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Abstract

Voice conversion (VC) is a technique aiming to mapping the individuality of a source speaker to that of a target speaker, wherein
Gaussian mixture model (GMM) based methods are evidently prevalent. Despite their wide use, two major problems remains to be
resolved, i.e., over-smoothing and over-fitting. The latter one arises naturally when the structure of model is too complicated given lim-
ited amount of training data.

Recently, a new voice conversion method based on Gaussian processes (GPs) was proposed, whose nonparametric nature ensures that
the over-fitting problem can be alleviated significantly. Meanwhile, it is flexible to perform non-linear mapping under the framework of
GPs by introducing sophisticated kernel functions. Thus this kind of method deserves to be explored thoroughly in this paper. To further
improve the performance of the GP-based method, a strategy for mapping prosodic and spectral features coherently is adopted, making
the best use of the intercorrelations embedded among both excitation and vocal tract features. Moreover, the accuracy in computing the
kernel functions of GP can be improved by resorting to an asymmetric training strategy that allows the dimensionality of input vectors
being reasonably higher than that of the output vectors without additional computational costs. Experiments have been conducted to
confirm the effectiveness of the proposed method both objectively and subjectively, which have demonstrated that improvements can
be obtained by GP-based method compared to the traditional GMM-based approach.
� 2013 Elsevier B.V. All rights reserved.
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1. Introduction

Voice conversion, in a word, is a technique that aims
to modify the speaker-dependent information of a source
speech so as to match that of a target speech with mes-
sage unaltered. There are many applications of VC, such
as customizing voices for text-to-speech (TTS) systems
(Stylianou, 2009), transforming somebody’s voice so that
it sounds like that of a well-known celebrity (Ye and
Young, 2006), and improving the intelligibility of defi-
cient voices uttered by a person with speech difficulty
(Erro, 2008).
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In general, the process of VC mainly consists of two
stages, namely training and transformation, wherein the
objective is to learn a mapping function from training
observations (training stage) that can then be used to map-
ping arbitrary test features (including both prosodic and
spectral features) of a source speech onto the acoustic space
of a target speech (transformation stage). Various
approaches have been proposed in the literature, e.g. the
standard codebook mapping (Abe et al., 1988), the
weighted codebook mapping (Arslan, 1999), the artificial
neural network (ANN) mapping (Narendranath et al.,
1995; Desai et al., 2010) as well as the Gaussian mixture
model (GMM)-based mapping (Stylianou et al., 1998;
Kain, 2001; Lee, 2007; Toda et al., 2008, 2007; Erro
et al., 2010). The standard codebook mapping method,
so-called vector quantization (VQ), is used extensively dur-
ing the early days of VC, where a one-to-one correspon-
dence between source and target spectral codebooks is
derived in the training stage. In the transformation stage,
the obtained relationship is used to transform the short
time spectral envelope of a source speech into an estimated
envelope that is close to the desired one. Since this transfor-
mation is achieved as a linear combination of the target
codebook centroids of a limited set of vectors, it inevitably
leads to discontinuities in the transformed speech and suf-
fers from the problem of degraded speech quality. Then, an
enhanced algorithm named weighted codebook mapping is
proposed. In this case, the converted vector is calculated by
weighting all of the target codebooks, wherein the weight-
ing factor is obtained according to the contribution of line
spectral frequencies (LSFs). This approach solves the dis-
continuity problem to some extent. Although ANN is
capable of handling nonlinear mapping rules for spectral
envelope, giving fairly good results, the performance
of the VC system using ANN has been confirmed to be
relatively inferior to that obtained by Gaussian mixture
model (GMM). It is worth noting that GMM-based
statistical mapping methods have made great contributions
to VC by significantly improving the quality and
similarity of the converted speech, compared to other alter-
natives. Thus, a massive of variants of GMM have been
proposed and used extensively in most of the state-of-the-
art VC systems (Lee, 2007; Toda et al., 2008; Erro et al.,
2010).

On the other hand, it should be noted that GMM-
based methods mainly suffer from the over-smoothing
and over-fitting problems: (a) the over-smoothing phe-
nomenon arises as the fact that the converted spectra
are excessively smoothed compared to the natural ones,
which may be attributed to the averaging nature of
GMM. The nature of statistical modeling inevitably
leads to the reduction of details of spectrum, thus caus-
ing the degradation of the synthesized speech. A lot of
attentions have been paid to addressing this problem.
For example, Chen et al. (2003) have found that most
of the values in the cross covariance matrices of GMM

are extremely small, which may lead to over-smoothing

that makes converted speech sound muffled. So they
proposed to design a mapping function based on the
concept of maximum-a posteriori adaptation in order
to alleviate this problem. Later on, the idea of percep-
tual post-filtering (Ye and Young, 2006) has been pro-
posed to avoid the excessive broadening of the
formants caused by the over-smoothing effect. Recently,
Toda et al. (2007) have demonstrated that the variances
of the converted spectra are less versatile than those of
natural ones so that they introduced an enhanced ver-
sion of GMM, which takes the global variances into
consideration. Obviously, the over-smoothing problem
of GMM is so well-established that a myriad of methods
have been proposed intensively in the literature. (b) The
problem of over-fitting is referred to the fact that a
trained model gives very good results for the training
data while being poor to predict new test data that are
unseen. This problem arises from the fact that the
structure of model is probably too complicated given
that the amount of training data is limited. For example,
suppose the dimensionality of feature parameter is 20,
thus, a joint GMM model (Kain, 2001) with 256 mix-
tures trained by using 10 utterances may inevitably
result in over-fitting. Compared to the vast proposals
to the over-smoothing problem, relatively few attentions
have been focused on the over-fitting problem of
GMM until now. Among the limited amount of litera-
tures, Helander et al. (2008) proposed to take the
inter-relationship of LSFs into consideration, making
GMM more reliable under the condition when small
training data set is available. Later on, they proceeded
by resorting to the combination of partial least squares
(PLS) regression and GMM modeling, restricting the
degrees of freedom in mapping functions by selecting a
suitable number of components adaptively (Helander
et al., 2012). In addition, variational Bayesian techniques
were also used to obtain the estimates of the parameters
of GMM in a full Bayes way, alleviating the over-fitting

problem to a certain extent (Marume et al., 2007; Xu
and Yang, 2010).

Recently, Pilkington et al. proposed to use Gaussian
processes (GPs) experts to perform the task of spectral
conversion, which is found to be insensitive to the over-fit-

ting problem and can predict the target spectra accurately
(Pilkington et al., 2011). In essence, GP provides a uni-
fied, principled and probabilistic approach for machine
learning problems by resorting to Bayesian formalism
(Rasmussen and Williams, 2006), which is intrinsically a
nonparametric model giving advantage of making full
use of the information involved in training set without
strong artificial assumptions. It should be emphasized
that the over-fitting problem can be largely suppressed
due to the nonparametric nature of GP, which in fact
allows relatively few degrees of freedom of model. More-
over, it is reported that GP can be interpreted as a Bayes-
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