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ABSTRACT
Voice conversion as the style transfer task applied to speech, refers
to converting one person’s speech into a new speech that sounds
like another person’s. Up to now, there has been a lot of research
devoted to better implementation of VC tasks. However, a good
voice conversion model should not only match the timbre informa-
tion of the target speaker, but also expressive information such as
prosody, pace, pause, etc. In this context, prosody modeling is cru-
cial for achieving expressive voice conversion that sounds natural
and convincing. Unfortunately, prosody modeling is important but
challenging, especially without text transcriptions. In this paper, we
firstly propose a novel voice conversion framework named ‘PMVC’,
which effectively separates and models the content, timbre, and
prosodic information from the speech without text transcriptions.
Specially, we introduce a new speech augmentation algorithm for
robust prosody extraction. And building upon this, mask and pre-
dict mechanism is applied in the disentanglement of prosody and
content information. The experimental results on the AIShell-3
corpus supports our improvement of naturalness and similarity of
converted speech.
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1 INTRODUCTION
Voice Conversion(VC), also called voice style transfer, aims to mod-
ify the voice characteristic of the source speech to convert one
speaker’s voice to generate a new target speech as it is said by
another people. It covers a wide range of applications like intelli-
gent security products and aids. So far, many algorithms have made
much progress in VC successfully [1, 8, 9, 23, 37]. One of the most
popular methods is to achieve VC tasks by separating the content
and timbre information of speech to learn the disentangled speech
representations [1, 4, 15, 29]. Specifically, these algorithms usually
follow the autoencoder framework, and the encoder is trained to
learn to represent content information and the timbre information,
respectively. At the same time, a decoder is trained to output a nat-
ural speech from given content and timbre representations. With
the pretrained autoencoder, we only need to replace the timbre
representations of the source speech with that of the target speech
before fed into decoder to generate the converted result.

Although these algorithms can easily implement VC tasks, few
of them can convert all voice characteristics as expected [16], such
as the prosodic information. In fact, with previous algorithms,
we can observe that almost all converted speech have the same
pace, pause, and pitch contour shape as the source speech no
matter what these voice characteristics of the target speech. In
other words, previous methods convert only timbre, not all voice
characteristics. Nowadays, VC not only demands high naturalness
but also requires sufficient expressiveness in various scenarios,
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such as automatic movie dubbing with emotional conversations.
Hence, with the advancement of deep learning, prosody modeling
for expressive voice conversion has gradually attracted more and
more attention [18, 19, 34, 35]. Its introduction greatly enriches
the diversity and expressiveness of converted speech. Integrating
prosody modeling into VC models provides basic framework for
fine-tunning to carry out downstream tasks like emotional speech
processing [25, 27]. Specifically, a speech can be roughly decom-
posed into three components: the content information, which char-
acterizes the phoneme and linguistic information; The timbre infor-
mation, which is closely related to the speaker identity; Besides, the
pace, pause and rhythm of a speech, which we call all of them the
prosodic information. Obviously, in order to improve the expres-
siveness of voice conversion, compared with the simple division
of speaker-independent and speaker-related information, we need
to further model the content, timbre, and prosodic information,
respectively.

In this paper, we introduce data augmented-based Prosody Mod-
eling Voice Conversion (PMVC) model, which performs expressive
voice conversion based on a novel speech augmentation algorithm.
PMVC utilizes adaptive instance normalization in its encoder to
eliminate the global static information from the speech. In addition,
some information-theory-guided approaches are used to model
the disentangled linguistic and prosodic features efficiently. Unlike
many other previous models, PMVC models the prosody features
without any text transcriptions. It significantly simplifies the com-
plexity of the model and allows the prosody representation to con-
tain richer information about the expressiveness of the phoneme
rather than just the phoneme duration.

2 RELATEDWORK
2.1 Voice Conversion
Voice conversion (VC) is a task that aims to transfer speaking style
of input speech while preserving content information. GAN-based
methods [10, 11] are employed to perform VC task with advantages
of high efficiency and diversity. Speaking style is regarded as a
condition and injected into generation process. However, such
training process lacks of controllability.

Hence, disentanglement based VC methods have aroused peo-
ple’s attention. Qian et. al. first proposed AutoVC [20], by apply-
ing the bottleneck structure, AutoVC can force the encoder to dis-
card some information of the input speech to learn the disentan-
gled content representation. Vector quantization (VQ) based meth-
ods [24, 28] and adversarial training based methods [26] are also
introduced for better disentanglement. Then Studies have been
conducted to explore more voice characteristics for expressiveness,
such as prosody.

2.2 Prosody Modeling
Proosdy modeling is crucial yet challenging. The causes of this
complexity are multifaceted, and one critical reason is the difficulty
in completely eliminating prosodic information from the source
speech. As [36] said, prosodic features are often closely associ-
ated with phonemes, so it is difficult to separate them and model
them individually. Currently, prosody modeling methods are pre-
dominantly present in expressive text-to-speech (TTS) systems.

Previous work [22] introduced a Tacotron-based method capable
of disentangling prosody from speech content. Mellotron [31] fur-
ther extracts different aspects of the prosodic information. Besides,
CHiVE [12] is also proposed to extract and learn prosody features
for expressive TTS. Recently, prosody modeling is also applied to
VC tasks. Parrotron [2] extract prosodic information by encourag-
ing the latent code to be the same as the phoneme embeddings,
IQDUBBING [5] use a prosody extracter and two prosody filter
to extract the prosodic features. However, all of the above meth-
ods require text transcriptions. Of course, with text transcriptions,
prosody modeling can be easier, but it also limits their ability to
scale to those speech corpus that don’t have text transcriptions.

To further improve the expressiveness of VC, SpeechFlow [18]
achieves the disentanglement of the voice characteristics like con-
tent, timbre, rhythm and pitch information from the input speech.
Besides, by defining prosodic information as the duration of a
phoneme, AutoPST [19] achieves the global rhythm transfer with-
out any text transcriptions. Both SpeechFlow and AutoPST necessi-
tate imposing stringent constraints on the dimensions of the latent
embedding to achieve a proper balance between timbre disentangle-
ment and intelligibility. It’s related to the final quality of conversion
and poses challenges for direct application to other datasets.

To issue this problem, in this paper, we first discard the bottleneck
structure. At the same time, we introduce the Instance Normaliza-
tion layer to achieve a similar function of filtering timbre informa-
tion. In fact, previous studies have shown that Instance normaliza-
tion(IN) can eliminate the speaker information without introducing
any information bottleneck structure [30, 33]. Recently, INVC [3]
separated the speaker and content representations by applying the
adaptive instance normalization. However, as we said before, IN
just eliminates the global timbre information, and the time-variant
representations still contain the phoneme and prosodic information.
We still need an effective method to extract the prosodic features
from the content representations.

Inspired by [24], we proposed a new method that utilizes con-
trastive learning to disentangle the content embeddings and the
prosody embeddings from the time-variant representations. In order
to implement this method, we need to first construct the augmented
speech of the original speech.

3 PROPOSED METHODS
As depicted in Figure 1(a), the framework of PMVC includes three
main modules. The first one is a feature encoder 𝐸, responsible
for the extraction of content feature 𝑪 and the prosody feature 𝑷
from the input speech 𝑿 . 𝐼𝑁 in 𝐸 means Instance Normalization,
and it can remove the global static information from 𝑿 . Instead, a
pretrained speaker encoder 𝐸𝑠 is introduced to provide the speaker
embedding 𝑺 . With the disentangled content embedding, prosody
embedding, and the speaker embedding, a decoder 𝐷 is trained to
output a natural reconstructed speech 𝑿 ′.

3.1 Stretching Audio Time Series Strategy
In this paper, the spectrogram of the original audio time series is
denoted as 𝑋 (𝑇 ), where 𝑇 represents the frame number. Then, we
define the content vector 𝐶 to represent the content information,
the prosody vector 𝑃 to represent the prosodic information, and we
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(a) Framework of PMVC (b) Content predictor

Figure 1: Framework of PMVC. 𝑪𝑥 and 𝑷𝑥 are the content features and prosodic features extracted from the input speech.
Denote 𝑺𝑥 as speaker embedding, generated from the pretrained speaker encoder. 𝑰 𝑵 , 𝑨𝒅𝒂𝑰𝑵 stand for Instance Normalization
and adaptive instance normalization, respectively. Which can eliminate the global static information from 𝒙. The right image
shows the content predictor. 𝑪 ′

𝑥 denotes the predicted content embedding, it’s reasonable to expect a close association with
𝑪𝑥 . GRL means Gradient Reversal Layer, it will make the optimization goal of the feature encoder and the content predictor
completely opposite.

define the timbre vector 𝑆 as the speaker-related information. Based
on our assumption, for each speech segment 𝑋 , it can be uniquely
determined by given the disentangled speech representations 𝐶 , 𝑃
and 𝑆 . Formally, 𝑋 can be considered a random variable sampled
from the speech distribution 𝑝𝑥 (·|𝐶, 𝑃, 𝑆).

As mentioned in SpeechFlow [18], Random Resampling (RR)
operation is an effective strategy to change the prosodic information
of the original audio time series. Specifically, RR involves three steps
of operations. The initial step involves dividing the input audio
series into segments of random lengths. Then, the second step is
to randomly draw a sampling rate for each segment. And, the last
step is to re-sample the segment with the selected sampling rate.
Compared with the original audio sequence 𝑋 , the output audio
sequence 𝑋𝑅𝑅 retains the original content, but changes the timbre
and prosodic information. It can be expressed as:

𝑿 ∼ 𝑝𝑋 (·|𝑪 = 𝑪𝑿 , 𝑷 = 𝑷𝑿 , 𝑺 = 𝑺𝑿 ) .
𝑿𝑹𝑹 ∼ 𝑝𝑋𝑅𝑅

(·|𝑪 = 𝑪𝑿 , 𝑷 = 𝑷𝑿𝑹𝑹 , 𝑺 = 𝑺𝑿𝑹𝑹 ) (1)

Noted that after random resampling, the sequence length of
the audio may also be changed. To address this problem, existing
methods align the lengths of𝑋 and𝑋𝑅𝑅 by using a padding constant
of 0 [17, 18]. However, it will inevitably affect the data quality,
thereby increasing the difficulty of model training. Besides, in order
to make prosodic modeling more convenient, we expect to find a
new algorithm that can change the prosodic information but remain
the original timbre and content, that is, Time scale modification
(TSM).

Algorithm 1 Random Prosody Algorithm
Input: A speech segment 𝑿 of length 𝑇
Parameter: The split length 𝒕 , sampling rate 𝑅
Output: RR speech segment 𝑿𝒓𝒆𝒔 with same length 𝑇
1: Let 𝑛𝑢𝑚 = 𝑇 /𝑡 . We divide 𝑿 into 𝑛𝑢𝑚 segments with the same

length 𝒕 , 𝐿 = [𝑥1, 𝑥2, ...𝑥𝑛𝑢𝑚]
2: while 𝑛𝑢𝑚 > 1 do
3: Select two segments 𝒙 𝒊 and 𝒙𝒋 from 𝐿

4: 𝑎 = 𝑈𝑛𝑖 𝑓 𝑜𝑟𝑚(0.6, 2)
5: Stretch audio time series 𝒙 𝒊 with the specific rate 𝑎
6: Stretch audio time series 𝒙𝒋 with the specific rate 𝑎

2𝑎−1
7: Remove 𝒙 𝒊 and 𝒙𝒋 from 𝐿

8: 𝑛𝑢𝑚 = 𝑛𝑢𝑚 − 2
9: end while
10: 𝑿𝒓𝒆𝒔 is obtained by concatenating all speech segments in the

original order
11: return 𝑿𝒓𝒆𝒔

Inspired by it, this paper proposes a new method that guides the
learning of disentanglement speech representationswith information-
theory-guided constraints. Specifically, we first propose a new strat-
egy of stretching audio time series, which can be roughly divided
into three steps. As shown inAlgorithm 1, first, the input sequence
is segmented into uniform-length segments. Second, for each pair
of segments selected randomly, a rate is randomly drawn, and the
total sample points of the sequence segments remain the same (one
segment is stretched, and the other is correspondingly shortened).
Finally, we stitch all the speech fragments together in the previous
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order. With this algorithm, for each sequence 𝑥 , we can get a corre-
sponding augmented speech 𝑥𝑟𝑒𝑠 with the same length 𝑇 . And it
can be expressed as:

𝑿𝒓𝒆𝒔 ∼ 𝑝𝑋𝑟𝑒𝑠
(·|𝑪 = 𝑪𝑿 , 𝑷 = 𝑷𝑿𝒓𝒆𝒔 , 𝑺 = 𝑺𝑿 ) (2)

And based on the augmented data, a newmethod has been proposed
to extract the prosodic information from speech.

3.2 How to Train The Model
Here we will present how and why our model can induce the con-
tent embedding and prosody embedding into independent repre-
sentation spaces simultaneously.

As we discussed before, 𝑿𝒓𝒆𝒔 can be regarded as an augmented
speech of 𝑿 . That is, 𝑿𝒓𝒆𝒔 and 𝑿 have the same content informa-
tion, same timbre information and different prosodic information.
During training, a pair of speech segments (𝒙, 𝒙𝒓𝒆𝒔 ) are selected to
be the input, the feature encoder 𝐸 can eliminate the global speaker
information while preserving other information from the input
speech by using instance normalization without affine transforma-
tion, and it can be expressed as:

𝜇𝑐 =
1
𝑊

𝑊∑︁
𝑤=1

𝑀𝑐 [𝑤] (3)

𝛼𝑐 =

√√√
1
𝑊

𝑊∑︁
𝑤=1

(𝑀𝑐 [𝑤] − 𝜇𝑐 )2 + 𝜖 (4)

𝑍𝑐 [𝑤] = 𝑀𝑐 [𝑤] − 𝜇𝑐

𝛼𝑐
(5)

where 𝑀𝑐 is the feature map in 𝑐-th channel, 𝑊 denote as the
dimension of𝑀𝑐 ,𝑀𝑐 [𝑤] is the𝑤-th element in𝑀𝑐 , 𝑍𝑐 [𝑤] refer to
the normalized𝑀𝑐 [𝑤]. Besides, 𝜖 is a small value which can avoid
numerical instability.

Obviously, the normalized hidden feature 𝑍 contains both con-
tent information and prosodic information. We further hypothesize
that 𝑍 is a specific expression composed of the estimated content
embedding 𝑪𝒙 and estimated prosody embedding 𝑷𝒙 :

𝒁 = 𝐸 (𝒙) = 𝑪𝒙 ⊕ 𝑷𝒙 (6)

where ⊕ means concatenation. In this scenario, we split 𝒁 along the
channel dimensions, representing the estimated content embedding
𝑪𝒙 and the estimated prosody embedding 𝑷𝒙 respectively.

Since 𝒙 and 𝒙𝒓𝒆𝒔 have the same content information, their con-
tent embeddings are expect to be as closer as possible. At the same
time, after Random Prosody (RP) operation, the prosodic infor-
mation of 𝒙 have been corrupted. In other words, the prosodic
information in 𝒙 and 𝒙𝒓𝒆𝒔 should be different. Hence, we expect
their prosody embeddings should be as different as possible. How-
ever, although 𝒙 and 𝒙𝒓𝒆𝒔 contain the same semantic information,
the phoneme of each frame may be different (otherwise 𝒙 and 𝒙𝒓𝒆𝒔
will be exactly the same). So, unlike most similar studies, MSE loss
or L1 loss cannot be applied here. Specially, we employ cosine simi-
larity to measure the similarity between a pair of features in this
paper:

𝐺 (𝐴(𝑥), 𝐴(𝑥𝑟𝑒𝑠 )) =
𝐴𝑇 (𝑥)𝐴(𝑥𝑟𝑒𝑠 )

∥𝐴(𝑥)∥2∥𝐴(𝑥𝑟𝑒𝑠 )∥2
(7)

where 𝐺 (·, ·) represents the calculation of cosine similarity score.
𝐴(·) can be used to represent any extracted embedding of input
speech.

As mentioned, the training of the proposed model aims to maxi-
mize cosine similarity between similar content embeddings, and
minimize it between the different prosody embeddings. Hence, the
proposed similarity contrastive loss function for model training is:

Lsim =
𝐺 (𝑃 (𝑥), 𝑃 (𝑥𝑟𝑒𝑠 ))
𝐺 (𝐶 (𝑥),𝐶 (𝑥𝑟𝑒𝑠 ))

(8)

Besides, the speaker embedding 𝑆𝑥 is produced by a pretrained
speaker encoder with GE2E loss [32]. It involves positive pairs
composed of different utterances of the same speaker and negative
pairs composed of different speakers. The embedding similarity of
positive pairs needs to be maximized, and the similarity of negative
pairs needs to be minimized during pretraining. We can easily find
that the speaker embedding contains only the timbre information.
Here we will give a formal discussion about the speaker embedding:
We assume that there are two speakers 𝑆1 and 𝑆2 and some of
their speeches. As we discussed before, for each speech 𝑋 belong
to speaker 𝑆 , it can be formulated as:

𝑿 ∼ 𝑝𝑋 (·|𝑪 = 𝑪, 𝑷 = 𝑷, 𝑺 = 𝑺) .

Now, assume there are two speeches 𝑥1 and 𝑥2, both from the
same speaker 𝑆1. And, there are another speech 𝑥3 belongs to
another speaker 𝑆2. It can be expressed as:

𝒙1 ∼ 𝑝𝑋 (·|𝑪 = 𝑪𝒙1, 𝑷 = 𝑷𝒙1, 𝑺 = 𝑺1).
𝒙2 ∼ 𝑝𝑋 (·|𝑪 = 𝑪𝒙2, 𝑷 = 𝑷𝒙2, 𝑺 = 𝑺1).
𝒙3 ∼ 𝑝𝑋 (·|𝑪 = 𝑪𝒙3, 𝑷 = 𝑷𝒙3, 𝑺 = 𝑺2).

Note that the content and prosody information of each speech
here are random. For the convenience of discussion, we assume that
the content information of 𝑥1 and 𝑥3 are the same. In other words,
the only difference between 𝑥1 and 𝑥3 are the timbre information
and part of prosody information. In training, we expect the speaker
encoder can output different embeddings from 𝑥1 and 𝑥3. Then,
the most convenient way for the speaker encoder in training is to
discard the content information and extract the timbre and prosodic
features.

At the same time, we can further assume that the prosody infor-
mation in 𝑥1 and 𝑥2 are different. In training, we expect the speaker
encoder would output the same embeddings from 𝑥1 and 𝑥2. In
this case, the encoder would be encouraged to discard the prosody
information and extract the timbre and part of the content features.

In summary, the speaker encoder will learn to extract only the
timbre information in the speech, while eliminating the content and
prosody information as much as possible. So we say the speaker
embeddings contain only the timbre information.

Finally, leveraging the content embedding 𝐶𝑥 , prosody embed-
ding 𝑃𝑥 , and speaker embedding 𝑆𝑥 , the decoder is guided to pro-
duce the reconstructed speech 𝑥 ′. We employ a reconstruction loss
function during training, which is as follows:

Lrecon = ∥𝑥 ′ − 𝑥 ∥22 + ∥𝑥 ′𝑟𝑒𝑠 − 𝑥𝑟𝑒𝑠 ∥22 (9)

where 𝑥 ′ is generated from 𝐶𝑥 , 𝑃𝑥 and 𝑆𝑥 , 𝑋 ′
𝑟𝑒𝑠 is produced from

𝐶𝑥𝑟𝑒𝑠 , 𝑃𝑥𝑟𝑒𝑠 and 𝑆𝑥 .
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3.3 Mask and Predict
In the above subsection, we introduced the similarity contrast loss
Lsim and the reconstruction loss Lrecon to encourage our model
to learn the disentangled speech representations. But, considering
such a case, with only the above two loss function constraints,
the most convenient way for the proposed model is to copy both
the content and prosodic information of 𝑥 to 𝑃𝑥 , while the content
embedding𝐶𝑥 contains no information. In this case,𝐶𝑥 = 𝐶𝑥𝑟𝑒𝑠 = 0,
and Lsim will be optimized to zero. At the same time, since 𝑃𝑥
and 𝑆𝑥 are able to provide all the information needed for speech
reconstruction,Lrecon can also be optimized to zero. In other words,
the above two objective functions can not prevent this special case
from appearing. However, in the inference phase, it will make the
target content information leak into the decoder, which will lead
to failed VC tasks.

To issue this problem, we need to force the prosody embedding
contains no content information. Inspired by Mask-Predict [7], we
proposed an adversarial training way to remove some information
from the prosody embedding. Specifically, a Gradient Reversal layer
(GRL) [6] between the feature encoder and a content predictor is
introduced. When we put the hidden feature 𝑍 into the content
predictor, we first mask the first part of 𝑍 . That is, only the in-
formation contained in the estimated prosody embedding will be
used to predict the estimated content embedding. As illustrated in
Figure 1(b), during training, we put the prosody embedding 𝑃𝑥 into
the content predictor, and the content predictor would be expected
to output the content embedding as accurately as possible. At the
same time, due to the GRL, the feature encoder and the content
predictor have opposite optimization goals. In other words, the
feature encoder would be encouraged to eliminate the content in-
formation contained in the estimated prosody embeddings. Finally,
the prosody embedding will remove some information so that the
content predictor can not reconstruct the masked estimated content
embedding. The adversarial loss can be formulated as:

Ladv = ∥𝐶′
𝑥 −𝐶𝑥 ∥22 + ∥𝐶′

𝑥𝑟𝑒𝑠
−𝐶𝑥𝑟𝑒𝑠 ∥22 (10)

where 𝐶′
𝑥 is generated from 𝑃𝑥 , 𝐶′

𝑥𝑟𝑒𝑠
is produced from 𝑃𝑥𝑟𝑒𝑠 . Here

we use 𝜃𝑒 and 𝜃𝑝 to respectively represent the trainable parameters
of the feature encoder and the content predictor. We use Pred to
represent content predictor, then the optimization goal is

𝐸∗, 𝑃𝑟𝑒𝑑∗ = argmin
𝜃𝑝

max
𝜃𝑒

L𝑎𝑑𝑣 (11)

As we said before, the content predictor is optimized to minimize
Ladv, while the feature encoder is optimized to maximized Ladv.
As a result, this loss function will converge when 𝑃𝑥 discards some
information contained in the estimated content embeddings 𝐶𝑥 . In
addition, the feature encoder is also optimized to minimize Lsim
and Lrecon. As a result, 𝑃𝑥 will be encouraged to remove the same
content information but preserve the different prosodic information
to minimize Lsim. Furthermore, to minimize Ladv and Lrecon , the
estimated content embedding 𝐶𝑥 would be encouraged to carry all
content information to achieve a well speech reconstructed task.

The complete loss function can be a combination of weighted
loss items mentioned above as follows:

𝐿(𝜽𝒆 , 𝜽𝒅 ) = Lrecon + 𝛼Lsim + 𝛽Ladv (12)

(a) Feature encoder (b) Content predictor

Figure 2: Architecture of PMVC. 𝑋 means the mel-
spectrograms of the input speech. 𝑍𝑋 are the hidden feature
representations, which contain the estimated content em-
beddings 𝐶𝑋 and estimated prosody embeddings 𝑃𝑋 . 2 and 3
with multiplication symbol x denote the number of Instan-
ceNorm1d and Conv1d layers.

where 𝜃𝑒 and 𝜃𝑑 indicate the trainable parameters of the feature
encoder and the decoder, respectively. 𝛼 , 𝛽 are hyper-parameters
as the weight of Lsim and Ladv, respectively.

Now we can say, with the full loss function 𝐿(𝜽𝒆 , 𝜽𝒅 ). Our model
will be trained to learn the disentangled speech representations for
expressive voice conversion.

3.4 Architecture of the Proposed Framework
As depicted in Figure 2, the design of the feature encoder is shown in
Figure 2(a), which mainly draws on the content encoder of INVC [3].
Different from [3], we drop the process of taking the concatenate
between 𝑋 and hidden features as the final hidden feature 𝑍𝑋 . This
ensures that 𝑍𝑋 does not contain any timbre information. In addi-
tion, a leakyRelu function is introduced as the activation function.
The architecture of the content predictor is shown in Figure 2(b),
it uses two simple BiLSTM layers and three convolution layers to
predict the estimated content embeddings according to the input
prosody embedding. Besides, GRL is positioned between the fea-
ture encoder and the content predictor. Our decoder adopts the
decoder of INVC as backbone. In the training process, the speaker
embedding is duplicated to match the length of prosody and con-
tent embeddings. Then we concatenate them along the channel
dimension which is then used as input of the decoder to reconstruct
speech.

4 EXPERIMENTS
In this section, we conduct comparative experiments for the eval-
uation of the proposed model’s performance on many-to-many
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VC and zero-shot VC tasks. As the traditional VC task, many-to-
many VC means that in the inference phase select the speakers
who have already appeared during training process as source and
target. At the same time, zero-shot VC focuses on some more dif-
ficult tasks, in which the voice of both source speaker and target
speaker are unseen during training. The audio demo is available
on https://largeaudiomodel.com/pmvc/.

4.1 Datasets and Configurations
Comparative experiments were conducted on the public corpus of
AISHELL-3 [21]. This corpus is a large-scale dataset including 88035
recordings from 218 native Chinese mandarin speakers, about 85
hours in total. In our experiments, all recordings have a sampling
rate of 22.05kHz. We follow the same train/test partition and data
preprocessing as [28]. Specially, We set the frame length of all
training recordings to 256. That is, for any speech segments longer
than 256, we randomly select 256 frames, at the same time, for those
speech segments with a length shorter than 256, we pad them with
constant. Besides, we divide the speech into multiple segments,
each segment is 2 frames to achieve the Algorithm 1.

For the training of PMVC model, we set the batch size to 16
and the num of update steps is 400k. We use the ADAM opti-
mizer [13] (𝛽1 = 0.9, 𝛽2 = 0.99, 𝜀 = 10−9). To obtain the speaker em-
bedding, we select 10 utterances of the same speaker and feed them
into the pretrained speaker encoder and then average the resulting
embedding. We set the weights in Eq.(12) as follow: 𝛼 = 0.5, 𝛽 = 0.5.
Select AutoVC, INVC, and SpeechFlow models as baseline, follow-
ing the training procedure in [3, 18, 20]. Fairly, to get the result
waveform, an pretrained Hifi-GAN [14] vocoder is used to convert
the output mel-spectrogram.

4.2 Comparisons
Both objective and subjective experiments are conducted to com-
pare different models’ performances in VC tasks. Detailly, the Mel-
Cepstral Distortion (MCD) is adopted as an objective measure of
the distance between the converted voice from source speaker and
the real one from the target speaker.The lower MCD score means
better performance.Moreover, 13 native speakers are invited as par-
ticipants (nine males and four females) to do subjective tests for
the quality assessment. The Mean Opinion Score (MOS) test needs
every subject to choose a score on a scale from 1 to 5 for the natural-
ness of the converted speech after hearing them. The higher score
indicates the opinion that the quality of hearing speech is better.
Additionally, the Voice Similarity Score (VSS) test includes Timbre
Similarity Score (TSS), and Prosody Similarity Score (PSS), where
groups of utterances undergo voice similarity rating on a scale from
1 to 5. Each group contains four converted utterances from INVC,
AutoVC, SpeechFlow, and PMVC, respectively, along with one real
utterance of target speaker as reference. In the VSS test, higher
score indicates the higher similarity between the converted result
and ground truth speech.

As illustrated in Table 1, for the traditional many-to-many VC, 4
speakers are randomly selected from the training set (2 male and 2
female) and their utterances for the evaluation of multi many-to-
many VC. Then test utterances of each of the 4 speakers are con-
verted to the other 3 speakers respectively. This process generates a

total of 4×3 = 12 converted utterances each of which preserves the
same linguistic information of speech from the 4 speakers speech
but adopts the voice of the other 3 speakers. The MOS test results
show that the converted speech from our model is of higher natu-
ralness. The VSS test results show that our method surpasses INVC,
AutoVC and SpeechSplit in learning better timbre and prosodic
features for the converted speech, leading to an improvement in
the overall conversion effect. Results of the objective and subjective
tests demonstrate that compared with other baseline models, our
PMVC performs better than other baseline models in VC tasks.

For the evaluation of zero-shot conversion, we select a few un-
seen speakers as the source and target speakers. To obtain their
timbre embedding, take 10 utterances of the source and target
speaker as the trained speaker encoder input, separately. As shown
in Table 1, even on zero-shot condition, the proposed method still
outperforms the baselines during naturalness evaluation. More-
over, compared to the synthesized results generated from baseline
models, many people have the opinion that the converted results
generated from our model sound more similar to the ground truth
target, demonstrating PMVC’s efficiency in zero-shot VC.

4.3 Ablation Experiments
In this section, we first design an ablation experiment to observe
the effect of Ladv on our framework. Specifically, we retrained
our model without Ladv which we called ’PMVCs’. According to
our assumption, without the constrain of the adversarial Mask-
Predicted loss function, some content information may leak into the
estimated prosody embeddings, and ourmodel will eventually failed
in the VC task. To test this hypothesis, we can leverage the trained
content predictor in our model. Specifically, we randomly select
30 speeches (15 speeches selected from the training set, another
15 speeches belong to some unseen speaker.) as the input to get
the estimated content embeddings and prosody embeddings of
PMVC and PMVCs respectively. At the same time, based on these
prosody embeddings, the pretrained content predictor will predict
the estimated content embeddings. Obviously, themore accurate the
prediction result is, the more overlapping information is contained
in the estimated prosody embeddings and content embeddings.

The results summarized in Table 2 show that without Ladv,
the content predictor can easily output the content embeddings
from the prosody embeddings, which indicates that the prosody
embeddings contains almost all the information contained in the
estimated content embeddings. At the same time, with the constrain
of Ladv, it will be difficult for the content predictor accurately
predict the content embeddings from given prosody embeddings.
In other words, our PMVC has a better performance than PMVCs in
separating the content information and the prosodic information.

As visual results shown in Figure 3, the prediction error scores
show that under both many-to-many and zero-shot conditions,
PMVC performs better than PMVCs in decoupling prosody and
content informationwith higher scores. In addition, we can also find
that the performance of PMVC is comparable under both conditions
of one-shot VC and many-to-many VC, which indicates that our
model can adapt well to new unseen speakers.

In addition, to further test the above hypothesis, we prepared the
ground truth speech from the source speaker and target speaker

https://largeaudiomodel.com/pmvc/
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Table 1: Comparison of different models in traditional VC and zero-shot vc

Methods Traditional VC Zero-shot VC
MCD MOS TSS PSS MCD MOS TSS PSS

INVC 9.18 ± 0.34 2.95 ± 0.93 3.12 ± 0.77 2.74 ± 0.68 9.41 ± 0.58 2.75 ± 0.62 3.01 ± 0.89 2.66 ± 0.74
AutoVC 7.84 ± 0.17 3.24 ± 1.02 3.12 ± 0.86 2.87 ± 0.76 8.06 ± 0.39 3.11 ± 0.77 3.06 ± 0.93 2.59 ± 0.87

SpeechFlow 6.67 ± 0.29 3.49 ± 0.83 3.55 ± 0.69 3.39 ± 0.88 6.91 ± 0.43 3.51 ± 0.92 3.46 ± 0.87 3.33 ± 0.95
PMVC 6.06 ± 0.31 3.64 ± 0.90 3.91 ± 0.72 3.58 ± 0.84 5.98 ± 0.44 3.58 ± 0.73 3.85 ± 0.81 3.42 ± 0.77

Table 2: Results of the ablation experiments.

Method Error (traditional-VC) Error (zero-shot VC)
PMVC 0.76 ± 0.10 0.79 ± 0.14
PMVCs 0.14 ± 0.09 0.15 ± 0.11

Figure 3: Prediction errors of PMVC and PMVCs on many-to-
many VC tasks and zero-shot VC tasks.

respectively. We let the subjects listen to eight converted speeches
produced by our model and the retrained model respectively. If the
content information of a converted speech is recognized to belong
to the target speaker, it indicates a successful VC task. Otherwise,
the VC task is considered to have failed.

Figure 4: Subjective evaluation for the ablation experiments.

Results of the subjective evaluation (Figure 4) indicate that almost
all subjects think the performance of the retrained model in VC
task is very poor. At the same time, almost all subjects believe that

the proposed PMVC have achieved the VC tasks. It indicates that
the adversarial loss function is crucial for the proposed framework.

Furthermore, we also verified the feasibility of using only one
encoder to extract the content embeddings and prosody embeddings
by designing another set of comparative experiments. Specifically,
we train a new model named PMVC_t, which mainly draws on
PMVC, the only difference is that we add an additional prosody
encoder to extract prosodic information in speech. And, the network
structure design of the prosody encoder is almost exactly the same
as our encoder. To regulate the dimension of the output feature, we
simply add an linear layer at the end. To comprehensively compare
PMVC and PMVC_t, we compare their performance and inference
efficiency on the VC task, respectively.

Apart from MCD test mentioned above, we also add fake detec-
tion tests as another objective experiment, in which an open-source
speech detection toolkit, Resemblyzer (https://github.com/resemble-
ai/Resemblyzer) is utilized to compare how similar 7 unknown
speeches to the ground truth reference audio(6 real ones, 2 fakes
which are generated from PMVC and PMVC_t respectively). The
converted speeches are divided into 20 groups for this test. Each
group contains two converted utterances generated from PMVC
and PMVC_t, respectively. The toolkit automatically assigns a score
on a scale from 0 to 1 for each converted speech compared to refer-
ence audio which is ground truth. Higher score indicates that the
converted speech has greater similarity to the target voice.

Table 3: Results of the ablation experiments.

Method MCD Score Detection Score Model Size
PMVC 5.98 ± 0.44 0.73 ± 0.08 20.8M
PMVC_t 5.93 ± 0.35 0.70 ± 0.11 31.6M

As illustrated in Table 3, the results show that PMVC performs
on par with PMVC_t on VC tasks. Specially, the MCD test result
of PMVC_t is slightly better than that of PMVC, and the detection
score of PMVC is slightly better than that of PMVC_t. However, the
model size of PMVC is much smaller than PMVC_t, which means
smaller parameters and faster training speed. All the above compar-
ison results show that the proposed PMVC only using one encoder
to extract content information and prosodic information can signif-
icantly improve the efficiency without reducing the quality of the
converted speeches.

4.4 Flexible Hidden Features Dimensions
In this section, we will discuss the strategy to divide the latent
space 𝒁 into the content embedding 𝑪𝒙 and prosody embedding
𝑷𝒙 . Selecting the right bottleneck size is crucial in AutoVC and

https://github.com/resemble-ai/Resemblyzer
https://github.com/resemble-ai/Resemblyzer
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(a) Our model (b) M1

(c) M2 (d) M3

Figure 5: The visualization of hidden features.

SpeechSplit to preserve content information while excluding timbre
details. But in ourmodel, as wementioned before, with the constrain
of AdaIN and the loss function Lsim and Lrecon, even if we do
not strictly limit the dimension of the feature embeddings, the 𝒁
tends to be split into two parts representing content and prosody
information ideally. This enables us to easily determine the channel
dimensions of 𝑪𝒙 and 𝑷𝒙 allowing for convenient extraction of
both content embedding and prosody embedding using a single
encoder.

To verify that the equivalent performance of the proposed model
configured with different partition modes, we retrain the proposed
model by modifying the length of dimensions of 𝑪𝒙 and 𝑷𝒙 . Specif-
ically, in the original model PMVC, both 𝑪𝒙 and 𝑷𝒙 have a channel-
dimension of 128. Then, the model is retrained by changing their
dimensions to 96 and 160, named ’M1’, or, to 64 and 192, named
’M2’. Also, we trained other models ’M3’ and ’M4’, which are set
symmetric to ’M1’ and ’M2’. Specifically, in ’M3’, the dimensions
of content and prosody embeddings are 160 and 96, and their di-
mensions change to 192 and 64 in ’M4’. Input the selected speakers’
utterances (100 utterances for each) to these models and derive the
estimated hidden features 𝒁 (𝑪𝒙 ⊕ 𝑷𝒙 ), which then we visualize in
2D space using t-distributed stochastic neighbor embedding (t-SNE).
As illustrated in Figure 5, it’s noted that the content and timbre
information have evident separation regardless of the division pro-
portion in the latent space.

The performance of these models under different partitionmodes
were assessed in the VC task by exploiting the fake speech detection
toolkit Resemblyzer again. Different from the above, in this time,
each group contains five converted speeches generated from M1,
M2, M3, M4 and our model, respectively. We present the result in
Table 4.

From Table 4, the results indicate that even under the changing
division allocation of latent space, our model have equivalent per-
formance in VC tasks. M2’s score seems to be slightly higher than
others. We attribute this to the higher channel dimensions of the

Table 4: Comparison with retrained methods in VC tasks.

Method Detection Score
PMVC (𝑪 : 128, 𝑷 : 128) 0.74 ± 0.12
M1 (𝑪 : 96, 𝑷 : 160) 0.72 ± 0.09
M2 (𝑪 : 64, 𝑷 : 192) 0.75 ± 0.11
M3 (𝑪 : 160, 𝑷 : 90) 0.74 ± 0.13
M4 (𝑪 : 192, 𝑷 : 64) 0.72 ± 0.07

prosody embedding, enabling finer modeling of prosody details,
which might influence the model’s VC performance.

Furthermore, we also try some subjective experiments for evalu-
ation in VC task. In practice, 13 human participants are invited to
hear a real speech and four converted speeches produced by our
model and the retrained models respectively. They need to evaluate
the similarity and select the converted speech which achieve the
most similarity to the ground truth. Additionally, if it is difficult to
judge, they can also choose the ’Fair’ option.

38.46% Fair

13.46%

PMVC

10.57%

M1

13.46%

M2

11.52%

M3

8.65%

M4

Figure 6: Subjective comparison of the converted speech.

Results shown in Figure 6 indicate that in VC task, the retrained
model performs slightly worse than our proposed model, which
further supports our hypothesis. That is, the performance of the
proposed framework is compatible with different division modes.

5 CONCLUSION
In this paper, we propose a novel framework to address the problem
of prosody modeling for expressive voice conversion. We firstly
design a new random prosody algorithm to destroy the prosodic
information of the source speech and obtain the corresponding aug-
mented speech. Then, we extract andmodel the content, timbre, and
prosodic features by using information-theory guided approaches.
Both the subjective and objective experimental results demonstrate
that the proposed method has made an improvement in both quality
of the synthesized speech and improves its similarity to the target
voice in VC tasks.
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