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Abstract
Voice conversion (VC) has drawn people’s attention for years however the current VC
systems are far from good. In this paper, we explore VC systems based on deep neural
networks. We show that most of the inter-gender generations sound muffled and do not carry
speaker-specific characteristics such as stress, accents and emotions. In our experiment, we
use a highway network as the baseline and add a discriminator to it to perform adversarial
learning. We find the adversarial part greatly boosts the quality of generations by increasing
the global variance. Further study on mel-cepstral distortions indicates that it is possible to
make improvements by learning different coefficients following an appropriate weighting
scheme.
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Introduction

Speech signals contain a great amount of information such as contexts, identities and mood. In reality, speaker
identities are important when it comes to leaving a voice message, media talks, concerts and so on. Under
those circumstances, differentiating among speakers or even generating one person’s speeches are particularly
interesting problems. Voice conversion is a technique of transferring one person’s voice style to another
person’s while preserving linguistic information. This technique is widely applied to a variety of fields
including speaker verification [3, 4, 8, 35], speaker recognition [17, 19], text-to-speech systems [14] and
speech enhancement [13, 33, 32].
Technically, voice conversion problems aim to find a good regression function which maps the source to the
target speech. A variety of statistical methods have been explored such as Gaussian mixture models (GMMs,
[26, 32, 9]), recurrent neural networks (RNNs, [23, 27]), convolutional neural networks (CNNs, [16]) and
non-negative matrix factorization (NMF, [29, 37]).
From the perspective of signal processing, speech signals are presented as a sequence of numbers ranged
from -1 to 1 and sampled in a specific rate (16 kHz in this paper). These data are in time domain and called
waveforms. These data could be further broken up into chunks in the time domain. For each chunk, the Fourier
transform is performed to calculate the magnitude of the frequency spectrum. In this way, speech signals are
presented as a sequence of spectral vectors. This time-frequency representation is called spectrogram [5], in
which phones and their properties are better observed. Additionally, the peak of the spectrums in each chunk,
called formants, carry the information of the identity of the sound and constitute spectral envelopes. Spectral
envelopes are extracted by inverse Fourier transforms, in which way Cepstrums are constructed. The cepstral
coefficients from inverse Fourier transforms are referred to as Mel-Frequencies cepstral coefficients, denoted
by MFCC. Also perceptual experiments indicate human ear concentrates more on lower frequency regions.
MFCC is a powerful tool for speech recognition purpose.
This paper is organized as follows. In Section 2 we review related work of deep neural networks on voice
conversion directly from extracted features. Based on the model that provides the best quality, in Section 3 we
modify its architecture and describe the whole pipeline. In Section 4, we describe the experimental setups and
evaluate the results. In Section 5 we talk about the lessons we learned and summarize our work in Section 6.
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