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ABSTRACT

We proposed an auxiliary categorization framework for training
speech synthesis systems using deep neural networks (DNNs) and
recurrent neural networks (RNNs). The adopted artificial neural
networks (ANNs) are regression models comprising a few hidden
layers and an affine-transform layer for transforming the contextual
features into a set of speech synthesis parameters. In order to
incorporate categorization information into training ANNs, similar
to DNN-based speech recognition, the proposed approach stacks a
secondary classification layer on top of the hidden layers for the
regression ANN and trained it together with the primary affinetransform. Four categorization tasks, for classification of voicing,
phonation position, phone identity and hidden Markov model state,
are considered. The experimental results show that the proposed
framework can reduce the root mean square error (RMSE) of the
generated log fundamental frequency by about 10.8% and 4.3% for
DNN and RNN based synthesis systems, respectively. With the
extra classification layers, subjective listening tests also favor DNN
and RNN generated speech by about 24% and 15%, respectively,
over the ANN baselines without using any categorical information.

Index Terms—speech synthesis, categorization, deep neural
network, recurrent neural network
1. INTRODUCTION
Artificial neural Network (ANN) based technologies [1] have been
widely used with promising results in a lot of research areas, such
as automatic speech recognition (ASR) [2], computer vision [3]
and natural language processing [4]. It has also been adopted in
speech synthesis. In [5], Kang et al. used a deep belief network
(DBN) to model a joint distribution of contextual and speech
features. In [6], Ling et al. replaced the Gaussian mixture model
(GMM) with DBN in the hidden Markov model (HMM)-based
speech synthesis system [7]. In [8], Zen et al. proposed a deep
neural network (DNN) based speech synthesis framework by
mapping from the contextual features to the speech features and
further proposed to use deep mixture density network (MDN) to
model the mean and variance of the speech parameters [9]. In [10],
Fan et al. adopted a recurrent neural network (RNN) with bidirection long short term memory (BLSTM) [11] [12] to model the
relationship between the contextual features and the speech
parameters. ANN-based experimental results have also
demonstrated improvements over HMM-based speech synthesis.
In general, the typical ANN in speech synthesis is used as a
regression tool for mapping from the contextual features to the
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speech parameters. When compared with the HMM-based speech
synthesis systems, the ANNs are learned with little discriminative
information in the output layer because the decision trees [13] used
in HMM-based speech synthesis for categorizing different classes
of the speech parameters have been removed from the ANN-based
speech synthesis systems. Leveraging upon the recent successes in
DNN-based ASR [2] and DNN-based automatic speech attribute
transcription (ASAT) [14, 15] a key motivation in this study is to
facilitate an incorporation of some categorical information in
decision trees into training ANN-based speech synthesis systems.
It is realized by an auxiliary categorization framework with an
additional classification layer on top of the hidden layers of the
regression DNNs. This classification layer is trained together with
the affine-transform layer in multi-task learning (MTL) [16] which
has already been used in speech synthesis in [17].
In this paper we extend [17] to the use of different error ratios
between the primary and secondary objective functions. We also
propose to incorporate categorical information used in constructing
the decision trees into ANN training. To construct the additional
layer, four attribute categorization tasks, i.e., classification of
voicing, phonation position, phone identity and HMM state, are
considered and the abovementioned error ratios are also verified.
Both objective measures and subjective listening tests have
been evaluated. It is found that, for ANN-based speech synthesis,
the additional classification layer reduces the root mean square
error (RMSE) of the generated log fundamental frequency (LF0)
from 0.145 to 0.132 for DNN based and from 0.138 to 0.132 for
RNN based synthesis systems, respectively. Moreover, the ANNgenerated speech with the classification layers is also preferred to
that generated by conventional ANN-based synthesis systems with
no additional classification layers by about 24% and 15% for DNN
and RNN based speech synthesis, respectively.

2. PROPOSED ANN-BASED SPEECH SYNTHESIS
2.1. Classical ANN-based Speech Synthesis
A typical deep neural network (DNN) for speech synthesis shown
in Fig. 1 is constituted with a few hidden layers and an output layer.
The hidden layers can be considered as a nonlinear feature
extractor from the input contextual features. The output layer
stacked on the top of the hidden layers is an affine-transform layer
for generating speech parameters from the nonlinearly transformed
features. To train the DNN, the hidden layers are constituted by the
pre-trained RBMs [18] with the contrastive convergence (CD)
criterion [19]. The input of the first input layer is normalized as a
Gaussian with zero mean and unity variance so the pre-trained

hidden layers are stacked as the first Gaussian-Bernoulli RBM and
the rest Bernoulli-Bernoulli RBMs.
This topology is also used in recurrent neural network (RNN)
based speech synthesis. But the hidden layers will be stacked by at
least one recurrent layer, for example bidirectional long short term
memory (BLSTM) [11]. The long short term memory (LSTM) [12]
shown in Fig. 1 is proposed for overcoming the gradient vanishing
problem for the conventional RNN.
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Figure 1: Artificial neural network based speech synthesis. Left:
restricted Boltzmann Machine (RBM) and deep neural network;
right: long short term memory (LSTM) and bidirectional recurrent
neural network (BRNN).

2.2. Proposed Classification Layer
ANN-based parameter learning for speech synthesis is often cast as
a regression problem and ANN is used to construct a mapping
function directly from the contextual features to the speech
parameters. Thus this regression function is usually learned with
little discriminative information in the output layer. To alleviate
this problem, decision trees [13] is adopt in the HMM-based
speech synthesis system to classify the input contextual features
and learn parameters for every small node. Besides this, the
function will also introduce the over-smoothing problem because
the difference between the generated speech parameters in the
output layer is only decided by the input contextual features. To
overcome this problem, Zen et al. adopted the maximum
likelihood parametric generation (MLPG) algorithm [20] to get the
speech parameters with the first and second order derivatives.
The two problems listed above could also be alleviated by
adding another output layer for categorization. The additional
classification layer is learned together with the affine-transform
layer. The error signal of the categorization tasks will be backpropagated to update the hidden layers’ weights. Therefore the
hidden layers will be learned with the discriminative information
for different categorization attributes. Furthermore, this additional
classification layer will also help to overcome the over-smoothing
problem in discriminative learning. The proposed framework for
the ANN-based speech synthesis is demonstrated in Fig. 2. A
detailed description about how to learn the additional classification
layer is given in the followings.
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Figure 2: The framework of the output layers. Left: an affinetransform layer for generating speech parameters; right: a soft-max
layer together with an affine-transform for classification.

For regression, the mean square error (MSE) in Eq. (1) is used
as the criterion to be minimized to fine-tune the ANN parameters:
1
DMSE (ŷ, y) = ∑Tt=1(ŷ − y)2
(1)
T
where T is the frame number, y is the target speech feature vector
and ŷ is the predicted speech feature vector as follow:
ŷ = g̃(WA , bA , h)
(2)
where g̃ is a linear function, WA , bA are the weight matrix and bias
vector for the affine-transform layer, h is the output of the hidden
layers.
As for classification, a soft-max layer is trained with the cross
entropy (CE) criterion [21] in Eq. (3) as follow:
T
DCE (ŝ, s) = − ∑N
̂
(3)
n=1 ∑t=1 s log s
where N is the sentence number, T is the frame number, s is the
target label for the categorization tasks, and ŝ is the generated label
as follow:
exp(g̃(WS ,bS ,h))
exp(g̃(WS ,bS ,h))

ŝ = ∑

(4)

A stochastic gradient descent (SGD) algorithm [22] is
performed in mini-batches to update the parameters in Eq. (5).
(W, b) ← (W, b) + λ


∂D
∂(W,b)

(5)

where λ is the learning rate.
The outputs of the back-propagation [23] algorithm in Eq. (1)
and Eq. (2) are added together with an error ration in Eq. (6) as the
input for back-propagating the hidden layers.
D(ŷ, y, ŝ, s) = DMSE (ŷ, y) + α × DCE (ŝ, s)
(6)
where α is an error ratio.

3. CATEGORIZATION TASKS
Decision trees [13] make a sharable structure for every state in the
HMM-based speech synthesis system. It splits the whole database
into several nodes by asking a number of questions, such as
phonemes identity, left or right contextual information and
voiced/unvoiced labels. These questions help the decision trees to
split the space of the speech parameters into small groups in order
to learn more accurate parameters. Due to differences between the
HMM and ANN, it is very hard to directly incorporate all the
related questions into ANN training. Here we only consider four
types of questions for constructing the classification layer.
The first one is the voiced/unvoiced label. Due to the different
vibrating state of glottis, the speech frames’ spectra can be easily
split into two groups: non-zero fundamental frequency with a
harmonic structure and zero fundamental frequency with a noisy

structure. This additional classification layer therefore enhances
the hidden layers to describe the differences between voiced and
unvoiced frames.
The second one is the phone identity. In the HMM-based
speech synthesis system, decision trees are constructed for every
HMM state and the phone identity questions are asked in parallel
with other contextual information. It means that the constructed
decision trees are shared across all the phones. It is a cause of the
over-smoothing problem existing in the HMM-based speech
synthesis system. To alleviate this problem in ANN-based speech
synthesis, we stack a phone identity classification layer on top of
the hidden layers to re-enforce the phone identity’s discrimination
in the hidden layers.
The third one is the phonation position. Every phone phonates
in different positions of the vocal tract. So the phones can also be
categorized into small groups. According to the knowledge in
phonetics, the syllable initials and finals in Mandarin can be split
into 15 groups as listed in Table 1. This layer will group the
phones and learn the groups in a discriminative manner.
Table 1: Mandarin Initials and finals based on phonation position.
labial
coronal

bilabial
labiodental
dental
alveolar

velar
retroflex
alveolo-palatal
low

middle

high

front
central
back
front
central
back
front
back

pbm
f
tdnl
z c s ii
kgh
zh ch sh r iii
jqx
ai an
a
ang ao
ei en
eng er
e o ong ou
i ia ian iang iao ie in
ing iong iou v van
ve vn
u ua uai uan uang
uei uen ueng uo

The fourth one is the HMM state. In the HMM-based speech
synthesis system, HMM state occupied by a number of speech
frames represents a short stationary part of a speech signal. So
every speech frame can be categorized into a HMM state. This
information can be obtained from the decision tree of the HMMbased speech synthesis system directly.

4. EXPERIMENTS AND DISCUSSION
In this section, we first describe the experimental configuration in
Section 4.1. We then introduce the baseline systems in Section 4.2.
The effectiveness of the proposed framework in ANN-based
speech is next evaluated in Section 4.3 in order to compare with
the regression method in [10] and finally we evaluate the results of
the four different categorization tasks.

4.1. Experiment Setup
The corpus used in the following experiments was from a female
talker speaking Mandarin for about seven hours. The contextual
features [7] are represented as a vector. The speech parameters
used in these experiments are line spectral pair (LSP) [24] with
dynamic features as the spectral parameters and log fundamental
frequency (LF0) as the excitation parameter. The spectral

parameters were extracted from the STRAIGHT spectrum [25].
Before taken into ANN training, these two features were both
normalized into a Gaussian distribution with zero mean and unity
variance. The KALDI toolkit [26] was used for ANN training. The
topology of the DNN used in the following experiments contains
four hidden layers with 3072 units at each hidden layer and the
RNN contains two BLSTM layers with 512 units.
The quality of the synthesized speech was verified in two ways.
The first was through two objective measures, namely the root
mean square error (RMSE) between the generated and the original
speech parameters and log spectral distance (LSD) [27] between
the generated and the original waveforms. The other was a
subjective measure in terms of the ABX preference scores [28] in
naturalness. In the preference tests, subjects were asked to listen to
two versions of synthesized speech and choose one which sounds
much better than the other. The better one will get a preference
score of “1” or no preference (N/P) score of “1”. The final scores
were calculated by the mean value of the scores given by the 15
listeners who are working in some speech technology areas.

4.2. Baseline System with No Classification Layers
There are three baseline synthesis systems being evaluated here,
namely HMM-based speech synthesis (HTS-SYN), DNN-based
speech synthesis (DNN-SYN) and RNN-based speech synthesis
(RNN-SYN) systems. They were trained with the same inputs to
produce the desired outputs. The objective and subjective
experimental results are shown in Tables 2 and 3, respectively.
In Table 2, the objective measures were improved from HMMbased to ANN-based speech synthesis, especially for RNN where
the LF0’s RMSE was reduced by about 6.7% (from 0.148 in the
top row for HTS-SYN to 0.138 in the bottom row for RNN-SYN).
The preference scores also confirm the effectiveness of ANN-based
speech synthesis. Even with no classification, RNN-based speech
synthesis generated the best quality and was preferred to by about
33.33% over HMM-based speech synthesis shown in the second
row of Table 3, and by 34.29% over DNN-based speech synthesis
shown in the bottom row in Table 3.
Table 2: The RMSE and LSD measure for HMM-based speech
synthesis system (HTS-SYN), DNN-based speech synthesis (DNNSYN) and RNN-based speech synthesis (RNN-SYN) systems.
LSD
LF0
LSP
HTS-SYN
5.018
1.119
0.148
DNN-SYN
4.932
1.118
0.145
RNN-SYN
4.896
1.112
0.138
Table 3: ABX preference scores with a 0.005 confidence interval for
HMM-based speech synthesis (HTS-SYN), DNN-based speech
synthesis (DNN-SYN), and RNN-based speech synthesis (RNN-SYN).
HTS-SYN
0.2952
0.2
-

DNN-SYN
0.3524
0.1238

RNN-SYN
0.5333
0.4667

N/P
0.3524
0.2667
0.4095

4.3. Classification Tasks
4.3.1. Objective Measure
The error ratio in the objective function in Eq. (6) is crucial for a
proper incorporation of the classification layer into ANN training.
A series of experiments were carried out to decide which ratio is
appropriate for the different categorization tasks. Fig. 3 describes
the LF0’s RMSE changes with different error ratios for the four
different categorization tasks. It reveals that different categories
should take different error ratios. According to the preliminary
results, the error ratio choices were set to be 0.6, 0.4, 0.4 and 0.8

for classification of the voiced/unvoiced attribute, the phone
identity, the phonation position, and the HMM state, respectively.
These values will stay the same for the remaining experiments for
both DNN and RNN based speech synthesis.
UV

Phone

Phonation

HMM

0.15
0.145
0.14
0.135
0.13
0

0.2

0.4

0.6

0.8

1

1.2

5

10

In [10], the target voiced/unvoiced label is generated directly
from the output of the regression layer. It is different from our
proposed method that a classification layer is added only for the
voiced/unvoiced label’s classification. The objective measures are
shown in Table 4 for DNN-based speech synthesis systems. The
Voiced/Unvoiced error is decreased by about 1.56% from the
regression-based (UV-R-DNN) to classification-based (UV-CDNN) method. When compared with Table 2, RMSE and LSD
measures are also improved with the help of the classification
layers, especially for RMSE of LF0 that was reduced by about 6%.
Table 4: The RMSE, LSD, LSP and V/U (Voiced/Unvoiced) Error for
the method in [10] (UV-R-DNN) and our proposed method (UV-CDNN) where R indicates “Regression” and C indicates “Classification”.
UV-R-DNN
UV-C-DNN

LSD
4.983
4.899

LF0
0.153
0.133

LSP
1.120
1.113

V/U Error
5.449%
3.888%

Three objective measures were compared for DNN and RNN
based speech synthesis with the additional classification layer in
Tables 5 and 6, respectively. It can be seen that these values for the
four different categorization tasks vary very small among
themselves. Clearly the results with RNN in Table 6 are slightly
better than those with DNN in Table 5, and they are all better than
the baseline speech synthesis systems without the classification
layers as shown in Table 2.
Table 5: The RMSE and LSD measures for DNN based speech
synthesis with different classification tasks.
Voiced/Unvoiced
Phoneme
Phonetic Feature
HMM State

LSD
4.899
4.889
4.910
4.917

LF0
0.133
0.132
0.132
0.134

LSP
1.112
1.110
1.112
1.113

Table 6: The RMSE and LSD measure for RNN based speech synthesis
with different classification layers.
Voiced/Unvoiced
Phoneme
Phonetic Feature
HMM State

LSD
4.891
4.885
4.875
4.881

LF0
0.131
0.132
0.131
0.132

LSP
1.110
1.108
1.109
1.112

4.3.2. Subjective Preference Scores
Listening tests were also carried out to evaluate the effectiveness of
the proposed technique. Table 7 lists the preference scores for the

voiced/unvoiced label used in DNN-based speech synthesis at a
regression or a classification layer. The score for the classification
based method (UV-C-DNN) at 37.8% in the middle column of the
bottom row in Table 7 is preferred at 37.78% to the regression
based method (UV-R-DNN) in the left column at 8.89%.
Since the differences between the four tasks in Tables 5 and 6
are very small, we only consider the voiced/unvoiced attribute in
Table 8 with the best error ratio of 0.6. The preference scores are
compared for ANN based speech synthesis with (UV-C-DNN and
UV-C-RNN) and without (just DNN and RNN) the classification
layer. The results again confirm that speech generated with the
classification layer is much preferred to speech synthesis without
the classification layer by about 24% (from 0.2266 to 0.4667) for
DNN-based speech synthesis at the top row in Table 8, and by
about 15% (from 0.1867 to 0.34) for RNN based speech synthesis
in the bottom row of Table 8.
Table 7: Preference scores with a 0.05 confidence interval for DNN
based speech synthesis systems with regression (UV-R-DNN) or
classification (UV-C-RNN) for voiced/unvoiced label.
UV-R-DNN
0.0889

UV-C-RNN
0.3778

N/P
0.5333

Table 8: Preference scores at a 0.05 confidence interval for DNN and
RNN based synthesis with and without the classification tasks.
DNN
0.2266
-

UV-C-DNN
0.4667
-

RNN
0.1867

UV-C-RNN
0.34

N/P
0.3067
0.4733

From these results, it could be concluded that by adding the
classification layer on top of the hidden layers to the regression
ANNs we could strengthen the ANN’s modeling ability to generate
better speech parameters from the contextual features.

5. CONCLUSION AND FUTURE WORK
We propose an auxiliary categorization framework for training
ANN based speech synthesis systems. An auxiliary classification
layer is added on top of the hidden layers in parallel to the affinetransform layer. Four attribute categorization tasks have been
considered: namely classification of voiced/unvoiced attribute,
phonation position, phone identity and hidden Markov model
(HMM) state. Our experimental results show that the proposed
framework can generate much better sound than that without the
classification layer for speech synthesis systems based on the deep
neural network (DNN) and recurrent neural network (RNN).
In this study, only a female voice and four categorization tasks
have been included. In our future work, the proposed approach will
be tested for male speech synthesis as well. Other categorization
tasks for different speech attributes will also be explored and
combined together for the hidden layers’ back-propagation. Other
future work also includes the incorporation of speech recognition
attribute features into ANN training of speech synthesis systems.
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