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Abstract

The linguistic constraints and phrase-length constraints are the 
most important factors for Chinese prosodic phrasing in the 
natural speech. This paper presents a linguistic constraint 
model and a phrase-length constraint model to describe these 
two processes independently. Therefore, each part can be 
described in detail. In the linguistic constraints model, Chunk 
(base phrase) is considered as an important basic unit. And an 
HMM is used to model the phrase-length constraints, which 
concerns the distribution of the prosodic phrase lengths and 
the relationship between the prosodic phrase and the prosodic 
words. Then a k-candidate method is introduced to combine 
these two models. This approach makes full use of the 
linguistic constraints and the phrase-length constraints. The 
experiments show that this approach achieved a perfect 
performance with the phrasing f-score 82.9%. 

1. Introduction

Assigning the prosodic breaks correctly from a text sentence is 
an important step in text-to-speech system. The correct 
phrasing can make the utterance more natural and intelligent. 
It also influences the following fundamental frequency 
contour and duration generation modules. Although a lot of 
research work had been done on this topic, there are still many 
problems not been resolved well on prosodic phrasing in 
Chinese TTS system. 

A lot of methods had been introduced in this area. Based on 
the complete analysis on the linguistic features, Wang and 
Hirschberg [1] used the automatic classification and regression 
tree (CART) to predict the English prosodic phrase boundary. 
This method is also used in Chinese prosodic phrasing [4][5]. 
Paul Taylor and Alan W. Black [2] introduced a markov 
model as a framework for assigning phrase breaks. Ostendorf 
and Veilleux [3] proposed the hierarchical stochastic model to 
describe the prosody structure. Michaela [6] use the chunk as 
a basic prosodic unit (phonological phrase) and the phrase 
length constraint to predict the intonation phrases. Almost all 
of them realized that the syntactic features and the length of 
the prosodic phrase play the most important roles for prosodic 
phrasing. The syntax constrains the prosody structure, since 
the prosodic units can not destroy the syntax structure and the 
sentence meaning. On the other hand, the prosodic phrases 
tend to be balanced with a certain length.

However, the full syntax parse can not be gained correctly 
in Chinese. Now, the accuracy of syntax parsing is only about 
70%. The phrase length information is often used as a lonely 
factor in the past work. The relationship between the phrases 
lengths and the relationship between the phrase and words are 
also not described clearly in these studies. In this paper, we 
introduce a shallow syntactic feature, the chunk, as a major 
linguistic feature for prosodic phrasing, and build the 

linguistic constraints model for prosodic phrasing. An HMM 
can be used to describe the relations between the phrase 
lengths and the distribution of word in the phrases. The 
linguistic constraints and phrase length constraints are 
modeled independently. To combine these two modules, we 
propose a k-candidate approach. Based on the linguistic 
constraint model, the k candidate phrase assignments are 
produced. And the phrase-length model selects the phrase-
length optimized assignment from them. 

The layout of this paper is as follows. In section 2, the 
characteristics of the prosodic phrases are studied. And a 
linguistic constraint model and a phrase-length constraint 
model are proposed to describe the syntax constraints and the 
relation of the phrase length and the words in it, respectively. 
The prosodic phrasing framework is formed. Section 3 gives 
the experiment analysis and discussions. And the best result is 
gained by modifying the parameters. At the end, we make the 
conclusion in section 4. 

2. The constraint-based approach 

2.1. The framework of prosodic phrasing 

Assume the prosodic words’ boundaries of the sentence are 
decided, every prosodic word boundary is possible to be a 
prosodic phrase boundary, like below: 

pword1 | pword2   pword3  pwordn 
pword1 | pword2 | pword3  pwordn 
……

If there are n prosodic words, there will be 2n-1 possible 
prosodic phrases assignments. However, whether the prosodic 
word boundary can be a phrase boundary must depend on the 
syntax and the rhythm. It’s to say, the assignment must be 
reasonable in the linguistic and rhythm meaning. In this paper 
the phrase length is main study object of the rhythm. 

Therefore, the prosodic phrasing can be considered as two 
independently modules, the linguistic constraint model and the 
phrase-length model. Firstly, the linguistic constraint model 
will decide which word boundary (class 1) can not be a phrase 
boundary, which one (class 2) can be or which one (class 3) 
should be. After deciding the three classes, the class 2 is set 
into class 1 or class 3 to produce the K possible prosodic 
phrase assignments. If the number of class 2 is m, then K=2m.
The phrase-length model selects the optimization prosodic 
phrase assignment in the K possible assignments. We call this 
the k-candidate method. The figure 1 gives the framework of 
this approach. In this framework, the linguistic model assures 
the prosodic phrase assignment’s linguistic rationality, and the 
phrase-length constraints make the utterance sounds more 
natural.
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Figure 1: Prosodic phrasing framework 

2.2. Linguistic constraint model 

2.2.1. Linguistic constraints 

Although the prosody structure can not be derived from the 
syntax structure directly, it is constrained by the syntax. For 
example, one sentence’s shallow syntax analysis: 

[NP /a /n] [VP /v] [PP /p /n /f] [VP 
/v] [NP /m  /n].  

The prosodic phrase break can not occurs in the chunks, and 
some chunk boundaries also can not be a prosodic phrase 
break, like between the chunks [VP /v] and [NP /m  

/n] in this sentence. At the same time, some position is more 
likely to be a prosodic phrase boundary to express the 
meaning of the sentence. 

As a shallow syntax feature, the chunk is highly relative to 
the prosody phrase [7], though these two concepts are in 
different areas. And the chunks represent the syntax 
information to some extend. Chunk is a very suitable unit for 
prosodic phrasing. Based on the shallow syntax analysis, three 
classes of word boundary mentioned in subsection 2.1 can be 
decided. First, we decide which word boundary (class 1) can 
not be the phrase boundary by bundling the chunks. Then we 
use a SVM-based classifier to decide the most likely word 
boundaries (class 3) to be a phrase break. The remaining word 
boundaries are class 2, which may be a prosodic phrase break. 

2.2.2. Chunk grouping 

The prosodic phrase breaks can not occur inside the chunks. 
After chunking, there are a lot of chunk boundaries which can 
not be a prosodic phrase boundary. The formula 1 is used to 
compute the probability for these boundaries to be connected. 
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In this formula, 
iC  means the chunk type; 

ilen  denotes the 

length of the chunk; i=0 and i=1 represent the current chunk 
and the following chunk, respectively;

0J  denotes the type of 

the juncture between the two words. 
0 0J  means the two 

chunks should be bundled together, when being read in the 
utterance. So, formula 2 is got: 

0 0 1 0 0 1( 0| , ) ( 0 | , )P J C C P J len len                             (2) 

If the probability is above the threshold , it is considered 

that these two chunks should be assembled for prosodic phrase. 

2.2.3. SVM based phrase break prediction 

If the word boundaries are recognized as phrase breaks with a 
high accuracy, we consider these word boundaries are the 
most likely phrase break (class 3). Due to the excellent 
performance as a classifier, SVM method is used in this 
process.

When selecting the features, the lexical information, such as 
POS, the position information, and the length information are 
the main objects. The chunk type is not used as a feature, 
since POS information in the window has included the chunk 
type information [8]. One of the demands for using SVM is 
that the features are independent of each other. The final 
feature vector is as following:  

2 2 2 1 1 1 0 0 1 1

2 2

- - - - - -x (p ,l ,t , p ,l ,t , p ,l , p ,l ,

p ,l ,d_s,d_e)
  (3) 

In the vector, p denotes the POS, l denotes the length of the 
word, t denotes the break type. The subscript means the 
position in the word window. The positions in the sentence 
from the start and the end are represented with d_s and d_e,
respectively. The predicted prosodic phrase breaks are 
assumed as the true phrase breaks in the utterance. 

After chunk grouping and the most likely phrase breaks 
prediction, the remaining word boundaries are seen as the 
potential boundaries for the prosodic phrase. 

2.3. Phrase-length model 

2.3.1. Phrase-length constraints 

The prosody itself also has some laws which the utterance 
must abide by. When speaking a long sentence, people will 
neither utter it syllable by syllable, nor pronounce it without 
any pause. The speaker will combine the words into a major 
prosodic unit, according to semantic requirement of the 
sentence and people’s physical and psychological mechanism. 
And, when listening, people are also sensitive to major chunks, 
in stead of individual words [9]. The phrase length reflects the 
constraints of the prosody to some extend. 

Figure 2: Number distribution of prosodic words in 
prosodic phrases with different length 
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In the previous research, the phrase length is mostly used. 
However, the collocation of phrases’ length and the prosodic 
word structure in the phrase are not studied deeply. For 
example, in figure 2, prosodic phrases with different length 
will consist of different prosodic word distribution, which will 
influence the phrase length on the contrary. Deeply mining the 
cue of the phrase length will provide more useful information 
for prosodic phrasing. To describe these information, a phrase-
length model is built. 

2.3.2. The phrase-length model 

Assume that one utterance consists of n prosodic phrases 
and m prosodic words. The probability of the utterance’s 
prosody unit lengths can be computed as: 

n
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In this formula,  
iLw  denotes the length of the ith prosodic 

word in the utterance; 
iLp  denotes the length of the ith

prosodic phrase. 
iNw  means the number of the prosodic 

words in the ith phrase.  

Figure 3: An HMM based phrase-length model

And a markov property is assumed in formula 4. An HMM 
can be used to describe the relations between the phrase 
lengths and the distribution of words in the phrases. The 
phrase length can considered as the states, and the number of 
the words in the phrase as the objects, like figure 3.  

Therefore, every possible utterance can be modeled by an 
HMM, and can get the probability under the HMM 
computation framework. The probability is higher this phrase 
assignment is more likely to occur as a natural utterance. 
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We call formula 5 the phrase-length model. The candidate 
with the maximum probability is considered as the best 
prosodic phrase assignments.

After passing the linguistic constraints model, the phrase-
length model will decide the optimized prosodic phrase 
assignment from the K candidate assignments in the phrase-
length meaning. 

3. Experiments and Discussions 

3.1. Speech corpus 

In this study, we use a large phonetically and prosodically rich 
mandarin speech corpus, in which the sentence lengths are 
about 7-25 syllables. The sentences were read with a normal 

speech rate. This corpus totally contains 4899 utterances, 
which have been labeled the prosody structure by an 
experienced annotator. The linguistic features are labeled 
automatically by the text analysis module in our system. The 
accuracy of POS tagging is 93%. The chunk spec is based on 
[9]. An HMM-based chunker is used, and the labeling 
precision has reached above 90%. 

In this corpus, 4000 sentences are used as the training 
database and the remaining 899 sentences as the testing 
database. All the experiments are based on this corpus. 

3.2. Evaluation criteria 

The precision, recall and f-score are adopted as the evaluation 
measures. The precision (Pre) is the accuracy percentage of 
prosodic phrase breaks assigned by this approach. And the 
recall (Rec) is the percentage of breaks in the corpus that are 
found correctly. 

The f-score is defined as:

2 Pre Rec (Pre Rec)F                             (6) 

3.3. Experiment results 

In the following figures and tables, PLM means the phrase-
length model; LC0 means the linguistic constraint model with 
only the chunk grouping being considered; LC1 means the 
linguistic constraints model adding SVM-based phrase break 
predicting module besides chunk grouping. And  is the 

threshold of chunk grouping in formula 2. During the 
experiments, we modify the threshold  to get the best 

performance. The phrase-length model is trained from the 
training corpus.

In the LC1 model, we use the training corpus to train the 
SVM classifier to decide the most likely prosodic phrase 
breaks. And the precision is 87.1%, and the recall is 32.9%. 
Instead of the low recall rate, this is thought of a good result 
due to the high precision. For finding the most likely phrase 
breaks, the accuracy is the most important, and it is not 
necessary to get all the correct phrase breaks. 

 Figure 4: Results for the LC0+PLM method

Figure 4 gives the precision (Pre), recall (Rec) and f-score 
(F) of the prosodic phrase prediction using the LC0+PLM 
method. The threshold  for chunk grouping is modified. 

With the rise of  , the precision goes down and the recall 

decrease. When 0.5 , the best prosodic phrasing result is 

got, with the f-score 71.9%.
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Figure 5: Results for the LC1+PLM method 

Figure 5 gives the results of the method of LC1+PLM, with 
the threshold  changing. When 0.3 , the best result is 

got, with the f-score 82.9%. Compared with figure 4, the 
precision and recall are much more improved. Especially the 
recall is very high at the beginning. The reason is that, after 
the phrase prediction by SVM, much more correct prosodic 
phrases were found, and these correct phrases further lead the 
phrase-length model to find the other prosodic phrase 
boundaries correctly. 

Table 1: results compared
Method Prec.% Rec.% F-Score% 
Chunk+PLM 69.4 67.3 68.4 
LC0+PLM 74.1 69.8 71.9 
LC1+PLM 83.3 82.4 82.9
SVM method 86.8 66.2 75.1 

Table 1 gives the best results of each method. In the 
method of Chunk+PLM, the Chunk is used as the basic 
rhythm unit. Every chunk boundary is considered as a 
potential prosodic phrase boundary. And based on the chunks, 
the phrase length of the utterance is optimized by the phrase-
length model. When after chunk grouping in the method 
LC0+PLM, the precision is improved much. Chunk grouping 
decrease the errors for the phrase breaks. When the most 
likely prosodic phrase break is decided in the method 
LC1+PLM, the precision and the recall all have a great 
improvement and the f-score reaches 82.9%. The SVM 
method reported in [10] doesn’t use the phrase-length model. 
In spit of the high precision, the recall of the SVM method is 
very low, even lower than the Chunk+PLM method. This 
account for that the phrase-length model is more efficient in 
improving the recall.

3.4. Discussions 

Experiments proved that this method of linguistic 
constraints and phrase-length constraints is efficient to get 
high precision and recall for prosodic phrasing. In the whole 
approach, the linguistic constraints assure the phrase 
boundaries do not destroy the syntax structure and the 
sentence meaning, and occur at the word boundaries which 
make the sentence more intelligent. And the chunk is the key 
basic unit in the linguistic constraints. More syntax cues can 
be derived from the chunks. The phrase-length model will 
make the utterance more fit to the human’s rhythm rules. This 

function also helps to find more prosodic phrase breaks from 
the potential word boundaries. 

4. Conclusions

In this paper, we proposed a novel methodology to assign 
prosodic phrase breaks in Chinese TTS system. Compared to 
the previous statistic models, this approach successfully 
describes linguistic constraints and phrase-length constraints 
using two independent modules and combines them 
organically through the K-candidate approach. And the good 
performance is achieved, which is high both in precision and 
recall. The linguistic constraint model insures the high 
precision and the phrase-length model insures the high recall. 

The linguistic constraints can be considered active in many 
speech styles. However, the rhythm modes are greatly 
different for different speech rates. The phrases of the fast 
speech tend to be longer; and the phrases of the slow speech 
are more likely to be shorter. To describe the different speech 
rate will be the problem to resolve in the future. For different 
speech styles, the phrasing framework and linguistic model 
may not be changed. The speech styles with different rate for 
phrasing can be gained by changing the phrase-length model. 
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