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Abstract�� 
A novel method is proposed to improve the duration prediction 
for HMM based speech synthesis. Based on the decision tree 
trained by the conventional HTS training method, the duration 
instances of every leaf node are further clustered into several 
classes by the K-means clustering method, and the mapping 
functions between the context features and class labels are 
trained by CRF. Instead of using the mean value of the 
Gaussian distribution of a leaf node in the decision tree as the 
predicted duration, the weighted summation of the multi-
centroids from these several clustered classes is used to predict 
the phoneme duration. The weights are given by the output 
probability provided by CRF according to input context 
features and the prior probability from the clustering results. 
Compared with conventional HTS method,   experiments show 
that the proposed method can significantly reduce RMSE in 
objective evaluations and achieves better preference scores in 
the subjective evaluations. 
Index Terms: duration prediction, HTS, CRF 

1. Introduction 
The Hidden Markov Model (HMM)-based speech synthesis 
has been widely used in recent years. In this method, F0, 
duration and spectrum are modeled simultaneously within a 
unified framework [1]. By taking account of constraints 
between the static and dynamic features, smooth speech 
parameter trajectories can be generated with high intelligibility 
[2].  

Currently, one of the main drawbacks of HMM-based 
speech synthesis is that the synthesized voice does not sound 
natural enough because of the bland prosody. Duration is an 
important prosodic factor to control the speaking speed and 
further rhythm of the synthesized voice. Further in the systems, 
the state duration also plays an important role to determine the 
best state sequence to generate parameters such as spectrum 
and F0. The monotonous state durations generated by HMMs 
are lack of prosodic variance and naturalness. 

The state of the art of HSMM duration prediction method 
[3] models the duration distribution of each leaf node in the 
decision tree by a single Gaussian distribution. In the synthesis 
stage, each target unit traverses the decision tree and reaches a 
leaf node, and then the mean value of the leaf node is applied 
as the predicted duration for that target unit. The duration 
values for all possible target units can only come from the 
mean values of leaf nodes in the duration tree. Although the 
size of the duration decision tree may be controlled by tuning 
the parameters when training, the total number of leaf nodes 
will not be very large and is not enough to present all possible 
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target units. Suffering from the synthesized voice with 
monotonous durations, many researchers have proposed 
methods to improve the duration prediction such as multi-level 
duration models including phoneme and syllable duration 
distributions [4], full covariance Gaussian distributions [5], 
multi-level exemplar based duration generation method [6] 
and explicit duration modeling [9]. 

In this paper, a new duration prediction method is 
proposed to generate the duration from multiple centroids 
instead of predicting just from a single centroid, i.e. the 
Gaussian mean in a leaf node of duration decision tree in the 
conventional HSMM. Phoneme duration instances in a leaf 
node of the duration decision tree will be clustered into several 
classes, and centroids of these classes will be used as multi-
centroids to predicted duration. Conditional random field 
(CRF) [7] is used to build the mapping function between 
context features of duration instances and class tags for every 
leaf node. In synthesis stage when predicting duration for a 
target phoneme in the test sentence, the corresponding leaf 
node is firstly visited by tracing the duration decision tree 
using the phoneme’s context feature, then the output 
probability of each class in the leaf node will be given by CRF 
for the input context features, and finally the phoneme 
duration is predicted by using these multi-centroids, output 
probabilities and prior probabilities of these classes. 

There are many works [4, 6] to improve the duration 
prediction with limits of multi-level linguistic units such as 
syllable and phoneme. While the present study is to expand the 
duration generation from single centroid to multi-centroids, it 
uses CRF to dynamically build the relationship between 
context features and the duration class in a leaf node, which 
was not considered in these earlier studies. A similar work is 
the rich context model [8] proposed to deal with the spectral 
and pitch’s over smoothing problem introduced by decision 
tree based parameter tying. 

The rest of this paper is organized as follows. In section 2 
the conventional state duration generation for HMM-based 
speech synthesis is reviewed. Then the CRF training is 
described in section 3. Section 4 presents our duration 
prediction method from multi-centroids in detail. Experimental 
results including the objective and subjective tests are 
introduced in section 5, and the last section concludes the 
paper. 

2. Conventional State Duration Generation 
Duration prediction is performed on state level in HMM based 
speech synthesis, because the predicted duration provides not 
only the occupying time of linguistic units but also the best 
state sequence which is the base for the spectrum and F0 
parameters generation. State durations are initially estimated 
from statistical variables obtained at the last iteration of the 
forward-backward algorithm, and then derived from hidden 
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semi-Markov model (HSMM) training with explicit state 
duration distributions. After obtaining these state durations, a 
phonetic decision tree is trained from training contexts with 
Minimum Description Length (MDL) criterion. In each leaf 
node of the decision tree, Gaussian distribution is used to 
describe the distribution of duration instances belonging to the 
node. 

When a phoneme sequence with context labels is inputted 
into system, the durations of all states of each phoneme are 
given by the mean values of the Gaussian distribution in leaf 
nodes which are found by tracing the decision tree using the 
phoneme’s context labels. The Fig.1 shows the duration 
distribution on each leaf node. From the figure it can be found 
that phoneme durations are distributed in a wide band but the 
candidate space for the duration prediction is just a line. If we 
synthesize the sentences in training sets, the duration of all 
phonemes that can trace to the same leaf node will be the 
centroid of that leaf node, while all these phonemes in the 
recorded speech have variety of durations.  In real synthesis, 
there are much more possible cases tracing to the same leaf 
node while its centroid is not enough to express them. The 
effect of using a line to represent a band is that the synthesized 
voice is too flat to inspire a listener’s interests, especially for 
long sentences in applications such as e-book reading. 

Figure 1: The phonetic duration distributions on leaf 
nodes, in which the lighter the color is, the more times 
the duration instances occur, and the thick track 
describe Gaussian mean values on each leaf node. 

3. Multi-Centroid Duration Generation:  
Training 

Because the proposed method is based on the HSMM duration 
model in HMM-based TTS, the conventional HTS training and 
the trained duration decision tree are necessary to prepare the 
training data for the proposed method. 

3.1. Duration clustering 
When recording a speech database, it is difficult to require the 
speaker to read all sentences in a unified speed, especially 
when the recording is taken on different days. The durations of 
two phonemes with similar context features from different 
sentences may differ significantly because of their different 
sentence speed. Thus, before clustering duration instances, 
duration normalization on the sentence level is necessary to 
reduce the effect of different sentence speed on the 
performance. 

For the HSMM duration model, the leaf node set is 
defined as L = {��, ��, … , ����}, and M is the total number of 
leaf node in the duration decision tree. For a leaf node ��, the 
duration instances belonging to this leaf node are clustered 
into K classes using K-means clustering method. Class tags are 
defined as  �� = {0, … , 	 − 1} , and the corresponding 
centroids and prior probabilities of these classes are 
� =
���,�, � � ��  and {��}, � � ��  respectively. One method 
to get the prior probability is to calculate the ratio of instances 
in each class to the total instances in the corresponding leaf 
node. To keep the consistence of the tags among all leaf nodes, 
these classes in each leaf node are sorted according to their 
centroids, i.e. ��,�  ≤  ��,�  ≤  …  ≤  ��,���. In other words, 
after sorting by the centroid the class tags mean the relative 
position of the class (shorter, middle, or longer) in the duration 
leaf node. 

3.2. CRF Training 
For a sentence s in the training set, the phoneme sequence is 
U� = {��}, � = 0, … , � − 1 , where N is the number of 
phonemes in the sentence. The duration and context label 
sequences are D� = {��} and  Θ� = {��}, � = 0, … , � − 1 
respectively. The context feature sequence  Θ����� = {�̅�}, � =
0, … , � − 1 for CRF training mostly comes from the HTS 
context labels, and may be different with the context label 
sequences for HTS training. For instance, the leaf node name 
can be introduced into the CRF labels to improve the training 
accuracy. 

For a phoneme n in the sentence s, the leaf node �� can be 
obtained by tracing the duration decision tree with the context 
label ��, and the corresponding duration class tag �� = �, � ∈
��  can be found by calculating the distance between the 
duration �� and centroids ��. Thus, the training pair (�̅�, ��) 
of the phoneme �� is derived for CRF to train the mapping 
function between the context set Θ!� and duration class tag set 
 ��. When all phonemes in the training set are processed, the 
training data set Φ = {(�̅�, ��)} will be derived and then the 
conditional model p(T|Θ!) is trained by CRF. 

The purpose of CRF training is to build the relationship 
between context features and the relative duration class 
position. In other words, for a phoneme, some kinds of context 
labels will make the phoneme have shorter duration, while 
some other kinds of context label may have longer duration. 
The trained CRF model try to grasp mapping functions 
between context features and class tags which indicate the 
duration position. 

4. Multi-Centroid Duration Generation: 
Prediction 

4.1. Duration generation 
For a sentence to be predicted, the phoneme sequence U, the 
HTS context sequence  Θ and the CRF feature sequence Θ!  
should be prepared before duration prediction. Assuming �� is 
the nth phoneme in the sentence, the leaf node �� and centroids 
��  of clustered classes for the leaf node can be derived by 
traversing the duration decision tree using the context label  �� 
of this phoneme. The phonetic duration ��  can be given in 
three ways: 
� Method 1. Using the centroid of the class with the 

highest probability predicted by CRF models. 
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                    �� =  ��,#  , �# = arg max  �(�|�̅�)                  (1) 

where θ�% is the CRF feature of the nth phoneme, k is the 
class tag, ��,  is the centroid of the class k of the leaf 
node ��  and p(k&θ�%)  is the conditional probability 
given by CRF based on the trained model and features 
θ�%.  They have the same meaning in the formulas below. 

� Method 2. Using the probability of each class predicted 
by CRF as weights and summing up all weighted 
centroids. 

                            �� = ∑ p(k&θ�%) ∗  c+,-
���
.�                   (2) 

� Method 3. Using the probability of each class predicted 
by CRF and the prior probability of each class as 
weights and summing up all centroids in one leaf node. 

                          �� =
∑ /2&3!45 ∗678

9:; /<, 9 ∗><, 9

?
,                    (3) 

                                C =  ∑ �(�&�̅�) ∗���
.� ��,                      (4) 

Where  ��,  is the prior probability of the class k of the 
leaf node ��. The above three methods are evaluated in 
the objective and subjective test.   

In HSMM, the state duration needs to be predicted to 
obtain the best state sequence to generate other speech 
parameters such as spectrum and F0, but the proposed method 
predicts the duration of phonemes because the duration 
decision tree is constructed on the phoneme level.  Thus, state 
durations in a phoneme can be derived from the predicted 
phonetic duration according to the proportion among the state 
Gaussian means in the leaf node from conventional HTS 
method. 

5. Experiment Result and Discussion 
To evaluate the performance of the proposed duration 
prediction method, both objective and subjective tests are 
carried out. Total 2165 Chinese sentences recorded by a native 
female speaker in reading style are used as training data set to 
train the conventional HSMM model and above CRF model. 
Other 433 sentences by the same speaker with phoneme 
boundary labeling by hand are treated as the testing data set. 

5.1. Objective evaluation 

5.1.1. CRF prediction 

For a duration instance, if the CRF gives the highest 
probability to the class that the duration instance belongs to, it 
is regarded that the class tag is correctly predicted by CRF. 
The correct rates of the class tag prediction by CRF models are 
shown in the table 1. In the table, K is the total number of 
classes been clustered. It can be seen from the 2nd row of the 
table that correct rates decrease when increasing the number of 
classes. The low accuracy of predicting class tags is the main 
reason that the Method 1, i.e., directly using the centroid with 
the highest output probability cannot be applied. It’s natural to 
introduce some weighting methods to improve the 
performance. For example, the output probability is used as a 
weight of the corresponding class. For CRF prediction 
performance, we also define a biased correct case, if the 
predicted class tag is correct, or it is the adjacent right or left 
tag. From the table it is observed that the biased correct rate is 

high which show that most of predicted tags are given with the 
correct or adjacent left/right tags. 

 
Table1. The correct rate of class tag prediction 

K 3 5 7 9 

Correct rate 57.7% 33.5% 22.8% 18.1% 

Biased correct rate 100% 85.2% 59.8% 48.5% 

5.1.2. RMSE of duration prediction 

The root mean square error (RMSE) is used as the criterion for 
the objective test: 

RMSE =  @�
A

∑ (BF − GF)HA��
F.�                                          (5) 

 Where x is the real phoneme duration labeled by hand, and y 
is the predicted duration, and N is the total number of 
phonemes in the testing data set. 

 
Table2. RMSE of duration by the multi-centroids methods and 

HSMM method (unit: ms) 
Multi-centroids HSMM 

K 3 5 7 9 

42.6 
Method 1 37.0 37.6 38.4 38.5 

Method 2 31.3 30.5 30.8 30.8 

Method 3 32.4 31.7 32.0 32.3 
 

The Table 2 shows the RMSE of durations by proposed 
multi-centroids method and the baseline HSMM method. It 
can be observed from the table that RMSE of prediction 
method with multi-centroids is smaller than that of the 
traditional HTS method with a single centroid, and the output 
probability can further reduce the RMSE significantly. On the 
other hand, the introduction of the prior probability increases 
the RMSE slightly. 

The prediction using Method 1 will cause an issue that the 
predicted duration is far away from the real value if the 
predicted tag is wrongly predicted by CRF. Introducing output 
probabilities in the Method 2 can make each class to 
contribute to the duration prediction with the dynamic weight 
dependent on the context. The prior probability in the Method 
3 will increase RMSE slightly, and it will be evaluated in the 
subjective test again. 

From the Table 2, it seems that RMSE is independent with 
the class number K, although the Table 1 has shown correct 
rates of predicting class tags decrease with increasing K.  The 
reason may be that the more precise description with larger K 
will compensate the decreasing prediction correct rates by 
CRF. 

5.2. Subjective evaluation 
The proposed method is also compared with HSMM method 
by the preference test. Twelve random selected sentences from 
a big corpus are synthesized using HTS engine by the baseline 
HSMM method and our proposed method. In proposed method, 
the class number K in a leaf node is set to 5 when synthesizing 
since herein the RMSE is smallest. Nine Chinese members of 
research staff in the fields of speech and nature language 
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processing are required to give their preference for these 
synthesized voices. If the two synthesized voices of both 
methods are too similar to be discriminated, the option ‘E.Q.’ 
can be given. Average results of the preference evaluation are 
shown in the Fig.2. From the average scores it can be found 
that our proposed method outperforms the baseline method 
HTS, but it is noted that about 1/3 sentences are given E.Q 
because our proposed method cannot improve the duration 
prediction to a perceptible extent. 
 

 
Figure 2: Average preference scores comparing with 
HTS and the proposed method. 

To evaluate the function of prior probability, three 
listeners are required to compare the synthesized voices by the 
proposed method with and without the prior probability. 
Results are shown in the fig. 3, from which it can be observed 
that the prior probability can increase the preference score 
significantly, i.e. from 36.36% to 51.52%. The main reason is 
that the few phonemes with abnormal predicted duration can 
reduce the overall perception for the whole sentence, although 
the proposed method can improve duration prediction for most 
phonemes. The introduction of the prior probability can reduce 
the possibility of abnormal durations and further provide the 
perceptible enhancement.  

Figure 3: Average subjective scores comparing 
methods using method 2 and method 3 

5.3. Discussion 

5.3.1. Over fitting problem 

The decision tree can be enlarged by modifying MDL 
parameters to more precisely describe phonetic instances as 
well as multi-centroids, but this operation have the risk of over 
fitting. In the proposed method, CRF is introduced to build 

relationship between context features and class tags, and CRF 
model is trained to find the optimization on the sentence level, 
which means that instances in leaf nodes are re-trained again 
to obtain new information from their original sentences. In the 
other side, the re-split leaf nodes are independently used for 
duration generation, but duration classes in our proposed 
method will be combined by the CRF output probability. 

5.3.2. Gaussian mixture model 

The prediction from multi-centroids seems to be the parameter 
generation from Gaussian mixture model (GMM) with multi-
Gaussian-components, but the two methods are different in 
nature. Weights in GMM are fixed after training, and 
parameters will be generated from these fixed candidates. 
Whereas the proposed method can use not only the prior 
probability but also the output probability given by CRF from 
the global optimization on the sentence for generating the 
phonetic duration and candidates can be extended from several 
fixed points to a wide range with dynamic weights. 

6. Conclusions 
We propose a novel duration prediction method using multi-
centroids in each leaf node of the duration decision tree. CRF 
is used to derive the mapping function between context 
features and class tags when training and give output 
probabilities of every class in a leaf node according to the 
input context features when synthesizing. The final predicted 
duration is given by the weighted sum of multi-centroids, and 
the weights of these classes are calculated by the output 
probability by CRF inference and the prior probability. The 
objective and subjective tests has proven the proposed method 
outperforms the baseline HSMM method 
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