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Abstract
We propose to build an HMM-based, Mandarin and English, 
bilingual TTS system. Starting with a simple baseline of two 
TTS systems built separately from Mandarin and English 
databases recorded by the same speaker, we construct a new, 
mixed-language TTS by designing language specific and 
independent questions to facilitate phone sharing across the 
two languages. With shared phones, the new system has a 
smaller footprint than the baseline system. The synthesis 
quality is either the same for non-mixed, Mandarin or English 
synthesis as the baseline or much better for mixed-language 
synthesis. The higher quality of mixed-language synthesis is 
confirmed by preference scores of 60.2% vs 39.8%, obtained 
in a subjective listening test. A preliminary Mandarin 
synthesis experiment was also performed by using the model 
parameters in the leaf nodes of an English decision tree where 
Kullback-Leibler divergence is used to establish the nearest 
neighbor based mapping between leaf nodes in the decision 
trees of the two languages. A subjective transcription test 
shows a character accuracy of 93.9%. 

1. Introduction
The quality of text-to-speech synthesis has been greatly 
improved in the recent years. Various telecommunication 
applications, e.g. information inquiry, reservation and ordering, 
and email reading, demand higher synthesis quality than 
current TTS systems can provide. In these applications, a 
multilingual TTS system, in which one engine can synthesize 
multiple languages or even mixed-languages, is in a great 
demand to serve international business needs. However, most 
TTS systems can only deal with a single language in that 
sentences of voice databases are pronounced by a single native 
speaker. Although multilingual text can be correctly read by 
switching voices or engines at each language change, it is 
unfeasible for code-switched text in which the language 
changes occur within a sentence as words or phrases. 
Furthermore, with the widespread use of mobile phones or 
embedded devices, a small footprint of speech synthesizers is 
rather preferred for applications based on those devices. The 
requirement of multilingual TTS with a small footprint is a big 
challenge to the current research of TTS technologies. 
      There are many studies on multilingual TTS systems [1-6]. 
In [2], it defines a multilingual text-to-speech system that uses 
a common algorithm for multiple languages. In that context, a 
collection of language-specific synthesizers does not qualify 
as a multilingual system. Phonetic coverage can be achieved 
by collecting multilingual speech data, but language-specific 
information, e.g. specialized text analysis, is also required [5]. 
A global phone set, which uses the smallest phone inventory 

to cover all phones of the languages affected, has been tried in 
multilingual or language-independent speech recognition and 
synthesis [7]. It adopts phone sharing with the phonetic 
similarity measured by data-driven clustering methods [8,9] or 
phonetic-articulatory features defined by IPA [10,11]. There 
are also intense interests on the small footprint aspects of TTS 
systems. HMM-based speech synthesis [12] is a more 
successful one among them. The small footprint (  2M) of an 
HMM synthesizer has made it an ideal choice for embedded 
systems. It has been successfully applied to speech synthesis 
of many monolinguals, e.g. English, Japanese and Mandarin 
[13,14], and multilingual [15]. In [15], an average voice is 
firstly trained by using mixed speech from several speakers in 
different languages, then the average voice is adapted to a 
specific speaker. Consequently the specific speaker is able to 
speak all the languages contained in the training data. 
      Nowadays, English words or phrases embedded in 
Mandarin utterances are getting more popularly used among 
students and educated people in China. Mandarin and English 
belong to different language families. Those two languages 
are highly unrelated in that seldom phones can be shared 
together according to their IPA symbols. A bilingual 
(Mandarin-English) TTS is conventionally built based on pre-
recorded Mandarin and English sentences uttered by a 
bilingual speaker [6]. The unit selection module of the system 
is shared across languages, while phones from different 
languages are not shared with each other. Such an approach 
has certain shortcomings. The footprint of such a system is 
large, i.e., about twice the size of a single language system. In 
practice, it is also not easy to find plenty of professional 
bilingual speakers to build multiple bilingual voice fonts for 
various applications. 
      Although the phones from English and Mandarin  are not 
highly sharable, but their subphonemic productions may still 
be similar. Complex phonemes may be rendered by two or 
three simple phonemes. Furthermore, numerous allophones, 
which are used in specific phonetic contexts, provide more 
chances for phone sharing between Mandarin and English. In 
this paper, we propose to use context-dependent HMM state 
sharing for our bilingual (Mandarin-English) TTS system. A 
state level mapping is also investigated for new language 
synthesis without recording data. The whole approach is based 
on the framework of HMM-based speech synthesis. In this 
framework, spectral envelopes, fundamental frequencies, and 
state durations are modeled simultaneously by corresponding 
HMMs. For a given text sequence, speech parameter 
trajectories and corresponding signals are then generated from 
trained HMMs in the Maximum Likelihood (ML) sense. 

2. Phone Sharing 
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For building a bilingual, Mandarin and English, TTS system, 
the first step is to decide a phone set to cover all speech 
sounds in those two languages. Additionally, we also hope 
such a phone set can be compact enough to facilitate phone 
sharing across languages and make a reasonable sized TTS 
model. We use the following two approaches to find possible 
phone sharing candidates. 

2.1. IPA Scheme 

International Phonetic Alphabet (IPA) is an international 
standard to transcribe speech sounds of any spoken language. 
It classifies phonemes according to their phonetic-articulatory 
features. Phonemes of different languages labeled by the same 
IPA symbol should be considered as the same phoneme by 
ignoring the language-dependent aspects of speech perception. 
All phonemes in English and Mandarin are listed in Table 1, 
where the English phoneme set consists of 24 consonants, 11 
simple vowels and five diphthongs, while the Mandarin 
phoneme set is a finer set [18] which consists of 27 simple 
consonants, 30 consonants with a glide and 36 tonal vowels. 

 English Mandarin 

Unvoiced plosive /k / /p / /t / /k / /p / /t /
/k/ /p/ /t/

Voiced plosive /b/ /d/ / /
Unvoiced fricative /f/ /s/ /h/ / / / / /f/ /s/ / / /x/ / /
Voiced fricative / / /ð/ /v/ /z/ / /
Unvoiced
affricative / / / / /t / / /

/ / /t / / /
Voiced affricative / /

Nasal /m/ /n/ / /
/m/ /n/1

/ / / / / /
/n / /n / /n / 2

Lateral approximant /l/ /l/
Approximant /w/ /j/ / /
Front rounded /y/3 /y / /y / /y / 4

Front unrounded / / /a/ / / /æ/ /i /

/a / /a / /a /
/ / / / / /

/i/3 /i / /i / /i / 4

/ / / / / /
/ / / / / /

Central unrounded / / / / / / / / / /

Back rounded / / /u / / / /o / /o / /o /
/u/3 /u / /u / /u / 4

Back unrounded / / / / / / / /
/ / / / / /

Diphthong /a / /a / /o / / /
/e /

Table 1: All IPA phonemes in English and Mandarin.  1 Used 
as a syllable onset (Initial);  2 Used as a syllable coda;  3 Used 
as a glide;  4 Used as a syllable nucleus or coda 

      By checking the table for sharable phones, we found only 
eight consonants, /k /, /p /, /t /, /f/, /s/, /m/, /n/ and /l/, and 
two vowels (ignoring the tone information), / / and /a/, can be 
shared between the two languages according to their IPA 
symbols. 

2.2. K-L Divergence Measure 

The Kullback-Leibler divergence (KLD) is an information-
theoretic measure of (dis)similarity between two probability 
distributions. When the temporal structure of HMMs is 

aligned by dynamic programming, KLD can be further 
modified to measure the difference between HMMs of two 
evolving speech sounds [16,17]. For two given distributions P
and Q of continuous random variables, the symmetric form of 
KLD between P and Q is: 
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where p and q denote the densities of P and Q. For two 
multivariate Gaussian distributions, Eq. (1) has a closed form: 
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where  and  are the corresponding mean vectors and 
covariance matrices, respectively. 
      Each phone in Table 1 is acoustically represented by a 
context-independent HMM with 5 emitting states. Each state 
output pdf is a single Gaussian with a diagonal covariance 
matrix. The spectral feature used for measuring the KLD 
between any two given HMMs is the first 24 LSPs out of the 
40-demensional LSP since the most perceptually 
discriminating spectral information is located in the lower 
frequency range. The data used for training those HMMs 
contain 1,024 English and 1,000 Mandarin sentences, 
respectively. We use Eq. (2) to calculate KLD between every 
pair of speech sounds, modeled by their respective HMMs. 
The 16 English vowels and their nearest neighbors measured 
by KLD from all vowels of English and Mandarin are listed in 
Table 2. We find that only six English vowels whose nearest 
neighbors are Mandarin vowels exist and there are two-to-one 
mappings, e.g. both /e / and / / are mapped to / /, among 
those six vowels. 

English Vowel Nearest 
Neighbor KLD

/a/ / / (E) 8.09 
/æ/ / / (E) 2.85 
/ / /a/ (E) 8.09 
/ / /o / (C) 13.84 
/a / /a/ (E) 17.28 
/ / / / (C) 8.61 
/a / / / (E) 29.52 
/ / /æ/ (E) 2.85 
/ / / / (E) 18.09 
/e / / / (C) 17.78
/ / / / (C) 10.07
/i / / / (E) 12.66 
/o / /o / (C) 10.87
/ / /o / (C) 43.92
/ / /u / (E) 7.04 
/u / / / (E) 7.04 

Table 2: English vowels and their nearest neighbors measured 
by KLD from all vowels of English and Mandarin 

3. State Sharing and Mapping 
Mandarin is a tonal language of the Sino-Tibetan family, 
while English is a stress-timed language of the Indo-European 
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family. It is not too surprising that the analysis results shown
in Section 2 suggest that English phonemes are quite different
from Mandarin phonemes. However, since the speech
production is constrained by limited movement of articulators,
it may be possible to find more sharing of acoustic attributes
at a granular, sub-phone level. Many complex phonemes can
be well rendered by two or three phonemes, e.g. an English
diphthong may be similar to a Mandarin vowel pair. Moreover,
allophones, e.g., the Initial ‘w’ /u/ in Mandarin corresponds to
[u] in syllable ‘wo’ and [v] in syllable ‘wei’, provide more
chances for phone sharing between Mandarin and English
under certain contexts. Therefore, we propose to use context-
dependent HMM state level sharing for a bilingual (Mandarin-
English) TTS system. A state level mapping is also
investigated for new language synthesis without recording
data.

3.1. Context-dependent State Sharing across Languages

In HMM-based TTS, phone models of rich contexts, e.g. tri-
phone, quin-phone models or models with even more and
longer contexts like phone positions and POS, are used to
capture acoustic co-articulation effects between neighboring
phonemes. In practice, however, limited by insufficient
training data, we almost always have to tie models of rich
contexts into more generalized ones so as to predict unseen
contexts more robustly in testing. State tying via a clustered
decision tree is commonly used.
      The phone set we used is the union of all the phones in
English and Mandarin, while states from different central
phones across different languages are allowed to be tied
together in training the bilingual HMMs. The questions used
in growing decision trees include:

a) Language-independent questions: e.g. Velar_Plosive,
Does the state belong to velar plosive phones, which
contain / / (Eng.), /k / (Eng.), /k/ (Man.) or /k /
(Man.)?

b) Language-specific questions: e.g. E_Voiced_Stop,
Does the state belong to English voiced stop phones,
which contain /b/, /d/ and / /?

According to manner and place of articulations, supra-
segmental features, etc., we construct questions so as to tie
states of English and Mandarin phone models together.

In total, 85,006*5 context-dependent states are generated.
Among them, 43,491*5 states are trained from 1,000
Mandarin sentences and the rest from 1,024 English ones. All
context-dependent states are then clustered into a decision tree.
Such a mixed, bilingual, decision tree has only about 60% leaf
nodes of a system by combining two separately trained,
English and Mandarin TTS systems. We found that about one
fifth of the states are tied across languages, i.e. 37,871
Mandarin states are tied together with 44,548 English states.

3.2. Context-dependent State Mapping

A straightforward way to build a bilingual, Mandarin and
English, TTS system is to use pre-recorded Mandarin and
English sentences uttered by the same speaker. However, it is
not so easy to find professional speakers who are fluent in
both languages when we need to build an inventory of
bilingual voice-fonts of multi-speakers. Also, it is an open
research topic on how to synthesize a different target language
when only monolingual recording of a source language from a
speaker is available. We propose to establish a tied, context-

dependent state mapping across different languages from a
bilingual speaker first and then use it as a basis to synthesize
other monolingual speakers’ voice in the target language.
      First, we built two language-specific decision trees by
using the bilingual data recorded by one speaker. Each leaf
node in the Mandarin decision tree has a mapped leaf node, in
the minimum K-L divergence sense, in the English one. The
tied, context-dependent state mapping (from Mandarin to
English) is shown in Fig. 1. The directional mapping from
Mandarin to English can have more than one leaf nodes in the
Mandarin tree mapped to one leaf node in the English tree. As
shown in the figure, two nodes in the Mandarin tree are
mapped into one node in the English tree. The mapping from
English to Mandarin is similarly done but in a reverse
direction; i.e., for every English leaf node, we find its nearest
neighbor, in the minimum KLD sense, among all leaf nodes in
the Mandarin tree.

Figure 1: The illustration of a tied, context-dependent state
mapping from a Mandarin decision tree to an English decision
tree.

      In HMM-based speech synthesis, spectral and pitch
features are separated into two streams and stream-dependent
models are built to cluster two features into separated decision
trees. Pitch features are modeled by MSD-HMM, which was
proposed to model two, discrete and continuous, probability
spaces, discrete for unvoiced regions and continuous for
voiced F0 contours [19]. The upper bound of KLD between
two MSD-HMMs is written as:
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where w0 and w1 are prior probabilities of unvoiced and voiced
subspaces, respectively. Both English and Mandarin have
trees of spectrum, pitch and duration. Each leaf node of those
trees is used to set a mapping between English and Mandarin.
      To synthesize speech in a new language without pre-
recorded data from the same voice talent, we can utilize the

English Tree Mandarin Tree
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mapping established with bilingual data and new monolingual 
data recorded by a different speaker. For example, a context-
dependent state mapping trained from speech data of a 
bilingual (English-Mandarin) speaker A can be used to choose 
the appropriate states trained from speech data of a different, 
monolingual Mandarin speaker B to synthesize English 
sentences. The same structure of decision trees should be used 
for Mandarin training data from speakers A and B. 

4. Experiments and Evaluations 

4.1. Experimental Setup 

A broadcast news style speech corpus recorded by a female 
speaker is used in this study. The training data consist of 1,000 
Mandarin sentences and 1,024 English sentences, which are 
both phonetically and prosodically rich [14]. The testing data 
consist of 50 Mandarin, 50 English and 50 mixed-language 
sentences. Speech signals are sampled at 16 kHz, windowed 
by a 25-ms window with a 5-ms shift, and the LPC spectral 
features are transformed into 40th-order LSPs and their 
dynamic features. Five-state left-to-right HMMs with single, 
diagonal Gaussian distributions are adopted for training phone 
models. We built three HMM TTS systems as follows. 

System I: Direct combination of HMMs (Baseline) 
      This is the baseline system, where language-specific, 
Mandarin and English HMMs and decision trees are trained 
separately. In the synthesis part, input text is converted first 
into a sequence of contextual phone labels through a bilingual 
TTS text-analysis frontend (Microsoft Mulan) [6]. The 
corresponding parameters of contextual states in HMMs are 
retrieved via language-specific decision trees. Then LSP, gain 
and F0 trajectories are generated in the maximum likelihood 
sense. Finally, speech waveforms are synthesized from the 
generated parameter trajectories. In synthesizing a mixed-
language sentence, depending upon the text segments to be 
synthesized is Mandarin or English, appropriate language-
specific HMMs are chosen to synthesize corresponding parts 
of the sentence. 

System II: State Sharing across languages 
      In this system, both 1,000 Mandarin sentences and 1,024 
English sentences are used together for training HMMs.
Context-dependent state sharing across languages as discussed 
in Section 3.1 is applied. In synthesis, decision trees of mixed-
languages are used instead of the language-specific ones in 
System I. Since there are no mixed-language sentences in the 
training data, the context of phones at a language switching 
boundary, e.g. the left phone or the right phone, is replaced 
with the nearest context in the language which the central 
phone belongs to in the text analysis module. For example, the 
triphone / /(E)-/ /(C)+/ /(C) will be replaced with /o /(C)-
/ /(C)+/ /(C), where the left context /o /(C) is the nearest 
Mandarin substitute for / /(E) according to the KLD measure. 

System III: State Mapping across languages 
      This is an oracle experiment. A preliminary study is 
carried out to synthesize sentences of a language without pre-
recorded data. We built language-specific decision trees and 
used a tied state mapping across different languages, as 
discussed in Section 3.2, for the experiment. To evaluate the 
upper bound quality of synthesized utterances in the target 

language, we use the same speaker’ voice in this experiment 
when extracting state mapping rules and synthesizing the 
target language. 

4.2. Evaluations and Analysis 

Table 3 shows a comparison of the number of tied states or 
leaf nodes in decision trees of LSP, log F0 and duration, and 
corresponding average log probabilities of System I and 
System II in training. In the table, it is observed that the total 
number of tied states (HMM parameters) of System II is about 
40% less, when compared with those of System I. But the log 
probability per frame obtained in training System II is almost 
the same as that of System I. 

Table 3: The numbers of tied states and average log 
probabilities of System I and System II in the training phrase 

System I System IIMandarin English 

The num 
of states

LSP 1728 1791 2064 
Log F0 2971 4337 3518 

Duration 2389 2402 1607 
Average log prob

per frame 5.699e+02 5.659e+02 5.661e+02

4.2.1. Evaluation Results of System I and System II 

Objective evaluation 
      Synthesis quality is measured objectively in terms of 
distortions between original speech and speech synthesized by 
System I and II. Since the predicted HMM state durations of 
generated utterances are in general not the same as those of 
original speech, we first measure the root mean squared error 
(RMSE) of phone durations of synthesized speech. Spectra 
and pitch distortions are then measured between original 
speech and synthesized speech where the state durations of the 
original speech (obtained by forced alignment) are used for 
speech generation. In this way, both spectrum and pitch are 
compared on a frame-synchronous basis between the original 
and synthesized utterances. 
      Table 4 shows the averaged log spectrum distance, RMSE 
of F0 and phone durations evaluated in 100 test sentences (50 
Mandarin and 50 English) generated by system I and system II. 
It indicates that the distortion difference between Systems I 
and II in terms of log spectrum distance, RMSEs of F0 and 
duration are negligibly small. 

Table 4: Log spectrum distance, RMSE of F0 and duration of 
the test sentences generated in Systems I, II and the original 

System I System II 
Mandarin English Mandarin English

Log spectrum 
distance (dB) 3.964 4.485 4.022 4.524

RMSE of 
F0 (Hz) 17.17 23.31 17.69 22.81

RMSE of 
Duration (s) 0.0366 0.0578 0.0370 0.0571

Subjective evaluation 
      Informal listening to the monolingual sentences 
synthesized by Systems I and II confirms the objective 
measures shown in Table 4: i.e. there is hardly any difference, 
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subjective or objective, in 100 sentences (50 Mandarin, 50 
English) synthesized by Systems I and II. 
      The 50 mixed-language sentences generated by the two 
systems are evaluated subjectively in an AB preference test 
by nine subjects. The results of preference test are shown in 
Figure 2. The preference score of System II (60.2%) is  
significantly higher than System I (39.8%) (  = 0.001, CI = 
[0.1085, 0.3004]). The main perceptually noticeable 
difference in the paired sentences synthesized by Systems I 
and II is at the transitions between English and Chinese words 
in the mixed-language sentences. State sharing through tied 
states across Mandarin and English in System II helps to 
alleviate the problem of segmental and supra-segmental 
discontinuities between Mandarin and English transitions. 
Since all training sentences are either exclusively Chinese or 
English, there is no specific training data to train such 
language-switching phenomena. As a result, System I, 
without any state sharing across English and Mandarin, is 
more prone to the synthesis artifacts at the switches of 
English and Chinese words. 
      Overall, System II, which is obtained via efficient state 
tying across different languages and with a significantly 
smaller HMM model size than System I, can produce the 
same synthesis quality for non-mixed language sentences and 
better synthesis quality for mixed-language ones. 

0.602

0.398

0 0.2 0.4 0.6 0.8

System I

System II

Figure 2: The preference test result of 50 mixed-language 
sentences 

4.2.2. Evaluation Results of System III 

Fifty Mandarin test sentences are synthesized by English 
HMMs in System III. Five subjects were asked to transcribe 
the 50 synthesized sentences to evaluate their intelligibility. A 
Chinese character accuracy of 93.9% is obtained. 
      An example of F0 trajectories predicted by Systems I 
(broken line) and III (solid line) is shown in Fig 3. As shown 
in the figure, possibly due to the MSD modeling of 
voice/unvoiced stochastic phenomena and KLD measure used 
for state mapping, the voice/unvoiced boundaries are well 
aligned between the two trajectories generated by System I 
and III. Furthermore, the rising and falling trend of F0 
contours in those two trajectories is also well-matched. 
However, F0 variation predicted by System III is smaller than 
that by System I. After analyzing the English and Mandarin 
training sentences, we find that the variance of F0 in Mandarin 
sentences is much larger than that in English ones. Both means 
and variances of the two databases are shown in Table 5. The 
much larger variance of Mandarin sentences is partially due to 
the lexical tone nature of Mandarin where the variation in four 
(or five) lexical tones increases the intrinsic variance or the 
dynamic range of F0 in Mandarin. This is clearly shown in 
Table 5. 

0 50 100 150 200 250 300 350 400 450
0

100

200

300

Frame

F0
 (

H
z)

System I
System III

Figure 3: An example of F0 trajectories predicted by System I 
and system III. 

Table 5: The mean and variance of Mandarin and English 
training sentences. 

 Mandarin English 
Mean (Hz) 198.5 198.3 
Variance 2462.1 1398.1 

5. Conclusions
In this paper, we propose to build an HMM-based bilingual 
(Mandarin-English) TTS system. Language-specific and 
language-independent questions are designed for clustering 
states across two languages in one single decision tree. The 
experimental results show that the new TTS system with 
context-dependent HMM state sharing across languages 
outperforms the simple baseline system where two language-
dependent HMMs are used together. In addition, state 
mapping across languages based upon the Kullback-Leibler 
divergence is used to synthesize Mandarin speech using 
model parameters in an English decision tree. The 
preliminary experimental results show that thus synthesized 
Mandarin speech is highly intelligible. 
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