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Abstract—The most prevalent multilingual Text-to-Speech
(TTS) synthesis systems encounter an unnatural speaker shift
at the language boundaries. This is observed when they are
employed for code-mixed TTS synthesis. For the very fact that
the collection of polyglot speech is non-trivial, many alternative
approaches have been in focus. Cross-Lingual Voice Conversion
(CLVC) has been one of those to generate speech with desired
speaker and language identities. Our aim in this paper is to
design a light-weighted CLVC framework between a pair of
Mandarin-English speakers. CLVC is challenging when compared to traditional Voice Conversion (VC) because of its nature
of accommodating unaligned corpus from the source and target
speakers. We thus focus on generating a parallel corpus for
CLVC and bridging the gap between speakers and languages.
We perform a text-independent voice conversion with a threelayered conventional Neural Network (NN) for this purpose. The
main contributions include i) Source similarity in both training
and conversion stages of CLVC, ii) generation of a parallel corpus
and iii) text independent and transcription free CLVC. We exploit
two variants of a Neural Network in the proposed framework,
i) an autoencoder to enable the source similarity and generation
of parallel corpus, ii) a traditional DNN for feature mapping
between the source and target. The subjective and objective
evaluations show that the proposed method is indeed capable
of performing a CLVC with an auto-encoded speech.
Index Terms—Deep Neural Networks, Cross-Lingual Voice
Conversion, Scaled Exponential Linear Units, Mel Generalised
Cepstral Coefficients, Auto-encoded speech.

I. I NTRODUCTION
The need for globalization and improved computing abilities
have made once prescient technological advancements achievable. Today’s computers, not only emulate human speech but
also do it more naturally. Neural generative models have
surpassed the then widespread parametric and concatenative
approaches in speech generation [1] [2]. However, our speech
synthesizers are yet to impersonate the subjective traits of
humans. One among them is to code-switch while in a
conversation. This is more frequently observed in multilingual
countries like India and Singapore. Code-mixing (or codeswitching) is mainly observed in bilinguals/multilinguals who
mix or borrow words from another language. This can be for
various reasons such as i) to refer named entities [3], ii) ease
of recall [4], iii) speech with respect to the target audience.
Lately, multilingual speech synthesizers have been developed
for such mixed language synthesis. These multilingual synthesizers utilized the speech collected from speakers of different
languages. Thus resulting in multiple speaker shifts at the
language boundaries. This peculiarity in generated speech can
be addressed using a polyglot speech synthesizer. A polyglot

speech synthesizer is a TTS system that can produce speech in
a single voice for multiple languages [5]. Hence, the generated
speech does not create any sort of perceptual unpleasantness
at the language boundaries.
Significant work has been done on building polyglot speech
synthesis systems [5]–[8]. The main approaches to it are: i)
synthesis from polyglot speech corpus, ii) speaker adaptation
techniques [9], iii) mapping techniques [10] [11], and iv)
cross-lingual voice conversion [12]. We specifically focus
on and discuss cross-lingual voice conversion in our work.
Cross-lingual Voice Conversion (CLVC) is to transform the
source speaker’s characteristics in a way that his/her voice is
perceived as if spoken by the target speaker who is oblivious
of the language [5] [13]–[15]. Research on CLVC can be
broadly divided into 2 categories: 1) Text-dependent CLVC
2) Text-independent CLVC. Under Text-dependent CLVC,
bilingual speakers and the corresponding parallel data is
available for a conventional frame-based mapping [13] [16]
[17]. Nevertheless, this would restrict the system performance
to specific speakers and languages. Also, the data collection
from bilingual speakers for all the desired languages is not feasible. Accordingly, text-independent CLVC systems have been
developed [14] [15]. Of late, Phonetic Posteriorgrams (PPG)
based cross-lingual TTS systems have achieved much attention
[18], [19]. However, the language-specific systems involved
in such frameworks might hinder the performance of a crosslanguage generation. PPGs were also used in intralingual voice
conversion for unaligned corpus [20] [21]. Here, the speech
transcriptions obtained from a Speaker Independent Automatic
Speech Recognition system (SI-ASR) were exploited for nonparallel VC. Our aim in this work is to propose a text
independent and transcription free CLVC.
In this paper, we explore a pair of conventional Neural
Networks with their two different variants for the task of
CLVC. Our work is inspired by the previous studies that
use a bilingual source for CLVC. We intend to create a
source similarity from two monolingual speaker’s speech. We
achieve it using an auto-encoder as the cepstrum generator.
The generated speaker and language normalized cepstrum is
further treated as the source for CLVC. To the best of our
knowledge, there is no work on text free CLVC so far. The
languages that we experimented on are: English and Mandarin
(Chinese). We refer to Mandarin as Chinese throughout our
experiments. The proposed framework was also tested for a
within language voice conversion with the unaligned corpus.
The main ideas of this paper are given below.

•
•

•
•

We reduce the CLVC task into a monolingual one by
generating artificial parallel corpus.
We propose to use an auto-encoder to learn a language
and speaker independent representation from both source
(target language) and the target (target voice) data.
Transcription free and text independent voice conversion
framework is being proposed for CLVC.
There is no dynamic time warping or EHMM forced
alignment involved in the proposed framework thus
avoiding any alignment issues.

The organization of this paper is as follows: In Section II,
we provide a detailed explanation of the proposed framework
followed by the extension of work to Non-parallel conversion
in Section III. In Section IV, the experimental setup is discussed and the evaluation of the same is done in Section V.
Sections VI and VII have the conclusions and future work
respectively. Acknowledgements are provided in Section VIII.
II. P ROPOSED F RAMEWORK
We perform a CLVC between the languages English and
Chinese in our proposed framework. English speaker and the
corresponding linguistic information are considered as the
source speaker and target language respectively. Accordingly,
the Chinese voice is treated as target speaker. The research
was carried out on investigating the conversion of English by
English speaker to English by a Chinese speaker. Figure 1
displays the entire framework being proposed. The proposed
framework has two training stages. Training stage 1 is the main
contribution of this work. It renders both source similarity
and parallel corpus for the conversion of speech to non-native
speaker’s voice. Figure 1 presents a detailed implementation
of the proposed framework. The choice of models for each of
the training stages along with the framework for a run-time
conversion are explained in this section.

Fig. 2. Pictographic representation of the proposed framework

A. Training an auto-encoder for source similarity and parallel
data
The apparent reason for CLVC to be challenging as opposed
to conventional VC is the lack of parallel corpus. Studies
show that a pair of bilingual speakers or a bilingual source
can mitigate the difficulty in dealing with CLVC. Motivated
by the idea of the bilingual source, we intend to create a
source similarity and parallel corpus for CLVC from different
speaker’s speech. Based on some preliminary experiments and
observations we presume to exploit an auto-encoder to bridge
the gap between the speakers and languages. Auto-encoders
are generally preferred for dimensionality reduction and the
output of these networks is almost never used [22]. However, they are designed to capture the important information
present in the data and not to exactly reproduce the input.
Consequently, we employ an auto-encoder as a parallel corpus
generator in our work. Figure 2 is a simple representation of
using an autoencoder for speech generation. A similar idea
of generating parallel corpus has been implemented in [23]
for non-parallel voice conversion. However, our work differs
from [23] in text independent parallel corpus generation i.e.,
we operate solely on speech throughout our work. Hence, our
systems do not undergo any text-speech alignment problems.
Our auto-encoder is initially fed with the data from 2 different
speakers. The speakers deliver varied linguistic information
in Chinese and English. Diverse data that is provided to the
network is then projected onto a common feature space at the
encoder output. These latent variables created by the encoder
are later remapped to their respective representations. Hence,
the remapped features have the characteristics of both the
speakers and their languages. Chinese features are represented
as a set of values in X and English features are in set Y. The
feature transformation function is given in Equation (1).
Z(X, Y ) = F (X, Y )
G(X̂, Ŷ ) = Z(X, Y )

Fig. 1. Proposed framework for cross-lingual voice conversion. (*) indicates
that the models are same.

(1)

In the above equation, Z refers to the hidden latent representation obtained from the encoder of the network. G is
the decoder output reconstructed from the latent information
present in Z. X̂ and Ŷ are the generated Chinese and English
features respectively. Additionally, we inspect the effect of
varied latent dimensions; bottleneck nodes for a high-quality
speech generation. The auto-encoded speech thus generated
has provided us with a source similarity for CLVC in addition
to the parallel corpus generation.

B. Training a Cross-Lingual Voice Conversion model
From the subjective evaluations conducted on auto-encoder
generated speech, we observe that the network with bottleneck
layer containing 256 nodes has better feature representation
and speech quality. Accordingly, the corresponding speech
was used as a source in the training stage 2 and Conversion
stage. In training stage 2, a parallel conversion is carried out in
Chinese. The speech samples of generated and natural Chinese
are of equal length. Thus, we do not employ any alignment
approaches in our framework. The DNN model trained on
Chinese is tested with the auto-encoded speech in English for
CLVC.

same DNN architecture in the proposed framework for frameto-frame mapping. We further elaborate on the datasets used
in each of the experiments. CMU arctic database was used in
the implementation of the baseline systems [31]. The male-tomale conversion was done between speakers bdl (US male),
rms (US male) and female-to-female conversion was between
the speakers slt (US female), clb (US female). We train the
model on 900 speech samples and test it on 100 in both the
systems. All the speech samples undergo a signal analysis by
the WORLD vocoder [24]. The obtained features of source
and target are then aligned using a Dynamic Time Warping
algorithm for a frame-to-frame mapping. Finally, the converted
features are synthesized using the WORLD vocoder [24].

C. Run-time conversion
Implementation of the proposed framework for a run-time
conversion is provided in this section. The target speech
in a non-target voice will be provided to the trained autoencoder which generates a speaker and language normalized
features. Thus generated features are passed through the DNN
trained in stage 2 of the proposed framework. The transformed
features along with their converted f0 and corresponding band
aperiodicities are synthesized for speech using a WORLD
vocoder [24]. The diagrammatic representation of run-time
conversion is displayed in the Figure 3.

Fig. 3. A run-time conversion for proposed framework.

III. M ONO -L INGUAL VOICE CONVERSION WITH
UNALIGNED C ORPUS
Our framework for CLVC was further extended to intralingual voice conversion. The complexity of dealing with the
unaligned corpus is also existent in within language speaker
conversion. Under intralingual conversion, even though the
source and target converse in the same language the linguistic
content they deliver is different. Hence a frame-to-frame mapping of their acoustic features is unattainable. Accordingly, the
autoencoder generated speech serves as a bridge and enables
the parallel conversion between unaligned speech samples of
the speakers.
IV. E XPERIMENTAL S ETUP
A. Baseline
A standard frame-based parallel voice conversion framework was developed as a baseline [25] [26] [27] [28] [29]
[30]. A typical VC framework is shown in Figure 4. Two
gender dependent experiments were carried out initially with
a 4 layered DNN network. The number of nodes present
in each layer of DNN are [60, 512, 512, 512, 512, 60].
The converted speech was validated with both subjective and
objective tests. Motivated by the observations, we employ

Fig. 4. Training phase of a traditional Parallel VC framework.

B. Neural Architectures in the Proposed Framework
The NN architectures employed for the auto-encoder in
training stage 1 and the DNN based frame mapping in stage 2
are provided here. The inputs and outputs of both the networks
are the Mel Generalized Cepstral Coefficients (MGCs) which
constitute a 60-dimensional feature vector.
1) Autoencoder: An auto-encoder network has been extensively investigated to understand its reliability for parallel
corpus generation. 4 different experiments were performed
with varied bottleneck nodes: 10, 50, 256 and no bottleneck.
Hence, the architecture of the auto-encoder is [60, 512, B,
512, 60] (B-bottleneck). Learning rate for bottleneck layers
10 and 50 was set to 0.01. For experiments that contained
256 bottleneck nodes and no bottleneck nodes, it was 0.1.
The decay rate was set to 1e−6 for all the experiments.
2) DNN in Training stage 2: For a frame-based speaker
mapping in stage 2, we use a four-layered DNN. This is same
as the one used in building the baseline. Thus the architecture
utilized is [60, 512, 512, 512, 512, 60]. Learning rate was
set to 0.1 with a decay rate of 1e−6 . Training samples were
randomized and fed to the networks in batches of size 32.
C. Activations and Loss Functions
Since we were dealing with two different languages and
speakers, we required our models to capture the feature representations projected onto a common space. Recently, SelfNormalising Neural Networks (SNNs) have been developed to
map the means and variances of data within the network in
a layerwise fashion. We thus exploited SELU activations in
all the layers throughout our experiments [32]. The activation
function is detailed in Equation (2).

SELU (input) = λ

input
αeinput - α

if input > 0
if input 6 0


(2)

where α and λ regulate the means and variances of the
output distribution of a layer. The values of α, λ have to be
nearly 1.67326 and 1.0507 respectively.
In our proposed framework, we consider 4 possibilities of
errors occurring in the predictions. Those errors are expected
between 1) English to English, 2) Chinese to Chinese, 3)
English to English due to Chinese, and 4) Chinese to Chinese
due to English. All the four prediction errors are summed
together for the error calculation and are back propagated.
The anticipated errors are given below:
δ1 = G(X̂) − X

(3)

Error δ1 in Equation (3) is calculated between the predicted
Chinese G(X̂) and original Chinese X. This error is due to
the additional noise introduced by the neural network during
predictions.
δ2 = G(Ŷ ) − Y

(4)

Error δ2 in Equation (4) is calculated between the predicted
English G(Ŷ ) and original English Y. Thus, δ2 is also a
network introduced error.
δ3 = G(X̂, Ŷ ) − Y

(5)

Error δ3 is calculated between the predicted English and original English Y. However, here the predictions are influenced by
the Chinese speaker’s speech. Hence, in Equation (5), δ3 is the
error calculated between Chinese influenced English G(X̂, Ŷ )
and the natural one.
δ4 = G(X̂, Ŷ ) − X

(6)

Error δ4 is calculated between the predicted Chinese and
original Chinese X. The Chinese predictions are influenced
by the English speaker’s speech. Hence, in Equation (6), δ4 is
the error calculated when the predicted Chinese is under the
impact of the English speaker’s speech.
Thus, the total error is computed from sum of all the above
errors for each of the derived predictions. The mathematical
approach used for estimating total conversion loss is given in
Equation (7).

Summed loss =

N
X
[(δ1)2 + (δ2)2 + (δ3)2 + (δ4)2 ] (7)
1

Mean Squared Error (MSE) was computed as the loss
function over the predicted MGCs. The MSE metric reports
a frame-level error between the predicted and the target
features. NN models in both the training stages are trained
through a back propagation algorithm to learn the desired
characteristics from the pair of speakers and languages [33].
Stochastic Gradient Descent (SGD) optimization is carried out
for minimizing the MSE error [34], [35]. The momentum
factor used for training the networks was 0.2. Our models

are trained for 30 epochs in all our experiments. Both the
networks were built in Keras 1 .
D. Datasets used in the proposed framework
We present our proposed framework for two tasks where the
availability of parallel corpus is not feasible: i) CLVC, and ii)
Non-parallel VC. The datasets used for CLVC experiments are
Blizzard Challenge 2010 [36] for Chinese (Chinese female)
and SLT (US female) from CMU Arctic database [31] for
English. The two languages chosen belong to diverse language
origins. The type of speech is monolingual in nature for both
the speakers; we do not have the instants where Chinese
speaker speaks English and vice versa. We divide the entire
corpus into three different sets namely: Train, Development,
and Test. A detailed description of data split for the same is
presented in Table I.
TABLE I
S UMMARY OF SPEECH SAMPLES USED FOR THE P ROPOSED M ETHOD .
Dataset
Chinese
English

Train
624 (54 Min)
1092 (54 Min)

Development
905 (1Hr:20Min)
-

Test
100(9Min)
40 (2Min)

For training the auto-encoder we consider an equal amount
of data from both the speakers to avoid any misinterpretations
that might arise due to the speaker dominance. Generated
speech (development data in stage 1) being the source in
training stage 2, we leveraged the larger database for parallel
conversion.
Under Non-parallel VC experiments, we used two unaligned
Chinese datasets. They were Blizzard Challenge 2010 [36]
(female) and THCHS30 [37] (female) released by Center for
Speech and Language Technology (CSLT), Tsinghua University. We considered THCHS30 as Target speech and Blizzard
Chinese speaker to be the Target voice. Similar to CLVC setup
we utilize equal amount of data from both the datasets in
training stage 1 and operate on larger datasets for parallel
conversion in training stage 2.
E. Feature Extraction
Throughout our experiments, we employ the WORLD
vocoder for speech signal analysis and synthesis [24]. We obtain the raw speech features: spectrum (sp) of 513 dimensions,
fundamental frequency (f0) of 1 dimension and aperiodicity
information (ap) of 513 dimensions upon WORLD analysis on
the speech samples. Speech Signal Processing Toolkit (SPTK)2
is utilized for the conversion of vocoder parameters to their
corresponding Mel Generalised Cepstral coefficients (MGCs)
of 60 dimensions, log f0 (lf0) of 1 dimension and band
aperiodicities (bap) of 5 dimensions. All the speech samples
were sampled at 16 kHz before feature extraction.
1 https://github.com/SaiSirishaR/VC

Scripts/blob/master/train DNN.py

2 https://sourceforge.net/projects/sp-tk/

F. Speech Signal Reconstruction
In the proposed framework, a frame based mapping is
carried out for MGCs using NNs. Further, the fundamental
frequency is converted using a linear transformation calculated
on the logarithmic means and variances of source and target
speakers [38]. The mathematical representation for the linear
transformation of f0 is given in Equation (8).
f 0tgt =

σtgt
∗ (f 0src − µsrc ) + µtgt
σsrc

(8)

In the above expression, σ, µ represent the standard deviation
and the mean respectively calculated on the logarithmic f0 of
source and target speaker’s speech. The band aperiodicities
(bap) of source speaker were used as is for signal reconstruction. Finally, speech was reconstructed by the WORLD
Vocoder from the vocoder parameters: spectrum (sp), frequency (f0) and aperiodicities (ap) [24].

1) MCD calculation for auto-encoder generated output:
The auto-encoded features generated through the network in
training stage 1 are evaluated under objective tests. Multiple
auto-encoder experiments were carried out to understand the
optimal number of bottleneck nodes that are suitable for the
task. We thus compute the MCD scores for each of them.
Figure 5 depicts the MCD scores calculated between the
generated and natural features. A simplified representation
for each of feature categories being compared is presented in
the Figure. We indicate generated Chinese MGCs as GC and
natural Chinese as NC. Similarly, GE for generated English
and NE for Natural English. The scores in each category are
calculated on 100 frames from each of Chinese and English
for the objective evaluation.

V. E VALUATION AND O BSERVATIONS
We perform both subjective and objective tests for the
proposed framework and baseline systems.
A. Objective Evaluation
Mel Cepstral Distortion (MCD) was considered as the
objective metric for evaluation of the systems. MCD was
obtained based on the distance between the converted and original features. Hence, lower MCD scores result in acceptable
conversion of speaker identity; the predicted features are close
to that of the target [39]. MCD scores are calculated over
the dimensions of MGCs. The mathematical representation
implemented for MCD calculation is given in the Equation
(9).
v
u 60
X
10 u
t2
(mgcp − mgc0p )2
(9)
M CD =
ln10
p=1
where MCD-Mel Cepstral Distortion, mgc-Mel Generalized
0
Cepstrum, mgc and mgc are the natural and converted feature
matrices evaluated frame-wise at pth dimension. The MCD
scores for the baseline method are provided in Table II.
TABLE II
MCD SCORES FOR THE BASELINE
System
Female-Female
Male-Male

MCD scores
4.22
4.52

MCD scores obtained from both the systems are not too
far from the target. Hence, motivated by these observations
we have carried out the frame-to-frame mapping in CLVC
experiments with the same DNN.

Fig. 5. Objective Evaluation over auto-encoded features.

We obtain unusually lower MCD scores in our proposed
method because of multiple reasons. Firstly, our model is an
auto-encoder where the input and the output nodes are fed
with the same speaker information. Secondly, the model is a
3 layered DNN trained on large amounts of data. Thirdly, the
auto-encoder is trained on data from both the speakers. As a
result, the model has learnt the common feature representation
of the speakers and their languages. From the MCD scores, we
observe that the generated MGCs of Chinese and English are
almost equidistant from each of natural Chinese and English
MGCs respectively.
B. Subjective Evaluation
The reliability of TTS and VC systems is highly dependent
on the human evaluation of generated speech. Thus, we
conduct a subjective evaluation of the proposed and baseline
systems. The systems tested were 1) baseline: female-tofemale conversion, 2) baseline: male-to-male conversion, 3)
proposed method: parallel conversion from validation data, 4)
proposed method: non-parallel conversion, and 5) proposed
method: cross-lingual conversion. We ensured that the listeners
involved in the evaluation process belonged to one or more of
these categories: speech experts, non-speech experts, native
speakers. All the subjects participated in the listening tests
were students. 10 subjects were invited for this task and were

provided with 5 examples from each of the systems built. Thus,
a total of 250 subjective scores were collected for the overall
systems built.
We conduct two different tests under subjective evaluation:
Mean Opinion Scores (MOS) test and Speaker Similarity test.
Under MOS tests, the samples have to be rated on a 5-point
scale such that 1-poor, 2-fair, 3-good, 4-very good, and 5-best.
The ratings have to be provided based on the speech quality
and naturalness upon hearing the samples. Under speaker
similarity test, the subjects rate the samples as per how close
they perceive the converted speaker’s voice to that of the target
(target voice). The rating is again on a 5-point scale with 1completely different, 2-a bit different, 3-not so close, 4-close,
and 5-very similar. The results of the MOS and similarity tests
for baseline are provided in Table III. The subjective evaluation
results for the proposed framework with 95% Confidence
intervals are presented in Figure 6. Speech samples for CLVC
experiments can be found at 3
TABLE III
S UBJECTIVE SCORES FOR THE BASELINE M ETHOD
System
Female-Female
Male-Male

MOS
3.76
3.58

Similarity
3.70
3.55

the model was trained on minimum data (compared to TTS
data). The obvious reasons are 1) use of auto-encoder in stage
1, 2) models in stages 1 and 2 worked as error reduction
networks. Hence, we assert that an error reduction network
not only improves the speech quality but also addresses the
issues associated with unaligned data sets.
VI. S UMMARY AND C ONCLUSIONS
In this work, we exploit two different variants of Neural Networks to bridge the gap between the speakers and languages
in CLVC. The auto-encoder used in the proposed framework
alleviates the challenges of a CLVC. The challenges are
addressed through i) source similarity from two monolingual
speakers speech and ii) parallel corpus generation. An autoencoder is utilized as a cepstrum generator by training the
network with both source and target’s speech in training
stage 1. The generated cepstrum has a common representation
for both the speakers and their languages. The reconstructed
speech in one language is therefore treated as a source for
parallel conversion in training stage 2. Finally, the conversion
for cross-language is performed in the target language during
the conversion stage. We also perform a non-parallel voice
conversion with the proposed framework and report that the
system is certainly capable of speaker conversion.
VII. P LAN FOR F UTURE W ORK
We further extended our experiments to Indian languages
namely, Telugu, Hindi, and Marathi. The languages we chose
differ in their family origins. We found that the conversion
between the languages Telugu (target language) and Chinese
(target speaker) had the speaker similarity to some extent
with that of the target speaker. However, the experiments with
Hindi and Marathi as the target languages did not have much
speaker similarity. This could be because of various factors
like nature of languages, their recording equipment, speakers
itself and many more. Thus, there is a wide scope to explore
different languages and speakers in the future. We also intend
to improve the performance of the existing framework with the
use of variational auto-encoders in place of auto-encoders and
leverage the variational inference in the cepstrum generation.

Fig. 6. Subjective scores of speaker similarity, naturalness and speech quality
evaluated for the proposed framework.

Both the subjective scores indicate that our proposed framework can render a good quality speech. It is also evident
that the system is capable of performing a speaker conversion
irrespective of languages. Thus, one of the approaches to
dealing with unaligned corpus in VC has been discussed.
C. Observations
From our experiments, we observe that the self-normalizing
nature of SELU units has benefited us with better feature
predictions compared to commonly preferred RELUs. We also
notice that the speech quality is highly acceptable even though
3 https://saisirishar.github.io/Cross-Lingual

Voice Conversion/
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