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Table 1: Results of objective evaluations. The values in the columns for mel-cepstral distortion (MCD) and log fo root mean square
error (RMSE) are the means and standard deviations. CER, RTF, ft, jt, and re are the character error rate of automatic speech
recognition, the real-time factor on an Intel Xeon 6152 CPU (1 core), joint fine-tuning, joint training, and the reduction factor for the
encoder, respectively.

Male −→ Female Female −→ Male

Method MCD [dB] log fo RMSE CER [%] MCD [dB] log fo RMSE CER [%] RTF

Original N/A N/A 1.0 N/A N/A 1.2

(Baseline) CFS2+PWG 5.83 ± 0.52 0.25 ± 0.07 3.4 4.74 ± 0.26 0.20 ± 0.04 4.4 3.44
CFS2′+PWG 5.50 ± 0.45 0.24 ± 0.08 3.0 4.76 ± 0.23 0.18 ± 0.06 6.8 3.41

CFS2′+HiFi-GAN (ft) 5.31 ± 0.58 0.22 ± 0.07 4.4 4.49 ± 0.31 0.19 ± 0.08 5.8 0.72
CFS2′+HiFi-GAN (jt) 5.95 ± 0.60 0.25 ± 0.06 12.7 4.80 ± 0.32 0.22 ± 0.08 12.5 0.72

VITS-VC (re = 2) 5.31 ± 0.43 0.23 ± 0.08 5.2 4.50 ± 0.30 0.18 ± 0.05 3.2 0.77
VITS-VC (re = 3) 5.36 ± 0.43 0.22 ± 0.07 5.4 4.58 ± 0.28 0.19 ± 0.06 5.8 0.76

JETS-VC (re = 2) 5.28 ± 0.42 0.23 ± 0.07 2.2 4.78 ± 0.36 0.21 ± 0.09 2.2 0.79
JETS-VC (re = 3) 5.38 ± 0.41 0.25 ± 0.09 2.8 4.59 ± 0.25 0.21 ± 0.09 3.0 0.78
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Figure 3: Results of MOS tests to evaluate naturalness and paired comparison tests to evaluate speaker similarity with 20 listening
subjects. The confidence level is 95%.

To evaluate the converted speech subjectively, mean opin-
ion score (MOS) tests were conducted to evaluate naturalness,
and paired comparison tests were conducted to evaluate speaker
similarity. According to the results of the objective evaluations,
CFS2+PWG, CFS2′+HiFi-GAN (ft), JETS-VC (re = 2), and
JETS-VC (re = 3) were compared. The VITS-VC models were
not evaluated because the CERs of these models were higher
than those of JETS-VC. To evaluate naturalness, each subject
evaluated 100 samples and rated the naturalness of each sam-
ple on a five-point scale. To evaluate speaker similarity, each
subject evaluated 80 pairs comprising the target and converted
samples to judge whether the two samples were produced by
the same speaker with confidence (sure or not sure). Twenty
Japanese adult native speakers without hearing loss participated
using headphones.

4.2. Results of experiments

The results of the objective evaluations are shown in Table 1.
The RTF results show that models with a HiFi-GAN gener-
ator achieved real-time inference, whereas CFS2+PWG and
CFS2′+PWG did not. Because the decoder in CFS2′+HiFi-
GAN had an RF of 3, this model achieved slightly faster synthe-
sis than VITS-VC and JETS-VC. Comparing the results of the
log fo RMSE for CFS2+PWG and CFS2′+PWG reveals that the
target log fo was successfully predicted only from source mel-
spectrograms by the modified variance adaptor. Additionally,
VITS-VC achieved a lower log fo RMSE than CFS2+PWG,
even though VITS-VC has no variance adaptor. Similarly to
the results of JETS and VITS for TTS [3], JETS-VC achieved
a lower CER than VITS-VC, and JETS-VC (re = 2) achieved

the lowest CER. The results of the MOS tests and paired com-
parison tests are shown in Figure 3. For male to female conver-
sion, JETS-VC (re = 2) achieved the highest MOS value and
similarity. For female to male conversion, JETS-VC (re = 3)
achieved the highest MOS value and similarity comparable to
that of CFS2′+HiFi-GAN (ft). The averaged results show that
JETS-VC (re = 3) achieved the highest similarity and signifi-
cantly higher naturalness than the cascade models.

In summary, E2E-S2S-VC could solve the problems (iden-
tified in Section 1) in the conventional cascade S2S VC, and
the proposed JETS-VC achieved higher conversion quality than
the cascade models. Future work includes improving inference
speed by introducing faster generator models [31, 39], investi-
gating efficient training frameworks that require only a small
amount of parallel data [11,17] for practical applications, intro-
ducing neural-network-based data-driven trainable feature ex-
traction (following [5]) to improve the quality of conversion,
and integrating fundamental frequency and speech rate con-
trol [40] to improve its controllability.

5. Conclusion

This paper proposed E2E non-AR S2S VC models by extend-
ing E2E TTS models. In the proposed VITS-VC and JETS-VC,
the input text sequences for TTS are replaced with the source
speaker’s acoustic feature sequences with an RF only for the
encoder, and E2E models including HiFi-GAN waveform syn-
thesizers are trained with MAS without external aligners. The
results of the experiments demonstrate that the proposed JETS-
VC outperformed the cascade non-AR S2S VC models.

https://ast-astrec.nict.go.jp/demo_samples/e2e-s2s-vc/ https://ast-astrec.nict.go.jp/en/release/hi-fi-captain/

Demo samples and source code Hi-Fi-CAPTAIN:
High-fidelity and high-capacity conversational speech 
synthesis corpus developed by NICT


1 female and 1 male (English): 14K utts (parallel: 13K)

1 female and 1 male (Japanese): 19K utts (parallel: 18.5K)
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Reshape with rd

<latexit sha1_base64="VDtQ14NVznzxW8VQr5wgr2/UUpg="></latexit>

(a) CFS2+PWG
<latexit sha1_base64="r1jM9gxbr2bpNuE5GsQo0dPH6GE="></latexit>

(b) CFS2
0
+HiFi-GAN

<latexit sha1_base64="qpOD0L3tf/h2KA1CbV9MD/FwMBE="></latexit>

(Baseline)
<latexit sha1_base64="75fUychZglnA7LIpqVEPWu/rvlY="></latexit>

(Proposed)

<latexit sha1_base64="l+kqjCVudL8qvCHjyJCCXdzrKk4="></latexit>

(d) JETS-VC
<latexit sha1_base64="kXLITV+/xGiiVYf+2LStBYI+yFI="></latexit>

(c) VITS-VC

<latexit sha1_base64="VSEkyM08zysV0f9GHWpQrHTt7rQ="></latexit>

Monotonic
<latexit sha1_base64="K4+n5NiuT9m46+x/SmIEG3sdDXQ="></latexit>

alignment
<latexit sha1_base64="9HWn+EAAJgwtFyAPZnh9pVTnSmM="></latexit>

search
<latexit sha1_base64="IWWDFAMk15BKouhY17lvggZKvn4="></latexit>

Stchastic
<latexit sha1_base64="CDQdban2bX3vWbRLFcUXmZqcOh8="></latexit>

duration
<latexit sha1_base64="A9Q6jn+DjIf0tR2croyq+7rb+w4="></latexit>

predictor

<latexit sha1_base64="R/iX4ABk881NdtgPQtCR15E9DsE="></latexit>

Source waveform

<latexit sha1_base64="0JKJdNg1HKKWsggkNlK36MxYz7M="></latexit>

Transformer-based
<latexit sha1_base64="tMfBv0OW2aQ+bRiYRLaOlcllZX8="></latexit>

encoder

<latexit sha1_base64="2oiVOiQGkO6waUA567LUB4Q/9GI="></latexit>

Alignment generation

<latexit sha1_base64="g+pqAPt73I3in9Cz9Nx7BZGtSmU="></latexit>

Flow-based
<latexit sha1_base64="w0R1plpjaYqtXdj+z7G0j78iCUg="></latexit>

decoder

<latexit sha1_base64="+OOda85Wp7KADwhdM+DtfkpeG9U="></latexit>

HiFi-GAN

<latexit sha1_base64="eM6rIxeCUOBPgAXcuUEPta9SMRg="></latexit>

Converted waveform

<latexit sha1_base64="NJNQeWQviNxrv1Iv6ZmCOrsmfHs="></latexit>

Target
<latexit sha1_base64="PXKoEVYDHkasKu+PDabXg7bP51c="></latexit>

linear-spectrogram

<latexit sha1_base64="/zctHQTWmsgO6A/GmvDN+3QYK9U="></latexit>

Training only

<latexit sha1_base64="vtXSG3/gXnEfJwhbCpsKHsTlp84="></latexit>

Posterior
<latexit sha1_base64="tMfBv0OW2aQ+bRiYRLaOlcllZX8="></latexit>

encoder

<latexit sha1_base64="Lp0p3L5Mx7umkAaCiuxuIIX8P3U="></latexit>

Stop
<latexit sha1_base64="/hVLCg9aZHTm0aBE3rv+dySxI0A="></latexit>

gradient

<latexit sha1_base64="qytVkoczauVXD2bcitP/+4oSba0="></latexit>

Latent variables

<latexit sha1_base64="R/iX4ABk881NdtgPQtCR15E9DsE="></latexit>

Source waveform

<latexit sha1_base64="eM6rIxeCUOBPgAXcuUEPta9SMRg="></latexit>

Converted waveform

<latexit sha1_base64="+OOda85Wp7KADwhdM+DtfkpeG9U="></latexit>

HiFi-GAN

<latexit sha1_base64="NJNQeWQviNxrv1Iv6ZmCOrsmfHs="></latexit>

Target
<latexit sha1_base64="rNS1OCb4bpMcjEqs5Z+X5MeKZ80="></latexit>

mel-spectrogram

<latexit sha1_base64="9ej42d6YVD5nW/XlMI0+IlUgVzM="></latexit>

Hidden features

<latexit sha1_base64="Crf/xhZCWUBeyAw/+3v1EsPgFKY="></latexit>

Alignment
<latexit sha1_base64="xet6lWY9tnt3R/S7M1JeqVoXFu0="></latexit>

module
<latexit sha1_base64="e2sXavFb5GqVyCzF6XEETO+pGts="></latexit>

with

<latexit sha1_base64="K4+n5NiuT9m46+x/SmIEG3sdDXQ="></latexit>

alignment
<latexit sha1_base64="9HWn+EAAJgwtFyAPZnh9pVTnSmM="></latexit>

search

<latexit sha1_base64="/4FoAojPI0JrJtlwpN8ewpmU2TU="></latexit>

monotonic
<latexit sha1_base64="0JKJdNg1HKKWsggkNlK36MxYz7M="></latexit>

Transformer-based
<latexit sha1_base64="tMfBv0OW2aQ+bRiYRLaOlcllZX8="></latexit>

encoder
<latexit sha1_base64="/zctHQTWmsgO6A/GmvDN+3QYK9U="></latexit>

Training only

<latexit sha1_base64="0JKJdNg1HKKWsggkNlK36MxYz7M="></latexit>

Transformer-based
<latexit sha1_base64="w0R1plpjaYqtXdj+z7G0j78iCUg="></latexit>

decoder

<latexit sha1_base64="S8cnSjMukuTxeR0HNjANQ4hA/p8="></latexit>

w/o source features

<latexit sha1_base64="SZVFtO5Th3FbclPjviI0d7BRCcI="></latexit>

Modified variance adaptor

<latexit sha1_base64="8xIXMwVR1fva2qeB0IshcadBb68="></latexit>

Source
<latexit sha1_base64="rNS1OCb4bpMcjEqs5Z+X5MeKZ80="></latexit>

mel-spectrogram

<latexit sha1_base64="344fGKwWYBSa6N8s6v5JC/7byYs="></latexit>

Reshape with re

<latexit sha1_base64="8xIXMwVR1fva2qeB0IshcadBb68="></latexit>

Source
<latexit sha1_base64="rNS1OCb4bpMcjEqs5Z+X5MeKZ80="></latexit>

mel-spectrogram

<latexit sha1_base64="344fGKwWYBSa6N8s6v5JC/7byYs="></latexit>

Reshape with re

<latexit sha1_base64="75fUychZglnA7LIpqVEPWu/rvlY="></latexit>

(Proposed)
<latexit sha1_base64="75fUychZglnA7LIpqVEPWu/rvlY="></latexit>

(Proposed)

<latexit sha1_base64="SeNOwBQioMIx2ZJFV2Z/mAGwC4Q="></latexit>

End-to-end models
<latexit sha1_base64="XM5d25GwSGpIt/e0+KyTPl5RfYs="></latexit>

Cascade models

1. Introduction 3. Proposed methods
Voice conversion (VC) methods 

Framewise VC based on frame-by frame conversion

Parallel data not required

Difficult to convert duration and prosody between source and 
target speakers

End-to-end models have been investigated (e.g. NVC-Net)


Sequence-to-sequence (S2S) VC

Parallel data required

Can convert duration and prosody by S2S manner


Baseline: non-autoregressive (AR) S2S-VC: CFS2+PWG 
Features


Conformer-Fastspeech 2 (CFS2)-based non-AR conversion 
model with Parallel WaveGAN (PWG) neural vocoder

Faster and more stable by non-AR structure compared with 
conventional Transformer-based AR models


Four problems

1. Three models (teacher Transformer, CFS2, PWG) are 

separately trained -> they cannot be jointly optimized

2. Unstable alignment due to teacher AR-Transformer

3. HiFi-GAN neural vocoder outperforms PWG

4. Energy and fundamental frequency of source speaker required 

End-to-end text-to-speech (E2E-TTS) models: VITS and JETS 
VITS: VAE + flow + HiFi-GAN + monotonic alignment search (MAS)

JETS: Fastspeech 2 + HiFi-GAN + MAS


Proposed E2E-S2S-VC: VITS-VC and JETS-VC 
Introducing VITS and JETS for E2E-TTS models into S2S-VC


Source mel-spectrogram input can be directly converted to 
target speech waveform with a single neural network

Using a reduction factor only for encoder to successfully train 
MAS for VC

Can solve all the four problems in baseline model

4. Experiments
Experimental conditions 

Dataset: Parallel 1,000 utterances for Japanese in Hi-Fi-CAPTAIN

Training: 950 utts, Validation: 25 utts, Evaluation: 25 utts


Sampling frequency: 24 kHz

Objective evaluation criteria: MCD, logfoRMSE, CER and RTF

Subjective evaluation criteria (N=20): MOS, speaker similarity


Results of experiments

Demo samples: Hi-Fi-CAPTAIN corpus for Japanese 
used in experiments


Source code based on ESPnet2-TTS

 - Recipe for CMU-ARCTIC corpus

 - Recipe for Hi-Fi-CAPTAIN corpus used in experiments

Released!

2. Extended model
CFS2’+HiFi-GAN 

CFS2’: CFS2 with modified variance adapter without source 
energy and fundamental frequency features


Modified valiance adapter predicts target energy and fundamental 
frequency features from source mel-spectrogram input


