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ABSTRACT

The voice conversion algorithm based on the Gaussian mix-

ture model (GMM) has also been proposed by Stylianou et

al. In this algorithm, the acoustic space of a speaker is rep-

resented continuously. In this paper, we apply this GMM-

based voice conversion algorithm to STRAIGHT proposed

by Kawahara et al., which is recognized as a high quality

vocoder. In order to evaluate this voice conversion algo-

rithm, we perform subjective and objective experiments on

speech quality and speaker individuality, comparing with

the method based on the codebook mapping. As results,

the performance of the GMM-based voice conversion algo-

rithm is better than that of the codebook mapping method.

E�ects by the amount of training data for the voice conver-

sion algorithms are also investigated, as well as the number

of the Gaussian mixtures. These evaluation results clarify

that the GMM-based voice conversion algorithm is suc-

cessfully applied to STRAIGHT.

1. INTRODUCTION

Voice conversion is a technique used to convert one

speaker's voice into another speaker's voice [1]. In order

to synthesize speech of various speakers, speech databases

from many speakers are needed. Once a high quality voice

conversion algorithm is realized, speech of various speakers

can be synthesized even with a speech database of single

speaker.

As a typical voice conversion algorithm, the codebook

mapping method has been studied by Abe et al. [2]. The

main shortcoming of this method is the fact that the acous-

tic space of a speaker is limited to a discrete representa-

tion because of vector quantization usage. To represent

the acoustic space continuously, the algorithm based on

the Gaussian Mixture Model (GMM) has also been pro-

posed by Stylianou et al. [3,4]. In this GMM-based algo-

rithm, the acoustic space of a speaker is modeled by the

GMM without the use of vector quantization, and acous-

tic features are converted from a source speaker to a target

speaker by the mapping function that utilizes feature pa-

rameter correlation between two speakers. Therefore, the

GMM-based algorithm distortion for the acoustic space is

less than that of codebook mapping method, and the con-

verted speech is represented more continuously as well.

Voice conversion is usually used with an analysis-synthesis

method, where quality of the synthesized speech is also

important to realize a high quality voice conversion al-

gorithm. As a high quality analysis-synthesis method,

STRAIGHT (Speech Transformation and Representation

using Adaptive Interpolation of weiGHTed spectrum) has

been proposed by Kawahara et al., which is a high quality

vocoder type algorithm [5,6].

In this paper, we apply the GMM-based voice conversion

algorithm to STRAIGHT, and evaluate this GMM-based

voice conversion algorithm, comparing with the method

based on the codebook mapping.

2. STRAIGHT

STRAIGHT is a high quality analysis-synthesis method,

which extracts F0 (fundamental frequency) by using

TEMPO (Time-domain Excitation extractor using Mini-

mum Perturbation Operator), uses pitch-adaptive spectral

analysis combined with a surface reconstruction method in

the time-frequency region in order to remove signal peri-

odicity, and designs excitation source based on phase ma-

nipulation [5,6]. STRAIGHT can manipulate such speech

parameters as pitch, vocal tract length, and speaking rate,

while maintaining high reproductive quality.

3. VOICE CONVERSION
ALGORITHM BASED ON GMM

We assume that p-dimensional time-aligned acoustic fea-

tures xf[x0; x1; . . . ; xp�1]
T g (source speaker's) and

yf[y0; y1; . . . ; yp�1]
T g (target speaker's) are determined

by Dynamic Time Warping (DTW), where T denotes

transposition.

3.1 Gaussian Mixture Model (GMM)

In the GMM algorithm, the probability distribution of

acoustic features x can be written as

p(x) =

mX
i=1

�iN (x;�
i
;�i);

mX
i=1

�i = 1; �i � 0; (1)

where N (x;�;�) denotes the normal distribution with

mean vector � and covariance matrix �. �i denotes a

weight of class i and m denotes the total number of the

Gaussian mixtures.

3.2 Mapping Function

The mapping function [3,4] converting acoustic features of

the source speaker to those of the target speaker is given
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where �
x

i
and �

y

i
denote mean vectors of class i for the

source and target speakers. �xx

i denotes covariance ma-

trix of class i for the source speaker. �
yx

i
denotes the

cross-covariance matrix of class i for the source and target

speakers. In this paper, these matrices are diagonal.

3.3 Training of The Mapping Function

In order to estimate parameters (�i; �
x

i
; �

y

i
;�xx

i ;�
yx

i
), the

probability distribution of the joint vectors z = [xT , yT ]T

for the source and target speakers is represent by the GMM

[7]. Covariance matrix �z

i
and mean vector �z

i
of class i

for joint vectors can be written as

�
z

i =

�
�xx

i �xy

i

�
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i
�
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i

�
;
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z

i
=

�
�
x

i

�
y

i

�
:

(3)

These parameters are estimated by the EM algorithm.

3.4 Comparing with The Codebook
Mapping Method

The GMM-based algorithm distortion for the represented

acoustic space is less than that of the codebook mapping

method because the acoustic space of a speaker is mod-

eled by the GMM without the use of vector quantization.

Since acoustic features are also converted by the mapping

function (Eq. (2)) that utilizes feature parameter correla-

tion between two speakers, the converted speech is repre-

sented more continuously than that of the codebook map-

ping method. The spectrogram of the speech converted by

the codebook mapping method is shown in Figure 1, and

that of the GMM-based algorithm is shown in Figure 2.

4. APPLICATION OF THE VOICE
CONVERSION ALGORITHMS TO

STRAIGHT

The cepstrum of the smoothed spectrum analyzed by

STRAIGHT is used as acoustic features. In this paper,

the cesptrum order is 40 (quefrency is 2.5 ms, and sam-

pling frequency is 16000 Hz). In order to perform voice

conversion, the 1 to 40-th order cepstrum coe�cients are

converted, and the 0-th order cepstrum coe�cient, power,

is kept as the value of the source speaker. As for the

source information, the average of log-scaled fundamental

frequencies of the source speaker is converted to that of

the target speaker. The prosodic dynamic characteristics

between two speakers are not considered.

5. EVALUATION
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Figure 1: Spectrogram converted by codebook mapping

method.
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Figure 2: Spectrogram converted by GMM-based

algorithm.

In order to evaluate the performance of the GMM-

based voice conversion algorithm that was applied to

STRAIGHT, we performed experiments on speech qual-

ity and speaker individuality, comparing with the method

based on the codebook mapping. The male-to-male and

female-to-female voice conversion was performed in each

experiment.

5.1 Subjective Evaluation Experiments
on Speech Quality

In order to evaluate quality of the GMM-based converted

speech, subjective evaluation experiments were performed.

Eight listeners participated in the experiments. An opin-

ion score for evaluation was set to be a 5-point scale (5:

excellent, 4: good, 3: fair, 2: poor, 1: bad). Four sen-

tences were used to evaluate, which were not included in

the training data.

First, in order to investigate the relation between the num-

ber of classes and speech quality, the converted speech by

the GMM-based voice conversion algorithm (16, 64 classes)

and the codebook mapping method (16, 64, 256, 1024

classes) was used. Fifty-eight sentences were used as the

training data. The experimental result is shown in Figure

3. Speech quality becomes better at both voice conversion

algorithms as the number of classes increases, and the im-

provement tendency is saturated at a certain number of

classes. The performance of the GMM-based voice conver-

sion algorithm is superior to that of the codebook mapping

method since the converted speech is represented more

continuously than that of the codebook mapping method.
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Figure 3: Relation between speech quality and the

number of the classes.
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Figure 4: Relation between speech quality and the

amount of training data on GMM (64 classes).

Next, in order to investigate the relation between the

amount of training data and speech quality, the converted

speech by the GMM-based voice conversion algorithm (64

classes) was used. The experimental result is shown in

Figure 4. Speech quality becomes better as the amount of

training data is large. In the female-to-female voice con-

version, the improvement tendency is saturated at about

60 sentences. When the amount of training data is in-

su�cient, speech quality is also low, because training of

parameters of the mapping function is not enough.

5.2 Objective Evaluation Experiments
on Speaker Individuality

In order to evaluate converted speaker individuality of the

GMM-based voice conversion algorithm, objective evalua-

tion experiments were performed by the cepstrum distor-

tion (CD) between the converted speech and the target

speech. Ten sentences were used to evaluate, which were

not included in the training data.

First, in order to investigate the relation between the num-

ber of classes and CDs, CDs for the converted speech by

both voice conversion algorithms were calculated. Fifty-

eight sentences were used as the training data. The ex-

perimental result is shown in Figure 5. CDs decrease at

both voice conversion algorithms as the number of classes
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Figure 5: Relation between the number of the classes

and CD.
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Figure 6: Relation between a capacity of memory for

parameters and CD.

increases, and the tendency is saturated at a certain num-

ber of classes. The relation between a capacity of memory

for parameters of the mapping function and CDs is also

shown in Figure 6. The CD performance of the GMM-

based voice conversion algorithm is superior to that of the

codebook mapping method since the acoustic space of a

speaker is modeled by the GMM without the use of vector

quantization.

Next, in order to investigate the relation between the

amount of training data and CDs, CDs for the converted

speech by the GMM-based voice conversion algorithm (16,

64 classes) and the codebook mapping method (16, 64,

256, 1024 classes) were calculated. The experimental re-

sult for the female-to-female voice conversion is shown in

Figure 7. CDs increase when the amount of training data is

insu�cient, because training of parameters of the mapping

function is not enough. About 60 sentences are considered

as the su�cient amount of training data. The result for

the male-to-male voice conversion is similar to that of the

female-to-female voice conversion.

5.3 Subjective Evaluation Experiment
on Speaker Individuality

In order to evaluate converted speaker individuality of

the GMM-based voice conversion algorithm, the subjective

evaluation experiment (ABX test) was performed. Eight

listeners participated in the experiments.
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Figure 7: Relation between the amount of training data

and CD for the female-to-female voice conversion.

In the ABX test, A and B were the source and the target

speaker's speech, and X was either the converted speech

as follows,

� converted speech by the GMM-based voice conver-

sion algorithm (64 classes)� � �GMM64,

� converted speech by the codebook mapping method

(1024 classes)� � �Codebook 1024,

� synthesized speech by converting of the average log-

scaled F0� � �F0 only,

� synthesized speech by converting of the average log-

scaled F0 and replacing the source speaker's spec-

trums with those of the target speaker� � �F0 & spec-

trum,

� target speaker's speech synthesized by

STRAIGHT� � �Original STRAIGHT.

F0&spectrum was used to evaluate converted speaker

individuality when the mapping of spectrums was per-

fect. Original STRAIGHT was used to evaluate converted

speaker individuality when both the mapping of spectrums

and the conversion of the source information were perfect.

Listeners were asked to select either A or B as being most

similar to X. Two sentences were used to evaluate, which

were not included in the training data (58 sentences).

The experimental result is shown in Figure 8. Converted

speaker individuality of the GMM-based voice conversion

algorithm is as same as that of the codebook mapping on

the total results. Converted speaker individuality of only

F0 conversion is insu�cient, and it can be improved by

converting spectrums.

6. CONCLUSION

We apply the voice conversion algorithm based on the

Gaussian Mixture Model (GMM) to STRAIGHT, and

evaluate this voice conversion algorithm. We performed

evaluation experiments on speech quality and speaker indi-

viduality, comparing with the method based on the code-

book mapping. As a result, quality of the GMM-based

converted speech is better than that of codebook mapping.
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Figure 8: Result of the subjective evaluation experiment

on speaker individuality.

conversion algorithm is as same as that of the codebook

mapping. E�ects by the amount of training data for the

voice conversion algorithms were also investigated, as well

as the number of the Gaussian mixtures. These evaluation

results clarify that the performance becomes better as the

number of mixtures increases and the amount of training

data is large, and the improvement tendency is saturated

at a certain number of mixtures and the amount of training

data.
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