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ABSTRACT

A newly developed voice personality transfor—
mation algorithm is introduced in this paper. Voice
personality transformation 1is the process of
changing one person’s acoustic features (source) to
those of another person (target). In this paper,

personality transformation is achieved by changing -
the LPC cepstrum coefficients, excitation spectrum

and global/local pitch contour. An orthogonal vector
space conversion technique is proposed to transform
LPC the cepstrum coefficients. This technique
consists of principle component decomposition by
applying the Karhunen-Loeve(KL) transformation
and minimum mean-square error coordinate
transformation(MSECT). To transform prosodic
characteristics, we propose a simple pitch contour
modification method. The experimental results show
the effectiveness of the proposed algorithm in both
subjective and objective evaluations.

1. INTRODUCTION

Voice personality transformation is the tech-
nique of making one person’s voice (source) sound
like another person’s voice (target). This technique
has many potential applications in the areas of
speaker adaptation of automatic speech recognition
systems and personalization of speech synthesis
systems.

In voice personality transformation, there are
several important problems to be considered. One
of these is to find an optimal mapping rule which
converts the acoustic feature parameters of the
source signal to those of the target signal.
Previous voice personality transformation methods
used artificial neural networks[2], and vector
quantization combined with a nearest neighbor
classifier[2] to obtain such mapping rules. Another
approach is to use Linear Multivariate Regression
and Dynamic Frequency Warping methods{1]. It is
also important to extract unique characteristics
from the limited training speech data.

Our method differs from the previous ones in
two points. First, an orthogonal vector space
conversion technique is proposed to transform the
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LPC cepstrum coefficients. Assuming that one
person’s LPC cepstrum coefficients can be
represented by a signal vector in his(or her) own
orthogonal vector space with finite dimension, the
transformation of LPC cepstrum coefficient is efficiently
implemented by substituting the vector space of
the source with that of the target.

Second, we use minimum mean-squre error
coordinate transformation (MSECT)[5] to move all
the points in the source vector space to desired
points in the target vector space. These
transformation parameters are obtained from the
time—aligned source and target LPC cepstrum
coefficeints.

In addition to the transformation of the LPC
cepstrum coefficients, pitch contour modification is
applied to transform prosodic information. This
transformation makes it possible to mimic the
suprasegmental structure of the target speech and
obtain a more natural sound whose properties are
more similar to the target speech. The pitch
contour modification process consists of two parts,
global pitch modification and local pitch contour
transformation.

In section 2, we will describe overall structure
of the proposed voice personality transformation
method. In section 3, the proposed transformation
method for LPC cepstrum coefficients and the
prosodic transformation rule will be described.
Section 4 will present experimental results. Finally,
conclusions and future work will be presented in
section 5.

2. OVERALL STRUCTURE

The block diagram of the proposed voice transfo-
rmation algorithm is shown in Fig. 1, which
consists of three parts: "analyzer”, "transformer”,
and "synthesizer”. Each frame of the source speech
is parameterized by LPC cepstrum coefficients, an
excitation spectrum and a pitch period by the
analyzer. In this paper, one analysis frame consists
of 256 digitized speech samples and shifts 64
samples every frame (at a sampling frequency of
SKHz).

In the transformer, vocal tract information repre-
sented by the LPC cepstrum coefficients and prosodic
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information represented by the pitch contour are
transformed by the predefined rules. These rules
are constructed in the "learning” or “training”
stage.

Finally, the transformed speech is synthesized
from the transformed LPC cepstrum coefficients
and linear scaled excitation spectrum using the
synchronized overlap and add(SOLA)[6] method.

3. TRANSFORMATION

In this paper, any LPC cepstrum coefficients of
one speaker are modelled as a signal vector which
is represented by the linear combination of
orthogonal basis vectors. These basis vectors are
refered to as the principle components of a
speaker's LPC cepstrum coefficients. Accordingly,
the source speaker’'s LPC cepstrum coefficeints are

represented by the linear combination of the source -

speaker’s principle orthogonal vector set. The same
strategy is also used for the target speech.

From- this model, the LPC cepstrum coefficients
are efficiently transformed by replacing the source
speaker’s vector space with the target speaker’s
one. Fig. 2 is an illustration of this scenario. To
implement this process, two major steps are

required. One is to obtain the prirciple orthogonal .

basis ,wectors  from the- source/target  training
speech, and the other is to build up the source-to
-target mapping rule.

3".2 Extracting principle orthogonal vectors.

‘Let Cj denote a column matrix of the i-th LPC
cepstrum vector for the source speech signal. Each
component of this columnh matrix is an LPC
-cepstrum coefficient.

C=1 ) 2 ... (P ] * (1)

T denotes matrix transpose, and P is the total

number of LPC cepstrum coefficients. Assuming

that the correlation matrix is positive definite, its
eigendecomposition is given by

S_L ST__ SAS ST
r-L ¥ eh=en e @

where N, is the total number of training LPC
cepstrum vectors. @ is eigenvector matrix, and A
is a diagonal matrix whose diagonal components
are the eigenvalues of the autocorrelation matrix.
Then, the principle orthogonal vector set V¢ is

composed of eigenvectors whose eigenvalue is-

larger than a given threshold value Ay,

VO=(ef?,ef, ... e} &)
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Note that any eigenvector e in the set V®
/112/1 e The
principle orthogonal vector set for the target speech
is obtained from the above procedure (1)7(3) and
the only difference is that the training LPC
cepstrum vectors are those of the target speaker.
Using this orthogonal vector set, any source/target
LPC cepstrum vector is represented by the
KL(Karhunen-Loeve) expansion form.

has its eigenvalue A, satisfying

Ci= Ssiel?, Ci= 3o teld )

where N, M is the total number of principle
orthogonal vectors for the source/target, and sk, #

are the transfomation coefficients of the k-th
principle orthogonal vector. LPC cepstrum vectors
represented by the above equation would cause a
small “reconstruction error”, because the principle
orthogonal vector set does not contain all the
eigenvectors. However, the simulation results show
that omitting eigenvectors with sufficiently small
eigenvalues(<0.001) vield only an unnoticeable
amount of noise. !

32 LPC cepst}um transformation rule

The goal of the transformation is to minimize

~ the error between the transformed source LPC

cepstrum vectors and the corresponding target LPC
cepstrum vectors. In this paper, an optimal
transformation rule is considered as moving all the

‘vectors in the source vector space to desired points

in the target vector space. This rule is obtained
from the training stage.

Training words uttered by both the source and
target speakers are first acquired. This corpus is
then LPC-analyzed with a fixed frame rate. Each
word spoken by the source speaker is then
time-aligned with corresponding word pronounced
by the target speaker, using Dynamic Time
Warping(DTW). '

Thereafter, the time-aligned source/target LPC
cepstrum vectors are projected onto the source
/target principle orthogonal vectors. The transformed
coefficients of the source/target cepstrum are given
by

s’;,=ge,(f)c§(z) , for 1<n<N 5)

- geﬁfc;(i) for 1<m<M ©)

Then, we use the minimum mean-square error
coordinate transformation (MSECT)[5] which is real-
ized by simple matrix operations. The formulation
of this idea is:
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?mj= nﬁ}hms{l-l- O ,for 1<m<M N

so that, 7%, is an linear transformation of the

s, We will find optimal transform coefficients Koy,
and o, which minimize the mean square error &

between the set of transformed coefficients and the
set of time-aligned target coefficients,

= R EC -0y ®)

The linear equations for the optimum solutions
Mo, and o}, are given by

08—y, 28, ©)

Y/ 80,

These linear equations are easily solved by the
orthogonal property of KL-transformation coefficients
[41. The proposed transformation process is
depicted in Fig. 3. To further minimize &, the
values for #4,, and o;, are separated into classes.

This is achieved by clustering the source LPC
cepstrum vectors, and calculating optimum solutions
for each cluster. At the transformation stage, a
given LPC cepstrum vector is first classified, and

the corresponding %, and o), are used. We use”*

the LBG algorithm to cluster the source LPC
cepstrum vectors. According to simulation results,
we find that the optimal number of clusters is 32,
when both performance and computational load are
considered.

The final transformed LPC cepstrum coefficients
are obtained by the linear combination of principle
orthogonal vectors for target speaker.

T = ﬁ i,el (10)

3.3. Prosody Modification

The prosody information characterizes one
speaker’s speaking style. This includes the speak
-ing rate, pitch contour, energy contour and
dynamic characteristics of formant frequencies. In
this paper, limit prosody information to the pitch
contour. Therefore, pitch contour modification is
used to transform one person’s prosodic charact—
eristics.

The pitch information for one person is divided
into two parts, the global and local characteristics.
The average pitch value of the entire training
speech data is considered as a global characteristic.
Global pitch modification is achieved by a simple
pitch scaling process. The transformed pitch period
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is given by
2(:5):31)(5)’ ﬁ:Ts) (11)

where béﬁ)&. péfﬁ are the average pitch values

for the taget and source speakers, respectively.

The local pitch contour is termed the "prosodic
segment”, and is obtained from the labeling of
prosodic boundaries. We use a simple labeling
method which investigates energy dips and abrupt
pitch variations. Pitch contour is then normalized to
have zero mean, and set to have equal duration by
an interpolation and decimation process. Vector
quantization is then applied to cluster these
time-normalized prosodic segments.

The mapping rule is obtained simply from the
following Bayesian rule.

P ()= arg max HP(R)IP(2) (12)

where p( | ) denotes conditional probability
density function and P9 (7)), PO(k) are the i-th
prosodic segment of the source speaker and k-th
prosodic  segment of the target  speaker,
respectively. This means that given the pitch
contour of the source, the transformed local pitch
contour is the target pitch contour which has the
most frequent occurrence.

4. EXPERIMENTAL RESULTS

To evaluate the proposed voice transformation
algorithm, we perform two experiments for several
speakers. Speech data is obtained from 4 male
persons. The 4 speakers will be referred to by
their initials KKS, KHG, SJT, and YJH,
respectively, in this paper. Experimental conditions
are summarized in table 1.

Table 1. Experimental conditions

A/D conversion 8KHz, 16bit
LPC order 12
LPC cepstrum order 20
No. of training sentences 10
No. of training words 124
codebook size for LPC cepstrum 32
codebook size for pitch contour | 16

Two voice transformation experiments are
presented: KHG-to-KKS and SJT-to-YJH. The
results of the two experiments are listed in Table
2. The cepstral distances between the transformed
cepstra and the time-aligned target cespstra are
decreased by 44.3% and 58.1% compared to those
that are mnot transformed, even in the non
—clustering case. When the cluster size is 32, the
decrease show ratios of 80.2% and 63.4%. These
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Fig. 1. Block diagram of the proposed voice transformation system

results confirm that the proposed LPC cepstrum
transformation rule has a superior performance in
an objective evaluation.

We also evaluated the effectiveness of the
proposed method by conducting subjective listening

Table 2. Average cepstral distance

No. of cluster |KHG-to-KKS{| SJT-to-YJH
no conversion 0.9941 0.8790

1 0.4402 0.5109

8 0.3391 0.3940

16 0.2822 0.3312

32 0.1965 0.3190

test which consist in presenting 3 utterences to 10
listeners. The first two utterances are the original
source or target signals. The third one is the
transformed speech. Listeners are asked to identify
the speaker who might have pronounced the third
utterance. The results of this experiment are
shown in table 3. In KHG-to-KKS conversion,
most of listeners can identfy transformed speech
with  target’s one. However, the correct
identification ratioc is decreased to 69.1% in
SJT-to~-YJH cohversion. It is caused by very
different prosodic characteristics between the two
speakers.

Table 3. Correct identification ratio

Experiment |[correct identificaion
ratio
KHG-to~-KKS 82.7%
SJT-to-YJH 69.1%

5. CONCLUSION

We propose a new voice personality transforma-
tion technique through orthogonal vector space
conversion and pitch contour modification. The
proposed method suceed reasonably well in
changing speaker personality, as proven by the
average cepstral distance and subjective listening
tests. In our method, prosody modification has been
realized by changing only the pitch contour. To
obtain perfect transformed speech, other prosodic
features should be well modelled and transformed.
This work remains as a future study.
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