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Abstract

Owing to the recent advancements in deep learning technology,
the performance of voice conversion (VC) in terms of qual-
ity and similarity has significantly improved. However, com-
plex computation is generally required for deep-learning-based
VC systems. This can cause a notable latency, which limits
the deployment of such VC systems in real-world applications.
Therefore, increasing the efficiency of online computing has
become an important task. In this study, we propose a novel
mixture-of-experts (MoE) based VC system, termed MoEVC.
The MoEVC system uses a gating mechanism to assign weights
to feature maps to increase VC performance. In addition, apply-
ing sparse constraints on the gating mechanism can skip some
convolution processes through elimination of redundant feature
maps, thereby accelerating online computing. Experimental re-
sults show that by using proper sparse constraints, we can ef-
fectively reduce the FLOPs (floating-point operations) count by
70%, while improving VC performance in both objective eval-
uation and human subjective listening tests.

Index Terms: Voice conversion, variational autoencoder, non-
parallel VC, fully convolutional network, mixture of experts

1. Introduction

Voice conversion (VC) aims to modify speech signals from one
speaker to sound as if they came from another speaker with-
out changing the linguistic content. There are a wide variety
of VC applications, such as personalized text-to-speech system
(TTS) [1, 2], emotion conversion [3, 4], speaking and hearing-
aid devices [5, 6], and singing voice conversion [7, 8]. Nu-
merous models have been proposed as fundamental tools for
VC tasks. Well-known examples include the Gaussian mix-
ture model (GMM) [9, 10], exemplar-based models [11], deep
neural networks [12], variational autoencoder (VAE) [13, 14],
and generative adversarial network (GAN) [15]. Traditionally,
VC is performed in a frame-to-frame conversion manner. A
notable limitation is that the temporal information cannot be
modeled well. Recently, long short-term memory (LSTM) with
high performance in modeling temporal information has been
used in VC and achieved higher performance than other meth-
ods [16, 17, 18, 19]. Meanwhile, a fully convolutional network
(FCN) has also been used to perform sequence-to-sequence
conversion and obtain higher mean opinion score (MOS) scores
than frame-to-frame conversion methods [20].

To develop VC for real-world applications, there are gen-
erally two requirements: (1) using a compressed model that
requires lite storage, and (2) being able to generate converted
voice with minimal computational cost and latency. For classifi-
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cation tasks, many algorithms have been proposed to meet these
two requirements. However, for regression tasks (e.g., VC),
there are only few studies in the literature. In [21] and [22],
the authors proposed using parameter quantization and scaling
to compress deep-learning models for speech enhancement (SE)
tasks. The results show that when the compression rate is prop-
erly designed, a good balance can be achieved between model
size and SE performance. In this study, we focus on the second
requirement, of which the aim is to reduce the cost of online
computation. To this end, we propose a novel mixture of ex-
perts voice conversion (MoEVC) system with sparse constraints
on the gating mechanism.

The authors of [23] extended the conventional MoE model
[24] to DeepMoEs, which utilizes an architecture that can
reduce the computational complexity of deep-learning-based
models with convolutional layers. The model combines a base
convolutional network with an embedding network along with
a sparse gating network [23]. The input passes through both
the embedding network and the sparse gating network, and the
resulting gating values are used to select the channels in each
layer of the base convolutional network. Compared with other
state-of-the-art channel pruning methods [25, 26, 27, 28], this
model achieves comparable or even better performance. We be-
lieve that the DeepMoEs architecture can be suitably used in
VC systems to reduce online computation costs without com-
promising the quality of speech.

The proposed MoEVC system uses an auxiliary classifier
variational autoencoder (ACVAE) VC system [29] as the basic
architecture and integrates the MoE module to increase the ef-
ficiency of online computing. Although the DeepMoEs model
has the potential to be applied to any network architecture, three
issues confine the direct combination of DeepMoEs and AC-
VAE. First, the DeepMoEs model is proposed for the classi-
fication of images with a fixed shape, while ACVAE supports
speech conversion with arbitrary speech lengths. Second, all
gating values in DeepMoEs are controlled by a single input,
whereas ACVAE accommodates an additional speaker code as
input. Third, DeepMoEs takes a single image as input, but the
two inputs of ACVAE (i.e., the spectral features and the speaker
code) are in different representation formats.

In the proposed MoEVC, different structures are designed
for the encoder and decoder to effectively combine DeepMoEs
with ACVAE. In the experiments, we investigate the trade-off
relationship between a reduction in FLOPs (floating-point oper-
ations) (the calculation of FLOPs followed [30]) and the qual-
ity of converted speech. To alleviate time-consuming listen-
ing tests, we first use the MOSNet [31], a deep-learning-based
objective evaluator, to evaluate the VC results generated under
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Figure 1: The architecture of the ACVAE-VC system.

various sparse constraints (i.e., computation acceleration rates).
Subsequently, we validate the consistency of the human subjec-
tive listening test results and the MOSNet scores. Experimental
results show that compared to the original ACVAE system, the
MOoEVC system can reduce the FLOPs count by 70% while im-
proving speech quality.

The remainder of this paper is organized as follows. Section
2 reviews related works. Section 3 presents the MoEVC system.
Section 4 exhibits the experimental setup and results. Finally,
Section 5 provides the concluding remarks of this study.

2. Related works

This section presents related works on the MoEVC system.

2.1. VAE-VC

The VAE-VC is formed by an encoder-decoder architecture
[13]. During training, given an input spectral feature , the en-
coder Ey with the parameter set 6 encodes x into a latent code:
z = Eg(x). The speaker code, ¢, of the input frame and the
latent code, z, are processed by the decoder G, with parameter
set ¢ to reconstruct the input:

T = Gy(z,¢) = Gy(Ey(x), c). (1)

The model parameters can be learning from a speech corpus by
maximizing the variational lower bound:

Lvae (9, LZS, x, C) = Lrecon(m7 C) + Llat (m)y (2)

where L;,: regularizes the encoder to align the approximate
posterior with a prior distribution. Note that the speaker codes
can be learned from the training data together with the model
parameters 6 and ¢, or they can be defined in advance. For ex-
ample, each speaker code can be assigned as a specific one-hot
vector whose length is the number of training speakers.

In the conversion phase, given the source spectral frame
and the target speaker code, ¢, we can formulate the conversion
function f(.) and obtain the converted spectral feature, &, via:

B = f(2,8) = Go(2,8) = Gy(Fo(x),8). ()

Then, the converted spectral feature, &, is fed into the vocoder
to generate the converted speech waveform.

Many studies have attempted to improve the VAE-VC
framework. In [15], a GAN model was integrated with the VAE
model to improve the VC performance. In [32], an auxiliary
classifier was adopted to facilitate disentanglement for further
improvement. Later, cross-domain VAE-VC was developed to
jointly consider spectral features from different domains [14].

2.2. ACVAE-VC

In [29], Kameoka et al., proposed an auxiliary classifier varia-
tional autoencoder (ACVAE) VC framework, as shown in Fig.
1. ACVAE-VC is based on vanilla VAE-VC, where a gated
CNN is used for both the encoder and decoder. The input-output
relation of the [-th layer can be formulated as:

hiy =[hi 1, 1", 4)

Sparse gating network

Gi7(e) |

[
Embedding
network

gewy

base convolutional network

Figure 2: The architecture of the DeepMoEs model.

hi=(Wisxhi_1+b)0o(Vixhi_+d), (5

where h;—; and ¢;—1 represent the input and the speaker code
of the (I — 1)-th layer, respectively; h; is the output; W, V,
by, and d; are the weights and biases of the convolutional layer.
h;_1 has the height and width of Q;—1 and N;_1, and ¢;—1 is
a 3D array consisting of a Q;_1-by-N;_; tiling of copies of the
speaker code. Meanwhile, © represents an element-wise multi-
plication, and ¢ denotes an element-wise sigmoid function.
The ACVAE-VC system uses an auxiliary classifier to en-
courage the model to generate output considering the speaker
code. Specifically, the classifier approximates the posterior
probability p(c|x) and is trained to maximize the lower bound
of the mutual information between the decoder output and the
speaker code. As derived in [29], the objective function is

where J is the variational lower bound, M/ is the mutual infor-
mation lower bound, CF is the cross-entropy of the auxiliary
classifier, and 6, ¢, and v denote the parameters of the encoder,
decoder, and auxiliary classifier, respectively.

2.3. Deep mixture of experts (DeepMoEs)

The work of [33] proved the advantages of stacking two layers
of MoEs. Later, Wang et al. proposed the DeepMoEs architec-
ture for image classification tasks, which can improve compu-
tational efficiency and may be applied to any model with con-
volutional layers [23]. Specifically, through the sparse gating
mechanism, DeepMoEs allows each convolutional layer to dy-
namically select only a part of output feature maps to be acti-
vated during inference. Fig. 2 shows the architecture of Deep-
MoEs, which consists of three basic components: base convolu-
tional network (BCN), embedding network (EMN), and sparse
gating network (SGN). BCN and EMN share the same image
input. EMN maps the input onto the embedding, e, which is
then transformed by SGN into a vector:

g =G'(e) = ReLUW), -e),l =1..., L, 7

where g' is the gating vector for the [-th convolutional layer,
and L is the total number of convolutional layers in BCN. As a
result, DeepMoEs scales each feature map by the gating value
generated from SGN. For a convolutional layer in BCN with
tensor input h; with spatial-resolution W; x H; and C’; input
channels, a C; x Kw x Ky x C, convolutional kernel K,
and a set of gating values [g1, g2, ..., gc,]” generated by SGN,
the output y becomes

C;
y=> gKixh. ®)
i=1



Encoder Decoder
Embedding Enbedding
Network Network
l Concat
Sparse Gating
Network Sparse Gating
Network
I ]
~ Auxiliary
Encoder [~»] Decoder Classifier

Figure 3: The architecture of the proposed MoEVC system.

Because the gating values are generated by the ReL U activation
function, some elements may be zeros due to introducing the
sparse constraint. To further control the sparsity of SGN and
the diversity of EMN, an L1 regularization term can be added
to the SGN outputs, along with the auxiliary classification loss.
Accordingly, the overall loss function becomes

Lau(s;t) = Ly(s;t) + ALg(s) + vLe(s, t), )

where s and ¢ are the input image and the corresponding label,
respectively, L; is the loss from BCN, Lg is the L1 penalty
term, and L. is the auxiliary classification loss. Furthermore,
A and v are coefficients for determining the weight between
model accuracy, sparsity, and embedding diversity.

2.4. MOSNet: A deep-learning-based objective evaluator

Efficient and effective quality measurement of the generated
speech has been a longstanding problem in TTS, SE, and VC
tasks. In the VC community, objective metrics such as the mel-
cepstral distance (MCD) [34] and global variance (GV) [35] are
widely used to automatically measure the quality of converted
speech. As reported in many previous studies [9, 36], such met-
rics do not always perfectly correlate with human perception as
they mainly measure the distortion of acoustic features. Subjec-
tive listening tests, such as the mean opinion score (MOS) and
similarity score, could represent the intrinsic naturalness and
similarity of VC systems. Nevertheless, these human-involved
evaluations are usually time-consuming and expensive because
a large number of participants are required to perform listen-
ing tests and provide perceptual ratings. Recently, Lo et al.
proposed a MOSNet, which uses a deep-learning-based model
(formed by a CNN-BLSTM architecture) to perform speech nat-
uralness and similarity assessments [31]. The results showed
that the predicted MOS and similarity scores correlated well
with human ratings. In this paper, we adopted MOSNet as a
learning-based objective evaluator to evaluate the VC perfor-
mance. Therefore, we could save the time of human listening
and accelerate the development of the VC model.

3. Proposed MoEVC system

The proposed MoEVC system is shown in Fig. 3, which con-
sists of BCN, SGN, and EMN. BCN was formed by ACVAE,
which was designed and trained following [29]. To integrate
DeepMOoEs into the ACVAE-VC system, we mainly focus on
the design of the EMN to meet the following requirements: (1)
The decoder is not affected by the speaker code in the conver-
sion phase. (2) The embedding network can process speech
signals of any length. (3) The embedding network can accept
multiple inputs from different domains.

Different from DeepMoEs that only uses one embedding
network to control all gating values in the network, the proposed
MOoEVC system utilizes two embedding networks to control the
gating values in the encoder and decoder separately. These two
embedding networks are termed encoder/decoder embedding
network (EEN/DEN), as shown in Fig. 3. To fulfil requirement
(1), DEN only takes the latent code as input, and its output is
concatenated with the speaker code to form the final embed-
ding. Therefore, the decoder embedding is independent of the
source speaker code in the conversion phase.

To fulfil requirements (2) and (3), we used convolutional
layers in EEN because the CNN structure has been proven to be
an effective feature extractor in previous works [37, 38]. More-
over, we utilized a temporal pooling layer proposed by [39] to
average the input along the time dimension, so that we could
obtain a fixed-sized vector; then, the final embedding was gen-
erated by several fully-connected layers for non-linear transfor-
mations. As for the input of the EEN, we first created a tensor,
which is a Q-by-N tiles of ¢, where (Q and N are the spatial-
resolution of . For the architecture of DEN, we combined a
sequential autoencoder [40] with several fully-connected non-
linear transformations. Specifically, we jointly trained a se-
quential autoencoder to reconstruct z, and used the encoder
part of the sequential autoencoder to perform feature extraction.
The feature was concatenated with ¢ and passed through fully-
connected transformations to generate the final embedding.

The number of CNN kernels and the fully connected units
in EEN and DEN were carefully designed so that the total pa-
rameters increased by less than 20% while the total FLOPs in-
creased by less than 1%. The reason why the increases in pa-
rameters and FLOPs are different is that a CNN layer has fewer
parameters than a fully-connected layer, but requires higher
FLOPs. The increase in parameters is mainly due to the increase
in fully connected units that require fewer FLOPs. Finally, the
loss function for training the MoEVC model is:

Lall(m; C) - Lbase (my C) + aLae(z) + /BLspc(m)a (10)

where Lygse, Lae, and Ly are the losses of BCN, DEN se-
quential autoencoder, and L1 norm of SGN, respectively.

4. Experiments
4.1. Experimental setup

We performed evaluation of the proposed MoEVC system us-
ing the Voice Conversion Challenge 2016 dataset. The speech
signals were recorded by US English speakers in a professional
recording studio without noticeable noise effects. The dataset
consisted of 162 utterances for training and 54 utterances for
evaluation from each of the 5 source and 5 target speakers. We
used all training and evaluation data of two female speakers
‘SF2’ and ‘SF3’ and two male speakers ‘SM1’ and ‘SM2’ in
the experiments. Thus, there were four types of conversions
(female to female, male to male, female to male, and male to
female). We report the average score for each conversion type
and the average score for all types.

All speech signals were sampled at 16kHz. The WORLD
vocoder [41] was used to extract 513-dimensional spectra (SPs),
513-dimensional aperiodic components (APs), and a funda-
mental frequency (FO) every Sms. Then, 36-dimensional mel-
cepstral coefficients (MCCs) were extracted from SPs and fur-
ther normalized per pixel dimension based on the correspond-
ing mean and standard deviation; these two statistics were saved
and utilized in the conversion phase. All models were trained
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Figure 4: The MOSNet scores of converted speech by the Mo-
EVC system with different online computation costs (FRRs).

for 5000 epochs using the Adam optimizer [42] with the initial
learning rate, (31, and (32 set to 0.001, 0.9, 0.999 and a batch
size of 64.

4.2. Experiment results

In this study, we focused our attention on a comparison of online
computation cost and the naturalness of the converted speech.
We first used MOSNet to evaluate the converted utterances with
different sparse constraints. Setting a larger sparse constraint
value causes the gating values to be sparser. More feature maps
will then be pruned to achieve the purpose of significantly re-
ducing the computational cost. As we investigated several spare
constraint parameters, it was difficult to conduct listening tests
for all converted speech results. Therefore, we first applied
MOSNet to objectively evaluate the converted speech. Then
we conducted listening tests to further confirm trends observed
in the MOSNet scores.

4.3. MOSNet results

Fig. 4 shows a correlation between the MOSNet score and the
computational cost, which is expressed as the FLOPs reduction
rate (FRR). Since we intended to observe the relation between
FRR and the MOSNet score, we did not apply any post-filtering
methods to the converted speech, such as GV adjustment and
maximum likelihood parameter generation. FO was converted
using linear mean-variance transformation in the log domain,
while the APs were kept unmodified.

Fig. 4 shows that when we slightly increase the sparse con-
straint to achieve a higher FRR (from point & to point ®)), the
MOSNet score will increase. However, when further increasing
the FRR, the MOSNet score begins to decline (from point B) to
point @©). This trend is often observed in model compression
and acceleration tasks. After removing the redundant compo-
nents to properly compress the model, the deep learning model
can produce better performance. In contrast, further compres-
sion or acceleration may cause performance degradation. The
MOSNet score reached the highest point at ®), for which the
FRR and the MOSNet score were 72% and 3.2, respectively.

4.4. Human listening test results

Next, we conducted human listening tests to verify the findings
from the evaluation results based on the MOSNet score. Twenty
subjects were recruited to listen to samples of converted speech
generated by the MOEVC system associated with points @), ®),
and © in Fig. 4 and samples of converted speech by the orig-
inal ACVAE-VC system. Each listener was asked to score 12
utterances, which were also evaluated by MOSNet, in terms of

Table 1: The MOS scores of converted speech produced by Mo-
EVC with different FRRs and ACVAE.

FRR F2F F2M M2F M2M AVE

® 49% 297 218 1.95 1.58 2.13
® 2% 375 286  3.12 3.60 3.22
© 95% 1.85 1.63 1.69 1.94 1.74

ACVAE 0% 343 258 2.90 3.50 2.98

Table 2: The similarity scores of converted speech produced by
MoEVC with different FRRs and ACVAE.

FRR F2F F2M M2F M2M AVE

@ 49% 283  2.05 1.78 1.85 2.06
® 2% 327 210 2.05 3.32 2.48
© 95% 241 1.63 1.5 2.06 1.79

ACVAE 0% 295 213 220 3.36 2.50

naturalness and similarity to the target speaker. Tables 1 and 2
show the MOS scores (for naturalness) and the similarity scores,
where X2Y denotes the conversion of speaker type X to speaker
type Y, F and M represent female speakers and male speakers,
and AVE denotes the average score of all conversion pairs.

From Table 1, we note that the trend of MOS results is the
same as in Fig. 4, i.e., case @ (fully compressed) is better than
case @ (under compressed) and case © (over compressed).
Moreover, case B even obtains better MOS scores than the
original ACVAE-VC system, where no sparse constraints were
applied, i.e., no acceleration. From Table 2, we can also see that
case (B) is better than case @), case ©), and the original ACVAE-
VC system. However, the improvement in the similarity score
seems to be less significant than the improvement in the MOS
score. There may be two reasons. First, the MoEVC model
was adjusted by the MOSNet score, which was highly corre-
lated with the MOS score. Second, model compression may be
more harmful to similarity than naturalness.

5. Conclusions

The main contribution of this study is twofold. First, we con-
firmed the effectiveness of DeepMoEs for the acceleration of
online computation for deep-learning-based VC tasks. Accord-
ing to our experimental results, under the condition of reducing
the FLOPs count by 70%, the proposed MoEVC system will
not harm the performance, and even improve the naturalness
and similarity of the converted speech. Second, we proved that
MOSNet can be used as an effective learning-based objective
evaluator for VC tasks. We confirmed that the predicted scores
are consistent to the results of human listening tests. Because
it is difficult to conduct extensive human listening tests, using
MOSNet to predict MOS scores during the model development
phase can greatly speed up model development. We hope that
our work can promote the research on model compression and
online computation acceleration for VC.
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