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Abstract 
One of the crucial problems in developing high quality Thai 
text-to-speech synthesis is to detect phrase break from Thai 
texts. Unlike English, Thai has no word boundary delimiter 
and no punctuation mark at the end of a sentence. It makes 
the problem more serious. Because when we detect phrase 
break incorrectly, it is not only producing unnatural speech 
but also creating the wrong meaning. In this paper, we apply 
machine learning algorithms namely C4.5 and RIPPER in 
detecting phrase break. These algorithms can learn useful 
features for locating a phrase break position. The features 
which are investigated in our experiments are collocations in 
different window sizes and the number of syllables before and 
after a word in question to a phrase break position. We 
compare the results from C4.5 and RIPPER with a based-line 
method (Part-of-Speech sequence model). The experiment 
shows that C4.5 and RIPPER appear to outperform the based-
line method and RIPPER performs better accuracy results 
than C4.5. 

1. Introduction 
The most important goal of speech synthesis is to synthesize 
natural speech sound. The crucial problems of high quality 
speech synthesis not only relates to how natural speech is 
produced but also concerns how style of synthetic speech is 
created. Producing appropriate phrase break in input text is the 
one feature that makes the TTS system reach the naturalness. 
We cannot accept if the TTS system produces the natural 
speech with inappropriate pauses. It leads to wrong meaning. 
Usually people pause their speech after a phrase. Thus to 
insert appropriate pauses, we have to identify phrase 
boundaries. 

To identify phrase break, several approaches have been 
proposed such as rule-based, stochastic [2, 4, 11] and learning 
[1, 6] approaches. Rule-based approaches are easy to 
implement but these methods consume much linguistic 
knowledge including syntactic and semantic knowledge.  It is 
difficult to improve the accuracy. Stochastic approaches 
employ statistics from a training set in processing and do not 
require linguistic knowledge. However, these techniques 
cannot capture useful information in long distance. In recent 
years, several machine-learning algorithms have been 
proposed in solving various tasks of Natural Language 
Processing (NLP) such as word sense disambiguation, 
spelling correction, word segmentation and part-of-speech 
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g. Like stochastic approaches, these techniques require 
g data and do not need linguistic knowledge. 
theless, several machine learning algorithms can 
e local, long distance context and other information to 
a problem. 
 this paper, we proposed to apply machine learning 
ques namely C4.5 and RIPPER in identifying phrase 
s. Both algorithms can learn the useful features from 
g examples. Features which are investigated in our 

iments are collocations in different window sizes and 
mber of syllables before and after a juncture to a phrase 

 position. 

Applying Machine Learning Techniques 
is section, we briefly reflect on C4.5 and RIPPER 
thms, and features that we will use in solving our 
m - detecting phrase breaks. 

4.5 

decision tree, is a traditional classifying technique that 
sed by Quinlan [8]. C4.5 have been successfully applied 
ny NLP problems such as word extraction [10] and 
ce boundary disambiguation [7].  

4.5 proceeds by evaluation content of series of attributes 
eratively building a tree from the attribute values with 
aves of the decision tree being the valued of the goal 
te. At each step of learning procedure, the evolving tree 

nched on the attribute that partitions the data items with 
ghest information gain. Branches will be added until all 
in the training set are classified. To reduce the effect of 
tting, C4.5 prunes the entire decision tree constructed. It 
ively examines each subtree to determine whether 
ing it with a leaf or branch would reduce expected error 
his pruning makes the decision tree better in dealing 

he data different from training data. 

IPPER 

R is the one of the famous machine learning techniques 
ing in NLP problems proposed by Cohen [3]. On his 
iment [12] shows that RIPPER is more efficient than 
on noisy data and it scales nearly linearly with the 
er of examples in a dataset. Therefore, we decide to 
e RIPPER in evaluating and comparing results with 

IPPER is a propositional rule learning algorithm that 
ucts a ruleset which accurately classifies the training 
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Figure 1: Architecture of phrase break detection 
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data. A rule in the constructed ruleset is represented in the 
form of a conjunction of conditions:  

 
if T1 and T2 and ... Tn then class Cx. 

 

 

T1 and T2 and ... Tn is called the body of the rule. Cx is a 
target class to be learned; it can be a positive or negative 
class. A condition Ti tests for a particular value of an 
attribute, and it takes one of four forms: An = v, Ac ≥ θ, Ac ≤ 
θ and v ∈ As, where An is a nominal attribute and v is a legal 
value for An; or Ac is a continuous variable and θ is some 
value for Ac that occurs in the training data; or As is a set-
value attribute and v is a value that is an element of As. In 
fact, a condition can include negation. A set-valued attribute 
is an attribute whose value is a set of strings. The primitive 
tests on a set-valued attribute As are of the form “v ∈ As”. 
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When constructing a rule, RIPPER finds the test that 
maximizes information gain for a set of examples S 
efficiently, making only a single pass over S for each 
attribute. All symbols v, that appear as elements of attribute A 
for some training examples, are considered by RIPPER. One 
of the most powerful ability of RIPPER is to learn the set-
valued attributes, and this ability is one of the main reasons 
for choosing RIPPER for our task. Using the set-valued 
attributes, examples can be class concept. We provide 
training data set composed of positive and negative examples 
of the concept. Given the training set, RIPPER first partitions 
the data into two sets, a “growing set” and “pruning set”, and 
the repeatedly constructs on rule at a time that classifies data 
in the growing set, until all positive examples are covered. A 
rule is initialized with an empty body until no negative 
example is covered. After a rule is constructed, the rule is 
immediately pruned. To prune a rule, RIPPER deletes any 
final sequence of conditions from the rule according to some 
heuristic. The goal of pruning a rule, which may overfit the 
growing set when the set contains noisy data, is to improve 
error rates on unseen data in the pruning set. The algorithm 
can also handle multiple classes with slight modification.  
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ain the algorithms for identifying phrase breaks, two 
features are investigated. The first feature is a 

ation feature which is a pattern of up to n contiguous 
 and part-of-speech tags around the target juncture. The 
d feature is a syllable feature which is the number of 
les from a target juncture to the previous and the next 
 break.  

3. An Overview of the System 
lgorithm for identifying phrase breaks (in Figure 1) 
ts of three steps as follows: 

ord Segmentation & Part-Of-Speech Tagging 

ach input paragraph, probabilistic trigram model [5] is 
d to separate the paragraph into a sequence of words 
ssign their parts of speech (POS), then the best 
nted sequence is selected. The probabilistic trigram 

l can be described formally as following: 
et C = c1c2…cm   be an input string,  Wi = w1w2..wn   be a 
le word segmentation, and  Ti = t1t2..tn  be a sequence of 
of speech. Find Wi which is the highest probability of 
nce of words. We can compute P(Wi) in  the  following  
n:  
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here P(ti|ti-1 ti-2) and P(wi|ti) are computed from the 
s. 

rapheme-to-Phoneme 

s step, every word from step 3.1 is converted from 
eme to phoneme, and then counts the number of 
les in a word. This step can be ignored, in case of 
ing the features of the number of syllables. 

redicting Phrase Breaks 

finishing step 3.2, the input paragraph is separated into 
. Each word is assigned with the number of syllables 
n appropriate POS tag by using probabilistic trigram 
l. Then we form features surrounding every juncture that 
oint between 2 words. Finally, C4.5 or RIPPER will 
t a juncture is whether a phrase break or not. 

4. Experiments and Results 

ata 

st the performance of our approach, 1,169 sentences 
ORCHID corpus[9] are selected. The data contains 

8 words and 1,960 phrase breaks. Every sentence is 
ally separated into words, and assigned their parts-of-
h tags, pronunciation and phrase breaks by linguists. 
ata is divided into two parts; the first part, containing 
9 words and 1,596 phrase breaks, is utilized for training. 



The rest, consisting of 2,479 words and 364 phrase breaks, is 
used for testing. 

4.2. Training Methodology 

To train the algorithms, we construct both positive and 
negative examples. 
• Positive examples: we construct positive examples by 

forming collocation and syllable features of junctures 
which are phrase breaks. 

• Negative examples: we create negative examples similar 
to positive examples but we change a target juncture to a 
juncture which is not a phrase break. 

4.3. Performance Criteria 

The performance criteria that used in this work are derived 
from [11]. We measure the performance of our approach in 
terms of the percentage of breaks-correct, junctures-correct 
and false-break. These measures are explained as follows: 
 Breaks-correct  =  ( CB / RB ) x 100% 
 Junctures-correct  =  ( CS / RS  ) x 100% 
 False-break      =  ( FB / RS ) x 100% 
where  

CB  is the number of correct classified phrase 
breaks from the test set. 

FB  is the number of false classified phrase 
breaks from the test set. 

CS  is the number of correct classified phrase 
breaks and non-phrase breaks from test set. 

RB  is the number of phrase breaks from the 
reference.  

RS  is the number of phrase breaks and non-
phrase breaks from the reference.  

 
The difference between the breaks-correct and junctures-

correct is that junctures-correct includes the non-phrase 
breaks in calculation. The junctures-correct score consider on  
accuracies of both phrase breaks and non-phrase breaks, 
while the breaks-correct score only accounts on the phrase 
breaks. In indicating the accuracy of identifying phrase break, 
both breaks-correct and junctures-correct score are 
investigated. In our test set, the ratio of the number of non-
phrase breaks by the number of phrase breaks is about 5:1. 
The measures are used to evaluate on the phrase-break 
accuracy only. Therefore, if an algorithm classifies all 
junctures as phrase breaks then the break-correct is 100%, and 
the junctures-correct is about 17%. False-break is the 
assessment of the insertions, this score indicate how often an 
algorithm returns the unreliable phrase breaks. In conclusion, 
the good algorithm must yield high junctures-correct and 
break-correct scores, and low false-break scores. 

4.4. Results 

We design the experiments to investigate the impacts of the 
two major factors; 1) window sizes and 2) syllable features. 
Then we evaluate our approach with different window sizes 
of collocations from 1 to 10. To evaluate an impact of 
syllable features, we test our approach by comparing the 
accuracy results that consider only collocation features and 
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curacy results that employ both collocation and syllable 
es. 
 Table 1 to 3, Size stands for a window size. Coll. and 
+ Syl. represent the algorithm that employs only 
ation features, or collocation features and syllable 
es, respectively. 
 table 1 to 3, most of results show that using both 
es, collocation and syllable features, give higher 
cy results than considering only collocation features. 
arious window sizes of collocations have an effect on 
curacy results. However, the accuracy results are not 

different. If the longer window size is applied, it cannot 
ntee that we will get the better accuracy results. The 
cy results of RIPPER outperform the accuracy result of 
n Table 1 and 3. 

able 4 shows the results of detecting phrase breaks by 
POS sequence model which is described by Taylor and 
 [11]. 

5. Discussion 
the experimental results, C4.5 and RIPPER give higher 

s-correct scores and junctures-correct scores than the 
 of POS sequence model, whereas false-break scores of 

and RIPPER are lower than the scores of POS sequence 
l. It means that C4.5 and RIPPER outperform POS 
nce model. When C4.5 and RIPPER employed syllable 
es, the accuracy results of such algorithms increased. It 
ause syllable features have an effect on a decision 
er a juncture is a phrase break or not.  

he accuracy results from various sizes of collocations 
t quite different. It is because only words and/or POS 
efore and after a target juncture have an effect on 

fying phrase breaks. 
he experimental results show that C4.5 and RIPPER 
etter accuracy than POS sequence model, because POS 

nce cannot capture words and syllable features to solve 
oblem of phrase break identification. C4.5 and RIPPER 

a good performance in extracting both useful 
ation and syllable features. Moreover, the accuracy 
s of RIPPER are better than the accuracy results of 
It means that RIPPER is the best algorithm in solving 
oblem. 

Table 1: Breaks-correct score 

C4.5 (%) RIPPER (%) 
Coll. Coll.+Syl. Coll. Coll.+Syl. 

71.70 71.98 80.21 84.60 
71.15 71.70 78.48 83.24 
72.25 73.63 79.12 82.42 
72.53 73.90 76.92 78.85 
72.53 74.18 74.18 75.55 
72.53 73.90 76.65 79.95 
72.25 73.90 72.80 80.77 
71.70 73.35 75.82 83.24 
71.70 73.63 74.45 82.97 
71.70 73.08 71.15 81.59 

 

 



Table 2: Junctures-correct score 

C4.5 (%) RIPPER (%) Size Coll. Coll.+Syl. Coll. Coll.+Syl. 
1 93.42 93.63 90.56 91.57 
2 93.47 93.55 90.92 93.14 
3 93.55 93.67 91.89 93.59 
4 93.26 93.30 92.46 93.26 
5 93.22 93.38 93.67 93.51 
6 93.10 93.30 93.83 93.06 
7 95.44 93.26 92.82 93.34 
8 93.22 93.42 92.98 94.15 
9 93.22 93.79 93.30 93.26 
10 93.10 93.38 92.05 92.66 

Table 3: False-break score 

C4.5 (%) RIPPER (%) Size Coll. Coll.+Syl. Coll. Coll.+Syl. 
1 4.15 4.11 2.44 2.99 
2 4.24 4.15 3.59 2.46 
3 4.07 3.87 3.07 2.58 
4 4.03 3.83 3.39 3.11 
5 4.03 3.79 3.79 3.59 
6 4.03 3.83 3.43 2.94 
7 4.07 3.83 3.99 2.82 
8 4.15 3.91 3.55 2.46 
9 4.15 3.87 3.75 2.50 
10 4.15 3.95 4.24 2.70 

Table 4: the accuracy of POS sequence model 

Breaks-correct Junctures-correct False-break 
69.75% 89.04% 7.97% 

6. Conclusion 
This paper applies machine learning techniques, C4.5 and 
RIPPER, to the task of predicting phrase breaks. The 
experimental results show that C4.5 and RIPPER have ability 
to capture useful features in solving the problem. Moreover, 
C4.5 and RIPPER give the better accuracy results than 
previous POS sequence model. The accuracy results of C4.5 
and RIPPER are not quite different. Nevertheless, RIPPER 
appears to outperform C4.5. Considering both collocation and 
syllable features give the better results than considering only 
collocation features. The windows size of collocation has 
only little impact on the accuracy results.  
       In the future experiment, we will apply other machine 
learning techniques and investigate different types of features. 
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