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ABSTRACT

A novel approach is proposed to creating a polyglot speech syn-
thesis system without the need of collecting speech data from a bilin-
gual (or multilingual) speaker, which is often expensive or even in-
feasible. Given a target speaker with data in the first language (Man-
darin in this study), the basic idea is to construct artificial utterances
in the second language (English) via selection of speech sample
frames of the given speaker in the first language. As the speaker
needs not be polyglot, this method is generally applicable to any
speaker and any languages. In the search for optimal frame se-
quence selection, the candidate set is constrained by a decision tree
for phone segments in the speech data of both languages, and the cost
function depends on the context-dependent articulatory and auditory
features. Evaluation results show that good performance regarding
similarity (speaker identity) and naturalness (speech quality) can be
achieved with the proposed method.

Index Terms— polyglot speech synthesis, frame selection, ar-
ticulatory features, auditory features

1. INTRODUCTION

By definition, a polyglot speech synthesis system [1] can output
synthesized speech of multiple languages with the same voice. The
polyglot synthesis is clearly more challenging than multilingual
speech synthesis systems where the voices can be different. Several
methods have been proposed for polyglot speech synthesis. In [2], a
cross-language mapping relation between the Mandarin and English
decision trees for tied states is learned based on bilingual data from
a bilingual reference speaker, and is subsequently used in the model
training in the source language and the synthesis in the target lan-
guage for another speaker. These approaches require the collection
of speech data from a polyglot speaker fluent in the set of languages
of interest. As the number of languages increases, the data collec-
tion task will become quite difficult. If the phone sets of different
languages could be accurately shared, it would be possible to apply
the acoustic phone models trained in one language to the synthesis
of speech of another language, achieving polyglot functionality [3].
However, the effectiveness of such an approach depends on the lan-
guage pair. For languages from different families, e.g., English and
Mandarin, such a mapping often becomes crude and not reliable.

Alternatively, model adaptation and text-independent voice con-
version [4, 5] methods offer the possibility for creating artificial
language-dependent utterances, which can be used in a polyglot sys-
tem. In model adaptation, a language-dependent synthesis model is
trained, and then adapted with the speech of the target speaker. In
voice conversion, the output speech of a language-dependent syn-
thesis model is converted to that of the target speaker. Our method
is different from the above approaches in that we apply frame-level

data selection to string frames together to be artificial utterances in a
different language for the target speaker. The articulatory and audi-
tory features are used for frame sequence selection.

The rest of this paper is organized as follows. The proposed
method with details in Section 2. The evaluation results are pre-
sented with comments in Section 3. Finally, concluding remarks are
stated in Section 4.

2. METHODOLOGY

2.1. Outline

In our system, the first language of the target speaker is Mandarin,
and the second language is English. To create such a polyglot syn-
thesis system through the proposed method, we need a speech corpus
in Mandarin of the target speaker and a speech corpus in English. Let
us denote the target speaker by s, the Mandarin corpus (of s) by Dm,
and the English corpus (of a different speaker) by De. We carry out
the following steps.

• Train a Mandarin synthesis model for s from Dm; denote the
trained model by Mm;

• For each utterance ui ∈ De, construct an artificial utterance
ũi using frames in Dm and certain post-processing;

• Denote the set of ũi by D̃e, which is parallel to De with the
voice of s;

• Train an English synthesis model from D̃e; denote the trained
model by M̃e;

The polyglot synthesis system uses the models Mm and M̃e. The
main idea here is to build the corpus D̃e parallel to De in a novel
way. Given u ∈ De, we need a plausible method of selecting frames
from Dm for the construction of ũ ∈ D̃e. Fig. 1 shows the system
framework, which consists of tree-based phone clustering, feature
extraction, and unit-selection based alignment. They are explained
in details in the following subsections.

2.2. Decision Tree for Phone Segments

The phonemes in Mandarin and English are clustered via a decision
tree. The question set consists of language-independent questions
such as place/manner of articulation, simple vowel or diphthong, and
vowel position. Such questions help to cluster phones which are
similar in their articulatory features, independent of the language.
The phone segments in De and Dm are used as data in growing the
decision tree by maximizing the reduction of entropy. Furthermore,
it is mandatory that each leaf node (class) must contain at least one
Mandarin segment and one English segment.
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Fig. 1. Framework of the proposed polyglot synthesis system.

Fig. 2. An example of the auditory feature extraction.

2.3. Speech Features

2.3.1. Mel-Generalized Cepstral Coefficients

The mel-generalized cepstral (MGC) features are the input to
vocoder for waveform generation. 25 MGC coefficients are ex-
tracted based on the mel-generalized cepstral analysis. The pitch of
each frame is estimated to adapt the length of analysis window [6] to
minimize the effects of non-ideal periodic extension. Furthermore,
vocal tract length normalization (VTLN) is applied to reduce the
spectral difference among different speakers. VTLN is implemented
through a linear transformation [7] of the MGC coefficients.

2.3.2. Auditory Features

The auditory features are used in computing substitution cost in
frame selection. We use the auditory features based on Lyon’s audi-
tory model [8], which models the characteristics of the human sound
perception, such as non-linear frequency scale, equal-loudness con-
tour, and masking effects. Fig. 2 shows an example of the auditory
feature extraction steps and output feature vector of English phone
/ax/. First, the pre-emphasized signal is filtered by 86 cascaded
filters. Then, using a series of half-wave rectification (HWR) and
related automatic gain controls (AGC), the resultant cochleagram is
used as the auditory feature. Our goal is to realize the synthesized
speech which is perceived as uttered by the target speaker. Thus, the
auditory features should be more suitable than the traditional MGC
features.

Table 1. The articulatory features.

vowel fricative nasal stop approximate high
labial glottal dental round retroflex mid
voiced anterior velar back continuant low
tense coronal vocalic silence

2.3.3. Articulatory Features

The articulatory features (AF) are used in computing concatena-
tion cost in frame selection. As AF is cross-lingual and speaker-
independent [9], using AF in distance estimation between neighbor-
ing frames is a feasible choice. The AF features are the frame-level
posterior probabilities of 22 speech articulatory features listed in Ta-
ble 1. They are estimated by an artificial neural network. The input
layer consists of nodes for the static and dynamic MFCC features,
while the output-layer nodes correspond to articulatory features. The
hidden layer consists of 100 nodes.

2.3.4. Feature Representation of a Frame

Each frame is represented by the MGC features or the auditory fea-
tures of the current frame and the enhanced AF vector covering three
consecutive frames. That is,

fT = (vT , uT ) = (vT , uT
p , u

T
c , u

T
n ), (1)

where v is the spectral subvector, u is the enhanced AF subvector
with up, uc, un being respectively the basic AF vectors of the previ-
ous frame, current frame, and next frame.

2.4. Cross-Lingual Frame Selection

For each utterance in English, we select the frames in the Mandarin
speech corpus provided by the target speaker to construct an artificial
utterance via the following steps.

• Align the input utterance to a string of phone segments;

• For an English phone segment, say p, in the utterance, find
the leaf node it belongs to in the phone-level decision tree,
say T ;

• For each frame in p, find Mandarin candidate frames from
the segments in the same leaf node of T , based on a distance
measure between speech feature vectors;

• Use the dynamic programming algorithm to find the best se-
quence of candidate frames for the entire utterance;

• Apply pitch transformation to the artificial utterance.

In the following subsections we explain the details of each step.

2.4.1. Candidate Set and Substitution Cost

For the substitution cost, i.e., the cost for substituting an English
frame by a Mandarin frame, Euclidean distance is used between the
auditory feature vectors

δs(ve, vm) = |ve − vm|, (2)

where ve (vm) is the auditory feature vector of an English (Man-
darin) frame. Based on Eq. (2), a candidate set for an English
frame consisting of n Mandarin frames in the same leaf node can
be formed. Using a candidate set has the benefit of reducing the
concatenation cost at the expense of increasing the substitution cost,
potentially leading to a reduced total cost.
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2.4.2. Concatenation Cost

The concatenation cost is

δc(u,w) =
1

2
(|uc − wn|+ |wc − up|), (3)

where u and w are the enhanced AF vectors of the current frame and
the previous frame. In Eq. (3), one term is the Euclidean distance
between the current AF vector of the current candidate (uc) and the
next AF vector of the previous candidate (wn), and the other term
is the distance between the previous AF vector of the current candi-
date (up) and the current AF vector of the previous candidate (wc).
By adding these two measurements, the contextual information of
the frame sequence is taken into account to reduce discontinuity in
articulatory features.

2.4.3. Dynamic Programming

Given an English utterance of I frames, denoted by

ve = (ve1, . . . , veI),

the unit selection for the construction of an artificial target-speaker
utterance can be formulated as

f∗ = (f1, . . . , fI)
∗ = argmin

f1,...,fI

cost(f ,ve), (4)

where

cost(f ,ve) =

I∑

i=1

δs(vei, vi) +

I∑

i=2

δc(ui, ui−1). (5)

Note that fT
i = (vTi , u

T
i ) as defined in Eq. (1).

With n candidate frames for each frame, the search state space
is essentially O(nT ). Using the dynamic programming (DP) algo-
rithm, the search time complexity can be reduced to O(In2).

2.4.4. Pitch Transformation

Mandarin and English have different intonation patterns, so it is im-
portant to transform the pitch contour of the artificial utterance to
sound more like the second language. A Gaussian mixture model
(GMM) is trained with the pitch data extracted from De and D̃e and
used in the transformation [10]. In other words, the transformation
is based on means and variances of the pitch data.

3. EVALUATION

3.1. Data

For the Mandarin corpus Dm, it is desirable to have enough data to
cover the contextual variation and to provide a large inventory for
the approximation of English. The read speech of a male speaker
(speaker MR00) of the Tsing Hua Corpus of Speech Synthesis (TH-
CoSS), which has been used in a HMM-based Mandarin synthe-
sis system [11], is used. This subset consists of 5, 406 utterances,
with 98, 749 syllables. For the English corpus De, the speech data
of speaker bdl of the CMU ARCTIC database is used, which is a
phonetically-balanced subset with 1, 131 utterances.

A few important figures are summarized as follows. 25 MGC or
86 Lyon’s model coefficients are extracted for computing the substi-
tution costs, and 22 articulatory features are extracted via artificial
neural networks for computing the concatenation costs. The speech
sampling rate is 16, 000 Hz. The feature-extraction frame size is 40
ms with a shift of 5 ms. In total, 1, 131 artificial English utterances
are constructed.

3.2. Evaluation Results

3.2.1. Feature Evaluation

The innovation of our method is to use the auditory features and the
articulatory features in the process of frame selection. In order to
decide whether this is beneficial, we compare the proposed method
with the traditional method, in which the MGC features are used in
the computation of the substitution and concatenation costs.

In the evaluation of substitution cost, we compare using MGC
and auditory features in Eq. (2). Subjective tests for naturalness with
10 native Mandarin subjects are conducted. There are 20 artificial
English utterances generated by the proposed method and texts are
randomly selected from the English corpus. We compare the speech
quality of the utterance using Mean Opinion Score (MOS) test. The
average MOS of using auditory features is 3.0, which is better than
2.26 using MGC features.

In the evaluation of concatenation cost computation, we com-
pare using the articulatory features with using MGC features in
Eq. (3). In the ABX tests for similarity with 10 subjects, in 62% of
the cases the synthesized speech using the articulatory features is
considered better than using the MGC features.

3.2.2. Comparison with State-Mapping Based Method

The proposed method is compared with the state mapping based
method proposed in [12]. A cross-lingual state mapping between
English and Mandarin synthesis model sets is established using the
Kullback-Leibler divergence (KLD) criterion.

In the state mapping method, the Mandarin and English model
sets are trained using the same corpora as those used in the proposed
method. For model adaptation from bdl to the target speaker MR00,
a phonetically-balanced set of 100 artificial English utterances is se-
lected manually from D̃e, generated by the proposed method. This
set is also used as the parallel data for GMM training for pitch trans-
formation.

10 prompts randomly chosen from English news paper are syn-
thesized by the proposed method and the state mapping based
method (henceforth referred to as the baseline). The subjects
are asked to evaluate the naturalness (speech quality), similarity
(speaker identity), and intelligibility of the synthesized speech.

Regarding similarity, the proposed method is preferred over the
baseline in 87% of the ABX test, as shown in Fig. 3(a). In the speech
quality test, the average MOS of our method is 3.04, which is bet-
ter than the baseline (2.71). Regarding intelligibility, the average
MOS scores are 4.2 (reference), 3.3 (our method), and 2.5 (base-
line), where the reference is the English synthesis model trained with
De. These results are summarized in Fig. 3(b).

We also compare the substitution costs between the synthesized
utterances and the reference ones. The histograms of the substitution
costs are shown in Fig. 4. The mean of the substitution cost is 0.074
for the baseline method, and 0.048 for our method. The standard
deviation is respectively 0.023 and 0.013. Therefore, our method
outperforms the state mapping method in both subjective and objec-
tive measures.

3.2.3. Evaluation of Unseen Phones

The “unseen phones” are the phones in one language which do not
exist in the other language. Therefore, the instances of these phones
in D̃e are arguably the most artificial parts. In the test of naturalness
of the unseen phones, we use the following carrier sentence: “wφ is
good wφ for the wφ”, where wφ is the word containing the unseen
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Table 2. Unseen phones: English phones not seen in Mandarin.

/ae/ at /sh/ show /ah/ but /th/ thank
/ch/ chair /uh/ should /dh/ that /v/ very
/ih/ big /w/ way /jh/ just /y/ yes

/ng/ sing /z/ zoo /oy/ boy /zh/ measure

(a) Results of the ABX test for similarity.

(b) Results of MOS for naturalness (left) and intelligibility (right)

Fig. 3. Comparison with state-mapping based method.

(a) State mapping (b) Proposed method

Fig. 4. Histograms of the substitution costs.

phone φ, for subjective listening tests. The unseen phones φ and wφ

are listed in Table 2. The averaged MOS score over 10 subjects and
16 prompts containing unseen phones using the proposed method is
3.8, which is better than the baseline (2.6).

3.3. Discussion

The proposed frame selection method and the baseline state mapping
method are both extensions of the idea of phone mapping. Since the
proposed method performs frame-level selection, it is in principle
more refined than state mapping based on state level operations. Our
evaluation results indeed support this argument, by showing that our
method outperforms the baseline method.

Since the frames in an utterance of D̃e can come from many
different utterances (phone segments), it is likely to hurt the intelli-
gibility. This is indeed the case, as the performance level is not as
good as the reference model trained by De.

4. CONCLUSION

In this paper, a frame level unit-selection based method for polyglot
speech synthesis is stated, implemented, and evaluated. The artic-
ulatory features and auditory features are employed in the selection

process to achieve high-quality synthesis output. Experiment results
show that the implemented system can outperform systems based on
state mapping method.

On a practical side, our approach to polyglot synthesis renders
corpus preparation task straightforward since the speech data of each
language can come from different speakers, exempting the need for
a polyglot source speaker. It can be easily generalized to any speaker
and any number of languages.
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