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Abstract

of fundamental frequency (F0) and phoneme duration predicted
by the prosody generation module of a TTS. However this approach is designed for concatenative speech synthesis where the
perceptual damage to naturalness due to prosody modification
is taken into account, and is not designed for statistical parametric speech synthesis that we focus on. There is another approach
where diphone is used as a synthesis unit and prosodic coverage
and/or balance is taken into account by classifying each diphone
into a lexical stress or a prosodic unit called prosodeme [6, 7].
In the above studies, coverage and balance of constructed
sentence sets were examined with concatenative speech synthesis systems while no experimental evaluations using the resultant synthetic speech were shown. Recently, statistical parametric speech synthesis such as HMM-based one is widely studied.
HMM-based speech synthesis can generates smooth and stable
speech parameter sequences using less amount of speech data
than concatenative synthesis and has a small footprint (typically a few MBytes). In addition, the emotional expressions
and speaking styles are well modeled and controlled by using
style modeling, style interpolation, and style control techniques
[8–10]. These techniques are indispensable to realizing a humanoid robot in the future.
In this paper, we propose a novel sentence selection method
for constructing a more compact text corpus for speech synthesis where phonetic and prosodic contextual balances is simultaneously taken into account using entropy criterion. In this
method, phonetic and prosodic contexts that are prominently
important in the HMM-based speech synthesis are selected in
advance and the total entropy of these contexts are maximized
in a greedy manner for the given number of sentences. We show
the superiority of the proposed method to the random and conventional phonetic-coverage-based methods.

This paper proposes a sentence selection method using a maximum entropy criterion to construct recording scripts for speech
synthesis. In the conventional corpus design of speech synthesis, a greedy algorithm that maximizes phonetic coverage
is often used. However, for statistical parametric speech synthesis, phonetic and prosodic contextual balance is important
as well as the coverage. To take account of both of the phonetic and prosodic contextual balance in the sentence selection,
we introduce and maximize the entropy of the phonetic and
prosodic contexts, such as biphone, triphone, accent, and sentence length. The objective experimental results show that the
proposed method achieves better coverage and balance of contexts and reduces spectral and F0 distortions compared to the
random and coverage-based sentence selection methods.
Index Terms: speech synthesis, sentence selection, entropy,
corpus design

1. Introduction
In corpus-based speech synthesis, design of the corpus is very
important when we construct a new speech corpus. Specifically,
constructing phonetically and prosodically balanced text corpus
with high contextual coverage as a recording script is essential
to synthesize natural-sounding speech close to the original one.
In addition, when we attempt to synthesize speech with various
speakers, emotional expressions, and speaking styles, the costs
for speech recording and context labeling increase and thus the
optimization of sentence selection becomes more important.
There have been many studies for corpus design and sentence selection mainly in the area of concatenative speech synthesis. In [1] and [2], a constraint of the minimum number of
samples was introduced for biphones/triphones and a sentence
set was constructed that maximizes the phonetic coverage under the constraint. This type of selection problem is known as
an NP problem that cannot be solved in polynomial time, and
a greedy approach was taken instead of achieving a strict optimization. In [1], the minimum number of samples is given in
an ad-hoc manner and the influence of the number of samples
on the synthesis performance and quality is not well discussed.
It has been shown that sentence selection methods using
phonetic information are important for the area of speech recognition and speech translation [3, 4]. In addition to the phonetic
information, prosodic contextual coverage influences naturalness and reproducibility of synthetic speech as well as phonetic
coverage, and several methods have been proposed for maximizing phonetic and prosodic coverage [5–7]. In [5], a measure
of coverage was introduced that incorporates the distribution
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2. Entropy-based sentence selection using
phonetic and prosodic contexts
2.1. Definition of phonetic and prosodic contexts
In this study, we set the target language to Japanese and chose
phonetic and prosodic contexts, i.e., phoneme, accent, and sentence length (number of moras), that were shown to be important in our previous experimental evaluations for HMM-based
speech synthesis [11]. Each context is defined as follows:
2.1.1. Phoneme
The design of the phonetic context is based on the research on
constructing ATR Japanese speech database [12]. To efficiently
take account of the phonetic balance, all possible combinations
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where M is the number of contexts that is set to M = 3 in
this study. Sm and Nm are the entropy and the total number of
symbols for the mth context, respectively. wm (0 ≤ wm ≤ 1)
is the weight for each context and is set to 1.0 in this study. pmn
is probability of symbol n appearing in the current sentence set
and is approximated by relative frequency as used in [12]. Since
maximizing the objective function for the population of the sentence set (source text corpus) is an NP problem, we maximize S
in a greedy manner that was proposed in [13]. We show the process of the maximization when the target number of sentences
D is given.

of two phonemes (biphones) appearing in the source sentences
are used as symbols. Since some of phone segments are susceptible to the preceding and succeeding phonemes, those sequences of three phonemes (triphones) are also taken into account. There are four groups for the triphone symbols.
• Unvoiced vowel
In Japanese phones, vowels /i/ and /u/ are often devoiced
when the preceding and succeeding phonemes are unvoiced consonants. We extract the unvoiced vowels from
phoneme labels of the speech corpus used in the experiment and use the triphones of unvoiced vowel with preceding and succeeding unvoiced consonants as symbols.
• Nasal
Similarly to the unvoiced vowel, the vowels /i/ and /u/ are
sometimes nasalized when the preceding and succeeding
phonemes are nasal. We use the triphones of nasal with
the preceding and succeeding vowels as symbols.
• Semivowel
Semivowel has strong connection to the preceding and
succeeding vowels. We use the triphones of semivowel
with preceding and succeeding vowels as symbols.
• Contracted consonant
Phoneme symbol /yy/ used as a part of contracted consonant 1 has strong connection to the preceding and succeeding phonemes and we use the triphones of contracted consonant with the preceding and succeeding
phonemes as symbols.
The resultant unique numbers of biphones and triphones used
in the experiments are 354 and 105, respectively.

1. Calculate entropy for all sentences of the source text corpus and construct the initial sentence set L by selecting
the sentence having the largest entropy.
2. Select a new sentence that maximizes the current total
entropy S from the source text corpus and add the sentence to L.
3. Repeat the process 2 until the number of sentences in L
is equal to D.
As a better sub-optimum solution of sentence selection, the replacement of two sentences for the current sentence set were
employed in [12] and [14]. However, those methods takes huge
calculation time when the size of the source text corpus is large.
On the other hand, the calculation time increase linearly depending on the number of the sentences of the corpus in the
proposed greedy approach, which is a strong advantage for a
practical use.

3. Corpus for experiments
2.1.2. Accent

In this study, we use a dialogue speech database used in [15],
This database was designed based on Kyoto tour guide dialogue
corpus [16]. The corpus includes speech dialogue of 160 hours
uttered by 328 tourist-guide sets. In [15], the recording scripts
was constructed by transcribing the twenty-one dialogues having active conversation. The recording was conducted in a
soundproof room and in the recording two professional voice
talents sat across a table and read the scripted dialogues naturally without overlapping each other. The size of the dialogue
speech data was 466 min per person. In this study, we use 8439
utterances of the guide person.

Japanese is a pitch-accent language and the dominant factors of
accentual contexts are (i) length (number of moras) of an accent phrase and (ii) accent type. To take account of the balance
of pitch patterns, we combine the accent-phrase length and the
accent type and use as a single symbol. There are 103 unique
symbols related to the accentual context included in the sentences of the experiments.
2.1.3. Sentence length
The sentence length r is defined as the number of moras in the
sentence. Since the prosodic characteristics of speech is thought
to be not so sensitive to small differences of sentence length, we
classify the sentence length for every q moras as follows:
n = floor(r/q),

4. Experiments
To examine the effectiveness of the proposed method, we compared the following three methods in the experiments.

(1)

Random Sentences are randomly selected from the source text
corpus until the total number of moras of the current sentence set is equal to or larger than the target number of
moras D.

where we set q = 5 in this study. Resultantly, fourteen unique
symbols (n = 1, 2, ..., 14) are used for sentence length.
2.2. Sentence selection based on contextual entropy

Coverage Sentences are selected sentence by sentence from
the source text corpus so as to maximize the triphone
coverage until the total number of moras of the current
sentence set is equal to or larger than D.

In this section, we describe the proposed entropy-based sentence selection algorithm where the balance of phonetic and
prosodic contexts of Sect. 2.1 are simultaneously taken into account. The objective function S for stepwise optimization is
defined as follows:
S=

M
∑
m=1

wm Sm ,

Sm = −

Nm
∑

pmn log2 pmn ,

Entropy Sentences are selected sentence by sentence from the
source text corpus using the proposed entropy-based sentence selection until the total number of moras of the current sentence set is equal to or larger than D.

(2)

n=1

It is noted that we used the number of moras instead of the number of sentences because the amount of training data for speech
synthesis is not determined by the number of sentences but the

1 Contracted consonant called “youon” in Japanese is specific to
Japanese language. The English “can” is pronounced in Japanese as
/k yy a N/ and /k yy/ is the contracted consonant.
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number of moras (or phonemes)2 . We conducted objective experiments and compared the performance using the common
database described in Sect. 3.

STRAIGHT analysis [17] was used to extract spectral envelope,
F0, and aperiodicity features with a five msec frame shift. The
spectral envelope was converted to mel-cepstral coefficients using a recursion formula. The aperiodicity features were converted to average values for five frequency sub-bands, i.e., 0-1,
1-2, 2-4, 4-6, and 6-8 kHz. The resultant feature vector consisted of 40 mel-cepstral coefficients including the zeroth coefficient, log F0, five average band aperiodicities, and their delta
and delta-delta coefficients. The total number of dimension was
138. We used five-state left-to-right hidden semi Markov models [18] with no state skip. Each state had a single Gaussian
distribution with a diagonal covariance matrix. In the decisiontree-based context clustering, the minimum description length
(MDL) was used as a stopping criterion [19].

4.1. Experimental conditions

4.2. Contextual coverage and balance

From the 8439 sentences, first we selected 93 sentences as test
data using the proposed sentence selection algorithm described
in Sect. 2.2. The remaining 8346 sentences was used as the
source text corpus from which sentences were selected based on
each method. In the random sentence selection, we constructed
ten sets for the given number of sentences to examine the variation of the experimental results depending on the randomness.
In the conventional coverage-based sentence selection, triphone
coverage is maximized in a greedy manner using a similar manner to [1, 2]. In the corpus, accent labeling and phone segmentation were conducted automatically using Japanese text analysis and phoneme alignment, respectively. For the test data, the
phone segmentation result was manually modified by a professional labeler.
Speech signals were sampled at a rate of 16kHz, and

To compared the contextual balance of the sentence sets constructed by the three methods, we calculated the total entropy
of the phonetic and prosodic contexts described in Sect. 2.1
for the constructed sets where the target number of moras was
set to 40,000. Table 1 shows the result. From the table, we
found that the proposed entropy-based sentence selection gave
the largest entropy values for all contexts. Especially, the improvement was prominent in the accentual context, which is desirable to reducing the pitch distortion. To visually confirm the
coverage and balance of accentual context, we plotted the twodimensional histogram of length (number of moras) and type
of accent phrase in Figure 1. In the figure, the frequency over
ten is displayed as ten. In the case of Random, the result of the
first set in the ten sets is shown. From the figures, we found
that the proposed Entropy of (c) gave better contextual coverage and balance than Random and Coverage in the same number of target moras (D = 5, 000) and almost comparable to the
case of D = 40, 000 in Random of (d). We also examined the
coverage and balance of the sentence length. Figure 2 shows

2
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Figure 1: Two-dimensional histogram of length and type of accent phrase.

2 The random selection tends to result in a much smaller number of
moras than the other two methods when the distribution of the sentence
length is not uniform but Gaussian and this was not fair in the evaluation.
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instead of triphone to reduce the number of symbols. The proposed method also showed the best performance in terms of the
F0 distortion. In the figure, the distortion does not always decrease with the increase of the training data. A possible reason
is that the accuracy of the accent labeling is not perfect and the
wrong accent labels might affect the F0 reproducibility. In the
case of Random, the range of the distortions of the ten sets are
wider than those in the mel-cepstral distance, which indicates
that randomly selecting the sentences has a larger risk than other
two methods in terms of the F0 reproducibility.
As for the duration in Figure 5, we could not found a
clear tendency of distortion reduction when increasing the target number of moras, which is different from the case of melcepstrum and log F0. We found that the automatic phone segmentation caused critical error in some sentences and the segmentation accuracy is not so high. This is because the database
used in the experiment is not read speech but dialogue speech
and the phonetic (spectral) variations is larger than that in read
speech. However, the difference of the average performance of
Coverage and Entropy is quite small (less than 0.1 msec), and
the proposed method is the best choice of sentence selection in
terms of the total performance of spectral and prosodic reproducibility.
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Figure 4: RMS error of log F0 between original and synthetic
speech.

the histogram of the numbers of moras in the constructed sentence sets. There is similar tendency to the histograms of the accentual context (Figure 1) and Entropy has better performance
when figures (a), (b), and (c) are compared.
4.3. Spectral and prosodic distortions in speech synthesis

5. Conclusions

Next, we conducted the speech synthesis experiments. HMMs
were trained using the training data constructed by the three
methods, and the mel-cepstrum, log F0, and phone duration sequences are generated from the HMMs. As the objective similarity, we used mel-cepstral distance, RMS error of log F0, and
RMS error of phone duration between original and synthetic
speech. The number of training sentences was set from 5,000
to 40,000 with an increment of 5,000 sentences. Figures 3 to 5
show the results. In Random case, the mean value of the ten
sets is shown for each number of target sentences. The minimum and maximum values are also shown as error bars.
In terms of the mel-cepstral distance, the distortion decreases by increasing the number of moras of the training
data. The proposed entropy-based sentence selection gave the
best performance among the three methods, which indicates
that the spectral reproducibility is improved by using the proposed method. We also found that the triphone coverage-based
method is not effective when the target number of moras is relatively small. In that case, biphone coverage should be used

In this paper, we proposed a novel sentence selection method
based on the integration of entropies of phonetic and prosodic
contexts. The proposed method was compared to the random
and triphone coverage-based methods using a large dialogue
corpus. The experimental results showed that the entropy-based
sentence selection achieved better coverage and balance of the
contexts for phoneme, accent, and sentence length. The speech
synthesis experiment was also conducted and there was clear
improvement in the reproducibility of spectral and F0 features.
In the future work, we will conducted subjective evaluation tests
to compare these sentence selection methods. The tuning of the
weight for each context is also the remaining task.
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for text-to-speech synthesis,” in Proc. EUROSPEECH, 2001, pp.
2047–2050.
[3] R. Chitturi, S. H. Mariam, and R. Kumar, “Rapid methods for
optimal text selection,” in Recent advances in natural language
processing, 2005.
[4] J.-S. Zhang and S. Nakamura, “An improved greedy search algorithm for the development of a phonetically rich speech corpus,”
IEICE Trans. Inf. & Syst., vol. 91, no. 3, pp. 615–630, 2008.
[5] H. Kawai, S. Yamamoto, N. Higuchi, and T. Shimizu, “A design
method of speech corpus for text-to-speech synthesis taking account of prosody,” in Proc. ICSLP, vol. 3, 2000, pp. 420–425.
[6] T. Lambert and A. P. Breen, “A database design for a TTS synthesis system using lexical diphones.” in Proc. ICSLP, 2004, pp.
1381–1384.
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