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Abstract
The goal of voice conversion (VC) is to convert speech from a source speaker to that of a target, without chang-
ing phonetic contents. VC usually relies on parallel data for training, which limits its practical applications.
Existing approaches are also limited in handling multiple speakers, since different models should be built inde-
pendently for every speaker pair. To tackle that, a variant of Generative Adversarial Network (StarGAN-VC)
were introduced that allows many-to-many mapping instead of learning all the pairwise transformations. More-
over, StarGAN-VC can handle non-parallel data, i.e., speakers do not need to utter the same sentences. In this
paper, we suggest an algorithmic variation of StarGAN training where suitable weights are introduced. Weights
which modify the Generator’s gradient value aim to put more power to fake samples that fool the Discriminator.
The suggested algorithm results in a stronger Generator. We refer to this variation as weighted-StarGAN (weS-
tarGAN). In weStarGAN, the convergence of the training performance is accelerated. More importantly, the
proposed algorithm achieves significant improvement against baseline StarGAN-VC concerning speech subjec-
tive quality for both speech quality and speaker similarity.
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1 INTRODUCTION
Voice conversion (VC) modifies the para/non-linguistic information contained in the speech uttered by a source
speaker, while keeping the linguistic contents unchanged. Statistical approaches like Gaussian mixture model
(GMM) [1] and joint density GMM (JD-GMM) [2] were among the first successful attempts. Over the time,
several non-linear spectral mapping techniques based on restricted Boltzmann machine (RBM) [3], feed-forward
deep neural networks (DNNs) [4] and recurrent DNNs [5] were also proposed. Significant improvements have
been witnessed following the introduction of generative adversarial networks (GANs). A variation of GANs
named cycle-consistent GAN (CycleGAN) was presented in [6]. CycleGAN is designed to learn forward and
inverse mappings simultaneously using both an adversarial loss and a cycle-consistency loss. One of the draw-
back of CycleGAN-VC is the ability to learns only one-to-one mappings. To resolve this issue, Star generative
adversarial network based VC (StarGAN-VC) was recently introduced [7] which was originally proposed as a
method for simultaneously learning images among multiple domains [8].
This paper extends the work of StarGAN-VC and proposes a novel training algorithm inspired by the Weighted
GAN (WeGAN) [9]. Furthermore, to increase the stability in the existing StarGAN-VC, Wasserstein GANs with
gradient penalty (WGAN-GP) is implemented [10]. The proposed Weighted StarGAN (WeStarGAN) approach
introduces an effective weight factor for each sample in WGAN-GP. The new algorithm puts more weight to
generated samples whose data distribution is closer to the real speech distribution. Such samples are more
likely to fool the Discriminator. Simultaneously, it reduces the weights of generated speech samples that are
confidently discriminated as fake speech. By doing so, WeStarGAN enhances the robustness of the weak Gen-
erator by adding weights to the training process and the Generator is able to improve source to target speech
conversion by generating good quality target speech samples.
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2 WEIGHTED STARGAN
In conventional StarGAN, the Generator G converts the attribute of source x speaker domain into target y
speaker domain conditioned on the target domain label c, y′ = G(x,c). Here, x and y are the acoustic feature
sequences of speech belonging to attribute domains source and target speakers, respectively. The Discriminator
learns to distinguish between real and fake speech samples, while the Generator learns to generate fake speech
that are indistinguishable from real speech samples. An auxiliary classifier is also introduced that allows the
Discriminator to control multiple domains. Fig. 1 illustrates the training process of StarGAN-VC approach.
During the training of weStarGAN-VC using the stochastic grandient descend algorithm, a weight is multiplied
to the Discriminator output provided with fake speech samples. Therefore, instead of equally-weighted ’fake’
samples, weights are introduced in the Generator objective function while optimizing using two-player minimax
game. The proper weights for WeStarGAN’s Generator are defined by

wi = eηmin(0,D̄i)

where η corresponds to the factor of the weight values empirically set to η=0.1. The value D̄i is calculated
from the output of the Discriminator D(G(xi,c)) after rescaling and mean value-subtraction. The weights are
designed to impose more strength to samples that fool the Discriminator and thus are closer to the real data.
Intuitively, the weighted algorithm puts more weight to fake target speaker’s samples that are more probable to
look alike source speaker’s sample and simultaneously reduces the weight of speech samples that are confidently
discriminated as fake.
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Figure 1. Overview of StarGAN-VC, consisting of two modules, a Discriminator D and a Generator G. The weights are only
introduced during the training optimization process.

3 SUBJECTIVE EVALUATION
To assess the performance based on subjective evaluation experiments, we conducted listening tests for the
naturalness or speech quality and speaker similarity of the converted speech to the target speech. Our proposed
WeStarGAN-VC were compared against baseline StarGAN-VC architecture. Two separate listening tests are
reported, ’ABX’ and ’AB’ test. In the ’ABX’ test, experimental subjects have to decide whether a given
sentence ’X’ is closer in speaker similarity to one of a pair of sentences ’A’ and ’B’, which are converted
speech samples obtained with the proposed and baseline methods, not necessarily in that order. Whereas, the
’AB’ test compares the speech quality or naturalness of the converted speech. Fifteen native and non-native
English listeners participated in our listening tests. For speaker similarity, the proposed method performs better
with 65% preference whereas 17% preferences are given to ’No preference’ option which indicates similar
speaker characteristics in the speech samples generated using both the approaches. Moreover, WeStarGAN
significantly outperforms baseline in generating good speech quality with 75% preference.
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