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Abstract
This paper integrates a density estimation scheme based on neu-
ral networks with voice conversion (VC) under constraints of
time-variant linear transformation. In VC, deep neural networks
(DNNs) are used as conversion models that represent mapping
from source to target features, in which a stack of multiple non-
linear transformations is applied to source ones. In automatic
speech recognition and text-to-speech synthesis, direct mapping
between source and target features by DNNs works effectively
and flexibly since DNNs are suitable for such tasks in which in-
put and output feature domains are heterogeneous, i.e. speech-
to-text or text-to-speech. On the other hand, the case of VC is
different from them, i.e. input and output features usually ex-
ist on the same domain, such as cepstral space. This condition
may help more effective and flexible DNN-based VC. From this
point of view, VC based on DNNs for time-variant linear trans-
formations has been suggested. The method can utilize the con-
dition, in which a trained model outputs parameters of linear
transformations for each time index t: a linear transformation
matrix At and a bias vector bt. It was observed that the method
improved the performance of VC. However, the detailed prop-
erties of At and bt have still been obscure. In this paper, in
order to reveal it, full-covariance mixture density networks are
introduced to the VC framework. In the proposed method, joint
density of source and target features is directly estimated from
the source features by mixture density networks. From the help
of tight relationship between Gaussian and linear transforma-
tion, the correspondence between the parameters At and bt,
and density of the feature space become clear. The proposed
scheme was investigated by experiments of VC, and the results
showed that naturalness improvement was observed compared
with naive DNN-based VC and the decided correspondence be-
tween At and bt was observed.
Index Terms: voice conversion, deep neural networks, mixture
density networks, Cholesky decomposition, Gaussian mixture
models

1. Introduction
Voice conversion (VC) is a technique to modify the non-
linguistic information of an input utterance while maintaining
its linguistic information unchanged [1]. Among the various as-
pects of non-linguistic information, we focus on conversion of
speaker identity which is represented in spectral envelopes. VC
techniques can be applied to various applications such as mod-
ification of non-linguistic information of speech output from a
text-to-speech synthesizer [2, 3].

VC techniques are usually implemented by mapping mod-
els which map from utterance features of a source speaker to
those of a target speaker. For the mapping models, Gaus-
sian mixture models (GMM), non-negative matrix factorization
(NMF) and deep neural networks (DNNs) are widely used [2, 4,

5]. DNN-based VC is especially studied because of its remark-
able results in automatic speech recognition (ASR) and text-to-
speech synthesis (TTS). Generally, DNNs map source and tar-
get features directly through a stack of multiple nonlinear trans-
formations. In ASR and TTS, the direct mapping through the
transformations can be effective and flexible since their source
and target domains are heterogeneous, such as speech and text.
These heterogeneous mappings are also intoduced to VC such
as posterior to spectral feature mapping [6]. However, VC is
essentially a task of homo-domain mapping. In VC, input and
output of a system exist on the same feature domain. The tra-
ditional GMM-based and NMF-based VC methods utilize the
characteristic of VC, in the form of joint density modeling and
spectral templates modeling. This indicates that, in VC, the di-
rectly mapping architecture of DNNs may be redundant so that
input features can be mapped to unrealistic features, especially
without a large amount of training data. Hence, it is worthwhile
to study architectures exploiting the condition of homo-domain
mapping.

Taking the condition into consideration, VC based on DNN
for time-variant linear transformations (DNN-TVLT) has been
proposed [7]. DNN-TVLT-based VC realizes only linear con-
version but in a time-variant way: ŷt = A (xt)xt + b (xt),
which is inspired by joint-GMM-based VC. DNN-TVLT-based
VC achieves superior performance of VC than traditional DNN-
based VC which maps source and target features directly. How-
ever, the relationship between its time-variant parameters At

and bt are unclear because they are only relevant via the crite-
rion of minimizing mean square error between yt and ŷt. Our
proposal is a novel VC method which makes the correspon-
dence between parameters At and bt and density of the fea-
ture space clear, so that the trained model is expected to more
flexibly utilize the condition of homo-domain mapping. This is
VC based on mixture density networks for time-variant linear
transformations (MDN-TVLT).

In MDN-TVLT-based VC, an MDN outputs parameters of
a time-variant joint-GMM which models the joint density of
source and target feature vectors, and then the parameters of
time-variant linear transformations At and bt are constructed
from the parameters of the time-variant joint-GMM. The pro-
posed framework is expected to effectively and flexibly utilize
the constraints of homo-domain mapping. In our experiments,
the proposed method is evaluated in subjective assessments and
the results showed that naturalness improvement was observed
compared with naive DNN-based one and the decided corre-
spondence of At and bt was observed.

2. Related works
2.1. Joint-GMM-based VC

In this section, we briefly explain VC based on joint GMM and
its interpretation as time-variant linear transformation [2]. Let
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xt and yt be feature vectors of time index t from utterances of
source and target speakers, respectively. Note that these utter-
ances are parallel data. In joint-GMM-based VC, joint vector
zt =

[
x⊤

t ,y
⊤
t

]⊤
is modeled by GMM which has M compo-

nents as follows

P
(
zt | λ(z)

)
=

M∑

m=1

wmN
(
zt;µ

(z)
m ,Σ(z)

m

)
, (1)

where wm, µ(z)
m and Σ

(z)
m denote the weight, the mean vector,

and the covariance matrix of the m-th Gaussian component, re-
spectively. The mean vector and the covariance matrix can be
separately represented by that of source and target features as
follows

µ(z)
m =

[
µ

(x)
m

µ
(y)
m

]
,Σ(z)

m =

[
Σ

(xx)
m Σ

(xy)
m

Σ
(yx)
m Σ

(yy)
m

]
. (2)

In the conversion phase, a mapping function from source to tar-
get features F (·) is based on the conditional probability den-
sity P (yt | xt). When we use minimizing mean square error
for the criterion of the conversion, the mapping function can be
written as follows

F (xt) =
M∑

m=1

P
(
m | xt,λ

(z)
)
E

(y)
m,t, (3)

where

E
(y)
m,t = µ(y)

m +Σ(yx)
m Σ(xx)−1

m

(
xt − µ(x)

m

)
. (4)

Eq. 3 indicates that the first term P (m|xt,λ
(z)) plays a role of

allocating the source feature at time t to a specific component
of GMM, and the second term E

(y)
m,t plays a role of linear trans-

formation corresponding to the component. To be exact, the
conversion in Eq. 3 is carried out by the weighted sum of each
component, and then the conversion is not discrete but contin-
uous. From this point of view, the mapping function F(·) can
be represented as a time-variant linear transformation, which is
written as follows

ŷt = F (xt) = A (xt)xt + b (xt) , (5)

where

A (xt) =
M∑

m=1

P
(
m | xt,λ

(z)
)(

Σ(yx)
m Σ(xx)−1

m

)
, (6)

b (xt) =
M∑

m=1

P
(
m | xt,λ

(z)
)(

µ(y)
m −Σ(yx)

m Σ(xx)−1
m µ(x)

m

)
.

(7)

Eq. 6 indicates that GMM-based time-variant linear transforma-
tion strongly depends on the properties of GMM, namely that
only the weight sum of Σ(yx)

m Σ
(xx)−1
m is permitted as the flexi-

bility of the transformation.

2.2. DNN-TVLT-based VC

This section explains VC based on time-variant linear transfor-
mations of which parameters are estimated by DNN [7]. In tra-
ditional DNN-based VC, DNNs are trained to represent map-
ping directly from source to target spectral features, often char-
acterized as cepstrum, with a stack of multiple nonlinear trans-
formations [5]. In the case that a large amount of training data
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Figure 1: Framework of DNN-based time-variant linear trans-
formations in [7].

is available, such DNN-based approaches achieve better perfor-
mance on the conversion than traditional GMM-based VC. Let
h(l) be a feature vector of the l-th layer in a DNN, and then the
transformation function between two layers is represented as a
combination of linear conversion from the previous layer and
an activation function g(·), which is shown as follows

h(l) = g
(
W (l)h(l−1) + b(l)

)
. (8)

In traditional DNN-based VC, the DNN is trained to represent
a mapping function from source to target features as follows

ŷt = G (xt) , (9)

where G (·) is a stack of multiple nonlinear transformations
(Eq. 8). In the conversion process, the target feature ŷt is de-
rived from the given source feature xt by a stack of multiple
nonlinear transformations G (·). The direct mapping can effec-
tively and flexibly connect features in heterogeneous domains,
such as text and speech in ASR or TTS. On the other hand, in
the case of VC, the direct mapping can be redundant since the
task of VC is homo-domain mapping.

In DNN-TVLT-based VC, the homo-domain condition is
effectively utilized compared with the traditional direct map-
ping method. In this study, it is shown that linear conversion
can work at least for vocal tract length transformation and if it
can be implemented in a time-variant way, the resulting model
can convert input speech in a more flexible way. The network
architecture of DNN-TVLT-based VC is shown in Fig. 1. The
entire network is composed of two sub-networks and their con-
nection. For each input xt, they estimate their corresponding
parameters, one for a linear transformation matrix and the other
for a bias vector. Using both of them, a source feature vector xt

is mapped into its target feature ŷt, shown as follows,

ŷt = A (xt)xt + b (xt) . (10)

The adopted training criterion is the same as it often used
in conventional VC methods, which is minimization of con-
version errors, i.e. cepstrum distortion. The method does not
only exploit the constraints more effectively than the traditional
DNN-based one, but also can represent the mapping features in
a more flexible way than GMM-based one. Since the conversion
in DNN-TVLT is constrained to linear conversion, the trained
model is expected to avoid mapping to unrealistic speech fea-
tures. In their experiments, the results suggest that DNN-TVLT-
based VC improves the conversion performance in subjective
assessments about naturalness.
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3. Full-covariance MDN for time-variant
linear transformations

3.1. VC based on MDN for time-variant linear transforma-
tions

This section explains our proposed method of VC based on
time-variant linear transformations of which parameters are fab-
ricated by outputs of an MDN. Its training and conversion
schematics are shown in Fig. 2. In DNN-TVLT-based VC, while
the constraints of homo-domain mapping is exploited, the re-
lationship between its time-variant parameters At and bt, are
obscure because they are only relevant via the criterion of min-
imizing mean square error between yt and ŷt. In other words,
although At and bt are expected to correspond to rotation and
shift transformations respectively, they do not necessarily corre-
spond to such functions because of the high flexibility of DNNs.
Our proposal is that, the parameters At and bt are constructed
from parameters of time-variant joint-GMM which models the
joint vector zt =

[
x⊤

t ,y
⊤
t

]⊤
given xt.

Our model learns the conditional probability density
P (zt | xt) which is represented as in the form

P (zt | xt,θ) =
M∑

m=1

wt,m N
(
zt;µ

(z)
t,m,Σ

(z)
t,m

)
, (11)

where θ indicates parameters of an MDN, and wt,m, µ
(z)
t,m,

Σ
(z)
t,m are outputs of the MDN given the input xt. Although

Eq. 11 may look a bit strange because P (zt | xt,θ) includes
P (xt | xt,θ), it indicates reconstruction through the network
like autoencoders. In other words, the probability density
P (zt | xt) can be written as

P (zt | xt) = P (xt,yt | xt) (12)

=

∫
P (xt,yt | lt,xt)P (lt | xt) dlt (13)

≃
∫

P (xt,yt | lt)P (lt | xt) dlt (14)

where lt is a latent representation, which is often regarded as
linguistic information in the context of VC, and then the first
and second terms of Eq. 14 indicate decoder and encoder, re-
spectively. Note that, in this paper, the latent representation is
not utilized explicitly and it is one of our future works.

A mapping function F (·) to convert the source vector xt

to the target vector ŷt is derived based on the conditional prob-
ability density P (zt | xt), in a similar manner to GMM-based
VC. This probability density can be represented by parameters
of the time-variant joint density model, which is the output of
the MDN, and then the mapping function F (·) can be shown as
follows

F (xt) =
M∑

m=1

wt,m

(
µ

(y)
t,m +Σ

(yx)
t,m Σ

(xx)−1
t,m

(
xt − µ

(x)
t,m

))
.

(15)
Especially in the case of single component (M = 1), it can be
represented as follows

F (xt) = µ
(y)
t +Σ

(yx)
t Σ

(xx)−1
t

(
xt − µ

(x)
t

)
. (16)

To compare with the mapping function in DNN-TVLT-based
VC (Eq. 10), Eq. 16 can be re-written as follows

F(xt) = A(xt)xt + b(xt), (17)

where

A(xt) = Σ
(yx)
t Σ

(xx)−1
t , (18)

b(xt) = µ
(y)
t −Σ

(yx)
t Σ

(xx)−1
t µ

(x)
t . (19)

As shown in Eq. 19, the correspondence between the linear
transformation matrix and the bias vector are explicit because
they are fabricated by the parameters of the time-variant joint-
GMM. The proposed networks estimate all the parameters re-
lated to both the source and target features while the conven-
tional ones only capture the relationship between the source and
target. That is, it tries to capture a larger amount of information
from the source than the conventional network.

In our experiments, the number of mixtures is fixed to one
in order to compare the performance of DNN-TVLT and MDN-
TVLT. The proposed framework is expected to effectively ex-
ploit the constraints of homo-domain mapping and also flexibly
learn time-variant properties.

3.2. Full-covariance MDN based on Cholesky decomposi-
tion

In this section, we explain our implementation of full-
covariance MDN. Modeling the joint density over variables
with MDNs is in general much difficult, because it requires out-
putting a positive definite covariance matrix. In the case of com-
paring our proposed method with DNN-TVLT-based VC, how-
ever, full-covariance matrices can be needed. In this section,
the implementation of full-covariance MDNs via the Choleskey
decomposition is explained.

First, we briefly explain MDN [8]. In MDN, the probability
density of the target data yt is represented as in the form

P (yt|xt) =
M∑

m=1

wt,mN (yt;µ
(y)
t,m,Σ

(y)
t,m). (20)

In most studies using MDNs, diagonal-covariance matrix is
adopted because its computation and implementation are easy.
In the diagonal case, outputs of MDNs are shown as follows

wt,m =
exp(zwt,m)

∑M
i=1 exp(z

w
t,i)

, (21)

σt,m = exp(zΣ
t,m), (22)

µt,m = zµ
t,m, (23)

where zwt,m, zΣ
t,m and zµ

t,m are output vectors of the last hidden
layer, and wt,m, σt,m and µt,m indicate the weight, the diago-
nal element vector of covariance matrix and the mean vector of
m-th component of GMM, respectively.

A symmetric positive definite square matrix Σ, such as a
covariance matrix of Gaussian distribution, is decomposed with
the Cholesky decomposition as in the form

Σ = U⊤U = LL⊤, (24)

where U is a unique upper triangular matrix and L is a unique
lower triangular matrix. The covariance matrix can be con-
structed from the lower triangular matrix and its transposed ver-
sion, and then the full-covariance MDN can be implemented by
the MDN outputting the triangular matrix Lt,m. Fot the di-
agonal elements of the lower triangular matrix: diag (Lt,m) =
[lt,m,0, ..., lt,m,D−1], it is convenient to represent them in terms
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Figure 2: Framework of time-variant linear conversion based on full-covariance MDNs. At left is a schematic of training of MDN-
TVLT-based VC. At right is a schematic of time-variant linear conversion using a trained MDN.

Table 1: Experimental conditions of evaluated methods. In
DNN-TVLT, the two number of parameters of layers and units
indicate the number of parameters of two sub-networks, respec-
tively. The three number of that in MDN-TVLT indicate the
number of parameters of a shared sub-network, that of esti-
mating covariance matrix and that of estimating mean vector,
respectively.

Methods Nb. layers Nb. Units
Baseline 6 256
DNN-TVLT 6,3 256,256
MDN-TVLT 4,6,4 64,128,128

of exponentials of the corresponding network outputs, which is
shown as follows

lt,m,i = exp(zΣt,m,i) (i = 0, 1, ..., D − 1), (25)

where lt,m,i indicates the i-th element of the diagonal elements.
The other lower triangular elements are unrestricted since posi-
tive definiteness is guaranteed. This is that, they are represented
directly by the network outputs as follows

lt,m,i = zΣt,m,i (i = D, ...,D (D + 1) /2− 1) . (26)

Hence, the outputs of networks can construct lower triangu-
lar matrix Lt,m, and then full-covariance matrix Σt,m is con-
structed by the lower triangular matrix and its transposed ver-
sion. MDNs which output the lower triangular entries in the
Cholesky decomposition of full-covariance matrix have been
also mentioned in some previous studies [9, 10].

4. Experiments
4.1. Experimental conditions

To evaluate our proposed method, subjective evaluations were
carried out. The ATR Japanese speech dataset B-set were used
as a source and target male-to-male pair (MHT to MMY) [11].
We compared three methods in the evaluations, which are the
conventional DNN-based VC (Baseline), the VC based on DNN
for time-variant linear transformations (DNN-TVLT) and the
proposed method (MDN-TVLT).

From the dataset, subset A, B, I and J of phoneme-balanced
sentences were used, which had about 50 sentences for each
subset. The first two subsets, the third and the forth sub-
sets were used for training, validation and testing, respectively.

Speech signals were sampled at 20 kHz. Feature vectors were
extracted with a 5-ms shift and the feature vector consisted of
the 0-th through 24-th mel-cepstrums, which were derived from
WORLD analysis [12] (D4C edition [13]). As preprocessing for
the cepstral features, trajectory smoothing with a cutoff modu-
lation frequency of 50 Hz was used [14]. Alignment of parallel
data was performed by Affine-DTW which iteratively performs
dynamic time warping and global, time-invariant, affine trans-
formation as a coarse voice conversion to avoid that the differ-
ence of speaker identities affects alignment of parallel data [15].
For the generation of speech waveform, voice conversion with
direct waveform modification based on spectrum differential
was applied [16]. In addition, F0 transformation was performed
by linear transformation.

For the input and output features of all the DNNs, 24-
dimensional mel-cepstrums were used. The activation functions
were ReLU and a linear mapping in hidden and output layers,
respectively. Dropout with probability of 0.5 was applied to
each layer. As an optimization method, AMSGrad with a learn-
ing rate of 0.001 was used [17]. The batch size was 1024 and the
number of epochs was fixed to 5. The other hyper-parameters
of the methods are shown in Tab. 1, which were determined in
validation loss by preliminary experiments.

Subjective evaluations were performed to evaluate natural-
ness of converted speech and similarity between the converted
and target speech. The evaluations were conducted with 25 sub-
jects for each test. To evaluate the naturalness, AB test was
carried out, where pairs of two converted samples were pre-
sented to subjects, and then each subject judged which sample
sounded more natural. To evaluate the similarity, ABX test was
performed, where pairs of two samples were presented after pre-
senting the reference sample of the target speech, and then each
subject judged which sample sounded more similar to the refer-
ence one in terms of speaker identity. The test sentences were
randomly selected from test set and the number of sample pairs
evaluated by each subject was 15, which means 5 sample pairs
for each method pair, in each test.

4.2. Experimental results

Fig. 3 shows the results of naturalness and similarity tests. In
the naturalness test, the MDN-TVLT and the DNN-TVLT out-
performed the Baseline. This would be because time-variant
linear transformations of both MDN-TVLT and DNN-TVLT
worked effectively to model the conversion. However, the pro-
posed MDN-TVLT did not outperform the DNN-TVLT. In all
the cases, the proposed method achieved the reasonable perfor-

78



(a) Naturalness

(b) Similarity

Figure 3: Results of subjective evaluations.

mance in similarity. Unlike the DNN-TVLT, the MDN-TVLT
tried more challenging task which is modeling the probability
density over all the parameters related to both the source and
target features. As a result, the MDN-TVLT was inferior to
the DNN-TVLT in our experimental condition. Further exper-
iments with a large amount of training data and cross-gender
speaker pair are our future works.

To investigate the correspondence between A (xt) and
b (xt), the parameters from an utterance in test set were vi-
sualized in Fig. 4, 5. In Fig. 4, the time correspondence be-
tween A (xt) and b (xt) which are fabricated by outputs of the
trained MDN-TVLT can be clearly observed, while it can not
in Fig. 5. From this point of view, the proposed MDN-TVLT
worked well.

The proposed scheme based on MDNs has possibilities that
it can be utilized various kinds of applications in addition to
one-to-one VC. The proposed networks estimate all the param-
eters related to both the source and target features while the con-
ventional ones only capture the relationship between the source
and target. That is, it tries to capture a larger amount of informa-
tion from the source than the conventional network. Although
the proposed networks are not easy to be trained in a limited
task such as one-to-one VC, they are expected to be utilized for
a larger task such as arbitrary speaker conversion, because the
task requires not only the relationship between input and output,
but also the whole properties of the feature space.

5. Conclusions
This paper has integrated a density estimation scheme based on
neural networks with VC under constraints of time-variant lin-
ear transformations. Our proposal is a novel VC method based
on MDN-TVLT which makes the correspondence between the
parameters At, bt clear so that the trained model is expected to
more flexibly utilize the condition of homo-domain mapping. In
MDN-TVLT-based VC, an MDN outputs parameters of time-
variant joint-GMM which models the joint density of source
and target features, and then the parameters At and bt are fab-
ricated by parameters of the time-variant joint-GMM. In our ex-
periments, the proposed method was evaluated in subjective as-
sessments and the results showed that naturalness improvement
was observed compared with traditional the DNN-based one but
it was not with the DNN-TVLT-based one. The MDN-TVLT
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(b) The bias vector b (xt)

Figure 4: Visualizations of parameters of time-variant linear
transformation A (xt) and b (xt), which are fabricated by out-
puts of a trained MDN-TVLT. In the figures, the correspondence
of the parameters can be observed.

has tried more challenging task than the DNN-TVLT, which is
modeling the probability density over all the parameters related
to both the source and target features. Our experimental con-
dition could be disadvantageous to the MDN-TVLT so further
experiments are needed. In the experimental results, however,
the correspondence between the parameters At and bt can be
observed in the MDN-TVLT while it can not in the DNN-TVLT.

The proposed framework does not only effectively exploit
the constraints that the input and output exist on the same do-
main, but also has possibilities that it can be utilized various
kinds of applications in addition to one-to-one VC. In other
words, the proposed networks estimate all the parameters re-
lated to both the source and target features while the conven-
tional ones only capture the relationship between the source
and target. The flexibility of our proposal for one-to-many or
many-to-many voice conversion will be investigated. Applying
our proposal to parallel data free voice conversion via utilizing
latent representation is also one of our future works.
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Figure 5: Visualizations of parameters of time-variant linear
transformation A (xt) and b (xt), which are outputted by a
trained DNN-TVLT.
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