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Abstract

In this paper, a global prosodic word grouping probability
estimation method is proposed. By using some statistical
probabilities of four kinds of lexical word position types, the
optimum prosodic word grouping path of a sentence can be
obtained with the dynamic programming approach. In addition,
some statistical and rule punish or encourage strategies have
been used to improve the accuracy of prosodic word grouping.
Lastly, experiment results and discussion are presented.

1. Introduction

Rhythm is an important factor that makes the synthesized
speech of a TTS system more natural and understandable.
Researchers have found that there is a hierarchical prosodic
structure for Chinese prosody, which constitutes the rhythm of
Chinese speech[1]. The boundaries of prosodic units can be
identified by pauses, pitch changes, or duration changes of
boundary syllables in the speech. In a TTS system, the
prosodic structure provides important information for the
prosody generation model to realize all these affects in the
synthesized speech.

There are many reports specifying various hierarchical
structures for prosodic constituents. Generally speaking, the
main prosodic constituents in Chinese speech are prosodic
word, prosodic phrase and intonation phrase. Prosodic word is
a group of syllables uttered continuously and closely without
breaks in the speech. Prosodic word is the lowest constituent
in the prosodic hierarchy and should have a perceivable
prosodic boundary. Thus, good prosodic word grouping plays
an important role in increasing the naturalness of synthesized
speech.

Studies have revealed that the prosodic word is quite
different from the lexical word. One of the reasons is that the
formation of prosodic word is not only based on the meaning
of words but also based on rhythm requirements of speech. A
prosodic word can contain more than one lexical word and it
can also be a part of a relatively long lexical word. The
perceptive experiments in [2] show that the TTS system using
the prosodic word, rather than the lexical word directly, as the
basic unit has a much higher intelligibility and naturalness.

In recent years, many methods of prosodic word boundary
prediction have been proposed in Chinese, such as the
classification and regression tree (CART) method[2], rule-
driven approach[3], statistical approach[4][5][6][7], recurrent
neural network (RNN) method[8] and binary prosodic tree
method[9]. In these works, the POS (part of speech) and word
length information are mostly used.

The maximum entropy approach and conditional random
field (CRF) approach have been introduced to many tasks of
natural language processing, and have achieved a good
performance in solving some problems such as Chinese word
segmentation[10][11]. These word segmentation systems

using the above-mentioned two methods are proven to be
much effective in the second and the third SIGHAN Chinese
Language Processing Backoff (Backoff-2005 and Backoff-
2006). In these kinds of systems, a Chinese character is
labeled with a tag indicating its position in the Chinese word
that the character belongs to. Then character based tagging
method for Chinese word segmentation, either based on
maximum entropy or CRF, views Chinese word segmentation
as a label tagging problem. Lately, maximum entropy and
CRF methods were also introduced to solve prosodic word
grouping in Mandarin TTS systems[12][13].

Roughly speaking, these methods predict the break type
(existence or not) of each boundary site with some features
(e.g. length and POS of adjacent words). Statistical model can
be trained from a large scale annotated training corpus. Then,
for each potential boundary site in an input sentence, a
probability is estimated for each possible break type. The
break type with the largest likelihood is determined as the
correct type. However, we are aware that the current break
type 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, Dong implemented a Markov
chain model in their CART approach to achieve better results
by considering the dependency constraints between breaks[5].
Shi presented a statistical method by combining dynamic
program method with the rules[6], and Shao designed a
Markov Model combined with transformation based error
driven learning algorithm to capture the inherent correlation
between breaks from the overall judgment[4].

In this paper, a global probability estimation method is
proposed to predict the prosodic word boundary. Firstly, four
kinds of position types are defined for lexical words
according to their positions in the prosodic words that they
belong to. Then, we provide a sentence level global prosodic
word grouping probability estimation method based on some
statistical probability of position types obtained from a
training corpus. The optimum prosodic word grouping path of
a sentence can be obtained with dynamic programming
approach. In addition, some statistical and rule punish or
encourage strategies such as length model and noun phrase
correlation factor can be used to improve the accuracy of
prosodic word grouping.

The rest of this paper is organized as follows. Section 2
briefly introduces the speech corpus used in our research.
Section 3 describes the global prosodic word grouping
probability estimation method and some strategies used to
improve the accuracy of prosodic word grouping. Section 4
provides the experiment results and discussion. Finally, we
end this paper with section 5.



2. Speech corpus

The text source of our speech database comes from Chinese
People Daily 1998 Corpus, which is transcribed from a
Chinese newspaper with word segmentation and POS-tagging
annotated for natural language processing purpose. 3360
sentences with about 200k Chinese characters were selected
from the text corpus using greedy algorithm.

The prosody structure used in this paper is composed of
four tiers[1]: prosodic word (PW), minor phrase (MIP), major
phrase (MAP) and intonation group (IG). Prosodic word is a
tone group bearing one word stress. Minor phrase contains
one or more prosodic words, bears one phrasal stress and the
perceived break between MIPs is longer than that between
PWs. MAP contains one or more PWSs, bears one phrasal
stress and the perceived break between MAPs is longer than
that between MIPs. The criterion for prosody structure
labeling is listening perception. Major phrases are often
marked by commas with incomplete pitch resetting while
intonation groups are marked by periods, quotation marks or
semicolons with full pitch resetting.

Additionally, three levels of stress have been defined,
namely, the stressed, the normal and the neutralized.

The following is a sample transcription of a certain
sentence in the speech corpus. “”, “||”, “|II” and “@” represent
PW, MIP, MAP and IG in the transcription respectively. A
syllable marked with “_H” means it is a stressed syllable, and
a syllable marked with “_L” means it is a neutralized one.

8 H(bal yved H)/t| 2 0 H(erd sh%2_H r%4_H)/t | i&
S (qingl_H chen2)/t , || — (yil)/m 32 (zh%1_H)/q i %
(man3 zai4_H)v || %% @ BN %% (Quol_H wan3 piao2_H
pen2)/l . || % # (zhuol_H vyi3)n . || ¥ ¥} (tiac2_H
liao4)/n . || K HiHl(fal dian4 jil_H)/n || Z(deng3)/u | K4
(jial dang4_H)/n ffi(de5_L)/u || ¥#ish(liu2 dongd_H)ivn | 32
A (zh%1_H gian2)/vn Z=BA(chel_H dui4)/n || M(cong2_H)/p
# MM (zhengd zhoul_H)ins | i & (chul fal_H)iv 7T
(le5_ L)y . @

3. Global prosodic word grouping probability
estimation

Firstly, four kinds of position types are defined for lexical
words according to their positions in the prosodic words that
they belong to. These four position types are denoted by

B,,B,,M and |, in which B, means that a lexicon word is

at the beginning of the prosodic word that it belongs to; B,

means that a lexicon word is the second lexical word of the
prosodic word that it belongs to; | means that a lexicon word
belongs to a singleton prosodic word that has only one lexical
word; M means that a lexicon word is at the third or other
rear position of the prosodic word that it belongs to.

The original transcription of the training sentences can be
formatted easily as follows:

The sentence “BatR/n J5/f ||| Al | Yesgiv | sEid Liiv
FEZEN || 7K S Ins f/u | THZEn » @ is formatted to “Hf 1R
In/BL JGIf/B2 ||| TN | PesEv/l | SEIdIBL 2:/viB2 AL
NIM || 7K ZK A Ins/BL [Wu/B2 | %/« @~

The rest of this section is organized as follows. Section
3.1 describes the global probability estimation method in
detail. Section 3.2 presents some statistical and rule punish or

encourage strategies that have been used to improve the
accuracy of prosodic word grouping.

3.1. Global probability estimation

A sentence with words segmented can be represented by a
word sequence as follows:

W =ww,---w_ W . Let pos,i=12,---,n denote the
part-of-speech of w, .

One possible prosodic word grouping result PW for the

sentence can be written as follows,
PW =wsw,s,---W_ s W

177°2%2 n-1""n
inwhich s, e{B,,B,,M,1},i=12,---,n
The target of prosodic word grouping is to find the
optimum prosodic word grouping PW * from all possible
paths.
PW*= max P(wW,SW,s,---W,_S, W ) (1)

This can be approximately estimated by the following
formula.
PW*= max P(w,s,w,s,---W_,S ,W.

S1.8;,08,

~ max {P(pos,)P(s, | pos,)P(s,, pos, |s,, pos,) (2

. P(sn—l’ pos, ; |5",2, posH)P(Sn. pos, |sn—1‘ posn—l)}
Since P(pos,) is a constant value here, the above

formula can be simplified as follows:
PW*= max P(w,s,W,s,---W_,S ,W,)
5118508,

= max {P(s, | pos,)P(s,, pos, s, pos,) )

-+-P(s,, pos,, [8,,, POs, ,)P(s,, pos, |s, ,, pos, ,)}

In order to calculate the above formula, five kinds of
probabilities should be estimated from our training corpus.
These five kinds of probabilities are described as follows.

(1) The probability that a POS is the POS of a singleton
prosodic word, namely,

P(s=1] pos= pos_i)

B C(s=1, pos= pos_i)

"~ C(s=1,pos=pos_i)+C(s= B,, pos = pos_i)

(2) The probability that a POS is the POS of the first
lexical word in a prosodic word, assuming that this prosodic
word contains at least 2 lexical words, namely,

P(s=B, | pos = pos_i)

_ C(s=B,, pos = pos_i)

N C(s=1, pos= pos_i)+C(s=B,, pos = pos_i)

(3) The transition probability from position B, to position

B, within a prosodic word.
P(s=B,, pos = pos_ j|s,., = B, pos,., = pos_1i)
C(s

=B, pos,,, = pos _i,s=B,, pos = pos _ j)
C(S,e = B, pos,,, = pos _i)
(4)The transition probability distribution from position
B, or position M to position M .

prev

P(s=M, pos=pos_ j|s,. =B,0rM, pos,. = pos_i)
C(s

=B,orM, pos ,, = pos _i,s =M, pos = pos _ j)
C(S, =B,0rM, pos,, = pos_i)

(5) The jump probability in a prosodic word boundary.

prev




Pwmp(pos =pos_j]| pos,,., = pos_i)
= P(s = Byorl, pos = pos_ j|s,,, = B,orMorl, pos,,, = pos_i)
_ C(s,., = B,orMorl, pos,,, = pos_i,s = Borl, pos = pos_ j)
C(pos,,, = pos_i, pos = pos_ j)
Trigram jump probability is also tried in our experiments.
It can be represented as follows.
Py (POS = POS_ j | poS,,, = pos_i, pos,,, , = pos _k)
=P(s=B,orl, pos = pos_j|s,, = Morl, pos
C(S, = Morl, pos,,, = pos_i,s=B,orl, pos = pos_ j, pos,,, ,
C(pos,,, = pos_i, pos = pos_ j, pos ., , = pos _k)

= pos _i, pos = pos_k)

= pos _k)

prev prev prev-1

In the previous formula (3), if s, =B, v 1,i>1 then
P(s,, pos, | s, ,, pos,,) is estimated approximately as
follows:

P(Si’ pOSI | Si—l’ posi—l) (4)

= Py (POS; | POS,,)P(s; | pos;)

The global prosodic word grouping probabilities of a
sentence with various possible grouping paths will be
calculated using the above five probability by the dynamic
programming approach. The path with the biggest probability
will be treated as the optimum prosodic word grouping result.
Remarks. Unlike usually defined character position types in
word segmentation task, position E (the end position of a
prosodic word) is not defined in our method for prosodic word
grouping. In fact, the lexical word of position type E will be
labeled as position M or position B, in the paper. We have

also experimented five position types including E , however, it
will cause prosodic word jump too much. We think that the
reason is that the jump probability has already characterized
the ending of a previous prosodic word.

3.2. Some statistical-based or rule-based strategies

3.2.1. Length model

Prosodic word length model can be used in the global prosodic

word grouping probability estimation method as follows:
PW*= max P(wsW,s,---W .S W)

S148; S,y

~ max {P(s, | pos,)P(s;, pos, |, pos,)

--P(s,,, pos, , |S,,, pos, ,)P(pos, |s,,, pos, )
P(len(PW,))P(len(PW,))---P(len(PW,))}
, where P(len(PW,)) can be estimated from the training
corpus.

3.2.2.  Noun phrase correlation factor

Since our word segmentation module does not provide noun
phrase detecting function, noun phrase correlation factors are
designed to characterize the correlation between adjacent noun
pairs. These factors are helpful in avoiding incorrectly
prosodic word boundary insertion within some noun phrases.
NounPhraseFactor,,,., (W= word, pos = noun)

_ C(w=word, pos = noun, pos,,, =noun)

B C(w = word, pos = noun)

NounPhraseFactor, .., (W= word, pos = noun)
C(pos,,, = noun, w=word, pos = noun)

prev

C(w = word, pos = noun)

For example, “iX/r fz/q f&&7/n A¥/n” will be processed
as “IX {7 1677 | A4 before. After using the new method to
compute the correlation factor between two nouns, “f%%”
and “ A4, we will find that the correlate factor is very high;
hence the prosodic word boundary is not encouraged to be
inserted into the place between these two nouns. At last, the
processing result will be “iX 47 | 7 A4 now.

Verb+noun and verb+verb phrase correlation factors are
also used in the dynamic programming approach.

3.2.3. Some special Chinese characters and some fixed
syntactic patterns

Some rules are designed from linguist knowledge to punish or
encourage the probability of the grouped prosodic word
according to the context. For example, some rules are designed
for some special Chinese characters such as “x.”, “Jif”, “A”
and “—”. In addition, some rules are designed for some fixed
syntactic patterns with “;&”.

Furthermore, the POS tendency verb (vq) is added into
our POS set. It is because that a tendency verb will cohere
with its preceding verb in the prosodic word level. This will
lead another advantage. It will decrease the bias of probability
estimation because some “v+v” POS sequences will be
replaced by “v+vq” in the training set.

4. Experiment results and discussion

4.1. Test set

An independent test corpus, which is also selected from
Chinese People Daily 1998 Corpus, was used in this paper’s
experiments. There were 400 sentences in the test set with an
average number of Chinese characters per sentence at about 37
and the average number of lexical words in a sentence was
about 23. These figures are more consistent with the actual
cases. The prosody structure was labeled by a well-trained
annotator from the text and then modified by listening to the
speech corpus recorded by a female graduate student majoring
in Chinese literature. Finally, 5113 prosodic word boundaries
were annotated in the test set.

4.2. Results and discussion

Precision and recall statistics were calculated to evaluate the
performance of prosodic word grouping in this paper.

Table 1. The experiments result 1

Results
methods Precision | Recall rate
Bigram jump probability 86.01% 83.94%
Trigram jump probability 86.23% 82.51%
Bigram jump with length model 87.63% 83.39%
Trigram jump with length model 87.82% 82.19%

Table 1 describes the experiments result of prosodic word
grouping with the proposed global probability estimation
method. At first, a comparison was made between the
performance of using bigram jump probability and that of
using trigram jump probability. From the table we can see that
trigram jump probability can improve the precision slightly,
however it degrades the recall rate to a relative large extent.
We think that the reason is less of training data for trigram




jump probability estimation. Then, the length model was
proven to improve the precision about 1.5% with slightly
degradation on the recall rate. At last, we decide to use
bigram jump probability in our baseline system.

Table 2 gives the experiment result with all statistical and
rule encourage or punishment strategies being used. From the
table we can see that these statistical and rule encourage or
punishment strategies contribute to the improvement of
prosodic word grouping much. Table 2 also gives the result
when a module of automatic word segmentation and POS
tagging is applied. It is observed that the result is better than
that of our previous binary prosodic tree method[9] in terms
of both the accuracy and the memory cost.

Table2. The experiment result 2

results

methods Precision Recall

rate
Baseline 86.01% 83.94%
Baseline + Length model 87.63% 83.39%
Baseline + All strategies 89.56% 84.37%
Automatic WordSeg+POSTagging 87.52% 82.84%
Binary Prosodic Tree Method 85.91% 79.38%

Figure 1 shows the length histogram of prosodic words in
the test set of 400 sentences. The average number of Chinese
characters in a prosodic word in the test set was about 2.8.
Our data are quite different from that in [2]. They assumed
that a prosodic word is primarily composed of disyllable or
tri-syllable. However, many relative long units, in particular,
those units with two lexical words such as “if# B =5” and
“ZEHk ¥4, were annotated as prosodic words by listening
perception in our test set. The following is a transcribed
sentence in our test set:

400. flufilir | B FREENV | B BB, Iw]| kE
fd AESRIV | &5 EWn, iw ||| KR I || HAE e & FKin | %
BN Tl , WS Al BV AEn | 3EEN . Iw@

Length histogram of prosodic words in the 400 sentences test set
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Fig. 1. Length histogram of prosodic words in the test set.

The prosodic word grouping method in this paper needs to
solve these kinds of prosodic word groupings also. An
annotator is asked to check all of the wrong predicted
prosodic boundaries. About half of them belong to prosodic
word boundary insertion errors that occur within those
relative long prosodic words, for example, “%& [ | B+ and
“IX i | S48”. Although perception experiments show that it
is better to group these kinds of prosodic words, not grouping
is also acceptable in synthesized speech. In fact, sometimes
people also regard them as two different prosodic words in the
speech for emphasis purposes or for poem style.

5. Conclusions

In this paper, we provide a sentence level global prosodic
word grouping probability estimation method based on some
statistical probability of position types of lexical words. The
optimum prosodic word grouping path of a sentence can be
obtained with dynamic programming approach. Finally, some
statistical and rule punish or encourage strategies have been
used to improve the accuracy of prosodic word grouping. The
experiment result is quite promising.
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