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Abstract—Recent voice conversion (VC) methods based on
self-supervised learning (SSL) achieve high-quality and high
speaker similarity conversions but face challenges in controlling
speech attributes, such as prosody and brightness. A CycleGAN-
based voice conversion using mel-cepstral coefficients has a kind
of speech controllability by adjusting the frequency-warping
parameter of the mel-cepstral coefficients. However, unlike speech
parameters such as fundamental frequency or formants, which
have a one-to-one correspondence with the physical properties of
speech, it is difficult to intuitively adjust speech using mel-cepstral
coefficients. Therefore, this paper proposes CycleSiFiNF-VC, a
non-parallel voice conversion method that transforms speech pa-
rameters using cycle-consistency learning. Our proposed method
simultaneously predicts and transforms speech parameters from
mel-spectrograms, enabling individual manipulation of speech
parameters during the voice conversion process. Experiments
demonstrate that the proposed method achieves higher synthesis
quality and comparable or superior speaker similarity compared
to CycleGAN-VC2, and enables control over speech parameters,
which is difficult to achieve with conventional methods.

I. INTRODUCTION

Recently, high-quality voice conversion has been achieved
using GANs and flow-based models [1–3]. Furthermore, voice
conversion methods utilizing self-supervised learning (SSL)
models such as HuBERT [4], WavLM [5] and ContentVec
[6], as well as large-language models (LLMs) exemplified
by Transformer [7], have been actively researched [8–12].
These methods allow for voice conversion without the need
for parallel data, achieving high speaker similarity even with
limited data (e.g., one-shot or zero-shot learning) by utilizing
latent features from flow-based models, as well as SSL and
LLM features. However, a drawback is the complexity of these
features, which makes it difficult to intuitively control specific
speech parameters, such as voice brightness or prosody. Al-
though some voice conversion methods offer more controlla-
bility, such as CycleGAN-VC2 [13], which uses mel-cepstral
coefficients with frequency-warping parameters [14] as speech
features, intuitive control over speech characteristics remains
a challenge. This is because the frequency-warping parameters
do not directly correspond to the physical properties of speech.

In the neural vocoders, neural formant synthesis [15] has
been proposed as a controllable vocoder system using speech
parameters that directly correspond to the physical characteris-
tics of speech. This method demonstrates that speech synthesis

and control are achievable by predicting a mel-spectrogram
from speech parameters using a feature-mapping network and
then feeding it as an input to a neural vocoder. To enhance
the synthesis quality and controllability, we proposed end-to-
end neural formant synthesis [16] as an extension of [15].
This approach showed that, through the integration of end-
to-end learning and a source-filter structure, it is possible
to directly synthesize speech quality comparable to HiFi-
GAN [17] from nine speech parameters. These methods allow
the modification of specific speech attributes, by individually
controlling independent speech parameters.

This study extends [16] to voice conversion by proposing
CycleSiFiNF-VC, a non-parallel voice conversion method that
achieves both voice conversion and speech controllability using
a small set of speech parameters. CycleSiFiNF-VC is a model
that simultaneously performs speech parameter prediction and
conversion using a non-causal gated convolutional generator
based on WaveNet [18] and cycle-consistency learning. By
using the speech parameters predicted and converted from mel-
spectrograms and then synthesizing speech waveforms with
E2E-SiFi-NF [16], both speech control and voice conversion
are achieved.

II. RELATED WORK

A. CycleGAN-Based Voice Conversion

CycleGAN-based voice conversion is a non-parallel voice
conversion method that applies CycleGAN [19], an image
transfer method, to learn the correspondence of mel-cepstral
coefficients between two speakers. CycleGAN-VC [20] in-
troduced an encoder-decoder structure with 1D CNNs that
extend in the temporal direction to capture relationships in
the feature dimension while preserving the temporal structure.
However, 1D CNNs can affect the frequency-domain struc-
ture that should be preserved during conversion. Therefore,
CycleGAN-VC2 introduced a 2-1-2D CNN architecture, using
2D CNNs in the encoder-decoder parts and 1D CNNs in
the residual blocks. Additionally, a two-step adversarial loss,
which applies adversarial loss to the cycle-converted mel-
cepstral coefficients, was introduced to suppress the excessive
smoothing caused by cycle-consistency learning. These mod-
ifications enabled CycleGAN-VC2 to achieve higher-quality
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conversions than CycleGAN-VC. Furthermore, this method al-
lows for speech control by manipulating the frequency-warping
parameter α, which represents the phase characteristics of
an all-pass filter that approximates the mel scale. However,
because α does not have a one-to-one correspondence with
physical speech characteristics, such as formants or spectral
tilt, controlling specific speech properties remains challenging.

B. Neural Formant Synthesis

Many recently proposed neural vocoders synthesize speech
waveforms from mel-spectrograms, which makes it challeng-
ing to control physical speech properties, such as pitch and
formants, individually. To address the limitation, neural for-
mant synthesis [15] was proposed, which synthesizes speech
waveforms from a small set of speech parameters. Neural for-
mant synthesis consists of a feature-mapping network that pre-
dicts mel-spectrograms from speech parameters and a neural
vocoder that synthesizes speech from these mel-spectrograms.
It utilizes nine speech parameters: a voiced/unvoiced flag, log
fundamental frequency (F0), formants (F1-F4), spectral tilt,
spectral centroid, and energy. Experiments have shown that
this model is speaker-independent and that it is possible to
reproduce natural speech from given speech parameters and to
manipulate each speech parameter independently.

C. End-to-End Neural Formant Synthesis

While neural formant synthesis enables speech control
through speech parameters, it suffers from degraded synthesis
quality owing to its stepwise speech generation process from
these parameters. To address the problem, we proposed end-to-
end neural formant synthesis [16], which directly synthesizes
speech waveforms from the nine speech parameters in Section
II-B. This method demonstrated that end-to-end speech synthe-
sis and control can be achieved simultaneously by leveraging
the structure of existing neural vocoders. Furthermore, to
enhance both the synthesis quality and controllability of the
speech parameters, we introduced end-to-end source-filter neu-
ral formant synthesis (E2E-SiFi-NF) [16]. This model applies
a neural architecture based on the source-filter structure to
directly synthesize the speech waveforms from the speech
parameters. The integration of the source-filter model allowed
for end-to-end synthesized speech from the nine speech pa-
rameters to achieve a synthesis quality that surpassed that of
HiFi-GAN. Moreover, it led to improved synthesis quality and
fidelity during speech parameter manipulation compared to the
conventional neural formant synthesis.

III. CYCLESIFINF-VC

A. CycleGAN-Based Voice Conversion and Manipulation

The most straightforward way to achieve both voice con-
version and manipulation by speech parameters is to convert
these parameters within a CycleGAN-based voice conversion
method (as discussed in Section II-A), replacing mel-cepstral
coefficients with the speech parameters of neural formant
synthesis, and then synthesize the speech waveform using

E2E-SiFi-NF as the vocoder. One prominent CycleGAN-
based voice conversion method, CycleGAN-VC2 [13], uses
2D CNNs because the mel-cepstral coefficients possess a time-
frequency structure. However, speech parameters are indepen-
dent time-series data and lack this time-frequency structure.
Therefore, to preserve the temporal structure while capturing
the interrelationships among speech parameters, we adopted an
encoder-decoder architecture composed of 1D CNNs, similar
to CycleGAN-VC [20]. In our proposed method, for both
the input and output, we used seven speech parameters for
conversion, excluding the F0 and voiced/unvoiced (V/UV)
flag from the nine speech parameters mentioned in Section
II-B. This choice ensured consistency with CycleGAN-VC2, as
these seven parameters were related to the vocal tract, similar
to how mel-cepstral coefficients are features pertaining to the
vocal tract filter.

B. WaveNet-Style Feature Conversion Network

The method proposed in Section III-A suffers from a prob-
lem in which the phonetic content of the source speech is
not well preserved, particularly in cross-gender conversions.
This issue likely arises because each speech parameter is an
independent one-dimensional time-series data, and the recep-
tive field of the encoder-decoder of CycleGAN-VC, which
performs temporal stretching and compression, is too narrow to
capture long-term dependencies. To effectively capture these
long-term dependencies, we introduced a feature conversion
network into the generator. This network is a non-causal
WaveNet-style gated convolutional architecture inspired by
the feature-mapping network [15]. It can efficiently capture
long-term temporal dependencies using dilated convolutions
and residual and skip connections. This network features six
residual blocks with a dilation pattern of (1, 2, 4, 1, 2, 3),
a kernel size of 3, 256 channels, and a postnet. Unlike the
original feature-mapping network, this postnet uses a gated
linear unit (GLU) as its activation function, and instance
normalization [21] is applied to some convolutional layers.

C. Conversion from Mel-Spectrogram to Speech Parameters

Our preliminary experiments revealed that by adjusting the
input layer dimension of the feature conversion network, we
could predict speech parameters from mel-spectrograms, which
is the inverse of the approach in [15]. This suggests that by
using mel-spectrograms as inputs to the feature conversion
network, we can simultaneously perform speech parameter
prediction and conversion. However, calculating the cycle-
consistency loss requires that the input and output features be
of the same type. Therefore, when using mel-spectrograms as
inputs, as shown in Fig. 2, the cycle-consistency loss is calcu-
lated by predicting speech parameters from mel-spectrograms
using a feature-mapping network. To capture the temporal
structure of continuous frames in the mel spectrogram, the
input layer and postnet of the feature conversion network were
replaced by a decoder consisting of a stride=2 CNN and a CNN
and a pixel shuffler[22], as proposed by CycleGAN-VC.
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Fig. 1. Network architecture of feature conversion network for CycleSiFiNF-VC generator. where k, c, d, and s denote the kernel size, channel size, dilation
size, and stride, respectively. IN and GLU denote instance normalization and gated linear unit, respectively.

D. Cycle-Consistency and Identity-Mapping Speech Parame-
ter Losses

When mel-spectrograms are used as input to CycleSiFiNF-
VC, the temporal structure of the speech parameters is in-
directly guaranteed by the cycle-consistency loss between
the input and mel-spectrograms predicted from the speech
parameters by the feature-mapping network. Consequently,
the stability of the early training phase depends on the
prediction accuracy of the mel-spectrograms by the feature
mapping network. Among the speech parameters, formants
are particularly crucial because they are closely related to
phoneme content, and improving their prediction accuracy is
vital for enhancing conversion quality. Therefore, to boost the
prediction accuracy of the speech parameters by the feature
conversion network, our proposed method incorporates an
additional cycle-consistency speech parameter loss, Lcyc sp,
which directly ensures the temporal structure of the speech
parameters.

Lcyc sp = Ex∼PX
[∥GY→X(F (GX→Y (xmel)))− xsp∥1]

+ Ey∼PY
[∥GX→Y (F (GY→X(ymel)))− ysp∥1]

(1)

Here, GX→Y and GY→X are generators for converting X to Y
and Y to X, respectively, while the feature-mapping network F
generates mel-spectrograms from speech parameters. xsp and
ysp represent the pre-extracted speech parameters of the source
and target speakers. Lcyc sp is the L1 loss between the speech
parameters obtained from the cycle conversion and the original
source speaker’s speech parameters, which serves to improve
the prediction accuracy of the speech parameters. Furthermore,
to stabilize the prediction of the speech parameters during the
initial stages of training, we introduce the following identity-
mapping speech parameter loss, Lid sp.

Lid sp = Ey∼PY
[∥GX→Y (ymel)− ysp∥1]

+ Ex∼PX
[∥GY→X(xmel)− xsp∥1]

(2)

The addition of these losses, which are related to speech
parameters, is expected to improve the conversion quality,
particularly in terms of phoneme preservation. The final loss

Fig. 2. Training flow of CycleSiFiNF-VC

function used in CycleSiFiNF-VC is as follows:

Ltotal = Ladv(GX→Y , DY ) + Ladv(GY→X , DX)

+ Ladv2(GX→Y , GY→X , D′
X)

+ Ladv2(GY→X , GX→Y , D
′
Y )

+ λcycLcyc + λidLid

+ λcyc spLcyc sp + λid spLid sp

(3)

Here, Ladv denotes the one-step adversarial loss, Ladv2 the
two-step adversarial loss, Lcyc the cycle-consistency loss, and
Lid the identity-mapping loss, all of which are defined in [13].

IV. EXPERIMENTS

A. Experimental Conditions

The dataset utilized 100 utterances from the parallel100
subset of the JVS corpus [23], which comprised 100 Japanese
males and females recorded at 24 kHz. The data were split
into training and evaluation sets at a 90:10 ratio for each of
the 100 utterances. Male speaker jvs001 and female speaker
jvs002 were used as source speakers, whereas male speaker
jvs003 and female speaker jvs004 were used as target speakers.
All combinations of these source and target speakers were
evaluated. speech parameters, specifically 40-dimensional mel-
cepstral coefficients and 80-dimensional mel-spectrograms,
were extracted using the same parameters as in [16].
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For comparison, we evaluated CycleGAN-VC2 with mel-
cepstral features as the conventional CycleGAN-based voice
conversion. CycleGAN-VC2 and CycleSiFiNF-VC were
trained for 200k iterations using a batch size of 1 and the Adam
optimizer [24] with β1 = 0.5 and β2 = 0.9. The generator and
discriminator learning rates were set to 0.0002 and 0.0001,
respectively. The lengths of the input frames to CycleSiFiNF-
VC and CycleGAN-VC2 were 64 and 128, respectively. The
loss weights were set as λcyc = 10, λid = 5, λcyc sp = 10,
and λid sp = 5. These training parameters were based on
CycleGAN-VC2[13]. Note that Lid and Lid sp were employed
only for the initial 10k iterations. The discriminator for both
models adopted the PatchGAN [25] architecture, similar to that
of CycleGAN-VC2. However, for CycleSiFiNF-VC (Baseline)
and CycleSiFiNF-VC (FCN), the 2D CNN in PatchGAN was
replaced with a 1D CNN to learn the conversion from source
speaker speech parameters to target speaker speech parameters.

The feature-mapping network described in Section II-B
was used as the pretrained model. This network predicts 80-
dim mel-spectrograms from seven speech parameters. It was
trained for 99k iterations with a batch size of 128 using the
Adam optimizer and an input frame length of 46 frames.
E2E-SiFi-NF was employed as the vocoder for CycleSiFiNF-
VC. For CycleGAN-VC2, SiFi-GAN [26] was used as the
vocoder, taking 40-dimensional mel-cepstral coefficients and
3-dimensional band aperiodicity (bap) as the input features.
Each vocoder was trained for 500k iterations using speech
data from 96 speakers (JVS005-JVS100) from the JVS cor-
pus. During conversion, F0 was linearly transformed in the
logarithmic domain, and the source speaker’s bap was directly
utilized.

In the following experiments, the proposed method was
evaluated under the following four conditions.

• Baseline: This model is essentially the CycleGAN-VC
described in Section III-A with the input features changed
from mel-cepstral coefficients to 7-dimensional speech
parameters.

• FCN: This model introduces the feature conversion net-
work (FCN), detailed in Section III-B, into the Baseline
model.

• FCN+Mel: This model builds upon the FCN model by
incorporating the conversion from mel-spectrogram to
speech parameters, as described in Section III-C.

• FCN+Mel+Lsp: This model adds Lcyc sp and Lid sp,
which are explained in Section III-D, to the FCN+Mel
model. When referred to simply as CycleSiFiNF-VC, this
model is implied.

B. Objective Evaluation
To objectively assess the quality of the converted speech, the

predicted speech quality score (UTMOS) [27] was calculated
using the MOS prediction system. As objective evaluation
metrics, the cosine similarity of speaker embeddings extracted
by Resemblyzer1 was calculated to assess the speaker similar-

1https://github.com/resemble-ai/Resemblyzer

TABLE I
COMPARISON OF PREDICTED MOS. THE BEST AND THE 2ND BEST SCORES

ARE INDICATED IN BOLD AND WITH AN UNDERLINE, RESPECTIVELY.

Model F2F M2M M2F F2M
CycleGAN-VC2 [13] 1.42 1.46 1.42 1.40
CycleSiFiNF-VC (Baseline) 1.47 1.84 1.25 1.26
CycleSiFiNF-VC (FCN) 1.71 2.05 1.91 1.86
CycleSiFiNF-VC (FCN+Mel) 1.33 1.27 1.37 1.26
CycleSiFiNF-VC (FCN+Mel+Lsp) 2.43 2.58 2.30 2.19

TABLE II
COMPARISON OF SPEAKER COSINE SIMILARITY

Model F2F M2M M2F F2M
CycleGAN-VC2 0.843 0.901 0.824 0.865
CycleSiFiNF-VC (Baseline) 0.779 0.825 0.748 0.664
CycleSiFiNF-VC (FCN) 0.861 0.870 0.844 0.827
CycleSiFiNF-VC (FCN+Mel) 0.808 0.767 0.807 0.720
CycleSiFiNF-VC (FCN+Mel+Lsp) 0.872 0.889 0.832 0.855

ity between the converted speech and the target speaker. The
character error rate (CER) was calculated to evaluate whether
the utterance content was appropriately preserved.

The results for UTMOS, speaker cosine similarity, and
CER, are presented in Tables I, II, and III, respectively. From
Table I, we found that CycleSiFiNF-VC obtained the highest
scores in UTMOS. Regarding the speaker cosine similarity in
Table II, CycleSiFiNF-VC (FCN) is comparable to CycleGAN-
VC2, indicating that the feature conversion network is fea-
sible through cycle-consistency learning and the non-causal
WaveNet-style gated convolutional structure, which is capable
of capturing long-term temporal structure. CycleSiFiNF-VC
(FCN+Mel+Lsp) achieved speaker cosine similarity scores
equal to or better than CycleGAN-VC2 for both intra-gender
and cross-gender conversions, despite a degradation in CER
(Table III). CycleSiFiNF-VC (Baseline) showed a significant
deterioration in CER for cross-gender conversions. When
Lsp was not introduced in CycleSiFiNF-VC (FCN+Mel), all
evaluation metrics deteriorated. This demonstrates that when
speech parameter prediction and conversion are performed
simultaneously with the intent of manipulating speech param-
eters during the conversion process, the speech parameter loss,
which directly guarantees the temporal structure of the speech
parameters, proves to be effective. Unlike mel-spectrograms,
speech parameters contain less detailed representations of
speech, despite being indicative of specific physical charac-
teristics. Consequently, the use of mel-spectrograms enabled
the acquisition of representations not obtainable through direct
conversion from acoustic parameters, leading to an improve-
ment in conversion quality.

C. Subjective Evaluation

For the subjective evaluation, the conventional CycleGAN-
VC2 and CycleSiFiNF-VC (FCN+Mel+Lsp), which is the
highest performance proposed model, were compared. Six
utterances were randomly selected for evaluation for all con-
version pairs. A mean opinion score (MOS) test (5: excellent
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TABLE III
COMPARISON OF CER

Model F2F M2M M2F F2M
CycleGAN-VC2 5.02 7.53 5.65 5.44
CycleSiFiNF-VC (Baseline) 11.8 4.60 58.2 73.0
CycleSiFiNF-VC (FCN) 15.4 9.79 12.5 12.9
CycleSiFiNF-VC (FCN+Mel) 12.3 13.7 11.3 20.3
CycleSiFiNF-VC (FCN+Mel+Lsp) 6.70 6.96 9.94 10.1

Fig. 3. MOS for conversion quality

to 1: bad) was conducted to assess the quality of the converted
speech. An XAB test was performed to measure speaker sim-
ilarity. In this test, “A” and “B” represented speech converted
by CycleGAN-VC2 and CycleSiFiNF-VC, respectively, while
“X” is speech of the target speaker. Six pairs of sentences were
randomly chosen from the evaluation set, and the pairs were
arranged randomly to eliminate any combination bias. For each
sentence pair, listeners were asked to select their preference
(“A” or “B”) or choose “Fair”. A total of 13 native Japanese
speakers (males and females) participated in the listening tests.

The results of the MOS and XAB tests are presented in
Figs. 3 and 4, respectively. The overall low score for the
MOS test could be a result of including natural speech in
the evaluation. In the MOS test, CycleSiFiNF-VC achieved
higher scores than CycleGAN-VC2 for all the conversion pairs.
In the XAB test, CycleSiFiNF-VC showed higher similarity
for intra-gender conversions than CycleGAN-VC2. However,
among the cross-gender conversions, CycleSiFiNF-VC slightly
outperformed CycleGAN-VC2 in M2F conversions, whereas
CycleGAN-VC2 showed higher scores for F2M conversions.

D. Parameter-Manipulated Conversion

We evaluated speech synthesized by manipulating for-
mants predicted and converted from mel-spectrograms in
CycleSiFiNF-VC. To investigate the fidelity to the shift scale,
we calculated the root mean square error (RMSE) between
the manipulated input F1, F2 and the F1, F2 extracted from
the synthesized speech. The results are shown in Figure 5. ×n
for each item indicates the scale of the manipulated speech
parameter. As a baseline, we present the results of parameter-
manipulated synthesis using E2E-SiFi-NF for the evaluation
data. While the error grows with a larger scale, this observa-
tion is explained in [15, 16]. Specific speech properties can
be controlled by manipulating individual speech parameters

Fig. 4. Average preference score (%) of XAB test for speaker similarity

Fig. 5. Plot of RMSE for manipulated F1 and F2

predicted and converted by the feature conversion network.
These results suggest that CycleSiFiNF-VC can achieve both
speech parameter prediction from mel-spectrograms and high-
quality conversion simultaneously. However, the varying error
magnitudes in speech parameter prediction across different
conversion pairs suggest a potential dependency on the specific
conversion pair.

V. CONCLUSIONS

This paper proposed CycleSiFiNF-VC, a CycleGAN-based
non-parallel voice conversion method that utilizes a small
set of speech parameters to achieve both voice conversion
and speech controllability. Our proposed method introduced
a feature conversion network and speech parameter losses that
effectively handles the temporal structure of speech parame-
ters. Evaluation results showed that our method can simulta-
neously perform speech parameter prediction and conversion,
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achieving quality superior to and speaker similarity comparable
to or better than CycleGAN-VC2. Speech parameter prediction
enables controllability in the voice conversion process through
parameter manipulation. In the future work, we aim to im-
prove conversion quality by enhancing the accuracy of speech
parameter prediction.
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