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Abstract. The most commonly used method for parameter estimation
in the Gaussian mixture models (GMMs) is maximum likelihood (ML).
However, it suﬀers from the overﬁtting when the model complexity is
high. Adapted GMM is an extended version of GMMs and it helps to
reduce the overﬁtting in the model. Variational Bayesian method helps
in determining optimal complexity so that it avoids overﬁtting. In this
paper we propose the variational Bayes learning method for training
the adapted GMMs. The proposed approach is free from overﬁtting and
singularity problems that arise in the other approaches. This approach
is faster in training and allows a fast-scoring technique during testing
to reduce the testing time. Studies on the classiﬁcation of audio clips
show that the proposed approach gives a better performance compared
to GMMs, adapted GMMs, variational Bayes GMMs.
Keywords: GMM, variational learning, Bayesian adaptation.

1

Introduction

This paper aims to investigate the behavior of diﬀerent types of Gaussian mixture based models such as conventional GMMs, adapted GMMs referred to as
Gaussian mixture model-universal background model (GMM-UBM), and variational Bayesian GMMs (VB-GMMs) for audio clip classiﬁcation task. We propose to use the variational Bayes adapted GMMs (VB-GMM-UBM) for audio
clip classiﬁcation and compare it with the GMMs, GMM-UBM, and VB-GMMs.
The GMM commonly uses the maximum likelihood (ML) method for parameter estimation. However, the ML method suﬀers from the problem of overﬁtting
due to the presence of singularities, when the model complexity is high [1]. One
way to handle this is by adapting the parameters of GMM using the training examples. The GMM-UBM [2] is one such technique, where the UBM is built as a large
GMM from the data of all classes. The model for a class is obtained by updating
the parameters of the UBM using the training examples of the respective class using an adaptation method [2]. This provides a tighter coupling between the class
model and the UBM, and gives a better performance than the decoupled models
like conventional GMMs. Training a GMM-UBM is much faster than the conventional GMMs and also allows a fast-scoring technique [2] during testing. But it
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suﬀers from the overﬁtting when the model complexity is high. To overcome this
problem, the VB-GMMs [1] can be used. The VB approach for GMMs helps to
determine the optimal number of components to build a model [1]. It prunes the
mixture components which are not useful. Hence the variational approach does
not suﬀer from overﬁtting and has good generalization capabilities [3]. Variational
approach assumes that the parameters are not uniquely speciﬁed, but instead are
modeled by probability density functions. This introduces an additional set of hyperparameters for the distributions of parameters [1].
In this work, we propose to use the VB-GMM-UBM. In the proposed approach, we build the UBM using the variational approach instead of the ML
method. Training the UBM using the variational approach gives an optimal
number of components in the UBM. The hyperparameters of each component
in the UBM are used to derive the Gaussian parameters for the corresponding
component in the UBM. The class model is obtained by Bayesian adaptation
that adapts the Gaussian parameters of the UBM using the training examples
of that class. The proposed approach is observed to be faster in training. It is
free from singularity and overﬁtting problems that arise in the other approaches.
This generalizes the model well and hence its performance is better compared
to the other models.
Section 2 describes the proposed VB-GMM-UBM approach. Section 3 presents
the experimental studies and the summary of the work is presented in section 4.

2
2.1

Variational Bayes Adapted GMMs
Variational Gaussian Mixture Models

The GMMs can be trained using the variational approach. The distribution of
d-dimensional feature vectors X = {x1 , x2 , .., xn , .., xN } can be written as a
K
linear superposition of Gaussians in the form p(xn ) = k=1 πk N (xn |μk , Λ−1
k ),
where πk , μk and Λk are the mixture weight, mean vector and precision matrix,
respectively for k th Gaussian. In Bayesian approach, we assume priors for the
parameters. The conjugate priors are the Dirichlet distribution Dir(π|α) for
mixture weights, Gaussian distribution N (μ|m, (βΛ)−1 ) for mean, and Wishart
distribution W(Λ|W, ν) for precision matrix. Here {α, β, ν, m, W} form a set
of hyperparameters. This set of hyperparameters can be obtained using the EM
approach [1] as follows:
(E)xpectation Step : Responsibility rnk of the k th component for the nth
example xn is deﬁned as rnk =  Kρnkρ . Here,
j=1 nj


d

νk + 1 − i
−1
T
ln ρnk = dβk + νk (xn − mk ) Wk (xn − mk ) +
ψ
2
i=1
K

αk ),
+d ln 2 + ln |Wk | + ψ(αk ) + ψ(
k=1

and ψ is the gamma function.

(1)
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(M)aximization Step : Hyperparameters are updated as follows:
αk = α0 + Nk ,
νk = ν0 + Nk ,

1
(β0 m0 + Nk x̄k ),
β0 + Nk
β0 N k
= W0−1 + Nk Sk +
(x̄k − m0 )(x̄k − m0 )T , (2)
βk

βk = β0 + Nk ,
Wk−1

mk =

where,
N
1 
rnk (xn − x̄k )(xn − x̄k )T .
N
k
n=1
n=1
(3)
Here Nk , x̄k , Sk are the intermediate values used to update the hyperparameters.
Initial values for priors {α0 , β0 , ν0 , m0 , W0 } are chosen as suggested in [3].

Nk =

2.2

N


rnk ,

x̄k =

N
1 
rnk xn ,
Nk n=1

Sk =

Universal Background Model (UBM)

In the VB-GMM-UBM system, the ﬁrst step is to generate the UBM [2,4]. The
UBM is a single and class-independent large GMM. Given N training examples,
X = {x1 , . . . , xN }, we train the UBM using the VB-EM method described in
the previous subsection. This gives the hyperparameters for each mixture component in the UBM. However, Bayesian adaptation needs Gaussian parameters
of the mixture components, that are used to build the class speciﬁc models by updating the UBM parameters. Hence, the conversion of hyperparameters to the
Gaussian parameters is performed in the UBM before the adaptation process
starts. In the process of obtaining the Gaussian parameters, we ﬁrst determine
the probabilistic alignment of training examples to the UBM mixture components. The responsibility of a training example xn for the k th mixture in the
UBM is computed as follows:
αk pk (xn )
ζnk = K
.
(4)
j=1 αj pj (xn )
Here, pk (xn ) is calculated using the student’s t-distribution for k th mixture of
the UBM as pk (xn ) = St(xn |mk , Lk , νk + 1 − d), where mk is the mean vector,
Lk is the precision matrix given by Lk = (βk (νk + 1 − d)/(1 + βk ))Wk , and K
is the number of mixtures in the UBM. Then we use the responsibility ζnk to
compute the Gaussian parameters such as weight wk , mean μk and variance σk2
of k th component as follows:
wk =

N

n=1

2.3

ζnk ,

μk =

N
1 
ζnk xn ,
wk n=1

σk2 =

N
1 
ζnk (xn − μk )(xn − μk )t .
wk n=1
(5)

Adaptation of Class Model from UBM

Once the Gaussian parameters of the UBM are computed, the next step is to
get the GMM for each class. The class model is obtained by adapting the Gaussian parameters of the UBM using the training examples of the corresponding
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class [2,5]. Given a UBM and R training vectors X = {x1 , . . . , xR } from a
class, we ﬁrst determine the probabilistic alignment of the training vectors onto
the Gaussian mixture components in UBM. For k th mixture in the UBM, the
responsibility ξrk is computed as follows:
wk pk (xr )
ξrk = K
.
j=1 wj pj (xr )

(6)

Then ξrk and xr are used to compute the new parameters as follows:
R
1 
ξrk (xr − μ̃k )(xr − μ̃k )t .
w
˜
k
r=1
r=1
(7)
The new parameters {w˜k , μ˜k , σ˜k 2 } obtained from the class speciﬁc training data
are used to update the old UBM parameters {wk , μk , σk 2 } for k th mixture to
get the adapted parameters as follows:

w˜k =

R


ξrk ,

μ˜k =

R
1 
ξrk xr ,
w˜k r=1

σ˜k 2 =

w
wˆk = [αw
k w̃k /R + (1 − αk )wk ]γ,
m
μˆk = αm
k μ˜k + (1 − αk )μk ,

σˆk 2 = αvk σ˜k 2 + (1 − αvk )(σk 2 + μk 2 ) − μˆk 2 ,

(8)
(9)
(10)

where μk 2 and μˆk 2 are diagonal elements of matrix μk μk t and μˆk μˆk t respectively.
m
v
The adaptation coeﬃcients {αw
k , αk , αk } control the balance between the old
and new parameters for the weights, means, and variances respectively. The scale
factor, γ is computed over all adapted mixture weights to ensure that their sum
is unity. For each mixture and each parameter, a data-dependent adaptation
ρ
k
is a ﬁxed
coeﬃcient αρk , ρ = {w, m, v}, is deﬁned as αρk = w˜kw˜+r
ρ , where r
relevance factor for parameter ρ. The performance is insensitive to relevance
factors in the range 8 − 20 [2]. We have used a relevance factor of 16. The
update of parameters described in Eqs. (8)-(10) can be derived from the general
maximum a posteriori (MAP) estimation for a GMM using constraints on the
prior distribution described in [6].
In the next section, we study the performance of conventional GMMs, GMMUBM, VB-GMM and VB-GMM-UBM for audio clip classiﬁcation task.

3

Studies and Results

In this section we present our studies on audio clip classiﬁcation. We compare
the performance of the proposed approach with that of conventional GMMs,
GMM-UBM and VB-GMM.
The audio data set used in our study includes 180 audio clips from 5 categories
: advertisement, cartoon, cricket, football, and news from diﬀerent TV channels,
where 120 clips used for training and remaining clips used for testing. The duration of an audio clip is approximately 20 seconds. The 14-dimension features used
are clip-based, and are extracted from frame-based features [7]. The features for
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Table 1. Audio clip classiﬁcation accuracy (in %) for the GMMs, GMM-UBM, VBGMMs, and VB-GMM-UBM
Audio Class GMMs GMM- VB- VB-GMM
UBM GMMs -UBM
Ads
Cartoon
Cricket
Football
News

67.21
72.15
66.67
57.38
73.09

77.04
91.13
70.00
80.32
83.33

68.85
86.07
78.33
96.72
89.74

78.68
96.20
93.33
96.72
91.02

Average

67.30

80.36

83.94

91.18

Table 2. Performance of GMM-UBM and VB-GMM-UBM for adapting diﬀerent sets
of parameters (W=weight, M=mean, V=variance)
Adapted Set of
Performance(%)
Parameters
GMM-UBM VB-GMM-UBM
W
M
V
W, M
W, V
M, V
W, M, V

15.89
74.85
28.90
78.03
33.53
79.34
80.36

74.36
82.01
73.74
90.26
86.72
89.38
91.18

clip-based are volume standard deviation, volume dynamic range, volume undulation, 4Hz modulation energy, ZCR standard deviation, nonsilence ratio, pitch
standard deviation, similar pitch ratio, nonpitch ratio, frequency centroid, bandwidth, and energy ratio in subbands.
Table 1 shows the classiﬁcation accuracy of conventional GMMs, GMM-UBM,
VB-GMMs, and VB-GMM-UBM on audio clip data. It is seen that the GMMUBM performs better than the conventional GMMs. In GMM-UBM, adapted
class models localize the most unique features for each target audio class and
perform better than conventional GMMs. It is also seen that VB-GMM gives
a better average performance than the GMM-UBM. This is because the UBM
trained by ML method suﬀers from singularity and overﬁtting problems. These
problems also propagate to the ﬁnal class model through the adaptation process.
Such problems are resolved when the UBM is trained using the variational learning method. The advantage of the variational approach is that the ﬁnal number
of Gaussian components is generally smaller than the initial ones. This is due to
the fact that the VB method makes the model selection and parameter learning
at the same time. The proposed VB-GMM-UBM model gives 91.18% classiﬁcation accuracy. The performance is signiﬁcantly higher compared to 67.30% in
GMMs, 80.36% in GMM-UBM and 83.94% in VB-GMMs.
We study the eﬀect of adapting diﬀerent sets of parameters during generation
of the audio class models. Table 2 shows the performance of GMM-UBM and
VB-GMM-UBM on adaptation of diﬀerent sets of Gaussian parameters. It is
seen that the mean adaptation plays a more signiﬁcant role in the GMM-UBM
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Table 3. Confusion matrix for VB-GMM-UBM
Audio
Class
Ads
Cartoon
Cricket
Football
News

Classified Audio Class
Ads Cartoon Cricket Football News
78.68
2.53
1.66
1.63
3.84

14.75
96.20
3.33
1.63
5.12

1.63
0.0
93.33
0.0
0.0

0.0
0.0
1.66
96.72
0.0

4.91
1.26
0.0
0.0
91.02

than the weight or variance adaptation. In VB-GMM-UBM, each individual
parameter adaptation (weight, mean, and variances) plays an important role in
adaptation process.
The confusion matrix for the VB-GMM-UBM that gives the best performance
is shown in Table 3. It is seen that the Ads category is mainly confused with the
Cartoon category and the News category.

4

Summary

This work studies the behavior of diﬀerent types of Gaussian mixture model
based classiﬁcation models. Conventional GMMs, GMM-UBM, VB-GMMs and
the proposed method VB-GMM-UBM are studied. The GMMs and GMM-UBM
suﬀer from the overﬁtting problem, when the model complexity is high. In such
cases, the VB-GMMs perform better. The VB-GMMs prune out the redundant
components. The VB-GMMs are also free from singularity problems that arise
frequently in GMMs and GMM-UBM. We could improve its performance by
applying the adaptation process in VB-GMMs. Results of our studies on audio
clip classiﬁcation indicate that the proposed VB-GMM-UBM model performs
better than the other models.
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