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ABSTRACT

This paper investigates how to use neural networks in statistical para-
metric speech synthesis. Recently, deep neural networks (DNNs)
have been used for statistical parametric speech synthesis. However,
the specific way how DNNs should be used in statistical parametric
speech synthesis has not been studied thoroughly. A generation pro-
cess of statistical parametric speech synthesis based on generative
models can be divided into several components, and those compo-
nents can be represented by DNNs. In this paper, the effect of DNNs
for each component is investigated by comparing DNNs with gener-
ative models. Experimental results show that the use of a DNN as
acoustic models is effective and the parameter generation combined
with a DNN improves the naturalness of synthesized speech.

Index Terms— Statistical parametric speech synthesis, deep
neural network, hidden Markov model

1. INTRODUCTION

Statistical parametric speech synthesis based on hidden Markov
models (HMMs) has grown in popularity in the last decade [1].
This approach offers various advantages over concatenative speech
synthesis approach [2], e.g. the flexibility to change its voice char-
acteristics [3, 4, 5, 6] and small footprint [7, 8]. In HMM-based
speech synthesis, the spectrum, excitation, and duration of speech
are simultaneously modeled with HMMs, and speech parameter se-
quences are generated from the HMMs themselves [9]. The speech
parameter trajectory generated by HMM-based speech synthesis
systems is fairly smooth. However, it is known that synthesized
speech generated from HMM-based speech synthesis systems still
sounds muffled and the quality of the synthesized speech still does
not reached that of natural speech.

Recently, deep neural networks (DNNs) [10], which are feed-
forward artificial neural networks (ANNs) with many hidden layers,
have achieved significant improvement in many machine learning
areas. DNNs can represent high dimensional and correlated fea-
tures efficiently. In addition, complex mapping functions can be
modeled compactly by DNNs. Motivated by the success of DNNs
in speech recognition, DNNs have been introduced to statistical
parametric speech synthesis in order to improve the performance
of speech synthesis [11, 12, 13]. In statistical parametric speech
synthesis, a number of contextual features that affect speech, in-
cluding phonetic, syllabic, and grammatical ones, have to be taken
into account in acoustic modeling to achieve naturally sounding
synthesized speech. Effective modeling of these complex context
dependencies is one of the most critical problems for statistical para-
metric speech synthesis. In DNN-based acoustic modeling, a DNN
is trained to represent the mapping function from contextual features
to acoustic features, which are modeled by decision tree-clustered
context dependent HMMs in HMM-based approach [9]. Zen et al.

[11] showed that DNN-based acoustic models offer an efficient and
distributed representation of complex dependencies between con-
textual and acoustic features. However, DNNs can be introduced to
components other than acoustic modeling in statistical parametric
speech synthesis and it should be further investigated how DNNs
can be used in statistical parametric speech synthesis.

In this paper, we investigate how to use DNNs in statistical para-
metric speech synthesis. A generation process of statistical paramet-
ric speech synthesis based on generative models can be divided into
several components, and those components can be represented by
DNNs. By replacing DNNs with generative models in each compo-
nent, the effect of DNNs in statistical parametric speech synthesis is
investigated.

The rest of this paper is organized as follows. Section 2 de-
scribes statistical parametric speech synthesis based on HMMs and
DNNs. The experimental conditions and results are shown in Sec-
tion 3. Concluding remarks and future work are presented in Sec-
tion 4.

2. STATISTICAL PARAMETRIC SPEECH SYNTHESIS
USING NEURAL NETWORKS

In statistical parametric speech synthesis, relation between contex-
tual features and acoustic features is modeled by statistical models,
which is generally called acoustic models. Hidden Markov models
(HMMs), which are generative models that simulate the processes
of generating observations, are usually used as acoustic models. In
statistical parametric speech synthesis based on HMMs, the acoustic
features, e.g. spectral and excitation features, and duration of speech
are simultaneously modeled by HMMs. Since there are a number
of contextual features that affect speech, they have to be taken into
account in acoustic modeling. To effectively handle the contextual
features, decision tree based context clustering [14] is widely used in
HMM-based speech synthesis. The speech parameters are generated
from the decision tree-clustered context dependent HMMs and given
text to be synthesized. In order to generate smooth speech param-
eter trajectories, not only static features but also dynamic features
are modeled by HMMs, and speech parameter trajectories are gener-
ated considering the relation between static and dynamic features by
maximum likelihood parameter generation (MLPG) algorithm [15].
Figure 1 shows an overview of the generation procedures of HMM-
based speech synthesis. From this figure, the generation process can
be divided into two component:

• Component 1: generation of static and dynamic features from
contextual features

• Component 2: generation of static features from static and
dynamic features

In the generation process of HMM-based approach, the decision
tree-clustered context dependent HMMs convert a contextual fea-
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Fig. 1. An overview of the generation procedures in statistical para-
metric speech synthesis based on HMMs.

ture sequence into statistics of a static and dynamic feature sequence
(component 1), and the parameter generation based on the MLPG al-
gorithm convert a model parameter sequence into a smoothed static
feature sequence (component 2).

In statistical parametric speech synthesis using DNN-based
acoustic model [11, 12, 13], decision tree-clustered context depen-
dent HMMs are replaced by a DNN. A single DNN is trained to
represent a mapping function from contextual features to acoustic
features including spectral and excitation parameters and their dy-
namic features. In the generation process, the contextual features
extracted from given text to be synthesized are mapped to acous-
tic features by the trained DNN using forward propagation. Then,
smooth speech parameters trajectories are generated by the MLPG
algorithm in the same fashion as the HMM-based approach.

The use of DNNs as acoustic models is effective and potential
to produce naturally-sounding synthesized speech have been shown.
However, DNNs can be introduced to the other components in sta-
tistical parametric speech synthesis. DNNs can represent a map-
ping function from contextual features to static acoustic features and
a mapping function from static and dynamic features to static fea-
tures, which corresponds to parameter generation (component 2).
Therefore, it should be further investigated how DNNs may be used
in statistical parametric speech synthesis. In this paper, we com-
pare speech synthesis systems that DNNs are used for each compo-
nents mentioned above instead of generative models by objective and
subjective evaluations. By comparing DNNs with generative mod-
els, the effect of DNNs for each component in statistical parametric
speech synthesis is investigated.

3. EXPERIMENTS

3.1. Experiment 1

3.1.1. Experimental condition 1

Japanese 503 utterances, which can be downloaded from HTS web
site1, were used in the experiments. The contents of the data were

1http://hts.sp.nitech.ac.jp/

Table 1. Four speech synthesis systems for experiment 1.
Component 1 Component 2

HMM+MLPG HMM MLPG
HMM+NN HMM NN
NN+MLPG NN MLPG

NN NN

the same as the B-set of the ATR phonetically balanced Japanese
speech database [16]. The 450 utterances were used for training and
the remaining 53 utterances were used for testing. Speech signals
were sampled at a 48 kHz. Feature vectors were extracted with a
5 ms shift and the feature vector consisted of the 0th through 49th
mel-cepstral coefficients and a log F0 value. Mel-cepstral coeffi-
cients were extracted from the smoothed spectrum analyzed by the
STRAIGHT [17].

Table 1 shows speech synthesis systems compared in this experi-
ment. HMM+MLPG is a conventional HMM-based speech synthe-
sis system [1]. The acoustic features modeled by HMMs consisted of
mel-cepstral coefficients, log F0 values and their dynamic features
(delta and delta-delta). Five-state, left-to-right, no-skip hidden semi-
Markov models (HSMMs) were used. To model log F0 sequences
consisting of voiced and unvoiced observations, a multi-space prob-
ability distribution (MSD) was used. NN+MLPG is the same struc-
ture as the system used in [11]. The input features for the DNN
were 411 contextual features, including binary features and numer-
ical features for contexts, and three duration features, including du-
ration of the current phoneme and the position of the current frame.
The output feature consisted of 154 acoustic features: mel-cepstral
coefficients, a log F0 value, their dynamic features (delta and delta-
delta), and a voiced/unvoiced binary value. The input features for the
DNN in HMM+NN were 1716 features that were 11-frame segmen-
tal features consisted of the HMM parameters: MSD weights, the
mean vector for mel-cepstral coefficients, a log F0 value, and their
dynamic features. The output features were 52 acoustic features:
mel-cepstral coefficients, a log F0 value, and a voiced/unvoiced bi-
nary value. The input features for the DNN in NN were the same
as those used in NN+MLPG and the output features were the same
as those used in HMM+NN. The input and output features are time-
aligned frame-by-frame by well-trained HMM models. The weights
of the DNN were initialized randomly, then optimized to minimize
the mean squared error between the output features of the training
data and predicted values by a mini-batch stochastic gradient descent
(SGD)-based back-propagation algorithm. The sigmoid activation
function was used for hidden and output layers. A single network
which modeled both spectral and excitation parameters was trained.
The performance of the four systems were evaluated on objective
and subjective measures.

3.1.2. Experimental results 1

To objectively evaluate the performance of the systems, mel-
cepstral distortion (MCD) was used. The sizes of decision trees
in HMM+MLPG were controlled by changing the tuning param-
eter α for the model complexity penalty term of the minimum
description length (MDL) criterion [18] (α = 2, 1, 0.5, or 0.25).
The DNNs used in HMM+NN, NN+MLPG, and NN had three
hidden layers with different number of units per layer (256, 512, or
1024). Figure 2 shows the results of objective evaluation in MCD.
All systems using DNNs showed similar performance regardless of
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Fig. 2. Mel-cepstral distortions (dB) of the four speech synthesis
systems. Note that the number of parameters for HMM+NN also
includes the parameter of HMM+MLPG with the decision tree se-
lected by the MDL criterion (α = 1).
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Fig. 3. Mean opinion scores of HMM+MLPG, HMM+NN,
NN+MLPG, and NN.

the role of DNNs in the systems. As increasing the number of units
per layer, the systems using DNNs improved the MCDs. Although
the resultant MCDs of the systems using a DNN with 256 units per
layer were worse than ones of HMM+MLPG, the systems using
a DNN with many units per layer showed better performance than
HMM+MLPG.

To evaluate the naturalness of the synthesized speech, a subjec-
tive listening test was conducted. In this evaluation, the decision
tree structure selected by the MDL criterion (α = 1) was used for
HMM+MLPG and HMM+NN, and the DNNs with 1024 units per
layer were used for HMM+NN, NN+MLPG, and NN. The natu-
ralness of the synthesized speech was assessed by the mean opinion
score (MOS) test method. The subjects were eight Japanese students
in our research group. Twenty sentences were chosen at random
from the test sentences. Speech samples were presented in random
order for each test sentence. In the MOS test, after listening to each
test sample, the subjects were asked to assign the sample a five-point
naturalness score (5: natural – 1: poor).

Figure 3 shows the subjective evaluation results. It can be seen
from the figure that NN+MLPG outperform HMM+MLPG. This
result indicates that replacing the decision tree-based clustered mod-
els into a DNN-based acoustic model is effective. On the other hand,
HMM+NN, which used DNN instead of MLPG, showed the lowest

Table 2. Five speech synthesis systems for experiment 2.
Component 1 Component 2

HMM+MLPG HMM MLPG
HMM+NN HMM NN

HMM+NN+MLPG HMM NN+MLPG
HMM+MLPG+NN HMM MLPG+NN

NN+MLPG NN MLPG

score in all systems, though HMM+NN showed better performance
than HMM+MLPG in the objective evaluation. Since a DNN repre-
sents a mapping function between input and output features based on
a frame unit, HMM+NN cannot generate static features taking into
account the neighboring features output from the DNN. As a result,
HMM+NN generated discontinuous speech parameter trajectories.
Similarly, NN also generated discontinuous speech parameter tra-
jectories and thus NN showed worse score than NN+MLPG. These
results indicate that the parameter generation based on MLPG, which
can generate smooth parameter trajectories by considering the con-
straint between the static and dynamic features, is more appropriate
than a DNN.

3.2. Experiment 2

3.2.1. Experimental condition 2

From the results of experiment 1, it can be seen that generating
smooth speech parameter trajectories by the parameter genera-
tion with DNNs used in HMM+NN is difficult. To address this
problem, we investigate the combination of MLPG-based param-
eter generation and DNN-based parameter generation. Table 2
shows speech synthesis systems compared in this experiment. In
HMM+MLPG+NN and HMM+NN+MLPG, MLPG-based pa-
rameter generation is introduced before and after DNN-based pa-
rameter generation, respectively. The input features for the DNN
in HMM+NN+MLPG were the same as those used in HMM+NN
and the output features consisted of 154 acoustic features which
were same as the output features for NN+MLPG. The input features
for the DNN in HMM+MLPG+NN were 572 features that were
11-frame segmental features consisted of the mel-cepstral coeffi-
cients, a log F0 value, and a voiced/unvoiced binary value, which
were generated from MLPG-based parameter generation. The out-
put features were the same as those used in HMM+NN. The other
experimental conditions were the same as the experiment 1. The
performance of the five systems were evaluated on objective and
subjective measures.

3.2.2. Experimental results 2

The performance of the systems was objectively evaluated by mel-
cepstral distortion (dB). Figure 4 shows the results of objective eval-
uation in mel-cepstral distortion (MCD). Experimental results show
the similar trend to the results of the objective evaluation in exper-
iment 1, i.e. the systems using a DNN with many units per layer
showed better performance than HMM+MLPG.

The naturalness of the synthesized speech was evaluated by a
subjective listening test. In this evaluation, the decision tree struc-
ture selected by the MDL criterion (α = 1) was used for acoustic
models based on HMMs, and the DNNs with 1024 units per layer
were used. The listening test setup was the same as the listening
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Fig. 4. Mel-cepstral distortions (dB) of the five speech synthe-
sis systems. Note that the number of parameters for HMM+NN,
HMM+NN+MLPG and HMM+MLPG+NN also include the pa-
rameter of HMM+MLPG with the decision tree selected by the
MDL criterion (α = 1).
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Fig. 5. Mean opinion scores of HMM+MLPG, HMM+NN,
HMM+NN+MLPG, HMM+MLPG+NN, and NN+MLPG.

test in experiment 1. Figure 5 shows the subjective evaluation re-
sults. It can be seen from this figure that HMM+NN+MLPG and
HMM+MLPG+NN outperformed HMM+NN. This is because the
smooth speech parameter trajectories were generated by introduc-
ing MLPG-based parameter generation into HMM+NN. Comparing
HMM+MLPG+NN with HMM+NN+MLPG, HMM+MLPG+NN
showed a better score than HMM+NN+MLPG. Although speech
parameter trajectories generated from MLPG are over-smoothed,
the over-smoothing problem is alleviated by using DNN-based pa-
rameter generation after MLPG-based parameter generation. In
addition, HMM+MLPG+NN showed better performance than
HMM+MLPG. These results clearly show the effectiveness of
the parameter generation combined with DNN.

The role of the DNN used in HMM+MLPG+NN can be re-
garded as DNN-based postfiltering. It is similar to the DNN-based
postfiltering proposed by Chen et al. [19], but the DNN used in
HMM+MLPG+NN represents the mapping function from acous-
tic features, which include mel-cepstral coefficients, log F0 values,
and voiced/unvoiced values, generated by the HMM-based system
to acoustic features extracted from natural speech though the DNN
used in the work by Chen et al. represents the mapping function from
spectral envelopes of synthesized speech to one of natural speech.

Recurrent neural networks (RNNs) are often used to model long-
span sequential features and parameter generation process may be
replaced by RNNs. RNN-based speech synthesis has been proposed
and it shows good performance [20]. Therefore, the parameter gen-
eration based on RNNs should be compared with the parameter gen-
eration using DNNs, such as HMM+MLPG+NN. In statistical para-
metric speech synthesis based on HMMs, the parameter generation
considering global variance (GV) [21] is widely used to enhance the
dynamics within a speech utterance. Although this parameter gen-
eration method generates speech parameters taking account of the
utterance-level features, i.e., the variance of acoustic features within
a speech utterance, the DNN used in HMM+MLPG+NN cannot
take into account the utterance-level features because the DNN rep-
resents the frame-level mapping function. Therefore, the parameter
generation considering GV should be compared with the DNN-based
parameter generation.

4. CONCLUSIONS

In this paper, we investigate the effect of DNNs in statistical para-
metric speech synthesis by comparing the speech synthesis systems
that uses DNNs for each component on the objective and subjective
measures. Experimental results show that replacing decision tree-
clustered HMMs with a DNN is effective for modeling relation be-
tween contextual and acoustic features but replacing parameter gen-
eration based on MLPG with a DNN degrade the naturalness of syn-
thesized speech due to generation of discontinuous speech parameter
trajectories. To address this problem, the parameter generation com-
bined with a DNN is used. It can be seen from experimental results
that the parameter generation combined with a DNN can generate
smooth parameter trajectories and improve the naturalness of syn-
thesized speech.

In future work, we will investigate the effect of DNNs in sta-
tistical parametric speech synthesis on larger database. Addition-
ally, future work also includes the comparison of the other parameter
generation methods, such as RNN-based parameter generation and
parameter generation considering GV.
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