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Abstract 

Voice conversion is a speech technology encompassing transformations applied to the speech 
signal with the purpose of changing the perceived speaker identity from a source voice to a desired 
target voice. The principal use of voice conversion is to enable synthesis systems to generate speech 
with customized voices without need for exhaustive recordings and processing. Voice conversion can 
be realized as a stand-alone task or alternatively, using adaptation techniques with HMM-based 
synthesis. Although there are many speaker-dependent voice characteristics, voice conversion deals 
mainly with those acoustic in nature such as the spectral characteristics and the fundamental 
frequency.  In  spite  of  the  remarkable  results  achieved  by  the  state  of  the  art  techniques,  further  
challenges remain to be solved in all sub-areas of voice conversion in order to provide excellent 
quality and highly successful identity conversion. The objective of this thesis is to develop a stand-
alone voice conversion system for coded speech and to propose solutions leading to better quality, 
versatility or efficiency compared to current techniques. The thesis is focused on the conversion of 
spectral envelopes but other sub-areas of voice conversion such as speech parameterization or 
alignment are also treated. 

The analysis-modification-synthesis system adopted in this thesis is based on a parametric speech 
model used in a real speech codec but also for the internal speech representation of a concatenative 
TTS system. This allows an easy integration of voice conversion with communications related and 
embedded applications developed for coded speech. The validity of this parameterization has been 
confirmed by using it in an actual voice conversion scheme. In addition, a voicing level control 
scheme, a speech enhancement technique and a method for automatic speech data collection have 
been proposed, all of them taking advantage of this parametric framework. 

The versatility of voice conversion systems depends on the characteristics imposed on the training 
data in order to properly estimate a conversion function. Depending on the characteristics of the 
training data different alignment strategies can be adopted. Although dynamic time warping (DTW) 
has become almost a standard for the alignment of parallel training data, a new soft alignment 
technique is proposed for the same purpose. This concept allows probabilistic one-to-many frame 
mapping and is proven valid in an experiment with an artificial example. For practical reasons the 
non-parallel case has been attracting increased interest lately. In this thesis, two techniques for text 
independent alignment are proposed. The first one is based on phonetic segmentation and temporal 
decomposition and was successfully used in a voice conversion application. The second method uses 
a TTS to break the non-parallel problem into two parallel conversions which concatenated realize the 
desired voice conversion. 

GMM-based techniques have been the most popular approach for the conversion of spectral 
envelopes in spite of their problems related to over-smoothing, over-fitting and the lack of temporal 
modeling. In order to address these issues and improve the GMM-based voice conversion, this thesis 
introduces several techniques. First, a new measure of the conversion accuracy is proposed, which 
can be easily computed from the GMM parameters, and is found to be in line with perceptual and 
objective metrics. The next technique combines a clustering and mode selection scheme with cluster-
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wise GMM modeling and is based on the observation that the mapping accuracy improves with the 
reduction of target data variance. The proposed technique is shown to outperform a comparable 
approach that uses voicing based clustering. A third technique can be used to adapt an existing well-
trained  conversion  model  to  a  new  target  speaker  using  a  small  amount  of  data.  In  a  practical  
evaluation the adapted model outperformed an equivalent model trained exclusively on the reduced 
data. The continuity issue is addressed in a final idea proposed for future research.  

In general the spectral conversion techniques proposed in the literature have been subject to a 
tradeoff between speech quality and identity conversion and the challenge remains to provide optimal 
results for both criteria simultaneously. A new spectral conversion technique introduced in this thesis 
uses bilinear models to decompose the line spectral frequencies (LSF) representation of the spectral 
envelope into two factors corresponding to speaker identity and phonetic content respectively. In an 
extensive evaluation on different types and for different sizes of training data this approach was 
found to perform similarly to a GMM-based conversion even though, in contrast to the GMM, it does 
not require any tuning. The concepts of contextual and local modeling are also introduced arguing 
that a more accurate mapping can be achieved if multiple models are fit on relatively small subsets of 
the full training data rather than using one global model. The validity of the concepts has been 
verified in practical experiments. Furthermore, a local linear transformation technique is shown to 
effectively reduce the over-smoothing relatively to a globally trained GMM-based conversion 
function. 

For spectral conversion, several of the proposed techniques can be considered extensions of a 
baseline vector quantization framework, opening the way for further developments in this direction. 
In addition to the local linear transformation method which can be easily integrated in this 
framework, a memory efficient conversion scheme based on multi-stage vector quantization (MSVQ) 
was also proposed. The experiments indicated substantial memory savings and even accuracy 
improvement compared to some conventional codebook conversions. A dynamic programming 
approach to optimizing the frame to frame continuity in a vector quantization framework is also 
proposed as a future direction. 

A final contribution is brought to the existing hybrid technique that combines GMM and 
frequency warping. The approach is adapted to work with the proposed speech representation and a 
procedure for automatic formant alignment and warping function calculation is presented. 
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 Chapter 1 

Introduction 

In the context of booming modern technology, the presence of computers in our lives became a fact 
and brought the need for a more natural communication between humans and machines. Speech is 
the most accurate and natural communication instrument between humans enabling them not only to 
exchange ideas but also to transmit emotions. As such, speech has been receiving a huge interest 
from the scientific community and many research areas have emerged to study its structure, 
production and perception in an effort to design speech based human computer interfaces. 

Voice conversion is a relatively new topic in speech research aiming essentially to change the 
perceived voice in speech signals. This chapter defines the problem of voice conversion, presents the 
motivation and applicability of such a technology and sets the scope and objectives of this thesis. The 
chapter continues with a description of the author’s contribution and concludes with a brief outline of 
the thesis. 

1.1 BACKGROUND 

The two major technologies involved in the communication between humans and computers are 
speech recognition and speech synthesis. Speech recognition is needed to recognize word sequences 
in a speech signal independent of the speaker’s voice. Speech synthesis, on the other hand, can be 
defined as the artificial production of speech. The subject of this thesis, voice conversion, is seen as 
belonging to the speech synthesis framework. 

Voice conversion studies modifications of speech signals that transform the original voice into a 
desired target speaker’s voice, changing in this way the perceived speaker but leaving unaltered the 
uttered content. A voice conversion system performs two main tasks: 

1) Training: The system determines an optimal transformation between the original (source) 
and the target voice characteristics. 

2) Conversion: The transformation is used to convert new source speech. 
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1.1.1 Speech Production and Speaker Identity 
Speech is the result of pressure variations applied by the articulatory system to an air-flow produced 
by the respiratory system. The air is pushed from the lungs into the trachea and through the vocal 
folds further into the vocal tract (pharynx, nasal and oral cavities). An aperture of the vocal folds 
called glottis differentiates between voiced and unvoiced sounds depending on whether it blocks or 
not the air passage. When the glottis is closed, the air flows between vibrating vocal folds generating 
voiced sounds. A free passage of the airflow through an open glottis produces unvoiced sounds 
instead. Specific phonemes are produced by modifying the shape of the vocal tract through 
articulators such as lips, tongue, jaws and teeth. 

An illustrative model of speech production from a signal processing perspective is the source-
filter  model  [1].  The  glottal  airflow is  represented  as  a  source  or  excitation  signal  which  takes  the  
form of a pulse train for the voiced sounds and the form of a noise signal for the unvoiced. A voiced 
excitation is characterized by a fundamental frequency or pitch which is determined by the oscillation 
frequency of the vocal folds. The vocal tract is seen as a resonator cavity that shapes the source 
signal in frequency, and can be understood as a filter with a specific frequency response. Its resonator 
frequencies are called formants. The speech signal is the result of filtering the glottal source signal 
through the vocal tract filter. The specific formant structure of each phoneme is obtained gradually 
by changing the position of the articulators. 

Speech carries multiple types of information. It encodes linguistic information in the form of a 
phonetic sequence based primarily on the characteristics of the vocal tract (formants) and glottal 
source (voiced/unvoiced). Moreover, the pitch contour differentiates between affirmative, negative 
and interrogative utterances, the stress marks individual words by a local peak in the pitch contour 
and prosodic features such as intonation, speaking rate or rhythm are capable to convey information 
about the emotional state of the speaker. Very importantly, the speech also carries information about 
the speaker identity. 

For the purpose of voice conversion it is essential to understand what factors determine the 
speaker identity. They can be linguistic or acoustic.  

1) The dialect, together with the speaker’s preference for particular syntactic and lexical 
patterns are examples of linguistic factors relevant for the individuality. These factors are 
situated at the message level and are generally influenced by the social class, region of 
birth or residence, age of the speaker. 

2) The characteristics that can be measured directly from the speech signal and are 
independent of the underlying message are called acoustic factors.  They  can  be  further  
divided into prosodic and spectral. 

a) The prosodic features relate to the speaking style and include phoneme duration, 
pitch contour (intonation), energy (stress) [2], and voice quality. Voice quality 
refers to the characteristics of the voicing sound source ranging from 
laryngealized to normal and breathy phonation and conveying information about 
the speaker’s emotions, mood and attitude [3][4]. 

b) At spectral level the speech sound is described in terms of formant locations and 
bandwidths, spectral tilt and excitation of the vocal folds [5]. 

The difficult task of modeling personal linguistic properties is currently omitted in the existing 
voice conversion systems which mainly deal with the acoustic level. Most of the actual systems are 
in fact focused exclusively on the spectral level. 
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1.1.2 Speech Models and Modifications 
The acoustic modification of speech can be achieved in three basic ways by manipulating 
independently its speed, fundamental frequency or formants. The first two categories correspond to 
the prosodic level while the third corresponds to the spectral level. 

 Time-scale modification changes the speech duration while preserving its fundamental 
frequency and spectral properties. 

 Pitch modification changes the fundamental frequency of a speech signal while 
preserving the original duration and spectral properties. 

 Spectral modification changes the formant structure while preserving the fundamental 
frequency and original duration of the signal. 

In order to perform voice conversion, analysis/synthesis methods are necessary to give speech a 
parametric representation and to be able to synthesize speech from a modified parametric 
representation. Many analysis/synthesis methods have been proposed in the literature, some in the 
time domain [6][7][8], some in the frequency domain [9][10][11], and others in the time-frequency 
domain [12][13][14]. Next, we briefly present some of the most important and relevant approaches. 

Pitch-synchronous overlap-add (PSOLA) [6][7][8] uses overlapping windows and operates 
directly on the waveform on a frame basis permitting flexible manipulations of duration, pitch and 
formants. To change the time-scale, for instance, frames are either repeated or dropped leaving the 
pitch marks unchanged. A modification of pitch is achieved by adjusting the spacing between the 
pitch marks instead. For spectral envelope manipulation the variants FD-PSOLA and LP-PSOLA 
[15] can be used. In spite of a clear sound the method is less suitable for fine modifications [16] 
compared to other techniques [17] and it may introduce artifacts e.g. in the synthesis of modified 
unvoiced sounds [18] [19]. 

Other methods for speech modification are based on the source-filter model described previously 
and  use  different  ways  to  estimate  the  excitation  and  the  parameters  of  the  vocal  tract  filter.  
Assuming an all-pole model, the formant structure can be manipulated by changing the formant 
locations and magnitudes [20][21]. Alternatively, frequency warping of spectral envelopes [22] has 
been proposed. These techniques have obvious limitations. The pole modification, for instance, 
cannot control formant bandwidth and amplitude independently. 

Another analysis/synthesis technique was developed on a sinusoidal speech model by McAulay 
and Quatieri [23][24]. The speech is represented as a sum of time-varying sinusoids whose 
amplitude, frequency and phase parameters are estimated from the short-time Fourier transform using 
a peak-picking algorithm. This framework lends speech to time and pitch-scale modification 
producing high-quality results. 

1.1.3 Spectral Modifications 
The modification of spectral properties directly affects perception and represents one of the 
fundamental problems of voice conversion. The spectral processing is applied to spectral envelopes 
obtained from a time-frequency speech representation in order to change their formant structure. The 
challenge, here, concerns the analysis/synthesis technique which should ensure high quality 
reconstruction of speech from modified spectral features. Many methods have been proposed but the 
largest impact was made by three most popular techniques based on Gaussian mixture models 
(GMM) [25], mapping codebooks [26] and frequency warping [27]. Most of the existing methods are 
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based on statistical models trained on large databases. Other methods try to control the shape of the 
spectral envelope by changing the pole locations and amplitudes.  

1.1.4 Types of Voice Conversion 

a. Stand-alone voice conversion 

The most common form of voice conversion is a stand-alone system with the general structure 
presented in Chapter 2 (Figure 2.1). In the training phase, a speech corpus recorded from a source 
and a target speakers is used to train a conversion function which will be used for the transformation. 
First, the speech signals are analyzed using a proper speech model that allows flexible signal 
manipulation. Then each analyzed frame is parameterized with a set of features suitable for a good 
conversion of the acoustic characteristics. The correspondence between these acoustic characteristics 
of the two speakers is determined from the training data during the alignment process. Finally, a 
conversion function is estimated for the spectral and/or prosodic features. During the conversion 
phase, the system analyzes and parameterizes the new utterances of the source speaker with the same 
scheme used in training and then transforms them by applying the trained function.  

b. Voice conversion in HMM-based speech synthesis 

Voice conversion is typically formulated as a standalone problem with the typical implementation 
presented earlier in this section. However, the concept of voice conversion and the methods to realize 
it may significantly change in some particular situations. This is the case with the HMM-based 
speech  synthesis  systems  [28]  which  use  HMMs  to  generate  an  optimal  parameter  sequence  from  
which speech can be synthesized. Voice modification is achieved using adaptation techniques like 
MLLR (maximum-likelihood linear regression) which adapt the HMM of the source speaker to 
maximize the likelihood of the target speaker’s data. The approach to voice conversion is 
conceptually different in this context. Despite promising results [29] HMM synthesis has certain 
qualitative limitations due to the statistical parameter generation. The best quality is currently 
achieved by concatenative text to speech (TTS) systems which produce speech by concatenating pre-
recorded speech units. 

1.1.5 Evaluation of Voice Conversion Systems 
The success of voice conversion is measured with respect to two aspects: 

 Identity conversion i.e. similarity of the converted voice and the target voice 
 Sound quality which describes the level of distortions and artifacts. 

The methods of evaluation may be: subjective and objective. Objective evaluations use 
mathematically defined metrics such as mean squared error (MSE), spectral distortion and signal to 
noise ratio (SNR) to assess the converted speech objectively. This kind of evaluation is repeatable i.e. 
produces always the same results for the same data and computationally inexpensive. On the other 
hand, objective measurements do not relate well to human perception. Subjective evaluations are 
more relevant from a perceptual point of view being based on listening tests. On the downside they 
lack stability and repeatability depending strongly on factors such as listener’s mood and familiarity 
with the field or on other samples evaluated at the same time. 
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1.2 APPLICATIONS 

Voice conversion technology opens the way to a large number of applications most of which are 
closely related to speech synthesis. The applications range from personalized text to speech voices to 
entertainment and security related applications [30][18]. 

The first important application of voice conversion is as an extension module to a text-to-speech 
system (TTS) transforming the pre-recorded voice to a desired target voice. This way personalized 
and branded TTS voices may be created inexpensively [31]. 

Potential applications in the entertainment industry include movie dubbing, generating speech 
with voices that no longer exist, disguising speaker identity, creating virtual voices for characters in a 
videogame or creating compact “audio books” in text format where the narrator and characters 
involved in dialogues each use their individual voice. Furthermore e-mails and SMS messages could 
be “read” to us with the sender’s voice. 

In speech-to-speech translation voice conversion can recover and use the original speaking voice 
to synthesize the translated utterance helping in this way the listeners to easily identify the speaking 
person [32]. Voice conversion will be used as an extension module to the existing speech 
recognition, machine translation and speech synthesis components. 

An educational application is related to learning new languages by listening to one’s own voice 
speaking the new language with proper pronunciation and intonation. Apart from that, a simple rate 
reduction of a native speech is a useful tool. 

From a medical perspective the voice conversion provides a means to enhance the speech quality 
for persons with speaking disabilities or hearing disabilities [33][34]. 

Applications of voice conversion can be found also in other speech technologies. In speech coding 
time-scale modifications can be used for data and bandwidth reduction. In speech recognition speaker 
normalization e.g. by vocal tract length normalization improves the accuracy rate. In speech 
enhancement conversion techniques could be used to improve intelligibility and speech quality. 

Finally, Eide and Picheny [35] used voice conversion for the normalization of speech databases in 
order to increase the amount of data available as needed for the construction of a concatenative 
speech synthesis system. 

1.3 SCOPE AND OBJECTIVES OF THE THESIS 

This thesis treats voice conversion as a standalone problem and does not involve techniques 
associated with HMM-based synthesis. 

 Like most studies on voice conversion this work addresses the modification of the acoustic 
characteristics of speech, namely prosodic and spectral attributes, and excludes the linguistic factors 
which are very difficult to model. The thesis effectively focuses on the spectral modification which is 
considered the core problem of voice conversion and only slightly covers the prosodic aspects. 

The challenge of spectral conversion is to modify the spectral structure without compromising the 
speech quality. The problems with the existing spectral modification techniques are related primarily 
to continuity. These methods are based on frame by frame processing which ignores the relationship 
between neighboring frames and they fail to model the temporal evolution of the parameters. The 
second problem with these methods is the ineffective spectral transformation. The pole modification 
methods, for instance, do not provide full control of the spectral envelope being impossible to control 
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a formant bandwidth and amplitude independently. The frequency warping methods have problems 
preserving the shape of modified spectral peaks, controlling the bandwidths of close formants, 
allowing formants to merge or even controlling the formant amplitudes. Furthermore GMM-based 
methods suffer from an over-smoothing of the converted spectrum while codebook methods suffer 
from discontinuity. 

This work was carried out based entirely on a parametric representation used by a variable bit-rate 
(VLBR) speech codec in an attempt to combine voice conversion with the advantages of an efficient 
compression. This parameterization is based on an underlying source-filter speech model and uses 
linear prediction (LP) to model the vocal tract contribution and sinusoidal modeling to represent the 
excitation. 

An important part of this research was accomplished using parallel training data due to the 
existence of well-studied algorithms for alignment but the work also proposes an alignment 
technique for non-parallel data. 

Starting from these premises the objectives of this thesis can be stated as follows: 
 To develop speech modification techniques over the VLBR framework facilitating the 

integration of voice conversion with a TTS system using a similar speech representation. 
This system would combine voice conversion with the attractive compression properties 
of speech coding. 

 To improve the state-of-the-art by addressing the above mentioned problems and to 
propose new spectral conversion methods capable to correctly map the speaker identity 
and produce a high quality speech. 

 To study and improve the sub-processes of a voice conversion system including 
alignment, model estimation and the evaluation. 

 To study and propose conversion methods trainable from reduced data. 
 To develop suitable algorithms for all possible conversion scenarios: text dependent and 

text independent (intra-lingual or cross-lingual). 
 To develop a framework capable to represent separately the speaker dependent and 

content dependent information. 
 To investigate fast and low footprint solutions to voice conversion. 

Summarizing, the goal is to develop voice conversion algorithms over a VLBR speech codec 
representation in order to combine it with attractive compression properties. The thesis is focused on 
improving the voice conversion in terms of both speech quality and identity mapping. 

1.4 AUTHOR’S CONTRIBUTIONS 

The research conducted to address the stated objectives led to findings and solutions to a variety of 
tasks involved in the process of voice conversion. 

Some of the contributions are directly related to the VLBR speech codec framework: 
 A new framework for voice conversion based on a speech codec representation which 

adds the advantage of efficient compression. 
 A method to correct voicing problems particular to the proposed speech codec framework 

induced by spectral conversion. 
 A practical solution to collect speech data for voice conversion over phone calls 

facilitated by the proposed speech codec framework. 
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 A method to improve the quality of the models trained and to reduce the distortions 
perceived during the non-speech parts of the converted samples, which takes advantage of 
the proposed speech codec framework. 

Several ideas have been proposed to upgrade the performance of codebook based methods by 
reducing the memory footprint and improving the spectral smoothing. 

 The idea to use multi-stage vector quantization (MSVQ) for voice conversion in order to 
reduce the memory footprint of the conversion model. This may additionally improve the 
accuracy and reduce the complexity. 

 An extension of the vector quantization framework with a local linear transformation 
technique was shown to reduce the over-smoothing and obtain better perceptual results 
than the popular GMM-based approach. 

 A dynamic programming approach to model temporal evolution and use temporal 
information to improve the spectral continuity. 

Other novelties of this thesis are related to the various training scenarios. 
 A soft alignment method that allows multiple mappings per frame and assigns alignment 

probabilities to source-target frame pairs. 
 An alignment scheme for text-independent data (both intra- and cross-lingual). The 

method is based on phonetic segmentation and on speech coding techniques for temporal 
decomposition [16]. 

 A practical solution to text independent voice conversion by using a TTS system to 
generate  in  turn  speech  parallel  to  the  source  utterances  and  then  speech  parallel  to  the  
target utterances. The source-to-TTS and TTS-to-target conversion functions are 
computed using methods for parallel data and then concatenated.  

The next contributions resulted from the study of the GMM-based conversion. 
 An efficient scheme to re-estimate a conversion function by using limited amount of data 

from a new speaker to adapt an existing well trained function. 
 A method to objectively evaluate the performance achievable by a GMM directly from its 

parameters without performing an actual conversion. A direct relationship was found 
between a proposed trace measure and the mean squared error scores. 

 A clustering scheme for the training data using auxiliary features besides the spectral ones 
to achieve minimal intra-cluster variability. Each cluster will train a different model. A 
classifier is used to select the correct conversion model. 

 The idea to extract and convert dynamic features and use them to improve the conversion 
of the static features using optimization techniques. 

A major contribution is to propose a new thinking about voice conversion: 
 A new formulation of the spectral envelope as product of a style factor representing the 

voice characteristics and a content factor representing the underlying phonetic content. 
The method showed robust performance with reduced training sets. This separation may 
be useful also for speaker identification and speech recognition tasks. 

Finally, other contributions are: 
 To propose and test the concepts of contextual and local modeling, a scheme in which 

multiple models are trained on possibly overlapping subsets of the training data. 
 A hybrid GMM-frequency warping voice conversion system based on parametric speech 

representation and a technique for automatic calculation of the warping function. 
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1.5 THESIS OUTLINE 

This section presents the organization of the thesis summarizing the chapter contents. 
Chapter 2 introduces the fundamentals of voice conversion starting with the mechanisms of 

human speech production and continuing with the functional parts of a voice conversion system: the 
analysis/synthesis method, the speech parameterization, the alignment and the model estimation. The 
state of the art solutions are critically discussed emphasizing their limitations. 

In Chapter 3 a parametric framework for voice conversion based on a VLBR speech codec is 
presented. This chapter gives details about the speech representation and parameter estimation and 
demonstrates the framework’s operability in a GMM based conversion. A practical use of the 
favorable compression properties in data collection is presented together with a noise attenuation 
technique and a voicing level correction scheme. The publications relevant for this chapter are [36], 
[37] and patent applications [38] and [39]. 

Chapter 4 addresses the alignment problem proposing solutions to all training scenarios. For text 
dependent data, it proposes and demonstrates the concept of soft alignment. For text independent data 
two other schemes are introduced: one based on phonetic segmentation and temporal decomposition 
and another based on TTS and cascading of a source-to-TTS conversion model with a TTS-to-target 
model. This chapter is based on publication [40] and patent applications [41] and [42]. 

Chapter 5 and Chapter 6 are dedicated to the central problem of voice conversion and of this 
thesis, the spectral conversion. Chapter 5 presents a group of algorithms aimed to improve different 
aspects of the GMM based voice conversion: a method for efficient evaluation of GMM-based 
transformations, a conversion scheme based on clustering and mode selection, a technique for 
efficient re-estimation of conversion models from limited data and a conversion approach based on 
temporal dynamic features. These ideas have been published in [43][44][45][46]. 

Among the techniques proposed in Chapter 6, some can be regarded as extensions of a vector 
quantization framework. These include a memory saving scheme, a conversion approach based on 
local linear transformations and a dynamic programming scheme that optimizes the temporal 
evolution of spectral parameters. In addition, the chapter formulates a new perspective on voice 
conversion showing how factor analysis tools, and in particular bilinear models, can be used to 
decompose the speech signal into two factors representing the voice characteristics and phonetic 
content respectively. The concept of contextual modeling is also briefly introduced. The last part of 
the chapter describes how the hybrid GMM-frequency warping conversion scheme should be adapted 
to work with a parametric speech representation and proposes an automatic technique for formant 
alignment and warping function calculation. The chapter is based on publications [47][40][48] and 
patent applications [49]. 

Chapter 7 summarizes the contributions of this thesis, presents the remaining open issues and 
indicates directions for future research. 
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Chapter 2 

Stand-Alone Voice Conversion 
System 

The voice conversion scenario in which a mapping function is learned from some initial training data 
of the source and target speakers is referred to as stand-alone voice conversion. This scenario has 
been the main focus of the voice conversion research until now and will be presented in more detail 
in this chapter together with the most important results proposed in the literature. 

A typical stand-alone voice conversion system is presented in Figure 2.1 and consists of two 
modules. The training module finds an optimal speech transformation based on the training data from 
the source and target speakers while the conversion module applies this transformation to convert 
new utterances of the source speaker.  

A very important role in the design of a voice conversion system is played by the speech model 
used to analyze the input signal and to re-synthesize the modified speech. A good analysis/synthesis 
framework has to permit flexible spectral modifications without compromising the quality of the 
reconstructed speech signal. An overview of the most common frameworks is given in section 2.1. 

Voice  conversion  systems  typically  process  speech  on  a  frame  basis.  Because  it  is  difficult  to  
convert the speech in the form resulted from the analysis (signal windows, short-term spectra etc.), 
all voice conversion systems parameterize speech frames in order to conveniently represent the 
identity information and to simplify the training and conversion. The representation of speech in a 
parametric domain is called feature extraction. The extracted features are often required to have good 
interpolation properties. The typical features used in voice conversion are presented in section 2.2. 

In order to learn a mapping function from the training data it is necessary to determine a 
correspondence between training speech units of the two speakers. This correspondence is usually 
established between acoustic classes or between individual frames in a process known as alignment. 
An alignment in the strict sense may also be omitted through model adaptation techniques which 
would, for instance, adapt an already trained transformation. The alignment type largely depends on 
the properties of the training data and on the particular spectral transformation used by the voice 
conversion system. The classification of training corpora and alignment methods are presented in 
section 2.3. 
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Figure 2.1: Block diagram illustrating a stand-alone voice conversion system. The training phase generates 
conversion models based on training data, which includes speech from both source and target speakers. In the 
conversion phase, the trained models can be used for converting unseen utterances of the source speech. (from 
[50]) 

After feature extraction and alignment, the model estimation block calculates the transformation 
function which optimally converts the speaker dependent characteristics of the speech signal. The 
transformations may occur at two levels: prosodic and spectral. In terms of prosodic conversion, a 
simple range scaling and mean shifting of the pitch level is often considered sufficient for identity 
mapping. More complex alternatives for converting pitch contours, durations and energy have also 
been proposed in the literature. The spectral conversion is the most important part of a voice 
conversion system. Section 2.4 introduces the most typical spectral transformations such as mapping 
codebooks, frequency-warping functions, neural networks or probabilistic linear transformations. 

As shown in Figure 2.1 the transformation functions resulted from the training process are used to 
convert new input utterances from the source speaker. Given the transformations, the conversion 
process is independent of the training and can be implemented as a separate module in a voice 
conversion system. Frame by frame, the signal goes through feature extraction, parametric 
conversion and re-synthesis. The actual conversion is performed in the parametric domain. 

 



11 

2.1 ANALYSIS / SYNTHESIS FRAMEWORKS 

An important part in the design of a voice conversion system is represented by the speech model used 
for the analysis of input signals and reconstruction of the modified signals. A speech model suitable 
for voice conversion should have the following characteristics [18]: 

 It provides high fidelity reconstruction of the signal from the model parameters (copy 
synthesis). 

 It can operate modifications of the prosodic attributes of speech such as pitch, duration and 
intensity without introducing artifacts. 

 It supports flexible spectral modifications without degrading the quality of the synthesized 
speech. 

The first two characteristics guarantee that the speech model is good for synthesis purposes. There 
is a close relationship between the voice conversion algorithms and the underlying synthesis system 
and their correct interaction is important when transforming the acoustic features. In fact, the 
analysis-synthesis process may introduce artifacts in the converted signal. The most common speech 
models used for synthesis and voice conversion are presented next. 

2.1.1 PSOLA Methods 
TD-PSOLA [7] is a very popular synthesis technique which allows artifact-free prosodic 
modifications and provides high-quality synthetic speech. It operates by sampling windowed portions 
of the original signal and then re-synthesizing them with a basic overlap-add procedure. However, as 
the speech modification is operated directly from the samples, the method lacks control over spectral 
envelopes which makes it unsuitable for voice conversion.  

For spectral manipulations, some other implementations of PSOLA are preferred. Unlike TD-
PSOLA, FD-PSOLA technique [15] modifies the speech signal in the frequency domain, therefore 
allowing for easy spectral manipulation. In LP-PSOLA [15], the PSOLA technique is combined with 
a residual-excited LPC model of speech. The speech signal is separated into a time-domain excitation 
and a time-varying spectral envelope. The modifications are operated on the excitation signal and the 
result is combined with re-synchronized spectral envelopes in order to generate the transformed 
speech. These variants of PSOLA are more suitable for voice conversion and have been used in some 
of the systems proposed in the literature [22][51][52][53][54][55]. 

2.1.2 Sinusoidal Models 
In a sinusoidal model the speech waveform is represented locally as a sum of sinusoids whose 
parameters vary with time. A harmonic model represents a special type of sinusoidal model whose 
sinusoids are estimated only at frequencies which are multiples of the local fundamental frequency. 
The sinusoidal model is suitable for all kinds of voice transformation for many reasons: 

 It provides high quality for speech reconstruction and prosodic modification. 
 The model parameters contain information about both the waveform and the spectrum. They 

can be used to derive estimates of the magnitude and phase spectral envelopes and therefore 
allow flexible spectral manipulation and voice conversion. 
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 The model characteristics are suitable for concatenative speech synthesis because it allows the 
suppression of the waveform and smoothing of the spectral discontinuities at the transition 
boundary between two adjacent units. 

 It supports data compression for embedded systems. 
 It is compatible with most of the voice conversion methods discussed later in this chapter and 

as such it has been adopted by many voice conversion systems [25][31][56][57][58]. 
 
McAulay and Quatieri 

Some of the most relevant contributions to the sinusoidal modeling of speech were made by 
McAulay and Quatieri. Originally the speech was modeled as a sum of time-varying sinusoids whose 
amplitudes,  frequencies  and  phases  were  measured  at  a  constant  frame  rate  using  a  simple  peak-
picking algorithm over the STFT [23]. 

( ) = ( ) ( )
( )

 (2.1) 

In equation (2.1) ( ) and ) represent the instantaneous amplitude and phase of the lth sinusoid, 
respectively, and ) is the number of sinusoids. 

In a later work by the same authors [24][59] the speech signal ( ) is assumed to be the result of 
passing a glottal excitation signal ) through a linear time-varying filter that models the 
characteristics of the vocal tract, the excitation being represented as a sum of sine waves. 

 
ABS/OLA, George and Smith 

The Analysis-by-Synthesis/Overlap-Add (ABS/OLA) sinusoidal model developed by George and 
Smith [60][13][14] is particular in some respects compared to others. First, it uses a constant frame 
rate and an ABS procedure to determine the parameters of the sinusoids. Considering that 1 
frames have been detected and subtracted one by one from the -th signal frame, the next sinusoid  

is found by adjusting its parameters ( ) ( ) )} to best fit the remaining residual such as to 
minimize the energy of the estimation error. In practice the best combination of parameters is found 
by evaluating the error at uniformly spaced candidate frequencies for which the optimal amplitude 
and phase are calculated using least-squares optimization. Another particularity of this model is that 
the time-varying waveform is generated by overlapping frames which are sums of constant-amplitude 
constant-frequency sinusoids 

[ ] = [ ] [ ] ( )[ ],     ( )[ ] = ( )cos ( ( ) + ( ))

( )

 (2.2) 

Here, [ ] represents the window used for OLA, ] denotes a gain variable in time, and  is 
the number of samples equivalent to the analysis frame rate; ] is the modeled speech waveform, k 
is a window index, ) ] represents an approximation of the speech signal in the th frame and  is 

the current index in the signal; ), ), )and ) denote the amplitudes, frequencies, phases 
and number of sinusoids modeling the th frame, respectively. 

 
Although the sinusoidal model can be considered in general an attractive speech representation, 

the large number of sinusoidal parameters makes the spectral manipulation more difficult than for 
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example in the case of the source-filter model introduced later. Moreover, the sinusoidal model does 
not provide control over the formant frequencies and bandwidths [61]. 

Regarding the aperiodic component of speech, in pure sinusoidal systems it appears as unvoiced 
bands modeled by similar sinusoidal parameters, but special techniques for frequency manipulation 
or frequency dithering are applied to preserve the noisy nature of these components. The hybrid 
models introduced next, use a separate stochastic model to describe the aperiodic component. 

2.1.3 Hybrid Models 
Hybrid models decompose the speech into a deterministic part and a stochastic part. The 
deterministic part is described with a sinusoidal or harmonic model while the stochastic part models 
the aperiodic components of the signal which are not well represented by sinusoids. This model has 
the advantage that the two components which are different in nature can be handled differently. In 
voice conversion such a differentiated treatment is beneficial considering that the transformation of 
voiced segments is much more important for the identity conversion than the transformation of 
unvoiced segments (where the deterministic component does not exist) [62]. Moreover, the voice 
quality can be manipulated to a certain degree by adjusting the energies of these two components in 
the voiced segments. On the other hand, this kind of signal decomposition and finding an appropriate 
transformation function for each component is not straightforward. 

 
Griffin and Lim, multiband excitation vocoder 

This model [63] represents the short-time spectrum of speech as the product of an excitation 
spectrum and a spectral envelope. The spectral envelope is a smooth approximation of the speech 
spectrum and the excitation spectrum is represented by a fundamental frequency, a voiced/unvoiced 
(V/U) decision for each harmonic of the fundamental frequency, and the phase of each harmonic 
considered voiced. The large number of frequency bands represents a difference to previous simpler 
models which used at most three bands. An analysis by synthesis approach is used to estimate the 
model parameters while the synthesis is carried out in time domain for the voiced portion of speech 
and in frequency domain for the unvoiced portion of speech. 

A technique based on this model is the multi-band re-synthesis overlap and add [64] (MBROLA) 
which avoids the pitch marking and allows spectral interpolation between voiced portions of the 
speech signal. 

 
Harmonic plus noise model 

HNM is based on a pitch-synchronous decomposition of the speech signal into a harmonic part 
and a noise part. The analysis windows are set at a pitch-synchronous rate during the voiced parts of 
the  signal  and  at  a  constant  rate  for  the  unvoiced  regions.  For  the  voiced  frames,  the  spectrum  is  
divided into two bands separated by a time-varying maximum voiced frequency. The low band 
consists of harmonically related sinusoids with slowly varying amplitudes and frequencies. The high 
band is determined by filtering a white Gaussian noise with a time-varying all-pole filter and 
modulating the result with a time-domain energy envelope. The pitch of the signal and the maximum 
voiced  frequency  are  both  estimated  in  the  first  step  of  the  analysis  using  a  time  domain  pitch  
detector [65]. In the voiced frames, the amplitudes and phases of the harmonic component are 
determined by minimizing a weighted time-domain least-squares criterion while the noise component 
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is represented with an AR model. A voiced frame is fully represented by its fundamental frequency, 
the number of harmonics, the discrete cepstrum coefficients, the phase envelope, the reflection 
coefficients of the AR filter and the gain of this filter. In contrast, an unvoiced frame is described 
only by the AR filter and its gain. 

2.1.4 STRAIGHT 
Based on the source-filter model of speech presented later in this section, STRAIGHT [66] provides 
flexible speech manipulation by separating the speech information into mutually independent source 
and filter parameters. STRAIGHT uses -adaptive spectral analysis combined with a surface 
reconstruction method in the time-frequency region, and an excitation source design based on phase 
manipulation. It allows very high manipulation factors for pitch and duration, without significant 
quality degradation. 

The procedures are grouped into three subsystems; a source information extractor, a smoothed 
time-frequency representation extractor, and a synthesis engine consisting of an excitation source and 
a time varying filter.  

 extraction based on instantaneous frequency produces reliable and smooth  trajectories. 
(Conceptually instantaneous frequency may be interpreted as the frequency of a sine wave which 
locally fits the signal under analysis.) The other source information extracted is the aperiodicity 
measure. A -adaptive spectral smoothing based on a cardinal B-spline basis function and a 
complimentary -adaptive time window effectively remove interferences due to signal periodicity 
from the time-frequency representation of the signal. The time varying filter is implemented as the 
minimum phase impulse response calculated from the smoothed time-frequency representation 
through several stages of FFTs. This implementation also enables suppression of “buzz-like” timbre, 
which is common in conventional pulse excitation, by introducing group delay randomization in the 
higher frequency region. 

2.1.5 Source-Filter Model 
The source-filter model introduced by Fant [1] forms the basis for many popular speech production 
models. According to this model the speech signal can be seen as a source or excitation signal (the 
glottal source, or noise generated at a constriction in the vocal tract), filtered with the resonances in 
the cavities of the vocal tract downstream from the glottis or the constriction. Therefore, a speech 
signal is represented as follows. 

( ) = ( ) ( ) ( ) ( ) (2.3) 
where ) is the acoustic speech waveform, ) is the excitation, ) is the glottal model, ) is 
the vocal tract filter, and ) is the lip-radiation impedance. The excitation is an impulse train with 
the same frequency as the pitch for the voiced sounds and random noise for unvoiced sounds. In 
some cases, it is convenient to combine the three latter factors as a single transfer function ). 

By modeling the vocal tract as a cascade of lossless acoustic tubes a linear model for speech 
production can be derived. 
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Linear prediction model 

Linear prediction represents a powerful speech analysis technique based on the concatenated 
lossless acoustic tube model. Under this assumption the composite spectral effects of glottal 
excitation, vocal tract, and lip radiation are represented by a time-varying all-pole lter with the 
transfer function ) of the form. 

( ) =
( )
( )

=
1

 (2.4) 

where ) and ) are the z-transforms of output and input signals, respectively.  and  denote 
the gain and coefficients of the filter, respectively. If the order  of  the LP filter  is  high enough to 
capture the spectral envelope of speech, this all-pole model performs a good reconstruction of speech 
for all speech sounds when it is excited by an accurate enough input signal (excitation). In the 
simplest synthesis structure, the filter is excited by an impulse train for voiced speech and by random 
noise for unvoiced speech. In addition to the traditional two-state excitation model some other open-
loop as well as analysis-by-synthesis excitation models have been proposed in the literature [67]. 
Recently, a deterministic plus stochastic model of the residual signal was shown to convey important 
speaker characteristics and enhance the synthesis quality [68]. The main advantage of the linear 
prediction model is that the filter coefficients, , and gain parameter, ,  can  be  estimated  in  a  
computationally efficient manner using linear predictive analysis. 

 

Figure 2.2: Linear speech models and voiced/unvoiced speech representations. (a) Fant’s speech production 
model. (b) All-pole source-system model. (c) Graphical representation of voiced speech production. (d) 

Graphical representation of unvoiced speech production. (from [67]) 

In a -order linear predictor the present sample of the speech sequence is predicted from a linear 
combination of  past samples, as: 

( ) = ( ) (2.5) 

where ( ) is  the predicted sample and  represent the LP coefficients. The prediction parameters 
are calculated by minimizing the mean squared error  according to: 

= 0,   = 1,2, … ,   (2.6) 

where 

Glottal 
Model 

Vocal 
tract 

Spectral 
Correct. 

Lip 
Radiation 

Synthetic 

Speech 

V/UV 

Excitation 

Synthetic 

Speech 

V/UV 

Excitation 
A(z) 

Voiced 

Unvoiced 

time time time 

time time time 

+ 

+ 
 

gain 

* 

* 



 

16 

= [( ( )) ] = [( ( ) ( )) ] (2.7) 
and [·] is the statistical expectation. The LP coefficients  are determined by solving the system of 
equations (2.6) with either the autocorrelation method [69][70][71] or the covariance method [72]. 

One of the major issues in LPC is the quantization of the LP parameters [73][74]. Since the direct 
quantization of the LP coefficients may lead to instability of the synthesis filter some alternative 
representations have been derived. A widely used representation is the Line Spectrum Frequencies 
(LSF). 

 
Line spectral frequencies (LSF) 

The LSF coe cients are calculated using a symmetric polynomial, ), and an anti-symmetric 
polynomial, ), obtained from the prediction error filter ) as follows. 

( ) = ( ) + ( ) ( ) (2.8) 
( ) = ( ) ( ) ( ) (2.9) 
where  ( ) = 1  (2.10) 

The polynomials ) and ) have some particular properties [75]: 
 All their roots are situated on the unit circle. 
 The roots of ) and ) are interlaced. 
 If the previous conditions hold after quantization or interpolation, then the minimum phase 

property of ) is preserved. 
From the first property, we observe that the roots of ) and ) can be expressed in terms of 

the frequencies  (as ). These  frequencies  are  called  LSFs  and  can  be  derived  from  
equations (2.8) and (2.9) in several ways, for example, by applying a discrete cosine transformation 
[76] or using Chebyshev polynomials [77].  

Being closely related to the speech formants, the LSFs have the advantage that they can be coded 
using perceptual quantization methods. On the other hand, the computational complexity represents a 
drawback. 

 
It should be noted that the source-filter model has certain limitations, and cannot describe all 

types of speech production [16][67]. The lossless assumption for the acoustic tubes used to model the 
vocal tract is inexact because in reality, the vocal tract is not lossless [16]. Moreover, sounds 
produced by the nasal tract cannot be explained by an all-pole model. Also, there are certain forms of 
speech, such as voiced fricatives, which require dual excitation modes. However, this model forms 
the foundation for later models which have attempted to account for additional factors, for example 
improved modeling of nasalities was achieved with pole-zero models [78][79][80]. 

2.1.6 Glottal / Articulatory Models 
Glottal inverse filtering [81][82] is a procedure used to estimate the glottal volume velocity 
waveform, which acts as source of the voiced speech, from speech pressure signals. This procedure is 
equivalent to obtaining the glottal volume velocity ) from the equation 

( ) =
( )

( ) ( )
 (2.11) 
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where ), ) and ) represent  z-transforms  of  the  speech  waveform,  vocal  tract  and  lip  
radiation, respectively. Considering the lip radiation effect ) to be a fixed differentiator [83], only 
the vocal tract parameters have to be estimated in order to compute the glottal flow from the speech 
pressure signal with the previous formula. 

Note that the source signal determined in equation (2.11) is different from the residual excitation 
that appears in the linear predictive (LP) model. In the conventional LP analysis a single all-pole 
filter is estimated which combines the spectral effects of glottal excitation, vocal tract and lip 
radiation while the excitation is either an impulse train or a spectrally white noise. On the other hand, 
the excitation given in equation (2.11) is not spectrally white and is allowed to have spectral 
envelopes of different decays. 

In the past decades several methods have been proposed for estimating the glottal flow from 
speech, see e.g. [84][85][86][87][88][89][90]. One automatic implementation of glottal inverse 
filtering is known as iterative adaptive inverse filtering (IAIF) [84] [91]. 

 
Iterative adaptive inverse filtering (IAIF) 

IAIF [84][91] performs automatic decomposition of the voiced speech into vocal tract transfer 
function and glottal source in two phases. First, it computes a first-order all-pole model to obtain a 
preliminary estimate for the glottal contribution. In the second phase, it applies a higher order all-
pole model which can estimate the contribution of the glottal source more accurately. 

2.2 COMMON PARAMETERIZATIONS FOR SPECTRAL 
CONVERSIONS 

It is usually difficult to convert voices directly from the representations resulted from the analysis 
(signal periods, short-time spectrum samples, LPC coefficients, amplitudes/frequencies/phases). The 
role of parameterization is to find a set of features that capture speaker identity and can be easily 
converted while maintaining a high quality of the converted speech. Low dimensionality and good 
interpolation properties of these features are desirable and beneficial for the purposes of voice 
conversion. The feature extraction, conversion and re-synthesis is typically operated on a frame-by-
frame basis (segmental level) and only in few cases extended to supra-segmental features like pitch 
contours. The existing studies [92][93][94][95][96] indicate short time spectral envelope and pitch to 
have the highest contribution to the individuality. Consequently the vast majority of the voice 
conversion systems are focused on the transformation of these characteristics. This section presents 
some of the most common types of parameterization used in voice conversion. 

 
Formants: The formant frequencies, bandwidths and intensities are very attractive spectral 

descriptors but their estimation is usually challenging. 
 
LSF: The LSFs are derived from the LP coefficients and for the purpose of spectral modification 

they have several attractive properties compared to other spectral representations which made them a 
very popular choice for voice conversion systems [31][62]. 

 Local sensitivity: A perturbation of one coefficient has only a local effect on the spectrum.  
 Stability: The ascending order of the coefficients guarantees the filter stability. 
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 Close relationship to formants (spectral peaks): The distribution of the coefficients 
corresponds largely to the formant locations and bandwidths.  

 Good interpolation properties. 
 
Cepstral coefficients (MFCC, MCC): They model both spectral peaks and valleys. Being reliable 

for the measurement of acoustic distances they are especially useful for alignment. MCCs in 
particular have been widely used in both stand-alone voice conversion as well as HMM based 
synthesis. 

Standard linear prediction coef cients give information on the formants (peaks) but not the 
valleys (spectral zeros) in the spectrum whereas cepstral processing treats both peaks and valleys 
equally. The generalized Mel-cepstral analysis method [97] provides a uni cation that offers 

exibility to balance between them. The procedure is controlled by two parameters,  and , where  
balances between the cepstral and linear prediction representations and  describes the frequency 
resolution of the spectrum. Mel-cepstral coef cients (MCCs) (  = 0,  = 0.42 for 16 kHz speech) are 
a widely used representation in both voice conversion and HMM-based speech synthesis 
[98][99][100][101]. 

 
Spectral samples: Spectrum samples have been used typically in frequency warping based 

systems. 
 
In addition to the spectral envelope parameterizations introduced previously some typical features 

related to the source excitation are pitch and voicing. Sometimes the details of the excitation spectra 
need to be modeled as well, as is the case for sinusoidal modeling. A common approach for pitch 
conversion is to shift the mean and scale the variance of  or log ) to  the  values  of  the  target  
speaker. The voicing feature describes the level of aperiodicity and can take various forms from a 
simple binary variable to more refined representations which allow various degrees of aperiodicity or 
describe the aperiodicity for individual frequency bands. 

2.3 ALIGNMENT TECHNIQUES 

Voice conversion systems learn a mapping function based on a correspondence between the source 
and target training data. This correspondence is established in a process called alignment and can be 
realized in several ways. In the most typical case it is realized between acoustic classes or between 
individual frames but an alignment in the strict sense may also be omitted using adaptation 
techniques to adapt an already trained transformation. The specific alignment strategy and method 
are largely influenced by the properties of the training corpus and by the concrete spectral 
transformation used. 

The characteristics of the training corpus lead to several voice conversion scenarios. The training 
data  is  said  to  be  parallel or text-dependent if  the  utterances  of  the  source  and  target  speakers  are  
based on the same text and it is called non-parallel or text independent otherwise. An extreme case of 
text independent voice conversion is the cross-lingual conversion where the speakers speak different 
languages with typically different phoneme sets. For parallel data, well-studied methods are able to 
achieve optimal time-alignment while for the other cases the source-target correspondence is not 
always obvious. The main alignment paradigms are discussed in the following paragraphs. 
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2.3.1 Frame-to-Frame Alignment 
The most common type of alignment is in the form of source-target frame pairs. This frame-level 
correspondence can be realized in many ways depending on the type of training data. The parallel 
data has the advantage that exactly the same sentences are uttered by the source and target speakers 
which guarantees that the phonetic sequences are the same for both speakers. In this case the 
dominant alignment technique is dynamic time warping (DTW) [26][25][31][54][102] which 
determines the optimal source-target pairs by searching the path of minimal global distortion. The 
main shortcoming of DTW is that it doesn’t take into account the differences between speakers. For 
best results speaker normalization should precede DTW but this is typically omitted since the 
normalization itself requires a predetermined source-target correspondence. Stylianou proposed a 
method [103] in which the result of a first DTW alignment is used to obtain an initial estimate of the 
conversion function while a second DTW realigns the converted and target vectors increasing the 
alignment accuracy. 

Another possibility to align parallel training utterances, if the phonetic transcriptions are known, 
is based on HMMs. The sentences are segmented into phonetic units using speaker dependent models 
and linear time warping [104] or dynamic time warping [56] is applied inside the units to obtain a 
high-accuracy correspondence between the source and target vectors. A disadvantage of this 
approach is that the training of accurate speaker dependent HMMs requires rather large data from 
both speakers. 

In [105] statistical methods and maximum likelihood criteria have been used to optimize 
simultaneously the spectral conversion function and the correspondence of vector sequences. This 
approach is reported to outperform the typical case when alignment and training are separate 
processes. 

Although parallel training data simplifies the alignment, in a more realistic scenario only non-
parallel corpora may be available. A number of methods have been proposed to determine the source-
target frame correspondence from such non-parallel data. Some of these ideas are specifically 
addressed to intra-lingual voice conversion while others, based exclusively on acoustic features, are 
also compatible with the cross-lingual case. 

The customization of a TTS synthesizer is a special application where the alignment problem can 
be reduced to the parallel case by using the TTS system to generate the same sentences as those of 
the target speaker [104]. This approach is not compatible with cross-lingual applications. 

In a technique suggested by [106] and developed as an intra-lingual solution, state indexes are 
assigned to all source and target frames using a speech recognizer with speaker-independent HMMs. 
Given a state sequence of the source speaker the method retrieves the longest matching sub-
sequences from the target speaker labeled data until all the frames in the source sequence are paired. 

In cross-lingual voice conversion it is impossible to obtain parallel training corpora because the 
phoneme sets of the two speakers are different. This is the most extreme case in terms of alignment 
but once the alignment is solved the training of conversion functions becomes an easy task. When at 
least one of the speakers is bilingual it is possible to obtain a parallel corpus and use conventional 
methods to estimate the conversion function [107][108][104]. In practice the requirement of bilingual 
speakers represents a serious limitation. For aligning frames over a cross-lingual corpus it is desirable 
to use techniques based exclusively on acoustic features for several reasons: they avoid the need for 
bilingual speakers and since they do not use any linguistic information they allow text-independent 
and language-independent voice conversion. Moreover, these techniques transform the non-parallel 
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and cross-lingual corpora into parallel ones. A selection of methods compatible with both non-
parallel and cross-lingual training data is presented next. 

Suendermann [109] proposed a class mapping approach. The source and target data are clustered 
independently and each source acoustic  class  is  mapped to a  target  class  based on the similarity  of  
associated vocal-tract-normalized centroids. All the vectors in all the classes are mean-normalized 
and the alignment of each source frame is realized by finding the nearest neighbor in the 
corresponding target class. 

Given a source vector sequence } of length  a dynamic programming technique was proposed 
[110] to find a corresponding sequence of target vectors } that minimizes the cost function: 

({ }) = ( , ) + (1 ) ( , ) (2.12) 

where the function (. ) represents and acoustic distance between two spectral vectors. The cost 
function resembles the idea of unit selection being composed of a source-target cost (first term) and a 
concatenation cost (second term) whose relative importance can be adjusted though the parameter . 
The downsides of this method are the intensive computation but also the fact that the optimal 
sequence } becomes  closer  to  } when the training data is increased leading to poorer 
conversion results. 

In [111] the authors present an alignment scheme for text-independent voice conversion 
maintaining phonetic accuracy and the internal topology of the parameter space. The common 
phonetic clusters are used to determine an initial weighted linear mapping. The mapping is based on 
several of the nearest phonetic clusters in order to ensure continuity. The result of this alignment is 
used to initialize a self-organizing iterative learning algorithm for nonlinear data alignment. The self-
organizing algorithm learns a topology-preserving mapping in which neighboring input points are 
mapped to neighboring outputs. For the cross-lingual case a manifold expansion scheme is used to 
map the unaligned source vectors according to the aligned data starting with those source vectors 
which have a maximum number of aligned neighbors. The evaluations show improved alignment 
accuracy and stability. 

The approach introduced in [112] is a data-driven alignment method for nonparallel corpora based 
on the iteration of some existing voice conversion techniques. The alignment is initialized with a 
nearest neighbor scheme which maps each source vector to the nearest target vector and each target 
vector  to  the  nearest  source  vector.  This  data  is  used  to  train  a  GMM  and  the  traditional  GMM  
conversion is applied to the source data. The nearest neighbor alignment is repeated replacing the 
source vectors with the converted ones. By iterating these steps the converted vectors are converging 
towards the corresponding target vectors leading to a progressive improvement of the alignment. The 
method does not require phonetic information and is shown to achieve similar performance to an 
equivalent system trained on a parallel corpus. 

2.3.2 Alignment of Acoustic Classes 
In some voice conversion systems the alignment is realized as a correspondence between acoustic 
classes and the conversion functions are typically class dependent. The systems based on codebook 
mapping or frequency warping [52] [113] are good examples. A common classification of the 
acoustic data is based on phonemes or phoneme groups. 
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In [113] the acoustic classes are defined as states of a HMM. A speaker-independent HMM is 
used to segment the source and target speakers’ utterances into states establishing an implicit 
correspondence between them. In [52] the classification is realized using clustering and the 
correspondence between source and target classes is determined based on minimum-distance criteria. 

2.3.3 No Alignment 
An alignment in the strict sense is not always necessary. One possibility is to train an acoustic model 
for one of the speakers and use the model to determine an optimal transformation function. For 
example, in [56], hidden Markov models of the target speaker are trained and the conversion function 
is estimated such as to maximize the likelihood of the converted source vectors with respect to the 
target models. The conversion function used there is based on a Gaussian mixture model of the 
source space. 

In some other cases an already trained transformation between speakers  and  can be adapted to 
the acoustic data of a new target speaker . There are two different adaptation techniques: maximum-
a-posteriori (MAP) adaptation [114] and maximum-likelihood stochastic transformations (MLST) 
[115]. With MLST the conversion function can also be adapted to a different source speaker. 

Another case where the alignment is not necessary is the voice transformation obtained through 
adaptation techniques and HMM-based speech synthesis. In this case an initial HMM estimated from 
the training data of the source speaker is adapted to maximize the likelihood of the target speaker’s 
data with respect to the modified HMM [116][117]. 

2.4 SPECTRAL CONVERSION 

In general, the construction of a voice conversion system starts from an analysis/synthesis technique 
which allows the reconstruction of speech signal with minimum loss of quality. The speech 
representation and type of parameterization are chosen depending on the desired modifications and 
algorithms used. The spectral modification aims to transform the spectral/acoustical features 
preserving the speech quality and represents a central task of voice conversion systems. The spectral 
information is typically manipulated in the form of spectral envelopes which are smoothed versions 
of the Fourier magnitude spectra, often independent of the fundamental frequency. Most part of voice 
conversion literature is concerned with the spectral conversion task and numerous solutions have 
been proposed. Despite their diversity these techniques can be grouped in several categories 
depending on the type of transformation. This section presents in more detail the existing methods 
and algorithms for spectral conversion. 

2.4.1 Mapping Codebooks 
A basic voice conversion technique is codebook mapping [26]. The simplest way to realize codebook 
based mapping would be to train a codebook of combined feature vectors . Then, during conversion, 
the source side of the vectors could be used for finding the closest codebook entry, and the target side 
of the selected entry could be used as the converted vector. The classical paper on codebook based 
conversion [26] proposes a slightly different approach that can utilize existing vector quantizers. 
There the training phase involves generating histograms of the vector correspondences between the 
quantized and aligned source and target vectors. These histograms are then used as weighting 
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functions for generating a linear combination based mapping codebook. Regardless of the details of 
the implementation, codebook based mapping offers a very simple and straightforward approach that 
can capture the speaker identity quite well, but the result suffers from frame-to-frame discontinuities 
and poor prediction capability on new data.  

A fundamental problem of codebook mapping is the discrete representation of the acoustic spaces 
as a limited set of spectral envelopes. Another severe problem is caused by the frame-based operation 
which ignores the relationships between neighboring frames or any information related to the 
temporal evolution of the parameters. These facts produce spectral discontinuities and lead to a 
degraded quality of the converted speech. A number of methods have been proposed in the literature 
to address these drawbacks and improve the spectral continuity of the codebook mapping.  

In terms of spectral mapping, though, the codebook has the attractive property of preserving 
details of the training data. This property has been used by some authors to reinforce spectral details. 
For example, [118] proposed a hybrid GMM-codebook to reduce the spectral smoothing (absence of 
spectral details) of the GMM based conversion and the discontinuity issues of the codebook 
approach. Some enhancements to the basic codebook based methods are presented next in this 
section. 

 
Enhancements of the mapping codebooks technique 

The STASC (speaker transformation algorithm using segmental codebooks) method [51] addresses 
the problem of discrete representation of the acoustic space by utilizing a weighted sum of 
codewords in order to cover well the acoustic space of the target speaker. Phoneme centroids are 
computed for both the source and the target speaker, forming two codebooks of spectral vectors with 
one-to-one correspondence. In order to convert a source vector, a set of weights is determined 
depending on a similarity measure between the source vector and the set of centroids in the source 
codebook. The conversion is realized by using the weights to linearly combine the corresponding 
centroids in the target codebook. While improving the continuity with respect to the basic codebook 
approach, this method causes severe over-smoothing by summing over a wide range of different 
spectral envelopes. 

A later version of the STASC method [55] introduces a number of refinements. First, it eliminates 
the aligned source and target classes if they are significantly different due to accent reasons. Spectral 
equalization is used to compensate for the differences in recording environments and a pre-emphasis 
filter is proposed to increase the robustness to small variations in the speech signal.  

In [119] the authors noticed that, for a better detail preservation, only similar envelopes should be 
included in the averaging process and proposed a phoneme tied weighting scheme which splits the 
codebook into groups by phoneme types. The weighted summation is applied only to code-words 
belonging to the same group. 

Hierarchical codebook mapping [120] aims to improve the precision of the spectral conversion by 
estimating and adding a residual term to the typical codeword mapping. In addition to the mapping 
codebook between the source vectors  and the target vectors , a new codebook is trained from the 
same source vectors  and the corresponding conversion residuals . The residuals represent 
the differences between a real target vector  aligned to  and ’s conversion through the first 
codebook, . In conversion, both codebooks are used; the first for predicting a target codeword  and 
the second to find the corresponding residual . The final result of the conversion is obtained by 
summing outputs of the two codebooks, i.e. . Although hierarchical codebook mapping 
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improves to some extent the precision compared to the basic codebook based conversion, this 
approach is essentially only producing a finer representation of the acoustic space while being 
otherwise likely to inherit the fundamental problems of the basic codebook mapping. 

Trellis structured vector quantization [121] tackles the problem of discontinuities common for 
many codebook-based conversion approaches. The method operates with blocks of consecutive 
frames to obtain dynamic information and uses a trellis structure and dynamic programming to 
optimize a codeword path based on this dynamic information. Parallel training speech quantized in 
the form of codeword sequences is aligned and source-target codeword pairs are formed. Preceding 
codewords in the source and target sequences are combined with each pair forming blocks of 
consecutive codewords which reflect the speech dynamics. The conversion of a source speech 
sequence requires the construction of an equally long trellis structure whose lines correspond to the 
codewords of the target codebook. The nodes in the trellis structure are assigned an initial cost and a 
maximum number of so called survivor paths, or valid preceding target codewords. The initial cost is 
based on the similarities between the consecutive frames from the input sequence and memorized 
blocks consecutive source codewords while the survivor paths are selected based on memorized 
blocks of consecutive target codewords. The survivor paths are also associated a transition cost based 
on Euclidean distance. Dynamic programming is used to find the optimal path in the trellis structure 
resulting in a converted sequence of target codewords. The method proposes a rigorous way to 
handle the spectral continuity by utilizing dynamic information and keeping at the same time the 
advantages of good preservation of spectral details provided by the codebook framework. The 
approach was shown to clearly outperform the basic GMM and codebook-based techniques which 
are known to suffer from over-smoothing and discontinuities respectively. Compared to conventional 
VQ-based methods, the additional cost of this approach is an increase of the training model size by 
25% and extra computation related to the trellis algorithm during the conversion phase. 

A similar idea based on dynamic programming is found in [122]. Parallel training utterances are 
first segmented into phonemes using HMMs and the frame alignment is obtained by applying DTW 
inside each phone. The data of the two speakers is vector-quantized into separate codebooks } ..  
and } ..  and an x  histogram matrix  is obtained from the sequence of aligned and quantized 
training vectors where ) represents the number of occurrences of the pair }. Another ×  
matrix  is obtained for the target speaker, in which ) represents the transition probability from 
class  to class , based on the occurrences found in the training data. A source utterance given for 
conversion is first represented as a vector-quantized sequence of length . An associated x  
histogram matrix ) is built such that the -th row of ) is the row in  corresponding to the 

-th frame, representing the probabilities of each target class to form a pair with it. Finally, the best 
path from the first row of ) to the last one is found through dynamic programming. The result is 
a length  sequence of target codewords that maximizes the product between node probabilities in 

) and transition probabilities obtained from  included in the path. 

2.4.2 GMM and Linear Transformations 
Voice conversion based on linear multivariate regression was introduced in [22]. The parameter 
vectors of the source speakers are vector-quantized into  classes and for each class a transformation 
matrix  is determined as a least square solution to: 
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( ) = ( ) (2.13) 

where the columns of matrix ) are mean-normalized source vectors in class q and those of ) are 
formed by their aligned mean-normalized target vectors. In order to convert a sequence of source 
vectors, the frames are first vector-quantized and then normalized and converted according to the 
mean vector and transformation matrix of the assigned class. This method based on linear 
transformations achieves a good similarity to the target voice but the quality is affected by some 
audible distortions. 

The emergence of statistical methods marked an important progress in the field of voice 
conversion. A major drawback of the systems based on vector-quantization is related to the transition 
between classes which may produce discontinuities. This can be avoided if the acoustic space is 
divided into overlapping classes to which input vectors belong with a certain probability. The idea 
proposed by Stylianou in [19][25] is to fit a Gaussian mixture model (GMM) to the training vectors 
of the source speaker using the expectation-maximization (EM) algorithm [123]. 

( ) = ( , , ) (2.14) 

In this model of the source speaker’s acoustic space, , µ ) are Gaussian distributions defined 
by their mean vectors µ  and covariance matrices , and  are weights of these Gaussian 
components; ( ) denotes the probability distribution function (pdf) of the acoustic vectors  of the 
source speaker. The conversion function is defined as: 

( ) = ( )[ + ( )] (2.15) 

where ) denotes the conditional probability of the th Gaussian component given the 
observation  and the parameters  and  are calculated by minimizing the squared error between 
the transformed vectors ( ) and their aligned target vectors  over a parallel training corpus. 

A  GMM  can  also  be  used  to  approximate  a  joint  density  of  the  source  and  target  features.  In  
[31][124], the training vectors  of  the  source  speaker  and  their  aligned  target  pairs   are 
concatenated and a joint density GMM is  trained from the resulting vectors  = [ ]  using the 
EM algorithm [123]. The density of the joint vectors z is modeled as:

 
( ) = ( , ) = ( , , ) (2.16) 

where  is  the  prior  probability  of  the  th Gaussian component ),  denotes the 
number of components, and the mean  and covariance  of  the  th component are further 
expressed as: 

=
( )

( ) ,     =
( ) ( )

( ) ( )  . (2.17) 

The conditional probability of a converted vector y obtained from the input vector  through the mth 

Gaussian component is a Gaussian distribution defined by the mean ( ) and the covariance ): 
( ) = ( ) + ( ) ( ) ( ) , 

(2.18) 
( ) = ( ) ( ) ( ) ( ) . 

The conversion function which minimizes the mean squared error  
= [ ( ) ], (2.19) 
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is again a weighted sum of local regressions determined from the model parameters , µ, ). 
 

( ) = [ | ] = ( | , ) = ( | , ) ( | , , )  

(2.20) 

= ( | , ) ( ) = ( ) ( ) + ( ) ( ) ( )  

Here [. ] denotes expectation, (. ) probability density function,  is the GMM model, and     
( ) ) represents the posterior probability of the th Gaussian component for the 

observation : 

( ) =
, ( ), ( )

, ( ), ( )    . (2.21) 

The GMM based methods achieve a balance between quality and identity mapping which 
outperforms the previous techniques and they have become the most popular voice conversion 
approach.  The  soft  classification  based  on  GMM  has  the  role  to  eliminate  the  artifacts  caused  by  
sudden changes of the conversion function. On the other hand, the GMM based conversion has a 
number of shortcomings as follows. 

The control of model complexity is a crucial issue when learning a model from data. There is a 
trade-off between two objectives: model fidelity and the generalization-capability of the model for 
unseen data. This trade-off problem, also referred to as bias-variance dilemma [125], is common for 
all model fitting tasks. In essence, simple models are subject to over-smoothing, whereas the use of 
complex models may result in over-fitting and thus in poor prediction ability on new data. In addition 
to over-smoothing and over-fitting, a major problem in conventional GMM-based conversion, as well 
as in many codebook based algorithms, is the time-independent mapping of features that ignores the 
inherent temporal correlation of speech features. Despite its problems GMM based voice conversion 
has been a dominating technique in the field. In the following, we discuss these problems in more 
detail and review some solutions proposed to overcome them. 

 
Over-fitting 

In GMM-based voice conversion the GMM may be over-fitted to the training set as demonstrated 
in  Figure  2.3.  In  particular,  a  GMM  with  full  covariance  matrices  is  difficult  to  estimate  and  is  
subject to over-fitting [126]. With unconstrained (full) covariance matrices, the number of free 
parameters grows quadratically with the input dimensionality. One solution is to use diagonal 
covariance matrices , , ,  and with an increased number of components. In the joint-
density GMM, this results in converting each feature dimension separately. In reality, however, the 

th spectral  descriptor  of  the  source  may  not  be  directly  related  to  the  th spectral descriptor of the 
target, making this approach inaccurate. 

Over-fitting of the mapping function can be avoided by applying partial least squares (PLS) for 
regression estimation [99]; a source GMM (usually with diagonal covariance matrices) is trained and 
a mapping function is then estimated using partial least squares regression between source features 
weighted by posterior probability for each Gaussian and the original target features. 
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Figure 2.3: Example of over-fitting. Increasing the number of Gaussians reduces the distortion for the training 
data but not necessarily for a separate test set because the model might be over-fitted to the training set. (from 

[50]) 

Over-smoothing 

Over-smoothing occurs both in frequency and in the time domain. In frequency domain, this 
results in losing fine details of the spectrum and in broadening of the formants. In speech coding, it is 
common to use post-filtering to emphasize the formants [127] and similarly post-filtering can also be 
used to improve the quality of the speech in voice conversion. It has also been found that combining 
the frequency warped source spectrum with the GMM-based converted spectrum reduces the effect 
of over-smoothing by retaining more spectral details [128]. 

 
Figure 2.4: Example of over-smoothing. Linear transformation of spectral features is not able to retain all the 

details and causes over-smoothing. The conversion result (black line) is achieved using linear multivariate 
regression to convert the source speaker’s MCCs (dashed gray line) to match with the target speaker’s MCCs 

(solid gray line). (from [50]) 

In time domain, the converted feature trajectory has much less variation than the original target 
feature trajectory. This phenomenon is illustrated in Figure 2.4. According to [129], over-smoothing 

occurs because the term ) ))  in equation (2.20) becomes close to zero and thus the 
converted target becomes only a weighted sum of means of GMM components as 
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= ( ) ( ) . (2.22) 

To avoid the problem, the source GMM can be built from a larger data set and only the means are 
adapted using maximum a posteriori estimation [129]. Thus, the converted target becomes: 

= + ( ) ( ) ( )   . (2.23) 

Global variance can be used to compensate for the reduced variance of the converted speech 
feature sequence with feature trajectory estimation [100]. Alternatively, the global variance can be 
accounted already in the estimation of the conversion function; this degrades the objective 
performance but improves the subjective quality [130]. 

 
Time-independent mapping 

The conventional GMM-based method converts each frame regardless of other frames and thus 
ignores the temporal correlation between consecutive frames. This can lead to discontinuities in 
feature trajectories and thus degrade perceptual speech quality. It has been shown that there is usually 
only a single mixture component that dominates in each frame in GMM-based voice conversion 
approaches [99]. This makes the conventional GMM-based approaches to shift from a soft acoustic 
classification method to a hard classification method, making it susceptible to discontinuities 
similarly as in the case of codebook based methods. 

The solution proposed in [131] to the time-independency problem is to follow the GMM mapping 
function with a frame selection algorithm based on the principle of unit selection used in 
concatenative speech synthesis. The Viterbi algorithm is used to minimize an overall distance 
between the final sequence of target vectors and the sequence resulted through GMM mapping. In 
[100], the same problem is addressed introducing maximum likelihood (ML) estimation of the 
spectral parameter trajectory. Static source and target feature vectors are extended with first-order 
deltas, i.e = [ ]  and a joint-density GMM is estimated. In synthesis, both 
converted mean and covariance matrices of the equations (2.18) are used to generate the target 
trajectory. The trajectory estimation is similar to HMM-based speech synthesis. A recent approach 
[132] bears some similarity to [100] by using the relationship between the static and dynamic 
features to obtain the optimal speech sequence but does not use the transformed mean and 
(co)variance from the GMM-based conversion. To obtain smooth feature trajectory, the converted 
features can be low-pass filtered after conducting the GMM-based transformation [129] or the GMM 
posterior probabilities can be smoothed before making the conversion [99]. Instead of frame-wise 
transformation of the source spectral features, each phoneme was modeled to consist of event targets 
and these event targets are used as conversion features [133]. 

2.4.3 Frequency Warping 
Frequency warping is the third basic approach to voice conversion. Given a pair of source and target 
spectra or spectral envelopes ) and ), the technique determines a frequency warping function 

) that minimizes the spectral distance between )) and ). The undesired effect of the 
glottal source can be eliminated from this process by estimating and removing the spectral tilt from  
and  before  the  path  search.  In  the  simplest  case,  the  warping  function  can  be  formed  based  on  
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spectra representing a single voiced frame [27] and applied to all the spectral envelopes of a given 
source utterance. In the original article [22], the acoustic space is clustered using a vector-
quantization procedure and a different warping function is defined for each class. In the conversion 
phase, the source spectra are frequency warped depending on their acoustic class. These two basic 
versions have inherent drawbacks related to oversimplification and hard clustering but represent the 
basis  for  a  number  of  refinements  proposed  in  the  literature.  The  oversimplified  use  of  a  single  
warping function leads to low identity conversion scores while the hard clustering produces 
discontinuities. As we will see later, the frequency warping methods have some additional problems 
with preserving the shape of the modified formants and spectral amplitudes mapping which are 
difficult to address.  

The problem of hard clustering is addressed in [52] with a smoothing technique applied to the 
parameters of the warping functions of consecutive frames. The discontinuities between classes are in 
this way avoided leading to a high quality of the converted speech. The less successful identity 
conversion is most likely caused by the poor conversion of formant amplitudes and bandwidths.  

In [134][135] frequency warping is combined with bi-dimensional HMMs of formant trajectories. 
Initially, phonetic state segmentation is carried out by forced-alignment with speaker-dependent 
HMMs. Formant  candidates  for  each HMM state  are  obtained by LPC analysis  as  poles  of  the LP 
model. The poles that do not represent real formants are discarded and the formants, represented in 
terms of frequency, bandwidth and amplitude, are modeled using another HMM along the frequency 
axis. The result is a two-dimensional HMM which models the formant trajectories. The conversion of 
a given source frame  is described by the formula: 

[ , ] = ( , ) [ ( , ) ( , ) , ] (2.24) 
This warping function consists of a formant frequency component ), a bandwidth 

component ) and a spectral magnitude component ). An important drawback of this 
method is the difficulty of estimating the formants. 

Erro et al. [136] proposes a combination between a time varying frequency warping function and 
an energy correction filter, both derived from a GMM. A warping function is trained for each GMM 
component from representative source and target spectral envelopes. The warping function used to 
convert a given source spectral envelope is calculated as a weighted combination of the basic 
warping functions obtained in the training. The energy distribution of the frequency warped spectrum 
is modified according to the spectral envelope obtained with the classical GMM approach using an 
energy correction filter. The method is reported to achieve a better quality than the classical GMM 
approach because of the frequency warping which alleviates over-smoothing. On the other hand, it 
maintains the identity conversion scores similar to the GMM method due to the energy correction. 

The frequency warping methods can at best obtain very high speech quality but have limitations 
regarding the success of identity conversion, due to problems in preserving the shape of modified 
spectral peaks and controlling the bandwidths of close formants. Moreover, frequency warping does 
not allow formant merging or splitting which is often desirable in spectral conversion [137]. Proper 
controlling of the formant amplitudes is also challenging. Despite numerous refinements proposed in 
the literature the above-mentioned fundamental problems remain largely unsolved. 
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2.4.4 Nonlinear Models 
Artificial neural networks (ANN) represent a powerful tool for modeling complex (nonlinear) 
relationships between input and output. They have been applied in voice conversion almost at the 
same time when GMM methods were introduced but did not reach such an important impact. Their 
main disadvantage is the massive tuning needed to select the optimal network architecture. 

In  [138]  artificial  neural  networks  are  used  to  learn  a  transformation  of  the  first  three  formants  
between the source and the target speaker in a system whose speech generation is based on a formant 
synthesizer. A comparative study presented in [139] found the systems based on neural networks to 
be outperformed by GMM-based systems. 

In [140] the conversion of LPC spectral envelopes is realized using a radial basis function (RBF) 
network with three layers. The input vector x is applied to all the RBFs in the hidden layer which are 
defined by radially symmetric response functions with respect to their centroids : 

( ) =
1

2
 (2.25) 

where i represents the spread coefficient. 
Each element  of  the output  vector  y is  a  linear  combination of  the responses  from the hidden 

layer:  

( ) = ( )  (2.26) 

where ( ) is the th element of the output vector ), and  are the weighting coefficients. 
For a simpler training, the centroids  are calculated by applying the -means algorithm to the 

source training vectors and  is  defined  as  . The weight coefficients  are found by 
minimizing the squared error of the conversion over the training data. 

The voice conversion approach introduced in [98] is based on a multi-layer feed forward ANN 
trained from parallel data aligned with dynamic programming. The article also presents comparative 
results with the state of the art GMM system [100] indicating that the proposed ANN technique 
achieves similar performance levels. Finally, the article introduces an ANN technique able to capture 
speaker specific characteristics of a target speaker and to perform voice conversion without need for 
training  data  from  the  source  speaker.  In  this  method  ANN  is  used  to  train  a  mapping  between  a  
linguistic descriptive parameterization to a linguistic and speaker descriptive representation of the 
same target data. More precisely the linguistic representation is a low order LP spectrum while a high 
order LP spectrum would contain both linguistic and speaker related information. Once the mapping 
model  is  trained,  it  can be used to convert  linguistic  information from any arbitrary source speaker  
into the target speaker voice. 

Another alternative to model a nonlinear relationship is the kernel partial least squares regression 
[141]; a kernel transformation is carried out on the source data as a preprocessing step and PLS 
regression is applied on kernel transformed data. In addition, the kernel transformed source data of 
the current frame is augmented from kernel transformed source data from the previous and next 
frames before regression calculation. This helps in improving the accuracy of the model and 
maintaining the temporal continuity that is a major problem of many voice conversion algorithms.  

In [142], support vector regression was used for spectral conversion motivated by its remarkable 
capability to map non-linear relationships, to find the global minimum and remain at the same time 
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less prone to over-fitting than the methods based on ANN or GMM. The mapping function of the 
multi-dimensional SVR used here is given by: 

( ) = ( ) +  (2.27) 
where ( ) is a mapping function from the -dimensional input space to a higher dimensional 
space and = [ , … , ]  and = [ , … , ]  represent linear regressors determined by 
optimization techniques. The method uses a mixed kernel to balance between interpolation and 
extrapolation abilities improving the mapping performance. The discontinuities in the converted 
speech are overcome first by utilizing the dynamic information between the frames of the source 
speaker and secondly by adopting in the conversion phase a median filter to smooth the trajectories 
of the converted spectral parameters. The method is reported to achieve a good identity conversion 
and sound quality outperforming the state-of-the-art GMM based method. Compared to neural 
networks, the tuning of support vector regression is less demanding. 

2.4.5 HMM Based Methods 
As it was mentioned in the Introduction, a distinct branch of voice conversion has developed around 
the HMM-based speech synthesis using model adaptation techniques. Apart from this, there are 
stand-alone approaches to voice conversion based on HMMs that are not used for synthesis but for 
training conversion functions. 

In [143], the vocal tract parameters are converted using a linear transformation: 
= +  (2.28) 

The conversion parameters are trained from a large speech corpus of the source speaker and a 
small number of target utterances as follows. Speaker-dependent HMMs are trained from the source 
speaker’s corpus and then the MLLR technique is applied to find A and b which maximize the 
likelihood of the target data with respect to the mean-adapted HMMs. In the conversion phase, the 
transformation function given by A and b is applied for the conversion of the source vectors and then 
the transformed speech is generated from the converted parameters. 

The method proposed in [53] estimates a HMM from the training data and then a linear 
transformation similar  to  that  used in GMM based conversion is  calculated for  each state  based on 
the corresponding source-target frame pairs. A given source utterance is converted using state 
dependent conversion functions after a preliminary segmentation based on the trained HMM.  

In [56], HMMs are trained only from the target speaker’s data. A probabilistic transformation 
based on a GMM of the source vector space is determined such as to maximize the likelihood of the 
transformed vectors with respect to the HMM model of the target. 

2.4.6 Residual Conversion 
The methods reviewed previously perform the conversion of spectral envelope parameterizations 
derived in general by linear prediction. Some of these results considered satisfactory for the 
conversion of the vocal tract, in particular those based on GMMs, determined some authors to look 
for increasing the accuracy of the spectral transformation by transforming also the residual or 
excitation part of the signal, in order to improve the identity conversion scores and the quality of the 
converted speech. In [131], the use of the target residual (which retains a lot of the voice quality) in 
the synthesis of the converted speech was found to significantly increase the converted-to-target 
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voice similarity. The techniques discussed in this section are not performing spectral envelope 
conversion but act to complement it. 

Since the vocal tract contribution cannot be perfectly estimated by an all-pole filter we can 
consider that the residual or excitation signal carries several types of information as follows: 

 formants: The order of the vocal tract filter is obtained as a tradeoff between the frequency 
resolution and a vector length that permits a reliable transformation. Usually it is chosen as 
the lowest order that provides a desired quality level. Consequently, some of the spectral 
peaks and valleys are not captured well by this filter representation. Moreover, for certain 
phonemes like nasal consonants the spectral envelope contains not only poles but also zeroes. 
All these aspects are reflected in the residual or excitation signal. 

 phase:  By  approximating  of  the  spectrum  as  an  all-pole  filter  it  is  also  assumed  that  the  
minimum-phase response of the filter can model the phase envelope. This is not very realistic, 
therefore part of the phase information is included in the residual during the process of 
inverse filtering of the original speech.  

 the glottal source: If the all-pole filter is determined from the samples when the glottis is 
closed, the residual contains useful information about the glottal source, which is reported to 
have a strong relationship with the emotional aspect of the speech. 

 noise. 
If the residual is not modified as part of the voice conversion process the resulting utterance may 

be perceived as coming from a third speaker. In the next paragraphs, some residual conversion 
methods proposed in the literature are reviewed. 

In the STASC method [51] introduced previously, the conversion of the vocal tract parameter 
vectors is realized as a weighted summation of codewords of the target speaker in which the weights 
vi are determined from the distances of the input vector to each of the source codewords. A transfer 
function ) of  the  vocal  tract  filter  is  obtained  by  dividing  the  converted  and  input  spectral  
envelopes. The transfer function ( ) for the excitation is determined from the same weights as 
follows: 

( ) =
( )
( )

 , (2.29) 

where ) and ) represent average excitation spectra of the source and target speakers for 
the -th codeword. The global transfer function for the input frame is ( ). 

The residual selection method proposed in [62] is simple and requires storing the training data of 
the  target  speaker  as  pairs  of  vocal  tract  vectors  } and their associated residuals }.  In  the  
conversion phase, a residual is assigned to a converted filter ) by finding the closest  from the 
table. 

In [56], a -mixture GMM is trained from the target LSF vectors } which are then translated 
into a length  representation = [ ( ), … , )]  given by the probabilities of } 
belonging to each of the Gaussian components. If  is the matrix of residual vectors } found in the 
training data aligned column wise and the matrix  is formed column wise by } vectors obtained 
from the LSF vectors }, then the least squares solution to the system: 

=  (2.30) 
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is a matrix  of  columns which can be regarded as a set of codeword residuals corresponding to 
each of the Gaussian components of the trained GMM. In the conversion phase, a converted LSF 
vector ) is first translated into a probability vector p and its residual is calculated as: 

=  . (2.31) 
The authors used this method for amplitude residuals only, the phase envelope being predicted 
differently. 

A method presented in [54] consists of two phases called residual selection (similar to the one 
described in [62]) and smoothing. Some of the residuals determined in the residual selection phase 
are found to be inadequate and responsible for audible artifacts. Especially during the voiced regions 
the residual sequence is not expected to have abrupt variations considering the pseudo periodical 
nature of the signal. This problem is addressed using a Gaussian window of variable length to smooth 
the sequence of residuals according to the voicing of the frame to be converted. 

=
( , , )

( , , )
 (2.32) 

The summation is done over all the residual vectors  in the residual sequence associated with the 
converted vocal tract vectors. The term  is  a  constant,   denotes the voicing degree for frame  
taking values between 0 and 1 and , µ, ) is a Gaussian distribution with mean µ and standard 
deviation .  In  case  of  a  voiced  frame  we  obtain  a  window  which  averages  between  several  
neighboring residuals, while for unvoiced frames there is virtually no local smoothing and the 
residuals and their phase spectra change randomly. 

Another method of the same author resembles the idea of unit selection used in speech synthesis 
and is reported to outperform the previous one. The same table of residuals and feature vectors is 
built from the training data then, given a sequence of converted feature vectors )}, the sequence 
of residuals } is determined by minimizing the global cost function: 

({ }) = ( , ( )) + ( , ) (2.33) 

The  first  term  is  the  distance  between   and the residual assigned to ) by the selection 
technique described in [62] and the second term can be regarded as a concatenation cost between two 
residuals. 

In [144], the VTLN technique originally used for spectral envelopes was also applied to residuals. 
Despite expectations this was found to positively influence the identity conversion and have 
negligible effects on the quality. 

A study presented in [145] revealed that there is a much higher correlation between the vocal tract 
filter and excitation of the same speaker than it is between the residuals of different speakers. The 
authors compared three schemes which used the same technique for vocal tract conversion but 
different methods of residual manipulation as follows: 

 No residual conversion, the source residual is left unchanged. 
 Predicting the target residual from the input source residual based on a codebook of aligned 

source and target residuals. 
 Predicting the target residual from the converted vocal tract based on a similar codebook. 

The study showed that the latter method produced the best results. 
The previous finding is taken one step further in [146] where the residual is considered to depend 

not only on the vocal tract but also on . The authors report performance improvements due to the 
sub-classification based on . 



33 

In contrast to other methods which cluster the training LSF vectors } of the target speaker, the 
method presented in [147] clusters their associated residuals } instead. The distribution of LSF 
vectors is then modeled by independent GMMs for each cluster and the transition probability 
between the clusters is extracted from the training data. In the conversion phase, the residual  
associated to a converted LSF vector ) is found as a linear combination of the residual centroids 
with weights calculated from the GMMs and from the transition probabilities. This technique is 
reported to outperform the conventional residual prediction approaches. 

The research on residual conversion appeared as a means to enhance the spectral conversion 
accuracy after the GMM-based vocal tract conversion has been considered successful enough by 
some researchers. Despite the improvements achieved by these methods, high-resolution voice 
conversion remains an open topic of research. 
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Chapter 3 

Parametric Framework for Voice 
Conversion 

The speech model used for the analysis of input signals and for the reconstruction of the modified 
signals represents an essential component of the voice conversion system and should be designed in 
accordance with the desired speech transformations. For the purpose of voice conversion a good 
speech model should allow flexible spectral and prosodic modifications and provide high-quality 
waveform re-synthesis. An additional goal is to have a voice conversion system that is compatible 
with TTS and with speech coding which would facilitate its use for communications related and 
embedded applications.  

The voice conversion framework described in this chapter has been developed around a speech 
model used in speech coding. This leads to an efficient speech representation which, in addition, 
supports flexible voice manipulation. Since the same speech parameterization is used as internal 
representation in an existing concatenative TTS system, the voice transformations could be directly 
applied on the output parameter vectors of the TTS. A couple of techniques related intrinsically to the 
framework are also presented. 

In section 3.1 the parametric speech model is introduced. Section 3.2 presents a discussion about 
the undesired effects that voice conversion may have on the voicing level and how to adjust the 
voicing parameter in line with the spectral transformation. A practical way to attenuate the noise 
introduced in transformation and improve the perceptual quality of the result is presented in section 
3.3. Section 3.4 presents some concluding remarks and proposes for future work a technique for 
automatic collection of voice conversion data based on this framework. The chapter is based on work 
published in [36] [37] [38] [39]. 

3.1 VLBR CODEC SPEECH PARAMETERIZATION 

Concerning the domain of conversion, many different methods have been reported in the literature, 
with the most common approach being a separate conversion of the vocal tract contribution and the 
excitation, as proposed e.g. in [26]. There are also several different proposals for the modeling of the 
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excitation signal in voice conversion. For example, in [26] the excitation was modeled in a very 
simple manner using only pitch and energy parameters, in [124] the source excitation was used with 
only pitch modification, while [25] used a more sophisticated harmonic + noise model.  

In this section, a parametric speech model for voice conversion is introduced. The parametric 
representation separates the speech signal into a vocal tract contribution estimated using linear 
prediction and an excitation signal modeled using a scheme based on sinusoidal modeling. This 
parametric framework is in line with the theory of human speech production and was inspired by the 
successful usage of a similar speech model in a low-bit-rate speech coding application, presented 
earlier in [148]. The parametric model contains favorable properties from the viewpoint of both voice 
conversion and speech coding, and allows a seamless combination of these two aspects. An initial 
version of the proposed voice conversion scheme has been implemented and evaluated in listening 
tests. The results show that the proposed approach offers a promising framework for voice 
conversion although further development work is still needed to reach its full potential. 

3.1.1 Parametric Speech Model 
Speech representation 

The  speech  model  discussed  in  this  section  is  based  on  the  fact  that  a  speech  signal,  or  
alternatively a vocal tract excitation signal, can be represented as a sum of sine waves of arbitrary 
amplitudes, frequencies and phases [24][149]: 

( ) = ( )
( )

( ) +  , (3.1) 

where, for the th sinusoidal component, ) and ) represent  the  amplitude  and  the  
frequency, and  represents  a  phase offset.  To obtain a  frame-wise representation,  the parameters  
are assumed to be constant over the analysis frame. Consequently, the discrete signal ( ) in a given 
frame can be approximated as 

( ) = cos( + ) , (3.2) 

where  and  represent the amplitude and the phase of each sine-wave component associated 
with the frequency track , and  denotes the number of sine-wave components. 

To simplify the representation, we have assumed that the sinusoids are always harmonically 
related,  i.e.  that  the frequencies  of  the sinusoids are  integer  multiples  of  the fundamental  frequency 

. During voiced speech,  corresponds directly to the pitch associated with the analysis frame. 
During unvoiced speech, however, there is no physically meaningful pitch available, and we use a 
fixed value for . The voicing can be taken into account in different ways. One alternative would be 
to model only the voiced contribution using equation (3.2) and the unvoiced contribution could be 
modeled separately as a spectrally shaped noise. To further simplify the model, we assume that the 
sinusoids can be classified as continuous or random-phase sinusoids. The continuous sinusoids 
represent voiced speech and they are modeled using a linearly evolving phase. The random-phase 
sinusoids, on the other hand, represent unvoiced noise-like speech that is modeled using a random 
phase. This leads to the model: 
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( ) = ( cos( + ) + (1 ) cos( + )) , (3.3) 

where  is  the degree of  voicing for  the th sinusoidal component ranging from 0 to 1, while  
and  denote the phase of the th voiced and unvoiced sine-wave component, respectively. 

To facilitate both voice conversion and speech coding, the sinusoidal model described above is 
applied to the modeling of the vocal tract excitation signal. The excitation signal is obtained using the 
well-known linear prediction approach. In other words, the vocal tract contribution is captured by the 
linear prediction analysis filter ) and the synthesis filter 1/ ), while the excitation signal is 
obtained by filtering the input signal ) using the linear prediction analysis filter ) as 

( ) = ( ) ( ) , (3.4) 

where  denotes the order of the linear prediction filter. The linear prediction coefficients } are 
generally estimated using the autocorrelation method or the covariance method, with the former 
being more popular due to the ensured filter stability. In addition to the separation into the vocal tract 
model and the excitation model, the overall gain or energy is used as a separate parameter to simplify 
the processing of the spectral information. 

 
Parameter estimation 

As described above, the speech representation used in the voice conversion system consists of 
three elements: i) vocal tract contribution modeled using linear prediction, ii) overall gain/energy, iii) 
normalized excitation spectrum. The latter is further represented using the pitch, the amplitudes of 
the sinusoids, and voicing information. Each of these parameters is estimated at 10-ms intervals from 
an 8-kHz input speech signal. Next, the parameter estimation process is described at a general level. 

The coefficients of the linear prediction filter are estimated using the autocorrelation method and 
the well-known Levinson-Durbin algorithm, together with mild bandwidth expansion. This approach 
ensures that  the resulting filters  are  always stable.  Each analysis  frame consists  of  a  25-ms speech 
segment, windowed using a Hamming window. The degree of the linear prediction filter is set to 10 
for 8-kHz speech. For further processing, the linear prediction coefficients are converted into the line 
spectral frequency (LSF) representation. From the viewpoint of voice conversion, this widely-used 
representation is very convenient since it has a close relation to formant locations and bandwidths, 
and it offers favorable properties for different types of processing and guarantees filter stability. 

The operation of the pitch estimation algorithm can be summarized as follows. First, a frequency-
domain metric is computed using a sinusoidal speech model matching approach that partially follows 
the ideas presented in [150]. Then, a time-domain metric measuring the similarity between 
successive pitch cycles is computed for a fixed number of pitch candidates that received the best 
frequency-domain scores. The actual pitch estimate is obtained using the two metrics together with a 
pitch tracking algorithm that considers a fixed number of potential pitch candidates for each analysis 
frame. As a final step, the obtained pitch estimate is further refined using a sinusoidal speech model 
matching based technique to achieve better than one-sample accuracy. 

Once the final refined pitch value has been estimated, the parameters related to the residual 
spectrum can be extracted. For these parameters, the estimation is performed in the frequency domain 
after applying variable-length windowing and fast Fourier transform (FFT). The voicing information 
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is first derived for the residual spectrum through the analysis of voicing-specific spectral properties 
separately at each harmonic frequency. The spectral harmonic amplitude values are then computed 
from the FFT spectrum. Each FFT bin is associated with the harmonic frequency closest to it. 

The final step in the parameter estimation process is to obtain the energy value. This estimation is 
performed in time domain, using the root mean square energy. Since the frame-wise energy varies 
significantly depending on how many pitch peaks are located inside the frame, the estimation 
computes the energy of a pitch-cycle length signal instead. 

3.1.2 Parametric Conversion Scheme 
The proposed voice conversion system performs the conversion using the parametric representation 
presented in the previous subsection. Given a parallel training corpus, the frame alignment is 
obtained by HMM based phonetic segmentation and DTW following a procedure [56] introduced in 
section 2.3. The DTW is applied on Bark-scaled LSF vectors within one phoneme segment at a time. 
Non-simultaneous silent segments are disregarded. The DTW algorithm results in a combination of 
aligned source and target vectors = [ ]  that can be used to train a conversion model. The 
conversion scheme adopted here follows the popular approach proposed in [124] and described in 
subsection 2.4.2 which uses the aligned data  to estimate the GMM parameters ) of the joint 
distribution ). The conversion utilizes several modes, each containing its own GMM model 
with 8 mixture components. The modes are achieved by clustering the LSF data in a data-driven 
manner. More details on the mode based conversion are given in section 5.2. 

Among the speech parameters described earlier in this section, pitch and LSFs were found 
particularly important from the perception point of view in voice conversion. In the development of 
our current system, the emphasis was placed on the conversion of these features. Other features such 
as voicing and residual spectrum were used as complementary information and were exploited in the 
model training but no explicit conversion was performed for these parameters in the current system. 

The conversion of the LSF vectors is performed using an extended vector that also contains the 
derivative of the LSF vector, to take some dynamic context information into account. This combined 
feature vector is transformed through GMM modeling, using equation (2.20) from subsection 2.4.2. 
Only the true LSF part is retained after conversion.  

The pitch parameter is transformed through the associated GMM in frequency domain using 
equation (2.20) from subsection 2.4.2. During unvoiced parts, “pitch” is left unchanged. The 8-
mixture GMM used for pitch conversion is trained on aligned data with the same type of voicing for 
the source and target speakers. 

After the conversion of the pitch parameter, the residual amplitude spectrum is processed 
accordingly. The reason for this processing is the fact that the length of the amplitude spectrum 
vector depends on the pitch value at the corresponding time instant. This means that the residual 
spectrum, although essentially unchanged, will be re-sampled to fit the dimension dictated by the 
converted pitch at that time. 

After the features have been converted, they are used together to re-synthesize the transformed 
waveform. The synthesis is performed in a pitch-synchronous manner. 
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3.1.3 Evaluation Results 
The parametric voice conversion system described in this section was evaluated in listening tests in 
the context of the second TC-Star evaluation campaign. The evaluation covered aspects related to 
both speaker identity and speech quality. The evaluation was carried out by an independent 
evaluation agency. 

 
Test set-up 

The data set [151] used in the testing included UK English speech data from four different 
speakers (two female and two male speakers). The training set included 159 sentences per speaker 
and a distinct testing set consisted of 9 sentences per speaker. The same sentences were recorded 
from all the speakers. 

Among the 12 possible conversion directions, 4 were chosen as the directions included in the test. 
For the selected directions, the test organizer provided the recorded source sentences used in the test. 
These source sentences were converted using our voice conversion system to the voices of the target 
speakers. The converted signals were evaluated by 20 native non-expert listeners. 

The  listening  test  included  two  parts.  In  the  first  part,  the  listeners  were  asked  to  evaluate  the  
speaker identity without considering the speech quality using the 5-level scale summarized in Table 
3.1. The true target signals recorded from the target speakers, available only for the test organizer, 
were used as the reference. The listeners had to evaluate whether two given samples (converted and 
target) were spoken by the same person or not. In the second part, the listeners evaluated the 
perceptual quality of the converted speech using the mean opinion score (MOS) grades shown in 
Table 3.1. 

Table 3.1: Scale used for the evaluation of speaker identity and speech quality. 

Grade Meaning (speaker identity) Meaning (speech quality) 
5 Definitely identical Excellent 
4 Probably identical Good 
3 Not sure Fair 
2 Probably different Poor 
1 Definitely different Bad 

 
Results 

The results are summarized in Table 3.2 and Table 3.3. Table 3.2 contains the results from the 
first part of the listening test, focusing on the evaluation of speaker identity. The combined score for 
all the directions, not shown in the table, was 2.53. The results from the speech quality evaluation are 
summarized in Table 3.3. 

Table 3.2: Results from the first part of the evaluation (speaker identity). F denotes a female and M a male 
speaker. 

Direction F1  F2 F1  M2 M1  F2 M1  M2 
Score 3.10 3.05 2.20 1.77 
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Table 3.3: Results achieved from the second part of the evaluation (speech quality). 

 MOS score 
Achieved score 2.09 

Reference 1 (source) 4.80 
Reference 2 (target) 4.78 

 
Discussion on the results 

Based on the results, the first observation that can be made is that there were large differences 
between the different conversion directions. Moreover, despite the moderate average scores, the 
person identity conversion was sometimes perceived very successful. This can be regarded as a good 
result for two reasons. First, our initial system that participated in the evaluation only converted the 
LSFs and the pitch parameter. Moreover, the conversion was performed in a frame-wise manner 
without considering the frame- to-frame evolution of the parameters or intonation contours. 
Significant improvements can be expected after making the system more complete. 

As can be seen from Table 3.3, a rather low score was achieved in the speech quality evaluation. 
There are a couple of clear reasons for this. First, the system produced 8-kHz output signals while the 
other signals (e.g. the reference samples) included in the listening test used a sampling rate of 16 
kHz. Second, the source signals also contained some non-speech elements such as audible breathing 
and the parametric speech and conversion models turned them into audible artifacts in the output 
signals. Third, the frame-by-frame conversion made the converted parameter contours a bit noisy and 
this was also audible in the output signals. Finally, the fact that not all the parameters were converted 
also had its impact on the quality. Considering these underlying reasons for quality degradations, it is 
evident that much better quality can be expected after further development work. 

3.2 VOICING LEVEL CONTROL 

Speech processing related changes in the speech spectra may often lead to unwanted changes in the 
effective degree of voicing, which in turn may degrade the speech quality. This phenomenon is 
studied more closely in this section, first on a theoretical level and then in the context of voice 
conversion. Moreover, a simple but efficient approach for avoiding the unwanted changes in the 
effective level of voicing is proposed. The usefulness of the proposed voicing level control is 
demonstrated in a practical voice conversion system. The compensation of the changes in the degree 
of voicing is found to reduce the average level of noise in the output and to enhance the perceptual 
speech quality. 

The concept of voicing is one of the fundamental concepts in speech processing. Roughly 
speaking, from the speech production point of view, voiced sounds are produced by forcing air 
through the glottis with the tension of the vocal cords adjusted so that they vibrate in oscillation. 
Unvoiced sounds, on the other hand, are produced without the oscillation of the vocal cords. In 
human speech, vowels are usually considered voiced while consonants can be voiced or unvoiced. 
Voicing related information can be utilized in many ways in speech processing. 

In some very simplified speech models, such as in the basic source-filter model used in the well-
known linear prediction coding (LPC) based LPC-10 vocoder [152], all segments of speech are 
regarded as either fully voiced or fully unvoiced. The voiced excitation is modeled as periodic pulses 
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while the unvoiced excitation is represented using random noise. Even though this approach is quite 
well in line with the simplified view on human speech production, it has been found inadequate for 
producing high quality speech. A natural way for improving the performance is to allow different 
degrees of voicing in the excitation modeling. There are many successful speech models that utilize 
this idea in different ways. For example, the model used in waveform interpolation (WI) speech 
coding [153] allows voiced and unvoiced contributions to co-exist everywhere in the spectrum in the 
form of slowly and rapidly evolving waveforms, while the model used in multi-band excitation 
(MBE) speech coding [63] separates the speech spectrum in multiple frequency bands that can each 
be either voiced or unvoiced. 

In many speech processing applications, the speech signal is modified in a manner that causes 
changes in the spectrum. Typical examples of such cases include the coarse quantization of the linear 
prediction coefficients in very low bit rate speech coding, the spectral smoothing at concatenation 
boundaries in concatenative text-to-speech (TTS) synthesis, and modification of the spectra in voice 
conversion  where  the  aim is  to  convert  the  speech  of  a  source  speaker  to  sound  as  if  uttered  by  a  
second speaker referred to as the target speaker. This kind of modifications performed on speech 
signals or their spectra may also cause unwanted changes in the effective degree of voicing if there is 
no explicit control on voicing. The changes in voicing, in turn, may degrade the perceptual quality of 
the processed speech. 

In this section, we study the problem of unwanted changes in the degree of voicing and propose 
explicit voicing control to tackle it. The proposed approach for voicing control is implemented and 
experimented with in a slightly modified version of the voice conversion system presented earlier in 
subsection 3.1.2. The voicing control is found to offer more natural and stable voicing levels and a 
clear improvement in speech quality. 

3.2.1 Unwanted Changes in Voicing 
Many speech processing techniques utilize linear prediction (LP). For this reason, and to make the 
discussions easy to follow, it is assumed in this subsection that the spectral envelope of the vocal 
tract contribution is modeled using linear prediction. Moreover, we assume that the excitation is 
modeled using a sinusoidal model proposed e.g. in [24] and [150] and presented in subsection 3.1.1.  

 
Changes in voicing 

To illustrate the unwanted changes in voicing, let us assume that the original LP coefficients are 
modified from } to  as a result of a given speech processing technique. The modification could 
happen e.g. due to very coarse quantization in a very low bit rate speech coding, due to spectral 
smoothing in concatenative TTS or due to a voice conversion related transformation. As a result of 
this modification, the spectral envelope changes accordingly. Assuming that the filter remains stable 
(that can be guaranteed e.g. by performing the modification in the line spectral frequency domain), 
the old and the new spectral envelopes can be directly computed based on the LP synthesis filter 
using 

=
1

1
  , (3.5) 

and by using the same equation with the modified coefficients  } to obtain ). 
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The effect that the spectral modification has on voicing can be studied by measuring the energies 
of the voiced and unvoiced contributions in the spectrum before and after the modification. The 
average energy of the voiced part for a single frame, denoted as , can be estimated by sampling the 
spectrum at the frequencies of the sinusoids, , as 

= ( )  , (3.6) 

Similarly, the energy of the unvoiced contribution, , can be computed as 

= (1 )  . (3.7) 

The corresponding energies after the spectral modifications,  and , can be obtained using 
similar calculations as in equations (3.6) and (3.7) but by substituting ) with ) to take 
into account the changes in the LP coefficients. It should also be noted that if the spectral 
modifications would cause changes in other parameters than the LP coefficients, these changes 
should also be taken into account when computing  and . 

It is usual in speech processing systems to carefully control the behavior of the overall energy but 
it is not common to explicitly control the relative contributions of the voiced and unvoiced 
components to the overall energy. However, if there is no explicit control on voicing, the spectral 
modifications often change the perceived level of voicing in a clearly audible way. This is caused by 
the fact that the relative contribution of the voiced (or the unvoiced) component to the overall energy 
is often changed due to the spectral modification, i.e. 

+ +
  . (3.8) 

The perceptual effect of the unwanted changes in voicing can in practice be observed as audible 
changes in the amplitude of the spectrally shaped noise generated to model the noise-like unvoiced 
contribution. This effect is discussed more closely and demonstrated using a practical example and 
experimental results in subsection 3.2.3. 

3.2.2 Voicing Control 
The unwanted changes in voicing can be corrected by controlling the voicing in an explicit way. The 
detailed implementation of the voicing control depends on the speech model used in the target 
application. In addition, even with a fixed speech model, there are different alternatives regarding the 
implementation. 

In the case of the speech model discussed in subsection 3.1.1 and used here, one possible solution 
is to establish a frequency-dependent function for modifying the degree of voicing for the different 
sinusoids, for example as 

= ( , , , )  . (3.9) 
This function can be designed in many ways and the parameters used in defining the modified 

degree of voicing, , could also be different than the ones given in equation (3.9). Nevertheless, the 
aim is to modify the voicing of the sinusoids in such a manner that if computations similar to 
equations (3.6) and (3.7) would be applied again for calculating the energies after the voicing control, 

 and , we would now have 
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+
=

+
  . (3.10) 

Alternatively, it may be desired to only go towards this goal without fully satisfying it, or the 
target level of voicing might be decided using other techniques. E.g. in voice conversion, there could 
be a separate conversion model for finding out the target levels for the relative contributions of the 
voiced and unvoiced components based on the non-converted voicing values and possibly some other 
parameters, with the aim of modeling the speaker-dependencies in voicing. 

The frequency-dependent operation in equation (3.9) can be used, for example, for focusing the 
increase in voicing more to low frequencies and/or the decrease in voicing more to high frequencies, 
which  may  be  perceptually  justified.  However,  a  much  simpler  but  still  effective  solution  can  be  
obtained by treating all sinusoids in the same manner. It is easy to see that the objective can be 
approximately achieved e.g. using the following simplified function, 

= ( , , ) = min , 1  . (3.11) 

In cases where = 0, the voicing can be left unmodified. 
Assuming that there is also a mechanism for ensuring that the overall energy stays unchanged, 

and that the voicing values  are continuous values in the range from 0 to 1, the simplified solution 
presented in equation (3.11) effectively controls the level of voicing. If the voicing decisions are hard 
as e.g. in the MBE model, i.e.  is  always either  0 or  1,  the best  solution would be to change the 
voicing values of some sinusoids to approximately satisfy the condition in equation (3.10). A similar 
approach but with continuous voicing values could be used to complement the simplified solution in 
equation (3.11) to fully satisfy equation (3.10). Another solution could be obtained by also modifying 
the amplitudes of the sinusoids in addition or instead of modifying the degree of voicing of the 
sinusoids. 

3.2.3 A Voice Conversion Example 
In this subsection, we demonstrate the usefulness of the proposed voicing control in voice 
conversion. The voice conversion system used in these experiments is similar to the one described in 
subsection 3.1.2. The speech parameters are converted using the joint GMM approach [124] 
described in subsection 2.4.2 together with the data clustering and mode selection technique [44] 
presented briefly in subsection 3.1.2. The exception to this is the pitch parameter that is converted 
using the prosody conversion technique introduced in [154]. The voicing values are kept unchanged 
in the conversion since we have not found clear speaker-dependencies in the voicing values. The 
changes in the pitch are taken into account by modifying the total number of the sinusoids  and the 
frequencies  accordingly, and by re-sampling the underlying spectral information at these new 
frequencies using interpolation. The system description is omitted here and the discussion is focused 
on the practical experiments related to the voicing control. 

 
Effects of voicing control 

In voice conversion, the spectral changes are coming from multiple sources because many, if not 
all, parameters are converted. However, the voicing control can still be implemented as proposed 
earlier in this section, provided that the changes in all parameters are taken into account when 
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applying the equations proposed in subsection 3.2.1 and subsection 3.2.2. The voicing control can 
operate directly on the voicing values without changing any other parameter values. 

A practical example case demonstrating the need for controlling the voicing is given in Figure 3.1. 
The figure depicts the overall level of voicing, calculated as the ratio between energy of the voiced 
contribution and the total energy, /( ),  for  each  10-ms  frame  of  an  example  sentence  
before and after voice conversion. As can be seen from the figure, the effective voicing level has 
clearly changed in the conversion even though the parameter values related to the degree of voicing 
have not been converted at all. The figure also shows that the effective level of voicing is often 
decreased in the conversion, leading to a higher contribution of the noise-like excitation that can be 
perceptually observed as increased noise. Moreover, since the difference in the level of voicing 
before and after the conversion is not constant, the increase in noise is also non-constant, leading to a 
pumping-like perceptual effect. 

The unwanted changes in voicing were also studied using a larger test set consisting of 42 
sentences. The overall level of voicing was measured before and after voice conversion for all the 10-
ms frames of these sentences. In 47.9% of the frames, the voice conversion decreased the level of 
voicing, while an increase in the level of voicing occurred in 26.4% of the frames. In the rest of the 
frames, the level of voicing did not change due to the fact that the whole spectrum was considered 
either fully voiced or fully unvoiced both before and after conversion. The average level of voicing in 
the whole training set including all the frames was decreased due to the conversion by about 2.8%. 
These experimental results on a larger test set support the findings that were observed in the sentence 
illustrated in Figure 3.1: the voice conversion system on average decreases the level of voicing, 
leading to an increased level of noise in the output. 

 
Figure 3.1: Level of voicing before (dashed line) and after conversion (solid line). (from [37]) 

The proposed scheme for voicing control can efficiently correct the level of voicing in such a 
manner that the voicing change caused by the voice conversion system is always fully compensated. 
The perceptual effect of having the voicing control available was informally evaluated using four 
expert listeners. The listeners heard converted speech samples with and without voicing control and 
were asked to evaluate the quality differences between the two samples. Repeated listening was 
possible without any restrictions. The language used in the samples was English and the voice 
conversion was performed between genders. 

The speech quality in the samples produced using voicing control was always observed better or 
equal to the quality of the conventional samples. The voicing control was found to remove part of the 
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noise generated during the conversion. This is quite natural since the voicing control slightly reduces 
the contribution of the noise-like component, and it makes the behavior of that component more 
stable and ensures that it is better in line with the expected degree of voicing. 

3.3 NOISE ROBUSTNESS TECHNIQUE 

Voice conversion systems aim at converting an utterance spoken by one speaker to sound as speech 
uttered by a second speaker. Many different techniques have been proposed for the conversion of the 
speech but how to handle the pauses in the signals is a question that has not received much attention 
in  the  literature.  The  pauses  play  an  important  role  in  perception  because  the  presence  of  noise  is  
more easily perceived during the pause segments. Since speech transformation techniques tend to 
introduce noisy artifacts in the conversion process, the study of pause segments becomes particularly 
important in the context of voice conversion. Moreover, the distortion induced in the conversion 
process is likely to affect especially the pauses if these segments are converted with an inappropriate 
model trained on pure speech. This is due to the very different nature of the signals during pauses and 
during active speech. 

It is usually beneficial to train the actual speech conversion models using only speech material 
representing active speech. But what should be done in the pause regions during the actual 
conversion process? Several straightforward techniques can be used in the conversion of the pause 
regions: i) to convert the pause regions using the models trained for speech, ii) not to convert the 
pause regions at all but to copy a segment of correct length from the source signal or from some 
pause signal template, or iii) to train a separate model for converting the pauses. All of these 
straightforward solutions have serious shortcomings. The first approach may often amplify the 
background noise during pauses or generate artifacts in the output. The latter two approaches rely on 
having a good voice activity detector (VAD) available and they are very sensitive to incorrect VAD 
decisions that occur even with the best VAD algorithms. Even in the case when a common model is 
trained for both pause and active speech, based on the existing conversion techniques, the conversion 
process remains highly likely to introduce distortions. 

In order to improve the quality of the converted speech, general purpose speech enhancement 
techniques can also be considered. In general, speech enhancement algorithms first estimate noise 
level in the noisy speech and then eliminate it. The classical approach is spectral subtraction 
introduced in [155], multiple variations stemmed from it relying in fact on the same principles. The 
problem with such approaches is that they may not be compatible with the real-time voice conversion 
processing, as they are mostly used as pre-processing or post-processing techniques. Moreover, the 
problem addressed in this section is more specific than general speech enhancement and, as such, a 
tailored real-time solution is proposed that takes advantage of the particular speech parameterization. 

In this section, we present a novel technique that manipulates the output in such a manner that the 
conversion noise that may appear during the silent regions is attenuated. At the same time, the speech 
quality during active speech is maintained, and the boundaries between the pauses and speech are 
handled in a smooth way that results in high output quality. The proposed technique has been 
implemented and tested in a practical voice conversion system, and it has proved to be an efficient 
solution to the problem. The technique has been originally published in [38]. 
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3.3.1 Non-Speech Segment Conversion 
The existing speech transformation techniques tend to introduce audible artifacts or background noise 
in the converted speech. The degree of perception of such distortions is closely related to the notion 
of  signal-to-noise  ratio  (SNR).  Assuming  that  the  converted  speech  is  affected  by  an  additive  
stationary noise of relatively low intensity, it is intuitive that the frames with high energy would have 
a  higher  SNR  than  low  energy  frames  which  are  perceived  as  more  noisy.  For  this  reason,  the  
conversion noise can be perceived more easily during the pause segments. A possible explanation for 
such noise being associated with the conversion process is that usually the same conversion model is 
applied to both active speech and pause segments ignoring the differences between them in terms of 
acoustic and statistical properties. Taking these differences into account it would be sensible to treat 
them separately in voice conversion.  

It  is  sensible  to  assume  that  better  GMM models  for  voice  conversion  can  be  trained  on  active  
speech sections rather than whole utterances. If this model is to be used for the entire utterance such 
an approach would require special treatment in order to solve the following problems: 

1. Noise artifacts may be introduced or amplified during the pauses of the converted speech. 
2. Source voices (and especially TTS voices) are recorded in fairly noise-free conditions. 

However, the target speech is often defined by users and may be noisy in the case of mobile 
device recordings. This would train a noisy model which could determine additional artifacts. 

3. The boundary between speech and non-speech is often ambiguous and binary VAD cannot 
optimally separate them in the training data. Consequently, the trained model would be 
negatively affected by undesired non-speech data. 

3.3.2 Proposed Scheme 
To overcome the drawbacks mentioned in the previous subsection, we propose a method that can 
train high quality models based on pure speech and can attenuate the noisy pauses in real-time 
enhancing the perceived speech quality and avoiding the hard decision of a VAD. This solution 
addresses typical voice conversion cases in which the speech signals (originals and converted) are 
affected by a relatively low intensity noise compared to the energy of the active speech. The goal is 
to enhance the quality of the converted speech starting from the observation that the noise introduced 
in the conversion process is particularly audible during the pause portions and that these non-speech 
segments have typically low energy compared to the active speech. The proposed scheme acts on the 
energy parameter before re-synthesis to attenuate the power of the converted signal in the low energy 
range. The technique converts the whole utterance, including pauses, using speech-trained models for 
all features (LSF, pitch, etc).  

The voice conversion system used here consists of the parametric speech model described in 
section 3.1.1 and the joint GMM conversion technique presented in subsection 2.4.2 combined with 
the DTW technique for the alignment of parallel training utterances. 

One of the parameters in the proposed speech representation is the energy. The energy distribution 
in speech and non-speech (pause) segments is depicted in Figure 3.3a. This information was collected 
over the full training set of the source speaker using manually supervised phonetic annotations. 
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Improving the quality of the conversion models 

Building high quality models is possible if only pure speech frames with sufficiently large signal-
to-noise ratios (SNRs) take part in the training process. The non-speech and speech with low SNR 
should be discarded. Assuming a stationary noise model we can infer that the energy levels of the 
non-speech segments give a measure of the noise level present in the signal. In order to discard the 
undesired frames from the training process a threshold energy can be computed and the frames with 
energy levels below the threshold would be discarded for being either non-speech or susceptible of 
low SNR. The threshold could be set, for example, just over the largest non-speech energy. It should 
be noted that satisfactory estimations of this value do not require the complete statistics of the entire 
training data but can be obtained from only a small subset if the properties of the non-speech signal 
are assumed to be stationary. If the speaker is a TTS voice these values can be known beforehand.  

The above procedure may be applied as a pre-processing stage to improve the quality of the 
selected training data in cases where the original training sets are noisy. The data selected in such 
manner is less affected by noise and eliminates the undesired contribution of non-speech segments. 
This approach can be complemented by using a voice activity detector to improve the classification 
at low energy levels. 

 
Reducing the conversion noise 

Figure 3.3b illustrates the energy distributions after the energy feature of the source speaker has 
been converted using e.g. the high quality GMM determined previously, for all the utterances in the 
training set. The figure shows how the energies of the non-speech segments are amplified after 
conversion, explaining why, in some cases, the pauses are perceived noisier after conversion. This 
amplification is most likely caused by the conversion process influenced also by the energy 
distributions of the target utterances. If pause segments are converted with a model trained on pure 
speech, their energy is likely to increase since the pure speech has in general high energy levels. On 
the other hand, the increased energy levels during pauses contribute to an easier perception of the 
signal degradations introduced in the conversion process. 

In order to attenuate the noise perceived during the pause segments we aim to reduce the value of 
the energy parameter in the non-speech range without affecting the intelligibility of the active speech. 
We note that the range of non-speech energies includes also some low-energy active speech which 
would be inevitably attenuated. Due to the low energy values this active speech is in a certain way 
masked perceptually by the high energy speech thus it has a reduced perceptual meaning and, 
moreover, is susceptible of low SNR. From a perceptual point of view the attenuation of these onset 
sections of the speech signal should not affect the intelligibility if the attenuation is done gradually. 

Based on Figure 3.3b the threshold energy  is empirically defined to a value larger than the 
highest non-speech energy. In the proposed scheme the energies below  will be attenuated by a 
gradually increasing factor as they become closer to 0. In order to preserve the speech intelligibility, 
the value of  should not be too high and will be determined by perceptual evaluation. 

If the conversion of speech and non-speech would be done with separate models this would lead 
to problems related to the boundary detection and discontinuities at the transition between the two 
classes. On the other hand, if both classes are converted with the same model, the result is still going 
to be affected by conversion noise as it was shown in Figure 3.3b. The proposed conversion is 
accomplished with speech-to-speech models in both speech and non-speech sections, instead, the low 
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energy (low SNR) portions of the signal are attenuated based on an effective energy reduction 
technique. This is realized after the conventional conversion as a fast online extra computation that 
can be performed at the conversion time. 

 
Figure 3.2: The Gamma (or Conv) function. (from [38]) 

The new technique applies a compression function Gamma on the converted energy feature if 
smaller than the threshold . The resulting energy parameter will shape the synthesis in such a 
way that signal power is attenuated if the converted energy is below  since  such  frames  are  
either non-speech or low SNR speech onset portions. The conversion of the energy parameter is 
realized according to: 

( ) =
( )

     ,  

                                 ,  >
 

 

(3.12) 

where (. ) defines the proposed conversion function, (. ) represents the conventional GMM-
based conversion function,  is  the  energy  of  the  current  frame,   is the threshold energy 
determined empirically, and  is an attenuation factor.  

The energy distributions after applying the proposed technique are illustrated in Figure 3.3c. We 
observe how the noisy pauses (non-speech) have been attenuated. The experimental results provided 
in the next subsection indicate that this was realized without altering the speech intelligibility and by 
preserving smooth transitions between speech and non-speech resulting in an overall improvement of 
the perceived speech quality. 

3.3.3 Experiments 
Figure 3.3b shows an increased energy in the non-speech regions of the converted signal as compared 
to  the  similar  figure  computed  for  the  source  utterances  and  illustrated  in  Figure  3.3a.  This  is  
explained by the fact that the energy distribution of the target utterances determined this 
amplification during the conversion process. We note that the conversion model applied to pause 
(non-speech) segments was trained on pure speech which has in general higher energy determining 
the energy amplification. Since the conversion process is also introducing noise and other signal 
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degradations the increased energy facilitates an easier perception of such artifacts during the pause 
(non-speech) portions of the signal. 

Our informal listening tests led to = 120  and = 2.5. The conversion results are not 
too sensitive to  in the interval [2, 3] but degrade significantly if < 2 or > 3. If < 2 the noise 
is not sufficiently attenuated. > 3 produces too abrupt attenuation harming the intelligibility. 

 
Figure 3.3: Speech vs. non-speech energy pdf: a) source b) converted c) converted + noise reduced speech. 

(from [38]) 

An informal perceptual evaluation carried out by three expert listeners indicates that the proposed 
method effectively attenuates the noise in the non-speech segments without negative effects on 
speech integrity. This is also evident in Figure 3.4 where our converted result is compared against the 
conventional transformation i) described in the introduction of this section. The reduction in noise 
levels is also illustrated in Figure 3.3c. The little amount of speech signal that was reduced in the 
process had already rather small energies and does not affect intelligibility or speech quality. 

 
Figure 3.4: Converted waveform: a) conventional conversion b) noise reducing approach. (from [38]) 
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3.3.4 Discussion 
Adaptive extension 

The technique described previously addresses the cases when the noise levels are relatively low and 
assumes the noise model to be stationary. If the noise or distortion present in the signal is non-
stationary (remaining however of low intensity), the conversion procedure should be time-variant and 
use an online mechanism to update local speech and speechless models. The models of speechless 
and speech fragments can be iteratively updated in a local history window and thus the threshold 

 can be updated online in an adaptive fashion. An implementation could take advantage of e.g. 
a voice activity detection (VAD) scheme to detect speech and speechless frames and help building 
the  energy  statistics.  The  accuracy  of  VAD  decisions  is  not  crucial  since  the  value  of   is 
decided based on the local statistics of the energy and can always have a margin over the largest non-
speech energy in the local history window.  

 
The proposed technique has many advantages. It offers an efficient way to improve the speech 

quality having applicability in the selection of higher quality training data as well as during the 
conversion stage to enhance the perceived quality of the converted samples. The method can be 
implemented as a part of the conversion step serving as an automatic enhancement mechanism. 
Moreover, it offers a low complexity which enables real-time operation. The method avoids the 
storage and computation of separate models for speech and non-speech segments and all the 
problems associated with class detection and transitions. The technique is straightforward and 
flexible and can be easily adapted to different use cases. This solution takes full advantage of our 
parametric speech representation and can be easily integrated in the voice conversion system. 

The scheme was particularly addressed to the noise levels commonly introduced by the current 
voice conversion techniques, aiming to enhance the speech quality in those cases. As such, the 
method cannot handle high levels of noise since this would imply a critical loss of speech content. 
Other limitations of the method include the empirical calculation of , the assumptions about 
noise stationarity and the sensitivity to the recording conditions. For these reasons the method works 
best on samples recorded in similar conditions as the training data. 

3.4 CONCLUSIONS 

In this chapter, a parametric speech representation was proposed as a basis for our voice conversion 
system. This parametric representation combines the flexibility for voice manipulation with the 
advantage of efficient compression. The proposed model uses line spectral frequencies to represent 
the vocal tract contribution and a sinusoidal model is used for the excitation signal. The suitability of 
this parameterization for voice conversion was evaluated using a GMM-based approach and led to 
promising results. Since the same parameterization is used internally by an existing TTS system, the 
voice conversion methods developed with this framework are directly applicable on the parametric 
TTS output and used to obtain customized TTS voices. Furthermore, this parametric representation is 
suitable to all kind of applications based on coded speech; therefore, voice conversion could be 
directly implemented in communications related or other embedded applications.  

Since the transformations of spectral envelopes may modify also their associated voicing level, 
the voicing feature should be modified accordingly. Otherwise, this inconsistency will introduce an 
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additional quality degradation of the converted speech. A scheme for voicing control was proposed 
and its efficiency was demonstrated in a voice conversion system. The evaluation results indicated 
that this correction mechanism was able to reduce the noise level in the output signal and improved 
the perceptual quality. 

The speech enhancement technique proposed in the latter part of this chapter provides a low-
complexity, real-time solution to improving the perceived quality of the converted speech as well as a 
means to improve the quality of the conversion models.  

As a potential future direction, we propose in the next subsection a practical solution for data 
collection over the phone line during normal usage. The method has several advantages such as the 
possibility to reach high-quality models through continuous updating since large amounts of data can 
be collected. Other advantages include noise robustness and easy exchange of voice models between 
users. 

3.4.1 Future Work Proposal: A Data Collection Technique 
In voice conversion, the transformation of one voice to another is made possible through a training 
phase  that  precedes  the  usage.  Speech  data  from the  source  and  target  speakers  are  needed  for  the  
training. In general, having more good-quality data available improves the quality of the models. In 
practical use cases, however, it is not convenient to ask the user to provide or speak large amounts of 
training material. The idea of the procedure presented in this section is to make the data collection 
automatic and implicit in such a way that the data is collected during the normal usage of a mobile 
device. 

An evident solution is to ask the user to speak a set of pre-defined sentences or a large amount of 
free speech using a dedicated tool for the recording/collection, or to provide this training corpus from 
the intended speaker(s), recorded in controlled conditions. If the source voice is generated using TTS, 
only  the  speech  corpus  from  the  target  speaker  has  to  be  collected,  but  still  this  task  can  be  
burdensome or inconvenient for the user. 
The main idea of the proposed technique is to make the collection of the voice conversion training 
data very easy for the user. The user has to only enable this data collection feature, and after that the 
system will automatically record and process data during normal usage of a mobile device without 
user’s attention. The phone calls are recorded and further processed to obtain the training data and 
the voice conversion models. Additional aspects of the method enable automatic recording of other 
speakers and easy exchange of voice conversion models. The technique is especially designed for 
usage on mobile phones, and in that context, it enhances the user experience by removing the need 
for dedicated recordings. The technique could also be directly applied in other applications such as in 
internet calls and in voice messaging applications. It should be noted that the technique contains 
several specific aspects that require special attention, which makes normal recording applications 
insufficient for the task. 

 
The proposed technique 

This subsection provides only a sketch of an exemplary embodiment of the proposed technique 
due to its complicated nature. The details can be varied and some extra features can be added or 
omitted but in all embodiments the main idea is to record and process voice conversion training data 
during the normal usage of a device. 
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The implementation begins by first enabling access to the data coming from the microphone of 
the device (and possibly also to the data that is fed to the loudspeaker). This access has to be obtained 
in such a way that the normal usage of the device is not disturbed. The idea is that the method can 
access all the recordings done through the microphone (and possibly also all the data fed to the 
loudspeaker), if the user has enabled this feature, without having any effects on any aspects of the 
phone usage.  

In addition to providing the access to the sound sources (microphone and/or loudspeaker data), the 
implementation of the technique needs to handle further processing of the recorded data. This step 
forms the heart of the technique, i.e. the automatic recording itself is not enough for realizing the 
technique. At least, the following aspects must be considered: 

1. Inactive or too noisy parts of the data are detected and marked as non-suitable for the training 
corpus. The voice activity detection (VAD) can be improved in an innovative way by using dialogue 
modeling and by exploiting the fact that when one person is speaking during a phone conversation, 
the speaker at the other end is most often just listening and not talking at the same time. For example, 
when speakers  and  are talking on the phone, the dialogue has four cases: 1)  speaking, 2)  
speaking, 3) both speaking, and 4) both silent. A conventional VAD for a single channel , 

( ) =
0,                                                           
1,                                                         
0 < < 1,        ,     

 (3.13) 

can be enhanced using both channels and dialogue modeling. The enhanced VAD can be 
simplified as 

( ) [1 ( )] ( ) 
(3.14) ( ) [1 ( )] ( ) 

where the channels  and  are recorded from speakers  and , respectively, and the backward 
arrow symbolizes the fact that the value of the right hand side term is attributed to the left hand side 
variable. The thresholds for rejecting recorded data through the VAD can be set in a strict manner to 
enhance the data quality. This simple implementation of the enhanced VAD is depicted in Figure 3.5. 

 

 
Figure 3.5: Exemplary simple implementation of the enhanced VAD that forms a part of the technique. (from 

[39]) 
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2. Non-speech parts (e.g. laughter, heavy breathing) can be detected and discarded or labeled as 
non-speech. Again, the threshold for rejection can be set in a strict manner because the total amount 
of data will anyway be large when using the technique, making unnecessary rejection not harmful 
and potentially beneficial from the viewpoint of data quality. 

3. Noise removal (and possibly some other speech enhancement) is performed on the signals that 
were accepted for further consideration/processing after the above rejections. Information from the 
enhanced VAD can be used for estimating the noise levels and statistics during silent regions, and the 
noise removal algorithms can be made adaptive in such a way that previously processed data is 
utilized in the estimation of noise statistics. The processing can also include level normalization. 

4. Some light speaker verification could be applied to verify (at least approximately) that the 
intended speaker is talking, to ensure that the training sets remain speaker-dependent. The reference 
data for the speaker verification could be collected during the first recorded call or as a separate step 
when the user enables the data collection. Again, the threshold for accepting the speaker verification 
result can be set in a strict manner to ensure that the data is useful and from the intended speaker with 
a very high probability. Since communication devices such as mobile phones are usually dedicated 
for personal usage by the owner, it is easy to obtain good performance in the speaker identification 
even with simple implementation, as it can be considered highly likely that the same person is 
speaking every time. 

5. The speech is analyzed and represented in the domain in which the voice conversion will be 
performed. The analysis and the representation follow the framework presented earlier in section 
3.1.1. The resulting data is included in the training corpus. 

6. The conversion models are trained using the data in the correct domain. Any prior art or new 
techniques can used in the training, and there are no limitations on the types of models used in the 
conversion scheme. 

7. To save memory, the training data itself does not have to be stored. Instead, the trained model 
can  be  stored.  When  more  data  becomes  available,  e.g.  after  another  phone  call,  the  model  can  be  
further updated/improved based on the new training data. It is also possible to delay the model 
training until some pre-specified amount of data has been collected. If this limit is reached during a 
phone call,  the data  collection can either  be continued or  stopped.  In the former case,  the data  size 
can be allowed to grow or it is also possible to implement a mechanism that aims at replacing older 
data of worse quality with better-quality new data after the limit is reached. E.g. there can be two 
limits for the size of the data: the lower limit is set to ensure sufficient amount of data for reliable 
training and the higher limit for ensuring that the data size does not grow too much. Whenever the 
size of the stored data (plus the size of the new data to be considered) is between the limit, the data 
with the lowest estimated quality can be discarded until the lower limit is reached. An exemplary 
implementation of this kind of a memory saving scheme is presented in Figure 3.6a. 

8. The trained models can be used in voice conversion. If the user finds the model good enough, 
she/he can disable the data collection functionality. 

The whole process forming the technique is also illustrated in Figure 3.6b. 
It may often be the case that the user does not want to hear her/his own voice but the voice of 

someone else (e.g. the voice of a spouse). To make this possible, the core method can be 
complemented with a feature that allows users to share their voice data/models. Different users can 
collect their own voice data using the proposed method and then share the trained models with each 
other. The sharing can be done by transmitting the model parameters between two devices via some 
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means  of  connectivity.  It  is  possible  to  implement  this  feature  of  the  technique  in  such  a  way  that  
everyone can freely distribute only their own models and a specific permission is needed for creating 
freely-distributable models. 

An extra feature of the technique could be the possibility to record also incoming speech data (the 
data that is fed to the loudspeaker during a phone call) for some particular speakers (controlled by the 
user), i.e. to record speech from the other end during phone calls. In this case, it should be noted that 
the speech has already been compressed and decompressed for the transmission but the most critical 
features of speech should be quite well preserved. The identity of the speaker can to some extent be 
guessed directly based on the phone number but the user could also be given a chance to reject the 
content of some call from the training e.g. in a case when someone else was using the phone of the 
intended speaker. It is also possible to design a speaker verification scheme that exploits the 
information that it is highly probable that the owner of the phone is the speaker. Despite the technical 
feasibility, however, it is not 100% evident whether this kind of recording of the received voice data 
without the consent of the other speaker could result in legal problems in some countries or in some 
circumstances. If there is any doubt, this technique can be implemented in such a way that by default 
the signal from the other end is not recorded, and some form of permission is required before starting 
the recording. In any case, the data from the other end can be used for enhancing the VAD 
performance as discussed in item 1 above. 

 
Discussion 

The proposed technique has clear advantages in terms of user experience and quality of trained 
models. Enhanced user experience is provided through very easy data collection, means of sharing 
voices among friends etc. The technique offers the possibility to generate high quality models based 
on large amounts of data and to improve existing models through the collection of additional training 
data. 

 



55 

Enhanced 
VAD

Adaptive 
noise 

models

Speech analysis

Speaker 
verification

Speech 
enhancement

Non-speech 
detection & 
separation

Noise detection 
& separation

Inactive/active 
separation

yx

eVAD(x)

inactive signal

active signal

rejected

non-speech

rejected

speech

enhanced 
speech

accepted

training data

microphone loudspeaker

Take as input a 
block of new data
(max size is high 
limit – low limit)

Estimate the 
quality of data 
frames and sort 
according to the 
quality values

Discard the 
remaining new 
data and exit

Replace the worst 
frame in the 

training set with 
the best frame in 

the new data

Remove the used 
frame from the new 
data and update L to 
be the worst quality 
score for the frames 
in the training data

New data 
with

quality better 
than L?

no

yes

a) b)

 
Figure 3.6: a) Exemplary implementation of the memory saving scheme needed in the implementation of the 
technique. L denotes the estimated quality value for the worst data frame in the training data. b) Overview of 

the technique. (from [39]) 
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Chapter 4 

Proposed Alignment Techniques 

In a standalone voice conversion system a transformation function is learned typically from a set of 
paired  vectors  of  the  source  and  target  speakers.  The  process  which  realizes  this  pairing  is  called  
alignment and represents an important part of a voice conversion system. The alignment plays an 
important role in the versatility of the system and different strategies are adopted depending on the 
type  of  training  corpus.  In  the  simplest  case,  when  the  source  and  target  speakers  utter  the  same  
sentences, the corpus is referred to as parallel or text dependent and dynamic time warping (DTW) 
has been widely adopted as the alignment technique. In this chapter a soft alignment technique [41] is 
proposed as an alternative to DTW promising to overcome some limitations inherent to the binary 
nature of DTW. 

In real situations the parallelism is a restrictive requirement for the training data and non-parallel 
(or text independent) data is more easily available. In spite of that, non-parallel data poses greater 
challenges for alignment since the speakers do not utter the same utterances. In the most extreme 
case of text independent voice conversion the two speakers speak different languages that may have 
different phoneme sets. Theoretically, text independent voice conversion can be reduced to the 
parallel scenario by a proper alignment and similar conversion methods can be applied. Due to 
alignment limitations the performance levels in these cases have generally been lower. In this chapter 
two techniques for text independent alignment are proposed: one is based on temporal decomposition 
[40] and the second uses an intermediary stage based on text-to-speech synthesis [42]. 

The chapter is organized as follows. In section 4.1 the soft alignment scheme is introduced. 
Section 4.2 presents the text independent alignment based on temporal decomposition and in section 
4.3 the main conclusions are summarized and a TTS-based technique for text independent alignment 
is described as a future direction. 

4.1 SOFT ALIGNMENT SCHEME 

The conventional GMM based approach can be used successfully in feature transformation for 
example in voice conversion. However, in GMM based transformation, the alignment between 
source and target vectors is a very crucial factor affecting the quality since aligned vectors are needed 
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for GMM training. For example, in the voice conversion application, equivalent utterances from 
source  and  target  speaker  are  used  as  the  training  material.  The  fine-scale  alignment  can  be  either  
done manually or automatically by dynamic time warping (DTW). Though those alignment methods 
have been commonly used, they have the following drawbacks due to their inherent hard alignment 
strategy.  

1. Given any source-target pair of vectors, there are only two possible decisions in the 
alignment: the pair is assumed 100% aligned or it is not aligned at all. As a result, even small 
alignment errors can introduce a lot of noise to the data to be modeled. 

2. Hard alignment may be impossible by nature. For example vectors extracted from human 
speech cannot always be perfectly aligned even by human experts using the conventional 
hard alignment due to the properties of natural speech. Thus, the hard alignment will always 
cause some errors no matter how well it is performed.  

3. Hard alignment requires that in order to obtain the final vector sequences, the aligned 
sequences from the source and the target must have the same number of vectors. Therefore, it 
is necessary to interpolate between vectors or to discard/duplicate some vectors. Both of 
these solutions add more complexity and introduce alignment or interpolation errors. 

The quality of GMM is greatly affected by “noisy” data due to the alignment problems. The work 
on alignment has typically concentrated on improving hard alignment manually by experts or through 
the use of different automatic techniques, such as dynamic time warping. The proposed technique can 
bring improvements by introducing a soft alignment method. 

The main idea of the technique is to utilize soft alignment to obtain the training data for GMM 
based transformation. In soft alignment, alignment probabilities are assigned to vector pairs. The soft 
alignment probabilities are then used in the training. A very good use case for the technique is voice 
conversion (the transformation of the characteristics of a source speech to match the characteristics of 
a target speech). 

4.1.1 The Proposed Method 
The proposed soft alignment can be realized in many ways. In this section, we introduce one possible 
reference realization designed for the voice conversion application but it should be noted that this 
realization  is  only  exemplary.  In  all  the  alternatives,  the  core  of  the  technique  is  that  vectors  are  
aligned using soft alignment, i.e. a feature vector may align to other feature vectors with some 
alignment probability. GMM is then trained using joint feature vectors and the corresponding 
alignment probabilities. 

 
Soft alignment 

In the present technique, an alignment probability ) is  introduced  to  express  that  a  
feature vector  at time  from the source speaker is aligned to the feature vector  of the target 
speaker at time  with probability ),  to  form  the  joint  feature  vector  of  the  aligned  pair  

= [ )] . For hard alignment, ) would  be  1  for  all  aligned  pairs.  For  
soft alignment, ) is continuous value between 0 and 1. In the following two subsections, we 
propose a novel algorithm for soft alignment and GMM training as a reference realization of the 
proposed scheme. It can be implemented in several other ways as well. The key is taking soft 
alignment into account in some way. 
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Alignment probability estimation 

In Hidden Markov Model (HMM) based speech recognition, it is assumed that the sequence of 
speech feature vectors corresponding to each word is generated by a Markov Model. A Markov 
Model is a left-to-right finite state machine which changes state once every time unit. For a sentence, 
HMMs are concatenated together to have bigger HMM consisting of left-to-right state in a sequence. 

The same ideas can be used for deriving alignment probabilities for the voice conversion 
application. Let a given source and target speech be represented by a sequence of feature vectors, 

= [ ] and = [ ], respectively, where  are speech vectors (e.g. 
Mel-scaled frequency cepstral coefficients, the so-called MFCC features) at time . A compound 
HMM model is generated by concatenating all subword HMM models (e.g. speaker-independent 
phoneme based HMMs for intra-lingual language voice conversion, or even language-independent 
phoneme based HMMs for cross-lingual voice conversion task. The units smaller than a phoneme 
could also be possible to capture more precise time information) given a pronunciation transcription 
of the source and the target speech. Typically a phoneme HMM composed of several states is used. 
The joint probability that a sequence  is  generated  by  the  compound  HMM model  M through the 
state sequence ) can be simply calculated. ) denotes the state index that feature vector  at 
time t is aligned to. In practice, the underlying state sequence is, however, unknown (or hidden). Let 

) and ) denote the probability of the th state occupation at time  for the source and the 
target. This can be efficiently calculated using the so-called forward-backward algorithm. Suppose 
we have the compound HMM model  for a given sequence  of feature vectors from the source 
speaker. Let the forward probability ) and the backward probability ) for model  with  
states be defined iteratively as: 

( ) = ( , … , , ( ) = | ) = ( 1) ( ) (4.1) 

( ) = ( , … , | ( ) = , ) = ( ) ( + 1) (4.2) 

Where , … , ( ) ) denotes the probability for observing the sequence , … ,  with 
the speech vector x  at time  corresponding to state  ( ) ) given the model . Thus, x  would 
be generated from the probability density  of state . The transition from state  to state  is also 
probabilistic and is governed by the probability . , … , ( ) ) is the probability for 
observing the sequence , … ,  given the model M and the fact that x  was generated from state 
. Hence, 

( ) =
( ) ( )

( | )
=

( ) ( )
( ) ( )

 (4.3) 

where ) denotes the probability to observe the sequence  given the model . 
The probabilities for state occupations are computed for both the source and the target speech. 

Figure 4.1 illustrates this process. 
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Figure 4.1: State occupation probabilities for the source and the target speech. (from [41]) 

As introduced above, the state occupation probabilities can be calculated using the forward-
backward algorithm. For soft alignment, the alignment probability ) has to be calculated to 
measure the probability that source vector  can be aligned to target vector . Now we have, 

, = ( , | ( ) = , ( ) = ) 

= ( ) = ( ) = = ( ) 

(4.4) 

where  is  the  number  of  HMM  states  in  a  given  sentence  and  e.g.  ( ) ) denotes the 
probability of observing the th source vector  being generated from (or aligned to) state . 

In this implementation of the soft alignment technique, the alignment probability ) is 
calculated using equation (4.4). 

 
GMM estimation 

The alignment probability is introduced to express that a feature vector  at time  from the 
source speaker is aligned to a feature vector  at time  of the target speaker with a soft probability 

),  so we have joint vectors defined as = [ ] . It should be 
noticed that feature vectors for soft alignment and features for GMM training and conversion can be 
different. Once the alignment probabilities are obtained, they can then applied to features commonly 
used for  voice conversion,  such as  line spectral  frequency (LSF),  etc.  The parameters  of  GMM are 
estimated using the Expectation Maximization (EM) algorithm. In the following, we give a detailed 
description of an estimation procedure that uses the proposed soft alignment technique. 

Expectation step: 
For mixture component number = 1, … , , the posterior probability, given observation , is: 

, = =
( | ) ( )

( )
 

(4.5) 
= ( ) 

, = ( , ) ,  
where ) denotes the posterior probability of component  given the observation , 

) is the likelihood of  given  the  pdf  of  the  th Gaussian component, ) is  the  prior  



61 

probability of the th Gaussian component.  is the updated version of  based on the current 
iteration step. 

Maximization step: 
( ) = ,   

(4.6) = ,

,
 

= , ( )

,
 

where m and n represent the lengths of the source and target vector sequences. ,  and  are the 
prior probability, the mean and the covariance matrix of the th Gaussian component, respectively.  

The conversion function that converts source feature  to target feature  is given by: 

( ) = [ | ] = ( ) + ( )  (4.7) 

where [. ] denotes expectation and ) is the posterior probability of the th component given the 
observation . 

4.1.2 Experiments 
Some  preliminary  basic  tests  were  carried  out  in  a  voice  conversion  framework  to  prove  the  
advantages of soft alignment over the hard alignment. 

Voice conversion generally requires the alignment of parallel data as a preprocessing stage. A 
mapping model is trained on the aligned data and further used in conversion. When parallel test data 
is available, the converted features can be benchmarked/evaluated against aligned target features in 
terms of mean squared error (MSE). In this experiment we used 16 kHz English language speech 
samples taken from a TC-Star parallel corpus [151]. 

Pitch and LSF features were transformed in our experiments as they retain the essential identity 
content of the speech. An initial dataset is assumed to have ideally aligned features, which will be 
regarded as generic data ignoring their speech related meanings. Artificial data is derived by a 
decimation + pairing procedure from the initial set. The decimation + pairing procedure is distinct 
for soft and hard alignments. Two distinct artificial sets will thus train distinct models for the hard 
and soft alignments. The source data in the initial set is transformed through both soft and hard 
models and compared to the (initial) target in terms of MSE. 

In this experiment, the source and the target were identical, except for decimation and pairing. 
Note that in this case the alignment is truly ideal. In creating the artificial data the decimation step is 
identical for hard and soft cases: decimation by 2 is applied to distinct parities for source and target 
data  in  the  initial  set  (see  Figure  4.2  and  Figure  4.3).  The  pairing, however, is different: hard 
alignment on the decimated data is nothing but a one-to-one mapping between the corresponding 
indices whereas in soft alignment each sample in the target is paired with equal probabilities (0.5) to 
its closest two feature vectors in the source samples (see Figure 4.2 and Figure 4.3). 
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Source:    |    |    |     |    |    |   |    |    | 
 
                1        1        1        1 
 
Target:     |    |    |    |    |    |    |    |    | 
 

 
Figure 4.2: Hard alignment. (from [41]) 

Source:    |    |    |    |     |    |    |    |    | 
 
                .5  .5 .5   .5  .5   .5.5   .5 
 
Target:     |    |    |    |     |    |    |    |    | 
 

 
Figure 4.3: Soft alignment. (from [41]) 

For pitch the decimation + pairing procedure needs to be done for each voiced segment 
individually to avoid cross-segment pairings. Yet for LSF the procedure is applied only once for the 
entire dataset (the initial set) since LSF are continuous over voiced and unvoiced regions in our 
representation. 

The MSE computed for LSF is based on the definition given in 6.3.3 averaged over the test set. A 
similar figure is computed for the pitch exclusively over the voiced frames, where pitch is regarded 
as a vector with one element. The MSE results are given in Table 4.1. 

Table 4.1: Hard vs soft alignment: GMM performance measured using MSE 

 Hard Alignment Soft Alignment 
Pitch (voiced) 1.42 0.26 

LSF (all) 749.1 479.8 
The superiority of the proposed soft alignment is outstanding when the probabilities are correctly 

assigned. The experimental result achieved with the simplified probability assignment (up to 82% 
MSE reduction) was quite impressive considering that the size of the context was only two feature 
vectors in terms of alignment probability. The results show that soft alignment has significantly 
outperformed the classical hard alignment. 

4.1.3 Discussion 
The proposed soft alignment technique does not require making any strict assumptions about data 
and has numerous advantages such as the reduction of the alignment errors and the increased 
robustness of the resulting GMM. The technique produces more combined feature vectors than hard 
alignment therefore more data will be available for training. In soft alignment there is no need for 
interpolation or for removing or duplicating vectors. On the downside the computational complexity 
is arguably higher than with the prior art alignment although this is not a critical drawback. No other 
significant disadvantages of the proposed idea could be identified. 

4.2 TEXT INDEPENDENT ALIGNMENT BASED ON TEMPORAL 
DECOMPOSITION 

In contrast to the parallel scenario, in text independent corpora the speakers need not utter the same 
sentences. If the speakers use the same phonetic set in their utterances, we refer to this as the non-
parallel case. In a cross-lingual case even the phoneme sets used by speakers are different. In our 
experiments, we have designed a so called simulated cross-lingual corpus from originally parallel 
intra-lingual data by ensuring that the target speaker utilizes in the utterances only a subset of the 
phonemes used by the source speakers. 
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By observing that the correspondence of speech content between speakers has moved from the 
utterance level to the phoneme level, we propose an alignment scheme based on temporal 
decomposition and phonetic segmentation of the speech signal inspired by a similar alignment 
approach introduced in [16]. The role of the alignment scheme in this work is to facilitate the use of 
parallel voice conversion algorithms with text independent data allowing us to focus on the 
evaluation of GMM and the bilinear models introduced later in section 6.3. Therefore, we limit 
ourselves to presenting the scheme and leave further analysis for future study. 

4.2.1 Temporal Decomposition 
In the temporal decomposition (TD) model [156], speech is represented as a sequence of articulatory 
gestures that produce acoustic events. An acoustic event is associated with a so called event target 
and with an event function. The event target can be regarded as a spectral parameter vector and the 
event function denotes the activation level of that acoustic event as a function of time. The 
mathematical formulation of this model was given in [156] as: 

( ) = ( ),        1 , (4.8) 

where  denotes the -th event target, ( ) describes the temporal evolution of this target, ( ) is 
an approximation of the th spectral parameter vector ),  is the number of frames in the speech 
segment and  represents the number of event functions, ). Let  denote the dimension of the 
vectors ) and . 

In the original formulation of the TD model [156] several event functions may overlap at any 
given location in the speech signal. A simplification of the original model was proposed in 
[157][158] in which only adjacent event functions are allowed to overlap leading to a second order 
TD model: 

( ) = ( ) + ( ),      , (4.9) 
where  and  represent locations of events  and + 1), respectively. 

A restriction on this model suggested in [159] requires the event functions to sum up to one. 
Furthermore, in order to better explain the temporal structure of speech, a modified restricted 
temporal decomposition (MRTD) was proposed in [160] and assumes that all event functions first 
grow from 0 to 1 and then decrease from 1 to 0. An illustration of the event functions with all the 
above restrictions is given in Figure 4.4. 

l+1(n) 

l(n) 

nl nl+1 n  
Figure 4.4: Two adjacent event functions in the second order TD model. (from [40]) 

The above assumptions are practically equivalent to saying that any spectral vector located 
between two event targets can be computed from the event targets by interpolation. 
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The MRTD algorithm [160] can be used to determine the event locations and the event targets. 
Interestingly, [161] suggests that these event targets convey speaker identity. However, MRTD 
cannot guarantee a fixed correspondence between the (number of) acoustic events and the phonetic 
units. Such a property is desirable for alignment purposes [16] but requires another method to find 
the event locations. 

A method based on phonemes was proposed in [162][163] to represent phonemes with a fixed 
number of event targets. The method uses labeled utterances to segment the speech signal into 
phonemes. Each phoneme is divided into 1) equal segments by  equally spaced points which 
are used as event locations.  is a free parameter depending on the application. In [16] = 5 was 
used. 

In our work we distinguish between the middle stationary part of phonemes and phonetic 
transitions and segment the speech into stationary phonetic units and transient phonetic units as 
described in the next section. Each phonetic unit is divided by four equally spaced points ( = 4), 
corresponding to seven event targets per phoneme = 7), and event targets are computed at those 
locations from an LSF representation of the phonetic unit as follows [160]. 

First the event functions are computed as: 

( ) =

1 ( ),                                            < <
1,                                                                 =                

( 1), 0, ( ) ,   < <  
0,                                                                             

 , (4.10) 

where = 1:  and 

( ) =
( ( ) ), ( )

 , (4.11) 

in which . , .  and .  denote the inner product of two vectors and the vector norm, respectively, 
) represents the th vector of the LSF sequence and the initial event targets  and  are vectors 

sampled from the LSF trajectories at the defined target locations  and , ), =
).  

The actual event target vectors are then calculated in least mean square sense using: 
= ( ) , (4.12) 

where the matrices  and  contain the spectral parameter vectors and event vectors, 
respectively, one per column, and  consists of the event functions arranged line-wise; with 

,  and  defined in the beginning of the subsection. Since these event target vectors may violate 
the frequency ordering property of LSFs a further refinement scheme is applied as in [160]. 

The event targets are used for alignment and in conversion while the reconstruction of the 
phonetic unit to its original or to a desired number of feature vectors is done based on the event 
functions. 

4.2.2 The Proposed Alignment Scheme 
The next scheme requires phonetically labeled training data and aims to align a cross-lingual training 
corpus with two source speakers covering the same phoneme set and one target speaker whose 
phoneme set is different. The concept of voice conversion with multiple source speakers will be 
discussed in more detail in section 6.3. 
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The idea is to segment the training speech into central (assumed stationary) parts of the phonemes 
and transitional parts and organize this data into a multi-layer matrix in which each layer corresponds 
to a different speaker, diagonal nodes correspond to stationary parts and all other nodes correspond to 
transitional parts. Once the data is organized in this way, for any given node we apply some 
similarity criterion to retain in every layer an equal number of signal/parameter instances in order to 
achieve a one-to-one frame correspondence between all the speakers. 

Let = { , . . , } denote a phonetic set consisting of phonemes common to all source and target 
speakers and rare phonemes spoken only by the source speakers. The notation  for a phoneme in 
this set is used to indicate its order index  within the set. If  is the th phoneme in a phonetic 
transcription of an utterance we will refer to  also as  in  order  to  describe  its  position  in  the  
phonetic sequence. 

If  (= ) occupies the time interval [  ] in  the  speech  signal  of  a  given  utterance,  we  
define a stationary phonetic unit (= ) to be signal portion situated in the time interval 
[  ] where: 

      , = + 0.25 ( )   and (4.13) 

, = + 0.75 ( ) . (4.14) 
In other words, the stationary phonetic unit is by definition the central part of a given phoneme 
occupying the second and third quarters of the phoneme signal. This extraction of the spectrally 
stable parts is best justified for vowels but it is used here for the rest of the phonemes as well. 

The transient phonetic unit (= )  occupies  the  interval  [ ,( ) ] instead, 
consisting of the signal portion left between the stationary units  and . 

Following the procedure in the previous subsection, the (LSFs of) phonetic units are decomposed 
into = 4 equally spaced event targets which can be concatenated into a phonetic unit based 
feature vector 

= [  … ], (4.15) 
where  (1 ) denotes the th event  target  in  a  speech  segment  (phonetic  unit).  If  we  
consider the frequency ordering property of the “LSF-like” event targets, this representation can be 
further normalized to 

= [    +   …   + ( 1) ], (4.16) 
which is an ordered vector of frequencies within the interval (0 ). 

All the phonetic unit based feature vectors are then grouped by phonetic unit and speaker. We 
represent our training data in the form of a x  matrix , structured in multiple layers (one for each 
speaker) having at node ): 

 the stationary phonetic unit  corresponding to phoneme , if  
 the transient phonetic unit  between phonemes  and , if  

Aligned data is built for each phonetic unit by grouping phonetic unit based vectors from each 
layer of the unit’s node ) into triples ) minimizing the distance =

) over all combinations of the remaining vectors at node 
) until one layer runs out of phonetic unit based vectors. Here (. ) represents a spectral 

distortion measure. Consequently, we end up with an equal number of phonetic unit based vectors in 
each layer. A node ) in  which at  least  one of   or   is a rare phoneme cannot contain data 
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from the target speaker, therefore we align phonetic unit based vectors as pairs ) only 
between source speakers’ layers. This is done in a similar way minimizing the distance ) 
over all the remaining combinations until one layer runs out of data. 

This alignment strategy has been used in a practical voice conversion application and the results 
are presented in detail in section 6.3. Since that study discusses the bilinear models as a central topic, 
the alignment scheme was not the main focus and, as such, was not evaluated against an alternative 
alignment scheme. However the perceptual tests which compared non-parallel and parallel voice 
conversion found them fairly similar. This indicates the efficiency of the proposed technique since 
the alignment of parallel data has become almost standard and can be considered to offer currently an 
upper limit for the performance. 

4.3 CONCLUSIONS 

While DTW has become almost a standard technique providing sufficient accuracy for the alignment 
of parallel data, the solution for the non-parallel case is not straightforward and attracted an 
increasing research interest lately. Different techniques have been proposed for both intra-lingual and 
cross-lingual data performing in general below the level of the parallel solutions. 

In this chapter the rather minor but inherent limitations of DTW given by its hard binary nature 
were challenged and a soft alignment technique was proposed. The idea is to allow a source frame to 
map with different probabilities to several target frames instead of a hard one-to-one mapping and 
vice-versa. This would avoid the need for interpolation between vectors or vector duplicates as is the 
case with DTW and would implicitly generate more training data as a side benefit. The idea was 
demonstrated viable in experiments with an artificial example of parallel data. 

The non-parallel case has also been addressed. The proposed technique requires phonetic 
segmentation and defines stationary and transient phonetic units which are then decomposed into a 
fixed number of event vectors and organized in a matrix structure. This alignment scheme has been 
used and proved functional in a practical voice conversion scheme discussed later in section 6.3 
dedicated to the study of bilinear models. In that context, the alignment was not in focus and, due to 
this fact, the method was not evaluated in comparison with a separate alignment scheme. In 
comparison with an equivalent system trained from an equal amount of parallel data, the proposed 
technique led to perceptually similar results in a subjective listening test. This aspect indicates the 
efficiency of the method since the parallel scenario can be considered an upper limit of the 
performance.  

In the next subsection we introduce and propose for future work a method that uses a TTS system 
to divide the non-parallel conversion problem into two sub-problems with parallel data. The parallel 
conversion models are then concatenated. The method relies on well studied voice conversion 
techniques and is very attractive for its improved usability and ease of implementation. 

4.3.1 Future Work Proposal: Text Independent Alignment Using TTS 
Typically, voice conversion systems are trained using aligned speech material from the source and 
target speakers. On the other hand, both the source and the target speaker are asked to speak the same 
sentences. Concerning the practical use cases and the usability of this approach in general, the 
requirement of having parallel training material is a very limiting and inconvenient aspect. It would 
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be much easier for the users and developers to obtain speech material if free speech could be used, 
without the need to restrict the sentences. Consequently, there is a clear need for developing 
techniques that would enable text-independent voice conversion on general purpose. The term text-
independent refers to the fact that there is no limitation on the sentences that the speakers read/speak 
for the training. To be able to find the parallel subunits from both source and target sides in similar 
contexts, in practice the database has to be usually bigger than one required for the parallel case. 

A number of prior-art approaches have been proposed in the literature for aligning the vectors of a 
text-independent corpus. These techniques tend to perform worse than the parallel scheme [109] or at 
best, in recent methods [111][112], approaching to a small difference and many of them require 
linguistic knowledge for tuning the system [106][111]. In [109] the source and target vectors are 
independently clustered and the correspondence is established, first between clusters based on the 
similarity of their frequency warped centroids, and then, at frame level within the clusters. This 
method lead to spectral distortion results between 15% and 25% worse compared to the parallel case. 
Speech recognition is used in [106] to label all the source and target frames with a state index and the 
alignment is performed by finding the longest matching sequences from the two speakers. This 
approach is limited to intra-lingual cases and may be affected by recognition accuracy problems. The 
alignment proposed in [110] uses a unit selection approach resembling a TTS for which the synthesis 
database  consists  of  the  target  speaker’s  frames.  The  main  drawback  of  this  approach  is  that  the  
output tends to be increasingly similar to the source voice for larger data. Recently, in [111] a 
phoneme cluster correspondence between the source and target acoustic spaces is used to initialize a 
self-organizing iterative algorithm which learns a topology preserving mapping that maps 
neighboring inputs to neighboring outputs. In [112] a data driven approach is introduced based on the 
iteration of some existing voice conversion techniques. The results reported with the latter two 
methods approach to a marginal difference to the parallel voice conversion. Another prior art method 
[104] limits the TTS voice as either source or target in the text independent voice conversion system, 
so that the solution cannot be extended to the general applications where both source and target 
speakers are human speakers. The technique proposed in this section is targeted for the case where 
both the source and the target are natural speakers. According to the author’s knowledge, a more 
generalized text independent scheme that could use speech synthesis as intermediate step to divide 
the non-parallel training into two parallel steps has not been used or published anywhere. 

The state-of-the-art text independent voice conversion techniques are set the objective to find 
frames that correspond to each other. The current technique proposes a novel approach to build up 
the text independent voice conversion training procedure. A high-quality speech synthesis system is 
used as intermediate step to bridge the non-parallel gap between utterances from the source and 
target speakers. On the other hand, the non-parallel text independent voice conversion from the 
source speaker to the target speakers can be divided into two parallel voice conversion parts. At first, 
the source speech is converted into the corresponding the TTS speech in parallel. Then the 
intermediate TTS speech is converted into the target speech in parallel too. This is based on the fact 
that the training procedure is done offline and the high-quality TTS system is readily available for 
use even on the same device. The TTS system can be used for artificially and simply generating 
training data for voice conversion. 

Given the non-parallel training utterances from the source and target speakers, the TTS training 
utterances can be made available so that they are parallel to the utterances from the source speaker 
and the target speakers. The source-to-TTS conversion model can be trained using parallel training 
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corpus between the source and TTS speeches. In the meantime, the TTS-to-target conversion model 
can be also trained using parallel training corpus between the TTS and target speeches. The source-
to-target conversion is realized by concatenating source-to-TTS and TTS-to-target models together as 
shown in Figure 4.5. 

The proposed technique offers a novel scheme for the text independent voice conversion task. It 
does not require parallel training data as the model training is done on the two concatenated parallel 
trained models. The proposed solution can be extended and used in all applications of the text 
independent voice conversion where a TTS is readily available. The technique offers many benefits 
on the usability, for example it allows the training of voice conversion systems to use freely selected 
speech material (e.g. celebrity voices from TV, radio or movies). 

Source speaker X Target speaker Y Synthetic speaker Z 

Conversion model: 
Source vs TTS 

 
ModelXZ 

Conversion model: 
TTS vs Target 

 
ModelZY 

 

Converted speech  Source speech 

Conversion 

Training 

 
Figure 4.5: Diagram of the proposed text independent voice conversion system. (from [42]) 
 
The proposed method 

The proposed technique can be realized in many ways. In this subsection, we only introduce one 
possible reference method designed for the text independent voice conversion application but it 
should be noted that this method is only exemplary. In all the alternatives, the core of the technique is 
that the text independent voice conversion models can be generally made by two concatenated voice 
conversion models trained with parallel utterances using a TTS system as intermediate step to bridge 
the non-parallel gap between the source and target speakers. 

First, let us assume that we have a high-quality TTS system ready for use. Based on the training 
utterances from both the source and target speakers, the parallel synthetic speeches can be made 
available to the utterances of the source and target speakers. 

To realize the main idea of the technique, we train first a model of the conversion between the 
source speaker  and the TTS voice  using the parallel  data  of   and . Next, a second model is 
trained for converting the TTS voice  to the target speaker’s voice  based on the -  parallel data. 
In both cases the DTW is used to align the parallel training data and the aligned data is then used to 
train joint GMMs following the conversion approach introduced in [124] and presented in subsection 
2.4.2. The joint GMMs are denoted ) and ) for the conversions  to  and  to 

, respectively. The symbol  is the joint input-output vector of the conversion, while  and  
represent the mean vectors and the covariance matrices of the GMM model. 
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Finally, the conversion model between non-parallel utterances from the source speaker  and the 
target speaker  can be derived by concatenating two conversion functions defined from the GMM 
models ) and ) trained on parallel utterances. The conversion function that 
converts source feature  to target feature  is given by: 

= ( ) = ( ) ( + ( ) ( )) 
(4.17) 

where   ( ) =
( , , )

( , , )
 

= ( ) = ( ) + ( ) ( )  
(4.18) 

where   ( ) =
( , , )

( , , )
 

In the equations above, ) and ) denote posterior probabilities of the th Gaussian 
component given the observations  and  and the GMMs ) and ), 
respectively;  and  are parts, corresponding to the output semi-space, of the joint center vectors 
of the models ) and ), respectively;  and  are blocks of the lth 
covariance matrix of model ) representing the output-input cross covariance and the auto-
covariance of the input, respectively;  and  are defined similarly for the model ( ); 

(. ) and (. ) denote the conversion functions between the source speaker  and  the  TTS  
speaker  and between the TTS speaker  and the target speaker , respectively; ) and 

) represent sub-models of ( ) and ), respectively, corresponding to 
the input semi-space. 

 
Discussion 

The proposed technique has some important advantages. First, the method offers improved 
usability by eliminating the requirement for parallel data. The users can record their speech freely 
and that speech can be effectively used as training data. This aspect is crucial for practical 
applications. Secondly, the method is simple to implement being based on conventional and mature 
parallel voice conversion techniques. It is also possible to consider the proposed method as a solution 
for embedded applications.   

On the other hand, several aspects of the proposed technique deserve some closer consideration. 
A high-quality TTS system is required during the training phase. This will add more memory and 
computational complexity. However, training can be carried out offline, and conversion does not 
need TTS system to support. Yet another aspect is that the system has to be tuned carefully since the 
cascaded/concatenated structure sometimes can accumulate the distortion. 
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Chapter 5 

Contributions to GMM Framework 

The conversion methods based on Gaussian mixture models (GMM) have been the most popular 
approach in the voice conversion literature. The data is modeled using a GMM and converted by a 
function that is a weighted sum of local regressions. In spite of its popularity, GMM based 
conversion is known to suffer from several drawbacks. One of them is common to all fitting tasks 
and is related to the model complexity requiring a trade-off between two objectives: accuracy of 
modeling and generalization capability. Simple models are subject to over-smoothing whereas 
complex models may result in over-fitting. A second drawback of GMM-based methods is related to 
the frame-based operation which ignores the temporal structure of speech. In addition to these 
fundamental problems further challenges may appear from particular use cases when, for example, 
the training data is limited. This chapter introduces a set of methods closely related to the GMM 
framework aiming to improve the modeling, to simplify the performance evaluation, to operate with 
limited data and to include the speech dynamics in the modeling. 

The chapter is organized as follows. Section 5.1 presents an efficient scheme for the evaluation of 
GMM-based conversions based on the model parameters. In section 5.2, a conversion approach 
combining GMM modeling and a clustering scheme is presented. Section 5.3 describes a technique 
for adapting an existing well trained conversion model to a new target voice with a reduced amount 
of training speech. The chapter ends with concluding remarks presented in section 5.4. In addition, 
section 5.4 introduces a prospective GMM-based conversion technique which uses temporal dynamic 
features in addition to the static ones aiming to improve the frame-to-frame continuity. Parts of this 
chapter are based on [43][44][45][46]. 

5.1 MODEL EVALUATION SCHEME 

Apparently, the quality of the trained GMM has a tremendous influence on the performance. 
Therefore, efficient objective evaluation of GMM models is becoming very important when going 
towards a better conversion quality. This section is based on [43][164] and presents a very efficient 
approach for the evaluation of GMM models directly from the model parameters without using any 
test data, facilitating the improvement of the transformation performance especially in the case of 
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embedded implementations. Though the proposed approach can be used in any application that 
utilizes GMM based transformation, we take voice conversion as an example application throughout 
the section. The proposed approach is experimented with in this context and compared against a MSE 
based evaluation method. The results show that the proposed method is in line with all subjective 
observations and MSE results. 

The existing conventional objective approaches for GMM quality evaluation based on distance 
measures such as mean squared error require test or validation data and are rather heavy from the 
viewpoint of embedded implementations, which may prevent such quality evaluations in embedded 
applications. These kinds of approaches have several inherent drawbacks: 

1. Memory and cost: need to obtain and store the validation data;  
2. Consistency: test results are dependent on the selection of the test data, different results may 

be achieved using different validation sets;  
3. Real-time feedback: difficult to integrate this kind of measurement into the model training 

process;  
4. Complexity: computational load caused by the evaluation is rather high; 

Thus more efficient objective GMM evaluation schemes that could avoid these problems should 
be investigated. 

The approach presented in this section introduces a very efficient approach for objectively 
evaluating GMM quality that is readily suitable also for embedded implementations. The main idea 
in the proposed approach is to measure the quality of the model directly from the model parameters 
without using any test data. The approach makes it possible to generate better GMM models 
especially in practical embedded applications. 

5.1.1 GMM Model Evaluation 
The main idea presented in this section is to evaluate the quality of the GMM model directly based 
on the model parameters without using any testing data. More precisely, the measure utilizes the 
trace of target parts of the covariance matrices in the transform function to approximately evaluate 
the performance of GMM model in the transformation task. The proposed measure is very efficient to 
compute and it does not require any test data as the measurement is done directly from the model 
itself. 

The evaluation method is derived by considering the properties of the GMM based transformation 
approach. The objective in the optimization of the GMM parameters in the conversion function is to 
minimize the average squared conversion error D for the training dataset. 

=
1

( )  (5.1) 

where  and  denote aligned source and target vectors, respectively;  represents the length of the 
aligned source and target training data;  is a frame index and (. ) represents the conversion 
function. 

The mean squared error is usually computed also on a validation dataset to assess the GMM 
quality. Lower  scores indicate that trained GMM models perform better in the voice conversion 
task  than  a  model  with  a  larger  . Another approach for estimating the conversion error can be 
derived from data statistics (i.e., model parameters) using the variance of the distribution of  given 

, i.e. ( ) ). ( ) can be treated as a measure of the uncertainty of the conversion. The 
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smaller ( ) is, the more accurate the conversion performs. The proposed method originates from 
equation (5.1) and can be applied as an efficient measure for model assessment. 

In theory, the quality of the GMM can be measured using: 

= ( ) ( )  (5.2) 

where  represents a quality measure of the GMM and ) is the probability density function of . 
To be able to estimate the quality from the model itself in practice, the different mixtures have to 

be taken into account in the computation. Moreover, to make the computational complexity lower, 
the following approximation is proposed, instead. 

 (5.3) 

where (. ) denotes the trace of the matrix,  is the weight (prior probability) of the th component 
and  is  a  block  of  the  th covariance matrix describing the auto-covariance of the target semi-
space. The value , also called trace measure and defined in equations (5.2) and (5.3), is proposed to 
be used for evaluation of GMM performance. 

We have applied the GMM on the features  in  the discrete  cosine transform (DCT) domain.  The 
decorrelation tendency of DCT transformed features ensures almost diagonal covariance matrix. In 
this way the trace can better approximate the variance of the data in multiple dimensions. Therefore, 
equation (5.3) becomes more accurate. The GMM model performs better when  value decreases. 
The proposed measure can be computed very efficiently and the measurement can be done directly 
on the model itself without any validation data. This measure can be used, for example for guiding 
the training of the transformation system towards better modeling. As very efficient implementations 
can be designed for the proposed scheme, it is particularly suitable for embedded applications. 
Nevertheless,  the  technique  has  the  potential  to  benefit  other  applications  as  well,  as  it  does  not  
require any evaluation data and, given its design, is expected to produce consistent results.  

5.1.2 Experiments 
In order to verify the theoretical reasoning described in subsection 5.1.1, we carried out some 
experiments using voice conversion data. In these experiments, pitch and LSF parameters were 
studied mainly because of their importance in speech perception. Parallel utterances for two speakers 
were used for training (90 sentences) and testing (99 sentences). The LSF and pitch conversion 
models were trained on 20-dimensional joint LSF feature vectors and 2-dimensional joint pitch 
features, respectively, using the EM algorithm. 

 
Trace measure vs. number of mixtures 

A preliminary test was firstly carried out to verify that the proposed measure can meaningfully 
evaluate different models having different number of mixtures. Perceptual observations have 
indicated that the suitable number of mixtures for the conversion of LSFs and pitch features is 16 and 
8, respectively, giving the best tradeoff between conversion quality and computational load. The 
trace measures for the corresponding models with different number of mixtures (as seen in Figure 5.1 
and Figure 5.2) are completely in line with the perceptual observations. 
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Figure 5.1: Trace measures vs. number of mixtures 
(LSF). (from [43]) 

 

Figure 5.2: Trace measure vs. number of mixtures 
(pitch). (from [43])

 
Comparison between trace and MSE 

The second experiment included comparative tests between the trace measure and the 
conventional MSE approach. Again, the evaluation included pitch and LSF parameters. The training 
was done on normalized data. Specifically, the features were first normalized using scaling. DCT 
transform is then applied to decorrelate the features. Accordingly, the conversion requires now 
normalization, DCT transform, mapping through GMM, inverse DCT transform and 
denormalization. It should be noted that the models were trained only on the training set, while both 
training and testing set were converted and analyzed separately for calculating MSE. Separate models 
were trained for the different directions of the conversion (from male to female and from female to 
male). GMM models are also trained on the voiced and unvoiced data, as denoted as model 1 and 
model 2. The converted data was compared to the target data in terms of MSE. The results from this 
experiment are given in Table 5.1: 

Table 5.1: GMM models evaluated using MSE. 

 GMM models Female to Male Male to Female 

Test set 
Pitch (voiced) 212 95 
LSF model 1 17438 16515 
LSF model 2 18213 16931 

Train set 
Pitch (voiced) 224 91 
LSF model 1 17199 16234 
LSF model 2 18050 17054 

The trace measures of the same models are given in Table 5.2. They were computed using 
equation (5.3). 

Table 5.2: GMM models evaluated using trace measure. 

GMM models Female to Male Male to Female 
Pitch (voiced) 0.785 0.473 
LSF model 1 4.764 4.609 
LSF model 2 5.029 4.886 

As can be seen, the MSE and trace measures are completely in line with each other for both the 
training and validation sets. Moreover, the proposed measure can again also confirm our perceptual 
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findings on the voice conversion data: male-to-female conversion has better quality (smaller errors) 
than female-to-male conversion, and LSF model 1 outperforms LSF model 2. 

5.1.3 Conclusions 
In this section, we focused on the model evaluation aspects in the context of Gaussian mixture 
modeling based transformation. More specifically, we developed a novel procedure for efficient 
evaluation of the GMM models without using any evaluation data. The proposed approach was 
evaluated in the voice conversion task. 

It is remarkable that the proposed trace measure is perfectly in line both with perceptual 
observations and MSE results (for both the training and validation sets). The use of the presented 
measure leads to the same conclusions with significantly less computation and without any validation 
data or perceptual evaluation. Thus, based on the presented practical experiments, the proposed trace 
measure can be regarded as an effective and efficient quality measure of the GMM model in 
transformation task. 

The proposed GMM evaluation scheme offers several advantages when compared to the 
conventional MSF based evaluation technique: 

1. Efficiency: very fast computation;  
2. Simplicity: no validation/testing data needed for the evaluation;  
3. Consistency: MSE results depend on the test data, but the trace measure always gives the 

same result provided the GMM is kept unchanged;  
4. Easy integration: it is easy to integrate the analytical evaluation as a feedback into the model 

training, aiming to improve the models; 
Consequently, it can be concluded that the proposed approach offers a very good solution for the 

evaluation of GMM model in the transformation applications. The method offers benefits in all 
implemented platforms, especially strong in embedded applications. 

5.2 CLUSTERING AND MODE SELECTION 

Since the statistical properties of speech signals depend heavily on the content, it is hard to design 
speech processing techniques that would perform robustly well on all inputs. In voice conversion, the 
type of inter-speaker relationship may differ depending on the type of speech segment. For example, 
nearly stationary voiced regions should usually be treated differently than plosives. For the problem 
of handling different types of speech segments, the solutions proposed in the literature include the 
use of acoustic similarity based classification and regression trees [53], phoneme-tied codebooks 
[118], K-means based clustering [165], and phoneme-based modeling [166]. 

To tackle this problem in a robust manner, we introduce a novel scheme for data clustering and 
mode selection. This technique has been previously described in [44][167]. The main idea of the 
proposed approach is to first cluster the target data to achieve minimized intra-cluster variability. A 
separate conversion scheme is trained and used for each cluster considering also the aligned vectors 
of the source speaker. According to the findings presented earlier in section 5.1 the reduction of 
target features variability is expected to lead to improved mapping accuracy if the clusters are 
identified correctly during the conversion phase. Moreover, the intra-cluster data behavior is less 
complex and thus, easier to model. Since the target data is missing in the conversion stage, the 
correct cluster or mode has to be recognized using only source-related information. Therefore, a 
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mode selector or classifier is trained on source-related data aligned to the clustered vectors of the 
target speaker in order to recognize the target-based clusters. Auxiliary speech features can be used to 
enhance the classification accuracy, in addition to the source data. The proposed scheme is fully data-
driven and it avoids the need to use heuristic solutions. The superior performance of the proposed 
scheme has been verified in a real voice conversion system. 

5.2.1 Proposed Approach for Data Clustering and Mode Selection 
The voice conversion system used here has been briefly introduced in section 3.1.2. The conversion 
of  the speech parameters  is  generally handled one frame at  a  time following the joint  GMM based 
approach described in section 2.4.2. However a different GMM is trained from a separate cluster of 
training data and this section presents in detail the data clustering and mode selection scheme. 

The proposed approach for data clustering and mode selection starts from the idea that the data 
should preferably be clustered into different operating modes in a way that is optimal for the desired 
goal. If the goal is to minimize the potential conversion error, the most effective approach would be 
to cluster the joint data from the source and the target side into different processing modes based on 
the target features. Due to the minimal intra-cluster variation of the target vectors, this choice ensures 
a minimized potential conversion error within each mode or cluster according to the findings 
presented in section 5.1. In this case, such a best possible clustering is based on target data that is not 
available during usage (conversion phase). During the conversion phase, the lack of target vectors 
introduces some uncertainty in the mode selection. In order to deal with this inconvenience, the next 
step is to train a mode selector that aims to find the correct cluster based on the data that is available 
during usage. This data can include in addition to the conventionally available data any auxiliary 
features  that  can  be  made  available.  Finally,  a  separate  processing  scheme  is  trained  and  used  for  
each mode. 

The proposed approach first finds  clusters solely based on the target data features . For 
example, if the aim is to convert LSF vectors, the initial clustering is performed based on target LSF 
vectors only. The clustering can be performed e.g. using the well-known K-means algorithm to 
obtain the clusters ) ), … , ). When choosing the value of  care should be provided that 
each cluster receives sufficient data in order to avoid over-fitting and ensure a reliable training of the 
conversion model. Provided that each cluster has sufficient data, a larger number of clusters  
should lead to a better accuracy. For the purpose of our discussion  can be empirically selected and 
does not need to be optimal. 

After obtaining the initial grouping, the next step is to train a mode selector with the aim to 
recognize the target based clusters using only data from the source speaker. To facilitate the 
classification task, auxiliary features derived from the source data can be used in addition to the 
source vectors . In principle, this auxiliary data denoted as  can include any/all the features that 
one can extract from the source data. For example, the auxiliary feature set could include acoustic 
parameters such as pitch, voicing and energy as well as other parameters such as phoneme 
information, linguistic location, linguistic duration and part-of -speech. Given the initial target-based 
clusters, the extended aligned data set, denoted now as = [ ] , can be straightforwardly 
split into the same  groups, ) ), … , ).  Based  on  this  grouping,  it  is  possible  to  train  a  
classifier aiming to find the correct cluster using only the source related data vector ] . We 
implemented the classifier using a simple linear discriminative function ([ ] ) but it would 
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also be possible to use other techniques such as non-linear discriminative functions, neural networks 
or support vector machines. The exact selection of the auxiliary feature set is not a highly critical 
issue in the sense that the features with no additional discriminative information will receive a very 
low or even a zero weight in the training while the more relevant features will receive a larger 
weight. 

Once the mode selector or the classifier is available, a separate conversion scheme is trained for 
every mode with a training data set belonging to that mode. It is possible to either use the training 
data sets based on the initial clustering that was made based only on the target data or to re-cluster 
the data using the trained classifier to obtain re-grouped training data sets. The latter approach 
provides enhanced robustness against classification errors, and thus it should preferably be followed 
in cases where the classification error rate is not very low. 

During the usage of the multi-mode processing system, the conversion system must first obtain 
the source vector to be converted and the corresponding auxiliary vector. This data is used as an input 
to the classifier that selects the mode. Finally, the conversion of the vector is handled using the 
conversion scheme corresponding to the selected mode. 

The proposed approach summarized below has many beneficial properties. First, the approach is 
fully data-driven. Secondly, the method is very flexible in the sense that it is for example very easy to 
change the number of modes/clusters. Thirdly, there is no requirement to utilize any linguistic 
information but if such information is available it can easily be used to support the mode selection. 
Finally, the proposed method offers good performance as demonstrated in subsection 5.2.2 using 
practical experiments. The good performance can also be explained from another point of view. 
Figure 5.3 depicts the distribution of the first two frequencies of a LSF vector for a small set of target 
LSF vectors, selected randomly from a larger voice conversion training set. The line illustrates the 
ideal  boundary for  a  two class  clustering using K-means,  whereas the circles  and crosses represent  
the clustering decisions based on the widely used voiced/unvoiced classification. Provided that the 
mode selection is made correctly, it is evident that in the case of optimal clustering the distribution of 
any conversion errors will be much narrower than in the case of voiced/unvoiced clustering. While it 
is in general not possible to achieve a 100% mode classification rate, the proposed approach still 
successfully mimics this optimal case, leading to clear measurable improvements. 

Training Algorithm: 
Step 1: Define and extract an auxiliary feature set  from the source training data set; 
Step 2: Align the source related data and the target data to form extended combined feature 

vectors = [ ] ; 
Step 3: Split the target data  into  clusters using e.g. the K-means algorithm; 
Step 4: Group the extended vectors  into the same  clusters based on the clustered target data 

; 
Step 5: Train a mode classifier that aims at finding the correct target based cluster using only the 

source related features  and ; 
Step 6: Train  separate models for the different modes. Use as the training data the data 

classified to the corresponding cluster; 
Conversion Algorithm: 
Step 1: Extract the auxiliary feature vector  from the source data; 
Step 2: Select the correct mode using the source related vectors  and  as input; 
Step 3: Use the selected model to convert the source feature vector ; 
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Figure 5.3: Ideal clustering vs. voiced/unvoiced clustering. The line illustrates the division between the two 
ideal clusters while o and x denote voiced and unvoiced data, respectively. It is easy to see that there is 

significantly less variability within each cluster in the case of ideal clustering. (from [44]) 

5.2.2 Experimental Results 
The proposed data clustering and mode selection approach was tested in a voice conversion system 
that uses GMM to model the intra-cluster correspondence between the source and target vectors. To 
highlight the performance advantage achievable using the proposed method, we compared it against a 
common approach based on voiced/unvoiced clustering that also offers good performance. The 
comparison was done through the measurement of the average mean squared error between the 
converted and the target vectors. 

 
Test set-up 

The two different conversion schemes, the first based on the proposed approach and the second 
based on the traditional voiced/unvoiced clustering, were implemented for the conversion of LSF 
vectors. In the implementation of the proposed approach, we used several source-speech related 
features to form the auxiliary data vector . More specifically, the auxiliary data included the first 
and second derivatives of the LSF vectors, the pitch parameter, the energy parameter, the residual 
amplitude spectrum and the voicing information for the spectrum. The mode selector was 
implemented using a simple linear discriminative function. In the case of the traditional 
voiced/unvoiced clustering, we made a single voicing decision for each frame based on the voicing 
information for the spectrum. 

Both conversion schemes were trained and tested using the same training and testing data sets. 
The speech data was selected from a TC-Star corpus of parallel English utterances [151]. A data set 
containing 90 sentences (29 880 frames) from a source speaker and a target speaker was used for the 
training while a distinct set of 99 sentences (32 700 frames) was reserved for the testing phase. In 
both sets, the source and target vectors were aligned using dynamic time warping supported with 
phoneme-level segmentation. All the conversions were handled using the joint Gaussian mixture 
modeling based approach summarized in subsection 2.4.2. One 16-mixture GMM was trained for 
each mode. In the proposed technique the number of modes is =2.  This  value is  not  meant  to  be 
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optimal from the viewpoint of the tradeoff between accuracy and over-fitting but ensures a 
meaningful comparison to the other approach which uses two modes as well, voiced and unvoiced.  

Since  the  mode  classifier  was  implemented  in  a  very  simple  way,  we  also  implemented  a  third  
conversion scheme that directly utilized the perfect clustering based on the target data. Generally, the 
implementation of such a perfect classifier is not possible primarily because the training data is not 
available during the conversion phase. Nevertheless, this third conversion scheme can be used for 
demonstrating the theoretical performance bound that cannot be exceeded with the proposed 
approach provided that the initial clustering and the conversion schemes are kept unchanged. 

 
Results 

The  results  achieved  in  the  test  are  summarized  in  Table  5.3.  For  the  scheme  based  on  the  
conventional voiced/unvoiced clustering, the mean squared error between the converted LSFs and the 
corresponding target LSFs was 23058 for the training set and 23559 for the testing set. For the 
proposed scheme, when implemented as described above, we achieved the MSE scores of 21015 and 
21833 for the training set and the testing set, respectively. Since our classifier was implemented in a 
very simple way, we also tested the performance in the ideal hypothetical case with 100% 
classification rate. In this ideal case, providing the performance bound for the given initial clusters, 
the MSE figures were found to be 15295 and 15770 for the training and the testing set, respectively. 

As is clearly evident from the results, the proposed method outperforms the conventional 
approach with a clear margin, despite the fact that the simple mode classifier only achieved a 
classification error rate of 12.4% (over the testing data). Moreover, the performance advantage was 
achieved even though the traditional voiced/unvoiced classification used as a reference also offered a 
very natural and efficient clustering scheme. 

Table 5.3: Comparison between the conversion MSE achieved using the conventional voiced/unvoiced 
clustering and the proposed data-driven clustering schemes. 

 Training Set Testing Set 
Voiced/unvoiced clustering 23058 23559 

Proposed 21015 21833 
Proposed (perfect classifier) 15295 15770 

5.3 EFFICIENT RE-ESTIMATION 

Gaussian mixture model (GMM) based techniques have been found to be efficient in the 
transformation of features represented as scalars or vectors. However, reasonably large amount of 
aligned training data is needed to achieve good results. To solve this problem, this section presents an 
efficient model re-estimation scheme [45]. The proposed technique is based on adjusting an existing 
well-trained conversion model for a new target speaker with only a very small amount of training 
data. The experimental results provided in the section demonstrate the efficiency of the re-estimation 
approach in line spectral frequency conversion and show that the proposed approach can reach good 
performance while using only a very limited amount of adaptation data. 

GMM models in the voice conversion task are commonly trained from scratch using a relatively 
large amount of aligned training data. The training data can be either parallel, meaning both the 
source  and  target  speakers  read  the  same  text,  or  non-parallel.  Using  a  fairly  large  amount  of  data  
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improves the quality of the models, but this approach has several inherent drawbacks from different 
aspects: 

 Usability: there is a need to record plenty of training data; 
 Memory: requirement of having more memory available for storing the training data; 
 Complexity: the computational load caused by the GMM training with large training data 

may be rather high. 
Related adaptation techniques for GMM conversion with reduced data are described in [114] 

[129] and [168]. Maximum a posteriori (MAP) based adaptation [114] [129] trains a GMM on a large 
source  corpus  and  limited  amount  of  speech  from  the  target  speaker  to  estimate  a  joint  GMM  
robustly. The eigenvoice conversion [168] uses multiple parallel sets of the same source speaker but 
several different target speakers to build a so called EV-GMM. Basically a GMM distribution is 
represented as a function of a weight vector. We can derive conversion functions to any target 
speaker using maximum likelihood techniques to estimate the weight vector from a reduced (and 
non-parallel) target data. 

The re-estimation approach proposed in this section is applicable in a voice conversion framework 
where  the  source  and  target  acoustic  spaces  are  jointly  modeled  as  a  GMM.  It  introduces  a  very  
efficient scheme for adapting a well-trained GMM conversion model to a completely new target 
speaker with only limited speech data from the new target speaker. It is readily suitable for embedded 
implementations and it does not require a large amount of training data or data from many speakers. 
The proposed approach broadens the variety of potential use cases for voice conversion especially in 
practical embedded applications. 

5.3.1 Efficient GMM Re-Estimation 
In the GMM based transformation, multiple mixtures of Gaussian distributions are trained using joint 
feature  vectors  combined  from the  feature  vectors  estimated  from the  source  and  target  sides.  The  
main idea of the proposed re-estimation approach is to utilize an existing well-trained GMM model 
from the source speaker  to the target speaker  (trained using an adequate amount of speech data), 
and to adapt it to be a GMM model from the source speaker  to a new target speaker  with only a 
very limited amount of training data. 

The proposed technique is very fast in adapting the voice conversion model to the new source and 
target speaker pair. It does not require much training data as the parameter estimation is done directly 
on the well-trained model. One possible use case is individualization of the text-to-speech 
functionality. With only a small amount of training data, TTS can start using any new voice provided 
by the user. The performance of the proposed approach is demonstrated using experimental results in 
section 5.3.2. 

 
GMM training for source and target speakers: ,  

First, let us assume that we have an adequate amount of training data from the source speaker  
and the target speaker .  In  the case of  the TTS application,  it  is  rather  easy to collect  this  speech 
data since a lot of speech is automatically available in the databases of the speech synthesis system. 
Also in other applications, the recordings of the two voices (  and ) can be done quite easily e.g. by 
the developer of the application. After we have the data available, we can train a model that converts 
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speech from the speaker  to sound like the speaker  just like in the case of conventional voice 
conversion. 

The GMM for the random variable  can  be  estimated  from  a  time  sequence  of   samples 
 …  … ], when = [ ]   is a joint variable and ,  would denote aligned 

features from the source  and target  speaker respectively. The distribution of  is modeled by 
GMM as in equation (2.16) of section 2.4.2. The weighting terms are chosen to be the conditional 
probabilities that the feature vector  (at time ) belongs to the different components. 

 
Re-estimation for source and target speakers: ,  

As mentioned above, we have trained a GMM model, )}, for source speaker  and 
target speaker . For the new conversion pair from source speaker  to target speaker , given a 
limited training data of the joint variable = [ ] , the  GMM  model  can  be  adapted  into  

)} for mapping between the source and the target speakers , , based on the well-
trained model . 

Since  is the prior information to measure the probability that the training data falls into the 
cluster or the mixture, for the re-estimated GMM model , the new target data does not change the 
data distribution for the source side. Thus it is reasonable to assume that the clusters have not 
changed for the source data. The outcome of having new target speaker only causes the cluster 
shifting along the target space as illustrated in Figure 5.4. 

With the GMM model re-estimation scenario, if we assume that the model can be re-estimated 
only with the mean, while keeping the prior probability unchanged, we have the model re-estimation 
algorithm shown in equations (5.4) and (5.5). 

Source space 

Cluster 2 

Cluster 1 

Target space 

Toward new 
target speaker  

Toward new 
target speaker  

 

 

Figure 5.4: Diagram of GMM model re-estimation scenario. (from [45]) 
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where  represent prior probabilities of the th mixture component in the original and adapted joint 
GMM;  denote the covariance matrices,  the mean vectors and ( ) ) the posterior 
probabilities of the th component for the original and adapted joint GMM, respectively;  
represent halves of the joint vectors  and  corresponding to the speakers  and , respectively. In 
equation (5.5)  represents a feature vector of the new target speaker aligned with source speaker’s 
vector . 

Depending on the size of the training data available from the target side (new target ),  we can 
also estimate the covariance matrix as shown in equation (5.6). 

=
( ) ([ , ] [ , ]) ([ , ] [ , ])

( )  (5.6) 

If the size of the training data is very small (less than roughly 5 utterances or 15-20 seconds of 
speech), it is reasonable to keep the covariance matrix unchanged due to the following reasons: 

 The covariance matrix cannot be reliably estimated with very limited amounts of data; 
 The source space has not changed at all; 

The contribution of the covariance in voice conversion is very small due to the small weighting 
factor in ( ) . 

5.3.2 Experimental Results 
We carried out several experiments to demonstrate that a well-trained GMM converting voice  to 
voice  can be effectively adapted to a new target  using a very limited amount of parallel  to  
adaptation data. Both objective and subjective measures were used in the experiments. 

10th-order LSF vectors were used in our experiment. Based on our previous experiments [36], the 
transformation of LSFs can be handled using a GMM of 8 mixture components and thus the models 
discussed below use 8-component GMMs. It was observed that reducing the number of components 
degrades the modeling. In turn, adding components only brings marginal improvement while the 
complexity increases and the parameter estimation becomes less reliable. Moreover, we had a 
parallel corpus of speakers ,  and  available where  and  are female voices and  is a male. 
Speaker  was  selected  to  have  a  different  gender  than   and  to make the situation more 
challenging for the new scheme. Altogether 126 utterances from each speaker grouped formed the 
training set while there was also a separate test set of 10 sentences available from each speaker. The 
speech data consisted of UK-English samples with a sampling rate of 8kHz taken from a TC-Star 
corpus [151]. 

In the first experiment summarized in Table 5.4, the performance of voice conversion was 
evaluated between the conventional approach using full training set and re-estimation approach using 
very limited adaptation data, more precisely 1 or 3 utterances. No specific criterion was used for the 
selection of those (1 and 3) utterances but phonetically balanced utterances are preferred for optimal 
results. For the conventional approach, a baseline conversion model, denoted as Baseline, was trained 
on the full training set from source  to target  to demonstrate the upper performance limit. For the 
re-estimation approach, we firstly trained a seed conversion model GMMXY on the full  training set  
from source  to target . A parallel subset of 1 or 3 utterances from speakers  and  was used to 
adapt the seed conversion model using re-estimation algorithm mentioned above, resulting in the 
corresponding GMM model, denoted as Adapt. The model re-estimation was performed using only 
the mean parameters. 
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In addition, small subsets of training data (1 or 3 utterances) were also used to build models 
between  and  from scratch by EM training (denoted as EM). These models can be compared with 
the re-estimated conversion model using the same amount of data as seen in Table 5.4. The table 
shows the mean squared error (MSE) between converted and target speech (LSF vectors represented 
in Hz), measuring the performance in an objective way. 

Modified mean opinion score (MOS) tests were also carried out to provide a numerical indication 
of the perceived conversion performance of the conventional and the re-estimation based approaches 
in a subjective listening test. The score was expressed as a single number in the range -2 to +2, where 
0 denotes identical conversion performance, and +/-2 indicates a large difference in the perceived 
conversion performance. When comparing “A vs. B”, +2 favors A and -2 favors B. The samples were 
evaluated on two criteria, the identity match and the converted speech quality but only one number 
was assigned as a subjective score of preference with these two criteria in mind.  

Table 5.4: MSE between the converted and the target (Z) 

 Adapt EM Baseline 
1 utt 21630 27491 16284 
3 utts 20460 21052 16284 

Table 5.5: Subjective listening test between baseline and adaptation approaches using 1 utterance. 

Adapt vs. EM Adapt vs. Baseline 
+1.65 -1.0 

In the subjective listening tests summarized in Table 5.5 a set of 10 utterances was evaluated by 
11 testers and the average score of this evaluation was 1.65 in the favour of Adapt against EM, and -
1.0 favouring Baseline against Adapt as shown in Table 5.5. Only the case of 1 training utterance is 
evaluated in the listening test because it demonstrates the efficiency of the proposed scheme in the 
case when less data is available for the re-estimation. The result clearly indicates that the 
performance  using  re-estimation  is  not  as  good  as  Baseline  trained  with  a  large  data  set  but  it  is  
reasonably close to it considering the fact that only one training sentence was used in the re-
estimation. On the other hand, the proposed approach clearly outperforms conventional EM training 
with small data sets. 

5.3.3  Discussion 
It should be noted that voice conversion consists of both excitation and LSF conversion, and thus, 
strictly speaking, the objective measurements done on LSFs and the listening test results do not 
measure the same aspects. Nevertheless, the experiments supported each other.  

If the data set is extremely small, the covariance estimation becomes highly unreliable. It has been 
observed that the performance degrades if the re-estimation is done on combined mean and 
covariance as compared to mean-alone re-estimation. The covariance information becomes beneficial 
in re-estimation if the data is sufficient. The contribution of the covariance re-estimation may be 
important if the estimation is reliable. 

A major strength of the proposed scheme is that it takes advantage of the re-estimation of the 
baseline model with only a limited amount of adaptation data. With the conventional EM based 
solution, it is much more difficult to have reliable prior and covariance information since they cannot 
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be reliably estimated from the reduced data. As a consequence, there are many practical advantages 
of the proposed approach as listed below. 

 Only a very limited amount of speech data needs to be recorded. This is crucial for many 
practical embedded applications; 

 Low complexity: less computation to adapt the model, no need to train on full training sets; 
 Efficiency: fast model adaptation; 
 Ideal solution especially for embedded applications; 

5.4 CONCLUSIONS 

This chapter tackled different challenges of GMM-based voice conversion aiming to improve the 
conversion accuracy but also to increase the versatility of the framework or ease the evaluation 
process. First, an evaluation procedure for the GMM-based transformations was presented. The 
procedure does not require evaluation data but computes an accuracy measure from the GMM 
parameters instead. The experiments indicate that the proposed measure is fast and in line both with 
perceptual observations and with MSE objective results.  

In order to improve the mapping accuracy, a novel scheme for clustering and mode detection was 
proposed in section 5.2. Starting from the finding that the accuracy of the GMM-mapping is directly 
related to the data variance, the proposed idea is to cluster the data such as to minimize the intra-
cluster variation. Then a mode selector is trained in order to find the correct cluster based on the data 
available during the conversion phase. An auxiliary vector derived from the source data was used to 
improve the discrimination capability of the mode classifier. Finally, a separate GMM is trained for 
each cluster. The experimental results show that the proposed approach outperforms an equivalent 
conversion scheme that uses voicing based classification. In addition to the performance advantage, 
the proposed method is flexible and it enjoys the benefit of being a completely data-driven technique, 
eliminating the need for linguistic knowledge. 

An existing well-trained conversion model between a pair of speakers can be adapted to a new 
target speaker even with a small amount of training data using the procedure described in section 5.3. 
As can be seen from both objective and subjective results presented in section 5.3.2, the experiments 
indicate that the adapted model performs clearly better than an equivalent EM model trained from the 
reduced data. In the evaluations it has been observed also that the re-estimation of covariance 
matrices may become unreliable for too small data. The mean re-estimation can be used effectively 
with extremely reduced data. The performance is not very sensitive to the amount of data and it is 
reasonably close to the baseline system. The experimental results demonstrate the efficiency of the 
re-estimation approach in LSF conversion. 

The next subsection discusses problems related to continuity and temporal evolution of speech 
and proposes a future research direction. The proposed method adds dynamic features to the 
conventional static vectors in order to account for the temporal information and applies a regular 
GMM-based conversion. Both static and dynamic parts of the converted vectors are used to form an 
objective function whose optimization is expected to lead to improved naturalness of the converted 
speech. 
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5.4.1 Future Work Proposal: Enhanced Voice Conversion Using 
Temporal Dynamic Features 
It is common in voice conversion that the trained model transforms the feature vector of a source 
speaker to a feature vector of a target speaker using frame-by-frame processing without modeling the 
temporal characteristics across frames [26][58][124]. In conventional voice conversion systems, the 
conversion models are trained using a set of paired static vectors parameterizing aligned frames of 
the source and target speech [18]. In the conversion phase, the feature vectors from the source 
speaker are transformed into the feature vectors of the target speaker using the trained models, and 
the converted speech is generated from a sequence of transformed static feature vectors. In spite of 
the fairly good performance of this methodology, in the absence of a model for the timing structure, 
there is a clear gap between conventional modeling and the natural speech, as timing is one of the 
most important features in the speech signal. 

The problem of how to effectively handle temporal information or the structure across the frames 
has been addressed to some extent in the recent literature [100][121][133], and some of the proposed 
solutions have been discussed in section 2.4.2 in the context of GMM-based conversion. In Hidden 
Markov Model based voice conversion [53], temporal information is implicitly modeled in state 
transitions.  In some prior art approaches, e.g. [44], dynamic features from the source side are used 
for guiding the modeling but the full exploitation of also target-side dynamic features during 
synthesis has not been discussed in the literature.  

The method introduced in this section and originally presented in [46] aims to improve the 
temporal structure of the converted speech by taking advantage of dynamic features of both the 
source and the target speaker. The main idea of the technique is to extract dynamic features that are 
appended to the feature vectors and to use the dynamic information to improve the output at the 
synthesis time. The dynamic feature vector can be, for example, the first derivative of the original 
feature vector. The first derivative indicates the change tendency of the current parameter vector and 
is one of the simplest ways to describe the dynamics of the parameter tracks. The conversion models 
are then trained using frame-wise combined source-target vectors, including the dynamic features 
from both the source and the target. In the conversion phase, the generalized feature vector from 
source  speaker  is  transformed  to  the  generalized  feature  vector  of  the  target  speaker,  including  the  
dynamic features. The converted feature vector is re-estimated or rediscovered from a sequence of 
transformed static and dynamic feature vectors, and then used in the synthesis. The proposed 
technique has the potential to significantly improve the temporal structure and the quality of 
converted speech. In this section, the discussion is limited to the technical details of the technique 
leaving the full implementation and evaluation for future study. 

 
The proposed method 

Let = [ ] be the sequence of static feature vectors characterizing a speech 
produced by the source speaker and = [ ] be the corresponding aligned static feature 
vectors  describing  the  same  content  as  produced  by  the  target  speaker,  where  ,  are speech 
vectors at time . Now, the dynamic feature vectors  and  at time  are  appended  to  the  static  
feature vectors to form generalized feature vectors, 

,  . (5.7) 
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The dynamic feature vectors can be estimated using several different techniques that have 
different accuracy and complexity tradeoffs. For example, the dynamic features can be computed 
using  an  FIR  filter.  It  is  also  possible  to  use  a  very  approximate  technique  for  estimating  the  first  
derivative of the original feature vector, in the simplest case as follows: 

=  ,       =  (5.8) 

The conversion models are trained similarly as in the conventional approach, except that the 
feature vector is now generalized to include the dynamic feature vector. As a consequence, the 
converted feature vector is composed of static and dynamic parts of the converted feature vector; 

=  (5.9) 

The final converted static feature vector  is re-estimated from  and  by  optimizing  the  
objective function 

= (1 ) +  

(5.10) 
= (1 )

1
( ) +

1
( )  

where 1 is  a  factor  for  balancing  the  importance  of  the  static  and  dynamic  features.  The  
value of  can be decided empirically by perceptual evaluation. The notation  denotes the time 
derivative of . By minimizing the objective function , we can have the re-estimated converted 
static feature vector  either using an analytical solution by solving the equation group (5.11) or 
using an iterative numerical solution. 

= 0,        = 1, … ,  (5.11) 

Finally the converted speech is synthesized from the re-estimated target static feature vectors . 
The synthesis can be performed using existing techniques. 

In practice, an efficient algorithm has to be implemented to reduce the computational complexity 
of the optimization step. Intuitively, optimizing the criterion given in equation (5.10) can be regarded 
as balancing between the parameter tracks given by the converted static vectors and those dictated by 
the converted dynamic features. A possible approach towards an approximate solution to this 
optimization problem with very low computational complexity is proposed below. 

The static features can be recovered by integrating (summing) over the dynamic features 
assuming that the initial value is known, otherwise the initial value should be estimated. We refer to 
this operation as dynamic-static transform and denote it as DS. DS transform can be implemented as: 

, = ( ) = + , +  (5.12) 

where  represents the recovered static feature vector. The constant  is the integral bias 
corresponding to the initial value of the static vector .  It  can  be  estimated,  for  example,  by  
minimizing equation (5.13). 

= argmin ,  (5.13) 

The re-estimated static feature can be efficiently calculated using 
= (1 ) + ,  (5.14) 



87 

The factor  can be empirically obtained to balance between static  and dynamic features.  It  can 
also be made adaptively, so that it can be adjusted depending on the quality of static and dynamic 
features along the time. 

 
Advantages and disadvantages 

The technique has a number of advantages. By taking into consideration the relationship between 
consecutive frames the proposed approach has the potential to improve the temporal structure and 
naturalness of the converted speech and to enhance the robustness. The method also offers a flexible 
mechanism to balance between the contribution of the static and dynamic features. Another 
advantage is that the technique is not limited to a particular voice conversion system and can be used 
with different systems. 

Basically there is no significant drawback for the proposed idea. The memory overhead is very 
limited. With an efficient algorithm, there is only a marginal change in the computational complexity 
compared to the conventional approach for conversion, especially in the actual conversion phase. 
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Chapter 6 

Alternative Model Estimation 
Techniques 

Spectral conversion represents a central task of voice conversion and has been the main focus of the 
research  in  this  area.  The  state  of  the  art  of  spectral  conversion  techniques  reviewed  in  Chapter  2  
reveals that in spite of fairly successful results, additional advances are necessary towards excellent 
identity mapping and speech quality. It has been observed that the techniques are characterized in 
general by a tradeoff between the speech quality and the identity conversion. This can be partly 
explained by the increased degree of manipulation necessary to achieve a better identity mapping 
which inherently accumulates more degradation. On the other hand, there is a masking effect 
between these aspects since a better quality allows more sensitive identity differentiation. In this 
chapter the aim is to improve the spectral conversion first by researching into new conversion models 
and secondly by proposing enhancements and solutions to shortcomings of some exiting approaches. 
It is argued for instance that increased naturalness and better sound quality can be achieved by 
including the speech dynamics in the conversion model. It is also discussed that vector quantization 
offers a good foundation for conversion techniques more advanced than the conventional codebook 
mapping. The ideas presented in this chapter are partly based on studies published in [40] [47] [48] 
[49]. 

In section 6.1 the multi-stage vector quantization (MSVQ) technique from speech coding is 
proposed to obtain memory efficient mapping codebooks. In section 6.2 a new conversion method 
based on locally trained linear transformations is presented. Section 6.3 introduces a new conversion 
approach based on factor analysis and bilinear models. Finally, in section 6.4 the main conclusions 
are summarized and two directions for future research are proposed.  

6.1 MEMORY EFFICIENT MSVQ FOR VOICE CONVERSION 

The codebook based techniques [26][51][120][121] are a common approach that can be utilized in 
voice conversion. Although promising results have been reported, two important drawbacks remain: 
1) the output often contains discontinuities, and 2) the memory requirements and the computational 
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complexity might become large if the target is to achieve accurate conversion results. The technique 
proposed in this section and based on [49] introduces a novel approach for codebook based voice 
conversion that alleviates these problems. Moreover, according to tentative tests, the method can also 
improve the conversion accuracy. 

The basic idea of codebook based voice conversion was presented in [26]. A prior-art approach 
for improving the continuity was introduced in [51] [169]. The size of the trained codebook is 
typically  a  fraction  of  full  size  of  the  training  data  but  the  full  data  could  also  be  treated  as  a  
codebook by itself in some implementations. The technique presented in this section brings 
significant improvements compared to these prior art solutions. 

This section offers a novel method for codebook based voice conversion that both significantly 
reduces the memory footprint and improves the continuity of the output. Moreover, the method may 
also reduce the computational complexity and enhance the accuracy of the conversion. The footprint 
reduction is achieved by implementing the paired source-target codebook as a multi-stage vector 
quantizer (MSVQ). During conversion, the  best candidates in a tree search are taken as the output 
from the quantizer. The  candidates for each vector to be converted are used in a dynamic 
programming based approach that aims at finding a smooth but accurate output sequence. The 
method is flexible and it can be used in different voice conversion systems. 

6.1.1 The Proposed Method 
The degree to which spectral details are preserved by a codebook depends greatly on the codebook 
size. In order to cover the acoustic space with an average spectral distortion of 1dB a very large 
codebook is necessary leading to intractable complexity and huge memory requirements. Such 
storage and complexity problems can be addressed by organizing the codebook in a multi-stage 
structure as shown in Figure 6.1. We present the idea of multi-stage vector quantization [170] 
showing how it can be utilized in voice conversion and discussing its advantages in a voice 
conversion framework. 

In a multi-stage VQ a feature vector z of dimension p is approximated as: 

= ( ) + ( ) + + ( ) 
(6.1) 

= ( ) + ( ) + + ( ) =  

where  is the quantization of ,  is the number of stages and ) is the l-th codeword from the 
th stage. The th stage has a total of  code-words stacked as  (dimension  x 1). 

= ( ) , ( ) , … , ( ) ,  

= [ , , … , ]    and (6.2) 

= ( ), ( ), … , ( )  .  
) is a sparse Toeplitz matrix with 0 and 1 elements used to select the th codeword from the th 

stage ) ) . For a multi-stage codebook the number of stages and their sizes can be adjusted 
depending on the design objectives formulated in terms of accuracy, memory footprint, 
computational complexity etc. 

In voice conversion such a multi-stage vector quantizer can be trained from the joint vector 
sequence , … , , … , ] of aligned source and target vectors = [ ]  using a distortion 
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measure suitable for the joint acoustic space. The training can be done with the simultaneous joint 
design algorithm proposed in [170] which optimizes all the stages simultaneously. 

In order to convert a source input sequence , … , , … , ] the search is performed only on the 
source side of the codebook but the target part of the search result is used as output. 

The search procedure can be implemented as sequential search, typical approach, or as M-L 
search as proposed in [170]. Given the input vector xt a typical sequential search would first find the 
closest codeword in the first stage ) according to: 

, ( ) , ( )  ,      (6.3) 

where (. ) denotes a generic acoustic distance. Then, from the second stage, the codeword ) 

closest to ) is found based on: 
( ), ( ) ( ), ( ) ,      (6.4) 

and so forth. The sequential has the advantage of computational efficiency but its performance 
sensibly degrades when more than two stages are used because at each stage the existence of 
subsequent stages is ignored. 

The  M-L  search  depicted  in  Figure  6.1  is  a  tradeoff  between  the  complexity  of  a  full  search  
(otherwise more accurate) and the performance degradation of a sequential search (more 
computationally efficient). 

 

Figure 6.1: Example of M-L tree search in a 4-stage MSVQ. At each stage M best code-words are selected for 
each of M candidate paths from the previous stage and only M best paths are preserved. (from [49]) 

Starting from the input vector , the  closest code-words ) are selected from the first stage 

having the smallest distances )) and  the   difference vectors are calculated. For each 
difference vector, the  nearest code-words are selected from the second stage producing a total of 
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 paths. Only  paths  which  achieve  the  lowest  distortion  are  preserved  while  the  rest  are  
discarded and the process continues until the last stage . This procedure ends up with  paths 
outputting  best candidates for the quantized representation of . [171] indicates that M-L search 
can achieve accuracy close to that of a full search for relatively small values of . Typically only the 
candidate (or path) with the smallest approximation error is interesting but the number  of  best  
candidates considered can be set according to the design goals. 

After the  best candidates are available for a given number of vectors to be converted, the 
optimized output sequence is obtained using dynamic programming. For each candidate, the 
corresponding source-space distance is stored during the search procedure. In addition, a transition 
distance is computed between each neighboring candidate pair accounting for the smoothness of the 
converted result. These distances together are used in the dynamic programming based approach for 
finding the “optimal output sequence”, i.e. the path that gives the smallest overall distance. The 
relative importance between the accuracy and the smoothness can be set using weights. 

6.1.2 Experimental Results 
The method was tested in a practical voice conversion environment in the conversion of the line 
spectral frequencies (LSFs). The 10-dimensional LSF parameters were estimated from 90 sentences 
at 10 ms intervals. 14,942 vectors were selected for training and a distinct set of another 14,942 
vectors  were used for  testing.  The set  of  90 sentences was selected from a TC-Star  parallel  corpus 
[151] of UK-English speech and sampled at 8 kHz. 

The test included three set-ups. The first set-up (A) followed the proposed technique using three 
stages with 16 vectors in each stage. The second set-up (B) included a full codebook containing all 
the training vectors, while the third (C) contained a small codebook having the same footprint as the 
proposed set-up A (with real source-target vectors). In set-up (C) the codebook size is equal to the 
number of source-target vectors stored by (A) and the code-words are obtained from a K-means 
clustering by replacing the quantized vectors with the closest source-target vector pairs from the 
training data. The dynamic programming step was omitted to obtain comparable results. 

The three methods were evaluated from three different viewpoints: performance/accuracy, 
memory requirements, and computational load. The accuracy was measured using the average mean 
squared error, while the memory requirements were computed as the number of vector elements that 
have to be stored in the memory, and the computational load is estimated as the number of vector 
comparisons required during the search procedure. The results of the evaluation, computed using the 
testing data, are summarized in Table 6.1. These results show that the proposed technique performs 
well with respect to all aspects: it produced clearly the best accuracy and the lowest memory figures. 
Method C offers similar memory and complexity levels but the conversion accuracy is much lower 
compared to A, therefore the proposed technique can be considered a clear winner in the evaluation. 

Table 6.1: Comparison of three different techniques in terms of performance (accuracy), memory requirements 
and computational complexity. 

 
Proposed 

(A) 
Baseline prior art 

(B) 
Low-memory prior art 

(C) 
Accuracy (MSE, 104) 3.62 4.12 4.79 

Memory (number of vector elements) 960 298,840 960 
Complexity (number of vector comparisons) 144 14,942 48 
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6.1.3 Advantages and Disadvantages 
The benefits of multi-stage vector quantization in voice conversion include significant memory 
reduction, increased computational efficiency, flexibility and scalability to different design 
requirements, but also improved continuity and accuracy of the converted results [49]. The method is 
fully data driven and can be used to prevent over-fitting. There are no known disadvantages. 
Theoretically the MSVQ scheme can be easily combined with the ideas presented in the next section. 

6.2 LOCAL LINEAR TRANSFORMATION 

Many popular approaches to spectral conversion involve linear transformations determined for 
particular acoustic classes and compute the converted result as linear combination between different 
local transformations in an attempt to ensure a continuous conversion. These methods often produce 
over-smoothed spectra and parameter tracks. The method proposed in this section and published in 
[48] computes an individual linear transformation for every feature vector based on a small 
neighborhood in the acoustic space thus preserving local details. The method effectively reduces 
over-smoothing by eliminating undesired contributions from acoustically remote regions. The 
method is evaluated in listening tests against the well-known Gaussian Mixture Model based 
conversion, representative of the class of methods involving linear transformations. Perceptual results 
indicate a clear preference for the proposed scheme.  

Many existing approaches involve linear conversion functions and typically suffer from two 
important drawbacks. One of them is related to the frame based operation in which the temporal 
continuity of the spectral features is ignored. The second issue is the so-called over-smoothing 
characterized by an undesired smoothing of the parameter tracks and converted spectra. The 
combined effect of these drawbacks is a poor speech quality. 

The GMM based approach is very popular and representative of the class of methods based on 
linear transformations. In GMM based conversion, a linear transformation is trained for each 
Gaussian component and the result is computed as a weighted sum of local regression functions in an 
attempt to avoid sudden changes of the conversion function. In reality, a frame’s decomposition is 
dominated by only one mixture component [99] making the method susceptible to discontinuities. In 
addition, the GMM technique is also affected by over-smoothing. 

In this section we propose a spectral conversion scheme which trains an individual linear 
transformation for each feature vector. The method uses an underlying codebook trained from the 
aligned data of the two speakers and the linear transformation is computed on a selected set of 
codebook centers situated in the proximity of the input spectral vector in the acoustic space. By 
focusing on the local properties of the acoustic space, the proposed method is shown to effectively 
reduce the over-smoothing. Our listening tests suggest that the proposed scheme is probably affected 
to a lesser degree by discontinuity artifacts than the GMM approach. 

While suffering serious limitations as a conversion method in itself, the codebook has the 
favorable property of good detail preservation which benefits the proposed algorithm where such 
limitations are avoided. 
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6.2.1 The Proposed Method 
The use of linear transformation for spectral conversion is not new. An important number of 
solutions based on linear transformation have been proposed in the literature. 

In [172] the aligned spectral vectors of source and target speakers are first divided into a number 
of classes and a linear transformation is trained for each class. All the linear transformations 
contribute to the conversion of each source vector in the form of a weighted sum where the weights 
represent probabilities that the source vector belongs to the corresponding class. The GMM based 
solution [124] works in a similar way using one linear transformation for each mixture component. 

By analogy with [173], which argues that linear combinations over large sets of curves are bound 
to produce averaged results and destroy characteristic details, we believe that allowing all the linear 
transformations to contribute to the conversion is likely to produce a similar averaging effect 
equivalent to over-smoothing. Similar to Freeman et al. [173], we believe it would be beneficial to 
restrict the number of linear transformations involved in conversion to only a few corresponding to 
the  most  similar  speech  classes.  In  this  section  we  take  this  idea  forward  and  propose  a  local  
regression approach where each source vector is converted with an individual linear transformation 
trained locally within the neighborhood of the input vector. This method can be seen, in some sense, 
as a tradeoff between the mapping codebooks and, for instance, the traditional GMM approach. 

Assume that our training set consists of two time aligned sequences of source and target spectral 
vectors, denoted  and , and let us consider the codebook  with  centers obtained from the 
quantization of sequence  of the combined vectors = [ ] . 

= [ , , … , ]      = [ , , … , ] (6.5) 

= 1

1

2

2
…   . (6.6) 

The idea of local regression is to fit local models to nearby data. The conversion of a source 
vector x requires, in a first phase, the selection of a so called neighborhood of  or set of codebook 
centers situated in the proximity of . The simplest way to determine the neighborhood of  is  to  
consider its  nearest neighbors that minimize the Euclidean distance (. , . ): 

, =  (6.7) 
The neighborhood can be expressed formally as: 

( ) = , , … ,  (6.8) 

where  are codebook indices of the selected centers and = . 

In a second phase, the proposed method determines a linear transformation for each neighborhood 
using a least squares criterion. Local modeling favors simple models and a simple training criterion. 
The linear regression model is: 

=  (6.9) 

The linear transformation  is obtained by solving: 
=  (6.10) 

which has the least squares solution: 
= (( ) ) ( )  (6.11) 

where = , … ,  and  = , … , . 
The least squares solution minimizes the criterion: 
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=  (6.12) 

Finally, the converted result for  is computed as: 
( ) =   . (6.13) 

The conversion of an entire sequence of source vectors can be obtained by repeating for each 
vector the procedure described above. 

In  practice  it  was  noticed  that  the  quality  of  the  conversion  is  sensitive  to  the  selected  
neighborhood and the type of linear transformation used. Firstly, it was found beneficial to estimate 
band diagonal matrices instead of full ones given that the correlation is highest between neighbor 
elements  of  an  LSF  vector.  Secondly,  it  was  found  beneficial  to  use   for a new selection of 
neighbors minimizing: 

, =  (6.14) 

 (where (. , . ) denotes the Euclidean or 2-norm distance between two vectors of the same 
dimension) and iterate the same steps until the neighborhoods determined in consecutive steps 
become virtually identical or sufficiently similar. This is equivalent to a convergence of . The 
process was found to be pseudo-convergent and can be stopped with an arbitrary threshold criterion. 
Figure 6.2 illustrates this pseudo-convergence. Intuitively, it is natural to involve the estimate  
in the selection of the neighbors because the original vector quantization was performed on joint 
feature vectors, not only on the source side. 

 

Figure 6.2: Pseudo-convergence of neighborhood selection. (from [48]) 

We observe that the algorithm could have been applied directly on the aligned training data 
instead of the codebook. 

6.2.2 Experiments 
The algorithm for spectral conversion presented in the previous section has been applied on 16-
dimensional line spectral frequencies (LSF) vectors and the results are demonstrated in this section 
with two cross gender examples. The section presents a comparison with the popular GMM based 
approach providing objective and subjective results. 
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Acoustic data 

CMU Arctic database [174] is a publicly available corpus of parallel speech sampled at 16 kHz. 
We  used  the  CLB  (female)  and  RMS  (male)  speakers  from  the  CMU  Arctic  database  to  test  
conversion in both directions: from male voice to female and from female voice to male. 

A parallel set of 100 sentences was used as training data amounting to approximately 30000 pairs 
of source and target LSF vectors after time alignment. Another 10 sentences were used for testing. 

 
Model settings 

GMM: 
Too few components, although reliably estimated, give an inaccurate approximation of the 

training data while the estimation of too many components is unreliable causing over-fitting. In 
choosing a reference GMM for the comparison with the proposed approach such problems are 
avoided as follows. The performance of GMM models with different numbers of components was 
evaluated over the test set and the model with the lowest error was selected. 

As illustrated in Figure 6.3 the female to male direction requires 8 components while 16 
components are needed to convert the male into female voice. The mean squared error (MSE) figures 
are based on the definition given in [40] and reproduced in section 6.3.3. 

Even though the GMM was tuned directly on the test set, a similar tuning could be performed by 
cross-validation using only the training set. 

 

Figure 6.3: Mean squared error of GMMs with different numbers of components measured over the test set. 
(from [48]) 

Proposed method. (Local linear transformation): 
The tuning of the proposed method is mainly based on perceptual evaluation. A codebook size of 

8000 was used while the neighborhood sizes were tuned separately for each direction leading to 
values of 40 (female to male) and 130 (male to female). The linear transformations were restricted to 
tri-diagonal matrices. 

The neighborhood size was found to act as a tradeoff producing unstable results when the 
neighborhood is too small and excessively averaged (over-smoothed) results when neighborhoods are 
large. 
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Subjective listening test 

The speech samples evaluated in the listening tests are based on target speaker versions of the test 
utterances, in whose parametric representations only LSFs have been replaced with converted ones. 
This mimics the case when all other features are ideally converted focusing the evaluation on the 
actual spectral conversion. 

For each conversion direction a modified MOS test was carried out by ten listeners on ten test 
sentences. The proposed method (LLT) and the GMM based approach were compared in terms of 
speech quality and success of identity mapping. These criteria are evaluated with scores between -2 
and 2 with -2/+2 indicating that “GMM/LLT performs much better”, -1/+1 for “GMM/LLT performs 
better” and 0 indicating perceptually identical performance. The results of the listening test are 
illustrated in Table 6.2. 

Table 6.2: Subjective listening test scores with 95% confidence intervals. 

 Quality Identity 
Female to male 0.49±0.19 0.33±0.17 
Male to female 0.23±0.17 0.15±0.16 

A possible explanation for the male to female result is that the high pitched female voice seems to 
mask the quality problems making the two methods sound more similar. 

The subjective scores indicate the general preference of the proposed approach over the GMM 
based system. 

 
Over-smoothing reduction 

The converted spectra and LSF tracks illustrated in Figure 6.4 indicate a reduction of the over-
smoothing in the case of the proposed approach in comparison to GMM. 

 

Figure 6.4: Over-smoothing reduction for spectral envelopes (top) and LSF tracks (bottom). (from [48]) 

Standard deviation measurements of converted and original target spectra (in frequency) and LSF 
tracks  (in  time)  are  calculated  over  the  entire  test  set  and  summarized  in  Table  6.3  confirming  the  
over-smoothing reduction. 
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Table 6.3: Average standard deviation of spectral magnitude (in dB) and LSF tracks (in Hz) 

 Magnitude (dB) LSF tracks (Hz) 
 Proposed GMM Tgt. Proposed GMM Tgt. 

Female to male 8.19 7.46 8.74 237 199 264 
Male to female 10.70 9.86 10.65 336 296 328 

Local modeling, rather than the interpolation of local models from acoustically remote regions, 
makes the proposed approach capable to capture details better and reduce the averaging effect. 

6.2.3 Discussion 
The method was shown to effectively reduce over-smoothing and obtained favorable preference 
scores in a subjective evaluation against the popular GMM based approach. On the downside the 
proposed method uses heavier computation for conversion as linear transformations depend on the 
input vector and have to be estimated at runtime. 

In the proposed method the use of tri-diagonal matrices instead of full ones led to the 
improvement of the results. This means that each element ) of  a  target  LSF  vector   is 
determined as a linear combination of the elements 1), ) and + 1) of an aligned 
source LSF . This solution is based on the fact that the cross correlation of ) is usually highest 
with these elements and it is sensible to try to predict ) from highly correlated data. Therefore we 
only determine the band diagonal elements of the transformation matrix. However, it is not 
guaranteed that this choice represents accurately the highest correlations. For this reason, finding and 
determining the matrix elements that correspond to the highest correlations and using such a matrix 
instead of the proposed band-diagonal one might lead to further improvements of the results. In this 
case the matrix might have some generic sparse form since it leaves out the low correlation elements. 
Particularly for small data it is important to work with sparse matrices and avoid estimating 
unreliable matrix elements. Alternative regularization procedures can be considered for determining 
an optimal sparse matrix that describes most accurately the input-output relationship. 

Interesting directions for future work would be to study alternative ways for neighborhood 
selection and alternative local models. 

6.3 BILINEAR MODELS 

This section presents a voice conversion technique based on bilinear models and introduces the 
concept of contextual modeling, both published in [40]. The bilinear approach reformulates the 
spectral envelope representation from line spectral frequencies feature to a two-factor 
parameterization corresponding to speaker identity and phonetic information, the so-called style and 
content factors. This decomposition offers a flexible representation suitable for voice conversion and 
facilitates the use of efficient training algorithms based on singular value decomposition. In a 
contextual approach (bilinear) models are trained on subsets of the training data selected on the fly at 
conversion time depending on the characteristics of the feature vector to be converted. The 
performance of bilinear models and context modeling is evaluated in objective and perceptual tests 
by comparison with the popular GMM-based voice conversion method for several sizes and different 
types of training data. 
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The bilinear models represent a factor analysis technique introduced originally in [175] which 
attempts to model observations as a result of two underlying factors. This concept originated from the 
observation that living organisms are capable of separating “style” and “content” in their perception. 
The separation into these two factors gives a flexible representation and facilitates the generalization 
to unseen styles or content classes. Furthermore, this framework provides efficient training 
algorithms based on singular value decomposition (SVD). In [47] we have demonstrated with early 
results that bilinear models are a viable solution also for voice conversion, by studying the voice 
conversion in terms of style (speaker identity) and content (the phonetic information) with small 
parallel sets of training data. 

Due to their capability for reconstructing missing data, we hypothesize that bilinear models may 
be particularly useful in text independent cases and especially in cross-lingual voice conversion. This 
assumption will be evaluated using the alignment scheme for text-independent data. The proposed 
conversion technique based on bilinear models is compared with the widely used GMM based 
method using both parallel and text independent data with very small to very large sizes of the 
training sets. Our results offer a comprehensive perspective over the performance and the limitations 
that bilinear models have in voice conversion. In addition, we also try to answer the question whether 
fitting conversion models to contextual data (a subset of the training data) is more appropriate for 
capturing details than the usual models optimized globally over the entire training data. 

6.3.1 Voice Conversion with Asymmetric Bilinear Models 
The general style and content framework originally presented in [175] can be successfully utilized for 
spectral transformation in voice conversion. This section describes the asymmetric bilinear models 
following the notations used in [175], and discusses the properties of the technique from the voice 
conversion perspective. In the following, we will use the terms style and content to  refer  to  the  
speaker identity and phonetic information, respectively, which constitute the two independent factors 
underlying our observations. In this section, the observations are represented as line spectral 
frequency (LSF) vectors. 

 
Asymmetric bilinear models 

In a symmetric model, the style  (the speaker identity) and content  (the phonetic information) 
are represented as parameter vectors denoted  and  of dimension  and , respectively. Let  
denote an observation vector in style  and content class , and let  denote its dimension. In our 
case,  is  an  LSF  vector  of  one  speaker  and  it  represents  the  spectral  envelope  of  a  particular  
speech frame.  as a bilinear function of  and , in its most general form, is given by [175] 

=  (6.15) 

where ,  and  denote elements of the style, content and observation vectors. The terms  
describe the interaction between the content (phonetic information) and style (speaker identity) 
factors and are independent of both of these factors. 

Asymmetric bilinear models are derived from the symmetric bilinear models by allowing the 
interaction terms  to vary with the style leading to a more flexible style description [175]. 
Equation (6.15) becomes 
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=
,

  . (6.16) 

Combining the style(identity)-specific terms in equation (6.16) into 

=   , (6.17) 

gives 

=   . (6.18) 

By denoting as  the  x  matrix with entries , equation (6.18) can be rewritten as 
=   . (6.19) 

In this formulation the  terms can be interpreted as a style (identity) specific linear map from 
the content  (phonetic  info)  space to the observation space (LSF).  It  is  worth to note that  unlike the 
face image case presented in [175] in which basis vectors appeared to have some concrete 
interpretations, no obvious patterns could be observed and no meaningful interpretation could be 
attributed to the parameter vectors and matrices in our particular application. 

 
Model fitting procedure 

The objective of the model fitting procedure is to train the parameters of the asymmetric model to 
minimize the total squared error over the entire training dataset. This is equivalent to maximum 
likelihood (ML) [123] estimation of the style and content parameters based on the training data, with 
the assumption that the data was produced by the models plus independently and identically 
distributed (i.i.d.) Gaussian noise [175]. 

The model fitting is described for  speakers (styles) and  content classes which could 
correspond to phonetically justified units. Our training material consists of  LSF vectors of speech 
uttered by speaker  in style =1,  LSF vectors of speech uttered by speaker  in style =2, and 
so on. The individual (speaker based) parametric sequences are pooled together in a training 
sequence of size . Let ) denote the th training observation ( = 1, … , ) 
from the pooled data. Each ) is an LSF vector coming from a certain speaker (style) and from one 
of  content classes. The binary indicator variable ) takes the value 1 if ) is in style  and 
content class c and the value 0, otherwise. The total squared error  of the asymmetric model given 
in equation (6.19) is computed over the training set using  

= ( ) ( )   . (6.20) 

In the case of  parallel  training data,  the speech sequences of  the  speakers can be time aligned 
and each -tuple of aligned LSF vectors will be assumed to represent a distinct class. Consequently, 
there will be only one LSF vector from each speaker (style) falling into each content class.  

If the training set contains an equal number of observations in each style and in each content class 
(in our case one observation), a closed form procedure exists for fitting the asymmetric model using 
singular value decomposition (SVD) [175]. 

In the proposed case of parallel and aligned training data, in order to work with standard matrix 
algorithms, we stack the  (= ) LSFs (  dimensional column) vectors into a single  x  matrix, 
similarly as in [175], 
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=
…

… … …
…

  . (6.21) 

We can express now the asymmetric model in the following very compact matrix form 
=  , (6.22) 

where the ( )x  matrix  and the x  matrix  represent the stacked style and content parameters, 

= …  , (6.23) 

= [ … ] . (6.24) 
To find the optimal style and content parameters for equation (6.22) in the least square sense, we 

can compute the SVD of  [175] with complexity O(min(( )2 ,( ) 2)). (  is considered 
to have the diagonal eigenvalues in decreasing order.) By definition, we choose the style parameter 
matrix  to be the first  columns of  and the content parameter matrix  to be the first  rows of 

. There are many ways to choose the model dimensionality  e.g. from prior knowledge, by 
requiring a desired level of approximation of data, or by identifying an “elbow” in the singular value 
spectrum [175]. 

Note that using a relatively small model order  prevents overfitting and that potential 
numerical problems due to very large matrices can be avoided by computing an economy size 
decomposition (in Matlab). 

An important aspect in cases with very high dimensional features is the selection of the model 
dimensionality ) since high model dimension could cause over-fitting. Our experiments with =16 
and =10 dimensional LSFs produced similar results with the difference that the error decreases and 
stabilizes faster for =10 as fewer parameters require less data for a reliable training. 

 
Application in parallel voice conversion 

One of the tasks that fall under the framework proposed in [175] and which is of particular 
interest in voice conversion is extrapolation illustrated  in  Table  6.4.  In  this  character  example  the  
letters D and E (content classes) do not exist and need to be generated in the new font (style) based 
on the labeled training set (first two rows) [175]. 

Table 6.4: The extrapolation task illustrated for characters 

A B C D E 

A  B  C  D  E  

A B C ? ? 
The term extrapolation refers to the ability to produce equivalent content in a new style, in our 

case to produce speech as that uttered by a source speaker but with a target speaker’s voice. 
Therefore, voice conversion is a direct analogy of the extrapolation task. Extending a bit the concept 
of voice conversion we can also define it as the generation of speech with a target voice, reproducing 
content uttered by multiple source speakers. 

We can formulate the problem of parallel voice conversion as an extrapolation task as follows. 
Given a training set of parallel speech data from  source speakers and the target speaker, the task is 
to  generate  any  test  sentence  in  the  target  voice  starting  from   utterances  of  the  test  sentence  
corresponding to each of the  source voices (styles).  
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The alignment of the training data (  source + one target speakers) is a prerequisite step for model 
estimation and is usually done with DTW. On the other hand, the alignment of the test data (  
utterances of the source speakers) is also required if >1. The test data is aligned to a target utterance 
of the test sentence which exists in this study for evaluative purposes. In real applications, where 
such a target utterance does not exist, the test data should be aligned to one of its  source utterances, 
preferably a source speaker (denoted as main source speaker) whose speaking style resembles that of 
the target speaker. Choosing the alignment in this way has at least two advantages: provides a natural 
speaking style for the converted utterance which is close to the target one and reduces alignment 
problems because at least the main source speaker’s utterance does not have to be interpolated in the 
alignment process.  

A so-called complete data is formed by concatenating the aligned training and test data of the  
source speakers. The complete data is assumed to have as many classes as LSF vectors per speaker 
and is used to fit the asymmetric bilinear model of equation (6.22) to the  source styles following 
the closed-form SVD procedure described previously in the section “Model Fitting Procedure”. This 
yields a  x  matrix  for each source style (voice)  and a  dimensional vector  for each LSF 
class  in the complete data (hence producing also the -s of the test utterance).  

The model adaptation to the incomplete new style  (the target voice) can be done in closed form 
using the content vectors  learned during training. Suppose the aligned training data from our 
target speaker (style ) consists of  LSF vectors which by convention we considered to be in  
different content classes = { , … , }. We can derive the style matrix  that minimizes the 
total squared error over the target training data, 

=  . (6.25) 

The minimum of  is found by solving the linear system 

= 0 . (6.26) 

The missing observations (LSFs) in the style  and a  content  class   of  the test  sentence can be 
synthesized from . This means we can estimate the target version of the test sentence by 
multiplying the target style matrix  with the content vectors corresponding to the test sentence. 

 
The proposed algorithm 

The proposed technique is summarized in the following algorithm in which we assume that LSF 
features are available.  
1) Time  align  the  training  data  (source  speakers  and  target  speaker)  and  the  test  sentence  (source  

speakers only) which is to be converted to the target voice. The alignment will respect the 
timeline or prosody of the main source speaker.  

2) Form the complete data  of  the  source  speakers  by  combining  their  training  data  with  their  test  
sentence data. 

3) Run SVD to fit the asymmetric bilinear model to the complete data. This step will find the style 
matrices  for all the source speakers and the content vectors  for  all  the  content  (LSF)  
classes, including the classes (LSFs) in the test sentence. 

4) Find the style matrix  of the target voice by minimizing the criterion given in equation (6.25), 
thus solving equation (6.26).  
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5) Synthesize the converted LSF vectors as  with  found at step 4 and the content 
vectors  of the test sentence found at step 3. 

 
The non-parallel case 

Due to their capability for reconstructing missing data, we hypothesize that bilinear models may 
be particularly useful in text independent cases and especially in cross-lingual voice conversion. 

In order to evaluate and compare the performances of bilinear and GMM models with text 
independent data we have extracted one non-parallel and one artificially cross-lingual subset from the 
original parallel intra-lingual corpus. The so-called simulated cross-lingual corpus was designed by 
ensuring that the target speaker utilizes in his utterances only a subset of the phonemes used by the 
source speakers. 

By observing that the correspondence of speech content between speakers has moved from the 
utterance level to the phoneme level we use the alignment scheme based on temporal decomposition 
and phonetic segmentation of the speech signal presented in section 4.2 inspired from [16]. The role 
of the alignment scheme here is to facilitate the use of parallel voice conversion algorithms with text 
independent data allowing us to focus on the evaluation of GMM and bilinear models. 

6.3.2 Contextual Modeling 
The traditional GMM based voice conversion methods fit a GMM to the aligned training data 
globally without any explicit consideration of the various phoneme classes. It is natural to question 
whether GMM is able to capture the fine details of each phonetic class when the training optimizes a 
global fitting. It is also natural to wonder whether these details are influenced or not by the local 
context. It is not practical though to train a different model for each different context or even for each 
different phoneme due to the large amount of data necessary for such training. The research 
conducted so far has not been able to give clear answers to these questions. 

To shed some light on the above issues more closely, we have studied the use of contextual 
modeling in voice conversion. By contextual modeling we refer to a scheme in which multiple 
models are optimized on possibly overlapping subsets of the training data denoted as contexts. We 
hypothesize that such a modeling could potentially offer more accuracy and partially alleviate the 
known over-smoothing problem of the traditional GMM based techniques. 

Each feature vector  in the parameterized speech sequence , … , ] can  be  regarded  as  
belonging to a context and is associated with a context descriptor . For simplicity  can be 
regarded as the phonetic unit to which  belongs but in a broader sense the context descriptor can be 
any meaningful parameter (e.g. , the time derivative of ). 

For the conversion of a feature vector  we first select the appropriate conversion model based on 
its context descriptor . A potentially different model is selected for the conversion of a different 
feature vector . 

Since it is not practical to train and store models for thousands of contexts beforehand, we can 
perform model training on context data selected on the fly for each feature vector  based on . 

Context data may be considerably small depending on the selection rule (it is not practical to 
gather sufficient data to train e.g. a reliable phoneme model) therefore the trained models need to be 
robust with small data, fast and computationally efficient because they are trained repeatedly on 
different contexts. Our results presented in [47] recommend bilinear models for this task. 



 

104 

 
Practical implementation 

In order to demonstrate the concept of contextual modeling we consider the same scenario with 
multiple source speakers and one target speaker whose training data is aligned with the technique 
presented in section 4.2 in the form of aligned event target vectors. The proposed algorithm requires 
aligned event target representations of the test utterance from all the source speakers. Furthermore we 
use phonetic annotations in order to segment the aligned representations into phonetic units as 
defined in section 4.2. Blocks of x  event targets representing one phonetic unit are converted 
one at a time generating  converted event targets as suggested in Figure 6.5 below, with S being 
the number of source speakers and =4 the number of equally spaced event targets used to 
represent one phonetic unit. 

Let ,  be the ( -1)th and th phonemes of the test utterance, alternatively denoted as  
and  respectively. We note that each phonetic unit (e.g. = ) corresponds to a node of 
the matrix  (e.g. )) representing the full training data as introduced in section 4.2. 
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Figure 6.5: Context selection for the current phonetic unit and the conversion of its corresponding block of 
event vectors. (from [40]) 

For each phonetic unit of the test utterance a context data  is  extracted from the 
full training set using the multilayer matrix structure . To illustrate the selection we describe next 
how this is done for the phonetic unit = . 

1) Start with an empty  data. = . 
2) Add the data corresponding to the current phonetic unit ( = ). =

 ). 
3) If ) <  then  ), 1 ,  and 

 ), 1 , . By  data we refer to any ) for 
which both  and  represent phonemes common to both source and target speakers, 

 represents the common part of the data included in the current , and 
 denotes a size threshold. 
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4) For ,  … until 
) ,  do  step  2  and  step  3  (if  such  a  unit  is  within  the  utterance  

bounds), but in the context building skip the nodes of  that have already been collected. 
By construction  is an aligned dataset of event targets of all the  source speakers 

and the target speaker. The block of source event targets corresponding to the phonetic unit for which 
 was built can be converted using this context data and the bilinear models 

framework for parallel data from section 6.3.1. 
After the conversion of the event targets the desired number of feature vectors can be 

reconstructed using event functions. 

6.3.3 Experiments and Results 
This work extends the study of voice conversion with bilinear models from the case of parallel and 
limited training sets [47] to non-parallel and simulated cross-lingual cases evaluating how the size of 
the training data and the contextual modeling influence the performance. Unlike in [47], the bilinear 
model is now compared against a GMM whose number of mixture components is optimized for the 
amount of available training data. Both objective metrics and listening test results are used. The 
GMM is chosen as a reference because it has been well studied and its performance level should be 
familiar in the field of voice conversion. 

 
The experimental set-up 

The present study is concerned only with the spectral conversion and does not discuss prosodic 
nor energy conversion. We use 16-dimensional LSF vectors for the representation of the spectral 
envelope as proposed in [36]. LSFs relate closely to formant frequencies but unlike formant 
frequencies they can be reliably estimated [176][177]. They have also favorable interpolation 
properties and local spectral sensitivity which means that a badly estimated component affects only a 
small portion of the spectrum around that frequency [178][179]. Interestingly, LSFs have also been 
used with MRTD due to these beneficial characteristics. 

We used in our experiments two source speakers (male and female) and one target speaker (male) 
selected out of four US English speakers available in the CMU Arctic database. The Arctic database 
is a parallel corpus of 16 kHz speech samples provided with phonetic labels and it is publicly 
available [174]. The samples consist of short utterances with an average duration of 3 seconds. 

The number of three speakers is not meant to be an optimal lower limit, they were chosen with the 
purpose of ensuring sufficiently large and phonetically balanced text independent partitions of this 
parallel database. Another criterion was to have an equal number of male and female source 
speakers.  It  is  assumed  [168]  that  an  increased  number  of  speakers  would  be  beneficial  for  the  
proposed bilinear method leading to a better separation of the style and content factors. 

Phonetically  balanced  sets  of  utterances  were  selected  from each  speaker  to  form parallel,  non-
parallel and simulated cross-lingual training corpora with 3, 10, 70, 140 and 264 utterances. 

In parallel and non-parallel training data all speakers cover the full US English phoneme set but in 
the case of simulated cross-lingual data only the two source speakers use the full phoneme set. We 
simulate a cross-lingual corpus by defining a set of 5 rare phonemes and selecting in the training data 
only target utterances in which none of the rare phonemes occurs. The benefit from doing so is that, 
unlike in the real cross-lingual case, we can evaluate the conversion of phonemes unseen in the target 
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training data against real target instances of these rare phonemes. The selected rare phonemes are 
those with the lowest  rate  of  occurrence in the database:  ‘zh’  as  in  “mirage”/m-er-aa-zh,  ‘oy’  as  in  
“joy”/jh-oy, ‘uh’ as in “could”/k-uh-d, ‘ch’ as in “charge”/ch-aa-r-jh, ‘th’ as in  “author”/ao-th-er. 
This selection attempts to make efficient use of the full parallel data by maximizing the size of its 
cross-lingual partition and does not guarantee a minimal acoustic similarity between the rare 
phonemes and other common phonemes used in training. The resemblance is possible to some extent 
(e.g. ‘th’ ’t’)  but  seems  to  be  rather  limited.  In  our  study  the  transcriptions  are  assumed  to  be  
accurate and no special handling is provided for pronunciation differences. 

The alignment of the LSF vectors from parallel data is accomplished using dynamic time warping 
(DTW) on Mel-frequency cepstral coefficients (MFCC) extracted at the same time locations as the 
LSFs. For non-parallel and simulated cross-lingual data, event target vectors are aligned following 
the procedure described in section 4.2. 

The bilinear method presented in section 6.3.1 and the contextual modeling method described in 
section 6.3.2 are compared against a modified GMM based method. The modified GMM method 
uses  data  from  two  source  speakers  to  predict  the  target  speaker’s  voice  in  the  same  way  as  the  
original GMM method uses data from one source speaker to predict the target voice. Our tests 
indicate that the modified approach outperforms the original model in terms of mean squared error. 
The modified method requires aligned data from the three speakers to train a conversion model 
whose input is a concatenation of two aligned feature vectors from the two source speeches and 
whose output is a feature vector of the target speech. With the above specification the GMM training 
and  conversion  are  done  as  described  in  [124].  It  is  worth  to  observe  that  in  the  simulated  cross-
lingual case only the common phonemes are represented in the data used to train the GMM. To keep 
comparisons between GMMs meaningful, the initialization of the GMM training is done always from 
the  same  list  of  data  points  in  the  same  order.  This  way  two  GMM’s  with  the  same  number  of  
mixtures trained on different datasets would still be initialized identically. 

To simplify the alignment in the test set, but also for a more meaningful evaluation of the 
conversion result, we design the test set as a phonetically balanced set of ten parallel utterances 
covering the entire phoneme set (including the rare phonemes). Including the rare phonemes is 
important especially for the evaluation of the simulated cross-lingual voice conversion. 

Even though in real applications the test sentence does not exist in the target voice, in our study 
such an utterance exists and is used to align the test utterances of the source speakers to the speaking 
rate of the target speaker. This facilitates distance measurements in the feature domain between the 
converted LSF and real target LSF vectors and allows the converted LSFs to be used along with the 
rest of the original target parameters for the synthesis of a converted waveform. Hence the converted 
waveforms mimic the case when all other features except LSFs are ideally converted allowing the 
evaluation to more effectively focus on the performance of the spectral LSF conversion. 

The contextual model experiment is run only once for the largest cross-lingual dataset (264 
utterances) which is believed to ensure sufficient data for the training contexts. The conversion is 
done one phonetic unit at a time and for every phonetic unit a context is built by requiring at least 
1000 aligned common frames (event targets). The size of 1000 was selected based on preliminary 
experiments and corresponds usually to 2-3 neighboring phonetic units in the speech sequence (i.e. 
offset=±1 or ±2). 

About 3h 40min of contextual training was needed for the conversion of a 3 sec test utterance 
with a simulated cross-lingual training set of 264 utterances. For the same data the typical time 
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required to train a GMM with 8 mixtures is 2 min while a bilinear model or a GMM with 1 mixture 
takes about 2 sec to train. The times are reported for an Intel Core2 CPU 6300 @ 1.86 GHz with 1Gb 
of memory. 

 
Metrics for objective evaluation 

The first objective metric used is the mean squared error (MSE) which is  computed between a 
converted and a target LSF vector using the formula 

( , ) =
( ( ) ( ))

  , (6.27) 

where  and  denote the converted and target LSF vectors and  represents the LSF order. The 
frame-wise MSE figures are then averaged over the entire test data. 

Spectral distortion (SD) is computed between a converted spectral envelope (derived from the 
converted LSF) and the corresponding target spectral envelope. The SD is measured only for a 
selected frequency range of the spectrum, using 

=
1

( )
20

( / )
( / )

 (6.28) 

where  and  represent the target and converted spectra, respectively,  is the sampling frequency, 
and  and  denote  the  frequency  limits  of  the  integration.  For  better  perceptual  relevance,  SD is  
computed between 0 and 4 kHz. 

 
The relationship between the training data size and the number of components for GMM 

We  studied  with  parallel  training  data  how  the  GMM  performance  is  related  to  the  number  of  
mixtures and the size of the training set. 

For reduced datasets (3 utterances) the best GMM performance is attained using one mixture 
component. Objective results in Figure 6.6 and indeed perceptual ones presented later in this section, 
indicate a close tie between this configuration and the bilinear approach. 

On the other hand, four mixtures achieve optimal or close to optimal performance for larger sets 
(70-264  utterances).  With  264  utterances  for  instance,  a  degradation  to  a  lesser  or  larger  extent  is  
produced for less than 4 or more than 8 mixture components. 

 

Figure 6.6: MSE for GMMs with different mixture numbers and training sizes demonstrated with parallel 
training data; a similar figure for the bilinear approach is superimposed. (from [40]) 
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It is difficult to know beforehand what number of mixture components is optimal for a given 
amount of training data. Too few components, although reliably estimated, would give an inaccurate 
approximation of the training data while estimating too many components becomes unreliable and 
may cause over-fitting problems. 

The result obtained with bilinear models was superimposed in Figure 6.6 for comparison 
revealing an interesting similarity with the one mixture case of the GMM. Both models outperform 
all other GMM configurations for small training sets but remain slightly behind for large data. It is 
worth to notice that the proposed bilinear model does not require preliminary order tuning. 

The result presented in this section was used to determine an “optimal” number of mixture 
components for the GMMs involved in the next sections depending on the amount of aligned LSF 
vectors in the training data. 

 
Objective results 

The objective results obtained for a training set of 3 parallel utterances are shown in Table 6.5. 
The “optimal” number of components for GMM in this case is 1. 

Table 6.5: Mean squared error (MSE) and spectral distortion (SD) results for 3 parallel training utterances 

 Bilinear model GMM (1 mix) 
MSE 36625 36329 

SD (dB) 5.51 5.50 
It is worth observing that these figures are extremely close indicating that the bilinear model 

achieves close to optimal performance for small datasets having the advantage that it does not require 
tuning. 

Figure 6.7 presents MSE for both GMM and bilinear methods for parallel, non-parallel and 
simulated cross-lingual cases and for various sizes of the training data. The contextual modeling was 
evaluated only for 264 simulated cross-lingual utterances. 

For GMMs, the “optimal” mixture numbers corresponding to 3, 10, 70, 140, 264 utterances were 
found to be 1, 1, 4, 8, 8 for parallel data and 1, 1, 4, 4, 8 for non-parallel and cross-lingual data. 

The two techniques compare to each other similarly in all three scenarios. Their objective 
performance is very similar for small training sets while the “optimal” GMM gains some advantage 
for larger training sets. It is important to observe that this performance gain for the GMM is obtained 
at the cost of increased computational complexity corresponding to a larger number of mixture 
components. As reflected in the listening tests presented later this difference in objective 
measurements seems to be very small from a perceptual point of view. 

We can also see that the contextual modeling brings a sensible improvement compared to the 
“optimal” GMM and bilinear models fitted globally on full cross-lingual training data (264 
utterances). 

Figure 6.8 shows the corresponding spectral distortion results. An interesting aspect to note is that 
the minimum spectral distortion with 264 utterances is attained for the GMM method with parallel 
data (4.79 dB) while the maximum is 5.50 dB recorded for the bilinear approach with non-parallel 
data. The gap of only 0.71 dB is perceptually small and this was also reflected in the listening tests. 
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Figure 6.7:Mean squared error results over the set 
of test utterances. (from [40]) 

 

Figure 6.8: Spectral distortion (dB) results over the 
set of test utterances. (from [40])

Figure 6.9 and Figure 6.10 present consistent MSE and SD results for the conversion of the rare / 
unseen phonemes. It is interesting to observe in the simulated cross-lingual experiment the capability 
to restore phonemes unseen in the training data (rare phonemes). In the bottom plots of Figure 6.9 
and Figure 6.10, we observe that the bilinear approach and the GMM based method perform 
similarly independent of the size of training data. By comparison with the cross-lingual results over 
complete utterances presented in Figure 6.7 and Figure 6.8, it is worth noticing that the error over the 
unseen phonemes is significantly larger. 

 

Figure 6.9: Mean squared error results over the 
rare / unseen phonemes existent in the test 

utterances. (from [40]) 

 

Figure 6.10: Spectral distortion (dB) results over 
the rare / unseen phonemes existent in the test 

utterances. (from [40]) 

The top and middle plots indicate for GMM and the bilinear method respectively that the accuracy 
of reconstruction is not depending much on whether the phoneme exists or not in the training data of 
the target speaker (minor differences between the results with non-parallel data including rare 
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phonemes and those with simulated cross-lingual data lacking them) but rather on the alignment and 
type of data (parallel or text independent). Better reconstruction results are obtained with parallel 
data  which  is  also  an  indicator  of  the  best  performance  that  could  be  achieved  due  to  its  precise  
alignment and because the rare phonemes are included in the training. By comparison with the 
results in Figure 6.7 and Figure 6.8 we notice that the gap between figures for rare phonemes and 
complete utterances is significantly smaller for the parallel case than it is for the nonparallel and 
cross-lingual cases. 

Interestingly, the result of the contextual modeling for the reconstruction of unseen phonemes is 
very similar to those obtained for the globally optimized GMM or bilinear models. This result is 
surprising considering that the missing phonemes are reconstructed based only on very small 
contexts of phonetic units. The bilinear model seems to be capable to generalize from a reduced 
subset of training data almost as well as it does when using the full data for training. 

Figure 6.11 and Figure 6.12 illustrate a direct comparison between the two methods for every 
conversion scenario separately by showing again MSE and SD results measured over the entire test 
set. 

Independent of the scenario, the performance of the bilinear models is very similar to that of the 
“optimal” GMM particularly for small training sets. While the objective results show a small 
performance advantage of the GMM for larger training sets, the subjective listening results presented 
next in this section indicate that the methods are still very close perceptually even for large datasets. 

 

Figure 6.11: Comparative mean squared error 
results for the GMM, bilinear approach and 
contextual modeling in different conversion 

scenarios. (from [40]) 

 

Figure 6.12: Comparative spectral distortion (dB) 
results for the GMM, bilinear approach and 
contextual modeling in different conversion 

scenarios (from [40]) 

The relatively small performance difference can be explained by observing the similarity in the 
MSE criteria that both methods optimize. The bilinear models optimize the criterion in equation 
(6.20) whereas the GMM optimizes a similar mean squared error criterion between the converted and 
target feature vectors. An interesting finding visible in the top panel reveals that contextual modeling 
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slightly outperforms the two techniques based on globally optimized models. This confirms that 
contextual approach may indeed capture details better than globally optimized models even though 
the gain does not justify the additional computational effort. 

Finally, for each method (GMM and bilinear) we compared between three conversion scenarios: 
parallel, non-parallel and simulated cross-lingual (in Figure 6.13 and Figure 6.14 in terms of MSE 
and SD, respectively). 

First, we notice that each method taken separately obtained very similar results for the non-
parallel and simulated cross-lingual scenarios. This finding, in line with a similar result in the 
recovery of rare / unseen phonemes, indicates that the presence (in non-parallel data) or absence 
(from cross-lingual data) of the rare phonemes did not have a major influence on the results. 

Secondly, both GMM and bilinear approaches perform clearly better with parallel training data 
than in the non-parallel or simulated cross-lingual cases and the difference is bigger for the small 
training sets (3 utterances). 

The SD results shown in Figure 6.14 are again in line with the MSE scores presented above. 
A concluding remark on the objective measurement experiments is that the performance of both 

systems is influenced by the amount of training data only up to a point beyond which adding more 
data does not bring significant improvements of the performance. We also note that it is the size of 
the actual aligned data that influences the performance and not the number of training sentences. A 
training data consisting of text independent utterances will result in significantly less aligned data 
than the same number of parallel utterances using our alignment technique. This also explains the 
bigger differences between parallel and text independent scenarios in the range 3 to 10 training 
utterances. 
 

 

Figure 6.13: Comparative mean squared error 
results between different conversion scenarios for 

the GMM and bilinear approach. (from [40]) 

 

Figure 6.14: Comparative spectral distortion (dB) 
results between different conversion scenarios for 

the GMM and bilinear approach. (from [40]) 
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Listening Tests 

For a meaningful validation of the objective measurements we present subjective results with both 
reduced (3 utterances) and large training sets (264 utterances). 

The first test compares the bilinear and GMM methods for a training set of 3 parallel utterances. 
One mixture component is used for the GMM as found “optimal” for the data size. 

The next tests are concerned with large training sets of 264 utterances (approx. 3 sec per 
utterance) and use GMMs with 8 mixture components. They evaluate the GMM and bilinear methods 
relative to one another using parallel or simulated cross-lingual training data but also evaluate how 
these two scenarios (parallel and simulated cross-lingual) compare to each other for each of the two 
methods. In the last test the contextual modeling is compared with the GMM based method for the 
cross-lingual training data. The results with 95% confidence intervals are given in Table 6.6. 

In each test, ten listeners compare schemes A and B using ten test utterances and a modified MOS 
test. In the identity test a real target version of the test sentence is compared in terms of voice identity 
with the converted samples obtained with schemes A and B. The quality test is simply a comparison 
in  terms  of  speech  quality  between  the  two  converted  samples  A  and  B.  The  successfulness  of  
identity conversion and the overall speech quality are evaluated separately with scores between -2 
(scheme  A is  much  better  than  B)  and  2  (scheme  B  is  much  better  than  A).  The  0  (zero)  score  is  
given for perceptually identical performance. 

The first result in Table 6.6 represents a comparison between the GMM based method with one 
mixture component and the bilinear approach for a training set of 3 parallel utterances. The very 
balanced score and its 95% confidence intervals indicate very similar performances for the two 
methods. This is in line with the objective results pointing out that the methods tend to have identical 
performance for  small  training sets.  The SD figure shows a 0.01 dB difference (5.50 dB for  GMM 
and 5.51 dB for the bilinear approach) which is not perceivable by humans. 

Results  for  large  training  sets  of  264  utterances  are  presented  on  lines  2  to  6  as  follows.  The  
second line compares the bilinear model and the 8-mixture GMM method found “optimal” for the 
given parallel data on which both methods are trained. The 95% confidence interval could not 
indicate a clear winner showing that the methods are perceptually equivalent. The SD difference of 
0.17 dB (4.79 dB for GMM and 4.97 dB for bilinear) is hardly observable by the human hearing. 

On the third line, the result obtained for the simulated cross-lingual scenario is slightly in favor of 
the GMM but the perceptual difference seems to be, however, very small. The exact 95% confidence 
interval actually extends by 0.0006 to the other side of the 0 axis, so in a strict sense it is impossible 
to call a winner. 

Table 6.6: Subjective listening test results 

Utts. A B Quality Identity 
3 GMM/parallel BL/parallel 0.02 0.08 0.01 0.07 

264 GMM/parallel BL/parallel -0.08 0.12 -0.02 0.09 
264 GMM/simulated cross-lingual BL/simulated cross-lingual -0.12 0.12 -0.05 0.09 
264 GMM/parallel GMM/simulated cross-lingual -0.17 0.12 -0.11 0.10 
264 BL/parallel BL/simulated cross-lingual -0.17 0.13 -0.01 0.10 
264 GMM/simulated cross-lingual CM/simulated cross-lingual -0.05 0.12 -0.03 0.10 

The fourth and fifth results of Table 6.6 indicate that both the GMM based method and the 
bilinear approach perform clearly better with parallel data than with simulated cross-lingual data but 
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interestingly the difference is very small. With -1 indicating that the parallel case is (clearly) better, 
and -2 for much better, our scores of -0.17 could be interpreted as “only slightly better”. This 
suggests that the type of the data may not be the essential factor for conversion as long as we have an 
efficient alignment scheme and that the proposed alignment scheme has been successful. 

Finally, the last result of Table 6.6 represents a comparison between the “optimal” (8-mixture) 
GMM based method and the contextual modeling technique in the simulated cross-lingual case. Not 
surprisingly the 0.1 dB margin by which the context method outperforms the GMM approach is 
perceptually insignificant and the listening test result is consistent with this objective finding, 
indicating that it is practically impossible to decide a winner. 

The listening test results are largely consistent with the objective measurements additionally 
revealing  that  the  objective  differences  between  the  bilinear  model  and  GMM,  especially  for  large  
datasets, are very small or insignificant from a perceptual point of view. The small perceptual 
difference between parallel and cross-lingual scenarios is an indication of efficiency for our text-
independent alignment. On the other hand the listening tests demonstrate that contextual modeling 
did not bring a perceptually meaningful gain. 

6.3.4 Conclusions 
This section presented a comprehensive study of bilinear models applied in voice transformation and 
explored their capability to reconstruct phonetic content in a new voice. The section also proposed a 
new conversion technique called contextual modeling that benefits from the efficient computation 
algorithms and the robust performance of the bilinear models with reduced data. 

Objective and subjective evaluations of the bilinear model were reported in relationship to the 
traditional GMM-based technique with “optimal” number of mixture components determined based 
on the size of the training data. The objective figures of the two methods are particularly close in the 
range of small data while for larger sets the GMM seems to gain advantage. However, the listening 
tests indicated that the two methods perform equivalently or comparable from a perceptual point of 
view for both small and large training sets. 

The gain in objective performance of the GMM for large data is achieved at the cost of an 
important increase of the computational complexity due to a larger number of mixture components. It 
is worth noticing that the bilinear model does not need any tuning. 

Section 6.3.3 and [47] suggest that the bilinear model may have an important advantage in the 
range of small datasets over GMMs with more than one mixture component, both objectively and 
subjectively. This is demonstrated in [47] for a GMM with 4 mixtures. Section 6.3.3 also reflects 
with objective figures an interesting similarity between the bilinear model and a GMM with only one 
mixture. 

The reconstruction capability of unseen data  appears  to  be  similar  for  the  two  methods  
independently of the data size. 

Both in a global evaluation over the entire test set and exclusively over the rare phonetic units the 
non-parallel result is very similar to the simulated cross-lingual result, leading to an interesting 
finding that the performance is not influenced or influenced only marginally by incomplete data if 
sufficient training data is provided and sufficient common phonetic units are represented in the 
training data. 
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The performance seems to be much more affected by the type of data (parallel or text 
independent). Both methods perform better with parallel data than they do with text independent data 
but as the amount of data is increased the differences reduce for each of the two methods. The 
perceptual closeness between parallel and cross-lingual scenarios with large data is also reflected in 
listening tests which gave scores of only -0.17 (on a scale -2 to 2) in favor of the parallel case. Such a 
small difference between parallel and text independent results indicates a certain degree of efficiency 
of the proposed alignment scheme. 

The contextual modeling is conceptually interesting and obtained slightly better results than the 
other methods. Our experiments answer the questions posed in section 6.3.2 showing that a 
contextual modeling can be better than models optimized globally on the full training data. We could 
not find clear evidence that the contextual modeling solved the over-smoothing problem. In fact, it 
could be argued that over-smoothing is partially caused by the MSE based criteria optimized by all 
these methods, in the sense that such criteria do not focus on details but on averages. In contextual 
modeling, however, this averaging is applied to a restricted ‘local’ dataset. 

Future research could try finding and optimizing a perceptually motivated criterion or study new 
ways to separate style and content in speech, e.g. by modeling it as product of more than two 
underlying factors.  

6.4 CONCLUSIONS 

The objective in this chapter was to investigate spectral conversion techniques that could overcome 
current limitations leading to increased mapping accuracy and speech quality. This goal was pursued 
by proposing entirely new conversion approaches as well as improvement techniques for some 
existing conversion frameworks. 

First of all, a new method based on bilinear models was proposed for the conversion of spectral 
envelopes. The method decomposes the LSF representation of the spectral envelope into a voice 
descriptive factor and a phonetic content factor and provides efficient training algorithms based on 
singular value decomposition (SVD). The method has a certain capability to reconstruct data unseen 
in the training set which was found to be similar to that of a conventional GMM-based conversion. 
The performance of the proposed bilinear approach has been found to be similar to the one offered by 
the GMM-based approach also otherwise in an extensive evaluation carried out over different types 
of training data. A side benefit of the proposed decomposition is that the speaker dependent factor 
could be useful in speaker recognition applications whereas the phonetic content factor could be a 
suitable parameterization in speech recognition where only the content is relevant. 

The concepts of local or contextual models have also been introduced in this chapter. It is 
hypothesized that using local or contextual models trained from subsets of the training data can 
capture details better than a global fitting leading to improved accuracy and possibly alleviating the 
over-smoothing. A contextual modeling example was proposed in which the data subsets correspond 
to phonetic units situated before and after the frame to be converted. This modeling produced slightly 
smaller errors than the models trained globally. In addition to that, the local modeling was 
demonstrated using linear transformations trained locally. This approach was found to outperform a 
GMM-based conversion with globally fitted GMM in a subjective listening test and to effectively 
reduce the over-smoothing. The evaluations demonstrate the validity of the two concepts although 
more efficient implementations should be possible. On the downside, both method use heavier 
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computation for conversion as the conversion models depend on the input vector and have to be 
estimated at runtime. 

In this chapter, it has also been argued that vector quantization can offer a flexible framework for 
voice conversion that has not been exploited to its full potential. A first improvement proposed to this 
framework is the memory efficient scheme based on multi-stage vector quantization described in 
section 6.1. Experimental results indicated both an improvement in accuracy and significant memory 
reduction compared to some prior art methods. Secondly, the local linear transformation technique is 
easily integrated with the same framework. 

In the next subsections two directions for future research are proposed. The first direction is to 
integrate an existing hybrid technique based on GMM and FW with the proposed parametric speech 
model and to define an automatic procedure for formant alignment and for calculating the frequency 
warping function in a data driven manner. The second direction is to use dynamic programming and 
delta LSF information for optimizing the temporal evolution of the converted speech. 

6.4.1 Future Work Proposal (1): Hybrid GMM-Frequency Warping 
GMM and frequency warping techniques are commonly used in voice conversion. The frequency 
warping method introduced in section 2.4.3 is known to produce a high speech quality but fails to 
achieve a good identity mapping. On the other hand, the GMM method behaves well in terms of 
identity mapping but produces a clearly lower speech quality due to over-smoothing, formant 
broadening, etc. A combination of the two techniques in a hybrid approach is a natural way to 
eliminate the drawbacks of each method and to ensure both high speech quality and a good identity 
mapping. Such an approach has been proposed in [58][136]. Unfortunately, the existing frequency 
warping methods[22][57], including the hybrid approaches [58][136], were developed mainly on 
uncompressed speech. In frequency warping the goal is to find a warping function such that the 
spectral distance between the frequency-warped envelope of the source speaker and the envelope of 
the target speaker is minimized. In [57] [58], the warping function appears to be derived using 
heuristic and manual selection on the formants of the aligned spectral envelopes. This may hinder 
other applications where on demand specifications are necessary. Automatic procedures to derive the 
warping function have been proposed in [22] and [136] for discrete and continuous representations of 
the spectral envelope, respectively. The automatic mapping of formants introduced in [136] for an 
all-pole representation, uses exhaustive search to determine a set of pole pairs defining an optimal 
piece-wise linear warping function. The computation cost is increased by the fact that the number of 
frequency pairs is unknown and has to be determined as a part of the search procedure. The heavy 
computation represents a drawback of this method. 

To summarize, the combined frequency warping and GMM methods reported in the literature 
[58][136] have the following drawbacks: 1) they cannot be directly applied in coded speech or would 
be less efficient; 2) in [58] the details of the warping function derivation are not reported, implying 
the possible manual selection of formant alignment; on the other hand, the automatic mapping of 
formants proposed in [136] relies on a computationally intensive exhaustive search procedure. 3) As 
a pitch-asynchronous scheme is used, special phase manipulation procedures are needed [58]; 
According to the authors’ best knowledge, more efficient hybrid voice conversion approach that 
could avoid these problems have not been published anywhere. 
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The technique proposed in this section introduces an entire framework on hybrid approach on 
coded speech. The novel ideas are mainly in applying frequency warping into coded speech since 
GMM approach has already been reported. Another important aspect of the technique is the proposed 
automatic derivation of warping functions from aligned source and target spectra. Lending itself to 
efficient compression the proposed solution is very flexible and efficient and can be used in a variety 
of communications related and embedded applications. For instance, the technique can be used to 
create a high quality personalized voice conversion from a HQ-TTS voice since such data is typically 
stored in parameterized format due to memory limitations. 

In the proposed hybrid approach, the GMM model is trained on a set of aligned joint LSF vectors 
of source and target speakers. For each GMM mixture, the mean vector is split into source and target 
parts and used to generate source and target spectral envelopes. Constrained search based on dynamic 
programming is proposed to automatically find the formant alignment for the pair of spectral 
envelopes. Then the warping function of each mixture is derived by curve fitting through the aligned 
formants. The particular warping function applicable to any given source frame in the conversion 
process, is a weighted combination of all mixture-specific warping functions. Posterior probabilities 
are used as the weights in the combination. Finally, the warping function is applied on the spectral 
envelope directly. More details can be seen in the following subsection. 

Informal listening tests have shown that the converted speech performs well in terms of speaker 
identity, while the speech quality is kept at a high level. 

 
Hybrid conversion for parametric speech 

In our implementation we use the speech representation described in section 3.1.1 consisting of 
five features extracted at equal intervals from the speech signal: 

1. LSFs (lsf), vocal tract contribution modeled using linear prediction; 
2. Energy (e), overall gain; 
3. Amplitude (a) of the sinusoids of excitation spectrum; 
4. Pitch (p); 
5. Voicing information (v); 
A first component of the hybrid system introduced here is represented by a GMM trained on 

aligned data from the source and target speakers following the joint density approach presented in 
subsection 2.4.2.  

For the th mixture component mean, ), source and target spectral envelopes can be derived 
from the mean LSF vectors  and .  The aligned formants  (more precisely,  peaks)  of  the paired 
spectral envelopes are used to establish the mixture frequency warping function ). Given a 
source feature vector , the mixture weight, ), can be calculated as in equation (2.21) from 
section 2.4.2. Then warping function for a given source feature vector  is  obtained by a  weighted 
combination of all mixture warping functions. 

( ) = ( ) ( ) (6.29) 

Since the speech is coded as parameters, the warping function is applied to the LSF feature vector 
as shown in Figure 6.15. LSF feature vector of source speaker is firstly converted into linear 
prediction coefficient (LPC) vector. The spectral envelope is then obtained from LPC vector. The 
warping function is applied directly on the spectral envelope leading to the warped spectrum 
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)). The warped LPC vector is approximated from the warped spectrum, and the warped 
LSF feature vector is finally obtained from the warped LPC vector. The warping residual is 
introduced when estimating warped LPC from warped spectrum. The warped LSF, LSFw, is output as 
converted LSF feature vector. The warping residual and warped excitation, together, form the 
generalized excitation. 

- 
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Figure 6.15: Algorithmic illustration of frequency warping on LSF feature vector. 

Broadly speaking from speech production perspective, the speech  is generally modeled as vocal 
tract transfer function  (by LSF parameters) and excitation  (by amplitude parameters) as shown 
in Figure 6.16. 
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Figure 6.16: Speech production model. 

As seen in equation (6.30), the speech is modeled in warped domain. The warped speech 
spectrum is the product of warped LPC spectrum and generalized excitation spectrum. The 
generalized excitation as shown in equation (6.31) is composed of warped excitation, warping 
residual and warped LPC spectrum. Weight, 1 0, is used to balance the contribution of the 
warping residual to the generalized excitation. 

( ( ))  = ( ( )) ( ( )) 

(6.30) 
                              = ( ) + ( ) ( ) 

                                         = ( ) 1 +
( )

( ) ( ) 

          = ( )  ( ) 

( ) = 1 +
( )

( ) ( ) (6.31) 
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where ) is the transfer function of the LPC vector approximated from the warped spectrum; 
) is the warping residual obtained as a difference between the warped spectrum and ) 

(see Figure 6.15); ) and ) represent the warped excitation and warped generalized 
excitation, respectively. 

We also propose a new method to automatically derive the frequency warping function. Given 
aligned LPC vectors from both source and target speakers, the corresponding spectral envelopes can 
be obtained. Suppose we have spectral peaks from source spectral envelop denoted as , , ......, 

,  and from target spectral envelop denoted as , , ......, .  A grid or lattice is generated, 
and each node denotes one possible alignment pair as shown in Figure 6.17. The aligned formant 
pairs are calculated using constrained search. The cost is defined for each node, and the path cost is 
the cumulative node cost for all the nodes in the path. The best path is the one with minimum path 
cost, as seen in equation (6.32). 

= argmin ( ) (6.32) 

Then the warping function calculation is becoming to find the best path in the lattice. The node 
cost can be defined in different ways, for example of formant likelihood using peak parameters 
(shaping factor, peak bandwidth). In our current non-optimized implementation, we simply define the 
node cost as the distance to a baseline function (red line in Figure 6.17). It assumes that warping 
function has normally a minimal bias from the baseline function due to physiological limitations. By 
finding the best path, the formant pairs are determined. Thus the warping function is easily obtained 
by fitting a smooth curve through the aligned pairs. 
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Figure 6.17: Formant alignment lattice. 

For getting reliable mixture warping functions, the GMM model can be trained exclusively on the 
voiced data selected according to the voicing parameter in the feature set. The voicing value here is 
for the whole spectrum, computed using some additional logic based on the voicing values for the 
individual sinusoids that we used in equation (3.2) from subsection 3.1.1. 

The Gaussian model is trained on the LSF data from speech segments that are fully voiced 
simultaneously in the source and in the target data. 
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Advantages and disadvantages 

The proposed technique has a number of advantages. Similarly to [58], the method can achieve a 
good identity conversion and very good speech quality compared to the GMM-based approach. In 
addition, the method is fully data driven and can be applied directly on the coded speech in the 
parametric domain. The proposed technique is flexible and compatible with other existing speech 
coding applications. It is possible, for example, to use the technique in speech synthesis to modify a 
TTS output in order to obtain a customized voice. The procedure for automatic derivation of the 
warping function based on dynamic programming is likely to offer a significant computational 
advantage in comparison with the exhaustive search procedure proposed in [136]. Especially when 
used with the VLBR codec described in subsection 3.1.1 the method has the possibility to achieve a 
low overall computational complexity avoiding the conversion form an HSM representation to LSF 
and the special phase manipulation required in [58] and [136]. Due to the compact representation and 
the use of GMMs the method has also the potential to achieve a low memory footprint being an ideal 
solution for embedded applications. 

On the downside, in contrast to [136] the proposed technique does not provide any mechanism for 
a correct conversion of the formant amplitudes or, in other words, does not control the energy 
distribution of the frequency warped spectrum. 

6.4.2 Future Work Proposal (2): Dynamic Programming Optimization of 
Temporal Continuity 

Most of the existing techniques do not model the temporal structure of speech although it can be 
argued that this is an important reason for quality degradation. Codebook mapping is one of the 
oldest techniques used for spectral conversion. In spite of its attractive properties in terms of detail 
preservation, its success has been very limited due to various shortcomings discussed in subsection 
2.4.1. Many ideas proposed in the literature to improve its spectral continuity are shown in 2.4.1 to 
still suffer from different shortcomings. Except for [121] and [122], none of these techniques models 
the temporal information explicitly. The positive results reported in [121] are encouraging our 
expectation that further improvements can be achieved by finding alternative ways to model the 
speech dynamics.  

This section presents some findings and proposes ideas for further investigations aiming to 
improve the temporal speech structure in vector quantization based voice conversion. First, a 
dynamic programming scheme is proposed to guide the codeword selection using delta features. This 
technique bears some similarity with [121]. Secondly, we propose a method to find an optimal 
sequence of static features based on dynamic information in the least square sense. This could be 
used as an extension to the dynamic programming scheme. 

 
A research note 

An interesting experimental result confirms our hypothesis that the nearest neighbor mapping is 
inaccurate and that the correct mapping should be sought among the  nearest neighbors. Given an 
input sequence , … , ] we find for each  its  closest source code-words indexed ,…,  
by their increasing distance to  and list their target pairs ,…, .  If  we  convert  the  input  
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sequence by basic codebook mapping (or nearest neighbor approach) we would obtain 
, … , , … , ]. 

Let , … , ] be the parametric sequence of a parallel target utterance which was time-aligned to 
the input speech. Let us consider its quantized representation as a sequence of target code-words  

, … , , … , ]. Our experiment indicates only a 20 percent probability that  equals  but 
for a relatively small  the probability that , … , ] grows to over 90 percent. This result 
clearly indicates not only that the basic nearest neighbor mapping is wrong but also suggests that a 
reasonably natural sound can be obtained by picking the right codeword out of  nearest neighbors. 
Next we will show how delta information can be used to help this selection process and we propose a 
dynamic programming scheme to achieve this goal. 

 
Optimized temporal evolution using dynamic programming 

To reflect the use of delta information our code-words will have the form ]  and 
]  for source and target speaker respectively. The averaging effects associated with 

quantization are particularly undesirable for deltas therefore we will use as code-words real data 
points and real deltas. 

Like in the previous research note, given the input sequence , … , ] we want to determine the 
converted result in the form of a target code-word sequence , … , , … , ] where  has to 
be selected from , … , ]. There is a total of  (  to power ) possible output sequences but 
the question is which one explains best the associated delta information , … , , … , ]. 
This can be formulated as an optimization problem and solved with dynamic programming. 

Given a speech sequence , … , ], one way to define  is: 
=  (6.33) 

With  defined  in  this  way,  we  aim  to  select  the  output  sequence  , … , , … , ] that 
minimizes the following error criterion: 

= ( + )  (6.34) 

In dynamic programming terms this corresponds to a problem with  states corresponding to  
possibilities to pick a code-word at every time instant .  This  can  be  represented  in  the  form  of  a  
trellis structure. 

In order to find the minimum error path we need to move along the trellis one step at a time along 
the time axis, e.g. from time  to time +1, keeping track at each moment  of the  best paths ending 
at moment  with each of the  code-words , … , . The corresponding minimum costs of these 
paths  will  be  denoted  as  , … , . The cost of adding the codeword  to a selected 
path , … , ] can be defined as: 

, = ( + )  (6.35) 
The minimum cost  of  a  path  ending  at  moment  +1 in  can be defined 

recursively: 
= min + ,  (6.36) 

The algorithm to find the optimal path can be summarized as follows. 
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Algorithm – Dynamic Program for Optimal Path Selection 
1. Initialization 

= 0  
=  (6.37) 

for = 1,2, … ,   
2. Recursion 

= min + ,  
(6.38) 

= argmin + ,  

for   = 1,2, … ,   and   = 1,2, … , 1  
3. Termination 

= min + ,  
(6.39) 

= argmin + ,  

4. Path Backtracking 
 = ( , , … , ) , (6.40) 

where = argmin   and  

= ( ) ,   for  = 1, 2, … ,1  
The formulation as a dynamic programming problem may change depending on the error criterion 

which in turn depends on how  is defined. 
 
Least squares solution 

Next,  we  assume  the  existence  of  a  converted  result  in  the  form of  a  target  codeword  sequence  
= [ , … , , … , ] with the attached delta information = [ , … , , … , ] and 

we define = [ , … , , … , ]. These output sequences can but need not be 
computed with the previous path optimization scheme.  

If the delta coefficients  are approximated as: 
= 0.5 ( ) (6.41) 

and the matrix  is defined as in Figure 6.18, the next relationship should hold. 
=  (6.42) 

 

Figure 6.18:  The relationship between a sequence of static feature vectors y and a sequence of static 
and dynamic feature vectors Y. (adapted from [100]) 
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The delta coefficients represent important information which can be used to refine the converted 
result . This can be done by solving the equation (6.42) for the unknown  in the least square 
sense with the solution: 

=  (6.43) 
where = ( )  represents the pseudo-inverse of  and = [ , … , ] represents 
an improved estimation of the converted result.  
This method is an effective way to refine the converted result of a codebook approach by making use 
of the temporal information (deltas). The idea can also be used iteratively by quantizing the new 
estimates = [ , … , ]  and repeating the procedure with the new sequence of code-words 
(static features + their delta coefficients). It would be interesting to study the convergence of this 
process. 
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Chapter 7 

Conclusions and Future Directions 

The objective of this thesis was to develop a stand-alone voice conversion system based on a 
parametric speech representation and to study and propose algorithms in order to improve the quality 
and versatility of the existing solutions to stand-alone voice conversion. The work starts from the 
improvable aspects identified in the state of the art analysis carried out in Chapter 2. In spite of fairly 
successful results of current systems there is still room for improvement in all sub-areas of voice 
conversion towards providing both excellent quality and highly successful identity conversion. Most 
high-quality systems use a time-frequency speech representation. In the time domain, the frames are 
modeled and processed independently. Without a model of the temporal evolution of speech 
parameters these systems cannot ensure a smooth and natural sounding result. In the frequency 
domain, the inefficiency of spectral mapping can take various forms. Frequency warping has 
problems in controlling the shape of the modified formants while GMM-based conversion and other 
statistical methods are likely to suffer from over-smoothing. In terms of alignment there has been a 
growing interest for text-independent use cases due to practical reasons. These cases are more 
challenging and have typically achieved poorer results than the text-dependent scenarios. Yet another 
challenge addressed in this thesis is to find a parametric speech model that would allow to use voice 
conversion with coded speech and to integrate it with other communications related and embedded 
applications. The thesis covers three directions focusing on the spectral conversion as a fundamental 
task of voice conversion but treating in separate chapters also the parametric speech model and the 
alignment issue. Contributions have been made to all main parts of a voice conversion system and the 
conclusions will be presented next. 

In Chapter 3 a parametric speech model inspired from speech coding is proposed as analysis-
modification-synthesis framework for our voice conversion system. This representation offers 
efficient compression and compatibility with other speech coding solutions and embedded 
applications. The experiments demonstrate that the proposed model is suitable for the purpose of 
voice conversion allowing flexible speech manipulations. Furthermore, since the same 
parameterization is used internally by a TTS system, the voice conversion algorithms can be easily 
applied to customize the TTS output. In the conversion process the voicing level of a given spectral 
envelope may suffer undesired modifications becoming inconsistent with the voicing feature and 
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leading to quality degradations. The proposed voicing control scheme adjusts the voicing parameter 
to compensate for the voicing change caused by the conversion. Informal listening tests indicate that 
the scheme effectively reduced the noise level in the output samples improving the perceived quality. 
The speech enhancement technique presented in the final section of Chapter 3 offers an efficient way 
to manipulate the energy feature of the proposed speech model in order to attenuate the noise 
perceived during the pause portions of the converted signal. The method offers low complexity and 
the possibility for real-time implementation and its efficiency in terms of quality enhancement has 
been confirmed by informal listening tests. The data collection scheme introduced in subsection 3.4.1 
shows how the parametric speech representation could be exploited in a phone application with the 
purpose of collecting speech data and continuously refining voice conversion models. The technique 
offers an enhanced user experience and the possibility to train high quality conversion models but its 
implementation details are omitted in this thesis leaving it as a potential future direction. Chapter 3 
aimed to demonstrate the validity of the proposed speech representation for the voice conversion task 
and focused on the conversion of only pitch and line spectral frequencies. In order to achieve high-
quality conversion results, future work should also consider the conversion of other features like 
residual signal, voicing or energy which contribute to a lesser degree to the speaker identity. 
Moreover, to do this correctly it is important to understand the interdependence between different 
features and preserve it during the conversion process. 

Regarding the alignment, this thesis aimed to propose alternatives to existing techniques in order 
to improve the alignment accuracy and increase the system versatility. For the parallel case, a one-to-
many frame alignment based on soft probabilities is shown to have several advantages over 
conventional hard alignment such as DTW. The validity of the idea is demonstrated with 
experimental results based on artificial data. Future work towards a full implementation should take 
into account the fact that for typical frame rates of analyzed speech and conventional 3-state phone 
HMMs the alignment probabilities approach binary decisions. To alleviate this problem and take full 
advantage of the idea, softer probabilities could be generated e.g. by using higher frame rates. 

For their practical advantages, the text independent use cases have been attracting an increasing 
interest although their alignment also poses greater challenges. The first technique for text 
independent alignment proposed in Chapter 4 uses phonetic segmentation and time decomposition. 
Although the technique was not evaluated in comparison with an alternative text independent 
alignment it was successfully used in a real voice conversion application. The results obtained in 
listening tests for text-independent data aligned with this technique were found perceptually close to 
those obtained with a parallel data aligned with conventional DTW. A second approach to text-
independent voice conversion is presented as a future direction without a full implementation or 
experimental results. The idea is to use a TTS system for reducing the problem to two concatenated 
conversions trained from parallel data.  

The largest part of this thesis is dedicated to the conversion of spectral characteristics. The topic is 
treated in Chapters 5 and 6 with the aim of improving the mapping accuracy with respect to existing 
techniques without degrading the quality of the converted speech. Chapter 5 deals with a number of 
aspects related to the GMM-based voice conversion in order to upgrade the performance, efficiency 
and flexibility of this framework. The accuracy measure proposed in section 5.1 for the evaluation of 
GMM-based transformations has the advantage of fast computation and avoids the need for 
evaluation data. In the experiments, the technique was found in line with both perceptual 
observations and with MSE objective scores. The clustering and mode selection scheme introduced 
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in section 5.2 improves the conversion accuracy by grouping the training data into clusters with 
minimal variance of the target features and training a separate GMM for each class. This approach is 
data-driven and was shown in the experiments to outperform an equivalent conversion scheme that 
uses voicing-based clustering. In order to make this approach even more efficient, further 
consideration should be given to improving the class discrimination and to the compromise between 
the  number  of  clusters  and  the  reliability  of  the  cluster  model.  In  order  to  increase  the  system’s  
flexibility and allow it to deal with small amounts of data, the technique proposed section 5.3 can be 
applied to adapt a well trained model to a new target speaker using limited data. In the experiments, a 
mean-adapted model performed clearly better than an equivalent EM model trained from scratch with 
the small data set. Subsection 5.4.1 presents an idea for improving the continuity and naturalness of 
the converted speech by including dynamic features in the estimated GMM model and optimizing an 
objective function defined by the converted static and dynamic features. Further work is needed 
towards the full implementation and verification of this idea which is given here only as a potential 
direction for future research. 

In Chapter 6, spectral conversion is treated from a more general perspective and its improvement 
is sought outside the GMM framework. The proposed techniques are either completely new 
approaches or complementary to some existing frameworks. For example the method based on 
bilinear models has not been seen in the voice conversion literature while the idea of applying factor 
analysis in voice conversion is also very new and opening an entire line of future research. Factor 
analysis methods such as the bilinear models decompose the spectral envelope representation into a 
product of two or more underlying factors corresponding to either voice identity or phonetic content. 
The benefits of such decomposition extend beyond the area of voice conversion since the computed 
underlying factors could constitute suitable features for areas like speech or speaker recognition. In 
the evaluations, the proposed bilinear approach is found to have perceptually similar performance to 
the popular GMM based conversion. In contrast to the GMM based approach whose number of 
components has been optimized, the proposed approach did not appear to benefit from or need a 
parameter tuning. 

The concepts of contextual and local modeling introduced in the same chapter aim to reduce the 
conversion error by replacing global fitting of models with multiple models trained on the fly on 
subsets of the full data. These concepts are in line with the previous idea of clustering and mode 
selection and with the observation that the mapping accuracy can be increased by reducing the data 
variance. In contrast to the technique described in section 5.2, where the fuzzy classification can be 
regarded as a drawback, the examples illustrating the proposed concepts have clear rules for 
classification. The contextual modeling was illustrated with a concrete case in which the phonetic 
context determines a subset of the training data which is used to train a conversion model. The errors 
were slightly smaller than those obtained with global models. Local modeling was demonstrated 
using locally trained linear transformations achieving better perceptual scores and lower over-
smoothing relative to a globally trained GMM based conversion. The experiments prove the validity 
of these ideas which open the way for further refinements in this direction. 

A merit of this thesis is to rediscover vector quantization and extend its applicability in spectral 
conversion beyond codebook mapping. Vector quantization can constitute a flexible foundation on 
top of which various techniques can be developed complementing it and benefiting of its attractive 
properties in terms of detail preservation. In addition to the local linear transformation technique 
which can be easily implemented within this framework, a memory-efficient conversion scheme 
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based on MSVQ is proposed. The experimental results indicated for this method not only a 
significant memory reduction but also a better accuracy compared to some conventional codebook 
conversions. Another idea that can be easily integrated with the vector quantization framework is 
presented as a future direction in subsection 6.4.2 and uses dynamic programming to optimize the 
temporal continuity of the parameter tracks. 

The hybrid GMM-frequency warping technique for parametric speech presented in 6.4.1 
preserves the performance advantages of the original method [58] in terms of speech quality while 
being likely to have a clear computational advantage compared to [58] and[136] due to the efficient 
speech representation and automatic derivation of the warping function.  

A number of interesting directions for future research, some of which have been already 
mentioned in the previous analysis, can be considered as follows: 

 Factor analysis: Factor analysis methods could provide a powerful tool for the separation of 
speech into a speaker related component and a phonetic content component. The new features 
would  greatly  benefit  also  other  areas  of  speech  processing  such  as  speech  recognition  and  
speaker identification. 

 Vector quantization: Vector quantization is a flexible platform offering the possibility for 
diverse extensions in addition to the ones proposed in this thesis. The framework is 
particularly suitable for alternative implementations of local modeling which was shown to 
improve the conversion accuracy. Other example worth of further consideration related to 
affine transformations and how they can be applied to take advantage of this framework. 

 Optimal linear transformation: In the local linear transformation technique it was found 
beneficial to estimate a band diagonal linear transformation instead of a full matrix. 
Particularly for small data it is important to work with sparse matrices and avoid estimating 
unreliable matrix elements. It could be useful to stick to those elements which correspond to 
highly correlated LSF components or alternatively to apply regularization procedures for 
finding an optimal sparse matrix that best describes the input-output relationship. 

 Local modeling: The fact that local modeling improves the conversion accuracy is supported 
with experimental results by several techniques proposed in this thesis including the 
clustering and mode selection scheme, the local linear transformation and the contextual 
modeling. In order to improve the performances in this direction the challenges are to find 
robust methods that can cope with reduced local data or, alternatively, efficient clustering and 
discrimination techniques. 

 Temporal modeling: The absence of a model for the temporal evolution of speech 
parameters is believed to be an important source for quality degradation in most of the 
existing systems which, in general, perform the conversion frame by frame. Although some 
ideas for temporal modeling have been already proposed in the literature, further 
improvements are still possible and believed to have a great potential for increasing the 
quality and naturalness of the converted speech. 

 Enhanced parameterization: The currently used speech features do not represent ideally the 
speaker dependencies and often cause problems with the synthetic speech quality. In order to 
achieve more suitable features it could be useful to create speech models able to mimic more 
closely the human speech production. Alternatively, as already suggested, deeper insight into 
the factor analysis methods could also provide an interesting track in this direction. 
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