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Demo samples, source code and preprint Hi-Fi-CAPTAIN corpus:
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)

  ESPnet2-TTS recipe for JETS-based E2E-TTS

1. Introduction 3. Proposed method:
Fast and high-fidelity neural text-to-speech (TTS ) and voice 
conversion (VC) models 

End-to-end (E2E) sequence-to-sequence (S2S) TTS model:  
MS-FC-JETS                                  (Yamashita+ IEEE Access 2024)


Realizing high-fidelity and fast synthesis with real-time factor 
(RTF) of 0.14 using a CPU


E2E-S2S-VC model: JETS-VC           (Okamoto+ Interspeech 2023)

Realizing higher quality conversion than cascade models 


Motivation of proposed method

Transformer blocks are introduced to encoder and decoder of 
acoustic models as de facto standard for S2S-TTS and S2S-VC

ConvNeXt-based model is proposed and outperforms Swin-
Transformer in image recognition

ConvNeXt-based very fast neural vocoders: Vocos (Siuzdak 
ICLR 2024) and WaveNeXt (Okamoto+ ASRU 2023)


Proposed methods 
ConvNeXt blocks are introduced to encoder and decoder in 
acoustic models instead of Transformer blocks


Results: Proposed models can improve inference speed while 
keeping synthesis quality

(c) CS-JETS and CS-JETS-VC 
ConvNeXt blocks are introduced only to encoder and decoder in 
acoustic models of JETS and JETS-VS instead of Transformer 
blocks


(d) ConvNeXt-TTS and ConvNeXt-VC 
ConvNeXt blocks are introduced not only to encoder and decoder 
in acoustic models instead of Transformer blocks but also to 
speech waveform generative models as WaveNeXt instead of 
HiFi-GAN

All the modules are constructed from ConvNeXt blocks

4. Experiments
Experimental conditions 

Dataset: One female and one male in Hi-Fi-CAPTAIN corpus

Sampling frequency fs: 24 kHz

Objective evaluation criteria: MCD, logfoRMSE, CER and RTF

Subjective evaluation criteria (N=23): Naturalness and similarity


Results of experiments

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


Source code based on ESPnet2-TTS

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

2. Conventional models

https://ast-astrec.nict.go.jp/demo_samples/convnext-tts_vc/ https://ast-astrec.nict.go.jp/en/release/hi-fi-captain/
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Table 1. Results of objective evaluations. The values of mel-cepstral distortion (MCD) and log fo root-mean-square error (RMSE) in the

table are the means and standard deviations. CER is the character error rate of automatic speech recognition. RTF is the real-time factor on

an AMD EPYC 7542 CPU (1 core) using PyTorch 2.0.1. The RTFs of the FastSpeech-2-based acoustic model, ConvNeXt-based acoustic

model, HiFi-GAN-based neural vocoder, and WaveNeXt-based neural vocoder are 0.03, 0.01, 0.80, and 0.04, respectively.
Female (Japanese) Male (Japanese)

Condition Model (Acoustic model + Neural vocoder) RTF MCD [dB] logfo RMSE CER [%] MCD [dB] logfo RMSE CER [%]

E2E-S2S-TTS JETS (Transformer + HiFi-GAN) [10] 0.83 5.96 ± 0.63 0.21 ± 0.05 0.4 5.09 ± 0.56 0.19 ± 0.05 0.9

JETS-WN (Transformer + WaveNeXt) [20] 0.07 5.75 ± 0.57 0.21 ± 0.07 0.4 5.01 ± 0.62 0.19 ± 0.05 0.5

CN-JETS (ConvNeXt + HiFi-GAN) 0.81 5.76 ± 0.61 0.20 ± 0.07 0.6 4.98 ± 0.58 0.19 ± 0.05 0.6

ConvNeXt-TTS (ConvNeXt + WaveNeXt) 0.05 5.67 ± 0.59 0.20 ± 0.06 0.4 4.87 ± 0.54 0.20 ± 0.06 0.4

Male to Female (Japanese) Female to Male (Japanese)

E2E-S2S-VC JETS-VC (Transformer + HiFi-GAN) [6] 0.83 5.55 ± 0.51 0.20 ± 0.06 1.2 4.90 ± 0.48 0.18 ± 0.06 3.4

JETS-WN-VC (Transformer + WaveNeXt) 0.07 5.43 ± 0.50 0.21 ± 0.06 1.1 4.87 ± 0.47 0.18 ± 0.05 4.9

CN-JETS-VC (ConvNeXt + HiFi-GAN) 0.81 5.52 ± 0.54 0.20 ± 0.06 1.0 4.75 ± 0.46 0.19 ± 0.05 1.3

ConvNeXt-VC (ConvNeXt + WaveNeXt) 0.05 5.40 ± 0.52 0.21 ± 0.07 0.8 4.69 ± 0.48 0.18 ± 0.05 0.4

Ground truth N/A N/A N/A 0.0 N/A N/A 0.0
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Fig. 4. Results of MOS tests for the E2E-S2S-TTS condition with

23 listening subjects. The confidence level is 95%. “Org” indicates

the original samples.

of all the models for inference were measured on an AMD EPYC

7542 CPU (1 core). To evaluate the synthesized speech subjectively,

mean opinion score (MOS) tests were conducted for both the E2E-

S2S-TTS and E2E-S2S-VC conditions. Each subject evaluated 280

samples: 14 utterances × 5 conditions × 2 speakers (female and

male) × 2 conditions (E2E-S2S-TTS and E2E-S2S-VC). The natu-

ralness of each sample was rated on a five-point scale: (1) bad, (2)

poor, (3) fair, (4) good, and (5) excellent. To evaluate speaker sim-

ilarity for the E2E-S2S-VC condition, each subject evaluated 112

pairs comprising the target and converted samples: 14 × 4 × 2. The

subjects were then asked to rate the speaker similarity of the two

samples on a four-point scale: (4) same speaker, absolutely sure, (3)

same speaker, not sure, (2) different speaker, not sure, (1) different

speaker, absolutely sure [31]. Twenty-three adult Japanese native

speakers without hearing loss participated using headphones.

4.2. Results of experiments

Table 1 and Figs. 4 and 5 show the results of the objective and

subjective evaluations. The RTFs of the FastSpeech-2-based AM,

ConvNeXt-based AM, HiFi-GAN- and WaveNeXt-based neural

vocoders were 0.03, 0.01, 0.80, and 0.04, respectively. First, the pro-

posed ConvNeXt-based encoder and decoder performed inference

three times faster than the Transformer-based encoder and decoder

while improving the synthesis quality. In particular, the proposed

ConvNeXt-TTS and ConvNeXt-VC performed very fast E2E-S2S-

TTS and E2E-S2S-VC with an RTF of 0.05 using a single-core

CPU. In addition, ConvNeXt-TTS and ConvNeXt-VC achieved the

highest ASR accuracy and lowest MCD, and significantly improved

the synthesis quality and speaker similarity compared with JETS-

WN and JETS-WN-VC. The proposed CN-JETS and CN-JETS-VC

also significantly improved the synthesis quality and speaker simi-
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Fig. 5. Results of MOS tests and speaker similarity tests for the E2E-

S2S-VC condition with 23 listening subjects. The confidence level

is 95%. “Org” indicates the original samples and “n.s.” abbreviates

non-significant.

larity compared with JETS and JETS-VC, with the exception of the

speaker similarity score for male-to-female conversion.

In summary, the proposed ConvNeXt-based encoder and de-

coder could achieve faster and higher-quality synthesis than the

Transformer-based encoder and decoder, as expected. Future work

includes further improvement of the synthesis quality of ConvNeXt-

TTS and ConvNeXt-VC by introducing sophisticated discrimina-

tors [32] and duration modeling [33].

5. CONCLUSION

This paper proposed Transformer-free ConvNeXt-based models,

CN-JETS and CN-JETS-VC, in which a ConvNeXt-based encoder

and decoder were introduced into JETS and JETS-VC instead of

a Transformer-based encoder and decoder. To further increase the

inference speed, ConvNeXt-TTS and ConvNeXt-VC were addition-

ally proposed, in which WaveNeXt was used instead of HiFi-GAN.

The results of the experiments show that the proposed ConvNeXt-

based encoder and decoder could perform inference three times

faster than a Transformer-based encoder and decoder, while im-

proving the synthesis quality. In particular, ConvNeXt-TTS and

ConvNeXt-VC could achieve very fast E2E-S2S-TTS and E2E-

S2S-VC with an RTF of 0.05 using a single-core CPU.
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ConvNeXt (Liu+ CVPR 2022) 
ResNet-based fast and high-fidelity model by introducing essence 
of Transformer 


Depthwise convolution corresponds to weighted sum in self-
attention of Transformer


WaveNeXt (Okamoto+ ASRU 2023) 
Replacing iSTFT-based upsampling layer in Vocos (Siuzdak ICLR 
2024) with trainable linear layer similar to MS-FC-JETS


Improving synthesis quality while keeping inference speed


(a) JETS (Lim+ Interspeech 2022) and JETS-VC (Okamoto+ IS 2023) 
E2E-S2S-TTS and VC models realized by joint training of 
FastSpeech 2 and HiFi-GAN with monotonic alignment search
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<latexit sha1_base64="wLnE3O/j3yresjAkzxulYj9Ru1M="></latexit>

128T

<latexit sha1_base64="8kpvDNus0b7wzVWy1TT/WafSQVg="></latexit>

Transposed Conv + MRF

<latexit sha1_base64="8kpvDNus0b7wzVWy1TT/WafSQVg="></latexit>

Transposed Conv + MRF

<latexit sha1_base64="8kpvDNus0b7wzVWy1TT/WafSQVg="></latexit>

Transposed Conv + MRF

<latexit sha1_base64="8kpvDNus0b7wzVWy1TT/WafSQVg="></latexit>

Transposed Conv + MRF
<latexit sha1_base64="RgZ+gengRNfrXWcO8D/pag8cNks="></latexit>

256T

<latexit sha1_base64="Rn665rTTRJ/H/eG/9lK7TWy4Qwk="></latexit>

Output speech waveform

<latexit sha1_base64="uVsflQC7knBCRAzRjoYvECRfU/I="></latexit>

Conv1D

<latexit sha1_base64="uVsflQC7knBCRAzRjoYvECRfU/I="></latexit>

Conv1D

<latexit sha1_base64="0oz63R+L0Yqasj7tuUbn9GMfByw="></latexit>

T

<latexit sha1_base64="cjpkO9559KyLvyYHjRdxaZONkT8="></latexit>

Layer normalization

<latexit sha1_base64="uVsflQC7knBCRAzRjoYvECRfU/I="></latexit>

Conv1D

<latexit sha1_base64="0oz63R+L0Yqasj7tuUbn9GMfByw="></latexit>

T

<latexit sha1_base64="cjpkO9559KyLvyYHjRdxaZONkT8="></latexit>

Layer normalization

<latexit sha1_base64="9seoL/XDo2XP0Rif34f8MPIx/W0="></latexit>

Linear

<latexit sha1_base64="Rn665rTTRJ/H/eG/9lK7TWy4Qwk="></latexit>

Output speech waveform

<latexit sha1_base64="RgZ+gengRNfrXWcO8D/pag8cNks="></latexit>

256T

<latexit sha1_base64="0oz63R+L0Yqasj7tuUbn9GMfByw="></latexit>

T

<latexit sha1_base64="Fv6Cwb/EEc2aeq7XMxUcMCpGQlg="></latexit>

iSTFT

<latexit sha1_base64="ktNW0/yg/EAbL9GR1VHxV7NHthA="></latexit>

Magnitude
<latexit sha1_base64="VKs2/0M/FQPoUTlzN8LKeJXRixk="></latexit>

Phase

<latexit sha1_base64="9seoL/XDo2XP0Rif34f8MPIx/W0="></latexit>

Linear

<latexit sha1_base64="Rn665rTTRJ/H/eG/9lK7TWy4Qwk="></latexit>

Output speech waveform

<latexit sha1_base64="m2M8rHuOF0gSA9URWDSXtcrAj3Q="></latexit>

Linear

<latexit sha1_base64="9tYDl8YNjrDOdqDoZugYkb+RlLU="></latexit>

Reshape
<latexit sha1_base64="RgZ+gengRNfrXWcO8D/pag8cNks="></latexit>

256T

<latexit sha1_base64="0oz63R+L0Yqasj7tuUbn9GMfByw="></latexit>

T

<latexit sha1_base64="nFWZwXrvjHvH6J0jfL0TxoAxHlQ="></latexit>

(b) Vocos
<latexit sha1_base64="UJE77bcQUg96QE51dPDUCUsWUoc="></latexit>

(c) WaveNeXt
<latexit sha1_base64="XQ+bxFHPrLf4S2QXKogk/oIx9vA="></latexit>

(a) HiFi-GAN

<latexit sha1_base64="41R35Jr+uJ2YU2nK5B0TDy3oxos="></latexit>

Hidden features

<latexit sha1_base64="J5SIXA/xEj8BhO5apYvh5d9pvz0="></latexit>

(For end-to-end text-to-speech or voice conversion)

<latexit sha1_base64="y86Mcr8RgM+dWjLl0UxGB0uB4NM="></latexit>

ConvNeXt block
<latexit sha1_base64="y86Mcr8RgM+dWjLl0UxGB0uB4NM="></latexit>

ConvNeXt block

<latexit sha1_base64="N+zj0wpCR1OxK2K7mrLnCBEZ6wM="></latexit>⇥8
<latexit sha1_base64="N+zj0wpCR1OxK2K7mrLnCBEZ6wM="></latexit>⇥8

Preprint of WaveNeXt


