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Abstract 
EM training of GMM often suffers from the existence of local 
maxima and singularities in the likelihood space. In this paper, 
we present a new Modified Split-and-Merge EM algorithm 
(MSMEM) for speaker verification tasks, which performs 
split-and-merge operations to escape from local maxima and 
reduce the chances of generating singularities. With two 
modified criteria to select split-and-merge candidates for 
speaker verification task, the overall likelihoods of both 
training and testing data are improved. Furthermore, modified 
adaptive variance flooring is introduced in the new EM 
procedure. Experiments on synthetic data show the advantages 
of MSMEM. Global threshold EER results on a speaker 
verification task using the TIMIT database confirm the 
improvement of the system performance. 

1. Introduction 
Gaussian mixture models (GMM) have been extensively used 
in the field of speaker recognition (SR) tasks including both 
speaker verification and identification [2,3].  Generally GMM 
training employs the Expectation-Maximization (EM) 
algorithm [6,10] to find the maximum-likelihood parameter 
estimation solution [6,8,11]. However, EM training faces three 
practical problems: (a) singularity of the covariance matrix, 
(b) local maxima, and (c) sensitivity to initialization [3,6,11]. 
These three concerns have been pointed out in many SR 
applications in which GMM was trained through EM 
algorithm, but no reasonable solutions have yet been reached. 

To solve the problem of singularity, Ormoneit and Tresp 
[5] have recently proposed some sophisticated covariance 
matrix regularization methods. Another general practical 
approach in SR is variance limitation (flooring) proposed in 
the CAVE project [4] and in the work by Reynolds [2,3]. 
Simple or adaptive variance flooring can make the EM 
training proceed without overflowing. However, for the 
problem of local maxima, existing solutions are depended 
only on a good initialization guess in conjunction with 
clustering techniques, such as the k-means algorithm or scale-
space filters. Local maxima avoidance may be attempted by 
employing deterministic annealing EM [13], where a modified 
posterior probability parameterized by temperature is derived. 
However, in the case of GMM, local maxima arise from the 
fact that in practice GMM involve large numbers of mixtures 
in some regions but too few in other, widely separated regions 
of the feature space. It is generally not possible to move a 
Gaussian from the overpopulated region to the under-
populated region without passing through positions that give 
lower likelihood [1]. This situation also contributes to 
singularities and overflowing of computation.  

In an attempt to escape the local maxima in the GMM 
case, Ueda and Nakano [1] incorporated the split-and-merge 

operation into the EM algorithm (SMEM). Specifically, they 
proposed two criteria for split-and-merge candidates selection: 
for merging components the similarity of two components was 
measured by a kind of “cross-correlation” of the two posterior 
probability vectors of such components, and for splitting a 
component the local Kullback divergence measure was 
employed, in which the distance between a modified empirical 
distribution and k-th Gaussian component was computed.  
Experimental results on synthetic and real data showed the 
effectiveness of using the split-and-merge operations in 
improving the likelihood of both the training data and testing 
data [1]. 

However, in the context of speaker recognition (SR) 
applications the tuning of GMM for such tasks needs to take 
into account the significance of the phoneme represented by 
the mixture component [2,3]. For example, two components, i 
and j, with );|( txiP θ and );|( txjP θ  as their 
corresponding posterior probability vectors, may still have 
larger posterior probabilities product based on the merge 
criteria in [1] even when their relative sizes are greatly 
different. In this case, it is obvious that their merge should be 
avoided.  Also, the size of the data region around the mixture 
component needs to be included into consideration for the 
splitting candidates selection because insufficient enrollment 
data will affect the evaluation of the splitting criteria. 
Specifically in speaker verification (SV) applications, 
background and speaker model need different splitting and 
merging method.  

In this paper, the modified Split-and-Merge EM 
(MSMEM) algorithm is developed in section 2. The speaker 
verification (SV) experiment on the TIMIT database [9] and 
result are included in section 3. Conclusion and future 
potential work issues are included in section 4. 

2. Modified Split-and-Merge EM for GMM 
Speaker Model Training 

The GMM speaker model assumes that the acoustic space 
corresponding to a speaker can be represented as a set of 
acoustic classes [2,3], such as, vowels, nasals or fricatives, or 
a set of other meaningful sub-words speech unit classes. The 
spectral shape of the thi class can be represented by its 

mean iµ , and variations of the average spectral shape can be 

represented as covariance matrix iΣ . The basic training 
procedure of GMM needs to employ EM to solve the 
optimization of the nonlinear probability function, beginning 
with an initial model with fixed number of mixtures and an 
initial guess for the mean and covariance. The performance of 
the GMM critically depends on such initializations [1,2,6]. 
The subsequent parts of this section will show the basic EM 
procedure, the SMEM procedure, which tries to avoid the 
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local maxima and singularity, and the modified SMEM that is 
designed specifically for SR applications. 

2.1. The standard EM procedure 

Let the probability density function (pdf) of the finite GMM 
be: 
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 Given the i.i.d data set },,,{ 21 NxxxX L= , the EM 
algorithm estimates the unknown parameter vector θ  
iteratively in two steps: the E (Expectation) step and the M 
(Maximization) step, with the use of the auxiliary function: 
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In the M step [8]: 
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To prevent the covariance from becoming singular because of 
small enrollment in the training data, some regularization or 
variance limiting techniques may be applied [2,4,5]. The most 
efficient such technique for SR application is adaptive 
variance flooring suggested in the work of the CAVE project 
[4]. There, if the variance mkδ of mixture m for the thK  

coefficient is much smaller than the overall variance mS of 
mixture m, then this variance is scaled down. In other words, 
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Here, γ is a small scaling factor, typically ranging from 0.1 
to 0.005. 

2.2. Split-and-Merge EM 

The aim of Split-and-Merge EM is to solve the local maxima 
problem [1]. In its schema, the idea is to tune up the mixture 
distribution while keeping the total mixture number 
unchanged. Split-and-Merge EM borrows the idea from 
vector quantization and introduces a discrete move that 
simultaneously merges two Gaussians in an overpopulated 
region while splitting a Gaussian in an under-populated 
region.  

The auxiliary function of equation (3) can be rewritten as: 
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function on which we are going to apply a merge and split 
operation. We denote the l-th and m-th components, as that 
mixture component to be merged and the k-th component to 
be split. The proposed method aims to increase the first part 
of the right hand side of equation (9) so that the whole 
likelihood will increase as a result. This way, the performance 
of the whole GMM will be improved. 

The merge operation proceeds as follows [1]: 
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where θ  can be either the mean or the variance. The split 
operation is implemented as follows [2]: 
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ε  is a small perturbation vector used to partition the 
mixture. 

After the parameters are updated, the posterior possibility 
of split-and-merge Gaussians needs to be normalized to 
ensure that other components will not be affect [1]. The above 
procedure is partial EM, and it needs to be followed by the 
full EM training as detailed in equations (4) to (7).  

In recent SMEM efforts [1], variance flooring was not 
included. However, our SR experiments singularities caused 
by small variance values were observed for the split 
components, but seldom for merge components. Generally, 
the splitting component is the one around which there are few 
data points, so it is easy to make the variance even smaller 
after splitting. The reasons of variance flooring are outlined in 
the work in [3] and [4]. When a component was split into two, 
the old adaptive flooring factor should be discarded and a 
new factor is needed so as to make the adaptive scale remain 
the same. A new adaptive flooring factor generated based on 
the value of the old factor, and used in our experiments is 
derived by the following rule: 
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2.3. Split-and-Merge candidates selection in MSMEM 

The merge candidates are selected based on the similarity 
of their posterior probability vector [1] as follows: 
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This is a kind of “cross-correlation” of two vectors. 

Obviously the two Gaussians with larger ),,( θjiJ merge should 
be merged. 

For the split candidates, the local Kullback divergence 
was employed as: 
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where );( θxpk  is a modified empirical distribution weighted 
by the posterior probability so that data around the k-th 
Gaussian are well-focused and it is expressed as:  
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If the assumption of equal posterior probability of data is 
made, then );( θxpk  can be simplified as 
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)()/1( δ , and it is a reasonable action that the 

Gaussian with largest );( θkJ split should be split. 
While the efficiency of these criteria has not been shown 

in other applications (e.g., use of the synthetically generated 
data and image data in [1]), they need to be carefully 
considered when applied to speaker recognition tasks. For 
there are two things different when the GMM is put in the 
context of speaker recognition First, from the motivation of 
using GMM [2,3], the number of mixture components for 
each speaker model, for a phoneme-based GMM model, is 
around 50, which is a relatively large number. With so many 
mixtures the numerical values of posterior probabilities of the 
Gaussians, );|( txiP θ , obtained from equation (4) may 
have huge difference. In our experiment, the ratio of 
maximum and minimum value of such posterior probabilities 
is between 10 and 50. As a result, sorting of merge candidates 
based on the standard approach maybe no longer hold true 
and the posterior probabilities may need normalization. 
Therefore, the merge criteria need to be modified to take this 
difference into account. Second, when the number of 
Gaussians increases, the data size around Gaussians in the 
sparse region of the data space will become relatively very 
small. The split criteria (18) may provide an incorrect 
evaluation of the Kullback divergence when the component 
really needs be split but it has too few data belonged to it. In 
this case, the value of );( θkJ split is very small.  

In an effort to overcome such problems we introduce two 
new factors into the merge and splitting criteria. The modified 
criteria are defined: 
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normD  is the normalized data size belonged to k-th 
component. 

We will first show the efficiency of SMEM by using 
synthetic data. Then a comparison of SMEM and Modified 
SMEM is presented. Figure 1 (a) is the generated data from 9 
components (such small number of components was used to 
provide a clear presentation) with different means but almost 
same variance ranging from 0.1 to 0.3, and the size of data set 
N = 1,400. The result of applying the standard EM is shown 
in Figure 1 (b). Figure 1 (c) shows the SMEM training result. 
SMEM did a good job for the well-populated regions but it 
cannot split the component in the under-populated region as 
expected. In SR application, this may be critical because most 
of the time missing one component means you already lost 
one phoneme. The modified SMEM, proposed in this work, 
manages to correctly split the under-populated as shown in 
Figure 1 (d), and it merges the two redundant components. 
The final overall likelihood value on the processed training 
data also supported the usefulness of this approach, as shown 
in Table 1. 
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(d) 

Figure 1. The training result of EM, SMEM and MSMEM for 
two-dimensional synthetic Gaussian data, (a) original 
distribution, (b) EM training result, (c) SMEM training result, 
(d) MSMEM result  
 

 
Table 1. Overall likelihood and training iterations for three 

EM algorithms 
 EM SMEM MSMEM 
log-likelihood -1753 -1699 -1532 
# of iterations 10 3 4 

2.4. Modified Split-and-Merge procedure 

The MSMEM procedure is completed in four steps similarly 
to SMEM as follows:  
 

1. Perform the standard EM to obtain the converged 
model parameter set. *θ  and *Q . 
2.  Apply the modified split-and-merge procedure to the 
first M candidates by sorting the split-and-merge 
candidates based on the criteria outlined in section 2.3. . 
3. For M split-and-merge candidates, first initialize the 
model parameters as equations (9) to (14), then apply the 
full EM procedure. Let **θ be the new updated set of 
model parameters and **Q is the updated Q function 

value. If *** QQ > then set *** θθ ← , go to step 2. 

4. Halt with *θ  as final parameters. 

2.5. MSMEM experiments on speech corpus data 

After the algorithm efficiency was established by extensively 
experimenting with synthetically generated data, the proposed 

algorithm was tested speech samples from the TIMIT 
database. 

To evaluate the proposed algorithm, 20 speakers were 
randomly selected from the TIMIT speaker pool, using 2 SX 
sentences and 3 SI sentences from a total of 10 sentences as 
training set, and 5 other sentences as test set. Table 2 shows 
the log-likelihood on both training and test sets, after its value 
was normalized by the frame size of the speech data after 
silence intervals were removed.  Each algorithm was applied 
five times on the same evaluation data. Besides the mean and 
standard variance, the Times of Variance flooring Applied 
(TVA) was counted to show how much the algorithm 
contribute to avoiding singularity problems. 

 
 

Table 2.  Averaged log-likelihood value normalized by 
frame size on training and test data sets * Null here 
because in the test phase, this is nothing about applied 
variance flooring, although some singularity are reported 

 EM SMEM MSMEM 
Training    
   Mean -38.24 -37.67 -37.35 
   Std 0.98 0.21 0.24 
   TVA 73 31 12 
Test    
   Mean -43.31 -42.89 -42.14 
    Std 1.21 0.30 0.22 
    TVA Null * Null * NULL 

 
From the obtained results, we can see that the average log-

likelihood obtained by MSMEM on both training and test data 
sets is improved. At the times the use of variance flooring is 
decreased dramatically indicating the superior performance of 
the generated models. 

3. Experiments and Discussion 
We applied the proposed Modified Split-and-Merge EM 
algorithm to a speaker verification task using TIMIT [9] as 
the evaluation database. Here a GMM schema was used, 
which, as outlined below, is different to the widely used 
adaptive GMM-UBM [7].  TIMIT database was recorded by 
630 speakers, nationwide in the U.S. 200 (120 males and 80 
females) of them were used for algorithm performance 
evaluation. For these experiments, each speaker is modeled 
by a 50-component GMM with nodal variances using 12-
dimensional mel-cepstral coefficient feature vector. The 
variance limiting of EM was set to 0.005 and the adaptive 
factor of MSMEM was 0.02. The cross-gender world 
background model was built on 300 different speakers and 
modeled by a 1024 component GMM. The SV experiments 
were performed within the hypothesis-testing framework 
[2,4] based on the log-likelihood ratio of speaker model and 
background speaker model [12]. The speech set of each 
speaker from TIMIT consisted of 10 sentences. Here, five 
sentences were used as training set and rest as test data. In an 
effort to balance the False Rejection and False Acceptance 
experiment size, each test sentence was segmented into five 
equal-size speech “slices”. For False Rejection experiments 
with 50% overlapping all five slices were used and 50 
experiment samples are generated, but for False Acceptance 



experiment, only one of them was used. The overall average 
length of the “slice” for all was about 2.1 s. The details of the 
experiments configuration are shown in Table 3. 
 
 
 
Table 3.  Experimental configuration of the SV task on TIMIT 

 
 # speakers #FA tests #FR tests T o t a l 
Male 120 120*50 120*119 120*169 
Female 80 80*50 80*79 80*129 
M+F 200 200*50 200*199 200*249 

. 

The final global threshold setting EER results of these 
experiments are presented below. Five split-and-merge 
candidates were used in both SMEM and MSMEM, and 
world background model used normal SMEM. 

 
Table 4. Experimental result of the SV task on average of 

2.1 s speech 
 EM SMEM MSMEM 
EER 6.21% 4.21% 4.01% 
TVA 481 322 53 

 
From the above results it is clear that the MSMEM can 

improve the overall EER performance of a speaker 
verification task. It also decreased the chances of falling into 
variance limiting trap in the training procedure. At the same 
time, normal SMEM was used for the background because 
there were sufficient data for generating this model when 
dealing with large speaker population as in the case examined 
here. 

4. Conclusions and ongoing work  
The proposed modified EM algorithm tries to tune-up the 
GMM model for a speaker verification task in order to make 
the model perform more accurately. It retains the size of the 
mixtures and its aim is to solve the local maxima problem 
while reducing the effect of singularity.  

We plan to evaluate the SI tasks and to test the new 
algorithm on a larger speech database such as the 
Switchboard corpus . For more future work, optimization of 
the number of mixtures will be taken into account and it can 
be the first stage of the MSMEM. 
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