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Abstract—Generative Adversarial Networks (GANs) have
achieved remarkable progress in speech synthesis by effectively
modeling the distribution of target data through adversarial
learning. However, existing State-of-the-Art (SOTA) GAN-based
Voice Conversion (VC) models often exhibit a noticeable gap in
the naturalness of generated speech compared to real speech,
particularly in cross-gender VC scenarios. Since naturalness
reflects an interplay of speaker-specific vocal style, prosody, and
linguistic content modeling, capturing these attributes remains a
critical challenge in GAN-based VC. To address this, we propose
a novel GAN model, named CLOTMUL-VC, which incorporates
a dual set of multi-level discriminators. The multi-level discrim-
inators utilizes (i) a set of fine-grained discriminators to capture
style, prosody, and content-specific features, (ii) a set of global
discriminators to extract high-level feature information from
the embedding space of real and generated mel-spectrograms.
Unlike the pre-trained fine-grained discriminators, the global
discriminators considered in our work are trained jointly with
the generator. Therefore, to further improve the learning process
of the single generator and multiple discriminator setting, we
introduce a collective learning mechanism that utilizes Optimal
Transport (OT) loss. The proposed mechanism enables the model
to more accurately learn the target distribution by leveraging
the principles of OT theory. Experimental evaluations on the
VCC 2018, VCTK, and CMU-Arctic datasets demonstrate that
the proposed model significantly outperforms existing VC systems
in both objective and subjective tests.

Index Terms—Voice Conversion, Collective Learning Mecha-
nism, Optimal Transport Loss, Multi-Level Discriminators, Gen-
erative Adversarial Network.

I. INTRODUCTION

Voice Conversion (VC) refers to the process of modifying a
source speaker’s voice to resemble that of a target speaker,
while preserving the original linguistic content. Early ap-
proaches in VC research relied on techniques such as Gaussian
Mixture Models (GMMs), Phonetic Posteriorgrams (PPGs),
and other traditional models [1]. In recent years, the emergence
of Generative Adversarial Networks (GANs) [2] due to their

strong generative capabilities has made them a compelling al-
ternative for VC tasks. In the context of one-to-one VC, models
like ALGAN-VC [3] have shown notable improvements by
leveraging adaptive learning mechanisms. More recent GAN-
based VC variants such as FLSGAN-VC [4], FID-RPRGAN-
VC [5], RNCapsGAN-VC [6], and GLGAN-VC [7] have
significantly advanced non-parallel VC performance.

FLSGAN-VC and FID-RPRGAN-VC, in particular, gen-
erate target mel-spectrograms by integrating feature-specific
evaluation metrics as loss functions into multi-discriminator
frameworks, effectively addressing the over-smoothing prob-
lem. GLGAN-VC extends similar improvements to the many-
to-many VC setting [7]. Additionally, diffusion-based models
for voice conversion, such as DiffVC [8] and CycleDiffusion
[9], have also demonstrated promising results in recent studies.
Despite these advancements, a substantial gap in naturalness
remains, especially in cross-gender VC where accurately mod-
eling pitch remains a critical challenge due to inherent pitch
differences between male and female voices. In addition to
pitch, vocal style is equally important for achieving natural-
sounding speech. Most importantly, preserving linguistic con-
tent remains a primary goal in VC. However, replicating all
these aspects together becomes increasingly difficult when the
feature distributions of the source and target speakers differ
significantly, which is often the case in cross-gender scenarios.
Therefore, there is a scope to incorporate components that
effectively capture the target speaker’s vocal style and pitch
information through feature-specific loss optimization, as well
as components that ensure content preservation w.r.t the source
speech.

Moreover, it is evident that the majority of GAN-based VC
models employ Deep Convolutional Neural Network (DCNN)-
based discriminator architectures, which learn hierarchical fea-
ture representations from mel-spectrograms, ranging from low
to high-level patterns [10]. However, in recent years, Vision
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Transformer (ViT) [11] has shown significant performance for
Speaker Identification (SI) tasks [12] because it obtains the
information of local feature distribution more precisely from
small patches of input data by utilizing the concept of attention
mechanism. In this context, the conformer [13] models have
also shown substantial performance improvement for SI and
Speech Command Recognition (SCR) tasks. The discriminator
in GANs operates much like a speaker verification (SV) model,
as it evaluates whether a sample originates from the real target
speaker or not, thereby aligning closely with the objectives of
SV tasks.

This study proposes a novel GAN framework, termed as
CLOTMUL-VC that incorporates a dual set of discrimina-
tors, referred to as multi-level discriminators. The multi-level
discriminators comprised of (i) a group of Multiple Fine-
Grained Discriminators (MFD), each responsible for captur-
ing different aspects of speech, such as style (via a style
encoder [14]), prosody (using the pre-trained JDC-Net [15]),
and content (using the pre-trained whisper-large-v3 [16]),
and (ii) a set of Multiple Global Discriminators (MGD),
designed to extract high-level feature information from the
embedding space of real and synthesized mel-spectrograms
using architectures like DCNN, ViT, and conformer. This
setup enables the extraction of fine-grained feature-specific in-
formation and global speaker-dependent/-independent abstract
information from mel-spectrograms through their respective
feature embeddings. We optimize the loss between generated
and target embeddings for style and prosody to make the output
more similar to the target speaker, while also optimizing the
loss between the original source content and generated content
embeddings, to preserve the original linguistic content of the
source domain.

To improve the training process of MGD, we introduce a
collective learning mechanism guided by an optimal transport
(OT) loss [17], which leverages the proposed single-generator
and multi-discriminator setup. Within MGD, the discriminators
collaborate through a weighted learning process, utilizing the
Sinkhorn algorithm in OT, which effectively measures distri-
butional differences between source and target features. Impor-
tantly, this collective learning is applied only within the MGD.
Since MFD captures distinct, non-overlapping features (style,
prosody, content), using a weighted loss across them could
obscure the relative importance of each feature. The overall
design is inspired by multi-agent systems [18] and multi-player
game frameworks [19], where multiple specialized agents work
in collaboration toward a shared objective. We evaluate the
effectiveness of our proposed model on the VCC 2018 [1],
CSTR-VCTK [1], and CMU Arctic [20] speech datasets using
both objective and subjective metrics. The results show that our
proposed model produces speech with improved naturalness
and speaker similarity compared to the considered State-of-
the-Art (SOTA) VC models.

II. PROPOSED CLOTMUL-VC MODEL

This section briefly discusses the proposed CLOTMUL-
VC model and its training mechanism. As shown in Fig. 1,

x ∈ X and y ∈ Y are the mel-spectrograms of the source and
target speakers, respectively, for the generator Gx→y , and vice-
versa. In Fig. 1, d implies the downsample block, r implies
the residual block, and u implies the upsample block of the
generator. The architectural framework of the generator of the
CLOTMUL-VC model is developed keeping the framework
of Mask-CycleGAN-VC [21] as the backbone. A multi-head
attention (MHA) mechanism is utilized between d and r, and
between r and u blocks to effectively model the flow of
important features across the layers. This design is inspired
by the use of self-attention (SA) mechanism in FLSGAN-VC
[4]. The generated mel-spectrograms x̂ and ŷ are fed to each
of the discriminators of the multi-level discriminator setting
as shown in Fig. 1 (however, the ASR component uses the
input and output of the same generator as its own inputs, i.e.,
x and ŷ, and y and x̂). The multi-level discriminators in our
framework are divided into two sets: MFD and MGD, with a
total of six discriminators (3 in MFD and 3 in MGD).

Multiple Fine-Grained Discriminators (MFD): The MFD
module comprises a style encoder S(.) adopted from StyleTTS
[14], pitch extractor JDCNet J(.) [15], [22], and whisper-large-
v3 ASR model V 3(.) [16]. These three components act as
critics, guiding the generator by evaluating style, pitch, and
content loss. We extract the final layer embeddings from S(.)
(shape [1, 48]) and J(.) (shape [1, 31, 2]) for both generated
and target mel-spectrograms, and compute Root Mean Square
Error (RMSE) loss to derive style and pitch losses respec-
tively. Content loss is calculated utilizing V 3(.) as the RMSE
between the content embeddings (shape [1, 1024]) extracted
from the original source and the generated mel-spectrograms
produced by the same generator, as shown in Fig. 1. The
ensemble of these three losses (style, pitch and content loss),
i.e., LMFD loss helps the generator better mimic the target
characteristics while preserving source content. While J(.) and
V 3(.) are frozen during training, S(.) is updated via style loss.
The complete MFD setup is illustrated in Fig. 1.

Multiple Global Discriminators (MGD): The three dis-
criminators considered in MGD are DCNN (similar to the
relativistic discriminator of FID-RPRGAN-VC [5]), ViT [11],
and conformer [13] architectures. The ViT and conformer
architectures considered in this framework are based on ViT-
GAN [11] and CMGAN [13], respectively. The multiple dis-
criminators incorporated in MGD, capture different aspects of
feature information from the mel-spectrograms (such as deep
convolutional features utilizing DCNN, patch-wise transformer
encoded features utilizing ViT, and conformer extracted local-
global features). Thus, the different feature embeddings ex-
tracted by each of the considered frameworks capture various
nuances of the input mel-spectrogram, including both global
and local feature distribution related information. Therefore,
we introduce a collective learning mechanism to collabora-
tively learn the feature distribution of the mel-spectrograms
by utilizing multiple discriminators (rather than relying on a
single model).

Collective Learning Mechanism in MGD: The proposed

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 701



Multi-Level
Discriminators

Multi-Level
Discriminators

Multi-Level
Discriminators

Pitch
Extractor

ASR
Model

Style
Encoder

Multiple Fine-Grained Discriminators (MFD)

ViT Conformer DCNN

Multiple Global Discriminators (MGD) with  Collective
Learning Mechanism

Fig. 1. Overview of the proposed CLOTMUL-VC model. The colored components highlight the modules introduced in the proposed framework.

collective learning mechanism is explained in Algorithm 1.
As per Algorithm 1, the initial conditions include the input
mel-spectrograms x and y (where x is the source and y
is the target for Gx→y , and vice versa), along with the
corresponding learnable parameters θd of the n discriminators
(i.e., θk=1...n

dy
∈ Dk=1...n

y , and vice versa). Here n is 3, as
collective learning mechanism is utilized for MGD training.
Thereafter, the discriminator loss for each of the corresponding
discriminators (Ldk=1 to n

c
∈ Dk=1 to n

c , here c ∈ {x, y}, and
Dk=1 to 3 ∈ {V iT,Conformer,DCNN}) are obtained in
each training epochs, as presented in Algorithm 1 and Fig. 1.
The discriminator loss considered in this work is the OT loss
function. After that, the total loss LMGDx

and LMGDy
are

obtained by summing up all the corresponding discriminator
losses. To find the participation or contribution of each of
the discriminators (in terms of loss) in the total loss, the
participation weights αk=1 to n

x and αk=1 to n
y are calculated

for the respective discriminators (In Fig. 1, the index k is
replaced with i, j, l, corresponding to the values 1, 2, and
3, respectively, as also described in Algorithm 1. Here, 1
corresponds to ViT, 2 to Conformer, and 3 to DCNN). As per
the Algorithm 1, the highest participation weight is associated
with the least discriminator OT loss (i.e., α ∝ 1

Ld
). Afterward,

as provided in Algorithm 1, each of the participation weights
is multiplied to the corresponding discriminator losses for
obtaining the final total discriminator loss LMGDx

and LMGDy

respectively.

OT Loss in MGD: The OT loss used in MGD, which is
trained based on the collective learning mechanism, leverages
Optimal Transport (OT) theory [23] to measure the divergence
between two probability distributions by minimizing their
optimal transport distance, denoted as Wc. This distance is
the trace of the product between the optimal transport cost
matrix C ∈ RN×N and soft matchings matrix M ∈ RN×N

(here, M is obtained using the sinkhorn algorithm, and N is

Algorithm 1: Collective Learning Mechanism
Input: x ∈ X , y ∈ Y
Output: Optimal parameters θ∗

d

Data: Discriminator OT loss: Ldk
c

(c ∈ {x, y},
k ∈ {1, 2, ..., n}), Optimizer: Opt, Iterators:
i = 0 and j = 0, Learnable parameters: θd ∈
{θk=1

dx
, θk=2

dx
, ..., θk=n

dx
, θk=1

dy
, θk=2

dy
, ..., θk=n

dy
}

while θd not converged do
Ldk=1

yi
,Ldk=2

yi
, ...,Ldk=n

yi
←

CLOTMUL-VC(x, y, θk=1
dyi

, θk=2
dyi

, ..., θk=n
dyi

);
LMGDyi

=
∑n

k=1 Ldk
yi

;

αk
yi

=
LMGDyi

−L
dkyi

LMGDyi

;

Lyi =
∑n

k=1 α
k
yi
Ldk

yi
;

i = i+ 1;
Update θk=1

dyi
, θk=2

dyi
, ..., θk=n

dyi
based on Lyi

using
Opt;
Ldk=1

xj
,Ldk=2

xj
, ...,Ldk=n

xj
←

CLOTMUL-VC(y, x, θk=1
dxj

, θk=2
dxj

, ..., θk=n
dxj

);
LMGDxj

=
∑n

k=1 Ldk
xj

;

αk
xj

=
LMGDxj

−L
dkxj

LMGDxj

;

Lxj
=

∑n
k=1 α

k
xj
Ldk

xj
;

j = j + 1;
Update θk=1

dxj
, θk=2

dxj
, ..., θk=n

dxj
based on Lxj

using
Opt;

return optimal parameters θ∗
d;

considered as 4) as expressed in Eq. (1) and Eq. (2),

Wc(X,Y ) = inf
M∈M

Tr[MCT ], (1)

Cp,q = c(xp, yq). (2)
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As depicted in Equation (2), C is the cost associated with
transporting the pth data vector xp in mini-batch X to the
qth data vector yq in mini-batch Y . This work defines the
cost function c as the cosine distance [23]. The mathematical
representation of the OT loss Ld (i.e., loss associated to each
discriminator) is provided in Equation (3),

Ld =Wc(X,X
′
) +Wc(X,Y

′
) +Wc(X

′
, Y )+

Wc(X
′
, Y

′
)− 2Wc(X,X

′
)− 2Wc(Y, Y

′
),

(3)

where X and X
′

represent mini-batches independently sam-
pled from the distribution of real class, while Y and Y

′
denote

independent mini-batches sampled from the distribution of
generated class. To calculate the discriminator OT loss for
each discriminator in MGD, the last layer flatten vector [24]
of the respective discriminators are considered. These flattened
vectors act as feature representations, preserving key speech
characteristics in the latent space as feature embeddings, which
vary based on the model architecture.

Generator loss: The generators learn the target distributions
by minimizing the least squares loss Lx→y

g and Ly→x
g as

similar to [5]. Additionally, it incorporates multi-level discrim-
inator feedback through the losses LMFD and LMGD, which
improves the generator’s ability to efficiently obtain the target
distribution. Apart from that, we also use the cycle consistency
and identity losses, which are kept similar to [5].

III. EXPERIMENTAL DESIGN

A. Dataset Description and Training Details

In this work, the performance evaluation of each model
is conducted on VCC 2018, VCTK, and CMU Arctic
speech dataset. The CMU-Arctic dataset is also consid-
ered in non-parallel settings [25] considering disjoint utter-
ances. The speakers considered for the VCC 2018 dataset
are VCC2-TM1/SM3/TF1/SF3, for the VCTK dataset P-
229F2/304M2/306F1/334M1, and for the CMU Arctic dataset
cmu-us-bld/-rms/-clb/-slt-Arctic. The training, validation and
evaluation (test) sets for each dataset comprised of 81, 35, 25
samples, respectively. The use of a limited set of utterances
is intended to assess the models’ performance in low-resource
scenarios. For training the CLOTMUL-VC model, the standard
adam optimizer [26] is used with a learning rate 1 × 10−4.
The CLOTMUL-VC model is trained for 500 epochs with
mini-batch size 1 and uses input mel-spectrograms of size
2× 80× 64. Speech reconstruction is performed using a pre-
trained HiFi-GAN vocoder [27].

The proposed model is implemented on two NVIDIA A100
GPUs with 80GB memory. The training process takes ap-
proximately 5 GPU days. The framework is implemented
in PyTorch 1.1.2 and NumPy 1.19.5. However, while using
the pre-trained models switching between different Python
environments required.

IV. RESULTS AND DISCUSSION

A. Objective Evaluation

The objective evaluation Table presents a comprehensive
comparison of six voice conversion (VC) models: proposed

CLOTMUL-VC1, DiffVC, FLSGAN-VC, FID-RPRGAN-VC,
RN-CapsGAN-VC, and GLGAN-VC across three considered
datasets using five key metrics: MCD [28], MSD [29], F0-
RMSE [30], WER [16], and WV-MOS [31]. CLOTMUL-VC
demonstrates consistently superior performance across nearly
all evaluation criteria, particularly excelling in cross-gender
conversion scenarios (M-F and F-M), which are inherently
more challenging due to significant differences in prosodic
and spectral features between male and female voices. For
instance, on the VCC 2018 dataset, CLOTMUL-VC achieves
the lowest MCD (7.15 for M-F, 7.10 for F-M) and F0-RMSE
(17.6 for M-F, 16.8 for F-M), while also attaining the best
WERs (14.6 for M-F and 15.0 for F-M), underscoring its
ability to preserve linguistic content and pitch contours more
effectively than the baselines. Similar trends are observed in
CMU-Arctic and VCTK, where CLOTMUL-VC continues to
deliver strong results across all gender pairings, consistently
outperforming other models in MCD and WER, and achieving
high WV-MOS scores, indicating better naturalness. These
gains can be attributed to CLOTMUL-VC’s novel architecture
that integrates MFD and MGD. Since the MFDs are specifi-
cally designed to extract distinct feature embeddings related to
style, prosody, and content using dedicated pretrained modules,
they enable the model to better capture and preserve these
individual aspects of speech, thereby significantly enhancing
performance in each corresponding dimension. Our proposed
model not only improves intelligibility but also strengthens
the model’s ability to produce high-quality, speaker-consistent
voice conversions for both same-gender and cross-gender
scenarios. Among the other models, DiffVC performs com-
petitively in M-M and F-F settings, with relatively good WER
and MOS scores, though it lags in F0-RMSE and MCD under
cross-gender conditions. FID-RPRGAN-VC shows promise in
capturing pitch details but suffers from higher WER and lower
WV-MOS scores in M-F and F-M. Overall, Table I shows that
the CLOTMUL-VC framework effectively addresses the key
challenges of voice conversion.

We also conducted an ablation study on the VCC 2018
dataset to evaluate the contribution of three core components
in the proposed CLOTMUL-VC model. In our study ablation
1 removes the MFD, ablation 2 eliminates the MGD, and
ablation 3 removes the collective learning mechanism. The
results show that ablation 1 leads to the most significant
degradation in performance, reflected in higher MCD, MSD,
F0-RMSE, and WER, and lower WV-MOS, highlighting the
critical role of MFD in fine-grained supervision. Ablation 2
shows degradation drops primarily in terms of MCD and MSD,
confirming the importance of global consistency enforced by
MGD. Ablation 3 highlights the importance of the collective
learning mechanism in maintaining high speech feature simi-
larity, as its removal causes evident deterioration.

1The generated speech samples are available here https://drive.google.com/
drive/folders/1dtQZO61gVtyW5obn5 RiQwj7Lig3zp-D?usp=sharing
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TABLE I
EVALUATION OF VC MODELS ON VCC 2018, CMU-ARCTIC AND CSTR-VCTK DATASETS USING MCD (↓), MSD (↓) , F0-RMSE (↓), WER (↓), AND

WV-MOS (↑) METRICS
Dataset Model M-M F-F M-F F-M

MCD MSD F0-RMSE WER WV-MOS MCD MSD F0-RMSE WER WV-MOS MCD MSD F0-RMSE WER MOS MCD MSD F0-RMSE WER WV-MOS

VCC 2018

CLOTMUL-VC 6.45 1.22 15.9 12.3 3.70 6.38 1.14 15.8 11.7 3.72 7.15 1.39 17.6 14.6 3.60 7.10 1.41 16.8 15.0 3.67
DiffVC 6.81 1.20 19.2 15.4 3.55 7.02 1.13 23.5 14.3 3.75 7.55 1.48 19.2 16.2 3.45 7.50 1.40 19.9 16.5 3.65
FLSGAN-VC 7.64 1.42 26.8 18.2 3.20 7.69 1.41 27.3 17.8 3.15 8.40 1.52 28.1 19.5 3.10 8.35 1.53 27.6 19.2 3.12
FID-RPRGAN-VC 6.50 1.25 18.2 16.9 3.45 6.70 1.24 27.2 17.1 3.42 7.30 1.42 32.2 18.4 3.35 7.10 1.40 36.8 18.6 3.30
RN-CapsGAN-VC 7.26 1.24 21.4 17.6 3.40 6.63 1.31 22.2 18.1 3.38 8.00 1.45 23.0 19.9 3.36 7.95 1.46 22.6 19.5 3.35
GLGAN-VC 7.39 1.38 26.2 18.5 3.30 8.10 1.52 25.9 18.3 3.28 8.50 1.59 26.8 20.5 3.22 8.45 1.60 26.5 20.0 3.20

CMU-Arctic

CLOTMUL-VC 7.05 1.16 17.4 12.7 3.65 7.41 1.17 16.2 13.2 3.80 7.75 1.30 18.3 14.9 3.60 7.75 1.31 18.0 15.1 3.55
DiffVC 7.18 1.19 23.6 13.9 3.50 7.69 1.15 24.4 14.5 3.60 8.10 1.35 17.9 15.8 3.45 8.00 1.36 21.2 16.4 3.42
FLSGAN-VC 7.81 1.32 28.6 15.2 3.15 7.81 1.43 28.3 15.6 3.12 8.25 1.48 28.9 17.1 3.10 8.20 1.49 28.7 16.9 3.08
FID-RPRGAN-VC 6.97 1.26 15.1 14.4 3.42 7.48 1.25 21.8 15.2 3.40 7.85 1.34 31.7 17.0 3.38 7.80 1.35 31.9 17.3 3.35
RN-CapsGAN-VC 7.23 1.27 22.8 15.3 3.40 7.68 1.33 23.9 15.8 3.38 8.10 1.42 24.7 17.3 3.36 8.05 1.43 23.5 17.0 3.33
GLGAN-VC 7.12 1.34 26.5 15.9 3.32 8.39 1.49 26.2 16.2 3.30 8.70 1.61 27.1 17.6 3.25 8.65 1.62 26.8 17.4 3.22

CSTR-VCTK

CLOTMUL-VC 6.60 1.38 14.7 10.3 3.75 7.13 1.63 15.3 10.9 3.70 7.85 1.64 16.5 11.6 3.60 7.75 1.67 16.0 11.9 3.60
DiffVC 6.85 1.40 19.4 11.5 3.60 7.93 1.62 20.2 12.3 3.55 8.25 1.70 17.4 13.0 3.62 8.15 1.71 17.0 13.3 3.60
FLSGAN-VC 7.12 1.66 24.3 13.0 3.25 9.42 1.63 24.0 13.4 3.22 9.55 1.82 25.0 14.2 3.18 9.48 1.83 24.7 14.5 3.16
FID-RPRGAN-VC 6.90 1.52 18.0 11.7 3.48 7.58 1.60 17.6 12.2 3.45 8.10 1.70 19.1 13.6 3.65 8.05 1.71 18.9 13.8 3.40
RN-CapsGAN-VC 7.14 1.45 20.1 11.8 3.50 8.02 1.58 20.6 12.5 3.45 8.45 1.65 21.7 14.1 3.43 8.40 1.70 21.3 14.3 3.40
GLGAN-VC 6.98 1.50 23.5 12.9 3.40 8.10 1.64 23.2 13.3 3.38 8.55 1.74 24.4 14.4 3.35 8.50 1.75 24.1 14.6 3.32

TABLE II
ABLATION STUDY ON CLOTMUL-VC OVER THE VCC 2018 DATASET USING MCD (↓), MSD (↓), F0-RMSE (↓), WER (↓), AND WV-MOS (↑) METRICS

Model Ablation M-M F-F M-F F-M
MCD MSD F0 WER WV-MOS MCD MSD F0 WER WV-MOS MCD MSD F0 WER WV-MOS MCD MSD F0 WER WV-MOS

CLOTMUL-VC Full Model 6.45 1.22 15.9 12.3 3.70 6.38 1.14 15.8 11.7 3.72 7.15 1.39 17.6 14.6 3.60 7.10 1.41 16.8 15.0 3.67
CLOTMUL-VC Ablation 1 6.70 1.36 17.2 21.5 3.55 6.65 1.33 17.0 20.8 3.58 7.60 1.42 20.5 26.5 3.30 7.55 1.39 19.9 25.8 3.35
CLOTMUL-VC Ablation 2 6.60 1.31 16.8 15.5 3.65 6.55 1.28 16.3 12.2 3.67 7.40 1.27 17.8 13.7 3.52 7.35 1.29 18.3 19.4 3.55
CLOTMUL-VC Ablation 3 6.55 1.28 16.0 12.4 3.68 6.50 1.16 15.9 12.1 3.69 7.35 1.42 17.7 13.6 3.54 7.30 1.44 17.6 16.3 3.57

TABLE III
MOS (↑) WITH 95% CONFIDENCE INTERVALS

Dataset Models M-M F-F M-F F-M

VCC 2018

Ground Truth 4.52±0.22 4.45±0.25 4.41±0.21 4.38±0.20
CLOTMUL-VC 3.88±0.41 3.74±0.45 3.41±0.28 3.52±0.33

DiffVC 3.64±0.38 3.49±0.31 3.35±0.26 3.31±0.30
FLSGAN-VC 3.40±0.34 3.35±0.32 3.19±0.29 3.25±0.31

FID-RPRGAN-VC 3.52±0.33 3.57±0.37 3.26±0.25 3.29±0.27
RN-CapsGAN-VC 3.13±0.36 3.10±0.34 3.01±0.28 3.06±0.29

GLGAN-VC 3.48±0.35 3.39±0.36 3.22±0.30 3.20±0.26

CMU-Arctic

Ground Truth 4.61±0.19 4.59±0.23 4.48±0.22 4.46±0.24
CLOTMUL-VC 3.75±0.37 3.92±0.41 3.53±0.33 3.58±0.30

DiffVC 3.61±0.35 3.47±0.39 3.45±0.30 3.38±0.27
FLSGAN-VC 3.33±0.30 3.28±0.31 3.14±0.24 3.18±0.22

FID-RPRGAN-VC 3.46±0.33 3.51±0.30 3.25±0.28 3.30±0.26
RN-CapsGAN-VC 3.10±0.28 3.08±0.27 3.03±0.21 3.00±0.20

GLGAN-VC 3.41±0.32 3.34±0.29 3.18±0.23 3.21±0.25

CSTR-VCTK

Ground Truth 4.58±0.24 4.53±0.27 4.50±0.23 4.42±0.26
CLOTMUL-VC 3.90±0.43 3.69±0.38 3.64±0.36 3.55±0.34

DiffVC 3.72±0.39 3.55±0.34 3.50±0.33 3.48±0.30
FLSGAN-VC 3.35±0.29 3.29±0.32 3.24±0.27 3.20±0.28

FID-RPRGAN-VC 3.50±0.36 3.53±0.35 3.42±0.30 3.40±0.33
RN-CapsGAN-VC 3.12±0.31 3.06±0.33 3.07±0.25 3.05±0.27

GLGAN-VC 3.43±0.34 3.38±0.31 3.28±0.26 3.30±0.29

B. Subjective Evaluation

In this work, a total of 17 volunteers participated in the
subjective evaluation process. To obtain the MOS values, the
volunteers rated randomly chosen speech samples for each
VC category (intra-/inter-gender), following the standard MOS
calculation method [1]. We provided the MOS values with 95%
confidence intervals in Table III for VCC 2018, CMU-Arctic,
and CSTR-VCTK datasets. From the Table III, it is evident
that the proposed CLOTMUL-VC consistently achieves higher
MOS scores across all datasets and gender combinations, out-
performing other models. This improvement can be attributed
to CLOTMUL-VC’s use of optimal transport-based loss in the
multi-discriminator setting, which more effectively captures
the perceptual alignment between source and target domain.

V. CONCLUSION

This study proposes CLOTMUL-VC, a novel GAN-based
VC framework that integrates a multi-discriminator setup and
an OT-based collective learning mechanism. The system com-
bines MFD and MGD discriminators to capture style, prosody,

and content via specialized pretrained models, while extract-
ing high-level features from mel-spectrograms using diverse
architectures. The proposed design enables CLOTMUL-VC
to better preserve linguistic content and effectively capture
pitch and vocal style of the target speaker, especially in chal-
lenging cross-gender scenarios. Extensive evaluations across
the datasets demonstrate that CLOTMUL-VC consistently out-
performs existing models in objective and subjective tests.
However, the inclusion of multiple deep learning components
led to an increase in total training time. A promising direction
for future work is to extend this approach to multilingual voice
conversion while focusing on reducing the training time.
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