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Abstract

This paper presents a method for modelling the speech
spectral envelope using a mixture of Gaussians (MOG). A novel
variational Bayesian (VB) framework for Gaussian mixture
modelling of a histogram enables the derivation of an objective
function that can be used to simultaneously optimise both model
parameter distributions and model structure. A histogram rep-
resentation of the STRAIGHT spectral envelope, which is free
of glottal excitation information, is used for parametrisation us-
ing this MOG model. This results in a parameterisation scheme
that purely models the vocal tract resonant characteristics. Max-
imum likelihood (ML) and variational Bayesian (VB) solutions
of the mixture model on histogram data are found using an it-
erative algorithm. A comparison between ML-MOG and VB-
MOG spectral modelling is carried out using spectral distortion
measures and mean opinion scores (MOS). The main advan-
tages of VB-MOG highlighted in this paper include better mod-
elling using fewer Gaussians in the mixture resulting in better
correspondence of Gaussians and formant-like peaks, and an
objective measure of the number of Gaussians required to best
fit the spectral envelope.

1. Introduction

A number of parametrisation methods exist for speech spectral
modelling. These include linear predictive and cepstral coeffi-
cients which result in a smooth spectral representation. These
spectral models have been used in various applications such as
in speech coding and recognition with great success. A remain-
ing objective however, is a spectral parametrisation scheme that
can give an objective measure for an appropriate model order
and allow the use of prior information over the data. Moreover,
the data being spectral information should have little affect from
signal periodicity which is not the case in LPC or cepstral based
parametrisation schemes.

In this paper, we model the STRAIGHT spectral envelope
[2] using mixture of Gaussians. STRAIGHT spectral envelope
is not a parametric model of the spectrum but has all signal
periodicity effectively removed. Our goal is to ease the cor-
respondence between the resonant characteristics of the vocal
tract and the parametric Gaussians. By considering a simple
physical model of the speech production system being a non-
uniform acoustic tube with transmission loss, this loss results
in the divergence of spectral characteristics around the resonant
frequencies. As a consequence of this divergence a less peaky
structure is obtained. A MOG model could represent this char-
acteristic by the divergence of Gaussian distributions.

Previously, an ML based MOG model in a sinusoidal anal-
ysis/synthesis framework was developed [6, 5] by one of the
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authors. However, when learning a mixture model there are two
main complications. These include the local optima problem
where the learning algorithm is trapped near an initial parame-
ter value, and the problem of determining the appropriate model
structure. In spectral modelling, the mixture model should be
able to resolve formant like peaks using the least number of
Gaussians. This would allow easier correspondence between
Gaussian and formant. The local optima problem associated
with ML-MOG learning make this difficult. Also, the use of
prior information over the data is not effectively used in an ML
approach.

A Bayesian modelling approach however, with the aid of
prior uncertainty, can theoretically soften the local optima prob-
lem, and also it can determine the model structure through a
posterior distribution over the model structure, conditional on
the training data. The variational Bayes method [4] was pro-
posed for solving the Bayesian computational difficulties with
latent variables by incorporating the variational approximation
technique into Bayesian learning and was extended by Attias
[1] to perform model selection by introducing a posterior over
the model structures. Somervuo [3] used the VB-MOG algo-
rithm in speech modelling where several mixtures of Gaussians
were trained for representing cepstrum vectors. In contrast, this
paper extends VB-MOG for modelling a histogram representa-
tion of the STRAIGHT spectral envelope as a means for spectral
envelope parametrisation.

2. Variational Bayes MOG Model

In mixture modelling, VB model selection facilitates the esti-
mation of the number of Gaussian distributions in the mixture to
model the data. This property is often essential in speech spec-
tral applications such as speech coding and recognition. The
reason for choosing to use VB rather than a numerical Bayesian
method such as Markov chain Monte Carlo method is that, for
larger corpus based applications or for real-time processing of
this spectral representation the choice of VB framework was in-
evitable.

The normalised STRAIGHT spectral envelope (refer to sec-
tion 2.2) is as shown in figure 1 where P:(X) is a continu-
ous distribution for a single frame ¢. In order to represent this
model on a discrete level, the spectra is viewed as a histogram
where each bin zj is associated with a uniform density func-
tion. Each bin intensity is then described by’ P(zy). Here,
x, represents the observed incomplete data® and (x4, ) is the

INote that for simplicity, we have removed the frame index ¢ as intra
frame independence is assumed in this model.

2In the implementation of this model xy, is represented as the mean
of the bin number

ICASSP 2004



complete data, where y;, is an unobservable integer indicating
the number of the Gaussian component density.
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Figure 1: Normalised STRAIGHT spectrum represented as a his-
togram with intensity P (zy). P¢(X) is the continuous representation
of the spectral envelope.

The log-likelihood of the complete data set X =
{z1, - ,zx}and Y = {y1, - ,yx } conditioned by param-
eter set ® is given by

FXY12) = [T wnf (@ilye, )7

where wy, = P(yx|®) is a mixture weight and f(xk|yk, ®) is
represented by a Gaussian
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where ¢ is a Gaussian component index, (; is the mean and o;
is the standard deviation.

Based on the complete-data likelihood f(X,Y|®) a corre-
sponding conjugate prior distribution is given by

£(®@) = Dwi}{ed) [T N il o7 /)G (07710, B7)

where D is a Dirichlet distribution and G is a Gamma dis-
tribution. The prior distribution is parameterised by hyper-
parameters 9, &9, 12, a? and 7.
By introducing VB posteriors ¢(®|X ) and ¢(Y|X) the VB
objective function F, which is an objective function for not only
the VB posteriors but also the model structure, is represented as
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Using a variational calculation, the VB posterior of ¢(®|X) is
given by
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where @i,é,f/i,di and Bz are distribution parameters of
q(®|X) and are defined as
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The VB posterior q(y, = ¢|X) is required in the calculation of
the distribution parameters of ¢(®|X) and is also obtained by a
variational calculation given by

e<10g’ F(@poyp=il®)P=k))
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and U(.) is the digamma function. A locally optimal ¢(®|X)
is then obtained by an iterative computation algorithm which al-
ways increases the value of F. Moreover, an appropriate model
structure can be automatically selected by searching the maxi-
mum value of F.

2.1. Initialisation and Priors

Two methods of initialising the Gaussian mixture parameters
were employed. These include:

(i) Initialising the means uniformly over the interval. The
variances are made significant with respect to the interval
and the number of Gaussians in the mixture. The mix-
ture weights are set equal values. These initial parameter
settings are then substituted as the prior distribution pa-
rameters v, 32, 2, respectively.

(i) Previous frame parameters are used for initialising the
current frame. The VB prior distribution parameters are
set as above (i).

The second case (ii) is used in conjunction with voicing
decisions made available by the STRAIGHT speech analy-
sis/synthesis system (refer to section 2.2). Whether in a voiced
or an unvoiced region, for the initial frame of either region the
simple initialisation method of (i) is used and for consecutive
voiced or unvoiced frames, method (ii) is used. This results in a
simple method for exploiting the voicing dependent correlation
between adjacent frames. An alternative to this prior settings
is to use formant labelled training data to enable better initial-
isation of mixture parameters and to devise mixture parameter
learning schemes.

A Bayesian mixture estimation framework is more flexible
than ML as it allows the use of hyper-parameters over the data.
The optimal hyper-parameters can be estimated using the ob-
jective function given in equation 1. For specific number of
distributions in the mixture, a set of hyper-parameters (¢2, a)
were selected.

2.2. STRAIGHT Spectral Envelope

A smooth spectral envelope is essentially required as we are
not modelling harmonic structure in this paper. STRAIGHT
is fundamentally a source filter type vocoder designed for high
quality analysis/modification/synthesis of speech [2]. It uses a
pitch-adaptive spectral analysis scheme combined with a sur-
face reconstruction method in the time-frequency plane in order
to remove signal periodicity. This results in a smooth spec-
tral representation free of glottal excitation information. The
separation of the vocal tract and glottal excitation information



is the key to this system and enables highly natural modifica-
tion of pitch, vocal tract length and speaking rate. The excita-
tion source is designed based on phase manipulation methods.
Figure 2 shows a comparison between the original short-time
Fourier transform (STFT) and the smoothed STRAIGHT repre-
sentation for a vowel segment. Throughout this paper speech is
sampled at 8 kHz, and FFT length of 512 samples was used.
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Figure 2: Comparison of STFT magnitude spectrum (Top) and
the STRAIGHT smoothed spectrum (bottom) for a vowel seg-
ment of speech.

Furthermore, the spectral tilt is removed from the spectrum.
This allows better fitting using the MOG model as the area un-
der the spectra is reduced and the formant peaks are empha-
sised. Spectral tilt is removed from the log-spectral envelope
data using the first two cepstral coefficients co and ¢; computed
by the following equation

Cm = l/ log S(w) cos(mw)dw, m=0,1
T Jo

where m is the coefficient index and S(w) is the spectral en-
velope over frequency range w. The spectral tilt T'(w) is then
given by

log T'(w) = co + 2¢1 cos(w).
This spectral tilt is then removed from the measured envelope
to give a flattened residual envelope R(w) as

log R(w) = log S(w) — log T'(w).
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3. Evaluations

Since VB obtains posteriors over the parameters, we regard
MAP estimates of the VB posteriors as MOG spectral parame-
ters. The VB objective function is as shown in figure 3(a) for
varying number of Gaussians. To enable comparison of ML-
MOG and VB-MOG based parametric modelling of spectra, av-
erage log spectral distortions between the original spectra in a
vowel segment and the estimated MOG spectra was calculated.
This procedure was carried out for varying number of Gaussians
in the mixture and figure 3(b) illustrates this comparison.

By referring to the peak in the objective function (fig-
ure 3(a)), it can be concluded that the optimal number of Gaus-
sians (9) given by this function in modelling the spectra corre-
sponds clearly to the lowest VB-MOG log spectral distortion
(figure 3(b)). The VB objective was found to have a similar
characteristic over a number of other vowels and consonants
tested and the optimal number of Gaussians seems to fall around
8 or 9 Gaussians.
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Figure 3: Plot of Bayes objective function (a) and the log spectral
distortion between the original smoothed spectrum and the fited MOG
using ML and VB (b) for varying number of mixtures.

It can also be observed from the spectral distortion curves
(figure 3(b)) that VB-MOG modelling with lower number of
Gaussians (between 6 and 9) in a mixture results in lower spec-
tral distortions as compared to ML-MOG. The estimated ML-
MOG mean spectral parameters seem to be highly dependent
on the initialisation of the parameters, as during iterative opti-
misation, the spread across these initial parameters is small. In
a spectral estimation technique, intuitively, the mean should be
relaxed further and this is one of the advantages of the Bayesian
framework and the use of priors resulting in these lower spec-
tral distortions with smaller number of Gaussians in the mix-
ture. Figure 4 illustrates MOG modelling of the smoothed
STRAIGHT spectrum using eight Gaussians. As can be seen
VB-MOG performs considerably better in modelling the spec-
tral peaks in the 1500 Hz to 3000 Hz frequency region in this
specific case.

MOS subjective evaluation results for the ML-MOG
and the VB-MOG spectral models using STRAIGHT analy-
sis/synthesis are shown in figure 5. These MOS tests were car-
ried out in an anechoic room using six male subjects. Three test
sentences uttered by two males and a female were used. The
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Figure 4: Comparison of fitting the smoothed spectrum with ML and
VB estimated mixture Gaussians (8 Gaussians).

original and STRAIGHT re-synthesised utterances were also
used in the test. The results clearly follow the average spec-
tral distortion trend shown in figure 3. High quality speech is
obtained by using over 8 Gaussians in both ML-MOG and VB-
MOG. However, in the region of 6 to 8§ Gaussians VB-MOG
significantly outperforms ML-MOG. This clearly shows the ad-
vantage of using a Bayesian approach in STRAIGHT spectral
parametrisation using mixture of Gaussians. Sound examples
using this method will be given during the presentation of this

paper.
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Figure 5: Comparison of mean opinion scores (MOS) over varying
number of Gaussians in the mixture using VB and ML.

4. Discussion

In this paper, we have assumed that formants do not have second
order resonant characteristics and can be represented by nor-
mal distributions. Through close inspection of the STRAIGHT
smoothed spectrum, it is possible to infer that such an assump-
tion is valid; MOS tests evaluating the quality of speech syn-
thesised from the mixture of Gaussians spectral model supports
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this belief. Further theoretical groundwork on this matter is re-
quired to really understand and relate Gaussians and formant-
like peaks in the STRAIGHT spectrum.

Though precise formant location estimation has not been
emphasised in this paper, it is important to note that for fu-
ture work, the VB-MOG method of spectral parameterisation
should enable easier selection of Gaussians corresponding to
formant like peaks in the spectrum. By allowing a better fit
to the STRAIGHT spectral envelope with less Gaussians in the
mixture (as compared to an ML approach) and also by using
appropriate priors, we have a model that is suited for such an
application. Traditional linear predictive based formant estima-
tion techniques vary the number of poles in the model in order
to find the correct number of formants. There are usually more
poles than formants in the spectra and these methods always re-
quire some form of dynamic programming over time to increase
their formant labelling accuracy. Our goal is to include inter and
intra frame spectral statistics in the spectral model eliminating
the need for such smoothing in time. The VB-MOG approach
for spectral representation could realise a solution to this prob-
lem based on the Bayesian advantages described in this paper
and by using labelled formant training data to devise appropri-
ate parameter initialisation schemes. An application currently
being realised is the use of state-space models with this MOG
model for studying and understanding infant speech develop-
ment.

5. Conclusions

A Bayesian approach for modelling a histogram representa-
tion of the STRAIGHT spectral envelope was developed. The
STRAIGHT spectrum has all glottal excitation information re-
moved resulting in a parameterisation scheme free of excitation
information. A Bayesian approach results in better modelling of
the spectrum with smaller number of Gaussians than ML eas-
ing correspondence of Gaussians and formant-like peaks. It also
results in an objective measure of the number of Gaussians re-
quired to best fit the spectral envelope. MOS tests suggest that
this VB-MOG spectral model is capable of very high quality
synthesised speech. Further work will concentrate on formant
frequency estimation, a segmental representation of this VB-
MOG model and application to infant speech development.
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