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ABSTRACT
A CART-Based stochastic model for prediction of prosodic
phrase breaks from input text of Chinese is provided in this
work. All the features used in this model are almost obtained
automatically. A novel and efficient algorithm—LLW algorithm
is proposed here. Experiments demonstrate a high success rate
of prosodic phrase breaks prediction from input sentences with
little syntactic information(81% success rate, 6.1% false rate).

1. Introduction
One of the important problems in speech synthesis systems is
the automatic generation of prosodic information from text input.
A good prosody model plays an important role in both
naturalness and intelligibility of synthesized speech, and also is
much useful for speech understanding. Prosody elements include:
prosodic phrase break, accent, intonation, duration and so on.
In English there have been many works on deriving prosodic
models of spoken language for TTS[1][2][3]. Although, in
Chinese, such works are not so many as in English, there have
been also some studies[4][5][6][7] in the last two decades. There
are two chief approaches in these studies. One is rule-based
approach[4]. The derivation of rules, however is laborious and
time wasting. Moreover, it is difficult to obtain the complete
rules to describe the prosody diversity because the interactive
affection between the various linguistic features and the
phonological characteristics. The other approach is through data-
driven model such as neural networks. But, the network
sometimes will be trapped in a local minimum of the error
function, thus arriving at an unacceptable solution when a better
one exists[7]. Chinese is quite different from many western
languages in various structural features [8]. Lack of an
appropriate prosodic model that describes the prosodic phrase
structure of spoken language is one of the fundamental problems
in TTS system[5]. Based on analysis of the features of this
special language, we provide a CART-based hierarchical
stochastic model with a novel algorithm, LLW(Linear-Logical-
Weight) algorithm, for prediction of prosodic breaks in Chinese.
Prosodic breaks are relative both with input text information and
acoustic cues. But here we focus on synthesis and are concerned
only with the relationship between text input and the prosodic
phrase breaks. We make use of only those features such as POS ,
position of words, cue words, punctuation and simple syntactic
structure, which can be automatically obtained without
complicated syntactic analysis. It is therefor very practical for
speech synthesis systems. A novel algorithm, called LLW
(Linear-Log-Weighted) algorithm, is provided and used in the
model. This algorithm is much simpler than other stochastic
algorithms for prediction such as Viterbi algorithm and is

effective to such tasks as prediction of prosodic prosody breaks.
The final experimental results demonstrate a high success rate
for prosodic major and minor breaks (81% correct prediction
with 6.1% false prediction).
In the following parts, Section 2 gives the formalism of the
stochastic model. In Section 3, we introduce the implementation
of the model. In Section 4, the experimental results of prediction
are given. Finally, we discuss the results in Section 5.

2. The Stochastic Model

2.1 Hierarchic Prosody Phrase Structure

Prosody phrase structure can be represented by different phrase
break markers. In TOBI labeling system[9], prosodic phrase
breaks are classified into 7 levels. In our work, we classify
prosodic breaks into only 3 levels: minor breaks, major breaks
and inter-sentence breaks. The relative size of these breaks is
from little to big and large. The following is an example:
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“ | ” denotes “minor break”, “ || ” denotes “major break”, “ ||| ”
denotes “inter-sentence break” .

2.2 the Hierarchic Stochastic Model

The hierarchic prosodic phrase structure includes major phrases
and minor phrases. In our prediction of the prosodic breaks, we
first predict the general breaks, which include all the three kinds
of breaks. Secondly, based on the results obtained from the first
step, we predict the specific kind of each break. The two steps
are very similar. Both are to predict one level of units from the
sub-units. The basic model [10] is showed as follows:
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S denotes the given orthographic transcription of an input

sentence, iM is a unit composed of a sequence of sub-units
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In this model, ))1(,,1,|( −jimimSijmP L is difficult to get.

Generally, it is simplified to be ))1(,|( −jimSijmP . However,

in our experiments, results acquired from the above model are
not better than results from our model in which

))1(,|( −jimSijmP is assumed to be )|( SijmP with some

compensatory rules. In our model, a novel algorithm, LLW
algorithm, other than Viterbi algorithm is used and satisfactory
results are acquired. Our model is as following.

We assume:
• S : an input sentence which is composed of a sequence

including L words ( ),,2,1 Lwww L .

• H : one general prosodic phrase sequence

),,2,1( nPPP L aligned to S after being phrased in one

way.
• iH : a prosodic phrase composed of a sequence of some

adjacent words ( ),,2,1 ijwiwiw L in S .

• )|( SibP : the probability of word iw to have a general

break following it.

• )|(ˆ SibP : the probability of word iw not to have a

general break following it, which is equal to
−1( )|( SibP ).

We sort )|( SibP ),,2,1( Li L= from maximum to minimum

into a sequence:
)}|(,),|2(),|1({ SmLbPSmbPSmbP L .

The chief judgment criterion is as following:
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opn is the final optional selection of in . βα , are

two weight parameters ,whose sum is 1.The reason to let a equal
to (2+L2)/2L2 is to keep a increase if L increases and meanwhile
keep a+�=1 and a>1/2. The results of our experiments show
that this format is effective.
Our previous criterion does not have this part: )log( inβ . In

experimental results, opn is usually less than the real number of

breaks ( rn ) in a sentence. The reason is analyzed below.

We assume:
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Suppose 1n < 2n and ).|()|( 21 SnPSnP <

Since most )|( SbP is smaller than 0.5 in fact, )(ˆ 1nr is often

bigger than )(ˆ 2nr although 2n may be much better than 1n .

Therefor, we add )log( inβ to the criterion to compensate for

such loss. In Section 4, there is a comparison of two results got
from the two criteria, one of which has )log( inβ and the other

doesn’t.
Once opn is obtained, the final general break locations then are

determined, each of which follows one of these words:

opmnmm www ,,, 21 L .

Above is our novel algorithm, called LLW (Linear-Logical-
Weighted) algorithm. As to the effect of the previous unit

)1( −jmb on unit mjb , we add such a rule as follows:

If the number of characters between )1( −jmb and mjb

equals to 1, then

)|()|( SbPSbP mjmj ⋅=κ �� 1.0(κ

The reason to adopt this rule is that from statistic results we can
see that the probability to have two breaks with only one
character between them is very low. It can be seen that the
complexity of our model is much less than other models using
Viterbi algorithm. However, the results got from our model are
satisfactory. Perhaps this is because the effect of one unit on the
next unit is much more complicated than what have been
considered. Thus, simple analysis of the effect is not very
helpful to improve the success rate of prosodic phrase
prediction.
Above is our model to predict the general breaks. The procedure
to predict the specific kind of breaks is much similar to the
above procedure. The models are much similar. The only
difference is that in the specific break prediction, the unit is not
the general phrase but is the major prosodic phrase; and each
general prosodic phrase is one sub-unit. The implementation of
our model for prosodic phrase prediction is showed in the next
section.

3. Implementation of the Stochastic Model
To implement the stochastic model, four parameters must be
determined. We developed four CARTs (Classification and
Regression Tree) to predict the four parameters. In the following,
we first outline the structure of our model and then introduce the
text processing work.

3.1 Structure of the CART-Based Hierarchic
Model

Based on the LLW algorithm, we construct our Hierarchic
Stochastic Model. Through this model, we get a high rate of
success for predicting major and minor phrase boundaries from
text with less computation. As shown in Section 2, in this model,
there are four categories of parameters to be predicted:

).|(),|(),|(),|( SBPSbPSNPSnP iiii

• )|( SnP i : the probability of a sentence S having in

general prosodic breaks;
• )|( SNP i : the probability of a sentence S having iN

major prosodic breaks;

• )|( SbP i : the probability of a word iw having a general

break following it;
• )|( SBP i : the probability for a general break following a

word iw to be a major break;

Four CARTs are developed to predict these four categories of
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parameters from almost automatically labeled training data and
use LLW algorithm to combine them to perform the prediction
task. The structure of our model is showed in figure 1.C1, C2,
C3, C4 denote the four CARTs.

Figure 1. The structure of the CART-Based Hierarchic

Stochastic Model

3.2 Extracting Features from Text

In our model, we used only five categories of features which all
can be obtained automatically or partly automatically from input
sentences easily what is practical for speech synthesis system.
The five categories of features are: POS, positions of words in a
sentence, some cue words, punctuation and a simple syntactic
structure.
Our corpus includes 256 sentences which are designed and
recorded especially for Mandarin synthesis study.
All of them are read professionally. These sentences include
most of the various speech phenomena in Mandarin. There are
altogether 509 sub-sentences, 3414 words and 6459 characters
except punctuation. We used an automatic tool—Segword to
segment characters into words. Then by the help of another
automatic tool—CPT, we labeled POS with each word and
corrected them by hand. There are 14 kinds of POS in our
system, which are showed in Table 1. The position of each word
in a sentence is classified into three categories: in the last quarter
of the sub-sentence, in the other part. Here, a sub-sentence
means a part of a sentence, which is between two commas,
periods and colons.
We extract “�” and “�”to consist of a new category of POS,
cue words. This is because there are some determinate rules of
prosodic phrase break location near these words. For example,
in our training date, 93% of “�”s have breaks before it. In the
CATR-1, there are two questions about “�”. But perhaps
because of the training data fragmentation effect of decision
trees[11], the question about “�” cannot be selected in the
development of the decision tree. We add a rule about it in the
prediction process.
In the development of the four CARTs, we take use of some
simple syntactic structures. The chief structure is subject-clauses.
We obtain such structure information automatically only from
POS of the words in a sentence with the knowledge that in
Chinese texts, if there’s a subject-clause, it is usually adjacent
and before the predicate of the principle clause. The reason why
we use this structure information is that there is often a major
break between the subject-clause and the predicate of the
principle clause. These are the features that are extracted and

used in our model. The development of the four CARTs and
experimental results are introduced in the next section.

4. Experimental results

4.1 Development of CARTs

CART (Classification and Regression Tree) is a powerful tool
for classification based on training data. Decision tree
construction is equivalent to successive refinement of
equivalence classes driven by answers to questions. Our
questions are about the five kinds of features referred above.
The structure of CART-1 is showed in figure 2 (the number in
each circle is the question number selected in this dot; the
numbers in each rectangle box are the numbers of those words
having breaks following them and the total words in this class).
Through this decision tree, the parameter )|( SbP i is obtained.

The questions asked in this decision tree are listed below.

1. Does a comma, colon or period follow this word?

2. Is this word a function followed by a substantive or a
substantive followed by a function?

3. Is this word a noun followed by a verb, a preposition, a
conjunction or an adverb?

4. Is this word “�” not followed by a noun?
5. Is this a substantive not followed by an auxiliary word, a

modal word or word “�”?
6. Is this an auxiliary word or a modal word followed by a

substantive?
7. Is a caesura sign following this word?
8. Is this word in the last quarter of the sub-sentence?
9. Is this word in the last 4 words of the sentence?

)|( SinP is estimated by use of CART-2. We assume that

)|( SnP i can be represented by )|( Lnq i , the frequency of a

sentence with L characters having in breaks. We need to

classify L into several classes which are a series of arranges
like ),( iuid LL . In each class, the difference of )|( Lnq i

between two sentences of different length is small, while the
frequencies of every two classes are much more different. The
decision tree is showed in figure 3(what is in each circle is the
question about the arrange of the length of each sentence; the
number in each rectangle box is the number of each class).

Table 1. POS of Chinese words in this work

1-level
POS

2-level
POS

Meaning Examples

N General Noun ��, ��
Q Numeral Words �, �	
L Qualifier Words 
, �
D Adverb ��, �
V Verb ��, ��
A Adjective ��, ��
I Idiom ���

Z Proper Noun ���

Substantive

P Pronoun �, ��
C Conjunction  �, !"
R Preposition #, $
H Auxiliary Words %, &

Function
Words

Y Modal Words ', (
Cue Words �, �



Figure 2: CART-1 for prediction
of )|( SbP i

Figure 3. CART-2 for prediction
of )|( SnP i

The other two decision trees are similar to the above ones. The
prediction results and comparisons are showed below.

4.2 Prediction Results and Comparisons

To evaluate our model, we take 19 sentences out of the corpus
introduced in Section 3 but are not included in the training data.
We got 81% correct rate, 6.1% false rate. The confusion matrix
for the model using LLW algorithm is showed in table 2. And
the confusion matrix use the criterion without )/log( vniβ is

showed in table 3. The decrease of the break lost-rate is 9.5%,
while the false rate only increases 1.9%. Therefor, adding

)/log( vniβ into the algorithm is helpful to improve the success

rate of prediction.

Table 2. Confusion Matrix for LLW algorithm with
)/log( vniβ

Predicted Prosodic Phrase Breaks

major minor no

major 27 3 2

minor 2 19 10

Actual
Prosodic
Phrase
Breaks no 2 8 153

Table 3. Confusion Matrix for LLW algorithm without
)/log( vniβ

Predicted Prosodic Phrase Breaks

major minor no

major 22 8 2

minor 1 14 16

Actual
Prosodic
Phrase
Breaks no 0 7 156

5. Discussion
In summary, based upon the special features of Chinese, we
constructed a hierarchical stochastic model with four decision
trees to predict the parameters in the model and a novel
algorithm, LLW algorithm, to combine them to perform the
prediction of prosodic breaks. The experimental results
demonstrate a high rate of success (81% correct rate and 6.1%
false rate). Since the features used in this model are almost
automatically obtained, this model can be easily used in a
speech synthesis system and will be helpful to improve the
naturalness and intelligibility of the synthesized speech.
The prosodic phrase break prediction model can be improved in
many aspects, for example, to take more consideration to the
syntactic structure information. After analysis of many
experiments, we found that part of the errors is easy to be
avoided with more complete syntactic structure.
This model can also improve the performance of a discourse
segmentation system by serving as part of the language model.
Although this model is constructed in Chinese, it is applicable
for any other language.
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