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ABSTRACT

Any-to-any voice conversion problem aims to convert voices
for source and target speakers, which are out of the train-
ing data. Previous works wildly utilize the disentangle-based
models. The disentangle-based model assumes the speech
consists of content and speaker style information and aims to
untangle them to change the style information for conversion.
Previous works focus on reducing the dimension of speech to
get the content information. But the size is hard to determine
to lead to the untangle overlapping problem. We propose
the Disentangled Representation Voice Conversion (DRVC)
model to address the issue. DRVC model is an end-to-end
self-supervised model consisting of the content encoder, tim-
bre encoder, and generator. Instead of the previous work for
reducing speech size to get content, we propose a cycle for re-
stricting the disentanglement by the Cycle Reconstruct Loss
and Same Loss. The experiments show there is an improve-
ment for converted speech on quality and voice similarity.

Index Terms— Yoice conversion, Any-to-any, Low re-
source, Self-supervised, Zero-shot

1. INTRODUCTION

Voice conversion (VC) aims to generate a new voice with the
source voice content and target speaker timbre [1} 2} |3} i4].
VC models can be roughly named as multiple; -to-multiples
models, with multiple;, multiples € {one,many,any},
the multiple;, multiples represents the source speakers and
the target speakers, respectively. One means the speaker is
fixed, whether the training or inferring process. Many and
any represents the speaker is seen or unseen in the training
process, respectively.

One-to-one VC model is inefficient due to only being able
to convert voice between a fixed pair of source speaker and
target speaker, such as the CycleGAN-VC [ |6} [7]. Even
though the any-to-one and many-to-one can work in uncertain
source speaker|[8]], but the target speaker is also fixed. For VC
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models with uncertain speaker pair, such as many-to-many [9}
10] and any-to-any [11]], widely utilize the disentanglement-
based method. Disentanglement-based models assume that
the speech consists of the content and speaker style informa-
tion. They aim to split the two pieces of information from
speeches and exchange the content to achieve the conversion
task. But the challenge is to avoid the overlapping of untan-
gling results [12} [13]. AutoVC proposes to circumspection
choose the content dimension to separate the content infor-
mation before combining it with the pre-trained speaker in-
formation [14]. But it is hard to determine the number of
reduced sizes to avoid residual the source speaker informa-
tion or loss of the content. The similar problem also exists in
VQVC+, which proposes to use a codebook to obtain the con-
tent information by combining similar dimensions [[15]. The
suitable codebook size is the key factor to get mostly content
information without speakers’ influence.

The image-to-image (I2I) task aims to convert the target
image style to the source image. Disentangled Representa-
tion for Image-to-Image Translation (DRIT) assumes image
consists of content and attribute information, and two input
images have same content [16]. Besides, it novelty utilizes
double exchange process for changing the content informa-
tion, one for synthesis new image, one for reconstructing im-
age, to reduce the overlapping of disentanglement.

Inspired by the double exchange process of DRIT, we pro-
pose to use the process to address the untangle overlapping
problem without circumspection choose the content size. The
proposed end-to-end framework is Disentangled Representa-
tion Voice Conversion (DRVC). Comparing to DRIT, we be-
lieve neither of the content or style information is the same
between the input speeches. Furthermore, we design a cycle
framework for the double exchange of the style information
with cycle loss and two discriminators. We experiment with
the model on VCC2018, both the subjective and objective re-
sults show our model has better performance.

2. PROPOSED MODEL

In this section, we will introduce the proposed Disentangled
Representation Voice Conversion (DRVC). The proposed ar-
chitecture for voice conversion is shown in Fig[l]
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Fig. 1. Architecture of the Disentangled Representation Voice
Conversion (DRVC) model.

2.1. Overall Architecture

The proposed DRVC model consists the content encoder
FEcon, speaker style encoders Eg, generators GG, voice dis-
criminator D,,, and domain classifier Dg. Take the target
mel-spectrogram B as an example, the content encoder
Ec,n, map the melspectrogram into content representation
(Fcon : B — Cp) and the timbre encoder Fs map the
mel-spectrogram into timbre representation (Es : B — Sg).
The content encoder and generator structure are the same,
which consists of three CNN layers with the head and the
tail by LSTM layer. We utilize the AdaIN-VC model speaker
encoder [[17] as the style encoder. The voice discriminator D,
aims to distinguish the input voice is real or synthesis voice.
The domain classifier Dg aims to identify the embedding
speaker style information belongs which speaker. The voice
discriminator and domain classifier are multilayer perceptron
with two hidden layer. As the voice conversion target, the
generator GG synthesize the voice conditioned on both content
and timbre vectors (G : [Cy4, Sg] — B).

2.2. Disentangle Content and Style Representations

We assume two input voices, a and b, are spoken by two
speakers, A and B. We define the speaker A is source speaker,
which provide the content for converted speech. And the style
information of converted speech is given by speaker B, who
is the target speaker.

The proposed DRVC model embeds input voice melspec-
trograms onto specific content spaces, C4, C'g, and specific
style spaces, S4, Sp. It means the content encoder embeds
the content information from input speeches, and the timbre
encoders should map the voices to the specific style informa-
tion.

{ac,as} ={Econ(a),Es(a)}, ac € Ca,as € Sa

1
{bc,bs} = {Econ(b),Es(b)}, bc € Cp,bs € Sp )

where, a and b represent the input source voice mel-spectrogram
and target voice mel-spectrogram, respectively.

We apply two strategies to achieve representation disen-
tanglement and avoid the overlapping problem: same em-
bedding losses and a domain discriminator. The content and
speaker style information should be unaltered regardless of
the embedding process and input speeches.

Egzme - EHG/S - a~S|] 2

“CLC - a’CH sa’me -

where, £LSn L5 are the same loss of content and style
information, n € {a, b} represents the source and target do-
mains, respectively. And, ac and ag means the content and
style information after second conversion, respectively. For
sum of content same loss, £S,,,,. = Zi £ ., and sum of

Z L . The total same loss is

same
style same loss, £,
Esame ‘ngme + ‘Cfame'
The domain classifier D,, aims to identify input style hid-
den vector belongs to which speaker.
a = Dv (CL

s), pb = Dy(bg) 3)

Zya )log(pal(i

where, y is the real target, p is the predlcted target.

)+ Zyb(z log(ps(i))) (4)

ﬁdomain = -

2.3. Cycle Loss

The proposed model performs voice conversion by combin-
ing the source voice content ac and the target voice timbre
bs. Similar to the CycleGAN-VC, we propose to use a cycle
process (i.e., B — A = B) to train the generator G. And we
will exchange the timbre and content information twice. Fur-
thermore, we use a cross-cycle consistency as a loss function
‘Ccycle'

First conversion. Given a non-corresponding pair of
voices’ mel-spectrogram a and b, we have the content infor-
mation {ac,be}, and style information {ag,bs}. Then
we exchange the style information {as, bs} to generate the
{a,b}, where @ € Target domain,b € Source domain.

®)

Second conversion. To encode the b and @ into {bc, l:;s}
and {@c,as}, we swap the style information {as,bs}
again to converse the generated voices from first instance.

a = G(ac, bs) ©)
b= G(bc,as)

After the two stages conversion, the output a and b should
be the reconstruct of the input a and b. In other words, the best
target of the relation between the input and output is ¢ = a



and b = b. We use the cross-cycle consistency 10ss L.ross to
enforce this constraint.

Leyere = Bap[||G(Econ(a), Es(b)) — ally o
+||G(ECon(l~))a ES(EL)) - b”ﬂ

Furthermore, to avoid the generator over-fitting, we pro-
pose an identity loss. Identity loss aims to restrict the gen-
erator synthesize original speech when inputting the original
speech content and style information.

Lia = Eap[[|G(Econ(a), Es(a)) — allx ®)
+HG(ECon(b)’ ES(b)) - b||1]

2.4. Adversarial Loss

Inspired by the GAN, we utilize an adversarial loss L4, to
enforce the generated speech to be sound like natural speech.

We train the voice discriminator by directly input the real
voice {a,b} and synthesis speeches {@,b}. We set the syn-
thesis speech is fake, and natural speech is real. Besides, we
add a Gradient Reversal Layer in the discriminator.

F(g52) = ~A(a8 + Goc) ©)

where, F'(-) is the mapping function of gradient reversal layer,

A is the weight adjustment parameters, 6 is the parameter of

the generator. And, Lg, LF are the classification loss of real

and fake, respectively. R represents real, and F' means fake.
The adversarial loss £,y 1S,

Ladv = Epap(a)[logDs(a)] + Eppa)llogDs(a)]
+Erp(v)[l0gDs ()] + B3 [l0g D (D))

where, real A speech a, real B speech b, fake A speech a, and
fake B speech b are trained the discriminator.
The full objective function of the DRVC is:

Erzll = Acycleﬁcycle + /\idﬁid + )\S‘cadv

+Adomain£domain + )\same‘csame

an

where, the L; is the total loss of this framework. The Ay cie,
Aids ASs Adomain and Agqme represent the weight of each loss.

3. EXPERIMENTS

3.1. Dataset

We conduct experiments on the VCC2018 dataset [[L8]], which
professional US English speakers record. There are four fe-
males and four males voices as sources, and two females
and two males voices as targets. Each speaker speeches are
divided into 35 sentences for evaluation and 81 sentences for
training. All speech data is sampling at 22050 Hz. We uti-
lize all speakers except VCC2SF3, VCC2TF1, VCC2SM3,
and VCC2TMI1 speakers to train the DRVC model. The

remain speakers is used to test the model performance on
any-to-any phase. Besides, we choose VCC2SF4, VCC2TF2,
VCC2SM4, and VCC2TM2 speakers to test for many-to-
many phase.

3.2. Model Configuration

Our proposed model was trained on a single NVIDIA V100
GPU. We set that the Acycte = 5, Mg = 2, Ag = 1,
Adomain = 10 and Aggme = H0. Meanwhile, the decay
of the learning rate is pointed at 5 x 10~6 every epoch. Fol-
lowing [35], we gradually changed the parameter A\ ==
m — 1 in speaker classifier, where £ is the percent-
age of the training process. We utilize the Adam optimizer
with 81 = 0.9, B = 0.99, € = 10~°. Besides, we utilize the
Mel-GAN as the vocoder.

We utilize the offical codes of AutoVC [[14], VQVC+ [13],
and AGAIN-VC [19] as the baselines. We strict follow the
instruction of the provided codes by the authors and use the
same training and testing database with us.

3.3. Subjective Evaluation Setting

We set two experiments. The first one aims to evaluate
the model any-to-any performance. There are four sub-
tests, Female to Female (VCC2SF3-VCC2TF1), Female to
male (VCC2SF3-VCC2TM1), Male to Female (VCC2SM3-
VCC2TF1), and Male to Male (VCC2SM3-VCC2TMI).
The second aims to test the model on many-to-many phase.
The test includes Female to Female (VCC2SF4-VCC2TFE2),
Female to male (VCC2SF4-VCC2TM?2), Male to Female
(VCC2SM4-VCC2TF2), and Male to Male (VCC2SM4-
VCC2TM2). We evaluate the synthetic voice performance by
using the Mel-cepstral distortion (MCD) [20]]. Besides, we
also set a subject evaluation tests for Voice Similarity (VSS)
and the speech quality on Mean Opinion Score (MOS).

Both MOS and VSS are obtained by asking 30 people
with an equal number of gender to rate the output audio
clips. About the knowledge background, testers have dif-
ferent knowledge fields, such as Computer Vision, Human
Resources, Psychology, etc. Listeners can give zero to five
marks to show how they feel the voice is clear (five means
the best) on the MOS. On the VSS test, listeners need to fill
the blank to choose one of the most similar synthesis voices
to real or choose none of them is similar.

3.4. Result and Discussion

Table [1] shows different models” MCD and MOS results on
both any-to-any and many-to-many phases. Table[2]shows the
ablation experiments result for the proposed model. Figure 2]
shows different models’ voice similarity result.

Overall result Both subjective and objective shows the
proposed model achieves better performance. Our model av-
erage improves by about 0.4 marks in MOS and 0.05 marks



Table 1. Comparison of different models in any-to-any and
many-to-many. |} means lower score is better, and {} means
bigger score is better.

Methods Any-to-Any Many-to-Many
MCD | MOSH MCDY MOSH
Real - 4.65 +0.12 - 4.66 +0.21
VQVC+ 747+0.07 252+£042 7.78+0.07 2.62+0.22
AutoVC 7.69+021 295+056 7.61+0.17 3.17 +£0.65
AGAIN-VC 742+0.19 2454034 7.64£021 2471058
DRVC 7.39+0.05 332+036 7.59+0.04 3.51+0.52
mAutoVC mVQVC+ ®AGAIN-VC =DRVC = Fair
Inter-gender |
Intra-gender [
Overall [l H
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
(a) Any-to-any phase
H AutoVC VQVC+ AGAIN-VC DRVC ®Fair
Inter-gender [N
Intra-gender [ |
oOverall [ H

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

(b) Many-to-many phase

Fig. 2. Comparison of voice similarity on different models

on MCD. In inter-gender voice conversion, the performance
of DRVC is similar to the AGAIN-VC. Also, the MCD results
prove AGAIN-VC and MCD have close performance. But the
proposed model also gets a little better improvement on intra-
gender voice conversion. Figure 2] shows the proposed model
has much better performance. Because most of the listeners
believe the synthesis speeches made by DRVC are similar to
the target speeches. Table [I] shows the performance of the
baselines is lower than the previously reported. The previous
works are trained based on the VCTK database, including 109
speakers and hundreds of utterances [21]. But the VCC2018
only consists of eight speakers and 116 utterances per speaker
is much smaller than the VCTK. In other words, the utilized
database is a low-resource situation. It is why the baselines
are low-performance than their reports.

Any-to-Any Figure 2] and Table [I] show the proposed
method has outhperformance on all the three evaluation met-
rics. Especially, in the intra-gender experiments, most of
the listeners believe the synthesis speeches by the proposed
model are closly to the orginal speeches.

Many-to-Many Figure [2] shows all of these models have
a better performance on the many-to-many phase. Because
the target speaker is already seen in the training process, it
will be easy to synthesize speech. However, the many-to-
many MCD result is better than any-to-any. Due to the MCD
calculates the differences on two mel-spectrograms and mel-

Table 2. Ablation experiments on the proposed model. |
means lower score is better.

Model MCDJ{
DRVC w/o Cycle Loss 7.68 + 0.26
DRVC w/o Identity Loss 7.63 £0.14
DRVC w/o Domain Loss 7.72 £ 0.12
DRVC w/o Voice Same Loss 7.75 £0.32
DRVC w/o Content Same Loss ~ 7.50 4+ 0.32
DRVC w/o Adversarial Loss 7.72 £ 0.35
DRVC 7.39 + 0.05

spectrograms can not represent the voice naturalness. It may
have different evaluation results. The MOS test shows the
many-to-many has better performance. Besides, the proposed
model has a bigger ratio on any-to-any in VSS evaluation. But
it not represents the proposed model worse in the many-to-
many phase. Due to all methods are improved, respondents
may have disagreements. The number of respondents who
chose baseline is increasing. Even though the disagreement
exists, the proposed model also has a little better performance
on the many-to-many phase.

Ablation experiments We set the ablation experiments
to compare the MCD results by removing the used loss func-
tions in DRVC. Table2shows to utilize the full loss functions
is much better than delete any one of them. Besides, as ex-
pected to remove the Domain Loss or Voice Same Loss pose
the highest MCD result. Because the group of Domain Loss
and Voice Same Loss is used to restrict the speeches with the
same speaker have the same disentanglement results. The in-
teresting finding is when removing the adversarial loss also
leads to the high MCD problem. The reason is the synthesis
speech without the adversarial loss restriction is unnatural.
These speeches may have more different frames than natural
speeches. The sounds of synthesis audio prove this reason
which is the most unnatural of these experiments.

4. CONCLUSION

We propose the Disentanglement Representative Voice Con-
version (DRVC) framework to address the disentanglement
overlapping problem and avoid subjectively choosing the con-
tent size. DRVC uses a cycle process, and a series of un-
tangling loss functions to restrict the content and style infor-
mation is non-overlapping. The experiment results with the
VCC2018 dataset demonstrate that DRVC better performance
on MOS and MCD.
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