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ABSTRACT

This paper presents both supervised and unsuper-
vised spectral mapping methods between speakers, and
an application to voice conversion based on PSE
analysis-synthesis system. In both mapping methods, a
spectrum of one speaker is converted to that of another
speaker by interpolating the estimated speaker difference
vectors at given points in the spectral space. In the
supervised method, these speaker difference vectors are
estimated minimizing the spectral distortion along the
DTW path between the mapped and target spectral
sequences for training samples. In the unsupervised
method, after mapping the spectral codebook of the tar-
get speaker onto the source speaker based on a minimum
fuzzy objective function, the source spectra are converted
by a fuzzy mapping using the mapped and target code-
books. A voice conversion experiment showed that, in
male-to-male conversion, both methods attained an aver-
age correct score of 84 % in speaker discrimination for
the converted voices, and that, in male-to-female conver-
sion, an average correct score of 70 % was obtained for
the supervised method.

1. INTRODUCTION

The spectral mapping from one speaker to
another is one of the important issues in speech synthesis
as well as in speech recognition. In automatic speech
recognition, it is necessary to eliminate the inter-speaker

variation in acoustic features, whereas, in speech syn--

thesis, it might be required to control voice quality in
addition to text-to-speech synthesis for an advanced
man-machine interface, for instance, an automatic inter-
pretive telephony. Although, in this application, the
dynamic characteristics such as speaker’s speaking habits
are also required to be mapped between speakers, this
paper is concerned only with the spectral mapping.

Recently, a supervised speaker normalization or
adaptation technique based on a codebook mapping was
successfully applied to speaker adaptation in speech
recognition [1], and also to voice quality conversion [2][3].
This method, however, has a defect: mapped spectra are
degraded due to the vector quantization. This
paper proposes a new spectral mapping method free from
vector quantization errors. In this method, the mapped
spectra from a speaker to the target speaker are
estimated from the unknown spectral differences between
the speakers at the typical spectral points based on a
minimum distortion criterion. This mapping method
includes the codebook mapping method by Shikano et al.
[1] as a special case. This method is evaluated by apply-
ing it to a voice conversion system. In addition to the
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above supervised method, the unsupervised spectral map-
ping method which was previously proposed for speech
recognition [4] is also applied to voice conversion. In this
method, the code vectors of the target speaker are
mapped onto the source speaker based on a minimum
fuzzy objective function instead of spectral distortion in
the supervised case, and source spectra are mapped onto
the target speaker by the fuzzy mapping method using
both codebooks [5].

Both mapping methods are incorporated with a
ower spectral envelope (PSE) analysis-synthesis system
6] in order to deal with finer spectral individuality
including poles and zeros. In voice conversion, the spectra
and the mean pitch frequency of a source speaker are
mapped to a target speaker. The system performance are
evaluated through spectral distortion and speaker
discrimination scores.

2. - SUPERVISED SPECTRAL MAPPING

2.1. Mapping Model Between Speakers

Considering that inter-speaker differences between
speakers consist of phoneme-dependent ones in addition
to phoneme-independent ones [7], the present method, as
shown in Figure 1, maps a source spectral vector onto
that of the target speaker by interpolating the estimated
speaker difference vectors, { Aj,A,, .. .,Ay}, between the
source and target speakers at the typical points,

{vyvy ...,V }, in the source spectral space:
M
Vi=%+ Jwaly,
= (1)

Sorce Speal’cer/ - Target Speaker

{yi}

N

Fig.1 Spectral mapping from a source speaker
to a target speaker.
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where the weighting coefficient w, is determined by the
distance d (x;, v;) between x; and v, as follows:

d(x;,vi)?
KRl
Eld (xi 1vk)‘dp (2)
d (i, vi) = |l x; = vie |} (3)

The parameter p, which will be referred to as an inter-
polation parameter, adjusts the continuity of wy as a

function of d (x;, vi). This interpolation formula for p=1.0-

was first proposed by Y.Niimi, et al. [8][9], and was gen-
eralized by introducing the smoothing parameter p in the
unsupervised adaptation method [4].

2.2, Estimation of Speaker Difference Vectors

Given the spectral sequences x; and y; for a source
and target speakers as training samples, the mapped
spectrum y; from the source to the target spectra is
estimated by minimizing the following spectral distortion
along the spectral correspondence, {c(!)}={i(}),i()}:

J(e(D)ye(N)Ay, ..., Ay = lEIH Fiy — v 117 (4)

This minimization with respect to {c¢()} and {A,} is
solved iteratively fixing one of these variable sets in turn.
With the fixed {A,}, the best match correspondence

¢() } is obtained by means of a dynamic time warping
éDTW). With the fixed { ¢(!) }, the speaker difference vec-
tors is given by the following normal equation:

M N
3 Wa A= Twa (X~ i ) » 5)
r=1 i=1

(k=1,..., M)

where
N

Wa = Y, wy .
T B (6)
As a special case, if the source spectra x; had been
quantized using the set of typical points, { vy,vs ..., Vi },
as a codebook, the weighting coefficient wy, turns to 6y,
which is the Kronecker delta. Thus, the mapped typical
points ¥ is given by

N
Y= D6ianYin [ Liwn - (7)
1=1 . =1

Therefore, if y; was quantized with the codebook for the
target speaker, ¥, is equivalent to the mapped code vector
by Shikano [1].

3. UNSUPERVISED SPECTRAL MAPPING

The unsupervised spectral mapping consists of the
following two steps: the unsupervised codebook adapta-
tion for the target speaker based on the fuzzy objective
function [4] and fuzzy mapping from a source to a target
speaker with the mapped codebook [5].

In the codebook adaptation, a code vector y; is
adapted to the source speaker in terms of equation (11),
but where x; and §; are replaced by a target code vector
y; and the adapted code vector %; respectivly, in the
supervised case and the typical points, {vy,v,, ...,V },
are set in the target spectral space. The unknown adapta-
tion vectors, { A, }, are estimated by minimizing the fol-
lowing fuzzy objective function over all the training vec-
tors, { xy,% . . . ,x; }, under some constraints:

N L
A = LN & (%, %),

f=ly=1 (8)
where u; is a membership function and F is called the
degree of fuzziness which controls the relative contribu-
tion of d(x;,%;) to Jp The previous experiments has
shown that P=1.5 is superior to F =1, which corresponds
to the standard vector quantization.

A local minimum solution is derived by iterating
the separate minimization steps for the fuzzy objective
function with respect to {A,} and {u;} in turn under
some constraints [4]. This minimization process with a
fixed number of typical points is applied in a step-by-step
manner by increasing the number of typical points from 1
to M [9].

In fuzzy Mapping, an input vector is encoded by
a fuzzy vector quantizer with the adapted codebook { %, }
generating { u;}. Since each adapted codeword has one-
to-one correspondence to the original target speaker’s
codeword, the mapped vector #; is given by decoding
{ uy } with the target speaker's codebook { y;} as follows:

¥i= 2 ug'}'j/ 2 “g:
“y<“T U<ty (9)
where the summation 1s restricted to the terms whose u;
are less than a threshold ug, which will be set to 1/L.

JF(uil!"'JuiL;AlJ"'

4. VOICE CONVERSION SYSTEM

The voice conversion system consists of the
speech analysis-synthesis system incorporated with either
the supervised or the unsupervised spectral mapping as
shown in Fig.2. In this study, in order to retain the fine
spectral envelope which reflects speaker’s vocal tract and
glottal characteristics, the PSE analysis-synthesis method
was used with some modifications. In the mapping stage,
PSE mel-cepstral coefficients are used as spectral parame-
ters in order to take the perceptual sensitivity into
account. In addition to spectral mapping, the mean pitch
frequency is also mapped onto that of the target speaker.
The other parameters and their temporal patterns are
passed to the synthesis stage without any changes.

4.1. PSE Analysis

The speech signals were digitized at a sampling
frequency of 10 kHz. The analysis was carried out with a
constant frame of 20 ms, a frame shift of 5 ms, a first-
order backward differences for preemphasis, and a Ham-
ming window. The power spectrum $(f;) is computed by a

| Pniuinbadabdinly |

Source PSE Mel x; | Spectralli ¥, Linear PSE Target
] j —> . :
Voice Analysis Conv. -_? Mapping E— '—)‘ Conv. Synthesis Voice
]
]
T fo E '
Pitch fo | piteh |i af,
Extraction o 1{Mapping ' o
L L -

Fig.2 Voice Conversion System based on PSE analysis-synthesis.
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512 point FFT, and the pitch frequency f, and
voice/ﬁmvoiced parameter are extracted by means of the
‘cepstrum pitch detection method. For the voiced frame,
in each frequency region between nf,- fo/2 and
nefo + fo/2, the largest local maximum of power spectra
and its frequency f; is extracted as the sampled data on
the envelope. To these sampled data, the log power spec-
tral envelope modeled by the following finite cosine series:

N
logS(f) = C,-cos2nn:

g5(f) 2;1 f (10)
is fitted by a least square error criterion. As a result, the
coefficient C,, which is referred to as PSE cepstrum, are
given by the standard normal equation. C, is then con-
verted to mel-cepstrum by Oppenheim’s recursion [10].
For the unvoiced speech, the sampled data on the PSE
are extracted by the same procedure as those for the
voiced speech using the assumed f, of 60 Hz.

4.2, PSE Synthesis

In the synthesis stage, first, the mapped mel-
cepstrum is converted to the PSE cepstrum on the linear
frequency scale. The synthesizer computes the 512 point
complex spectrum with zero-phase from the M terms of
PSE cepstra, and inverse-transforms to yield the impulse
response. The impulse response is combined with the
excitation by direct convolution for voiced frames to gen-
erate the output speech waveform. The excitation for the
unvoiced frames is a uniform random noise multiplied by
the gain factor. For the unvoiced frames, the impulse
response is assumed to be minimum phase instead of zero
phase. The PSE cepstrum and the excitation parameters
are interpolated pitch-synchronously from parameters for
each frame.

5. VOICE CONVERSION EXPERIMENTS

5.1. Effects of Model Parameters

Before voice conversion experiments an optimum
value of interpolation parameter p and the number of
typical points in the supervised mapping were examined.
First, the spectra for a male speaker was mapped to
another male and female speakers with the 256 typical
points derived by the LBG algorithm, using 100 words of
training data. The spectral distortion between the
mapped and target spectra was evaluated by the average
DTW distance for 10 words of test speech. The results
showed that the value 1.0 of p gives the minimum distor-
tion unlike the unsupervised case [4]. Thus, the value of
p will be set to 1.0 in the subsequent experiments for
both supervised and unsupervised methods.

The effect of the number of typical points is
examined for the same spectral mapping experiment with
p=1.0. As a result, the spectral distortion monotonically
decreases from 8.0 dB without mapping to 4.5 dB for 256
points. Although the use of more typical points could
map the finer spectral difference, in practice the number
of the typical points should be determined by taking the
amount of training samples and reliability of spectral
correspondence into account. Thus, the number of typical
points will be set to 256 in the supervised mapping.

5.2. Evaluation of Spectral Distortion

In this study, 28 words spoken by the seven male
and four female speakers were used. For the voice conver-
sion experiments, the following speaker combinations
were chosen: 1) the male-to-male voice set (M-M); {m1-
m2, ml-m3, m2-m1, m3-m4}, and 2) the male-to-female
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Table 1
and target voices and the intra-speaker distances.

Average DTW-distances between the converted

Voice [Without | Supervised | Unsupervised | Intra-speaker
ml-m5; 8.3 dB 4.4 dB 4.4 dB 4.3 dB
m2-mé6| 8.2 4.9 4.7 4.3
m2-m5| 8.4 4.6 4.4 4.3
m3-ml| 5.6 4.2 4.1 3.7

m3-f4 | 6.8 dB 4.7 dB 4.5 dB 43 dB
m7-f4 | 7.2 4.9 4.7 4.3

ml-f2 | 8.2 4.6 4.6 3.9

m4-f2 | 7.3 4.6 4.6 3.9

voice set (M-F); {m1-f2, m1-fl, m4-f2, m4-f1}. In the
supervised mapping, the speaker difference vectors were
estimated for each pair of speakers using the 25 words of
training data. In the unsupervised mapping, the mapped
codebook with 1024 codes was estimated using 32 typical
points and the same training data as in the supervised
case. The mapping accuracy for each speaker pair was
evaluated by the average DTW distance between the
converted and target spectral sequences over the three
test words. Table 1 compares the results for both map-
ping methods with the DTW distances without mapping
and also with intra-speaker distances, that is, distances
between two repetitions of the test words spoken by each
target speaker. In the male-to-male conversion, the aver-
age spectral distortion decreases from 7.6 dB for the
source speech to 4.5 dB for the mapped speech, which is
very close to the average intra-speaker distance. On the
other hand, the DTW distances for the male-to-female
conversion are slightly larger than that for the male-to-
male conversion. The unsupervised method results in
smaller distortion than the supervised method. This is
because the mapped spectra are composed of the target
speaker’s code spectra themselves.

5.3. Hearing Experiments

In order to evaluate the voice quality of the con-
verted synthetic speech, a paired-comparison test was
designed. In hearing tests, the words, /odawara/ and
/shizuoka/, were used. In addition to the converted
voices, the following "original" voices were synthesized
without mapping: 1) the male voice set (M); {ml, m2,
m3, m4, m5 }, and 2) the female voice set (F); {f1, {2, {3,
f4}. For the supervised case, nsing these synthetic speech
samples, the following sets of stimulus pairs were made:
1) 20 pairs between the sets M-M and M, 2) 16 pairs
between the sets M-F and F, 3) 25 pairs within set M,
and 4) 16 pairs within set F. Each stimulus pair consists
of different words in order to avoid unnecessary cue for
the voice quality judgment. For the unsupervised case,
‘the two voices, m1-f2 and m4-f2, were excluded since
these speech samples are easily identified due to their
inadequate quality compared with the others. A total of
338 pairs, including reversed pairs and the combination of
two words, was randomly presented 20 times to five
listeners through headphones. The listeners were asked to
state whether they believe the two utterances to be spo-
ken by the same speaker or by a different speaker, and
also to indicate one of three degrees of confidence in the
correctness of their responses; "very sure", "think
response is correct", and "best guess".

The responses for each of the converted and origi-
nal voices were scored as a mean percent correct rate
which is the average rate for the correct "same” and the
correct "different” responses. Table 2 shows the average
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scores across the five listeners and the two words for each
of the original and converted voices by both methods.
For male-to-male conversion, both mapping methods
attain an average correct score of 84 % over all converted
samples, which is close to the average score of 92 % for
the target voices. On the other hand, the male-to-
female converted voices result in lower correct score than
the male-to-male converted voices. The correct scores are
ranging from 58 % to 79 % depending on the methods
and speaker combinations. The unsupervised method
yields lower scores than the supervised method. In partic-
ular, the converted voices to the female speaker 2 could
not attain enough voice quality for speaker discrimination
among the four female speakers. This seems to be caused
by the large differences in spectra and speaking manner
between male and female voices. However, it should be
noted that the male-to-female voices were easily identi-
fied as female voices.

Finally, the configurations of the converted and
original voices in a psychological space were constructed
from dissimilarity measures between voices by means of
Kruscal’'s MDS [11]. The dissimilarity measures were
derived by accumulating the confidence rates for each
voice pair over 5 listeners, 2 words and 20 trials, which is
ranging from 1 for "very sure the same" to 6 for "very
sure different". Figure 3 shows the two dimensional confi-
gurations for the male-to-male and for the male-to-female
voices of the word, /odawara/, together with the original
voices, respectively. From these figures it can be seen
that most of the converted voices are much closer to their
target voices, especially for male-to-male voices, than the
other voices.

6. CONCULUSION

This paper has presented a supervised spectral
mapping method based on a minimum spectral distortion
criterion. This method was applied to voice quality
conversion system together with the unsupervised method
previously proposed. The supervised method achieved
high voice quality for male-to-male conversion, and good
quality for male-to-female conversion. The unsupervised
method also attained the same performance for male-to-
male conversion as the supervised method.
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