to L1 is defined by the lower equation. This 
measure becomes small if the two languages L1 and L2 are 
similar, and it will be large if they are not similar. This 
measure is asymmetric for the two languages i. e. d0(M1, M2)
is not equal to d0(M2, M1). We take the average of the two 
equations as the distance between the two models M1 and M2

as shown in the next equation. 
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3.3. Unweighted pair-group method using average  

We used a method called Unweighted Pair-Group Method 
using Average (UPAMA) for clustering hierarchically the 
GMMs with the distance defined in the previous subsection. It 
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is an agglomerative clustering method [10]. This method is 
said to give good results for a wide variety of applications. It 
groups the two models Mi and Mj of the minimum distance in 
the N*N distance matrix among N models; make a new model 
MN+1 and calculate the distances between this new model and 
the remaining N-2 models as the average of the distances 
from Mi and Mj to the other elements. Remove Mi and Mj 
from the distance matrix and insert the new model into the 
distance matrix which gives (N-1)*(N-1) matrix. By repeating 
this operation, we can group the models successively and we 
will have only one element finally, resulting in the family tree. 

4. Experiment

4.1.  Speech data and speech analysis 

We used two different speech data sets: one is OGI 
Multilingual Telephone Speech Corpus [7] and the other is 
NTT-AT Multilingual Speech Database for Telephonometry 
[8].   The OGI corpus contains 11 languages spoken by 90 
speakers digitized with 8kHz sampling rate. while the NTT-
AT corpus contains 20 languages spoken by 4 male and 4 
female speakers digitized with 16 kHz sampling rate. The OGI 
data actually includes 11 languages such as English, German, 
French, Spanish, Farsi, Japanese, Chinese, Korean, 
Vietnamese, Tamil, and Hindi. But we used ten languages 
excluding Hindi as the data amount of Hindi was very small. It 
consists of Fixed vocabularies, Topic-specific descriptions and 
Elicited free speeches; there are five sorts of  utterance lengths, 
i.e., 3, 8, 10, 12 and 50 seconds. We used the data spoken by 
50 people for training the model and we used the data by 
another 20 people for test data. We used both male and female 
data in the experiment. 

  NTT-AT data includes American English, British English, 
Arabic, Chinese, Dutch, Finish, French, German, Greek, 
Hungarian, Hindi, Indonesian, Italian, Japanese, Korean, 
Polish, Portuguese, Russian, Spanish, Swedish, and Thai. Each 
speaker reads 24 sentences. We used only male data in the 
experiment

Speech analysis conditions are as follows: 
1) For OGI data: 32ms. Hamming window, 10ms. Frame shift, 
12 cepstra with CMN (cepstral mean normalization). 
2) For NTT-AT data: 25ms. Hamming window, 10ms frame 
shift, 36 mel scale channels, 20 mel-cepstra. We used HTK 
for mel cepstral analysis [9].  |Di| in equation (8) corresponds 
to the number of analyzed frames of the language i. 

4.2. Classification results and discussion 

4.2.1 Classification of OGI data 
We tried 32, 64 and 128 mixtures of GMMs, but we obtained 
the same family tree for the three conditions, then we chose 
the 64 mixture. Based on the distance matrix among the 10 
languages, we derived a family tree as illustrated in Fig. 2. 
According to linguistic consideration, these languages are 
classified as follows [11]: 
A. Indo-European languages 
     A-1. Germanic: English, German 
     A-2. Italic: French, Spanish 
     A-3: Indo-Iranian: Farsi 
B. Altaic languages: Japanese, Korean 
C. Dravidian: Tamil 

D. Sino-Tibetan: Chinese 

Figure 2 Language family tree for OGI data.

E. Austronesia: Vietnamese 
Fig. 2 reflects roughly the above classification except that 
Chinese and German are grouped as one family which seems 
strange from linguistic point of view. Otherwise, grouping of 
English and German, French and Spanish, Japanese and 
Korean are quite natural.

4.2.2 Classification of NTT-AT data 
We also tried to derive a family tree for the male speech of 
NTT-AT data with mel-cepstrum. For this experiment we 
used 16 mixture of GMMs. The derived family tree is shown 
in Fig. 3. According to linguistic consideration, the 20 
languages are classified as follows [11]: 

Figure 3: Language family tree for NTT-AT data. 



A. Indo-European language family: 
     A-1. Indo-Iranian: Hindi 
     A-2. Hellenic: Greek 
     A-3. Italic: Italian, French, Spanish, Portuguese 
     A-4. Balto-Slavic: Russian, Polish 
     A-5. Germanic: Swedish, English, Dutch, German 
B. Uralic language family: 
     B-1. Finnic: Finish 
     B-2. Ugric: Hungarian 
C. Afro-Asiatic Family: Arabic 
D. Altaic language family: 
     D-1. Japanese 
     D-2. Korean 
E. Sino-Tibetan family: Chinese 
F: Kadaic family: Thai 
G. Malayo-Polynesian family: Indonesian 

Except that Finnish and Arabic are grouped together, Fig. 3 
gives almost the same grouping as that given by linguistic 
consideration. Figure 3 shows that American English and 
British English are grouped first; grouping of Spanish, French, 
and Italian, grouping of Finish and Hungarian, and grouping 
of Russian and Polish seem quite natural. Grouping of Arabic 
and Finnish seems unnatural linguistically, but the other 
classifications almost coincide with those by linguistic 
consideration, which shows that the proposed method is 
effective for language family tree derivation.  

5. Conclusion

The results show that the proposed method is effective for 
deriving language family trees, though there are some 
classifications which seem unnatural from linguistic 
viewpoint. We should consider why Mandarin and German in 
OGI data and Finnish and Arabic in NTT-AT data are 
grouped together. We can use speech power, delta power and 
delta cepstra for the experiment. We could also incorporate  
prosodic parameters for classification. 
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