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Abstract
In this paper, we propose to convert the prosody boundary 
detection task into a syllable position labeling task. In order 
to detect both prosodic word and prosodic phrase boundaries, 
6 types of syllable positions are defined. For each position, 
context-dependent position models are trained from manually 
labeled data. These models are used to label syllable positions 
in unseen speech. Word and phrase boundaries are then easily 
derived from syllable position labels. The proposed approach 
is tested with a large scale single speaker database. The 
precision and recall for word boundary are 96.1% and 90.1%, 
respectively, and for phrase boundary are 83.7% and 80.5%, 
respectively. Results of a listening test shows that only 28% 
of word boundaries and 50% of phrase of boundaries detected 
automatically are critical error, implying only about 2.2% and 
10% errors for word and phrase boundaries, respectively. The 
results are rather good, especially when it is considered that 
only acoustic features are used in this work.  

Index Terms: Boundary detection, context-dependent 
position model, prosodic word, phrase 

1. Introduction
Labeling prosody boundaries in speech databases is important 
for both speech analysis and speech synthesis. It was done 
manually in most of the cases, which is both money and time 
consuming. Many works have been done on automatic 
boundary detection. Most of them use f0 contour as the main 
acoustic feature. Lea et al. studied fall-rise patterns of f0 
contours and used piece-wise line fitting to find the 
boundaries [1]. Shimodaira and Nakai believed that a breath 
group is a concatenation of pitch pattern templates [2]. Iwano 
and Hirose represented prosodic words with statistical models 
of f0 contours and succeeded to detect prosodic word 
boundaries in Japanese continuous speech [3][4]. Duration is 
another important feature for boundary detection. Wightman 
and Ostendorf used phoneme durations given by a speech 
recognizer [5]. In some works, both linguistic information and 
acoustic information are used. In [6], an ANN-based 
syntactic-prosodic model trained from high-level linguistic 
information and GMM-based acoustic-prosodic models are 
used together to detect phrase boundaries.  

In most existing studies, only supra-segmental features are 
used in boundary detection, but we believe that segmental 
information also plays important roles in representing pro-
sody boundaries. Thus, in this paper, we focus on modeling 
prosody boundaries by using both segmental and supra-
segmental acoustic features and consider as many contextual 
factors as possible. Furthermore, we think that boundary dete-
ction should not only involve in syllables close to a boundary 
but also all syllables in a sentence. Therefore, we propose to 
convert the boundary detection task into a position labeling 
task in this paper. In order to detect both prosodic word and 

prosodic phrase boundaries, six types of syllable positions are 
defined and all syllables in a sentence are assigned to one of 
the six positions. Then, context dependent Hidden Markov 
Models (HMM) are trained for each position from a labeled 
corpus. For any new speech input, context-dependent position 
models (CDPM) are used to score the sentence to identify a 
position sequence with the largest likelihood, from which 
word and phrase boundaries can be derived. 

This paper is organized as follows. The definitions of 
syllable positions and contextual factors, the training 
procedure of CDPMs and the syllable position labeling 
procedure are introduced in Session 2. In Session 3, the 
experiments and results are presented. Some detail analyses 
are given in Session 4. Session 5 gives the final conclusions. 

2. Context-Dependent Position Models 
Mandarin is such a tonal language that prosodic features are 
interactively affected by tone identity, phone identity and 
syllable positions within prosodic units. For example, a tone 
at the end of a phrase has a much different f0 contour from the 
same tone at the beginning of a phrase. Figure 1 shows the 
difference and the existence of interactions among tones and 
syllable positions in a sentence. 

 
Figure 1. Interactions among tones and syllable positions 

(Sent: # # # # # | wo3 man4 bu4 da4 
qiao2 mei2 you3 yu4 dao4 nong2 wu4; # marks the prosodic word 
boundaries; number 1-5 mark 4 Mandarin tones and the neutral tone). 

In Figure 1, there are 6 syllables with tone 4 (man4, bu4, 
da4, yu4, dao4 and wu4). Their f0 contours are very different 
because they are in different context. Such variations are very 
helpful to detect the syllable positions in a phrase. 

2.1. Boundary detection & syllable position labeling 
In this paper, the task of prosodic boundary detection is 
converted to the task of syllable position labeling. We focus 
on two levels of boundaries: prosodic word boundary and 
prosodic phrase boundary.   A syllable can have four possible 
positions in each level: initial, middle, final and standing 
alone as a word or phrase (denoted as mono). Thus, there are 
16 possible positions in total. Considering the relationship 
between word position and phrase position of a syllable, for 
example, a syllable as the phrase final could only be a word 
final or mono rather than be a word middle or initial, we 
compress the position levels from 16 to 6 as in Table 1.  

From the definitions in Table 1, we have the following 
rules with which word and phrase boundaries can be derived 
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from syllable positions: (SP1, SP2), SP3, (SP4, SP5), SP6 
represent word initial, middle, final and mono, respectively, 
and either a word final or a word mono implies a word 
boundary; SP5 or SP6 followed by a SP1, or SP5 followed by 
a SP6 reviews the existing of a phrase boundary. 

Table 1. The six types of syllable positions 
SP1 phrase initial,  first syllable of a phrase 

SP2 word initial, first syllable of a prosodic word, but not at 
phrase initial 

SP3 word middle, syllable within a prosodic word 

SP4 word final, last syllable of a prosodic word, but not at 
phrase final  

SP5   phrase final, last syllable of a phrase 

SP6 mono-syllabic prosodic word, it can be at any position 
within a phrase

2.2. Contextual factors 
6 contextual factors, involving tones and phones of a syllable 
and syllables before and after it, are considered as sources 
causing that syllables at the same position have rather 
different acoustic features. They are list in Table 2.  

Table 2. Contextual factors for syllable positions 
LT left tone,  tones of the preceding syllable 
CT current tone,  tones of the focused syllable 
RT right tone,  tones of the succeeding syllable 
LPh left phone, preceding phone of current phone 
CPh current phone, initial or final of focused syllable 
RPh right phone, succeeding phone of current phone

2.3. Context-dependent model with different focus 
Context-dependent acoustic model is not a totally new 
concept. Tri-phone model is one kind of context-dependent 
model (CDM) and has been proved very successful in speech 
recognition task. In a previous study, we have used context-
dependent tone models (CDTM) to explore tone variations [7] 
and have achieved rather promising results. This time, we use 
CDPM for prosodic boundary detection. When considering 
them together, we see that all these models are context-
dependent, but with different focus. In speech recognition, the 
goal is to find the phone sequence that is most likely to 
produce the acoustic observations. Therefore, it focuses on 
phone (CPh). In the tri-phone model case, only two factors 
LPh and RPh are used. However, all factors list in Table 2 
plus SP described in 2.1 can be used to model the variations 
of a phone and we refer such models as context-dependent 
phone model (CDPhM). In the CDTM case, our focus is on 
tone (CT). Therefore, SP, RT, LT, CPh, LPh and RPh are 
contextual factors. CDTM has been used in tone analysis [7] 
and tone error detection [8]. In this paper, our focus is 
syllable position within prosodic word and phrase, and all 
factors in Table 2 are contextual factors. 

2.4. CDPM training 
To avoid some models having too few data to train from, we 
do not expand all contextual factors together, but incremen-
tally. First, mono phone models (initial models plus tonal 
final models) are trained, from which models with CPh and 
CT are obtained. Then, LT and RT are expanded. Next, SP 
are expanded. Finally, LPh and RPh are expanded. These 
processes are the same for training CDPM, CDTM and 
CDPhM. The main difference among them is in the tying 
stage. In the traditional tri-phone modeling, context-
dependent models with the same CPh are tied into the same 
tree to get the best resolution in phone identity. In the CDTM 

case, models with the same CT are tied into the same tree to 
achieve the best resolution in tone identity. Now, in the 
CDPM case, models with the same SP are tied together to 
pursue the best resolution in syllable positions. Since we 
believe syllable initial and final play much different roles in 
modeling syllable position, initial models and final models 
are tied separately. 32 state decision trees are obtained in all.  

2.5. Syllable position labeling with CDPM 
Since we don’t have a speech decoder that can use CDPM 
directly, we use the forced alignment functionality in HTK 
toolkits [9] to get speech segments that correspond to phones. 
Then, rescore each segment with all possible CDPMs, finally, 
the model sequence that most likely generates the whole 
speech utterance are identified. The core processes includes: 

Get phone boundaries: In the syllable position labeling 
task, we assume that we have both speech waveform and the 
corresponding script. From the script, we can derive all 
context information in Table 2, yet, we don’t know SP. 
Therefore we train a set of CDPhMs without using SP factor 
and use these models to align phones with speech waveform.  

Rescore with CDPMs: In the rescore step, we still 
assume phones are correct, but tones may not be correct. 
Therefore, factors related to tones and positions are 
enumerated to generate CDPM candidates for each phone in 
the speech.  Then, each CDPM candidate is used to output a 
likelihood of the corresponding speech segment.  

Search for the best path: Viterbi search is implemented 
with some constrains to find the best path of CDPMs, through 
which we can derive SP labels. Tone and position constraints, 
introduced in the process of viterbi search, aim to avoid the 
irregular position sequence. For example, one phrase initial 
cannot be followed by another phrase initial; and RT of the 
previous phone should be the same as CT of the current 
phone. With such constraints, only reasonable syllable 
position sequence is to be found.  

3. Experiments and Results 

3.1. Speech corpus and acoustic features used
In this paper, we use a large single speaker Mandarin speech 
corpus designed for speech synthesis and covers rich phonetic 
and prosodic variations. Prosodic structure, from which SP 
labels could be got, has been labeled manually. 14476 
utterances are contained in the corpus, and 13476 of them are 
used for training and the remaining 1000 are kept for testing.  

Multi-space distribution (MSD) HMM is adopted in 
modeling syllable positions, for it captures both continuous 
and discrete aspects of the fundamental frequency of speech 
well [9] [7]. 

Acoustic features used include both segmental features 
(13-dimensional MFCC, 13-D � MFCC and 13-D �� MFCC) 
and supra-segmental features (5-D f0 related features, which 
are logarithmic f0, its first and second order derivatives, pitch 
duration and long-span pitch [10]). 

3.2. Boundary detection with CDPM 
After syllable positions are obtained by CDPM rescoring, we 
can derive word and phrase boundaries from syllable 
positions according to constraints in Session 2.1. The perfor-
mance of boundary detection is measured by precision and 
recall. For prosodic word boundary, the overall accuracy is 
given as well. The results on testing set are shown in Table 3.  
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It is seen that the detection result is rather good, 
especially for prosodic word. It reviews that CDPMs capture 
the acoustic characteristic of prosodic boundary well.  

Table 3. Prosody boundary detection result 

Method Prosodic Phrase (%) Prosodic Word (%) 
recall precision recall precision accuracy

CDPM 80.46 83.75 90.15 96.14 92.17 

We have discussed the idea that context-dependent 
models can be trained with different focus to serve for 
different goals in Session 2.3. To prove it, CDTM and 
CDPhM are trained with the same training set and context 
factors. They are all used to re-score the speech utterance to 
detect the prosody boundaries. The results are shown in Table 
4. It is seen that CDPM performs much better than CDTM 
and CDPhM. This confirms that, in order to detect prosodic 
boundary, the model should set focus on syllable position. 
While in other applications, such as tone recognition, the 
models should focus on current tone, and in speech 
recognition, the focus should be on current phone. 

Table 4. Detection result of CDM with different focus 

Method Prosodic Phrase (%) Prosodic Word (%) 
recall precision recall precision accuracy

CDPM 80.46 83.75 90.15 96.14 92.17 
CDTM 77.67 79.23 80.79 94.22 87.48 
CDPhM 76.42 72.58 83.13 91.52 86.20 

3.3. Boundary detection with additional information 
The results in 3.2 are obtained by using acoustic features only. 
We want to see how much benefit we can achieve if 
additional text level information is provided. Therefore, we 
perform word segmentation in the script of testing set and 
constrain the search space by providing additional word 
boundaries, i.e. word and phrase boundaries cannot be in 
middle of a lexical word. The results are given in Table 5. 

Table 5. Acoustic Info  v.s. Acoustic + Text Info 

Method Prosodic Phrase (%) Prosodic Word  (%) 
recall precision recall precision accuracy

AI 80.46 83.75 90.15 96.14 92.17 
AI + TI 80.51 84.53 89.89 96.91 92.65 

Note: AI denotes acoustic information; TI stands for text information. 

From Table 5, we see that text information brought little 
benefit to recalls of either phrase or word boundaries. There is 
a slight improvement on the two precisions, but not very 
significant. We interpolate the observation as that CDPMs are 
really competent to describe syllable positions so that additio-
nal word boundaries derived from text is not very helpful.  

4. Analysis & Discussion 

4.1. Error analysis 
In order to have a better understand of the capability of 
CDPM, we look into the errors in boundary detection. The 
confusion matrix of word-level position is given in Table 6. 

Table 6. Confusion matrix of SP in prosodic words 
       ref 
rec  (%) 

head mid tail mono 
8477 2167 8477 932 

head 86.91 11.58 1.96 21.89 
mid 8.64 81.82 7.99 0.32 
tail 2.56 6.60 88.83 9.98 

mono 1.90 0.00 1.23 67.81 
Note: one head error will cause a tail error, thus the two errors are 
recorded in this table for each boundary error. So the word-level 
accuracy is higher than the four accuracies separately. 

The confusion matrix shows that the confusion between 
word head and mid is significant, so does the confusion 
between word tail and mid. Besides, word mono is easily 
treated as word head or word tail. However, word head and 
word tail are seldom confused. The interesting observation 
makes us to check the result in detail, and we find that there 
are two main types of errors as shown in Table 7. One type is 
that a four character group is labeled as two prosodic words 
by human, but labeled as one prosodic word by our algorithm 
or the vice vas (as the last four characters in Exp1). The other 
type is a mono syllable word is labeled as a mono prosodic 
word by human, but is detected to form a prosodic word 
together with another word, or vice vas (as the three character 
group “ ” in Exp 2.) 

Table 7. Examples of word-level errors 
Exp.1:  
Ref   # # # # #  
Rec   # # # #  

  Exp.2:  
Ref   # # # # #  
Rec   # # # #  

Note: “Ref” represents the reference of prosody boundary which is 
manually labeled. “Rec” stands for the prosody boundary got from 
CDPMs.  “#” stands for the prosodic flag. 

When we listened to the speech, we found that it was 
really difficult to tell which label was right or better. 
Considering the fact that the reference of prosody is got 
through manually labeling and human labeler may have some 
randomness in handling insignificant cases, the errors in 
automatic boundary detection  may be caused by the random 
factors rather than be the real mistakes. In order to find out 
how many errors are real errors, we did a listening experiment. 
100 sentences are randomly selected from the testing set, half 
of which includes only one phrase boundary error and the 
other half includes only one word boundary error. 20 univer-
sity students are invited to join the experiments. The original 
waveforms of the 100 sentences are played to them and two 
sets of labels are presented to them at the same time. These 
students are asked to decide which label reflects the word or 
phrase structure of the speech better. The result is in Table 8. 

Table 8. Re-judge of 100 sentences 
(%) rec  > ref rec = ref rec  <  ref 

word level 62 10 28 
phrase level 26 24 50 

Note: “>” “=” “<” mean better than, nearly equal, worse than, respec-
tively. “rec” stands for direct result based on acoustic feature only 
from CDPM; “ref” denotes manually labeled reference of prosody. 

The result shows that some errors are not real errors. In 
fact, only 28% of the detected word boundaries are judged as 
worse than the manual labels. All others are either no 
difference or better than manual labels. For phrase boundaries, 
more errors exist. 50% of the errors are judged as worse than 
the manual labels. Since the error rate in word boundaries is 
7.8% and about 28% of them are real errors, the chance of 
getting a wrong word boundary is only 2.2%, which is very 
close to the human labeling error rate reported in [11]. This 
result double confirms the capability of the CDPM in capture 
the characteristics of word boundaries. 

4.2. Ranking the importance of contextual factors
When we train the CDPMs, six contextual factors are 
considered. We want to know which factors are the most 
important ones. Since decision-tree based clustering is 
performed to group states with similar context, the growing of 
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trees, to a great extent, reflects the impact of contextual 
factors. The question used at the root node normally causes 
larger variations than others and questions close to the root 
node are more important than those far away from the root 
node. Therefore, we measure the importance of a question by:  

WQi = 1/n                                      (1) 
where n represents that question Qi is used for the nth splitting 
of a tree.  

The importance of a contextual factor is then calculated as 
the sum of weights of all questions regarding to it. Since we 
believe that contextual factors may have different impact on 
initial and final part of a syllable, the weights of two groups 
are calculated separately. 

 
Figure 2. Weights of contextual factors 

Figure 2 shows the weights of each factor. It is clearly 
seen that CPh and CT rank the first and second, respectively, 
for both initial and final part of a syllable. RPh of initial and 
LPh of final rank the third separately. This shows that initial 
and final of the same syllable interact more than with other 
syllables. It is interested to find out that the top three factors 
are all about the current syllable including the current tone. In 
order to study in details, we further analysis the three factors 
for both the initial and final parts of a syllable in Figure 3. 

  
        (a.1)  CPh of Initial CDPM (b.1)  CPh of Final CDPM 

  
        (a.2)  CT of Initial CDPM (b.2)  CT of Final CDPM 

  
        (a.3)  RPh of Initial CDPM (b.3)  LPh of Final CDPM 

Figure 3. Weight of contextual factors 

For initial CDPMs, CPh influences SP1 significantly, 
while the influence to other syllable positions is much weaker. 
But CPh of Final CDPM shows a much different effect, and it 
influences all the positions greatly. It could be explained as 
that initials are normally short and weak, thus not change 
much for a specific syllable position, except when it is at the 
beginning of a phrase. CT shows a much stead influence to 
both of initials and finals, but the effect to finals is greater 
than to initials since finals carry most of the tone information 
and the duration of finals is much longer. For the third factor, 

it is interesting to see that the influence of RPh on initial 
CDPM is increased from left to right while the effect of LPh 
on final CDPM is reduced from left to right. In other words, 
phone contexts mainly cause changes of the closest states. 

5. Conclusions
In this paper, we propose to detect prosody boundary with 
context-dependent position models. By introducing six 
syllable positions, the boundary detection task is converted to 
a syllable position labeling task. Context-dependent models 
are trained from both segmental and supra-segmental features 
of speech with focus on syllable positions. CDPM has rather 
good performance on detecting prosody boundaries, 
especially on prosodic word boundaries. Error analysis and 
result of the listening test show that among the 7.8% detection 
error of word boundaries, less than one third are critical errors. 
All others can be ignored. The real error rate for phase 
boundary is about 10%. Analysis of contextual factors 
demonstrates that the current syllable including the initial, the 
final and the tone is the most important factors that cause 
acoustic features varies for a given syllable position. Besides, 
we have proven that CDPM has much better performance on 
identifying syllable positions within prosodic words and 
phrase than CDTM and CDPhM. This reviews that we should 
have different focus for different task when training acoustic 
models from speech.  

In this paper, all experiments are done with a single 
speaker speech corpus. In the next step, we will test the 
approach with a multi-speaker corpus. 
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