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Abstract 
This paper introduces a Syllable HMM based Mandarin TTS 
system. 10-state left-to-right HMMs are used to model each 
syllable. We leverage the corpus and the front end of a 
concatenative TTS system to build the Syllable HMM based 
TTS system. Furthermore, we utilize the unique 
consonant/vowel structure of Mandarin syllable to improve 
the voiced/unvoiced decision of HMM states. Evaluation 
results show that the Syllable HMM based Mandarin TTS 
system with a 5.3MB’s model size can achieve an overall 
quality close to a concatenative TTS system with 1GB’ data 
size. 
Index Terms: Mandarin, syllable, HMM, TTS, synthesis,   

1. Introduction 
Mandarin is a syllable based tonal language. Each character is 
pronounced as a syllable.  Syllables consist maximally of an 
initial consonant, a glide, a vowel, a final and tone. However, 
as there are rules prohibiting certain phoneme appearing with 
others, there are only about 1300 tonal syllables. These tonal 
syllables are the legal combinations of about 410 base 
syllables and 5 tones. Due to the limited number of syllables 
and the strong intra-syllable co-articulation, most Mandarin 
concatenative Text to Speech (TTS) systems use syllable as 
basic units for concatenation. To build such a syllable based 
concatenative TTS system, the syllable alignments are usually 
manually checked to avoid errors. The front-end analysis 
modules and prosodic structure estimation modules are 
developed by using syllable as basic units.  

In recent years, HMM based TTS system (HTS) [1] has 
been successfully applied in different languages including 
Mandarin. However, in most reported Mandarin HMM based 
TTS systems [2], phone or demi-syllable are used as basic 
units for training and synthesis. Thus, it is not convenient for 
these systems to use the manually checked syllable alignment, 
the front end and the prosodic structure estimation in the 
syllable based concatenative TTS.  To maximally leverage the 
previous research and development work, we build a HMM 
based TTS system using syllable as basic units, which we call 
Syllable HMM based TTS system. Furthermore, we also 
utilize the unique consonant/vowel structure of Mandarin 
syllable to improve the voiced/unvoiced decision of HMM 
states. A previous evaluation on a female speaker’s corpus 
shows that with more than 3000 sentences’ training data the 
Syllable HMM based TTS system outperforms the HMM 
based TTS system using demi-syllable as basic unit [3]. 

The rest of this paper is structured as follows. Section 2 
describes the Syllable HMM based TTS system. Section 3 
briefly introduces the concatenative TTS system for 
comparison. Section 4 describes the comparison between two 
systems.  Conclusions are presented in Section 5.  

2. Syllable HMM based TTS system 
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Figure 1: Syllable HMM based TTS system 

The whole system can be divided into training stage and 
synthesis stage, as drawn in Figure 1.  

We use the corpus labeled for building a concatenative 
TTS system to build our Syllable HMM based TTS system. 
The corpus contains speech data, the manually checked 
alignment information in syllable level and manually checked 
prosodic structure information above syllable level.  

In this implementation, we refer to the “HMM-based 
speech synthesis system” [4] to train the HMM models. 
MLSA (Mel Log Spectrum Approximation) is used to convert 
speech signals to mel-cepstral coefficients sequences in 5ms’ 
interval. 10-state left-to-right HMMs are used to model each 
syllable. Manually checked prosodic structure information and 
syllable pronunciation are used for decision-tree based context 
clustering of HMMs.  In the following introduction, we will 
focus on the special parts in our implementation instead of 
general HMM based TTS system building process.  

2.1. Training stage 

2.1.1. F0 range setting for speech analysis 

In the speech analysis part, the F0 sequence is extracted by a 
tcl library SNACK. There is a default F0 range in the HTS 
training scripts. However, when the default F0 range does not 
match the speaker’s real pitch range, pitch detection error may 
occur. Pitch detection error in analysis can introduce large 
damage to the quality of the synthesized speech. Carefully 
tuning the F0 range can greatly reduce such problems.   
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In our practice, we first extract the F0 parameters of 1000 
sentences with a wide F0 range, and then we calculate the F0 
parameters’ distribution. Figure 2 shows the F0 distribution of 
a female Speaker with a F0 range of 40~450Hz. Notice that 
there is an extra peak at about 60Hz. Detailed analysis shows 
that the extra peak is caused by half pitch detection error, so 
the F0 floor should be high enough to avoid this peak. The F0 
ceiling can be set at where the distribution curve drops close 
to zero. Usually, we will manually check 20 sentences’ F0 
sequences with the updated F0 range to confirm the F0 range. 
For Figure 2’speaker, we choose F0 range as 60~450Hz. 
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Figure 2. F0 Distribution of a female speaker 

2.1.2. Context generation 

Our prosody structure includes 5 layers: syllable (SYL), 
prosodic word (PW), prosodic phrase (PP), intonation phrase 
(IP) and sentence (SEN). In the decision-tree based context 
clustering process, we use 42 prosodic structure features.  

 30 Current Prosodic Structure Features. 
    {position, reverse position, number} of SYL in PW. 

{position, reverse position, number} of SYL in PP. 
{position, reverse position, number} of SYL in IP. 
{position, reverse position, number} of SYL in SEN. 
{position, reverse position, number} of PW in PP. 
{position, reverse position, number} of PW in IP. 
{position, reverse position, number} of PW in SEN. 
{position, reverse position, number} of PP in IP. 
{position, reverse position, number} of PP in SEN. 
{position, reverse position, number} of IP in SEN. 

 12 Neighboring Prosodic Structure Features 
number of SYL in {previous, next} PW. 
number of SYL in {previous, next} PP. 
number of SYL in {previous, next} IP. 
number of PW in {previous, next} PP. 
number of PW in {previous, next} IP. 
number of PP in {previous, next} IP. 

We use 24 pronunciation features based on syllable pinyin 
information.  The method of articulatory type of initial, the 
place of articulatory of initial, the articulatory method of 
vowel are based on SAMPA-C Schema 
(http://ling.cass.cn/yuyin/english/sampac/sampac.htm), except 
one silence category is added.  

 24 Pronunciation Features 
{previous, current, next}Pinyin without tone 
{previous, current, next}Tone 
{previous, current, next}Initial 
{previous, current, next}Final 
{previous, current, next}Method of articulatory type of initial. 
{previous, current, next}Place of articulatory of initial 
{previous, current, next}Articulatory method of first vowel  
{previous, current, next}Articulatory method of last vowel  

2.2. Synthesis stage 

2.2.1. Front end 

We first make lexical word segmentation and guess part of 
speech of the lexical word. Then we generate the pinyin 
sequence and prosodic structure. One challenge for Mandarin 
is to pick up correct pronunciation of a character from several 
pinyin candidates according to contextual information. We 
used a Transformation Based Learning Algorithm (TBL) 
proposed to improve the character to pinyin performance for 
the polyphones which have low original accuracy. In the run 
time, prosodic word, prosodic phrase, and intonation phrase 
are all automatically predicted by a decision tree model [5]. 
This decision tree model is trained based on the manual 
labeled prosodic structure of the corpus.  

The front end output will be used to generate contextual 
features to select the appropriate HMMs from the previously 
trained decision trees. In practice, since the length of sentence 
for synthesis can be very long, some position values may 
exceed the maximal value in the training data. If directly using 
these factors, inappropriate HMMs may be selected from the 
decision tree. So for sentences and phrases longer than the 
maximal length in the training data, we will normalize the 
position value to the relative percentage multiplying the 
maximal length in the training data. 

2.2.2. Syllable level refinement of V/UV decision 

In original HMM based TTS system, the Voiced/Unvoiced 
(V/UV) decision of each state is independently made based on 
the multi-space distribution of F0 parameters of that state [6].  
Because of the consonant-vowel structure of Mandarin 
syllable, there should be no more than one V/UV changing 
point in the whole syllable. We utilize this feature to avoid 
inappropriate unvoiced decision in the vowel part. 

First, we calculate the unvoiced percentage in the whole 
syllable. Then for each tonal syllable, we model the 
distribution of unvoiced percentage by GMM models. Then 
when synthesizing one syllable, we will check all the V/UV 
changing point introduced by the independent V/UV decision, 
and select the changing point with the highest probability 
according to the GMM models of that syllable. As shown in 
Figure 3, the states before the selected changing point will be 
set as unvoiced, while the states after the selected changing 
points will be set as voiced in speech generation. As to our 
experiments [7], this syllable level refinement of V/UV 
decision can greatly improve the quality of synthesized speech. 

 
Figure 3. Syllable level refinement of V/UV decision  
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3. Concatenative TTS system 

To understand the advantage and disadvantage of the Syllable 
HMM based TTS system, we make a comparison between this 
system and our concatenative TTS system [5]. Both systems 
use the same front end and the same speaker’s corpus. Our 
concatenative TTS system also uses syllable as basic units. 
Like most concatenative TTS system, we select best 
sequences of syllable units from all candidates by considering 
the target cost and transition cost. The waveform of selected 
units will be concatenated to generate the synthesized speech.  

3.1. Prosodic costs 

We build a target decision tree and a transition decision tree 
both for pitch and for duration. To build the pitch target model, 
pitch target features are represented as a vector of four 
representative points in the syllable’s log pitch contour 

),,,( 4,3,2,1, kkkk pppp for the thk  syllable. For the duration 

target model, the observation kd is the syllable’s duration. In 
the case of the transition models, pitch features are represented 
as ),( 3,12,4,11, −− −− kkkk pppp , and the duration transition 

observations as )( 1−− kk dd . 
The contextual predictor vectors for the pitch trees and 

duration trees are composed of two parts:  
 Tone features: Tone of the current syllable, previous two 

syllables, and next two syllables. 
 Prosodic structure features: Position of the syllable 

within the prosodic word, prosodic phrase, intonation 
phrase and the sentence. 

After building the decision trees, we train Gaussian 
Mixture Models (GMMs) to model the probabilistic 
distribution of the prosodic features for each leaf in a given 
tree. The GMM will be used to calculate target cost and 
transition cost at synthesis time. 

3.2. Phonetic-context target Cost 

In addition to this prosodic cost, we also add a phonetic-
context target cost to the overall target cost function based on 
the preceding syllable final and the following syllable initial 
phones, which we call phone similarity cost. This cost is 
computed by a table, trained on an IBM 20000 sentences’ 
corpus, containing the average spectral distance between each 
phone pair. Suppose the previous phone and the next phone of 
a unit tS are t

prevP and t
nextP  and those of a candidate syllable 

are c
prevP  and c

nextP  respectively. Then the phone similarity 

cost is given by ),(),( c
next

t
next

c
prev

t
prev PPdPPd + , where (.,.)d  is 

the distance between a phone pair stored in the similarity table. 

4. Comparison 

A manually checked female speaker’s corpus in 16K Hz’s 
sampling rate is used for training both the Syllable HMM 
based TTS system and the concatenative TTS system. Limited 
by memory of training PC, 3000 sentences are used to train 
the Syllable HMM based TTS system, and the trained model 
size is 5.3MB. 5000 sentences are used to build the 
concatenative TTS system, and the whole data size is 1GB. 
First, we synthesize 20 sentences out of training data to 
compare the prosody and the spectrogram generated by the 
two systems. Then we make a MOS evaluation to evaluate the 
overall performance of two systems.  

4.1. Comparison of prosody 

 
(a). Original recording 

 
(b). Syllable HMM based TTS 

 
(c). Concatenative TTS 

Figure 4. Comparison of prosody 

In general, we find the prosody by the Syllable HMM based 
TTS system is more stable and smoother than the prosody by 
the concatenative TTS system. As shown in Figure 4, the pitch 
curve by the Syllable HMM based TTS system is smooth, and 
is close to that of original recording. In comparison, we can 
find obvious discontinuity in the pitch curve by the 
concatenative TTS system. Meanwhile, the second half’s pitch 
curve is much lower than the original recording’s pitch curve. 
As to our investigation, the selected low pitch is not caused by 
pitch estimation error, but caused by the selection trying to 
balance pitch cost, duration cost and phonetic-context target 
cost. However, adjustment of the weights of different costs 
may reduce one problem, but may raise another problem.  
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4.2. Comparison of spectrogram 

 
(a). Original recording 

 
(b). Syllable HMM based TTS 

 
(c). Concatenative TTS 

Figure 5. Comparison of spectrogram 

In general, we find the spectrogram by the Syllable HMM 
based TTS system is over smoothed in both time axis and 
frequency axis. There is an obvious muffling feeling in the 
synthesized speech by the Syllable HMM based TTS system. 
In comparison, there is no over-smoothing problem in the 
concatenative TTS system’s output. The biggest problem of 
the concatenative TTS system in spectrogram is the 
discontinuity in the concatenation points.  

Figure 5 is the spectrogram of two syllables “Ou3Yu4”. 
In the Syllable HMM TTS system’s output, the spectrogram is 
over-smoothed and the formants are greatly broadened. In the 
concatenative TTS system’s output, the formants are 
discontinuous in the concatenation point of two syllables.  

4.3. MOS evaluation 

In this evaluation, listeners are asked to assess 13 news 
sentences according to the following scale: (1) bad; (2) poor; 
(3) fair; (4) good; (5) excellent. The mean opinion score (MOS) 
is the arithmetic mean of all the scores from each individual. 
A total number of 13 judges were invited to perform the 
subjective tests. The judges are researchers or developers aged 
25 to 42 years old and are native Mandarin speakers with no 
known hearing problems. 5 of them are working on TTS, and 
8 of them are working on speech recognition. The results are 
listed in Figure 6. The MOS score of the Syllable HMM based 
TTS system is close to that of the concatenative TTS system.  
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Figure 6. MOS score comparison 

We also calculate every judge’s MOS score of two 
systems, and count the number of judges who prefer one 
system than another system. The results are shown in Figure 7. 
The number of judges who prefer each system is also very 
close. As we have analyzed in the previous comparison of 
prosody and spectrogram, both systems have their own unique 
advantages and disadvantages. The preference of different 
systems can be subjective to the judges.  
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 Figure 7. Preference Comparison  

5. Conclusions 
In this paper, we introduce a Syllable HMM based Mandarin 
TTS system by using 10-state left-to-right HMMs to model 
each syllable. The corpus and the front end of a concatenative 
TTS system are used to build the Syllable HMM based TTS 
system. The voiced/unvoiced decision is improved by utilizing 
the consonant/vowel structure of Mandarin syllable. 
Evaluation results show the Syllable HMM based TTS system 
with a 5.3MB’s model size can achieve an overall quality 
close to a concatenative TTS system with 1.2GB’s data size.  
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