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Abstract

Despite all advances in the speaker recognition domain, Gaus-
sian Mixture Models (GMM) remain the state-of-the-art mod-
eling technique in speaker recognition systems. The key idea
is to approximate the probability density function (pdf) of
the feature vectors associated to a speaker with a weighted
sum of Gaussian densities. Although the extremely efficient
Expectation-Maximization (EM) algorithm can be used for es-
timating the parameters associated with this Gaussian mixture,
there is no explicit method for predicting the best number of
Gaussian components in the mixture (also called order of the
model). This paper presents an attempt for determining the “op-
timal” number of components for a given feature database.

1. Introduction

When using GMMs for modeling speakers, the pdf for a multi-
dimensional feature vector Z is given by:

M
P(@Aar) =D wy - N (i, Tn) ¢))

k=1

where fi}, is the mean vector, ¥, the covariance matrix and wy,
is the weight for the k** Gaussian, k = 1, ..., M. The model
A is said to be the set of parameters:

A = {we, fir, Si} k=1,.,.M. )

The GMMs were introduced into speaker recognition tasks
by Reynolds. In one of his first works [1], he conducted
several identification experiments with different model orders
(M = 2,4,8,16, 32, 64), different training set sizes as well as
different test set sizes. He concluded that when using 6000 25-
dimensional Mel-cepstral vectors, at least 16 Gaussian compo-
nents should be used for capturing speaker specific characteris-
tics. These results were obtained by observing the percentage of
correct identifications only after the identification experiments
were performed.

From a mathematical point of view, it is important to point
out that the order of the mixture for representing a generic pdf
is finite only if the stochastic process is defined by a pdf as in
Equation 1; otherwise, the number of components M necessary
to represent the pdf is equal to oo [2].

Numerous papers suggest iterative methods for finding this
optimum number of components [3, 4, 5, 6]. Most of these
works aim at finding the order of the mixture that have pre-
viously generated a given set of samples, often called train-
ing samples. In [6], the Markov Chain Monte Carlo (MCMC)
method is used to find an a posteriori distribution of the order
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k of the mixture. However, this method requires prior distribu-
tions assumptions for which the parameters may not be avail-
able. In [3], filtered kernel estimates and mixture density es-
timates are alternated in an iterative process where M is in-
cremented until a distance (computed between two consecutive
approximations) falls below a fixed threshold. The drawback
in this method is that kernel density estimates need some a pri-
ori knowledge about the pdf for fixing the bandwidth h, also
known as the “smoothing parameter”. Pdf approximations are
indeed strongly dependent on this parameter.

When using GMMs for modeling speakers, one more con-
straint must be taken into account: estimated models will be
used to classify further observed data. Therefore the order of
the mixture that actually generated the training data may be dif-
ferent from the order that will give the best classification per-
formance. For example, over-fitting may allow a precise repre-
sentation of training data, but degrades the performance of the
recognizer.

In this paper, an attempt for finding an optimum order in an
automatic way is explored. This order is optimum in the sense
that it provides the best recognition results.

In the sequel of the paper, section 2 presents the charac-
teristics of the EM likelihood optimization approach. Section 3
introduces the proposed method for finding the best A/ and Sec-
tion 4 presents the results as a consequence of this choice in the
framework of speaker verification experiments.

2. Expectation-Maximization and
Log-Likelihood

Following the EM algorithm [7], the goal is to maximize the
log-likelihood

L |X) = log(p(X|Am)) , ©)

where X is the set of vectors # that form the training data. This
maximization is done in an iterative manner, finding a better
estimate of Aps at each step. One of the most important proper-
ties of the algorithm is that it guarantees that the log-likelihood
increases monotonically at each iteration and that it will even-
tually converge. Initialization is primordial since the algorithm
converges towards a local maximum.

In order to understand the evolution of this maximized log-
likelihood as a function of the number of components, the
following experiment has been performed. Artificial training
sets have been generated from Gaussian mixtures of orders
M(l) = 2';1 = 1,...,T. Then, the EM algorithm has been
used in order to fit the training set generated by the mixture
of order M; with Gaussian mixtures of orders M.(j) = 27,
7 =0,...,1 + 4. Figures 1, 2 and 3 present these results for
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Figure 1: The log-likelihood L(Aur,|X) and the log-likelihood
increment 8y, for a training set of @ = 2000 samples

training sets of size ¢ = 2000, 4000 and 6000 samples respec-
tively. The difference between two consecutive log-likelihoods
is also represented.

In the first column of graphs in Figures 1, 2 and 3, the log-
likelihood starts growing fast and then seems to reach a certain
value in the flat part of the curves, but then instead of remain-
ing constant, it starts increasing again. This phenomenon is in-
dependent of the order of the mixture that generated the train-
ing samples. There is however a strong correlation between
this phenomenon, the number of components during the train-
ing procedure and the size of the training set. The increase of
the log-likelihood after the flat part is, in fact, the result of over-
fitting the model. Hence, we can already see that in order to
avoid over-fitting, M should not be greater than ~ Q/100.

3. The Proposed Algorithm

The second column of graphs in Figures 1, 2 and 3 displays
the increment of the likelihood for two successive maximized
estimations

On. ) = LA, G+1)|X) = LA, (1 X) - “)

The circled point reminds the reader of the number of com-
ponents that generated the training set. As we can see, this point
corresponds, as far as there is no over-fitting, to the minimum
of the function das, . When the model over-fits the data, the dar_
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Figure 2: The log-likelihood L(Aur,|X) and the log-likelihood
increment d s, for a training set of @ = 4000 samples

function, after decreasing, starts to increase again; however, its
minimum remains at the M. (j,) which will prevent the unde-
sired over-fitting. In this case, the minimum M. (j;) depends
only on the training set size and we can observe that it moves
toward higher values when this size increases. The function
&z, 1s the sampled version of the Kullback-Leibler distance [8],
which measures the relative entropy, a measure of the difference
between two probability distributions.

Another example presented in Figure 4 shows that the mini-
mum of § 7, also exists when the distribution of X is not a mix-
ture of Gaussians. In this example, 4000 points from an uniform
distribution have been used to train a model of order M.(j).
The second graph in this Figure shows 15 dashed curves cor-
responding to 15 different initializations of the EM algorithm.
By taking the average (dark line) we see that the minimum is
around 16 components, just before the over-fitting phenomenon
starts.

From the log-likelihood observations we can suggest that
taking the minimum of the &7, function will lead us to the
“best” M}, order of the mixture in the sense that it will not over-
fit the model and catch the correct number of Gaussians, if this
number is finite. Hence,

My = Mec(jp) = arg min {dn ()} - Q)

An algorithm for finding A3 can be represented as follows:
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Figure 3: The log-likelihood L(Aur,|X) and the log-likelihood
increment 8y, for a training set of Q@ = 6000 samples

1 begin initialize j <4 jo,0n,(jo—1) ¢ O©
2 EM algorithm:
L()‘Me(jo)|X) — maxAMe(].O) L()‘Me(Jo)lX)
do j+j+1
EM algorithm:
L()\Me(j)|X) — maXAMe(].) L()\Me(j)|X)
compute &y, (j—1)
until (SM (G—1) > 6Me(] 2)
return M.(j —
end
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The EM depending on the initialization parameters, a non
fully maximized L(Aps, ;)| X), may stop iterations before we
reach the minimum. In order to avoid this, §,s, ;) can be re-
placed by an expectation E[dyy, (;)], obtained for example by
initializing the model Ay, (;) in different manners.

4. Application: Speaker Verification System

In section 3, M, has been proposed as the optimum number of
components for modeling a training data set. M} is optimum
in the sense that it will correspond to the effective order of the
mixture that generated the training data set, or, it will suggest
the order to take into account so that the mixture does not over-
fit the data.

In this section, the results of several speaker verification
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Figure 5: The log-likelihood increment §yr, for different train-
ing set sizes of 13-dimensional MFCCs

tests are presented. 40 speakers from the Switchboard database
were used as clients and 48 speakers were used to build a world
model. The order of the model changes from 1 to 512. Utter-
ances of 10, 30, 60, and 120 seconds have been used to fit the
models. The acoustic feature vectors, 13-dimensional Mel Fre-
quency Cepstral Coefficients(MFCC), were extracted every 16
ms, which leads to training sets of ) = 625, 1875, 3750 and
7500 samples. During the exploitation phase the length of the
test utterances was fixed to 3, 6, 10, or 15 seconds.

Before performing the tests, let us use the function s, to
predict the optimum order. Figure 5 shows the shape of this
function for different training set sizes. The dashed curves rep-
resent the ¢ function for a speaker and the dark line is the overall
average. These graphics tell us that, for example, when having
only 30 seconds of speech for training a model, no more than
16 Gaussian components should be used.

Figure 6 presents the DET curves obtained in these exper-
iments. The test duration was set to 6 seconds. These results
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Figure 6: DET curves for different training set sizes and differ-
ent number of Gaussian components in the model

are representative of all other experiments performed with dif-
ferent test utterance lengths. We can clearly see the effects of
over-fitting in the first graph, where models of higher orders
give worse performances. In order to better compare these re-
sults, a subset of these curves has been chosen and plotted in
Figure 7. In particular, the performances for the suggested or-
der M, are compared to the higher order in our tests, namely
M.(9) = 512. As shown in this Figure, the model with the
suggested number of Gaussians always performs better than a
model with a larger number of Gaussians. When a large amount
of data is available for training, the degradations (resulting from
using too high of an order) nearly disappear but there is still not
improvement in the verification score.

5. Conclusions

The proposed method suggests the order of the Gaussian mix-
ture that optimally models a set of training data. The experi-
ments of speaker verification have corroborated this suggestion.
The chosen order is optimum in the sense that it optimizes the
performance of the classifier (here, the speaker verification sys-
tem) while keeping complexity of the model as low as possible.
It has been shown that the correct order does not depend on the
nature of the training data set, and takes into account the number
of samples of such a set in order to avoid over-fitting. Moreover,
the optimum order depends only on the log-likelihood maxi-
mized estimates and does not make any assumptions about the
classifier. In particular, this order has been chosen without hav-
ing any feedback about the performance of the classifier.

It seems that, for the specific set of features that we have
used, there is no limit on the choice of this order, as far as we
possess enough training data. In the speaker verification exper-
iments, when training the world model, the § function presents
a minimum at the values 64, 128, 256, and 512 for 8, 24, 48 and
96 minutes of training data, respectively.
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Figure 7: DET curves for different training set sizes. The results
for the optimal number of Gaussian components is compared to
the results when using 512 Gaussian components
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