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Abstract—Voice Conversion (VC) converts the speaking style
of a source speaker to the speaking style of a target speaker by
preserving the linguistic content of a given speech utterance.
Recently, Cycle Consistent Adversarial Network (CycleGAN),
and its variants have become popular for non-parallel VC
tasks. However, CycleGAN uses two different generators and
discriminators. In this paper, we introduce a novel Adaptive
Generative Adversarial Network (AdaGAN) for non-parallel
VC task, which effectively requires single generator, and two
discriminators for transferring the style from one speaker to
another while preserving the linguistic content in the converted
voices. To the best of authors’ knowledge, this is the first study
of its kind to introduce a new Generative Adversarial Network
(GAN)-based architecture (i.e., AdaGAN) in machine learning
literature, and the first attempt to apply this architecture for nonparallel VC task. In this paper, we compared the results of the
AdaGAN w.r.t. state-of-the-art CycleGAN architecture. Detailed
subjective and objective tests are carried out on the publicly
available VC Challenge 2018 corpus. In addition, we perform
three statistical analysis which show effectiveness of AdaGAN
over CycleGAN for parallel-data free one-to-one VC. For intergender and intra-gender VC, We observe that the AdaGAN yield
objective results that are comparable to the CycleGAN, and are
superior in terms of subjective evaluation. A subjective evaluation
shows that AdaGAN outperforms CycleGAN-VC in terms of
naturalness, sound quality, and speaker similarity. AdaGAN was
preferred 58.33% and 41% time more over CycleGAN in terms
of speaker similarity and sound quality, respectively.
Index Terms—Voice Conversion, GAN, CycleGAN, AdaIN,
AdaGAN.

I. I NTRODUCTION
Voice Conversion (VC) is a technique for converting the
voice of source speaker into target speaker by modifying
prosodic and spectral features of the source speaker [1]. Some
of the important details in the converted voice are lost because
of inaccurate spectral feature mapping and statistical averaging
(i.e., over smoothing) of speech sound units [2]. Hence, this
problem can be formulated as a regression problem for estimating mapping between para/non-linguistic information that
is contained in a given utterance while preserving linguistic
content as it is.
Many successful frameworks for VC are based on Gaussian
Mixture Models (GMMs) [2], [3], Deep Neural Network
(DNN) [4], [5], Recurrent Neural Networks (RNNs) [6], Generative Adversarial Networks (GANs) [7], and Non-negative
Matrix Factorization (NMF) [8]. These methods get impressive
results in the field of VC using parallel corpus however,
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among these methods, many VC methods need time alignment
between source and target speakers’ training data. Even though
we could collect such data, manually aligning them can be
intensively laborious and costly. In addition, misalignment
leads to degradation in speech quality [9]–[12]. To overcome
these problems with parallel data, this paper focus on a nonparallel VC method, which does not require any parallel
utterances, transcriptions, or time alignment.
Developing non-parallel VC framework is challenging task
because of the problems associated with the training conditions using non-parallel data in deep learning architectures.
However, attempts have been made to develop many nonparallel VC frameworks in the past decade. For example,
Maximum Likelihood (ML)-based approach proposed by Ye
et al. [13], speaker adaptation technique by Mouchtaris et al.
[14], GMM-based VC method using Maximum a posteriori
(MAP) adaptation technique by Lee et al. [15], iterative
alignment method by Erro et al. [16], Automatic Speech
Recognition (ASR)-based method [17], speaker verification
based method using i-vectors [18], and many other frameworks [6], [19]–[27]. Recently, a method using Conditional
Variational Autoencoders (VAEs) [28] was proposed for nonparallel VC in [22], [24]. One powerful framework that can
potentially overcome the weakness of VAEs involves GANs
[29]. While GAN-based methods originally applied for imagetranslation problems, these methods have been also employed
with noteworthy success for various speech technology related applications [30]–[33]. In GANs-based methods, Cycleconsistent Adversarial Network (CycleGAN)-VC is one of
state-of-the-art methods in non-parallel VC task proposed by
Kaneko et al. in [23]. In addition, StarGAN is proposed for
many-to-many VC, which uses target speaker indication via
one-hot vector [34]. However, we aim to improve one-to-one
VC by using the novel concept of speaker style transfer.
This paper addresses the problem of non-parallel VC using adversarial training. In CycleGAN, we need featurebased mapping technique for both style-transfer and content
preservation. Moreover, CycleGAN consists of two different
generators and discriminators for non-parallel VC task. To
overcome this complexity in such cross-domain architectures
(i.e., CycleGAN, Discover GAN, DualGAN, etc.), we introduce a novel Adaptive Generative Adversarial Network
(AdaGAN) with less complexity in terms of computation and
time. AdaGAN has only one generator which primarily does
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Fig. 1: Proposed AdaGAN architecture with transferring the style: (a) y to x and (b) x to y.
style transfer using Adaptive Instance Normalization (AdaIN)
and two discriminators which are responsible for adversarial
training of generator. The key idea behind AdaGAN is to
encapsulate the style of a target speaker into a source speaker’s
speech which retains the same content without doing featurebased mapping for linguistic information.
Experimental results show that our proposed AdaGAN outperforms CyleGAN in terms of subjective as well as objective
results on VC challenge 2018 corpus for non-parallel VC.
We observe that the AdaGAN yields objective results that are
comparable to the CycleGAN, and are superior in terms of
subjective evaluation. We also performed statistical analysis
in terms of t-SNE visualisation, comparisons of spectrograms,
and Teager Energy Operator (TEO) profile-based analysis to
show the superiority of AdaGAN over CycleGAN.
II. P ROPOSED M ETHOD
In this section, we introduce the AdaIN for style transfer,
and give description about how we encapsulate AdaIN in
AdaGAN. Furthermore, we compare the AdaGAN with the
state-of-the-art CycleGAN architecture for parallel-data free
one-to-one VC.
A. Adaptive Instance Normalization (AdaIN)
The concept of AdaIN was first introduced in computer
vision for doing arbitrary style transfer on the image-to-image
translation task [35]. In this paper, we first time introduce
AdaIN for VC task. AdaIN takes features x and y as content
and style input, respectively. It will align the mean and
variance of the feature x in such a way that it will match with
mean and variance of feature y. However, AdaIN will adjust
the parameters by considering the input style feature y since
it does not have any learnable parameters. The mathematical
form of AdaIN is defined as:
 x − µ(x) 
AdaIN (x, y) = σ(y)
+ µ(y).
σ(x)

(1)

From eq. 1, we can infer that AdaIN first normalizes input
content features x, and scales back based on mean and
variances of input style features y. Intuitively, let us consider
features of a particular speaker contains specific style. As a
result, the output produced by AdaIN have the high average
activation for the features which are responsible for style while
preserving linguistic content.
B. AdaGAN
AdaGAN uses non-parallel corpus to learn the mapping
function between source speaker (i.e., x ∈ X) to a target
speaker (i.e., y ∈ Y ), where X and Y are the data distributions for features of a source, and target speakers’ speech,
respectively. AdaGAN uses one generator (i.e., G) and two
discriminators, DX and DY to identify styles of speaker x
and y, respectively. Furthermore, the generator is divided into
three sub-parts, namely, encoder (E), AdaIN, and decoder (D).
Here, the same E will extract the features FX and FY from
the inputs x and y, respectively. Both of these features will
be treated as content and style features as input to the AdaIN,
respectively. The output of the AdaIN will be scaled features,
FX according to the features, FY . Let this be denoted as t (t1
and t2 in Fig. 1). In Fig. 1, t1 denotes scaling of feature FX
according to feature FY , and t2 denotes scaling of feature FY
according to feature FX . Now, this t will be given as input
to the D, and this D will generate output features, x0 . This
converted feature x0 should be similar on style with the domain
Y , and it should preserve the content of the input features,
x. This converted features x0 are provided to discriminator
DY , which ensure adversarial training. Overall, our goal is to
make E to extract the features in such a way that the content
will be independent of the distribution, however, style of the
speaker will be preserved in the distribution. Hence, by scaling
the input based on target in AdaIN, the style distribution
of the speaker should be transferred, and content should be
conserved. Moreover, D will learn to generate back from
encoded input feature, and DX plays a role for adversarial
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training for transferring style of x to y. Fig. 1 shows the
proposed AdaGAN architecture for style transfer.
To achieve the goal, we train AdaGAN as described in Fig.
1. Using encoder, we extracted the features FX1 , FX2 , FY1 ,
and FY2 of x1 , x2 , y1 , and y2 , respectively. After this, we have
used AdaIN to transfer the style of y1 to x1 , and the output
from AdaIN is given to decoder to decode this scaled feature
0
0
to x . Now, x will be passed from the same encoder again,
and this encoded features alongside the FX2 will be given
as the input to AdaIN . Instead of taking same input x1 , we
have used x2 to transfer the speaking style of speaker X since
E will become bias to the inputs by using x1 again, and our
proposed cycle-consistent loss will not be effective. Moreover,
the same decoder will decode back from this newly scaled
feature, and this should be similar to the input x1 . To transfer
the style of x1 into y1 , we do the same as described above (see
Fig. 1 (b)). Since our task is to encapsulate the target speaker’s
style into source speaker’s speech while preserving content, we
explore different loss functions to achieve this. In addition, all
of our loss functions (except adversarial loss) incorporates L1
norm instead of L2 norm as suggested in [36].
Adversarial loss: This loss is used to make the generated
or converted speech indistinguishable from the original target
voice. This loss function can be mathematically formulated as:
LGXY = Ex0 ∼X [(log(DX (y 0 ) − 1)2 ]
+ Ey0 ∼Y [log(DY (x0 ) − 1)2 ],
LDXY = Ex1 ∼X [(log(DX (x1 ) − 1)2 ]
+ Ey1 ∼Y [log(DY (y1 ) − 1)2 ].

(2)

(3)

(4)

In Fig. 1, G(x, y) is denoted by x0 , and G(x0 , x) is denoted
by x0 , and it should be the same as x. Similarly, G(y, x) is
denoted by y 0 and G(y 0 , y) is denoted by y0 , and it should be
the same as y.
Style Transfer Loss: To preserve the transferred style of the
input speech during AdaIN, we use following L1 norm, i.e.,
LCX→Y = kE(D(t1 )) − t1 k1 ,

LSX→Y = kAdaIN (E(D(t1 ))) − FX1 k1 ,

(6)

where FX1 is the encoded feature of input x1 and
AdaIN (E(D(t1 ))) is nothing but t2 (shown in fig 1).
For given target encoded feature FY1 , we use AdaIN to get
t1 . After this, we simply use decoder D to generate x0 . In
addition, we use this generated x0 and x2 as input to the AdaIN.
Output of this AdaIN, namely t2 , should be the similar to the
encoded feature of x1 which is FX1 in terms of content and
style both because both features contains the encoded versions
of the different input features with same content and from the
same speaker, one or in another way. Hence, this loss ensures
that content should be preserved during the whole process.
Final Objective Loss Function: The overall objective function of AdaGAN can be mathematically defined as:
Ltotal =LGXY + LDXY + λ1 Lcyc + λ2 LCX→Y +
λ3 LCY →X + λ4 LSX→Y + λ5 LSY →X ,

(7)

where λ1 , λ2 , λ3 , λ4 , and λ5 are the hyperparameters. These
parameters controls the relative importance of each loss w.r.t.
each other. We have used λ1 = 10, λ2 = 2, λ3 = 2, λ4 = 3,
and λ5 = 3 during the experiments.
C. CycleGAN vs. AdaGAN

Cycle Consistency Loss: By using only adversarial loss, we
may loose linguistic information from the converted voice. To
make sure that the generator G learns to keep the linguistic
information, we use L1 norm as cycle consistency loss, and
can be described as:
Lcyc = E{x1 ,x2 }∼X [kG(G(x1 , y1 ), x2 ) − x1 k1 ]
+ E{y1 ,y2 }∼Y [kG(G(y1 , x1 ), y2 ) − y1 k1 ].

Content Preserve Loss: To preserve the content of the input
speech during AdaIN, we use following L1 norm, i.e.,

(5)

where t1 is the output of AdaIN for given inputs x1 , and y1 .
By using this loss, we are giving the direction to the encoder
in which it should preserve the style between t1 and again
encoded feature of x0 by keeping the encoded features’ distribution similar to each other. This is the only style which is
similar between t1 and FX 0 , whereas content will be different
between them. This raise the question regarding the similarity
of content. Therefore, we use the following loss function to
solve this issue.

In CycleGAN for VC, we use two different generators
to find the mapping function between the features of the
source speaker’s speech and the features of the target speaker’s
speech. Whereas, AdaGAN uses a single generator to do
the same task. In CycleGAN, generators are trained for
only convert first speaker voice to the second speaker not
vice-versa. Hence, generators are doing only a specific task
in CycleGAN. In contrast, AdaGAN uses one generator to
convert first to second speaker’s and second to first speaker’s
voice. The reason is, an encoder in AdaGAN has learned
in such a way that it can extract the content and style of
both the speakers. AdaIN can transfer the style very easily,
and decoder is trained to decode any content with any style.
There is no concept of extracting speaker style and content in
CycleGAN since it uses a generator to convert voice directly
without considering content or style. When we calculate the
number of different parameters (i.e., weights and biases) that
are needed to learn in CycleGAN and AdaGAN for each
iterations are 2,227,282 and 2,185,770 respectively. Hence, we
can clearly see that AdaGAN requires 41,512 less parameters
to learn w.r.t. to CycleGAN. In addition, AdaGAN takes
on an average around 860 seconds training time for single
source-target pair. However, CycleGAN takes 1220 seconds
for training in same conditions. The training was done on
PC containing 16GB RAM and GTX1070Ti graphic card.
Hence, with less complexity, it still gives comparable results in
objective assessment and outperforms in subjective evaluation
(as shown in section IV).
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III. E XPERIMENTAL S ETUP
A. Database
The experiments are evaluated on the Voice Conversion
Challenge (VCC) 2018 database [37]. The statistics of the
database are given in [37]. The database is designed to provide
two cases, namely, Hub task (i.e., parallel training data), and
Spoke task (i.e., non-parallel training data) [37]. VC systems
were developed among 16 speaker-pairs for each the Hub and
the Spoke task. Statistics of the databases are shown in Table
I.
TABLE I: Statistics of the VCC 2018 database. After [37].

Fig. 2: MCD analysis of the different systems based intra-gender
non-parallel VC task along with 95% confidence interval.

No. of Speakers No. of Utterances
Male Female Training Testing
Source 2
2
81
35
Spoke
Target
2
2
81
35
Task Speaker

The 40-dimensional (dim) Mel Cepstral Coefficients
(MCCs) (including the 0th coefficient) are extracted from the
speeches of source and the target speakers with 25 ms window
and 5 ms frameshift. For analysis-synthesis, we have used
AHOCODER [38].
B. Architecture Details
In this paper, generators in CycleGAN follow the identical
architecture with the three hidden layers. Each hidden layer
contains 512 neurons with Rectified Linear Unit (ReLU)
activation, whereas the output layer has a linear activation
function. Generator of AdaGAN consists of the encoder and
decoder as suggested in Fig. 1. Both the encoder and decoder
follow the identical architecture with the two hidden layers,
and each hidden layer contains 512 neurons with ReLU
activation function. The discriminators of the CycleGAN and
AdaGAN also have three hidden layers, with ReLU activation
function, whereas the output layer has sigmoid activation
function. CycleGAN and AdaGAN are trained for 100 epochs,
using an effective batch size of 1000 frames as suggested in
[30]. The parameters are optimized using Adam optimization,
with a learning rate of 0.0001.
IV. E XPERIMENTAL R ESULTS
Objective, statistical and subjective evaluations are carried
out on VCC 2018 database. In the objective evaluation,
we analyze our proposed model in terms of Mel Cepstral
Distortion (MCD) score and flexibility of architecture. In
statistical analysis, we have analyzed t-SNE visualization and
spectrogram comparison. In the subjective evaluation, we
analyze our model via subjective test given by the humans
in terms of speaker similarity, sound quality, and naturalness.
Samples are presented here 1 .
1 https://sites.google.com/view/adagan

Fig. 3: MCD analysis of the different systems based inter-gender
non-parallel VC task along with 95% confidence interval.

A. Objective Evaluation
1) Mel Cepstral Distortion (MCD): We have applied MCDbased objective measures to analyze the effectiveness of the
non-parallel VC systems. The traditional MCD measure is
used here which is given by [2]:
v
u 40
X
10 u
t2
(mti − mci )2 ,
(8)
M CD [in dB] =
ln10
i=1
where mti and mci are the ith MCCs of the reference, and
converted voice. In particular, mti and mci are the ith MCCs of
the reference speech of target speaker and the converted voice
in the case of VC system. Since MCD is the distance between
the converted and the reference cepstral features, a system
that is having lesser MCD is considered as a better system.
We analyze both the architectures, AdaGAN and CycleGAN
in terms of MCD score for intra-gender and inter-gender
VC. We compare the MCD score for intra-gender and intergender VC, as shown in Fig. 2 and Fig. 3, respectively. We
can observe that AdaGAN got comparable MCD score w.r.t.
CycleGAN for almost all the 16 systems. In many systems,
AdaGAN gives almost 3.7 % (on an average) reduction in
MCD compared to the CycleGAN. For example, M3-M2, F3F2, M3-F1, to name a few. Here, less MCD score indicates
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that the content preservation is better in AdaGAN, and AdaIN
helps to encapsulate the style of a target speaker in a better
way. Overall, we can say that speech intelligibility is more in
AdaGAN, and we can also see this via subjective evaluation.
2) Flexibility: We define the flexibility of AdaGAN in
terms of the ability of encapsulating the transferred speakers’
style. Our proposed method allows us to control the style
and content without changing the training procedure. To do
this, we use the following function before giving the output
of AdaIN to the decoder:

(a) F3 & F1

(b) F3 & T1

(c) F1 & T2

(d) T1 & T2

T (FX , FY , α) = α ∗ FX + (1 − α) ∗ AdaIN (FX , FY ), (9)
where hyperparameter α controls the trade-off between style
and content of the speech, and FX and FY are encoded
features of x and y, respectively. To evaluate the flexibility
of AdaGAN, we plot the graph of Global Variance (GV) vs.
index of Mel Cepstral Coefficient. From Fig. 4, we can see that
for α = 0.3, GV (i.e., green colour line) is slightly more close
to the GV of the target (i.e., blue colour line), compared to
other values of α. Here, we define the value of α empirically.
Furthermore, we found the mean distance for each α value
based on GV curve, we got the 0.51, 0.55 and 0.54 for α
values 0.3, 0.1 and 0.6, respectively. This result also supports
our argument that AdaGAN trained with α = 0.3 results in
more accurate model.

Fig. 5: t-SNE visualizations of different feature pairs.

that our architecture is trained properly, we visualize the output
of encoded features of different speakers’ voices, which are
taken before applying AdaIN, and after applying the AdaIN.
To visualize the outputs of 512 dimensional encoder, we have
used t-SNE to reduce the feature dimensions to two [39].
For these set of experiments, we have used VCC2SF3 and
VCC2SF1 speakers data on which AdaGAN is trained.
From Fig. 5(a), we can observe that encoded features F3
and F1 are well separated, and clustered together w.r.t. the
speaking styles of the speakers VCC2SF3 and VCC2SF1. If
we transfer the distribution of F1 to F3 via AdaIN which is
denoted as t1 in Fig. 1(a), t1 and F3 must be well separated
which is observed in Fig. 5(b). This can also true for F1 and
t2 as shown in Fig. 5(c). In addition, t1 and t2 both should be
separated just like F1 and F3 , which is shown in Fig. 5(d).

Fig. 4: Global Variance(GV) plots with respect to different α value.
B. Statistical Analysis
We have done statistical analysis which proves that AdaGAN is able to do speaking style transfer efficiently compare
to CycleGAN for non-parallel one-to-one VC tasks. We prove
this claim through t-SNE visualization, spectrographic analysis, and TEO profile based visualization.
1) t-SNE Visualization: Our main objective in VC is to
transfer the speaking style of one speaker to another speaker.
To do this, we have used encoder to encode the input MCC
features in such a way that style of speaker will be captured via
distribution, and linguistic content will be independent of this
distribution (i.e., normalized encoded features will represent
the content). This is achieved by the loss functions which use
AdaIN properties to do the same. However, it is difficult to
train neural network-based model to learn style of speaking.
For example, inappropriate choice of loss functions in encoder
degrades the performance of whole system. Hence, to ensure

Fig. 6: t-SNE visualization of encoded features of three speakers
VCC2SF1, VCC2SF2, and VCC2SF3.

As shown in Fig. 6, AdaGAN leads us to the possibility of many-to-many VC. For example, AdaGAN is trained
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(a) Source Speech

(b) Target Speech

(c) Converted Speech using CycleGAN

(d) Converted Speech using AdaGAN

Fig. 7: Spectrograms for (a) source speech, (b) target speech, (c) Converted speech using CycleGAN, and (d) Converted speech using
AdaGAN for the utterance “Nor did Alas think it so, very much out of the way, to hear the rabbit to say itself”.

Fig. 8: 1st subband TEO profile visualization for VCC2SM3 to VCC2TF1 inter-gender VC task. Here, (a), (b), (c), and (d) are the TEO
profiles of source speech, target speech, generated voice using CycleGAN, and generated voice using AdaGANGAN, respectively.
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Fig. 9: 3rd subband TEO profile visualization for VCC2SM3 to VCC2TM1 intra-gender VC task. Here, (a), (b), (c), and (d) are the TEO
profiles of source speech, target speech, generated voice using CycleGAN, and generated voice using AdaGAN, respectively.

for VCC2SF3-VCC2TF1 conversion task. Now, we extract
the features from encoder for another unseen speaker (i.e.,
VCC2SF2), and do the t-SNE visualization for these three
different speakers. We observed that they are clustered w.r.t.
the each speakers’ speaking style (as shown in Fig. 6).
This analysis bolsters the idea of many-to-many VC using
AdaGAN.
2) Spectrographic Analysis: Form Fig. 7, we can observe
that AdaGAN captures the speaking style more efficiently
compare to CycleGAN at higher frequency regions. These
effects are shown by ellipses 1 and 2 in Fig. 7. About the
lower frequency regions in target speech, the spectral energy
densities are much lower compared to the source speech.
This is shown in Fig. 7 by 3rd ellipse region. From this, we
can see that CycleGAN is preserving spectral energy density,
whereas, AdaGAN modifies it like the target speech. Here, we
have shown the spectrographic analysis for only one speech
utterance.
We can conclude from spectrographic analysis that AdaGAN is more efficient in parallel-data free VC compare
to CycleGAN. The reason behind this is related to cycle
consistent loss and identity loss in the training of CycleGAN
for preserving linguistic information. Hence, the generator of
CycleGAN is learning to modify input speech, to make it looks
like target speech via changing in small amount of spectral
energy density. On contrary, AdaGAN is able to modify
spectral energy density of input speech more efficiently due
to the different loss functions alongside the cycle consistent
loss. Hence, AdaGAN is more efficient in parallel-data free
VC compare to CycleGAN.

3) Teager Energy Operator (TEO) Profile-based Analysis:
We have applied Gabor filterbank to source, target, CycleGAN,
and AdaGAN generated speeches. We have used Gabor filterbank with linearly spaced central frequencies [40]–[43] to get
the number of subbands outputs (i.e., total 40 subbands). The
Gabor filterbank have optimal joint time-frequency resolution
[44], [45]. Now each of these subband signals are used
to compute TEO profile. After extracting TEO profile of
each of these subbands, we compare them visually. We have
ignored higher subbands’ TEO profiles because they does not
capture much information. Hence, we have considered first 10
subband-based TEO profiles. In Fig. 8 and Fig. 9, we have
shown two different subband TEO profiles for two separate
conversion tasks (i.e., intra-gender and inter-gender VC). In
Fig. 8, we can clearly observe that TEO bumps are very
less for source speech, whereas TEO bumps are more in the
case of target speech. However, TEO bumps in CycleGAN
generated speech is less in numbers, while AdaGAN increases
these bumps to make speech more similar to target speech.
These effects can be seen from 1st and 2nd ellipses in Fig. 8.
In addition, the similar kind of case was observed for intragender VC (shown in Fig. 9). This analysis strengthens our
conclusion that AdaGAN is more efficient in parallel-data free
VC compare to CycleGAN. Moreover, AdaGAN can do style
transfer in each of the frequency subbands.
C. Subjective Evaluation
Comparative subjective analysis test, namely, ABX, AB, and
Mean Opinion Score (MOS) has been conducted for subjective
evaluations. Total of 30 subjects (7 females and 23 males)
between 18-30 years of age and with no known hearing im-
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pairments took part in the subjective test. We have used highquality Sennheiser headphones for subjective evaluation. Here,
we randomly played the same utterances from two different
systems (i.e., AdaGAN and CycleGAN), and asked subjects to
decide which one is better in terms of sound quality. We also
played different generated voices by CycleGAN and AdaGAN,
and asked subjects to rate them in terms of naturalness between
1-5 (1 being the lowest and 5 being the highest). In addition,
we randomly played three speeches (target, CycleGAN and
AdaGAN generated) containing same utterances, and asked
subjects to choose which one is more similar to the target
speaker or both are same.

Fig. 10: Speaker similarity (ABX) and Sound quality (AB) tests
analysis for the CycleGAN and AdaGAN.

11. Here, we can also observed that the proposed AdaGAN
has MOS score for naturalness of 4.09 while CycleGAN has
only 3.46. Therefore, we conclude that AdaGAN outperforms
CycleGAN in various subjective tests.
V. S UMMARY AND C ONCLUSIONS
In this paper, we propose novel AdaGAN for parallel-data
free one-to-one VC. Moreover, we analyzed our proposed architecture w.r.t. current state-of-the-art CycleGAN method. We
know that the main aim of VC is to convert source speaker’s
voice into target speaker’s voice while preserving linguistic
content. To achieve this, CycleGAN uses two generators and
two discriminators for feature-based mapping between two
domains. AdaGAN does the same task with less computational complexity and training time compare to CycleGAN.
AdaGAN transfer the style of the target speaker into the voice
of a source speaker without using any feature-based mapping
between linguistic content of source speaker’s speech. For this
task, AdaGAN uses only one generator, and two discriminators
which leads to less complexity. We have done objective and
subjective analysis on VCC 2018 corpus to show the efficiency
of proposed method. We can clearly see that AdaGAN gives
comparable results in terms of objective evaluation, whereas
it yields superior results in subjective analysis compare to
CycleGAN. In addition, we have done statistical analysis in
order to bolster our objective and subjective evaluations. Our
future work will be directed towards modifying the AdaGAN
for many-to-many non-parallel VC, and planning to explore
high-quality vocoders, namely, World, WaveNet for further improvement in voice quality. The perceptual difference observed
between the estimated and the ground truth indicates the need
of exploring better objective function that can perceptually
optimize the network parameters of GAN-based architectures,
which also forms our future work.
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