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ABSTRACT

Cross-lingual voice conversion (VC) aims to convert the
source speaker’s voice to sound like that of the target speaker,
when the source and target speakers speak different lan-
guages. In this paper, we propose to use Generative Adversar-
ial Networks (GANs) for cross-lingual voice-conversion. We
further the studies on Variational Autoencoding Wasserstein
GAN (VAW-GAN) and cycle-consistent adversarial network
(CycleGAN), that are known to be effective for mono-lingual
voice conversion. As cross-lingual voice conversion needs
to converts the voice across different phonetic system, it is
more challenging than mono-lingual voice conversion. By
using VAW-GAN and CycleGAN, we successfully convert
the speaker identity while carrying over the source speaker’s
linguistic content. The proposed idea is unique in the sense
that it neither relies on bilingual data and their alignment,
nor any external process, such as ASR. Moreover, it works
with limited amount of training data of any two languages.
To our best knowledge, this is the first comprehensive study
of Generative Adversarial Networks in cross-lingual voice
conversion. In the experiments, we achieve high-quality
converted voice, that performs equally well or better than
mono-lingual voice conversion.

Index Terms— cross-lingual voice conversion, genera-
tive models, variational autoencoders, generative adversarial
networks

1. INTRODUCTION

Voice conversion (VC) converts one speaker’s voice to sound
like that of another. It has enabled many applications such as
personalized speech synthesis, spoofing attacks, and dubbing
of movies.

Most of the existing VC techniques are designed for
mono-lingual voice conversion, where the source and target
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Fig. 1. Cross-lingual voice conversion is trained with source
and target speech, that are in different languages, whereas
mono-lingual voice conversion is trained in the same lan-
guage.

speakers use the same language. In this paper, we will work
on cross-lingual voice conversion, that changes the speaker
voice from the source to target speaker, who doesn’t speak
the source language [1–8]. This is a more challenging task
than the mono-lingual voice conversion because the source
and target speakers speak in two different phonetic systems,
therefore, parallel data is not available. Fig. 1 depicts the
difference of training resources between cross-lingual and
mono-lingual voice conversion.

The early studies of mono-lingual voice conversion re-
lied on parallel training data to convert spectral frames from
source to target speakers. The techniques include Vector
Quantization (VQ) [9], codebook mapping [10], Gaussian
Mixture Model (GMM) [11, 12], partial least square re-
gression [13], dynamic kernel partial least squares regres-
sion (DKPLS) [14], and non-negative matrix factorization
(NMF) [15–23].

However, parallel training data is not always possible
in practice. Therefore, many have studied how to train a
conversion model with non-parallel training data, such as
the joint use of DBLSTM and i-vector [24], variational
auto-encoder [25], and DBLSTM based Recurrent Neural
Networks [5, 26]. Recently, Generative Adversarial Net-
works [27] such as VAW-GAN [28], CycleGAN [29–31] and
StarGAN [32] eliminate the need of parallel training data, and
yet achieve high quality converted voice. Generative Adver-
sarial Networks have also been shown to be very effective in
translating an image from a source domain to a target domain
in the absence of parallel data [33–35], that motivates the
cross-lingual voice conversion study in this paper.

The prior work on cross-lingual voice conversion includes
codebook mapping [7] and GMM [8] that achieve good qual-
ity voice. However, such approaches use training data of two
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Fig. 2. The training phase of VAW-GAN for cross-lingual voice conversion. Both English and Chinese speech data are used to
train the encoder, generator/decoder and discriminator. The function of the encoder is similar to a phone recognizer, that learns
to represent the phonetic content of two languages, while the generator/decoder behaves as a synthesizer.

languages spoken by the same bilingual speaker. As bilin-
gual speakers are not easy to find, others have studied warping
functions between phones or acoustic classes of two phonetic
systems [1, 2], that don’t require bilingual training data.

More recently, techniques that are based on Phonetic
Posteriograms (PPGs) were reported for cross-lingual voice
conversion [5, 6]. PPGs, derived from a speech recogni-
tion system, represent the posterior probability of the speech
frame with respect to the phonetic classes [36, 37] that are
believed to be speaker independent. Therefore, PPGs may
serve as the bridge between the speakers. However, the use
of PPGs has its own limitation. PPGs are language specific,
furthermore, their quality also depends on the performance of
speech recognition system. Another technique resorts to find-
ing source-target frame pairs from non-parallel utterances, for
instance, unit selection [38, 39] and the iterative frame align-
ment methods [3, 4]. However, their performances remain to
be improved due to their inaccurate alignments [4].

In this paper, we propose to use Generative Adversarial
Networks for cross-lingual voice conversion. With that, we
eliminate the need of any external process (such as ASR), any
alignment technique or bilingual training data. We focus on
Wasserstein generative adversarial network (VAW-GAN) and
cycle-consistent adversarial network (CycleGAN) to achieve
high-quality cross-lingual voice conversion.

We note that both VAW-GAN and Cycle-GAN have been
shown to achieve high-quality mono-lingual voice conver-
sion, but haven’t yet been explored for cross-lingual voice-
conversion applications. VAW-GAN focuses on explaining
the observations with latent variables instead of learning a
pairwise transformation function, hence it doesn’t require
aligned parallel corpus during training. On the other hand,
CycleGAN learns the forward and inverse mappings simulta-
neously using adversarial and cycle-consistency losses. This
makes it possible to find an optimal pseudo pair, even from
cross-lingual training data, that will be reported in experi-
ments.

The main contributions of this paper are 1) we devise the
generative adversarial networks for cross-lingual voice con-
version; 2) we propose to use VAW-GAN and CycleGAN to
eliminate the need of any external processes, or any alignment

technique, that may cause degradation in voice quality; 3) we
report extensive comparison of VAW-GAN and CycleGAN,
that includes mono-lingual vs cross-lingual voice conversion.
To our best knowledge, this paper reports the first attempt to
use Generative Adversarial Networks in cross-lingual voice
conversion.

The rest of the paper is organized as follows: In Section 2,
we explain the Variational Autoencoders and the novel idea
of using Variational Autoencoding Wasserstein Generative
Adversarial Networks (VAW-GAN) for cross-lingual VC. In
Section 3, we present the novel idea of using Cycle-consistent
Adversarial Networks for cross-lingual VC. We provide the
experimental setup, objective and subjective test results, and
a discussion on GANs for cross-lingual voice conversion in
Section 4. We conclude the paper in Section 5.

2. VARIATIONAL AUTOENCODING WASSERSTEIN
GENERATIVE ADVERSARIAL NETWORKS

(VAW-GAN)

2.1. Voice Conversion with Variational Autoencoders

It has been reported that VAEs [25] generate high-quality
voice conversion with mono-lingual nonparallel training
data. VAEs consist of two parts: 1) encoder, that is simi-
lar to a phone recognizer to infer the phonetic content; and
2) decoder, that operates as a synthesizer. Unfortunately, the
simplicity of VAE induces inaccuracy in the synthesis model.
This defect originates from the fallible assumption that the
observed data is normally distributed and uncorrelated across
dimensions. Such assumption gave us a defective learning
objective, leading to muffled converted voices [28].

By incorporating VAEs with a GAN objective into the de-
coder, it was reported that mono-lingual voice conversion per-
formance was improved [28]. GANs produce sharper spectra
in general because they optimize a loss function between two
distributions in a more direct fashion. An interesting attempt
was to use the VAE decoder as the GAN generator to form a
VAE-GAN for image generation [40]. More recently, varia-
tional autoencoding Wasserstein GAN (VAW-GAN) has been
used in mono-lingual voice conversion [28]. In this paper,
we will further the study of VAW-GAN towards cross-lingual
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voice conversion.

2.2. Cross-lingual Voice Conversion with VAW-GAN

We believe that the encoder-decoder structure of VAW-GAN
can allow for the learning of the mapping between the pho-
netic systems of two different languages, through a bilingual
phonetic content.

With the encoder, speech frames that belong to the similar
or same phoneme class can hinge on a similar phonetic content,
that is denoted as z. The proposed phonetic content is bilin-
gual in the sense that it is exposed to two languages during
training, therefore, serves as the bridge between two lan-
guages. The phonetic content z of VAW-GAN also plays a
role as the bridge between the speakers, that is similar to PPG
in mono-lingual voice conversion [20, 26] and TTS [5]. We
believe that, by training the VAE with two languages, we can
build a better bridge between the speakers, without the need
of PPGs.

The implementation of VAW-GAN is unique in cross-
lingual voice conversion. We train the same encoder-decoder
structure for bidirectional conversion of two languages by
taking the speech of both languages as the input. The same
system works for both English and Chinese inputs.

As the encoder is exposed to input frames in both lan-
guages during training, it transforms the input into the pho-
netic content z that is not only speaker independent, but also
bilingual. The decoder of VAW-GAN is conditioned on the
speaker identity input to generate target speech. We use a
one-hot vector to represent the speaker identity during train-
ing. The training phase of the entire process is summarized in
Figure 2.

Overall, the proposed VAW-GAN consists of three com-
ponents, that are 1) encoder, 2) generator/decoder, and 3)
discriminator. While the generator/decoder minimizes the
loss, the discriminator maximizes it. The encoder structure
of VAW-GAN helps us to find some phonetic clusters that
represent both languages. In addition, the generative and dis-
criminative structure of GAN helps us to achieve high quality
cross-lingual voice conversion. The proposed idea is more
attractive than the state-of-the-art in cross-lingual voice con-
version [1,2,6–8,26], as it eliminates the need of any external
processes, such as ASR, any alignment technique, and the

need of bilingual training data.

3. CYCLE-CONSISTENT ADVERSARIAL
NETWORKS FOR CROSS-LINGUAL VC

3.1. Cycle-Consistent Adversarial Networks

Cycle Consistent Adversarial Networks have been success-
fully used in many applications, such as image-to-image
translation [33–35]. Image-to-image translation is to learn
the mapping between an input image and an output image
using a training set of aligned image pairs. We believe that
image-to-image translation and cross-lingual voice conver-
sion face a similar challenge that is to find a mapping from
a source domain to a target domain without the need of par-
allel training data. As reported in [33], CycleGAN is known
to achieve remarkable results on several tasks where paired
training data does not exist, including collection style transfer,
object transfiguration, season transfer, etc.

We consider that the task of converting the speaking voice
from source to target while preserving the linguistic content
is similar to that of translating an image from horse to zebra,
while preserving the structure of horse and changing the color
of horse to that of zebra [33], both in the absence of parallel
training examples.

3.2. Cross-lingual VC with CycleGAN

In cross-lingual voice conversion, we need to preserve lin-
guistic content while capturing the sequential and hierarchi-
cal structures through a bi-directional mapping, that motivates
the use of CycleGAN. Similar to VAW-GAN, we would like
to eliminate the need of any external process, such as ASR,
and the need of bilingual training data.

A CycleGAN learns forward and inverse mappings si-
multaneously using adversarial and cycle-consistency losses.
This makes it possible to find an optimal pseudo pair from
unpaired cross-lingual data. Furthermore, the adversarial loss
contributes to reducing over-smoothing of the converted fea-
ture sequence. We configure a CycleGAN with gated CNNs
and train it with an identity-mapping loss. This allows us to
preserve the linguistic content of the source speaker.

In short, a cross-lingual mapping can be learned us-
ing three loss functions that are adversarial loss, cycle-



consistency loss and identity-mapping loss. We next describe
their role in cross-lingual voice conversion. In all equations,
source is assumed to be an English speaker, denoted as en and
target is assumed to be a Chinese speaker, denoted as cn. Our
goal is to learn a mapping from source xen ∈ Xen to target
ycn ∈ Ycn without relying on parallel data.

3.2.1. Adversarial loss:

In cross-lingual voice conversion, we optimize the distribu-
tion of the converted data as close as possible to the distri-
bution of target data, that is from a different language. The
objective function can be written as follows:

Ladv(GXen→Ycn
, DYcn

) = Eycn∼PData(ycn)

[
logDYcn(ycn)

]
+ Exen∼PData(xen)

[
log
(
1−DYcn

(
GXen→Ycn(xen)

))]
(1)

The closer the distribution of converted data becomes to that
of target data, the smaller the loss (Eq. (1)) becomes, thus,
higher similarity of the output voice to the target speaker.

3.2.2. Cycle-consistency loss:

The adversarial loss only tells us whether GXen→Ycn
follows

the target-data distribution and does not help preserve the con-
textual information of xen. In mono-lingual voice conversion,
CycleGAN [29, 30] introduces two additional terms, that are
the adversarial loss Ladv(GYcn→Xen

, DXen
) for inverse map-

ping GYcn→Xen
, and the cycle-consistency loss. The training

phase of the proposed approach for cross-lingual voice con-
version that uses CycleGAN with cycle-consistency loss is
given in Figure 3. We define the cycle-consistency loss as
follows:

Lcyc (GXen→Ycn , GYcn→Xen)

= Exen∼PData(xen)

[
||GYcn→Xen

(
GXen→Ycn(xen)

)
− xen||1

]
+ Eycn∼PData(ycn)

[
||GXen→Ycn

(
GYcn→Xen(ycn)

)
− ycn||1

]
(2)

These additional terms GXen→Ycn and GYcn→Xen encourage
(xen, ycn) pairs with similar (or even same) contextual infor-
mation, therefore, establishing the phonetic mapping between
two languages. This is very important in cross-lingual voice
conversion as the phonetic systems of source and target lan-
guages are different, and finding such pairs can be challeng-
ing.

3.2.3. Identity-mapping loss:

A cycle-consistency loss provides constraints on a structure;
however, it would not suffice to guarantee that the mappings
always preserve linguistic content. To explicitly preserve the
linguistic content without relying on external processes, such
as ASR, we incorporate an identity-mapping loss.

Lid (GXen→Ycn
, GYcn→Xen

)

= Exen∼PData(xen) [||GYcn→Xen
(xen)− xen||]

+ Eycn∼PData(ycn) [||GXen→Ycn
(ycn)− ycn||] (3)

The studies on CycleGAN [29, 30, 33] have showed the ef-
fectiveness of this loss for color preservation in image-to-
image translation and linguistic content preservation in mono-
lingual voice conversion. Hence, we have good reason to ex-
pect that it preserves the rendering of the language identity.

4. EXPERIMENTS

We conduct both objective and subjective experiments to as-
sess the performance of our proposed cross-lingual voice con-
version approaches. We use CMU database [41,42], that con-
sists of English data, and Blizzard Challenge 2010 database
[43], that consists of Mandarin Chinese data. We train both
VAW-GAN and CycleGAN with nonparallel data in two dif-
ferent languages to learn the spectral mapping between two
speakers of different languages. For fundamental frequency
(F0), we perform the traditional linear conversion by normal-
izing the mean and variance of the source speech to those of
target [17]. We use VAW-GAN [28] and CycleGAN [29] in
mono-lingual voice conversion as the reference baselines be-
cause they render high quality voice.

4.1. Experimental Setup

In VAW-GAN, the input of the encoder was 513-dimension
spectral envelope. The encoder was a 5-layer 1D Convolu-
tional Neural Networks (CNN) with a kernel size of 7 and
a stride of 3 followed by a fully connected layer, and the
output channels were {16, 32, 64, 128, 256}. The dimension
of the latent vector space was set to 64, and the dimension
of the speaker embedding was set to 10. Then these two
vectors were merged to a 171-dimension vector by fully con-
nection layer. For GAN, the generator was a 4-layer 1D
Convolutional Neural Networks (CNN) with kernel sizes
of {9, 7, 7, 1025} and strides of {3, 3, 3, 1}, and the output
channels were {32, 16, 8, 1}. The target of the generator was
also the 513-dimension spectral envelope. The discrimina-
tor was a 3-layer 1D Convolutional Neural Networks (CNN)
with kernel sizes of {7, 7, 115} and a stride of 3 followed
by a fully connected layer, and the output channels were
{16, 32, 64}. The network was trained by using RMSProp
with a learning rate of 1e-5. The batch size was set to 256
and ran for 45 epochs. We note that we train only one net-
work that can perform both English to Chinese and Chinese
to English conversion, through the bilingual phonetic content
z.

In CycleGAN, we designed the generator using a one-
dimensional (1D) CNN to capture the relationship among the



Framework Language Information Training Data MCD [source] MCD [target]

Mono-lingual VAW-GAN [28] en-en 50-50 utt. 6.89 6.28
200-200 utt. 7.13 5.88

Mono-lingual CycleGAN [29] en-en 50-50 utt. 7.09 5.98
200-200 utt. 7.26 5.67

Cross-lingual VAW-GAN (proposed) en-cn and cn-en 50-50 utt. 6.65 NA
200-200 utt. 6.75 NA

Cross-lingual CycleGAN (proposed) en-cn and cn-en 50-50 utt. 6.81 NA
200-200 utt. 6.91 NA

Table 1. A comparison between VAW-GAN and CycleGAN for mono-lingual (en-en) and cross-lingual (en-cn, cn-en) voice
conversion. All experiments are conducted with non-parallel training data. Note that it is desired to have lower MCD[target]
and higher MCD[source].

overall features while preserving the temporal structure. The
target of the generator was also the 513-dimension spectral
envelope. We designed the discriminator using a 2D CNN to
focus on a 2D spectral texture. As a pre-process, we normal-
ized the source and target MCEPs per dimension. We set λcyc
=10 and λid =5. We trained the network using the Adam op-
timizer with a batch size of 1. We empirically set the initial
learning rates to 0.0002 for the generator and 0.0001 for the
discriminator.

4.2. Objective Evaluation

As an objective evaluation metric, we use the Mel-cepstral
distortion (MCD) [44]. For mono-lingual voice conversion,
we report the MCD between the converted spectrum and orig-
inal source spectrum, denoted as MCD[source], and MCD
between converted spectrum and the original target spectrum,
denoted as MCD[target]. However, in cross-lingual voice
conversion, it is not feasible to calculateMCD[target] as we
do not have target speaker’s voice in source language. There-
fore, we only calculate MCD[source] to show the effect.
The MCD between two frames are calculated as follows,

MCD =
10

log 10

√√√√2
24∑

m=1

(c(m)− ccv(m))
2 (4)

where ccv(m) and c(m) are the mth coefficients of the con-
verted MCCs, and the comparing MCCs, respectively. We
extracted 24 Mel-cepstral coefficients (MCEPs) to calculate
the MCD values frame-by-frame over all the paired frames.
We note that it is desired to have lower MCD[target] and
higher MCD[source].

We report the MCD[source] and MCD[target] values
of 8 different settings in Table 1. Firstly, we observe that both
VAW-GAN and CycleGAN can achieve good performance
with limited training data. Secondly, we note that in cross-
lingual voice conversion, CycleGAN outperforms VAW-GAN
in all cases by achieving higher MCD[source]. Last but
not least, the proposed cross-lingual CycleGAN framework,
that uses 200 utterances, outperforms the mono-lingual VAW-
GAN framework, that uses 50 utterances.

Mean	Opinion	Score	(MOS)

VAW-GAN	(50-50)

VAW-GAN	(200-200)

CycleGAN	(50-50)

CycleGAN	(200-200)

0 1 2 3 4 5
Fig. 4. Mean opinion scores with 95% confidence intervals
for CycleGAN and VAW-GAN with 50-50 and 200-200 non-
parallel training data.

We would like to highlight that evaluating cross-lingual
voice conversion with MCD[target] is not straightforward
because the target speaker doesn’t speak the source language
[6]. Therefore, we can only use MCD[source] as an indi-
rect indicator to evaluate the converted voice quality. We next
conduct extensive subjective tests to confirm our findings.

4.3. Subjective Evaluation

We conduct four listening experiments to assess the perfor-
mance of generative adversarial networks for cross-lingual
voice conversion in terms of voice quality and speaker sim-
ilarity. 15 English speakers and 10 Chinese speakers partic-
ipated in the listening tests. Each subject listens to 50 con-
verted utterances of his/her speaking language. The p-values
are calculated in a similar way that is reported in [46].

We first evaluate the sound quality of the converted voices
with mean opinion score (MOS) between VAW-GAN and Cy-
cleGAN cross-lingual voice conversion systems, that is re-
ported in Figure 4. The listeners rate the quality of the con-
verted voice using a 5-point scale: 5 for excellent, 4 for good,
3 for fair, 2 for poor, and 1 for bad. It is observed that Cy-
cleGAN clearly outperforms VAW-GAN counterpart with the
same amount of training data. It is worth mentioning that
CycleGAN trained on 50 utterances even outperforms VAW-
GAN trained on 200 training utterances.

We next conduct preference test, that is reported in Figure
5, to compare CycleGAN with VAW-GAN for cross-lingual



Framework Language Information Training data Best (%) Worst (%) Not Preferred (%)
Mono-lingual VAW-GAN [28] en-en 50-50 utt. 18 45 37

Cross-lingual CycleGAN en-cn and cn-en 50-50 utt. 9 55 36
200-200 utt. 73 0 27

Table 2. Voice quality assessment using Best-Worst percentages on an aggregate level [45]. As we do not have bilingual data
from any speaker, this experiment does not consider speaker similarity, and focus only on voice quality.

Mono-lingual CycleGAN Cross-lingual CycleGAN
(53.6± 2.2)% (46.4± 2.7)%

Table 3. The preference test in terms of voice quality and
speaker similarity between mono-lingual and cross-lingual
CycleGAN. 200 nonparallel data have been used to train the
networks. The p-value [46] is 2.062e−17.

Preference	Score	(%)

Cross-lingual	Preference	Test

VAW-GAN

CycleGAN

0 10 20 30 40 50 60 70

Fig. 5. The speaker similarity preference test between the
proposed CycleGAN and VAW-GAN for cross-lingual voice
conversion. 200 nonparallel cross-lingual data have been used
to train the networks. The p-value [46] is 2.178e−21.

voice conversion, in terms of speaker similarity. It is ob-
served that CycleGAN outperforms VAW-GAN also in simi-
larity test.

Note that CycleGAN consistently outperforms VAW-
GAN in cross-lingual voice conversion, we are now inter-
ested in comparing cross-lingual CycleGAN results with
its mono-lingual VAW-GAN counterparts. We choose the
mono-lingual VAW-GAN (en-en, 50-50 utt) that we used in
objective test as the reference baseline. As Best-Worst Scal-
ing (BWS) [45] method is effective to provide ranking of a
long list of listening samples, we conduct BWS experiment
over the converted speech from three systems, the mono-
lingual VAW-GAN (en-en, 50-50 utt) reference baseline,
the cross-lingual Cycle-GANs (50-50 utt) and cross-lingual
Cycle-GANs (200-200 utt).

As shown in Table 2, the CycleGAN system for cross-
lingual voice conversion (200-200 utt) is chosen as the best
for 73.0 % of the time and never chosen as the worst. It clearly
outperforms the mono-lingual VAW-GAN reference baseline.
Moreover, it is shown that CycleGAN can also work with lim-
ited data. Even with 50 cross-lingual utterances, CycleGAN
achieves comparable results with mono-lingual VAW-GAN
that is trained on 50 utterances. This experiment further vali-
dates ability of CycleGAN in cross-lingual voice conversion.

We further choose the mono-lingual CycleGAN as a
benchmarking reference because CycleGAN [29] was re-
ported to show remarkable mono-lingual voice conversion
quality. We conduct a preference test that is reported in Table
3, to compare mono-lingual CycleGAN with cross-lingual
CycleGAN, both of which are trained on 200-200 training
utterances. The results show that listeners find the two sys-
tems are comparable. While the mono-lingual CycleGAN is
slightly better than cross-lingual one, we have not forgotten
that cross-lingual conversion is a more challenging task.

4.4. Discussion on the Effectiveness of GANs in Cross-
lingual Voice Conversion

This paper shows that the generative adversarial networks
can perform high-quality cross-lingual voice conversion even
with limited data. We note that CycleGAN and VAW-GAN
shares a similar motivation regarding the use of adversarial
loss function. We have benchmarked the proposed cross-
lingual CycleGAN against different reference baselines to
show its advantage. It is observed that CycleGAN con-
sistently achieves better results than the VAW-GAN. The
results suggest that the cycle-consistency and the identity-
mapping losses of CycleGAN allows the network to optimize
the phonetic mapping between two languages, that has an
advantage over VAW-GAN, that depends on the bilingual
phonetic content z to find this mapping.

We have also obtained some good preliminary results with
the proposed GAN frameworks from bidirectional mapping to
many-to-many mappings across different language domains,
as a step towards multilingual voice conversion across speak-
ers and languages. We will report the findings in the near
future.

5. CONCLUSION

We have studied the generative adversarial networks to per-
form cross-lingual voice conversion, that is more challeng-
ing than mono-lingual voice conversion. We propose to use
VAW-GAN and CycleGAN to learn a mapping between two
speakers, who speak different languages. The proposed ap-
proaches produce high quality converted voice without the
need of any bilingual data, alignment, or external processes
(such as ASR). Moreover, they perform well with very lim-
ited training data. We have benchmarked the proposed cross-
lingual GAN systems with the state-of-the-art mono-lingual
voice conversion implementation, that show comparable re-
sults with the same amount of training data.
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