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ABSTRACT 

During the last several years, there has been a rapid 
progress in Chinese speech synthesis. Now, the method of 
unit selection and concatenation, accompanying with large 
corpus, is used widely in the systems design. Nevertheless, 
the prosodic structure was still proved to be the essential 
links between linguistics and acoustics, and behaves as an 
important parameter for prosody processing and unit 
selection. Features related to prosodic boundaries are 
extracted with the corresponding boundary labels to 
establish a templates set. A transformational learning based 
method is applied to establish the prediction model for the 
prosodic phrasing and prosodic word parsing. The paper 
generates general evaluation parameters for prediction 
model. The importance of the features related to the 
prosody boundaries are also analyzed in the paper. The 
experiments show that the method approach can achieve 
the accuracy rate of 84% for prosodic word boundary and 
76% for prosodic phrase boundary.  

1. INTRODUCTION 

During the last several years, there has been a rapid 
progress in Chinese speech synthesis. Now, the method of 
unit selection and concatenation, accompanying with large 
corpus, is used widely in the systems design. Nevertheless, 
the prosodic structure was still proved to be the essential 
links between linguistics and acoustics, and behaves as an 
important parameter for prosody processing and unit 
selection. 

Traditionally, Chinese syntactic structure can be divided 
into four level, syllable, word, phrase and sentence. 
However, segmenting a sentence into a string of syntactic 
words and syntactic phrases is still far from enough for 
generating natural prosody. To get the relationship between 
syntactic structure and prosodic structure, prosodic word 
and prosodic phrase are induced in [8].  

Some methods have been introduced to predict prosodic 
phrase. Such as, CART model (Wang and Hirschberg, 
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, HMM Model (Paul and Alan, 1998), which yields an 
cy of 86.6%. Ying and Shi used Recurrent Neural 
rk (RNN) to do the Chinese prosodic phrasing, and 
 accuracy of 84.7% within 2000 Chinese sentences. 
f-speech bigram and CART based methods are also 
n (Yao and Min, 2001), which reports a rather high 
and precision rate. But, the definition of the problem 
CART is usually time-consuming. Statistical methods 
MM and bigram need large training corpus or special 
ques to avoid sparse data problems. RNN has good 
ng ability but the learned knowledge is represented in 
rk weights, which are difficult to be explained and 
stood. Due to the difference in training corpus and 
tion methods between researchers, their results are 
lly less comparable. 

aper is focused on prosodic boundaries prediction 
phonetic and syntactic information. An inductive 
ng method, transformational based learning (TBL) 
d, is introduced here. TBL is used for POS tagging 
yntactic chunking originally. In this paper, it is 
sed to predict prosodic boundaries. The paper is 
ized as following. In section 2, the acoustic features 
osodic boundaries are analyzed briefly. Detailed 
ption of TBL and prediction model is described in 
n 3. Section 4 reports the evaluation results of 
ic boundary prediction. The context features are also 

ared here according to the different prediction results. 
n 5 presents the conclusion and the view of future 
 

ACOUSTIC FEATURES OF PROSODIC 
BOUNDARIES 

se is a tonal language. Prosodic rhythm (structure) 
a very important role in prosody processing. 

ugh the perceptual reality of prosody rhythm has not 
unambiguously observed in acoustic correlates, 

h has always been considered as rhythmic one way or 
r. (Shen, 1986) mentioned in his paper, the bottom 
f syllabic pitch range usually shows the trend of 
e within the prosodic phrases, and top line of pitch 
reflect the accents. The rhythm is the result generated 



by the joint effect of syllabic pitch range, duration of 
syllable and duration of silence [3][4][5]. Normally the 
bottom line of the syllable above prosodic boundary shows 
the character of deep sunken while the corresponding 
syllable duration is also lengthened somewhat, though 
those are not the definitive rules for the various situation in 
spontaneous speech [13]. In some other situation, the 
duration of silence is also lengthened according to different 
layers of the prosody structure. 

Figure 1, the decline of the bottom line in phrases 

3. PROSODIC BOUNDARY PREDICTION 

3.1 Context information 

Context information generated by text parsing is the initial 
features for the prosodic boundary predicting model, which 
can be classified into three sets, phonetic information <P>, 
syntactic information <S> and other information <O>. 

Phonetic information contains syllabic tone and syllabic 
structure (the types of initial and final) which are related to 
prosody. The features are essential to influence the detailed 
pitch contours of the intonation, such as tone sandhi, pitch 
continuity.  

Syntactic information has close relation with prosodic 
structure. POS, which denotes part-of-speech of words, is a 
basic syntactic feature much easier to be obtained with 
automatic POS taggers. It has the strong influence to accent 
in speech. We use POS features from three POS sets 
simultaneously. The first one is the POS set of the tagger 
having 30 POS tags. The second one is much larger, in 
which the top 100 frequent words themselves are treated as 
independent POS tags in addition to those in the first set. 
The last one has only two tags: content words or functional 
words. The content words are those belonging to POS tags 
that are open word set. The functional words are on the 
contrary. To improve the results and get more context 
information, a POS window of 3-word width, one to the left 
and one to the right of the boundary, is adopted here.  The 
features can be denoted as ),,( 321 SSSS ,

where 
1S ,

2S and
3S denote the three POS sets 

separately.  

From the statistical figures of the corpus, both prosodic 
word and phrase have limitation in length. The length of 
syntactic word, the length of the sentence in syllable  and 
word are length features to be considered. And the type of 
the sentence that is declarative, interrogative, imperative, or 
exclamatory may be useful, too. In HMM-based methods, 
the chain of boundary labels in a sentence is supposed to 
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on are also possible features. The other feature set 
es some additional features: (1) the length of each 
in the POS window, in Chinese characters; (2) the 
 of the sentence, in words and Chinese characters; (3) 
sition from the current boundary to the start and end 
 sentence, in words and Chinese characters; (4) the 
ces from the current boundary to the first pervious 
 or non-break boundary, in words and Chinese 
ters.  

orpus design and labeling 

orpus contains 4000 sentences, which are randomly 
n from newspaper and read by a professional female 
er. Two experienced annotators labeled the sentences 
wo-level prosodic boundaries (prosodic phrase and 
dic word) by listening to the record speech. The 
a of the prosodic boundary labeling is described as 
. 

m line of the syllabic pitch range reflects the prosodic 
 very well and shows the trend of decline within the 
dic unit. Most probably, the bottom line of the syllable 
 discontinuity and sunken in prosodic boundaries, the 
on of the syllable above to the boundaries is also 
ened.  

beling results of them achieve a consistency rate of 
firstly. After the discussion and revision, it reaches 
The number of prosodic word boundaries is 35231 
5620 for prosodic phrase boundaries. The average 
 of syntactic word, prosodic word, prosodic phrase 
ntence are 1.5, 2.5, 6.2 and 14.0 in syllable 

ransformational based learning 

sifier is a function that maps the input feature vector 
),...,,( 21 nxxx  to a confidence that the input 

gs to a class. In the case of prosodic phasing, the 
es are from linguistic information around the 
ary and the classes are the boundary labels. As shown 
 2, TBL starts with a supervised training corpus that 
ies the correct values for some linguistic feature of 
st, a baseline heuristic for predicting initial values for 
ature, and a set of rule templates that determine a 

 of possible transformational rules. The patterns of the 
d rules match to particular combinations of features 
 neighbourhood surrounding a word, and their action 
hange to system’s current guess as to the feature for 
ord. 

rn a model, one first applies the baseline heuristic to 
ce initial hypotheses for each site in the training 
s. At each site where this baseline prediction is not 
t, the templates are then used to form instantiated 
ate rules with patterns that test selected features in 
ighbourhood of the word and actions that correct the 



currently incorrect tag assignment. This process eventually 
identifies all the rule candidates generated by that template 
set that would have a positive effect on the current tag 
assignments anywhere in the corpus. 

Figure 1, Transformational based learning 

Those candidate rules are then tested against the rest of 
corpus, to identify at how many locations they would cause 
negative changes. One of those rules whose net score 
(positive changes minus negative changes) is maximal is 
then selected, applied to the corpus, and also written out as 
the first rule in the learned sequence. This entire learning 
process is then repeated on the transformed corpus deriving 
candidate rules, scoring them, and selecting one with the 
maximal positive effect. This process is iterated, leading to 
and ordered sequence of rules, with rules discovered first 
coming before those discovered later. The predictions of 
the model on new text are determined by beginning with 
the baseline heuristic prediction and then applying each 
rule in the learned rule sequence in turn. 

Transformational learning begins with some initial 
“baseline” prediction, which here means a baseline 
assignment of prosodic boundary tags to syntactic words. 
In our work, baseline heuristics after a text has been tagged 
for context information, such as tone, types of initial and 
final, POS and other features. We tested both approaches, 
and the baseline heuristic using POS tags turned out to do 
better, so it was the one used in our experiments. The POS 
tags used by this baseline heuristic, and then later also 
matched against by transformational rule patterns, were 
derived by running the raw texts in a prepass through Brill’s 
transformational POS tagger(Brill,1993) 

4. RESULTS AND EVALUATION 

To evaluate the ability of generalization of the learned rules, 
2-fold cross validation tests are executed on the corpus for 
TBL. As a classification task, prosodic boundary prediction 
should be evaluated with consideration on all the boundary 
labels. The rules induced from examples are applied on a 
test corpus to predict the label of each boundary. The 
predicted labels are compared with labels given by human, 

which
follow

Cijs ar
predic
and B
counts
proso

Re call

Pr ecis

caRe

ecisPr

To kn
impor

Featur

<P>,(<

(<S1>,<

(<S1>,<

<S1>,<

<S1> 

<P>,<O

<P> 

<O> 

Tab

From 
can d
involv
Part-o
set pe
POS 
enoug
inform
(4) P
inform
is help
error 

Training corpus 

Baseline system 

Current corpus 

Derive and Score 

Candidate Rules 

Select rule 

Apply rule 

Rule templates 

Correct answer 

Output rules 
 are thought to be true, to get a confusion matrix as 
s: 

Predicted labels True labels 

B0 B1

B0 C00 C01

B1 C10 C11

Table 1, Confusion matrix 

e the counts of boundaries whose true label are Bi but 
ted as Bj. B0 means the boundary of prosodic word 
1 is the boundary of prosodic phrase. From these 
, we can deduce the evaluation parameters for 

dic boundaries prediction.  
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ill  defines the recall rate of boundary label Bi.

ion  defines the precision rate of Bi.

ow which features in context information are more 
tant for prediction, several tests were tried here.  

B0 B1es 

Recall Precision Recall Precision

S1>,<S2>,<S3>),<O> 0.83 0.84 0.72 0.76 

S2>,<S3>),<O> 0.82 0.84 0.73 0.70 

S2>,<S3>) 0.81 0.83 0.71 0.75 

S2> 0.75 0.82 0.70 0.71 

0.78 0.79 0.71 0.68 

> 0.62 0.67 0.65 0.65 

0.54 0.48 0.43 0.49 

0.64 0.69 0.60 0.53 

le 2, prediction results of prosodic boundaries with 
different input features 

the results of the experiments (shown in table 2), we 
raw some conclusions on the effect of the features 
ed for prosodic boundaries prediction. (1) 
f-speech is a basic and useful feature. (2) Large POS
rforms better than the small one. That’s because small 
sets leads to small feature space, which is not big 
h to distinguish the training examples. (3) Length 
ation is beneficial to prosodic boundary prediction. 

honetic information is less useful than syntactic 
ation. Further test also shows that predicting history 
ful to make decision on current label. Although the 

prediction of former labels may lead to another error 



on current label, the result shows the whole performance is 
improved.  

5. CONCLUSIONS 

In this paper, we describe an effective and inductive 
learning method to generate rules for Chinese prosodic 
structure prediction. The main idea is to extract appropriate 
features from the linguistic information and apply 
rule-learning algorithms to automatically induce rules for 
predicting prosodic boundary labels. TBL learning 
algorithms are experimented in our research. The learned 
rules can achieve a good accuracy rate around 84% for 
prosodic word and 76% for prosodic phrase on test data. 
However, it’s difficult to compare the results with those 
reported in [11] [12] for the two reasons. First, the models 
are tested in different testing data set with different content 
and different size. Second, there may be some different 
criteria in the definition of the prosody boundaries in 
spontaneous speech.  

After the training from the corpus, TBL method generates 
lots of rules which are very important for prediction. Then, 
it is possible to classify the rules into different types and 
revise them according to experience or other methods. 
Further work will be focused on testing the rules generated 
by TBL method, compared them with statistic results, and 
try to make them work better. 
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