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Voice Conversion

Voice conversion framework.

GMM  CNN

 GANs  VAEs

 WaveNet WaveRNN
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dipjyotipaul@csd.uoc.gr Neural based Voice Conversion 3/41



Outline of the talk Introduction to VC Neural Voice Conversion TTS to VC References THANK YOU

Sequence based VC

The proposed method uses Gated CNN to model long-term
dependencies [Kaneko et. al. 2017].

Training with fixed length of sequence.

Inference with arbitrary length of sequence.
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Sequence based VC

This method uses Bi-Directional LSTM which considers
inter-frame correlation [Sun et. al. 2015].
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Variational Autoencoder (VAE)-VC

The core of VAE-VC is an encoder-decoder network.

During training, given an observed (source or target) spectral
frame x, a speaker-independent encoder Eω with parameter
set ω encodes x into a latent code:

ẑ = Eω(x)

The speaker code ŷ of the input frame is then concatenated
with the latent code, and passed to a conditional decoder Gε

with parameter set ε to reconstruct the input.

x̂ = Gε(ẑ, ŷ) = Gε(Eω(x), ŷ)
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x̂ = Gε(ẑ, ŷ) = Gε(Eω(x), ŷ)

dipjyotipaul@csd.uoc.gr Neural based Voice Conversion 6/41



Outline of the talk Introduction to VC Neural Voice Conversion TTS to VC References THANK YOU

VAE-VC

This framework is based on variational auto-encoder which
exploits non-parallel corpora. [Hsu et. al. 2016]
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VAE-VC

The final approximated objective function of an individual
frame:

L(ω,ε; xn) = →DKL(qε(zn|xn)||p(zn))+Eqω(zn|xn)[logpω(xn|zn, ŷn)]

where, qε(.) is the variational posterior.
p(.) is the true posterior.
DKL(.||.) is the Kullback-Leibler divergence (KLD) of the
approximate from the true posterior.

Training is equivalent to iteratively finding the parameters
that maximize the variational lower bound:

{ω→,ε→} = argmaxω,εL(ω,ε;X)
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Intuitions about Regularization
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Intuitions about Regularization
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Vector Quantization VAE (VQ-VAE) VC

Directly encodes speech waveform into a discrete symbol
sequence capturing long-term dependencies. [Van den Oord
et. al. 2017]
The posterior and prior distributions are categorical
The samples drawn from these distributions index an
embedding table. These embeddings are then used as input
into the decoder network.
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VQ-VAE VC

Extract discrete symbol sequences as speaker independent
contextual features.
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Phoneme Posteriogram VC

Extract phoneme posteriorgram (PPG) as speaker
independent contextual features. [Sun et. al. 2016]
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Phoneme Posteriogram VC

PPG representation of the spoken phrase “particular case”.
The horizontal axis (time in seconds), the vertical (indices of
phonetic classes). The number of senones is 131. Darker
shade implies a higher posterior probability.
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WaveNet Vocoder in VAE-VC

A general framework of WaveNet vocoder in voice conversion.
[Huang et. al. 2019]

WaveNet

Converted 
waveform
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WaveNet Vocoder in VAE-VC

Training and Inference
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Jointly Trained Conversion Model and
Vocoder

The proposed model jointly trains a conversion model that
maps phonetic posteriorgrams (PPGs) to Mel-spectrograms
and a WaveNet vocoder. [Liu et. al. 2019]
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GAN Formulation

An adversarial process which simultaneously trains two
models: a generative model G that captures the data
distribution, and a discriminative model D that estimates the
probability that a sample came from the training data rather
than G. [Goodfellow et. al. 2017]
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Discriminator (D) Training
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Generator (G) Training
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Mathematical Notations
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Learning GANs
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GAN-based VC

Training and gradients for updating the discriminator and
Generator. ADV is adversarial loss and MGE refers to
minimum genration loss. [Saito et. al. 2018]
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CycleGAN Voice Conversion

A non-parallel voice-conversion (VC) method that can learn a
mapping from source to target speech without relying on
parallel data. [Kaneko et. al. 2018]

Forward and inverse mappings are simultaneously learned
using an adversarial loss and cycle-consistency loss.

Important losses are introduced:
Adversarial loss
Cycle-consistency loss
Identity-mapping loss
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CycleGAN losses

The model learns mapping from source x to target y and vice
verse.

Adversarial loss Adversarial loss
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CycleGAN losses

Two mapping function (Adversarial loss): G and F .

G : X ↑ Y and F : Y ↑ X

Cycle-consistency loss:
Forward: x ↑ G (x) ↑ F (G (x)) ↑ x̂
Backward: y ↑ F (y) ↑ G (F (x)) ↑ ŷ

Adversarial loss + Cycle-consistency loss

Ladv (GX↑Y ,DY )+Ladv (GY↑X ,DX )+ϑcycleLcycle(GX↑Y ,GY↑X )
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CycleGAN losses

Adversarial loss:

Ladv (GX↑Y ,DY ) = Ey↓PData(y)
[logDY (y)]

+ Ex↓PData(x)
[log(1→ DY (GX↑Y (x)))]

Cycle-consistency loss:

Lcycle(GX↑Y ,GY↑X ) = Ex↓PData(x)
(↓GY↑X (GX↑Y (x))→x↓1)

+ Ey↓PData(y)
(↓GX↑Y (GY↑X (y))→ y↓1)
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CycleGAN losses

Identity-mapping loss:
To encourage linguistic-information preservation, an
identity-mapping loss is implemented.

It encourages the generator to find the mapping that preserves
composition between the input and output.

Lid(GX↑Y ,GY↑X ) = Ey↓PData(y)
(↓GX↑Y (y)→ y↓1)

+ Ex↓PData(x)
(↓GY↑X (x)→ x↓1)
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CycleGAN Architecture

The model architecture.
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Masked CycleGAN VC

It is trained using a novel auxiliary task called filling in frames.

A temporal mask to the input mel-spectrogram and encourage
the converter to fill in missing frames.

Allows the converter to learn time-frequency structures in a
self-supervised manner. [Kaneko et. al. 2021]
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StarGAN VC

A non-parallel many-to-many voice conversion.
Generator (G ) takes an acoustic feature with an attribute c as
the inputs and generates an acoustic feature sequence
ŷ = G (x , c).
Discriminator (D) is designed to produce a probability D(y , c)
that an input y is a real speech feature. [Kameoka et. al.
2018]

CycleGAN StarGAN
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StarGAN Losses

The full objectives of StarGAN-VC to be minimized with
respect to G, D and C are

Generator loss:

Ladv (G ) + ϑclsLcls(G ) + ϑcycLcyc(G ) + ϑidLid(G )

Discriminator loss
Ladv (D)

Classifier loss
Lcls(C )
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zero-shot/few-shot VC

The target speaker is unseen (zero-shot) during training or a
very limited set of samples are available (few-shot).

An universal embedding vector is used to represent speaker id.

The idea is to represent any arbitrary unseen speaker ID with
an embedding vector.

Such embedding vector represents unseen speaker’s timbre
and would be a weighted combination of the timbres the
speakers seen in the dataset. [Wang et. al. 2020]
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zero-shot StarGAN VC

Illustration of our proposed StarGAN framework.
EID(.) represents the embedding ID of a speaker.
X → and Y → refer to the features reconstructed through G with
embedded ID EID(X ) and EID(Y ) respectively.
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Text-to-Speech Synthesis to Voice Conversion

VC framework by learning from a TTS synthesis system.
The decoder is condition on a speaker embedding, becoming
any-to-any VC.
XT denotes the input text, YS and ŶS are target melspecs
and the melspecs generated by the pipelines; OT denotes the
text encoding, HT denotes the context vectors from TTS
pipeline, HS denotes the context vectors equivalents from the
VC pipeline. [Zhang et. al. 2021]

dipjyotipaul@csd.uoc.gr Neural based Voice Conversion 35/41



Outline of the talk Introduction to VC Neural Voice Conversion TTS to VC References THANK YOU

Multi-Speaker Multi-Style TTS

To generalize the models with multiple speakers and multiple
styles using just the reconstruction loss, performance
unfortunately deteriorates.

Leaking content information into the style embeddings
(“content leakage”) and leaking speaker information into style
embeddings (“style leakage”).

Minimizes the Reyni Diverence Disentagle Representation
(RDDR) between the joint distribution and the product of
marginals for the content-style and style-speaker pairs.

Training is conducted on non-parallel data and generates
voices in an unsupervised manner, i.e., neither style
annotation nor speaker label are required. [Paul et. al. 2021]
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Multi-Speaker Multi-Style TTS
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Multi-Speaker Multi-Style TTS
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