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Abstract

One-to-many eigenvoice conversion (EVC) allows the conver-
sion of a specific source speaker into arbitrary target speakers.
Eigenvoice Gaussian mixture model (EV-GMM) is trained in
advance with multiple parallel data sets consisting of the source
speaker and many pre-stored target speakers. The EV-GMM is
adapted for arbitrary target speakers using only a few utterances
by estimating a small number of free parameters. Therefore,
the initial EV-GMM directly affects the conversion performance
of the adapted EV-GMM. In order to prepare a better initial
model, this paper proposes Speaker Adaptive Training (SAT)
of a canonical EV-GMM in one-to-many EVC. Results of ob-
jective and subjective evaluations demonstrate that SAT causes
significant improvements in the performance of EVC.
Index Terms: Speech synthesis, Voice conversion, Eigenvoice,
Gaussian mixture model, Speaker adaptive training

1. Introduction
Voice conversion (VC) is a technique for modifying non-
linguistic information such as voice characteristics while not
changing linguistic information. One typical application of
voice conversion is speaker conversion [1], and this application
can be extended to cross-language speaker conversion [2][3],
which is a technique that makes it possible for us to speak any
language with our own voice.

A conversion method based on a Gaussian mixture model
(GMM) [4] is used widely. This method trains a GMM with a
parallel data set consisting of utterance pairs of source and tar-
get speakers. In practice, this training framework causes many
limitations to VC applications. In order to make the training
framework more flexible, Eigenvoice conversion (EVC) [5] has
been proposed by applying eigenvoices [6] to the GMM-based
conversion method.

There are two main frameworks in EVC, one-to-many EVC
and many-to-one EVC [7]. One-to-many EVC allows the con-
version of a specific source speaker into arbitrary target speak-
ers. Eigenvoice GMM (EV-GMM) is trained in advance with
multiple parallel data sets consisting of the source speaker and
many pre-stored target speakers. The resulting EV-GMM en-
ables us to control voice quality of the converted speech by ma-
nipulating a few free parameters, i.e. weights for eigenvectors.
Moreover, we can estimate appropriate values of those parame-
ters for given target speaker’s voices without any linguistic in-
formation.

The conventional EV-GMM is based on the target speaker
independent GMM (TSI-GMM). Although it works well, it
would not be appropriate as an initial model for speaker adapta-
tion, because the speaker independent model includes acoustic

variations among speakers. Therefore, as the initial model, a
normalized speaker model is preferable to the speaker indepen-
dent model. To train such a canonical model, adaptive training
techniques such as speaker adaptive training (SAT) [8] and clus-
ter adaptive training (CAT) [9] have been proposed in speech
recognition area. This paper proposes SAT for EV-GMM in
one-to-many EVC. Effectiveness of the proposed method is
demonstrated through objective and subjective evaluations.

The paper is organized as follows: In Section 2, we describe
EVC. In Section 3, SAT for EV-GMM is described. In Section
4, we describe experimental evaluations. Finally, we summarize
this paper in Section 5.

2. Eigenvoice Conversion

2.1. Eigenvoice Gaussian Mixture Model (EV-GMM)
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where N(x;—,Σ) denotes Gaussian distribution with mean
vector — and diagonal covariance matrix Σ. In EV-
GMM λ(EV ), a target mean vector is modeled as linear com-
bination with the bias vector b
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i
and the weight vector ws. EV-GMM

models arbitrary target speaker’s individualities by setting ws

to appropriate values. The other parameters such as mixture-
weights, source mean vectors, bias vectors, representative vec-
tors and covariance matrices are tied for every target speaker.
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2.2. Training of EV-GMM Based on Principal Component
Analysis

Firstly, TSI-GMM λ(0) is trained with multiple parallel data sets
consisting of utterance-pairs of the source speaker and multiple
pre-stored target speakers. And then, using each parallel data
set, the s-th target dependent GMM λ(s) is estimated by only
updating target mean vectors of λ(0). A 2DM -dimentional su-

pervector SV (s) = [—
(Y )�
1 (s), · · · , —

(Y )�
M (s)]� is contin-

ued for each pre-stored target speaker by concatenating the re-
sulting target mean vectors. Finally, bias vector b

(0)
i and repre-

sentative vectors Bi are extracted from the supervectors SV (s)

by principal component analysis:

SV (s) �[B�
1 , · · · , B�

M ]�ws+[b
(0)�
1 , · · · , b

(0)�
M ]�,(4)

b
(0)
i =

1

S

SX
s=1

—
(Y )
i (s), (5)

where S denotes the number of pre-stored target speakers and
ws is J(< S � 2DM) principle components for the s-th
target speaker．

2.3. Speaker Adaptation for EV-GMM and Conversion

The EV-GMM is adapted for arbitrary target speakers by esti-
mating the optimum weight vector for their given speech sam-
ples without any linguistic information. In one-to-many EVC,
w is estimated so that a likelihood of the marginal distribution
for a time sequence of the given target features Y (tar) is maxi-
mized [6] as follows:

ŵ =argmax
w

Z
P
“

X, Y (tar)|λ(EV )
”
dX. (6)

One-to-many EVC is also constructed conversion models with
various voice characteristics by manipulating w manually.

In the conversion process, we use the conversion method
based on maximum likelihood estimation (MLE) consider-
ing dynamic features [10]. We use 2D-dimentional source
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ˆ
X�

1 , · · · ,X�
T

˜�
and

Y =
ˆ
Y �

1 , · · · ,Y �
T

˜�
consisting of D-dimensional static

and dynamic features. Converted static feature vectors ŷ =ˆ
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Subject to Y = W y,

where W denotes the matrix to extend the static feature se-
quence to the static and dynamic feature sequence, and m̂
shows the optimum mixture sequence for maximizing the like-
lihood function P (m|X,–(EV )).

2.4. Problem of PCA-based EV-GMM

The tied parameters of the PCA-based EV-GMM are from the
TSI-GMM. They are affected by acoustic variations of pre-
stored target speakers. Target covariance values are, especially,
much larger than those of the speaker dependent GMM. They
would cause performance degradation of the adapted EV-GMM.

3. Speaker Adaptive Training for EV-GMM
In order to train an appropriate canonical EV-GMM, we apply
speaker adaptive training (SAT) to the EV-GMM training.

The canonical EV-GMM is trained by maximizing like-
lihood of the adapted models for individual pre-stored target
speakers as follows:

λ̂(EV )(ŵS
1 ) = argmax

λ

SY
s=1

TsY
t=1

P
“

Z
(s)
t |λ(EV )(ws)

”
, (8)

where λ(EV )(ws) denotes the adapted model for the s-th pre-
stored target speaker with the weight vector ws. SAT estimates
both canonical EV-GMM parameters λ̂(EV ) and a set of pre-
stored target weight vectors ŵS

1 = (w1, · · · , wS). The es-
timation is performed with EM algorithm by maximizing the
following auxiliary function:

Q
“
λ(EV )(wS

1 ), λ̂
(EV )(ŵS

1 )
”

=

SX
s=1

MX
i=1

γ̄
(s)
i logP

“
Z(s), mi|λ̂(EV )(ŵs)
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where
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It is difficult to update all parameters simultaneously because
some of them depend on each other. Therefore, each parameter
of EV-GMM is updated as follows:
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ML estimates of the weight vector for the s-th pre-stored target
speaker is written as
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ML estimates of the tied parameters are written as

α̂i =

SX
s=1

γ̄
(s)
i

MX
i=1

SX
s=1

γ̄
(s)
i

, (11)

v̂i =

 
SX

s=1

γ̄
(s)
i Ŵ
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Ŵ
�
s Σ

(ZZ)−1

i Z̄
(s)
i

!
,

(12)

Σ̂
(ZZ)

i =
1PS

s=1 γ̄
(s)
i

SX
s=1

n
V̄

(s)
i + γ̄

(s)
i —̂

(s)
i —̂

(s)�
i

−
“

—̂
(s)
i Z̄

(s)�
i + Z̄

(s)
i —̂

(s)�
i

”o
, (13)

where

V̄
(s)
i =

TsX
t=1

p(mi|Z(s)
t , λ(EV )(ws))Z

(s)
t Z

(s)�
t ,

—̂
(s)
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and the matrix I is a D×D unit matrix．
In equation (12), we need to calculate

{D · (J + 2)} × {D · (J + 2)}-sized inverse matrix ofPS
s=1 γ̄

(s)
i Ŵ

�
s Σ

(ZZ)−1

i Ŵ s. In the case of using di-
agonal covariance matrices Σ(XX), Σ(XY ) and Σ(Y Y ),PS

s=1 γ̄
(s)
i Ŵ

�
s Σ

(ZZ)−1

i Ŵ s is the block diagonal matrix.
Computational cost can be reduced significantly by calculating
(J + 2) × (J + 2)-sized inverse matrices for individual
dimensions separately.

4. Experimental Evaluation
We objectively and subjectively evaluate the conversion perfor-
mance of SAT-based EV-GMM compared with that of the PCA-
based EV-GMM in one-to-many EVC.

4.1. Experimental Conditions

We used parallel data sets of one source male speaker and 160
pre-stored target speakers consisting of 80 male and 80 female
speakers for training the EV-GMM. Each speaker uttered 50
phoneme-balanced sentences (details are in [5]). These speak-
ers had been included in the Japanese Newspaper Article Sen-
tences (JNAS) database [11]. We used PCA-based EV-GMM
based on PCA as the initial model for SAT.

In evaluations, we used 10 target speakers consisting of
five male and five female speakers who had not been included
among the pre-stored target speakers. We used 1 to 32 utter-
ances for the adaptation, and 21 utterances for evaluations.

We used 24-dimentional mel-cepstrum as spectral features
analyzed by STRAIGHT [12]. The number of representative
vectors was 159. We converted source fundamental frequency
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Figure 1: Log-scaled likelihood as a function of the number of
iterations

to target frequency as follows:

log F̃0 =
σy

σx

`
logF0 − μ(x)

´
+ μ(y), (14)

where μ(x) and σx denote source mean and standard deviation,
and μ(y) and σy denote target mean and deviation respectively.
The number of mixtures was set to 128.

4.2. Objective Evaluations

4.2.1. Comparision of EV-GMM

Figure 1 shows log-scaled likelihood as a function of the num-
ber of iterations. The value of the 0-th iteration is the result of
TSI-GMM. Compared with PCA-based EV-GMM, log-scaled
likelihood increases by updating mixture weight or representa-
tive vectors. It increases greatly by updating covariance matri-
ces, and it is close to log-scaled likelihood when updating all
parameters. Therefore, the update of covariance matrices is the
most effective for improving the EV-GMM.

We compared static components of the target covariances
Σ

(Y Y )
i of SAT-based EV-GMM, PCA-based EV-GMM, and

conventional one-to-one GMM. Figure 2 shows the mean of
variances for target features of individual mixtures. Values of
covariance components of PCA-based EV-GMM are large be-
cause PCA-based EV-GMM includes acoustic variations among
pre-stored target speakers. On the other hand, those of SAT-
based EV-GMM are almost equal to those of one-to-one GMM
because SAT normalizes those variations.

4.2.2. Comparison of spectral distortion

We evaluated spectral conversion accuracy by comparing dis-
tortion between target and converted features. Figure 3 shows
mel-cepstral distortion as a function of the number of adapta-
tion utterances. SAT-based EV-GMM works better than PCA-
based EV-GMM in each number of adaptation utterances be-
cause SAT-based EV-GMM models reasonable target covari-
ances.

4.3. Subjective Evaluations

We conducted preference tests on speech quality and conver-
sion accuracy for speaker individuality. We performed an AB
test (A and B: converted voices with PCA-based and SAT-based
EV-GMM, respectively) on speech quality and an XAB test
(X: target speech, A and B: converted voices with PCA-based
and SAT-based EV-GMM, respectively) on the conversion accu-
racy. In the AB test, listeners were asked which converted voice

1983
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adaptation utterances

sounded better. In the XAB test, listeners were asked which
converted voice sounded similar to the target speech. The num-
ber of listeners was five and the number of adaptation utterances
was set to two in each evaluation.

Figure 4 shows the results of the preference tests. In the test
of speech quality, SAT-based EV-GMM outperformed PCA-
based EV-GMM. Converted voices with SAT-based EV-GMM
were more intelligible than those with PCA-based EV-GMM.
In the test of conversion accuracy for speaker individuality, the
performance of the SAT-based EV-GMM is almost equal to that
of PCA-based EV-GMM.

5. Conclusions
To improve the performance of one-to-many eigenvoice conver-
sion (EVC), we proposed Speaker Adaptive Training (SAT) for
the eigenvoice Gaussian mixture model (EV-GMM). We eval-
uated the effectiveness of the proposed method objectively and
subjectively. Experimental results demonstrated that SAT-based
EV-GMM outperforms the conventional PCA-based EV-GMM.

Although the performance of EV-GMM is improved by
SAT, the quality of the converted speech is not enough. To
obtain high quality speech, we have to introduce global vari-
ance [10] and STRAIGHT mixed excitation [13] in EVC frame-
work.
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