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Abstract

This paper presents an automatic speech segmentation method
based on HMM alignment and a categorized multiple-expert
fine adjustment. The accuracy of syllable boundaries is
significantly improved (72.8% and 51.9% for starting and
ending boundaries of syllables, respectively) after the fine
adjustment. Moreover, a novel phonetic verification method
for checking inconsistency between text script and recorded
speech are also proposed. Design and performance of
confidence measures for both segmentation and verification
are described, which manifests the automatic detection of
problematic speech segments can be achieved. These methods
together largely reduce human labor in construction of our
new corpus-based TTS system.

1. Introduction

Recently, concatenative synthesis of pre-recorded speech units
has become a popular approach to text-to-speech (TTS) system
because of the non-degraded synthetic speech [1-3]. When the
speech units are extracted from a corpus of continuous speech,
even coarticulation and contextual prosody are embedded in
and expressed by the variant speech units. Therefore, both
high quality in acoustics and natural in prosody can be
achieved by concatenative synthesis based on a large speech
corpus.

It’s reasonable that the larger the speech corpus, the better
the quality of synthetic speech. However, the processing and
inspection of the large amount of recorded speech will
become a labor-intensive and error-prone job. In general, the
continuous speech must be segmented first into unit segments
of speech. The segmentation can be done automatically by
techniques like HMM. However, both the resolution and
accuracy of the segmentation are not satisfied. Therefore,
manual inspection and correction are almost always needed
following the automatic step [2-3].

In addition to checking the segmentation error, human
efforts are also required to inspect the consistence between
the recorded speech and the phonetic transcription of the text
script that was supposed to be read in recording. When the
volume of the text script to be recorded becomes larger, it’s
more possible for the speaker to make mistakes. Another
problem could arise from the phonetic transcription of the text
script. It’s not easy to find a large amount of text with correct
phonetic transcription. The usually solution is to transcribe
the text script with machine automatically at first and then to
inspect and revise it by human. It’s hard to assure 100%
accuracy of the phonetic transcription when the volume
becomes larger. Besides, there exists some inherent ambiguity
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iance in the standard or conventional pronunciation of
text.
 this paper, we propose a novel solution to the
oned problem of checking segmentation error and
h-text inconsistency. We designed for the segmentation
 a confidence measure. After segmentation, the extracted
h unit segments are verified automatically by a method

ed from utterance verification technology. There is
 confidence measure for the verification result. By
lling both the confidence measures, automatic
ntation and verification of the speech units can be
ed for concatenative inventory selection. We designed
plemented the automatic method for our Mandarin TTS
. However, the same approach can be applied to other

ages with proper adaptation.
e rest of this paper is organized as follows. Section 2

bes the design of automatic segmentation and the
ence measure for the result. Section 3 details the
sed syllable verification method and the confidence
re for the result. The Mandarin speech corpus used in
xperiment is also introduced. Section 4 shows the
imental results compared with the manual inspection.
y, conclusions will be given in Section 5.

2. Syllable Segmentation

recent automatic approaches to speech segmentation, as
arized by Donovan and Woodland [3], employ hidden
v models (HMMs). The quoted result indicates 20% of
undaries could not be placed within 11.5 ms of manually
 boundaries. The major inaccuracy produced by the
 alignment is observed that the aligned segment of
nant might cover some silence or coda of the preceding
.
andarin is a monosyllable language, in which each
se character corresponds to a syllable. Therefore, it’s
l and convenient to choose syllable as the basic
sis unit. Phonologically, a Mandarin syllable is

osed of an optional Initial followed by a Final, as shown
le 1. There are 21 Initials and 38 Finals. The phonemic
ries of Initials include nasals, liquids, stops, fricatives,

ffricates. A Final consists of an optional glide followed
vowel and finally an optional nasal. Our goal is to
nt each syllable within an utterance of continuous

h. In this paper, we propose an automatic two-pass

Table 1: The composition of a Mandarin syllable

Mandarin Syllable
Final

[Initial]
[Glide] Vowel [Nasal]



approach to the alignment of the utterances with given
Mandarin syllables. They are described as follows.

2.1. Pass 1: HMM alignment

The analysis window is 20 ms with a window shift of 10 ms.
The feature vector has 26 dimensions including 12 Mel-scale
cepstral coefficients (MFCC), 12 delta-cepstral coefficients, 1
delta-energy, and 1 delta-delta-energy. The speaker-dependent
HMMs are left-to-right models including 100 3-state right
context-dependent Initial models, 38 5-state Final models, and
a single 1-state silence model. At first, we used speaker-
independent HMMs as the initial models for training the
speaker-dependent HMMs.

2.2. Pass 2: fine adjustment

The boundaries of Mandarin syllables, Initials and Finals are
obtained from the state-level boundaries. As mentioned, most
of the syllable boundaries are not accurate enough and need to
be appropriately adjusted.

In the fine adjustment, we calculated zero crossing rates
(ZCR) and energies using a 5 ms window with 1 ms shift. In
addition, energies of band-pass and high-pass signals were
obtained on a speaker-dependent band. These are the features
for fine adjustment.

According to the phonemic properties of the Initials, the
Mandarin syllables are clustered into 7 categories, as shown
in Table 2. For each category, multiple rules based on
observation and statistics of the mentioned features were
designed to further adjust the boundaries. We used so-called
multiple expert decision strategy. Fine adjustments based on
multiple rules are fused with various strategies (voting,
weighted-sum, etc.) for each category of syllable types.

2.3. Confidence measure for syllable segmentation

Because the segmentation is designed for a TTS system, the
philosophy behind is how good the segmented speech can be
used for concatenation. This implies that not only how
accurate the segmentation but also how “normal” the syllable
after segmentation is concerned. Therefore, the confidence
measure for syllable segmentation (CMS) is designed
according to the following factors:

• Degree of disagreement among different results from
multiple experts as well as from HMM.

• Duration statistics for different Initials, Finals, and
syllable types.
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Table 2: Phonemic categories of Initials used for fine
adjustment.

Category
Symbol

Phonemic Category

V Null Initial (a syllable with Final part only)
N NasalC1

L Liquid and voiced fricative

S
Unvoiced affricate and fricative (except [f] and
[h])

B Un-aspirated stop
P Aspirated stop

C2

H [h] and [f]
nergy statistics for different Initials, Finals, and inter-
yllable segments.

CR statistics for different Initials.

3. Syllable Verification

urpose of syllable verification is to check the phonetic
tence between the recorded syllable segment and the
le type according to the text script. The idea and
ques of automatic syllable verification come from the
minative utterance verification for non-keyword
ion in the field of speech recognition [4]. It uses a
le model and an anti-model for each syllable type. The
le model is trained by correct syllable segments of the
 syllable type. The anti-model, on the other hand, is
d by speech segments of syllable types other than the
 syllable type. The following subsections detail the step
 method.

raining corpus and assumption

erification models must be trained by the speech corpus
hey shall be applied to. But the corpus before being
d contains errors. Therefore, we made an assumption
hen a corpus is large enough the effect of the incorrect

o training could be ignored. Under the assumption, we
ur testing corpus, which is large and non-verified,
ly as the training corpus for the verification models. The
ication of the testing corpus is given in the 2nd row of
 3.

andom syllable-type generation

er to train the anti-model for the syllable verification,
ndomly generate syllable types and get the pseudo
ect speech segments in the following steps.
or each syllable in the corpus, we randomly (but
ccording to the occurring rate of syllable types)
enerate a syllable type that is different from the type of
he target syllable.

se the generated syllable type together with the types of
he previous and following syllables of the target syllable
o form a 3-syllable string (or 2-syllable string for the
irst or last syllable of the sentence).

e-segment the original 3-syllable speech segment with
he syllable segmentation module according to the said
-syllable string.

he middle syllable segment of speech is collected for
he training of anti-model for the generated syllable type.

raining of syllable verification models

Table 3: Corpus specification
(speech samples of 16-bit at 16 kHz)

Corpus Utterances Syllables Hours
Developing 655 35,248 2.8

Testing 19,880 168,423 13.3



3.3.1. Initial model training

There are 411 non-tonal syllable types in our Mandarin
corpus, which consists of 22 Initials (including null Initial)
and 38 finals. We therefore constructed both a correct model
and an anti-model for each Initial and each Final. These are
the context-independent models. The correct models are
trained by the correct (assumedly, of course) speech segments,
and the anti-models are trained by the pseudo incorrect
segments generated by the method mentioned in the previous
subsection.

3.3.2. Minimum verification error (MVE) training

We mingled the correct and incorrect segments randomly into
a sequence of training data. Then we adjusted the correct
models or anti-models for each input segment to minimize
verification error. The whole process can be iterated for many
times in order to achieve better performance.

3.4. Confidence measure for syllable verification

Let )|( 0HXP I  and )|( 1HXP I  be the likelihood of the

Initial segment IX  given the correct model (the correct

hypothesis 0H ) and the anti-model (the incorrect hypothesis

1H ), respectively. Similarly, for each Final segment FX , we

have likelihood, )|( 0HXP F  or )|( 1HXP F  given the

correct or incorrect hypothesis. Then, the log likelihood ratio
(LLR) for both Initial and Final can be written as
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The confidence measure for the syllable verification can then
be defined as

 }0,LLR,min{LLRCMV FI= (2)

The upper bound of 0 indicates that the syllable segment
under test is surely correct if both the LLR of its Initial and
Final are positive.

4. Experiment and Discussion

4.1. Improvement of the fine adjustment

We first evaluated the performance of automatic syllable
segmentation and especially the improvement of the fine
adjustment method based on the multiple expert decision
approach. We adopted a smaller speech corpus, which had
been segmented manually. The specification of this developing
corpus is given in the 1st row of Table 3.

The mean absolute difference (MAD) results of the HMM
alignment and the fine adjustment are displayed in Fig. 1. It
can be seen that the fine adjustment largely reduces the
MADs both for syllable starting boundary (SB) and ending
boundary (EB). The accuracy of syllable boundaries is
significantly improved (72.8% and 51.9% for starting and
ending boundaries of syllables, respectively) after the fine
adjustment. An average amount of 91.4% and 88.3% for SB
and EB, respectively, could be placed within 20 ms of the
reference boundaries.
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hen applied the segmentation method to the testing
s in Table 3. Based on the segmentation result we
ed a manual inspection tool with friendly user interface.
eople checked all 168,423 syllables with the tool and
d the syllables they regarded as questionable. They
d 1773 and 5733 syllables, respectively. The union of
rks contains 6090 syllables, which were then double-

ed by a third person. Finally, total 5216 syllables are
d as errors. The first two people were found to have
22.1% and 9.0% of mistakes, respectively. The mistakes
made partly because of the inherent ambiguity in the
on of an error. The error marks are classified and graded
ows:
R (Erroneous Reading): include pronunciation error,

nsertion error, and deletion error.

S (Erroneous Segmentation): large segmentation error

U (Poor Unit): including obscure or short voice, which
ould arise from coarticulation in continuous speech.

ER error is the most severe one and will cause
eptable pronunciation error if being used for synthesis.
S error will produce extra noise if being used for

tenative synthesis and the PU error could generate
re or unclear synthetic speech. In reality, both the ES
U errors cannot be definitely identified and classified.
inal counts of various errors detected by human are
 in Table 4. Note that the ES error occurs only 0.5%,
 manifests the powerful effect of our automatic speech
ntation. These errors are the targets that we try to find
rough the confidence measures of segmentations and
ations.

ffect of the confidence measures

 2 and 3 show the effect of the confidence measures.
ion rate and syllable loss rate are plotted against recall
ecall rate is the percentage of the bad syllables being

ed. Precision rate shows the percentage of bad syllables
 total detected syllables. Precision and recall rates of
le errors represent the performance of error detection.
le loss rate is the percentage of the good syllables that
tected as error (and so are lost). It is the cost of applying
old to detect and reject the error syllables. Figure 2 is
e detection of ER. It’s clear that the confidence measure
lable verification (CMV) can achieve better performance
he confidence measure of syllable segmentation (CMS)
s ER detection case. On the other hand, the CMS

able 5: Typical examples of syllable error detection

Error type Recall Prec. Loss Threshold
V ER 75.29 3.05 18.42 -1.0165
S ES+PU 50.32 11.7 9.32 70.0

Table 4: Statistics of manually detected errors

ror type ER ES PU ES+PU total
ount 1295 847 3074 3921 5216

ring rate % 0.77 0.50 1.83 2.33 3.10



performs better than CMV in detecting ES and PU types of
error, which is shown in Figure 3. Because the count of
ES+PU errors is about 3 times that of ER errors, the overall
performance of CMS is somewhat better than CMV. However,
don’t forget that only the ER is fatal error. Therefore, the
CMV could be more important in reality. Table 5 lists two
typical examples.

5. Conclusions

The confidence measure of the syllable verification can
effectively detect the fatal reading error. The confidence
measure of the segmentation can better detect the rest of (non-
fatal) errors. Although the precision rate is not high, the
method is still useful because the corpus is large enough to
tolerate the loss. We have built a TTS system with synthesis
units selected by the automatic methods presented in this
paper and the resulted synthetic speech sounds very good.
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Figure 1: Plots of MADs between the manual results and those of the HMM alignment and the fine adjustment.
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