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ABSTRACT

In human computer interaction and dialogue systems, it is often de-
sirable for text-to-speech synthesis to be able to generate natural
sounding speech with an arbitrary speaker’s voice and with varying
speaking styles and/or emotional expressions. We have developed an
average-voice-based speech synthesis method using statistical aver-
age voice models and model adaptation techniques for this purpose.
In this paper, we describe an overview of the speech synthesis system
and show the current performance with several experimental results.

Index Terms— HMM, speech synthesis, average voice, speaker
adaptation, voice conversion

1. INTRODUCTION
State-of-the-art concatenative speech synthesis methods using large-
scale speech corpora give us high quality synthetic speech. However,
as is clear from the principle of the methods, they face the prob-
lem that a large-scale corpus is always required for each speaker
or speaking style. Hence, in order to develop a humanlike speech
synthesizer which can control many kinds of speaking style using
the concatenative speech synthesis method, we would be required to
prepare many corpora corresponding to the separate speaking styles.
Furthermore, if we need to construct a speech synthesizer which
can deal with many speakers’ voices, we would also be required to
prepare immense corpora corresponding to all combinations of the
speakers and speaking styles. To make speech synthesis with diverse
voices and styles realistically feasible, we should make the amount
of the speech data required for a new speaker or new speaking style
as small as possible. Moreover, it is preferable that the quality of
synthetic speech is comparable to that of a speaker-dependent sys-
tem built using a large amount of speech data.

For the purpose of constructing a novel speech synthesis system
which can achieve diverse voices and styles, we have been develop-
ing a statistical speech synthesis method using average voice models
created by hidden semi-Markov model (HSMM), model adaptation
techniques, and several relevant techniques (e.g. [1][2]). By us-
ing this speech synthesis framework, synthetic speech of the target
speaker can be obtained robustly even when the amount of speech
data available from the target speaker are very small. The speech
synthesis method will be referred to as “average-voice-based speech
synthesis” in the following section.

In this paper, we give an overview of the up-to-date system based
on our recent research achievements and show the current perfor-
mance and issues based on several experimental results.

2. AVERAGE-VOICE-BASED SPEECH SYNTHESIS

The average-voice-based speech synthesis framework consists of a
speech analysis part, acoustic modeling part, model training and
speaker normalization part for the average voice model, speaker adap-
tation part, and speech synthesis part.

2.1. Speech Analysis
We use the mel-cepstrum and logF0 as acoustic features. The mel-
cepstral coef cients are obtained by mel-cepstral analysis [3], and
F0 values are estimated using an IFAS (instantaneous frequency am-
plitude spectrum) based method [4]. Then dynamic and acceleration
features are calculated as the rst and second order regression coef-
cients from the current frame and their adjacent frames.

2.2. Acoustic Modeling
To simultaneously model the estimated acoustic features and du-
ration in a uni ed modelling framework using a consistent crite-
rion, we utilize context-dependent multi-stream left-to-right MSD
(multi-space distribution) [5] HSMMs [6]. The phonetic and lin-
guistic contexts which we used in the following experiments con-
tain phoneme, mora, part-of-speech, accentual information, breath
group, and sentence information. The multi-stream is used for si-
multaneously modelling mel-cepstrum and logF0. Then the MSD
enables us to treat F0 observation, which is a mixture observation of
1-dimensional real number for voiced region and symbol string for
unvoiced region [5], as a probability framework. Finally the HSMMs
enable us to explicitly estimate duration distributions in addition to
mel-cepstrum and logF0 [6] instead of the transition probability in
the framework of the original HMM. Note that the phoneme bound-
ary labels are used only for obtaining the initial model parameters of
the average voice model and we do not require the phoneme bound-
ary labels in the adaptation or synthesis stage.

2.3. Model Training and Speaker Normalization
Using the above HSMMs, we train an average voice model as the
initial model of the adaptation from training data which consists of
several speakers’ speech. We then adapt the model to that of a target
speaker by using a small amount of speech data uttered by the target
speaker.

The training data of the average voice model includes a lot of
speaker- and/or gender-dependent characteristics and they crucially
affect the adapted models and the quality of synthetic speech gen-
erated from them. For constructing an appropriate average voice
model, we should deal with the negative effects caused by the speaker-
and/or gender-dependent characteristics when we estimate or cluster
the model parameters for the acoustic features.

Therefore, we utilize the SAT (speaker-adaptive training) algo-
rithm for normalizing the in uence of speaker differences in the pa-
rameter estimation for the average voice model [7]. In the SAT al-
gorithm, the speaker difference is assumed to be expressed as piece-
wise linear regression functions of the average voice model, and the
model parameters for the average voice model are blindly estimated
so that the model parameters and regression matrices maximize the
likelihood for the training data.

We then conduct a speaker normalization technique called the
STC (shared-tree-based clustering) algorithm [7] in the tree-based
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clustering of the model parameters for the average voice model. Us-
ing this technique, every node of the decision tree always has statis-
tics from all training speakers. As a result, we can construct decision
trees common to all training speakers and each parameter of the node
always re ects the statistics of all speakers.

2.4. Speaker Adaptation
In the speaker adaptation stage, we adapt the average voice model to
that of the target speaker by using a small amount of speech data.
In speaker adaptation for speech synthesis, it would be desirable
to simultaneously convert mel-cepstrum, F0, and duration. There-
fore, we utilize speaker adaptation techniques for the multi-stream
MSD-HSMM [8]. Many speaker adaptation algorithms, including
SMAP, MLLR, CMLLR, SMAPLR, and CSMAPLR [9] can be uti-
lized in the HSMM [1]. Such speaker adaptation algorithms utilize
piecewise linear regression functions. For automatic determination
of tying topology of the regression matrices for the piecewise linear
regression, we utilize shared-decision-trees [8] because the decision
trees have phonetic and linguistic contextual questions related to the
suprasegmental features by which prosodic features, especially F0,
are characterized.

The above speaker adaptation algorithms have a rough assump-
tion that the target speaker model would be expressed by the piece-
wise linear regression of the average voice model. Therefore, we
additionally adopt MAP (Maximum A Posteriori) modi cation [10]
to upgrade the adapted model parameters which have a relatively
large amount of speech data from the target speaker.

2.5. Speech Synthesis
In the synthesis stage, an arbitrarily given text is rst transformed
into a sequence of context-dependent phoneme labels. Based on
the label sequence, a sentence HSMM is constructed by concate-
nating context-dependent HSMMs. From the sentence HSMM, mel-
cepstrum and logF0 sequences are obtained using the parameter gen-
eration algorithm [11], in which phoneme durations are determined
using state duration distributions. Finally, by using an MLSA l-
ter [3], speech is synthesized from the generated mel-cepstrum and
logF0 sequences.

3. EXPERIMENTS
3.1. Experimental conditions
We conducted several objective and subjective evaluation tests. We
used the ATR Japanese speech database (Set B), which contains a
set of 503 phonetically balanced sentences uttered by 6 male speak-
ers (MHO, MHT, MMY, MSH, MTK, MYI) and 4 female speakers
(FKN, FKS, FTK, FYM), and a speech database which contains the
same sentences as the ATR Japanese speech database uttered by a
male speaker (MMI) and a female speaker (FTY). In the modeling
of the synthesis units, we used 42 phonemes, including silence and
pause, and took the phonetic and linguistic contexts [7] into account.
The contexts are manually labeled based on real speech from each
speaker.

Speech signals were sampled at a rate of 16 kHz and windowed
by a 25-ms Blackman window with a 5-ms shift. The feature vec-
tors consisted of 25 mel-cepstral coef cients (including the zeroth
coef cient), logF0, and their dynamic and acceleration coef cients.
We used 5-state left-to-right context-dependent multi-stream MSD-
HSMMs without skip paths. Gender-dependent average voice mod-
els were trained from multiple training speakers. The number of
training sentences for each training speaker was 453 sentences, and
details of the training and target speakers are written in each subsec-
tion. In the training stage of the average voice models, the number
of leaf nodes of the shared decision trees was determined using the
minimum description length (MDL) criterion. In the speaker adap-
tation and speaker-adaptive training, multiple regression matrices
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Fig. 1. Distribution of average logF0 and mora/sec for each speaker,
average voice generated from the average voice mode and synthetic
speech generated from the adapted model using 10 sentences.

were estimated based on the shared-decision-trees. The threshold
that speci es an expected number of speech samples used for each
regression matrix was determined from preliminary objective exper-
imental results. The transformation matrices were diagonal triblock
corresponding to the static, dynamic, and acceleration coef cients.
In the following assessments, fty test sentences which were not in-
cluded in either the training or the adaptation data were used for the
evaluation.

3.2. Evaluation of average logF0 and duration
First, we evaluated the average logF0 and mora/sec of the synthetic
speech generated from the adapted model. We chose a male speaker
MTK and a female speaker FTK as target speakers of the speaker
adaptation and used 5 male speakers (MHO, MHT, MMY, MSH,
MYI) and 4 female speakers (FKN, FKS, FYM, FTY) as training
speakers for the average voice model. The adaptation method used
in this experiment was MLLR. Figure 1 shows the average logF0
and mora/sec of real speech of each speaker, the average voice (syn-
thetic speech generated from the average voice model) and synthetic
speech generated from the adapted model using 10 sentences. From
the gure, we can see that the average logF0 and mora/sec of the syn-
thetic speech generated from the adapted model are close to those of
the target speakers’ speech.

3.3. Objective evaluation of synthetic speech
Next we evaluated average mel-cepstral distance and RMSE of logF0
and vowel duration between real and synthetic speech of the target
speakers as the objective measures. Training speakers for the av-
erage voice model and target speakers are the same as Section 3.2.
The adaptation method wasMLLR, and the number of the adaptation
sentences was from 3 sentences to 450 sentences. For the calcula-
tion of the average mel-cepstral distance and the RMSE of logF0,
the state duration of each HSMM model was adjusted after Viterbi
force-alignment with the target speakers’ real utterance. In the mel-
cepstral distance calculation, silence and pause regions were elimi-
nated. In the RMSE calculation of logF0, only regions where both
the generated and the real F0 were voiced were used since F0 is not
observed in the unvoiced region. In the RMSE calculation of vowel
duration, the manually labeled duration of real speech was used as
the target vowel duration.

Figure 2 shows the evaluation results using these objective mea-
sures between real and synthetic speech of the target speakers. In this
gure, zero sentence means those of the male- or female-speaker av-
erage voice models. From these gures, we can see that all features
of synthetic speech generated from the adapted model become closer
to the target speakers’ features than those of average voice model by
using a small amount of speech data. Comparing the adaptation of
logF0 and mel-cepstrum, we see that the improvement of RMSE
of logF0 converges when just a few adaptation sentences are used,
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Fig. 2. Left: Average mel-cepstral distance [dB], Center: RMSE of logF0 [cent], Right: RMSE of vowel duration [frame].
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whereas about 50 to 150 sentences are needed for the convergence of
mel-cepstral distance. This is due to the different numbers of param-
eters for the features. Meanwhile, in the adaptation of the duration,
the required number of adaptation sentences varies with the target
speaker.

3.4. Subjective evaluation of synthetic speech
Next, we conducted a comparison category rating (CCR) test and
assessed the effectiveness of the adaptation of each feature. We
compared the synthesized speech generated from eight models with
or without the adaptation of mel-cepstrum, logF0, and/or duration.
Training speakers for the average voice model and target speakers
are the same as Section 3.2. The adaptation method was MLLR, and
the adaptation data comprised 100 utterances. For reference, we also
compared synthesized speech generated from a speaker-dependent
(SD) model [6] using 453 sentences of the target speaker. Eight sub-
jects were rst presented with the reference speech sample and then
with synthesized speech samples generated from the adapted models
in random order. The subjects were asked to rate their voice charac-
teristics and prosodic features compared with those of the reference
speech. The reference speech was synthesized with a mel-cepstral
vocoder. The rating was done on a 5-point scale, that is, 5 for very
similar, 4 for similar, 3 for slightly similar, 2 for dissimilar, and 1 for
very dissimilar. For each subject, ve test sentences were randomly
chosen.

Figure 3 shows the average values with 95 % con dence interval
of the CCR tests. The values indicate that it is preferable to simul-
taneously adapt all features to reproduce the speaker characteristics
of the target speaker. It is interesting to note that the synthesized
speech generated from the model using the simultaneous adaptation
of all features using 100 target-speaker’s sentences is rated as having
more similar speaker characteristics to the target speaker compared
with the speaker-dependent models using 453 sentences of the target
speaker. We will describe the reason in Section 3.6.

3.5. Objective evaluation of adaptation method
We then compared several adaptation methods by using the objec-
tive measures described in Section 3.3. We chose three male speak-
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Fig. 4. Objective evaluation of speaker adaptation algorithms.

ers MHT, MTK, MMI and a female speaker FTK as target speakers
of the speaker adaptation and used 4 male speakers (MHO, MMY,
MSH,MYI) and 4 female speakers (FKN, FKS, FYM, FTY) as train-
ing speakers for the average voice model. All other conditions are
the same as in Section 3.3. To compare the transformation func-
tion and criterion, we chose four adaptation methods – MLLR, CM-
LLR, SMAPLR, and CSMAPLR. The transformation function of
MLLR and SMAPLR is composed of linear functions of the mean
vectors of Gaussian pdfs, and that of CMLLR and CSMAPLR is
composed of linear functions of the mean vectors and covariance
matrices of Gaussian pdfs. In MLLR and CMLLR, the ML crite-
rion is used, whereas the Structural MAP criterion [9] is used in
SMAPLR and CSMAPLR. We used 100 adaptation sentences for
each method. Figure 4 shows the evaluation results using the objec-
tive measures between real and synthetic speech of the target speak-
ers. From this gure, it can be seen that the CSMAPLR algorithm
using the functions of the mean vectors and covariance matrices to-
gether with the SMAP criterion generally brings about an improve-
ment in the RMSE of logF0, whereas it slightly decreases the aver-
age mel-cepstral distance.

Next we applied the MAPmodi cation [10] to the model created
by CSMAPLR adaptation and compared the speech before-and-after.
Figure 5 shows the evaluation results using the objective measures
between real and synthetic speech with and without the MAP modi-
cation of the target speakers. The result con rms that as the number
of available adaptation sentences increases, the improvement due to
MAP modi cation also increases. The MAP modi cation seems to
have a bene cial effect on the improvements of RMSE of logF0.

3.6. Comparison of speaker-dependent and adapted models
If the decision trees of the adapted model with MAP modi cation
and the speaker dependent model are identical, the objective mea-
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sures of the adapted model would asymptotically converge to that
of the speaker dependent model using the ML criterion. However,
since we construct the decision tree from the training data of the av-
erage voice model as described in Section 2.3, the convergence is
not guaranteed theoretically. In addition, because a huge amount
of speech data would be required to obtain the optimal speaker-
dependent model and decision trees, it is likely that the adapted
model using the average voice model (which is trained from a large
amount of speech data from many speakers) can generate synthetic
speech more stably and robustly using a realistic and practical amount
of speech data [10].

Therefore, we compared the speaker-adapted model with MAP
modi cation and the speaker-dependent model by using the objec-
tive measures described in Section 3.3. We chose a male- and a
female- target speaker from a set of 6 male speakers (MHO, MHT,
MMY, MSH, MTK, MYI) and 5 female speakers (FKN, FKS, FYM,
FTK, FTY) and used the rest of the speakers as training data. We
then repeatedly conducted the evaluations to different target speak-
ers. In this evaluation, in order to verify the effect of the number of
training sentences for the average voice model, we used a gender-
independent average voice model and changed the total number of
training data for the average voice model from 450 sentences to 4050
sentences. We set the number of the adaptation sentences to 450 sen-
tences to compare the speaker-dependent and adapted models. Fig-
ure 6 shows the evaluation results using the objective measures be-
tween real and synthetic speech of the target speakers. In this gure,
“SD-*” and “SA-*” signify the speaker-dependent and adapted mod-
els respectively. We can see that as the number of training sentences
for the average voice model increases, both the mel-cepstral distance
and RMSE of logF0 generally decrease. We also see that when the
average voice models are trained from a large amount of speech data,
the RMSE of logF0 of the adapted models is smaller than that of the
speaker-dependent model in all the target speakers, whereas signif-
icant differences do not exist in the average mel-cepstral distance.
From several subjective evaluations, we also con rmed that when
the average voice models are trained from a large amount of speech
data, the average voice models have more model parameters than
the speaker-dependent model, and synthetic speech of the adapted
model outperformed that of the speaker-dependent model.

4. CONCLUSIONS
We described and evaluated the average-voice-based speech synthe-
sis method for generating synthetic speech with diverse speakers’
voice from a small amount of speech data. Once the average voice
model is constructed from a large amount of speech data, we can eas-
ily create a new speaker’s synthetic speech which is comparable to
or better than the speaker-dependent model. Besides speaker conver-
sion, we can easily apply this speech synthesis method to conversion
of speaking style and emotional expression [8].
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