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Abstract 
Feed-forward deep neural networks (DNNs) based text-to-
speech (TTS) synthesis, which employs a multi-layered 
structure to exploit the statistical correlations between rich 
contextual information and the corresponding acoustic 
features, has been shown to outperform a decision tree based, 
GMM-HMM counterpart. However, the DNN-based TTS 
training has not taken the whole sequence, i.e., sentence, into 
account in optimization, hence results in some intrinsic 
inconsistency between training and testing. In this paper we 
propose a “sequence generation error” (SGE) minimization 

criterion for DNN-based TTS training. By incorporating the 
whole sequence parameter generation directly into the training 
process, the mismatch between training and testing is 
eliminated and the original constraints between the static and 
dynamic features are naturally embedded in the optimization 
process. Experimental results performed on a speech database 
of 5 hours show that DNN-based TTS trained with this new 
SGE minimization criterion can further improve the DNN 
baseline performance, particularly, in subjective listening tests. 
Index Terms: speech synthesis, deep neural networks(DNNs), 
sequence generation error (SGE) minimization training 

1. Introduction 
Hidden Markov models (HMMs) have become the main 
stream in statistical, parametric model based text-to-speech 
(TTS) synthesis [1] in the past decade. When compared with 
the unit selection or segment concatenation-based synthesis, 
HMM-based TTS has certain distinctive advantages, e.g. its 
flexibility on changing voice characteristics, a small footprint 
size, and its robustness against application domain changes. 
Many HMM-based algorithms originally developed for speech 
recognition, e.g. context-dependent phone modeling, state-
tying based decision tree clustering, and speaker adaptation, 
have been successfully applied to HMM speech synthesis for 
generating the most probable speech parameter trajectory. 

Recently, a new machine learning algorithm with deep 
neural networks (DNNs) structure has demonstrated its 
effectiveness for improving speech recognition performance 
significantly. Artificial feed-forward, neural networks with 
many, hence deep hidden layers are trained to find a cogent 
non-linear mapping between paired input and output in the 
training data [2-4]. In such a DNN-HMM, acoustic feature 
vectors and the corresponding contextual-dependent phone 
sequence are modeled first by the conventional GMM-HMM, 
then the pairs of decision tree based HMM tied states 
(“senones”) and corresponding, dynamically aligned, acoustic 
feature vectors are then used to train DNN. Thus trained DNN-

HMM, due to its superior discriminative power, has become 
the state-of-art acoustic modeling in speech recognition.  

Contrary to speech recognition, speech synthesis is an 
inverse production, process. Motivated by the success of 
DNNs in speech recognition, a few DNNs research works 
have also been tried for parametric speech synthesis. Zen, et 
al. investigated DNN-based TTS [5] and pointed out 
comprehensively some intrinsic limitations of the conventional 
HMM-based speech synthesis, e.g. decision-tree based 
contextual state clustering. They showed that, on a rather large 
training corpus (~35,000 sentences), DNN can yield better 
TTS performance than its GMM-HMM counterpart with a 
similar number of parameters. Qian, et al. [6] examined 
various aspects of DNN-based TTS training with a moderate 
size corpus (5,000 sentences), which is more commonly used 
for parametric TTS training. Lu, et al. [7] employed phone, 
letter and vector space models (VSMs) based binary or 
continuous features as input features, and frame or state for 
output predictions in DNN-based synthesis. Deep belief 
networks (DBNs) with stacked, restricted Boltzmann machines 
(RBMs), which can model the structure in input data as 
generative “pre-training” and find a region of the weight-space 
that can reduce over-fitting in the discriminative “fine-tuning” 

phase of recognition model training [2], are also employed to 
model joint distribution of linguistic and acoustic features for 
speech synthesis [8]. In addition, RBMs were directly used to 
represent the distribution of the spectral envelops at each 
HMM state in [9] and the “mode” of RBMs, instead of the 

mean of GMM, has been shown to yield better synthesized 
voice quality.  

In DNN-based speech synthesis, the whole neural net 
structure is used as a regression model to map input texts to 
output acoustic features. DNN parameters are trained by 
minimizing the squared frame error (FE) between natural and 
the predicted output in the training corpus. In order to capture 
the temporal evolutions in the time-varying parameter 
trajectories, dynamic features are used together with their 
static counterparts as output features as constraints in 
parameter trajectory generation [10]. Excluding the trajectory 
generation from the optimization in training results in a major 
inconsistency between training and testing (synthesis). In this 
paper, to eliminate this mismatch, we propose to use a 
“sequence generation error” (SGE) minimization criterion and 
incorporate the whole trajectory generation process into the 
DNN-based TTS training. By introducing the parameter 
generation into the training procedure, the inconsistency 
between training and synthesis is eliminated and the 
constraints between static and dynamic features are naturally 
embedded in DNN training. The concept of SGE minimization 
training is similar to “minimum generation error” (MGE) 

training in HMM-based TTS which has been successfully 
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Figure 1.  DNN-based speech synthesis system. 

tested [11]. In speech recognition, the errors in sequence (i.e., 
sentence) decoding, has also been exploited in discriminative 
training of the acoustic models, either in GMM or DNN form, 
by incorporating the decoding errors in the training procedure. 
By doing so, the minimum word error rate is nicely 
incorporated into the training process and speech recognition 
performance has been significantly improved [12, 13].  

2. DNN-based speech synthesis 
Figure 1 shows a block diagram of a DNN-based speech 
synthesis system, which depicts of both training and synthesis. 
In training, the speech signal is first converted to a sequence of 
observed acoustic feature vectors through the feature 
extraction module and the corresponding text is converted into 
a sequence of contextual labels via text analysis. The 
contextual labels are used as input features � , represented 
either as binary features for categorical contexts, e.g. phone 
labels, or numerical features for numeric contexts, e.g. the 
number of words in the phrase. The acoustic features, together 
with their dynamic counterparts, are used as output features �,  
� = [���, ���, … , ��� ]� ,  �� = [	��,  ∆	��,  ∆�	��]� , � =
[	��,  	��, … ,  	�� ]� and 	�, ∆	�,  ∆�	�  are the i-th frame’s static, 

delta, delta-delta features of the original training data �  , 
which can be computed from � by � = ��, where � is the 
dynamic feature coefficient transformation matrix [10]. The 
parameters of DNN are trained by using pairs of input � and 
output � features extracted from the training data with a mini-
batched back-propagation algorithm [14]. The cost function is 
defined as  


��, ��� = 1
� �� − ���� = 1

� �‖�� − ���‖�
�

���
               (1) 

to minimize the accumulated frame error (FE), between 
original acoustic features �  and the predicted ��  of all the 
frames in the training data. 

 In synthesis, input text is first converted to input features �, 
then mapped unto the output features ��  by the trained DNN. 
In order to generate smooth parameter trajectories, dynamic 
features are used as constraints in parameter generation [10], 
where predicted features ��  are used as mean vectors and the 
global variances � of training data, which is used to construct 
covariance matrix � , to generate speech parameters ��  by 
maximizing the likelihood of Gaussian distribution 
�(��|��, �) . By setting �

�� �(��|��, �) = 0 , the problem is 
reduced to solving a linear equation 

�������� = �������                              (2) 
then  

�� = (������)��������� = ����                 (3) 
where 

� = ������, � = �������                        (4) 
and 

��� = �!"#[����, ����, … , ����]�                     (5) 
�� = �� = ⋯ = �                                     (6) 

is the covariance matrix. Finally, the speech waveform is 
synthesized from the generated parameter ��. 

3. Sequence generation error minimization 
training for DNN-based speech synthesis 

3.1. Sequence generation error (SGE) 
As a typical machine learning task, we choose the best 
objective function which matches the final goal of desired 
performance. To make the generated speech as natural as 
possible, the sequence generation error (SGE) is chosen and 
defined in the form of Euclidean distance as 


��, ��� = �� − ���� = �‖	� − 	%�‖�
�

���
               (7) 

The Euclidean distance can be replaced by log-spectrum 
distance which may be more perceptually relevant to the 
speech synthesis. However, the computational cost of log-
spectrum distance is pretty high due to the relative high 
dimension of log-spectrum. Unlike the cost function of DNN 
in (1), which minimizes accumulated squared frame errors of 
acoustic features between target � and network output �� , SGE 
criterion optimizes DNN by minimizing the paired sequence 
(sentence) error between generated parameters �� and natural 
speech �. 

3.2. Sequence generation error minimization 
training 
In order to minimize SGE in the standard back-propagation 
procedure, the derivatives of the error function with respect to 
the output nodes of neural network are computed. With the 
stochastic gradient decent algorithm the parameters in neural 
network are updated to minimized SGE. This framework is 
called SGE minimization based DNN training. 

The SGE’s derivatives of neural networks output can be 
computed based upon the chain rule 

&
��, ���
&�� = &
��, ���

&��
&��
&��                               (8) 

From the definition of SGE in (7), and with generation 
algorithm in (3), the derivatives of neural network output is 

&
��, ���
&�� = 2��� − �����������                 (9) 

Similarly, the derivatives of the covariance matrix is  
&
��, ���

&��� = 2��� − ����������� − ����          (10) 
Finally, the derivatives of the error function with respect to the 
network outputs can be plugged into the standard back-
propagation algorithms to minimize the error function. 

3.3. SGE Minimization Training Implementation for 
DNN-based Speech Synthesis 
The SGE minimization training for DNN-based speech 
synthesis is quite straightforward, but there are still some 
problems to be taken care in its implementation. 
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3.3.1. Normalization 

When the deep neural networks are used as regression models, 
normalization is very important for both input and output. 

In DNN-based speech synthesis, the input � and output � of 
neural network for training are all normalized into zero-mean 
and unity variance, noted as �′ and �′. However, the parameter 
generation algorithm is very sensitive to the value of variance 
which corresponds to the un-normalized output �. 

In SGE minimization training, to eliminate the difference 
between dimensions of generated parameters, all the training 
error were also calculated in their normalized form. So the 
definition of generation error turns into normalized value 

��′, ��′� and the derivatives in (9) are changed to 


��′, ��′�
&�′* = 2 &�+�

&�� ��� − ����������� &��
&�+*          (11) 

Generally, both ��+*
���  and ���

��+*  are relevant to the standard 
deviation of all the outputs in the training data. So the error 
back-propagation in SGE minimization training is performed 
as following: 

� Firstly, de-normalize the neural network output �′* to ��  
� Secondly, perform parameter generation algorithm with 

��  to get generated parameters �� 
� Finally, according (11) the error is back-propagated to the 

last layer of neural network 

3.3.2. Efficiency 

Mini-batched stochastic gradient decent (SGD) algorithm is 
widely used in most DNN-based training, which is an iterative 
method, sweeping through the whole training set by randomly 
sampling a mini-batch (usually hundreds of input and output 
pairs) for updating the models. This algorithm can speed up 
model convergence rapidly, also make parallelization much 
easier. In this manner, all training procedure can take the 
advantages of GPUs efficiently. 

SGE minimization training, like sequential DNN training in 
ASR, is not suitable for mini-batched SGD. In sequential 
training for neural network, the size of mini-batch is not fixed 
but made equal to the length of sequences. SGE minimization 
training will require more computational costs than traditional 
frame error (FE) minimization training, especially when 
computing the inverse of R. Generally, it’s very hard to take 

the matrix inverse operation in parallel. To avoid significant 
computational overhead for SGE minimization training, 
considering with the same global variance for each frame, that 
makes the matrix R palindromic, symmetric, band, quasi-
diagonal, and the error of each frame will not have an 
influence range longer than about 100 frames, the approximate 
algorithm is as following:  

� Firstly, pick a small piece (about 100x100) of matrix � 
diagonally 

� Secondly, take the inverse of the small matrix with a 
carefully implemented function on GPUs which is 
highly parallel by using the high-speech shared memory 
on GPUs. 

� Finally, extend the small inversed matrix diagonally to 
be ��� 

With a diagonal covariance matrix, the generation error for 
each dimension also can be calculated concurrently. 

3.3.3. Randomization 

Data randomization is commonly used in order to avoid local 
minimum in the gradient-based iterative training procedure. 

In frame error minimization, input and output are paired at 
the frame level and context independent. Therefore, 
randomization can be performed at the frame level. However, 
SGE minimization criterion is based on parameter generation 
algorithm which needs the information of the whole sentence. 
Hence, to avoid local minimum problem, randomization is 
performed not at the frame but the sentence level. 

4. Experiments 

4.1. Experimental Setup 
A phonetically and prosodically rich corpus, recorded by a 
female American English speaker is used. The English corpus 
consists of 5,000 training utterances (around 5 hours) and 200 
extra utterances are used for testing. Speech signals are 
sampled at 16 kHz, windowed by a 25-ms Hamming window 
and shifted at every 5-ms. The LPC of 40th order is 
transformed into static LSPs and their dynamic counterparts. 
The phonetic and prosodic contexts include quin-phone, the 
position of phone, syllable and word in phrase and sentence, 
the length of word and phrase, stress of syllable, TOBI and 
POS of word. 

In the baseline DNN-based TTS, input features of DNN are  
vectors of 355-dimensions, consisting of 319 binary features 
for categorical linguistic contexts and 36 numeric linguistic 
contexts, and output features are vectors of 127 dimensions, 
which consists of voiced/unvoiced flag, log F0, LSP, gain, and 
their dynamic counterparts. Voiced/unvoiced flag is a binary 
flag of the current frame. An exponential decaying function 
[15] is used to interpolate F0 in unvoiced regions. About 80% 
of silence frames are removed from the training data to reduce 
the computational cost. Removing silence frames in DNN 
training has also been found useful to avoid overtraining the 
silence model in speech recognition. The mapping between 
input and output is from MGE refined HMM force alignment. 
Both input and output features of training data are normalized 
to zero mean and unity variance. The weights are trained by 
back-propagation procedure with a mini-batch based 
stochastic gradient descent algorithm and layer-wise BP pre-
training [6]. 

In the improved DNN-based TTS with SGE minimization 
training, both the input and output are the same as the baseline 
system. The silence frames are kept in sentences for 
computing generation errors. The DNN is firstly trained with 
the cost function in (1), then refined sequentially with gradient 
in (11) till it is converged. 

For testing, both baseline and improved DNN outputs are 
firstly fed into the parameter generation module to generate 
smooth trajectories with the dynamic feature constraints, then 
perform formant sharpening, based upon LSP frequencies 
[16], to reduce the muffling effects in generated speech due to 
averaging in model training, finally the waveforms are 
synthesized by an LPC synthesizer with the sharpened 
generated parameters. 

4.2. Experimental Results and Analysis 
Objective and subjective measures are used to evaluate the 
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Figure 2. Convergence of SGE minimization training for DNN-

based TTS in testing set 
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Table 1. The results of objective measures of different training 
strategies in DNN training 

Measures 
Strategy 

F0 RMSE 
(Hz) 

LSD 
(dB) 

Gains RMSE 
(dB) 

Mini-batched 15.4 3.74 3.14 
Sequential 15.8 3.82 3.15 

Table 2. The results of objective measures of different training 
criterion in DNN training 

Measures 
Criterion 

F0 RMSE 
(Hz) 

LSD 
(dB) 

Gains RMSE 
(dB) 

FE minimization 15.4 3.74 3.14 
SGE minimization 15.4 3.66 2.96 

42%
Improved

27%
Neutral

31%
Baseline

Figure 3. The preference scores of the baseline and improved 
systems 

performance of two training criteria with the testing data. 
Synthesis quality is measured objectively in terms of 
distortions between natural test utterances of the original 
recording, which are not included in the training, and the 
synthesized speech where oracle state durations (obtained by 
forced alignment) of the recorded speech are used. The 
objective measures are F0 distortion in root mean squared 
error (RMSE), gain distortion and normalized spectral distance 
in log spectral distance (LSD). The subjective measure is an 
AB preference test between paired speech sentences, 
synthesized by the baseline and the proposed DNN-based TTS 
systems.  

The difference between the baseline and the improved 
systems is not only in the training criteria, but in the training 
strategy. To make sure the impact of different training 
strategies, sequential training is also employed for the baseline 
system, i.e., it treats each utterance as a mini-batch, updates 
neural network with the training criterion in (1) and perform 
randomization at the utterance level. Table 1 shows the result 
of different training strategy in objective measures. Compared 
to mini-batched training, sequential training leads a little 
performance degradation. To overcome the problem, DNN 
used for SGE minimization training is initialized with a well-
trained model from the baseline system. 

Figure 2 shows the SGE change in the testing set in 100 
epochs of SGE minimization training. Although the initial 
DNN by the baseline training already yields a fairly small 
error, SGE minimization training can reduce it further.  

The objective measures of the baseline and the new 
proposed systems are shown in Table 2 for F0, log spectral 
distortion and gain. Since the interpolated F0 in unvoiced parts 
are useless in parameter generation once the unvoiced/voiced 
flag is predicted, the sequence error for F0 ignores in its 
RMSE calculation. Table 2 shows the SGE minimization 
training can improve the performance of DNN-based TTS 
system, i.e., the LSD and the gain RMSE are decreased by 0.1 
and 0.2 dB, respectively. 

The performance of the baseline DNN-based TTS and the 
proposed new system are further evaluated by a subjective AB 
comparison, listening test. Altogether, 50 utterances, which are 
randomly selected from the testing set and synthesized by the 
baseline and the proposed systems, are evaluated. Participated 
are 14 subjects through the Amazon Mechanical Turk [17]. 

Each subject evaluates 50 pairs with headsets. There are three 
choices for each pair: 1) the former is better; 2) the latter is 
better; 3) no preference or neutral (The difference between the 
paired sentences cannot be perceived or can be perceived but 
difficult to choose which one is better). The preference scores 
are shown in Figure 3. It shows that the speech synthesized by 
the proposed system is preferred over the baseline system (at p 
< 0.01 level). (Some samples of synthesized utterances are 
given on the web link: http://research.microsoft.com/en-
us/projects/dnntts/) 

It is difficult to use DNN for sequence modeling while 
HMMs are effective to model the evolution of speech signals 
as a stochastic sequence of acoustic vectors. To use DNN for 
modeling speech features, generally the input and output 
features need to be force-aligned by HMMs in advance. The 
input text features and output acoustic features can be aligned 
at the state or phone level of HMMs. It was reported that state 
boundary info is important for training the DNN-based TTS 
baseline to yield better synthesized speech [6]. However, in 
the proposed DNN-based TTS with SGE minimization 
training, the difference of TTS speech synthesized by DNN 
trained with or without the state or phone boundaries is small, 
as supported by a preference test performed by 14 subjects as 
shown in Figure 4, where the performance of DNN with state 
boundary info is only slightly better than that with phone 
boundary info but the difference between the two is 
insignificant. In our experimental results of the baseline and 
the improved DNN-based TTS shown in Table 2, DNN is 
trained by the input text features and output acoustic features 
aligned, down to the state level by the trained HMMs. The 
state duration of test sentences are also given by HMM-based 
TTS system.  

5. Conclusions 
In this paper, a new SGE minimization criterion is proposed to 
train a DNN-based TTS to minimize the mismatch between 
training and synthesis. While experiment results show the 
proposed system can reduce the sequence errors objectively, 
listening tests also confirm subjectively that thus synthesized 
voice sounds clearer with a more natural prosody than the 
baseline DNN. We have applied SGE minimization training to 
other NN-based applications like voice conversion [18]. Both 
naturalness and the speaker similarity between the converted 
and the target speech have also been significantly improved. 

43%
State

20%
Neutral

37%
Phone

Figure 4. The preference scores of the improved system with 
force-aligned state and phone boundaries. 
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