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Abstract-As a basic prosodic unit, the prosodic word 
influences the naturalness and the intelligibility greatly. 
Although the relation between the lexicon word and the prosodic 
word has been widely discussed, the prosodic word prediction 
still can not reach a high precision and recall. In this paper, the 
study shows the lexical features are more efficient in prosodic 
word prediction. Based on careful analysis on the mapping 
relationship and the difference between the lexicon words and 
the prosodic words, this paper proposes two methods to predict 
prosodic words from the lexicon words sequence. The first is a 
statistic probability model, which efficiently combines the local 
POS and word length information. Experiments show that by 
choosing appropriate threshold this statistic model can reach a 
high precision and high recall ratio. Another is an SVM-based 
method. In this SVM classifier, an efficient feature is introduced. 
Besides the POS and the word length features, the in-word-
probability (IWP) is used. IWP means the probability of a 
lexicon word to be in a prosodic word. The precision and the 
recall ratio are improved greatly after using SVM classifier and 
the IWP feature. 

I.    INTRODUCTION 

The prosodic word is the basic unit of the prosodic 
structure, which greatly influent the naturalness of the TTS 
system. Not every lexicon word can be directly read as a 
prosodic word in the utterance. It is very different between 
them. The perceptive experiment [Qian, Chu, 2001] shows 
that the TTS system using the prosodic word as the basic unit 
has much higher intelligibility and naturalness than using the 
lexicon word directly. At the same time, the prosodic words 
can not be stored in the lexicon as a lexicon word, since the 
prosodic words have not certain linguistic property and the 
prosodic words will change greatly in different context. 
Therefore, prosodic word detection from the text became a 
necessary step in the prosodic analysis module of the TTS 
system. 

In previous, many methods were introduced in this area. 
[Qian, Chu, 2001] use a statistical rule based method and a 
CART based method. They mainly use the POS and word 
length feature. Although the syntax feature is useful to 
improve the precision and recall, it will cost much more time 
for parsing. [Shi, Ma, 2002] use the word POS and length 
information as the feature, and use dynamic programming to 
predict the prosodic words. [Zhao, Tao, 2003] use extended 
features to predict the prosodic word with a CART model. 
The extended features include totally three kinds of features: 
the POS feature, base phrase, and syntactic feature. All these 
methods use the lexical feature as an important feature. In 

these works, the POS and word length information are mostly 
used. The deep information about the words has not been 
mined. 

In this study, we also think of the prosodic word detection 
as a binary classification problem. The prosodic word’s 
characteristics are investigated in detail, and the most 
efficient features to predict prosodic words are given. First, 
we proposed a probability model using the POS and word 
length information. Then the SVM classifier is used because 
of its efficient usage of the features and its perfect 
classification performance. In the SVM classifier, IWP is 
introduced as a new feature. It describes the Chinese lexicon 
word’s ability to form the prosodic words.  

The rest of this paper is structured as follows. Section 2 
gives the analysis on the characteristics of prosodic words, 
and studies the relation between the prosodic words and the 
lexicon words. Section 3 describes the framework for 
prosodic word prediction, and proposes two approaches: a 
statistic probability model based on the POS and length 
information, and a SVM based method which uses the new 
feature IWP. In section 4, the evaluations on each method are 
given and the discussions are made. And in the end, section 5 
gives the conclusion. 

II.    PROBLEM STATEMENT 

In general, the prosodic word is very different from the 
lexicon word. In our corpus, there are only about 50% lexicon 
words also being a prosodic word directly. There is not a one-
to-one mapping between them. Figure 1 gives the length 
distribution of the P-words (prosodic words) and the L-words 
(lexicon words) in this corpus. There are much more mono-
character lexicon words than mono-character P-words. This 
accounts for that the monosyllable L-words trend to bundle 
together into a P-word. 

It is discovered that the P-word trends to consist of two 
characters and very few P-words will have more than 3 
characters. This is due to the bi-character rhythm demand to 
build the prosodic foots in the phonology. It is consistent with 
the phonetics theory [Cao, 2002; Wang, 2000].The rhythm 
mainly concerns the length of P-words, which is the 
important factor for P-words forming. This is the reason why 
the L-words to form the bi-syllabic P-words by assembling 
mono-character L-words and splitting the longer L-words.  

For example, in the sentence |把 脚趾 插进 沉重 而 潮湿

的 沙里|, the prosodic words “插进”, “潮湿的”, “沙里” are  
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Fig.1. Length distribution of P-word and L-word in the corpus 

all from two lexicon words. And, the prosodic word “潮湿

的” is formed by the lexicon word “潮湿”and “的”. 
In addition, many studies [Cao, 2002; Wang, 2000] in 

phonetics show that the P-word is more concerned with the 
local information, and most times only relative to the two 
adjacent words. The local information seems to be the most 
important cue for predicting the P-word. Therefore, the study 
on the contribution of the local information to P-word will be 
the core of this paper. 

TABLE I 

THE DIVIDING POSITION IN LONG L-WORDS 
 1 2 3 4 

4-character word 11 443 13 0 

5-character 1 3 1 0 

6-character 0 1 0 2 

 
On the other hand, the L-word with more than 3 characters, 

usually divides into several parts, which have 2 or 3 
characters. Almost every L-word with length longer than 3, 
will be divided into different parts. Table I gives the 
occurrence frequency of the splitting position. We can see 
that in table I the separation is more likely to appear at the 
even position. 
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Fig.2. Distribution of the number of L-words to form a P-word 

P-words are formed through assembling or splitting the L-
words. Figure 2 shows the distribution of the number of L-
words to combine together into a P-word. It is discovered that 
most of P-words are from one or two L-words when they are  

"1+1" 58%
"2+1" 32%

"1+2" 7%

other 3%

 
Fig. 3. The percentage of each type of P-words 

produced. From table I and figure 1, it shows that about 98% 
P-words are from one L-word or more L-words grouping. 

Figure 3 gives the percentage of each word-length group to 
form a P-word from two adjacent L-words. For example, the 
P-word “沙里” is formed by two mono-character L-words of 
“沙” and “里”, which is a “1+1” group type. And the P-word 
“潮湿的” is composed of a bi-character L-words and a mono-
character word, which is a “2+1” group type. Figure 3 shows 
that the ‘1+1’ type P-words occupy 58% in the all two L-
words grouping. And the mono-character L-words are the 
most important candidate to be assembled with others to build 
the P-words, of which almost 97% include a mono-character 
L-word. When the bi-character L-words are adjacent to 
mono-character L-words, it is also more likely to be 
assembled. Based on this analysis, we only consider the 
mono-character and bi-character L-words, when deciding 
whether a word grouping should be a P-word. 

 
TABLE II 

THE PROBABILITY OF THE L-WORD LENGTH GROUP IN A P-WORD 
 1 2 3 4 

1 0.53863 0.16127 0.03237 0.00833 

2 0.38018 0.02198 0.00000 0.00000 

3 0.21994 0.00865 0.00000 0.00000 

4 0.14402 0.00000 0.00000 0.00000 

 
Table II shows the probability of the L-word length group 

combined into a P-word. It shows that the mono-character 
word is more likely to bundle with others. Some bi-character 
L-words are also likely to be in a P-word with other L-words. 
Based on figure 3 and table II, it shows that the length of L-
word is an important factor to influence the P-word forming. 
Of all the L-words, the mono-character and bi-character L-
words are the most likely to be bundled. The process of 
mono-character and bi-character words should be the 
emphasis of P-words prediction. 

III.    APPROACHES TO PROSODIC WORD PREDICTION 

A. The framework to predict prosodic words 

From the analysis in section 2, we can see the length 
information is one of the most important factors which can 



reflect the prosodic words. And other studies [Cao, 2002; 
Wang, 2000] show that the L-word with different POS has 
different combining ability to form a P-word. The POS 
information is another important cue for P-words forming. In 
our system, the P-word prediction is based on the lexical 
analysis: word segmentation and POS tagging. Considering 
the methods of the P-words forming, there will be two parts 
of work to do for the P-word predicting, like in figure 4: 

Part 1: Combining the L-words into a P-word. 
Part 2: Separating some L-word into P-words. 

 
Fig.4. The framework from L-words to P-words 

In part 1, whether the two adjacent L-words should be 
combined into a P-word will be decided. We call this words 
grouping. When doing words grouping, we used the forward 
parsing, which parses the text from left to right. 

In part 2, the rule-based method is adopted. It is discovered 
that the long L-word are the most likely to be divided at the 
even position into bi-character P-words. We divide the L-
words longer than 4 characters using these rules. 

Because most of P-words are by the words grouping means, 
the part 1 is the most important work in this study, and the 
following approaches are about words grouping. 

B. A statistic probability model for words grouping 

The probability of the P-word generation can be described 
by the context POS and word length information, like the 
following formula. 

 

),|(),|())(1(
)),(),(()|,()|,()(

),,,()()|,,,(
),,,|(

1001000

10100100100

1010001010

10100

wLenwLenJPPOSPOSJPJP
wLenwLenPPOSPOSPJwLenwLenPJPOSPOSPJP

wLenwLenPOSPOSPJPJwLenwLenPOSPOSP
wLenwLenPOSPOSJP

⋅⋅=
⋅≈

⋅= (1) 

In this formula, 0( )P J  is a constant value. We assume that 
the POS is independent with the word length information 
when predicting the P-words. This independence assumption 
also makes the training data enough for each part training to 
avoid the sparse problem. After this assumption, we get two 
independent parts, which is named POS constraint probability 

0 0 1( 0 | , )P J POS POS= and the length constraint probability 

0 0 1( 0 | , )P J nLen nLen= . 

η>=⋅= ),|0(),|0( 100100 nLennLenJPPOSPOSJP      (2) 

Therefore, the formula 2 can be used to compute the 
probability the two L-words is bundled into a P-word. The 
only thing we have to do is to choose an appropriate 
threshold η . The probability is lager, the more likely the two 
L-words is to be bundled. If the probability is larger thanη , it 
is recognized that these two words should be combined into a 
P-word, and this pre- lexicon word boundary is not a P-word 
boundary. 

C. SVM based method for words grouping 

Although the probability of the POS and word length can 
represent the likelihood of two L-words to become a P-word, 
other linguistic information also contributes to the P-words 
constituting. Every L-word should have a special function for 
the P-word predicting. For example, some mono-character L-
words, like “的”, are much stronger to bundle with other 
words. On the other hand, some is not. 

To make use of as much as possible information, the SVM 
classifier is used. SVM is a relatively new machine learning 
technique, which is based on the risk minimization principle, 
which seeks the maximum margin to separate the training 
examples into two classes and to make decisions based on the 
support vectors. As an excellent binary classifier, SVM had 
achieved good performance in the NLP tasks, like Chunking, 
POS tagging and Named Entity recognition. In this study, we 
used libsvm (C.-W. Hsu 2003 ) as the core algorithm of our 
classifier. 

Obviously, the POS and word length information are the 
efficient features for the P-word prediction. On the other hand, 
mono-character or the bi-character words’ ability to form a P-
word as a part of this P-word is also an important factor. We 
call it IWP (the probability of the L-words to be in a P-word). 
[7] has used IWP as an important feature to detect new words 
in Chinese, in which IWP is used to describe the ability of 
Chinese characters to form a new word and a good 
performance is achieved. 

In this paper, IWP is defined as following:  
( *)( ,1)

( ) ( *) (* *) (* )
C wIWP w

C w C w C w C w
=

+ + +
      (3) 

(* *)( ,2)
( ) ( *) (* *) (* )

C wIWP w
C w C w C w C w

=
+ + +

      (4) 

(* )( ,3)
( ) ( *) (* *) (* )

C wIWP w
C w C w C w C w

=
+ + +

      (5) 

These three formulas indicate the probability of the word to 
be at the first position, middle position and the last position of 
a P-word. Where * is a wild card matching any Chinese word, 
and C(.) represents the number of occurrence in the corpus 
given that the variable is a P-word. The definition of IWP is 
the same to that in [7]. 

For example, in our prosody corpus, some IWP value of 
the word “的” is like: 

Chinese Text

Segmentation and POS tagging 

Words Grouping Words Splitting

Prosodic Words 



( ,1) 0.001IWP =的   ( , 2) 0.011IWP =的  

( ,3) 0.980IWP =的  
The high value of ( ,3)IWP 的  means the word ‘的’ is 

much more likely to form a P-word as the last character. This 
is consistent with the fact that as a mood auxiliary word, “的”  
often adhere to other words when being spoken. 

We use 0IWP  and 1IWP  to describe the pre- and post- 
neighbor words’ probability to be bundled to a P-word, which 
are computed as following. 

0 ( ,1) ( , 2)IWP IWP w IWP w= +  
1 ( , 2) ( ,3)IWP IWP w IWP w= +  

Because of the length constraint discussed in section 2, we 
only computed the IWP of mono-character and bi-character 
L-words. 

The training data seems a little sparse to get every L-
word’s IWP probability. The probability of POS is used for 
smoothing. ( ,0)IWP p  represents the probability of POS 
“p” of some L-word appearing at the first position in the P-
words. 

We compute the POS probability like formula 3-5. And 
0IWP  is replaced the smoothing formula 6: 

(0) ( ,1) (1 ) ( ,0)IWP IWP w IWP pλ λ= ⋅ + −      (6) 

1IWP  is computed by the same method like formula 6. 

IV.    EXPERIMENTS 

A. Corpus 

For the Chinese prosody research, we designed and 
collected a large phonetically and prosodically enriched 
Mandarin speech corpus, of which the prosody structure 
corpus is labeled by a well-trained person. 4899 utterances 
between 7 and 25 syllables are selected for training and 
testing. Among the corpus, 3266 sentences are for training, 
and 1633 sentences for testing.  

B. Evaluation criteria 

The precision, recall ratio and F-score are adopted as the 
evaluation criteria. The precision and recall are defined 
as:

1 2Pr e C C= , 1 3Re c C C= . Where, 1C  is the number of P-

word boundaries correctly recognized, 2C  is the total number 
of P-word boundaries recognized, and 

3C  represents the total 
number of real P-word boundaries in the test corpus. 

The F-score is calculated as: 
2 Pr Re (Pr Re )F e c e c= × × + . 

C. Results and Discussion 

Table III gives the results of evaluation on the probability 
model using formula 2. The Maximum Likelihood Estimate is 
used when training the probability

0 0 1( 0| , )P J POS POS=  and 

0 0 1( 0| , )P J nLen nLen= . No clustering is made in the POS set, 
since we want to preserve more details of linguistic 
information which can be gained from POS. When 

0.105η = , the f-score is best, reaching 86.84%. And, this 
probability model only demand less training data and the 
computation rate is very quick. We can consider this as the 
baseline model. 

TABLE III 

The result of probability model 

threshold η  Precision (%) Recall (%) F-score (%) 

0.090 85.60 86.58 86.09 

0.095 85.28 88.19 86.71 

0.100 85.06 88.69 86.83 

0.105 85.00 88.75 86.84 

0.110 84.63 89.06 86.79 

0.115 84.26 89.40 86.75 

 
When evaluating the SVM method, the contribution of 

different features is studied. Table IV gives the results of 
different features. We begin with the windows of two L-
words, and increase the words and the features to form 
different feature set. 

TABLE IV 

The results of different feature sets 

SVM based method Precision (%) Recall (%) F-score (%)

Feature set A 86.06 91.74 88.80 

Feature set B 86.88 91.56 89.16 

Feature set C 90.27 92.06 91.16 

Feature set D 90.48 93.74 92.08 

 

First, we use the feature set A, which only includes the two 
adjacent words’ POS and word length information. The 
feature vector is like: 

0 0 1 1x (POS ,wLen ,POS ,wLen )=  
Second, we added the juncture label to the feature set A 

and got the set B. In the feature vector, 1J−  represents the 
juncture type before word0:  

1 0 0 1 1,x (J POS ,wLen ,POS ,wLen )−=  
Then, the feature set is added IWP information to form the 

set C:  

1 0 0 0 1 1 1, , ,x (J POS ,wLen ,IWP POS ,wLen IWP )−= . 
in which, 0IWP  indicate the word0’s probability at the first 

position of P-words, and 1IWP  indicate the word1’s 
probability at the last position of P-words. 

And, the smoothing method of formula 6 is used to 
compute IWP with the POS probability. When the smoothing 
parameter 0.7λ = , the performance is the best. 



From the experiment results, the SVM method is proved powerful 
for classification. With the same feature, the POS and word length, 
SVM classifier improves the f-score 2% better than the 
baseline model. After using IWP, the SVM achieves a very 
good performance, with the f-score reaching 92%.  

In this system, there is no Named Entity Recognition, 
which may be the reason why the performance has not achieved a 
much high score. 

V.    CONCLUSIONS 

In this paper, the distribution and the P-words in real text 
was analyzed. It is discovered that the mono-character and bi-
character L-words are the emphasis to be processed to form a 
P-word, and the bundling between L-words is a main method 
to form P-words. Based on this analysis, this paper proposes 
an efficient statistic probability method to predict the P-word, 
which reach a high precision and recall ratio. And, this 
probability model only need less training data, and the 
computation rate is very quick. To make full use of these 
features, SVM is introduced as a learning machine. And a 
new feature IWP is proved very useful for the P-word 
detection. After using this feature, the precision and recall are 
improved greatly. 

The IWP feature’s efficiency gives the evidence that the P-
word building ability of each L-word is a very important 
factor. The future work will be focused on how to use the P-
word building ability of mono-character or bi-character words. 
The base phrase is also an important factor to influence the P-
word forming. 
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