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Abstract
Prosodic word is a basic rhythmic unit of Mandarin Chinese 
Speech. It is one of the most important factors determining the 
naturalness of the generated speech by a TTS system. This 
paper investigates the problem of predicting Chinese prosodic 
words from word sequence. First, we examine the patterns of 
Chinese prosodic words and investigate the key features for 
prediction. Then a baseline model of CART is used. Based on 
this model, the effects of the number of POS categories and 
the number of single word categories are investigated. Finally, 
a Markov chain approach is proposed. This model has the 
advantages of both CART approach and other statistical 
approaches, while the drawbacks of those approaches are 
avoided. Experiment shows that the proposed Markov chain 
approach outperforms the simple CART approach.

1. Introduction
When speaking, people tend to group words into small 
prosodic units and naturally place small pauses between the 
units in a long utterance. By grouping words together, 
speakers can articulate the words more easily and make 
themselves better understood. Therefore, a spoken sentence is 
actually a sequence of short prosodic units.  

The prosodic unit boundaries can be identified by pauses, 
pitch changes, or duration changes of boundary syllables in 
the speech. In a TTS system, to realize all these effects in 
synthetic speech, the boundaries need to be determined first.  

Researches have found that there is a hierarchical 
prosodic structure for Chinese prosody, which constitutes the 
rhythm of Chinese speech [1][2]. The main prosodic elements 
in Chinese speech are prosodic word, prosodic phrase and 
intonation phrase. Prosodic word, which is a group of 
syllables that are uttered closely and continuously, is a basic 
building block of rhythmic structure in Chinese speech. The 
formation of prosodic words is usually based on the meaning 
of words and rhythm requirements of speech. In most cases, a 
prosodic word usually consists of one, two, or three syllables.  

In a Chinese TTS system, input Chinese text is separated 
into Chinese words under the guidance of a lexicon or rules. 
After word segmentation, a sentence is converted into a 
sequence of words. However, the words from a lexicon are 
defined from a syntax point of view. In real speech, people do 
not speak Chinese word by word. Instead, neighboring words 
are grouped together when speaking. Take the sentence “

” (Please pass this book to your brother) as 
an example. The result of word segmentation is “ | | | |

| | | |” (where | marks a break). However, in speech, 
the sentence is more likely to be read as “ | | |

”, in which “ ”, “ ” and “ ” are uttered 

together respectively. Each text string is a prosodic word, 
which is a combination of some short words. 

In a TTS system, prosodic word information has at least 
three functions: 1) It helps give correct breaks in the speech 
utterance. 2) It helps make tone changes (tone Sandhi) in the 
utterance. 3) It helps improve the accuracy of prosody 
parameter prediction, since prosody properties of boundary 
syllables are different from those of non-boundary ones. 

Some previous works [3][4] predict prosodic word break 
with other types of prosodic breaks at the same time. 
However, a separate step is preferred for prosodic word 
prediction, because prosodic word is a rhythm requirement of 
speech, which is different from other prosodic units.  

Other works have investigated the problem of predicting 
prosodic words separately. CART approaches [5] and 
statistical approaches [6][7] are both used. However, simple 
CART approach does not consider the dependency 
relationship between prosodic word breaks, while simple 
statistics approaches are normally limited by data sparseness 
problems. This paper proposes a model that combines the 
CART approach and statistical approach and avoids the 
drawbacks of those approaches. 

In a TTS system, we need to find prosodic words from a 
syntax word sequence. The problem of prosodic word 
prediction can be considered a problem of deciding whether 
there should be a prosodic word break or not between two 
syntax words, which is actually a classification problem.  

2. Patterns of prosodic words 
There are 3 types of relationship between syntax words and 
prosodic words: 1) A prosodic word is a syntax word, 2) A 
prosodic word is combination of several short syntax words, 
3) A prosodic word is part of a long syntax word. As most of 
the cases belong to the first two types, the third case is not 
considered in this paper.

For prosodic word prediction, it is not practical to 
consider word by word. A common way is to use word groups 
for generalization purposes. Part-of-Speech (POS) is a natural 
grouping method. To account for rhythm, we also need to 
consider the length of the word (number of syllables in word). 
We look at the following features: 1) POS type of word; 2) 
Length of each word. It is interesting to look into the statistics 
of the two features reflected by the prosodic words. 

2.1. Patterns in terms of POS  

Among 17,040 prosodic words in our corpus, which is detailed 
in Section 4 (Experiments), around 55% of them are single 
words, i.e. a syntax word is a prosodic word. Among the rest 
45%, there are 1,446 types of POS combination. Table 1 lists 
the patterns of prosodic word in terms of POS. The 30 most 
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frequent patterns cover around 50% of all the POS
combinations. We can see from the table that most patterns
consist of two words. The commonly appearing POS types are
noun, verb, adjective, and numeric words, which are
represented by n, v, a, and m respectively.

Table 1. Prosodic word patterns in terms of POS 
POS patterns for prosodic word Percentage

d+v v+v v+u m+q v+n n+n n+u v+p a+u
a+n n+f v+Ng r+u r+v m+m v+r p+r
m+n d+p n+Ng d+a p+n nr+nr adv+d+v
m+m+q r+q r+n n+v v+a 

50.1%

Other 1416 patterns 49.9%

Table 2. Prosodic word patterns in terms of word length 
Length patterns for prosodic word Percentage

1+1 46.2%
2+1 15.6%

1+1+1 15.4%
1+2 7.0%

1+1+1+1 4.3%
2+2 2.9%

Other 26 patterns 8.5%

2.2. Patterns in terms of word length

Table 2 lists the distributions of prosodic word patterns in 
terms of word length. In the table, “1+1” means the prosody
word is composed of two monosyllabic words. We see that 
almost all patterns contain monosyllabic words, and the “1+1” 
pattern accounts for 46.2% of all occurrences. 

Table 3. Mutual information between break type and features
Feature Mutual information
POSi-1 0.0059
LENi-1 0.0322
POSi 0.1031
LENi 0.0566

POSi+1 0.1737
LENi+1 0.1361
POSi+2 0.0064
LENi+2 0.0020

2.3. Features for predicting prosodic word breaks

Knowing that the POS and word length are the most
important factors, we examine which words around the break
position are important for the prediction. Mutual information
is a measure to evaluate the dependency between events.
Therefore we use mutual information for this purpose. Mutual
Information between random variable X and Y is calculated 
by
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We calculate the mutual information between the break 
type (break between word wi and wi+1, 1 for prosodic break, 0 
for no prosodic break) and the features (POSi and LENi mean
POS types and length of word wi. ) of four consecutive words 
(wi-1, wi, wi+1 and wi+2) as shown in Table 3.

In the table, we can see that POSi, POSi+1,, LENi and 

LENi+1 have a larger mutual information value than other
features. This shows that the two words immediately next to 
the word break have bigger effect on the prosodic word break
types.

3. Models for predicting prosodic words 

3.1. CART approach 

To establish a baseline performance, we use the CART
(Classification and Regression Tree)[8] approach for the 
prediction. CART is able to well incorporate different types of 
features while the number of inputs is not limited.

The data item for constructing a decision tree consists of a
feature vector and an expected resultant value (break type).
Suppose that we are to determine the break type (1 for 
existence and 0 for non-existence) between wi and wi+1, the 
feature vector would include information for the four words 
(wi-1, wi, wi+1 and wi+2) around the break. The basic features 
we used include the following three categories:

3.1.1. POS types 

Pos type features include the POSs of wi-1, wi, wi+1 and wi+2
(POSi-1, POSi, POSi+1 and POSi+2). There are 35 POS types
in our corpus. NULL is set as POS type if the word does not 
exist. (e. g., w-1.)

Due to the limited size of the corpus, there may be not 
enough training data for some POS types. For each POS type
to have sufficient samples, we have to merge some small POS 
types to improve generality.

3.1.2. Word length

Word length features include the Lengths of wi-1. wi, wi+1
and wi+2 (LENi-1, LENi, LENi+1 and LENi+2). The word 
length is in the range from 1 to 4 because the lexicon has a 
maximum word length of four. If a new word has a length
more than 4, the length feature is set to 4. Length is set to
zero if the word does not exist. (e. g., w-1 is null.) 

3.1.3. Single word categories 

On the other hand, some frequently used words may have their 
own characteristics, which are different from other words in 
the same POS category. Therefore, we need to distinguish the
words in prediction. In this work, we define single word
categories for the most frequent words, and a separate
category for the rest of the words. A new set of features is
added to the models. This set of features includes Single word
group types for wi-1, wi, wi+1 and wi+2 (Gi-1, Gi, Gi+1 and 
Gi+2).

3.2. The Markov chain model

Using the features of a window of four words, we can have a
good prediction of prosodic word break. However, the 
dependency between breaks is not considered.

We are aware that the current break type (existence or 
not) is somewhat dependent on the previous break types. For
example, if there is a prosodic break in the previous position, 
the chance of the current position being a prosodic word 
break will be less. In view of this fact, we can take the 
previous break type as one of the input features in our model. 

The following approach is proposed to achieve better



results in prosodic word prediction by considering the 
dependency constraint between breaks. The approach uses
classification tree and a Markov assumption on the break 
sequence.

The probabilistic approach for the prediction of prosodic
word breaks uses a stochastic model  that 
represents the conditional dependence of the sequence of the
breaks on the sequence of feature 

vectors for a sentence of n words [9].

Here, is the type of the break (0 for non-break and 1 for 

break) after the syllable i, and is a vector of features that 
are relevant to the break. Using the chain rule: 
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Under the first-order Markov assumption, it is assumed that 
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To calculate , the CART approach is

applied. The values  and are used as input features of 
the tree and is the output value of the tree.
Using the CART to classify the data and calculate the
probability can avoid the data sparseness problem.
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Normally when using a decision tree, terminal nodes 
assign the most likely classification. Here, each node is
associated with a discrete distribution, which represents the 
conditional probabilities for each break type. That is, we can 
obtain the values of from the tree, 
where b is a break type (break or no-break). The calculation
of probability can be illustrated in Figure 1. 
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Figure 1 Prediction of probability using Classification tree 

We want to determine the break between wi and wi+1 in
word sequence (wi-1. wi, wi+1, wi+2). The features (Yi and ai-1)
used for the CART for probability calculation are: 

POSs of wi-1, wi, wi+1 and  wi+2
Lengths of wi-1, wi, wi+1 and  wi+2
Single word group of wi-1, wi, wi+1 and wi+2
Prosodic word break type of previous break position.

The model tries to find the predicted break type sequence
that maximizes the probability . This is 
achieved using a Viterbi search algorithm.
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The training process constructs the decision tree and then 
calculates the probability of each class in a node. The
constructing process of the tree splits the training data into 
small sets. When a tree is constructed, each leaf node is
associated with a set of training samples (vectors and a

classification value). We do not just take the classification 
value. To obtain a probability, we consider the distribution of 
the values in the node. For example, given the value of ai-1
and Yi, to determine the break type of a i (1 for break, 0 for 
no-break), if the features (ai-1 and Yi) trace the tree down to 
node T, then the probabilities are calculated as: 

nmYaap iii /),|1( 1 (4)
nmYaap iii /1),|0( 1 (5)

where, n is the number of training samples falling into node T,
in which m samples have a classification value 1. 

4. Experiments
Our corpus consists of 3,609 Chinese sentences. There are a 
total of 27,293 word breaks, among which 17,040 are prosodic 
word breaks.

The text script of each sentence is automatically word
segmented and tagged with POS types. Prosodic words are
labeled manually according to the recorded speech.

4.1. Training parameters

First, we determine the parameters for building the 
classification tree. Stop size determines the minimal size of 
nodes in a tree and controls the splitting process of building a 
tree. In the experiments, we found that 20 is suitable size for
all cases. In the tree construction process, we held 20% of the 
training data for pruning the tree.

When evaluating the performance of models, we use 80% 
of randomly selected data as the training data, and the 
remaining 20% as testing data. All the following tests are 
done on the testing set. 

In all the following experiments, the trees are trained to 
maximize the accuracy of prediction of break and none-break.
Accuracy is calculated as:

ac NNA /   (6) 

where is the number of correctly predicted break type
(both break and non-break),  and is the total number of
all break type to be determined. All the following 
experiments will use this accuracy value.

cN

aN

4.2.  Different feature sets

Table 4. Accuracy of using different feature sets 
Features Accuracy
Pi-1, Li-1, Pi, Li 73.68%
Pi+1, Li+1, Pi+2, Li+2 80.05%
Pi, Li, Pi+1, Li+1 84.01%
Pi-1, Li-1, Pi, Li, Pi +1, Li+1 85.29%
Pi, Li,Pi+1, Li+1, Pi+1, Li+1 85.37%
Pi-1, Li-1, Pi, Li, Pi+1, Li+1, Pi+2, Li+2 85.81%

To test features for predicting prosodic word break, we use the 
information of two, three or four words to make the
prediction. The result of the CART approach is shown in 
Table 4. In the table, feature Pi and Li denote the POS type
and length of word Wi. We are predicting the break types
(existence or not) between Wi and Wi+1.

In the table, we can see that using two words around the 
break to predict the break types achieves 84.01% accuracy,
which is better than using two words before or two words



after the break. Using three words makes a better prediction, 
and using four words make the best prediction. 

4.3.  Number of POS types 

The POS tagger of this work uses the PKU tag set[10]. Our 
corpus consists of 35 POS types (categories). Because keeping 
too many POS categories may cause data sparseness problems, 
in this experiment we test if we can reduce the number of POS 
types without degrading the performance of the system. 

There are two possible methods to use in reducing the 
number of POS. One is to merge the less frequent categories. 
The other is to merge the ones that contribute less to the break 
prediction. In fact, we find that the least contributing ones are 
actually least frequent categories. That means the two options 
are actually consistent with each other.  

We reduce the POS categories by merging less frequent 
POS categories into the “Rest POS” class, and achieve best 
accuracy when the number of POS categories is reduced to 
15.

We examine the most frequent types of POS categories in 
the classification tree. It is interesting to find that three large 
POS categories did not participate in the classification. The 
three types are: v (verb), n(noun), p(prep). This can be 
explained by the fact that these three categories are actually a 
mix of words with different natures. They do not provide 
enough discriminating ability to the prediction.  

4.4.  Number of single word categories  

We are aware that noun, verb, and adjective are very big POS 
categories. Therefore, some frequent words in these POS 
categories cannot be well discriminated. In this experiment, 
we form individual word group for frequently used word. For 
example, we can create 50 groups for the 50 most frequently 
used words, and put all the other words to the 51st group. By 
changing the number of the single word groups, the result of 
CART approach is shown in Table 5. 

Table 5. Accuracy of different number of single word 
categories 

Number of word 
groups Accuracy  

0 85.2%
50 86.1%
100 86.2%
200 86.0%
500 85.8%

1000 85.6%
We find that when the number of single word groups is 

100, the accuracy is the highest. Therefore, defining around 
100 single word groups for the most frequent words would 
help to improve accuracy by around 1% in prosodic word 
prediction.

4.5.  Performance of the Markov chain model 

In this experiment, we compare the performance of Markov 
chain model with that of a simple CART model.  

In the experiment, the features used are POS (15 POS 
types) and length of 4 words, and 100 single word groups. 
The results are shown in Table 6. In the table, simple CART 
approach achieves an accuracy of 86.20%. When using 

Markov chain model (previous break is considered), the 
accuracy is improved to 91.65%.  

Table 6. Performance comparison between CART approach  
and Markov chain model 

Method Features Accuracy  

CART
without previous 

breaks 

Pi-1, Li-1, Gi-1,
Pi, Li, Gi,
Pi+1,Li+1, Gi+1,
Pi+2,Li+2, Gi+2

86.20%

Markov chain model 

Pi-1, Li-1, Gi-1,
Pi, Li, Gi,
Pi+1,Li+1, Gi+1,
Pi+2,Li+2, Gi+2 
B i-1

91.65%

Clearly, from the above results, we can see that the 
Markov chain model has better performance than the simple 
CART approach.

5. Conclusions
This paper investigated the problem of prosodic word 
prediction in Chinese TTS. We examined the feature set used 
in prediction, and found that the most important information 
for prediction is the POS and length of the words immediate 
around the word break. We are able to reduce the number of 
POS categories and still keep the accuracy prediction. Also, 
we are able to improve the accuracy by adding frequent word 
categories as features. By considering the constraints between 
breaks, using the proposed Markov chain approach, we can 
achieve a better accuracy than using the normal CART 
approach.
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