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ABSTRACT

In corpus-based speech synthesis, the quality of the synthetic
speech critically depends on the speech corpus. Since the high
vowel in Japanese might be devoiced in the real speech, we
should detect and transcribe them automatically in the corpus
construction. In this paper, we apply the HMM-based method,
and adopt two kinds of likelihood differences as voicing
measures for different focuses. To improve the detection
performance, the discriminative training is applied to voiced/
devoiced HMM training. Moreover, some features that can
discriminate the voiced/devoiced units, including duration,
energy and autocorrelation, are incorporated together with the
likelihood differences in several methods. The experiments
show different results for each high vowel, i.e. the devoicing is
vowel dependent. For the vowel /i/, the discriminative training
can improve the detection performance to a certain degree. And
by cumulating the voicing features and the likelihood
differences with optimized weights, the detection accuracy is
improved. But for the vowel /u/, there is very limited
improvement, even with the voicing features.

1. INTRODUCTION

Corpus-based speech synthesis has been popularly used due to
its high quality, which critically depends on the accuracy and
the quality of the speech corpus. In corpus construction [1],
phonetic transcription is generally performed according to a
pronunciation dictionary. However, the high vowels in Japanese,
especially in the Tokyo dialect, are often but not always
devoiced in real speech when they are in some particular
phonetic environments. This phenomenon is customarily
referred to as high vowel devoicing, and considered as a vowel
deletion in perception. Many researchers with phonological or
phonetics backgrounds have analyzed this phenomenon from
different perspectives [2][3][4]. In addition to the phonetic
environment, vowel devoicing is also affected by some other
factors, including position in the utterance, pitch accent location,
rate of speech, etc [3]. As vowel devoicing can not be exactly
judged from text by using rules, we should detect it according to
the characteristics of the speech data.

In this paper, the detection of vowel devoicing can be
regarded as a recognition task, simply classifying the high
vowel unit as a voiced or devoiced unit. Due to this, the
conventional HMM-based method is applied, and two kinds of
likelihood differences are adopted as voicing measures for
different focuses. As the discriminative training method has
been successful on speech recognition [5][6], we apply it to

voiced/devoiced HMMs training to improve performance.
Usually, the acoustic features that are used to construct the
HMM includes spectrum and energy. Taking into account the
dimension of the parameters, the energy parameter has a very
limited effect compared to the spectrum parameter. In fact, it
should have more effect on the detection of the devoiced units.
Also, there are some other features that can discriminate voiced/
devoiced units, including autocorrelation (AC) and duration.
Due to this, we also try to incorporate these voicing features in
order to improve the detection accuracy.

The rest of the paper is organized as follows. In section 2,
we introduce the HMM-based method, where two likelihood
differences were adopted as voicing measure for different
detection focuses, and the discriminative training method is
applied to voiced/devoiced HMM training. In section 3, we
incorporate the voicing features, including duration, energy and
autocorrelation (AC), and combine them with the likelihood
differences in different methods. Finally, the experiments are
performed in section 4 to examine the effect of discriminative
training and the voicing features, and a discussion is presented
in section 5.

2. HMM-BASED METHOD

Since the detection of vowel devoicing can be regarded as a
recognition task, simply classifying the high vowel unit as a
voiced or devoiced unit, the HMM-based method was applied to
this task. For each high vowel, two HMMs, a voiced and a
devoiced HMM, are constructed, and trained with human-
labeled data. In the recognition process, it is performed to
construct the recognition network by fixing all the units except
for the high vowel unit in the original transcription, and search
for the optimal path with the maximum likelihood.

2.1. Two likelihood differences

In the real task, we have different detection focuses for different
applications, e.g. focus on removing the devoiced unit from the
corpus. However, the current HMM-based framework does not
provide a mechanism to detect the devoicing unit for different
focuses. Therefore, we tried to extract the implied voicing
measures from the recognition process.

For a high vowel unit in an utterance, let’s consider the
likelihood of three typical transcriptions. The first one is the
transcription where the high vowel unit is transcribed as a
voiced unit. Accordingly, the second one is the transcription
with a devoiced unit. The last one is the transcription where the
vowel unit is deleted. We then get two likelihood differences as
follows:
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utterance where the high vowel unit is transcribed as a devoiced,
voiced or deleted vowel unit, respectively. With these two
likelihood differences, it is obvious that the current HMM-
based method can be represented as the following rules:

R1. For a normal HMM, the unit is detected as a devoiced
unit when AL, >0, otherwise it is detected as a
voiced unit,

R2. For a tee-model HMM, the unit is detected as a devoiced
unit when AL <0 or AL <0, otherwise it is
detected as a voiced unit.

In fact, these two likelihood differences are more general than
the current framework. We can design the rules as follows:

R3. When AL, >L, - the unit is detected as a devoiced
unit, otherwise it is detected as a voiced unit,

R4. When AL, <L, O AL, <L, - the unit is detected
as a devoiced unit, otherwise it is detected as a voiced
unit,

where [, is the threshold. These rules show that the current

voiced

HMM-based framework is just a special case with the threshold
equal to zero. In rule R3 or R4, the unit is detected as a
devoiced unit if the related likelihood difference is larger than
the threshold, otherwise it is detected as a voiced unit. From this
point of view, the likelihood difference can be regarded as a
voicing measure. Moreover, we can set different thresholds in
the rules for different detection focuses. For example, if we
want to place a greater focus on removing the devoiced unit
from the corpus, we can set the threshold to less than zero.

In addition, we examined the effect of these two likelihood

differences by other rules, which are as following:

R5. When AL, >L,, the unit is detected as a devoiced
unit, otherwise it is detected as a voiced unit,

R6. When v, *AL,,, +w,*AL, >L, , the unit is
detected as a devoiced unit, otherwise it is detected as a
voiced unit,

where v and yw, = are the related weights.

2.2. Discriminative training for HMM

The discriminative training method and the Minimum
Classification Error (MCE) criteria based on the Generalized
Probabilistic Descent (GPD) framework have been successful in
training HMMs for speech recognition [6]. Since the HMM-
based detection of vowel devoicing is a recognition task, we
applied the discriminative training method to HMM training,
where only the voiced and devoiced HMMs are updated.

As the detection of the devoicing unit can be regarded as a
simple recognition task, the loss function is designed similarly.
In this task, it only needs to discriminate the voiced and
devoiced HMMs, so the error measurement is simply defined as
the likelihood difference between correct and incorrect
transcription, that is

d(XaA):gi(XaA)_gc(XaA)’ (3)
where g.(X,A) and g, (X,A) are the likelihood of correct
and incorrect transcription, X is a feature vector and A
represents the system parameters. Accordingly, the loss

function is defined as

1
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where y is a positive number.
With the loss function definition, the GPD algorithm was
performed to minimize the overall expectation loss according to

an iterative procedure:
A=A, =gUVHX, N,y - )

where (J, is a positive definite matrix, X, is the sth training
sample used in the sequential training process, and ¢, is the
step size that satisfies the conditions:

DY &, — oo and i)y g} < oo (6)
t=1 t=1

A more detailed introduction and discussion of the GPD
algorithm can be found in the literature [6].
Here, the step size is defined as
1
g, = ,
a+ ft

where ¢ and g are positive numbers, and ¢ is the index of the
training sample. Usually, o and g are set to fixed values for
all HMMs. However, the number of devoicing units is much
smaller than the number of voicing units in a speech corpus,
which means that the training data is unbalanced for the voicing
and devoicing HMMs. To compensate for this unbalance, we
designed different step sizes for the voicing and devoicing
HMM training. Here, we define the ratio of the step size
between voicing and devoicing HMMs as

n=a,la,=p,p, ®)
where o ,, S, are related to the devoicing HMMs, and a,s
p, are related to the voicing HMMs. In our experiments, we
examine the effect of discriminative training with different 7
values.

(N

3. INCORPORATION OF VOICING
FEATURES

In conventional HMM-based methods, only the spectrum and
the energy are used to construct the HMMs. Taking into
account the dimension of the parameters, the energy parameter
has a very limited effect compared to the spectrum parameter.
In fact, it should have more effect on detection of devoiced
units. Also, there are other features that can discriminate
voiced/devoiced units, including duration and AC. Here, we try
to incorporate them to improve the detection performance.

3.1. Voicing features

The AC has been used for voicing measure of speech [7], which

represents the periodicity of the signal in time domain. For one

frame of the signal x(¢) with length 7", the AC is calculated as
T-t-1

R(t) = TL_t > x(@)x(r+1)- (€

The voicing measure f, . is defined as the maximum value of
the normalized autocorrelation in the interval of natural pitch
periods [2.5ms~12.5ms]:

, = max
'fA(' 2.5ms<t<12.5ms

R(t)/ R(0)- (10



When f, . is close or equal to 1, it indicates voiced frames.
And values of f, . close to 0 indicate the non-voiced frames.

In addition to the AC, there are other features that reflect the
voicedness of the high vowel unit. Usually, devoiced units have
a very short duration even close to zero, whereas voiced units
have a long duration. Also, a unit with very low energy can be
regarded as a devoiced unit, even though it has a high AC value.
As these features, including AC, duration and energy, reflect the
voicedness of speech in certain aspects, here we call them
voicing features.

Equipped with these voicing features, the next question is
how to incorporate them into the current framework. The
simplest way is to combine these features with the spectrum
parameters to construct the HMMs. From the results of
preliminary experiments, that does not work. We thus need to
find another suitable way to incorporate these features.

3.2. Combining voicing features and likelihood differences

Here, we incorporate the voicing features in a post-processing
procedure. The whole procedure is performed as follows:

a. The HMM-based method is used to perform devoicing
detection, and the two likelihood differences are
recorded.

b. Based on the alignment of the first step, the voicing
features are calculated for each high vowel unit.

c. The voicing features and the likelihood differences are
combined in a certain method to judge whether the high
vowel unit is devoiced or voiced.

In this procedure, the key point is the method for combining the
voicing features and the likelihood differences. Several different
methods have been tested in our experiments.

The first method is to directly sum them up by multiplying

the corresponding weights, i.e.,

§= Wener fener + W f dur T Wuaf a T an‘mAL + W/eeALzee : (1 1)

norm

where f . f —and f are the energy, duration and AC,
AL, and AL = are the likelihood differences, and W, s
Wys Wos W, and w,, are the related weights. With the
cumulated score, a rule similar to (R5) is adopted to detect the
devoiced unit with a certain threshold.

In the second method, we first extracted statistical
information, including mean and variance, for each voicing
feature from the training data. With the statistical information,
the voicing score for each feature f is calculated as:

s=(f-m)°Iv,” = (f-m) /v’ (12)
where o is a positive number, m ¥ and v , are the statistical
mean and variance of the devoiced unit, and m_, v, are related
to the voiced unit. Then these voicing scores and the likelihood
difference are cumulated with the related weights

+ WteeALme . (13)

Also, the adopted rule is similar to the first method.

As the Classification and Regression Tree (CART) is an
effective method for the classification problem, we use these
voicing features and the likelihood difference to build a CART
tree. By setting different weights for the voiced/devoiced
training data, decision trees are built for different detection
focuses. In the tree construction, the cross-validating technique
was applied to build the right-size tree.

S=w, s
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4. EXPERIMENTS

4.1. Experimental conditions

The training data consisted of 2,263 phonetically balanced
sentences, including 37,256 voicing units and 3,357 devoicing
units. The testing data consisted of 503 sentences, including
9,574 voicing units and devoicing units. All of the data had
been hand-labeled. In the HMM-based method, monophone
HMMs were used, and the numbers of states and mixture
components were three and five for each phoneme, respectively.
All HMMs were left-to-right models with no skips. The
acoustic features were 16-order MFCC and energy with the
delta coefficients. The analysis window size and shift were 20
ms and 5 ms, respectively.

In Japanese, most devoicing phenomena occur in the vowels
/i/ and /u/ (related devoiced vowels are transcribed as /I/ and
/U/). Furthermore, the devoicing characteristic is vowel-
dependent. Due to these factor, the effect of each technique was
examined for /i/ and /u/ respectively. In our experiments,
receiver operating characteristic (ROC) curves are drawn to
represent the evaluation results. See Figure 1 for a schematic
representation of an ROC curve. ROC curves are always
upward concave. The further the curve extends to upper left
corner, the better the measure is for voicing. The definition of
the hit and false alarm rate is shown in Table 1.

Table 1. Definition of hit and false alarm rate

Detect as devoiced Detect as voiced

Devoiced Hit False rejection
Voiced False alarm Correct rejection

4.2. Likelihood difference for voicing measure

The effect of the two likelihood differences was examined by
testing these rules (R3, R4, R5 and R6), and the results for
vowels /i/ and /u/ are shown in Figure 1(a) and Figure 2(a),
respectively. Here, rule R3 was regarded as the baseline. As can
be seen from Figure 1(a), the effect of each individual
likelihood difference, i.e., rules R3 and RS, are not bad. After
cumulating these two likelihood differences with equal weights,
the performance of rule R6 is the best. But Figure 2(a) shows
that the cumulation of these two likelihood difference is not the
best voicing measure for vowel /u/, which is caused by the bad
effect of the likelihood difference AL, whereas the baseline,

i.e., rule R3, has the best performance. This phenomenon shows
that the devoicing characteristic is vowel-dependent, and we
need to adopt a suitable voicing measure for each vowel.

4.3. Discriminative training

We examined the effect of discriminative training with different
updating ratios (77 =1, 5, 15) between voiced and devoiced
HMMs, and the results on vowels /i/ and /u/ are shown in
Figure 1(b) and Figure 2(b), respectively. From Figure 1(b), the
performance of devoicing detection for vowel /i/ was improved
to a certain degree after applying the discriminative training.
But a different result can be found in Figure 2(b), where the
discriminative training had no effect on improving the detection
accuracy of the devoiced unit for vowel /u/. We also see that the
performances of the discriminative training with different 7
value are similar.
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Figure 2. Results of devoicing detection for vowel /u/

4.4. Effect of voicing features

Finally, we incorporated the voicing features and the likelihood
differences in several methods, and the results for vowels /i/ and
/u/ are shown in Figure 1(c) and Figure 2(c), respectively.
Figure 1(c) shows that the greatest improvement was achieved
by cumulating the voicing features, or the scores of voicing
features, and the likelihood differences with the optimized
weights. The improvement by using CART tree to combine
these features is very limited, which is not as we expected. In
Figure 2(c), the detection performance was improved by
cumulating the voicing features and the likelihood differences,
but the improvement is very limited. Also, it can be seen that
there is no effect on the devoicing detection for the vowel /u/ by
using other two methods.

5. DISCUSSION

From these experiments, we can see that the same technique has
a different effect on each high vowel. From this point of view,
the devoicing characteristic is vowel-dependent, and a different
strategy should be designed to detect the devoiced unit for each
vowel. Also, the discriminative training has a certain effect on
devoicing detection for the vowel /i/, and after incorporating the
voicing features in an appropriate way, the performance was
improved for both vowels /i/ and /u/. However, there are still
some errors, especially for vowel /u/. By analyzing the
detection errors, we can see that many errors even cannot be
correctly judged by humans. In fact, there is no hard boundary
between the devoiced unit and the voiced unit. Taking this into
account, the current performance is quite reasonable.
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