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' FEURER

STRAIGHT [Kawahara99]
- ER1EZIZFEFEREIEE Z B A [Kawahara01]
— FO-adaptiveZm BEIEIC L V), FODOEE % [RZE [KawaharaHP]
-HMMEE G,/ GMMEEZE#EDERICH W TEERKE

WORLD [Mmorise16]
— STRAIGHTOfFE b zfrA& L, S oilmamBE1t
— DITIFRAALE (CKTF L 738 LWRBE D ERET [Morisel5]
—BEBSDZ7 A > X TY —ZAARHIN, BEEHRDOEZRSAIC

[Kawahara99] Kawahara et al., “Restructuring speech representations using a pitch-adaptive time-frequency smoothing and an instantaneous-frequency-based FO extraction: Possible role of a
repetitive structure in sounds,” Speech Communication, vol. 27, no. 3-4, pp. 187-207, 1999.

[Kawahara01] Kawahara et al., “Aperiodicity extraction and control using mixed mode excitation and group delay manipulation for a high quality speech analysis, modification and synthesis
system STRAIGHT,” in MAVEBA 2001 2001.

[KawaharaHP] http://www.wakayama-u.ac.jp/~kawahara/HowTANDEMSTRAIGHTworks

[Morisel6] Morise et al., ” WORLD: a vocoder-based high-quality speech synthesis system for real-time applications”, IEICE transactions, 2016.

[Morisel5] Morise, “CheapTrick, a spectral envelope estimator for high quality speech synthesis,” Speech Communication, 2015.



http://www.wakayama-u.ac.jp/~kawahara/HowTANDEMSTRAIGHTworks/
http://www.wakayama-u.ac.jp/~kawahara/HowTANDEMSTRAIGHTworks/
http://www.wakayama-u.ac.jp/~kawahara/HowTANDEMSTRAIGHTworks/
http://www.wakayama-u.ac.jp/~kawahara/HowTANDEMSTRAIGHTworks/

STRAIGHTIC & 5 X7 b ILalk&imH Of

120¢

1OO_I;FT + mel-cepstral analysis

807

GO—H

40+

Power [dB]

20+

0Ot

_20 | | | | | | | |
0 2 4 6 3
Frequency [kHz]

17/72

[HTS] HTS 2.3 slide http://hts.sp.nitech.ac.jp/?Download
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[Kobayashil8] K. Kobayashi et al., “Intra-gender statistical singing voice conversion with direct waveform modification using log-spectral differential,” Speech communication, 2018.
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— MLSA” 4 )L X X— X [Kobayashil8]
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nNa /=7
[Kobayashil8] K. Kobayashi et al., “Intra-gender statistical singing voice conversion with direct waveform modification using log-spectral differential,” Speech communication, 2018.

[Saito17] S. Takamichi et al., “Voice Conversion Using Input-to-Output Highway Networks,” IEICE Transactions, 2017.
[/aM18] M b, “= & é‘?ﬂ@a\}ﬁ@f:&)@ﬁ%ﬁliﬁ%ﬁﬁéﬁ,” AAFEFR2018FESMRRERESF ERE, 2018.
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[Tokuda00] Tokuda et al., “Speech parameter generation algorithms fro HMM-based speech synthesis”, Proc. ICASSP, 2000.
[Toda07] Toda et al., “Voice conversion based on maximum likelihood estimation of spectral parameter trajectory,” IEEE Transactions, 2007.
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Conventional training of HMMs 2

A=argmaxP(Y|X, 1) I
Modeling of ¥ ]

Actually observed  Window
speech parameter  matrix
sequence y W

L/ o

Speech parameter generation

y = argmax P(Wy|X, 1)
= argmax P(y|W,X, 4)

Generation of y given W ]

Inconsistent

(X: actually observed Trajectory HMM training Consistent

context label sequence)

A =argmax P(y|W, X, 4) I

Modeling of y given W J
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— Trajectory GMM [zen09, Takamichil5], DNN [Hashimoto16]
— Latent trajectory HMM [kameokal5]/GMM [Tobing16]

— Factor-analyzed trajectory HMM [Cai15]

AR (auto-regressive) BIEDEE
— AR-HMM({[Shannon13]/DNN[wWang17]

MGE (minimum generation error) 8
TP MU ETLOHSEE 021 T (T IZEAITTE)
— MGE training for HMM[wu06]/DNN[Wu16]

[zen09]

[Takamichil5] S. Takamichi et al., “Modulation spectrum-constrained trajectory training algorithm for GMM-based voice conversion,” Proc. ICASSP, Apr. 2015.
[Hashimoto16]

[Kameokalb] H. Kameoka, “Modeling speech parameter sequences with latent trajectory hidden Markov model,” Proc. MLSP, Sep. 2015.

[Tobingl6] P. L. Tobing et al., “Acoustic-to-articulatory inversion mapping based on latent trajectory Gaussian mixture model,” Proc. INTERSPEECH, Sep. 2016.
[Cail5] M.-Q. Cai et al., “Statistical parametric speech synthesis using a hidden trajectory model,” Speech Communication, 2015.

[Shannon13] M. Shannon et al., “Autoregressive models for statistical parametric speech synthesis,” IEEE Transactions, 2013

[Wangl7] X. Wang et al., “An autoregressive recurrent mixture density network for parametric speech synthesis,” Proc. ICASSP, 2017.

[Wu06] Y.-J. Wu et al., “minimum generation error training for HMIM-based speech synthesis,” Proc. ICASSP, 2006.

[Wul6] Z. Wu et al., “Improving Trajectory Modelling for DNN-based Speech Synthesis by using Stacked Bottleneck Features and Minimum Generation Error Training,” IEEE
Transactions, 2016.
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[Zen13] Zen et al., “Statistical parametric speech synthesis using deep neural networks,” Proc. ICASSP, 2013.



HMM -> DNN -> RNN

HMM -> DNN Tt&ZE L 7= Z & [Zen13][Watt16]
—EFEEFMLoEM  HMMIREE — 7 L — A
- TR s 77 R&Y v — [EIF
— KRBT — 2 HDFFHATEE(C

DNN -> RNN (recurrent neural network) Ce&lEL/=Z &
— RNN: FEIR 72 BIREE = 155 > 7=DNN
— REA A R F B GR D FE1S [Fan14] (5FIZFO [Wangl6])
—FEHES T T IILICNE [Zenlb]

[Zen13] Zen et al., “Statistical parametric speech synthesis using deep neural networks,” Proc. ICASSP, 2013.

[Wattl6] Watts et al., “From HMMs to DNNs: where do the improvements come from?,” Proc. ICASSP, 2016.

[Fan14] Fan et al., ““TTS synthesis with bidirectional LSTM based recurrent neural networks,” Proc. INTERSPEECH, 2014.

[Wangl16] Wang et al., “A Comparative Study of the Performance of HMIM, DNN, and RNN based Speech Synthesis Systems Trained on Very Large Speaker-Dependent 30/72
Corpora,” Proc. SSW, 2016.

[Zen15] Zen et al., “Unidirectional Long Short-Term Memory Recurrent Neural Network with Recurrent Output Layer for Low-Latency Speech Synthesis,” Proc. ICASSP, 2016.
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[Yoshimura04] Yoshimura et al., “Incorporation of mixed excitation model and postfilter into HMM-based text-to-speech synthesis,” IEICE Transactions, 2004.
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[Toda07] Toda et al., “Voice conversion based on maximum likelihood estimation of spectral parameter trajectory,” IEEE Transactions, 2007.
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[Takamichil6] Takamichi et al., “Post-filters to Modify the Modulation Spectrum for Statistical Parametric Speech Synthesis,” IEEE Transactions, 2016.
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BENIA—REREDHREE
— GV/MS7Z=@#ES 5 4Rk

— GV [Toda07]/MS [Takamichil5] L E & HMM/GMM/DNNEE D
Product of Experts

Y PUETLEDRSE
-GV/MSZEY 5F&

— GV [Toda09] / MS [Takamichil5-2] &5 =(b 7> 227 F))FE

FEEELOFHEFEIFZE L TOFA

ZE SR [Baljekar16], = B X [Blaauwl7]

Toda07] Toda et al., “Voice conversion based on maximum likelihood estimation of spectral parameter trajectory,” IEEE Transactions, 2007.

Takamichil5] S. Takamichi et al, “Parameter generation algorithm considering modulation spectrum for HMM-based speech synthesis,” Proc. ICASSP, 2015.
Toda09] T. Toda et al., “Trajectory training considering global variance for HMM-based speech synthesis,” Proc. ICASSP, 2009.

Takamichil5-2] S. Takamichi et al., “Modulation spectrum-constrained trajectory training algorithm for HMM-based speech synthesis,” Proc. ICASSP, 2015.
Baljekar16] Baljekar et al., “Utterance Selection Techniques for TTS Systems Using Found Speech,” Proc. SSW9, 2016.

Blaauw17] Blaauw et al., “A Neural Parametric Singing Synthesizer Modeling Timbre and Expression from Natural Songs,” Applied Science, 2017.
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[Takamichil6] Takamichi et al., “Acoustic modeling and speech parameter generation for high-quality statistical parametric speech synthesis,” PhD thesis, 2016.
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Generative adversarial network [Goodfellow14]
— DB DI Jensen-Shannon divergence % &/t
—AERRETIVLG)E, A/ AT —XHFHANT B ETILD() & EOT

Loss = E|log(D(y))| + E[log(1 — D(®))] (E[IZHAFH1E)

BRI DD H o 60)
ERENELE

. 1: &R | A
‘/ —3- —L 0.0
O. iﬁk_ -3 -2 -1 0 1 2 3 40/72

[Goodfellow14] Goodfellow et al., “Generative adversarial networks,” Proc. NIPS, 2014.
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[Saito18] Saito et al., “Statistical Parametric Speech Synthesis Incorporating Generative Adversarial Networks,” IEEE Transactions, 2018.
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[Saito18] Saito et al., “Statistical Parametric Speech Synthesis Incorporating Generative Adversarial Networks,” IEEE Transactions, 2018.
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[Saito18]

LS-GAN [Mao17]

W-GAN [Arjovskyl17]

=
I

- Wassérstein div.

GAN [Goodfellow14]

i Approéx. JS div.

RKL-GAN [Nowozin16]

| ] Rever:sed KL div.

JS-GAN [Nowozin16]

|_

KL-GAN [Nowozin16] .—{ Kullback éLeibIer (KL) d|v

| Jensen-Shannon (JS) div.

1 2

Mean opinion score on synthetic speech quality

Maol7] Mao et al., ““Least squares generative adversarial networks,” Proc. ICCV, 2017.
Arjovsky17] Arjovsky et al., “Wasserstein GAN,” Proc. ICML, 2017.
Goodfellow14] Goodfellow et al., “Generative adversarial networks,” Proc. NIPS, 2014.

3 al

Nowozin16] Nowozin et al., “f-GAN: Training generative neural samplers using variational divergence minimization,” Proc. NIPS, 2016.
Saito18] Saito et al., “Statistical Parametric Speech Synthesis Incorporating Generative Adversarial Networks,” IEEE Transactions, 2018.
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ZEE X GANDRTDOHEE

DFTARZ bV - iIB2ERKRADIGH
—DFTARZ bIL (B E] [Kanekol7] * sisi 51l [Saito18-2])
— ZE K (1 frame R [Juvelal8])

BEERADIH
— DNN-based VC [Saito18]
— CycleGAN-based non-parallel VC [Kaneko18]
— StarGAN-based non-parallel VC [Kameokal8]

GANLUUAN DREBERKE T IVOFIFH

— Generative moment-matching network

[Kanekol7] Kaneko et al., “Sequence-to-Sequence Voice Conversion with Similarity Metric Learned Using Generative Adversarial Networks,” Proc. INTERSPEECH, 2017.

[Saito18-2] Saito et al., “"Text-to-speech synthesis using STFT spectra based on low-/multi-resolution generative adversarial networks,” Proc. ICASSP, 2018.

[Juvelal8] Juvela et al., “Speech waveform synthesis from MFCC sequences with generative adversarial networks,” Proc. ICASSP, 2018.

[Saito18] Saito et al., “Statistical Parametric Speech Synthesis Incorporating Generative Adversarial Networks,” IEEE Transactions, 2018. 44/7 2
[Kaneko18] Kaneko et al., “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv, 2018.

[Kameokal8] Kameoka et al., “StarGAN-VC: Non-parallel Many-to-Many Voice Conversion with Star Generative Adversarial Networks,” arXiv, 2018.



Maximum mean discrepancy (MMD)

Moment matching network [Li15] [Ren16]
— DD E— A MEOZFEEREE R/

L=tr(1-K,,)+tr(1-Ky5)—2tr(1-K,3) (K, , 3y, yE D7 Z LiT51)

5 ' ' ; ; ; ;

<« data RO y
|| « < predicted :

[Li15] Li et al., “Generative moment matching network,” Proc. ICML, 2015.
[Ren16] Ren et al., ““Conditional generative moment-matching networks,” Proc. NIPS, 2016.
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HHI—ESBEER A RANDIGH [Takamichil7]
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[Takamichil7] Takamichi et al., “Sampling-based speech parameter generation using moment-matching networks,” Proc. INTERSPEECH, 2017.
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— Integration of feature extraction and modeling [Nakamura14]
— Direct waveform modeling by DNNs [Tokudal5]
— WaveNet [0ord16]
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[Tokudal5] Tokuda et al., “Directly Modeling Speech Waveforms by Neural Networks for Statistical Parametric Speech Synthesis,” Proc. ICASSP, 2015.
[Tokudal6] Tokuda et al., “Directly Modeling Voiced and Unvoiced Components in Speech Waveforms by Neural Networks,” Proc. ICASSP, 2016.



WaveNet

BBt SN ERZ1Y Yy 7 VEICFNT 3 EEBERKRET IV
— Receptive field %[ f 5 7= @ dilated convolution
— AR (auto-regressive) BIZ2IC L 2 &Y > T ILERK
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residual network» 5 il %
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[Webpage] https://deepmind.com/blog/wavenet-generative-model-raw-audio
[Oord16] Oord et al., “WaveNet: a generative model for raw audio,” arXiv, 2016.
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WaveNet|ZBE 9 5 10FED
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£ DEEL

— Parallel WaveNet [Oord17] ---

RIBE Z MABFR TuTl

— Subband WaveNet [Okamotol17] -+ misiZ] T HY A B

EZBHDODH

— Data size [vit18] - FE T — X2 & BB ORE

— Interpretation [Hual8] =+ ETIL/XT X — X DEFH % FHE

It F R

— Low-rate speech coding [Kleijn17]

— Bayesian WaveNet-based speech enhancement [Qian17]

Oord17] Oord et al., “Parallel WaveNet: Fast high-fidelity speech synthesis,” arXiv, 2017.

Okamotol7] Okamoto et al., “Subband WaveNet with overlapped single-subband filterbanks,” Proc. ASRU, 2017.
Vit18] Vit et al., “On the analysis of training data for WaveNet-based speech synthesis,” Proc. ICASSP, 2018.
Hual8] Hua, “Do WaveNets Dream of Acoustic Waves?,” arXiv, 2018.

Kleijn17] Kleijn et al., “Wavenet based low rate speech coding,” arXiv, 2017.

Qian17] Qian et al., “Speech Enhancement Using Bayesian Wavenet,” Proc. INTERSPEECH, 2017.
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e R -2 DX EHUT
— STAVOCO [Toda08] --- Factored trajectory HMM~X— X

DNNR—ZX DA I —4%
— WaveNet vocoder [Tamamoril7] --- WaveNet TTS Z# 7R3 — X (C
— SampleRNN vocoder [Ai18] - SampleRNN TTS #HR3—%(C
— WaveRNN vocoder [Kalchbrenner18] -+ FffElsubscalell & 2 =3R4 Bk
— FFTNET vocoder [Jin18] --- Deep Cooley-TukeyZFFTHY %

[Toda08] Toda et al., “Statistical approach to vocal tract transfer function estimation based on factor analyzed trajectory HMM,” Proc. ICASSP, 2008.

[Tamamoril7] Tamamori et al., “Speaker-dependent WaveNet vocoder,” Proc. INTERSPEECH, 2017.

[Ai18] Ai et al., “SampleRNN-based neural vocoder for statistical parametric speech synthesis,” Proc. ICASSP, 2018. 54/72
[Kalchbrenner18] Kalchbrenner et al., “Efficient Neural Audio Synthesis,” arXiv, 2018.

[Jin18] Jin et al., “FFTNET: a real-time speaker-dependent neural vocoder,” Proc. ICASSP, 2018.



FFTNET vocoder

WaveNet & Fast Fourier Transform (FFT) o 3t@ &5 7
— [ Dilated conv. & Cooley-Tukey ZEFFTDO & > TEIT 3% L 12|

— Dilated conv. D& EBlx, —FEOX IS 7Y T (EHhHED)

FFTNET
—NRT7TABEEBEBICEZ I N7-1x] conv. Dstack,
— WaveNet vocoder [ZEERE /N X —& (U TILRA LERTA])

Output of Qutput of
2nd layer

Input Output
5,;0Q000Q0 L
34—0 O0D00O00O0 ]
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Fig. 1. Dilated convolution in WaveNet . A\
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[Jin18] Jin et al., “FFTNET: a real-time speaker-dependent neural vocoder,” Proc. ICASSP, 2018.
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« fAHZ, Griffin-Lim{iIB1ETT)E7: & [Griffing4] ThHIEHEE

[Takakil7] Takaki et al., “Direct Modeling of Frequency Spectra and Waveform Generation Based on Phase Recovery for DNN-Based Speech Synthesis,” Proc. INTERSPEECH, 5 6/72
2017.

[Griffin84] Griffin et al., “Signal estimation from modified short-time Fourier transform,” IEEE Transactions, 1984.
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[Takakil7] Takaki et al., “Direct Modeling of Frequency Spectra and Waveform Generation Based on Phase Recovery for DNN-Based Speech Synthesis,” Proc. INTERSPEECH,
2017.
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— Complex-valued Feed-Forward [Hu16]
— Complex-valued RBM [Nakashikal7] -=- &= H 7> 7 >

AR PIVOIBEEIZERIRICE D < DNN
—von MisesD 7 DNNIZE D K (IAEHETE [=wE18]
c FHAZH =TT ML T D RBERET L

[Hul6] Hu et al., “Initial investigation of speech synthesis based on complex-valued neural networks,” Proc. ICASSP, 2016. 58/72
[Nakashikal7] Nakashika et al., “Complex-valued restricted Boltzmann machine for direct learning of frequency spectra,” Proc. INTERSPEECH, 2017.
[E1E18] & B, “von MisesDmDNNIZE D IRIBRA R fA ST Lh S DOAABET," ERNIBR2 SRR &, 2018.



m e A VAN

TextAcoustEmbed

Co-occurrence TextEmbed

Know
ledge

N

Transfer, AE Recursive
L s g CharZWav. Tacotron ..............
ZE2x7Y vy
Cep-emph GV = MS GAN MMD
HMM/ zﬂ}wmdd-> DNN P RNN Complex
GMM
4
DNN+FFT \\N Phase
-—l—:|:\/ ................. R D IrecWaV WaveNet ..............
BRI LR
STAVOCO WaveRNN || FFTNET
ML STRAIGHT WORLD
\!
SpecDiff SP-WORLD 59/72




TEXFIANEEEROI=-HOOTF X b

BE, AVYTFAMISHEMEBICEODWVWTEEFISNTEE
- =%
c HIBEDER, BXER
- TINSE'E—T
{HID /Y 1B ADIVTTILDOERK - fIE
{JID /Y% 1BADIVTTILDT V2 b s A FL R
« BYHIANDY T 7 ILIE
H =A
{BID/HX S BRADIEEBEDY 7 7 IV - (LB
c ATV L —ANOHEEMNE
—JL—X X

low-resource language* TI3FIAEE - 7—X FU 7> ThHVL
—FEBAFBOBEEINTWAEWGEDES

[Yoshimura99] Yoshimura et al., “Simultaneous modeling of spectrum, pitch, and duration in HMM-based speech synthesis,” Proc. EUROSPEECH, 1999. (for Japanese) 60/72
[Tokuda02] Tokuda et al., “An Hl\/Il\/I—based speech synthesis system applied to English,” Proc. ICASSP, 2002. (for English)
[Qian06] Qian et al., “An HMM-based Mandarin Chinese text-to-speech system,” Proc. ISCSLP, 2006. (for Chinese)
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[Watts12] Watts et al., “Unsupervised Learning for Text-to-Speech Synthesis,” Ph.D thesis, 2012.
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[EE18] 5 fib, “"AAELEEEE % & L 7-prosody-aware subword embedding s DNNZ A ESE AR~ DER," ERWBZEFRIRE, 2018
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New Transcript
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[Sitaram13] Sitaram et al., “Text to Speech in New Languages without a Standardized Orthography,” Proc. SSW8, 2013.



Auto-encoderlZE DK EFDOFLHE - Tita

Auto-encoder (AE) (Z & 2 RITIEHE
—EBUER—XDOEME (T TR ENZLERE) hHEBEEN— A
— Stacked AE ICED <K XY FILESHE
—AEZ W= XY~ LR [Takakil6]

ZThUBRDFHE
— What-where auto-encoder ICED < AR b ILEHE [Hul?]
— Siamese auto-encoder-based [Hamidrezal7]
— Variational auto-encoder (VAE) ([CE D XA _R7 k JLZH#E [Hsul6]
—VQ-VAE [CED K FEFE L [0ord17]

[Takakil6] Takaki et al., “A Deep Auto-encoder based Low-dimensional Feature Extraction from FFT Spectral Envelopes for Statistical Parametric Speech Synthesis,” Proc.

ICASSP, 2016.

[Hul7] Hu et al., “Extracting structural spectral features using what-where auto-encoders for statistical parametric speech synthesis,” Proc. ICASSP, 2017.

[Hamidrezal7] Hamidreza et al., “Siamese Autoencoders for Speech Style Extraction and Switching Applied to Voice Identification and Conversion,” Proc. INTERSPEECH, 2017. 65/72
[Hsul6] Hsu et al., ““Voice conversion from non-parallel corpora using variational auto-encoder,” Proc. APSIPA, 2016.

[Oord17] Oord et al., “Neural discrete representation learning,” Proc. NIPS, 2017.



m e A VAN

TextAcoustEmbed

Co-occurrence TextEmbed

Know
ledge

N

Transfer, AE Recursive
e e Charzvvav. Tacotron ..............
ZEETT Y
Cep-emph GV = MS GAN MMD
HMM/ 'Trj—model > DNN B RNN Complex
GMM
4
DNN+FFT \ Phase
-—l—:|:\/ ................. R D IrecWaV WaveNet ..............
BRI LR
STAVOCO WaveRNN || FFTNET
ML STRAIGHT WORLD
\!
SpecDiff SP-WORLD 66/72




RIER T T RIVHETE

_BEEMICE R,
5522 ) v

== I == A

BREF O

XD EREA BRI E A,
FHEITHEROFON S DES % B

=R

— /0N

i- """" 2N 2 2 2 N:dwl
k Original - mode

¥ Ba Mce g Label | ! :

} P P log FO 1
[

i R \ .-"'—‘L—'\ 4 ™
I

| tg?n?§I Calc diff [l S-F}fl'as?' ] " reTrg(i:lrﬁln
| g T classification T g
} b4 h

i Conv. Log FO Generaed Low/neutral/high R

' | model ’ log FO label > New label
I

BEIAVTXRXAID0DEDZRAWTINNVEZHEILT LEE
— DX TIE, HMME

BRRER

Training phase

67/72

[Maenol4] Maeno et al., “Prosodic Variation Enhancement Using Unsupervised Context Labeling for HMM-based Expressive Speech Synthesis,” Speech Communication, 2014.



Tacotron:
towards end-to-end speech synthesis
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[Maenol4] Wang et al., “Tacotron: Towards End-to-End Speech Synthesis,” Proc. INTERSPEECH, 2017.
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Tacotron @ attention 7% monotonic 2 ZEE L 7-5X

— Monotonicity regularization [Tachibanal8]
— Forward attention [Zhang18]

Z D DEnd-to-end® (5 IFW) FEAEK BN
— Char2Wav from MILA [Sotelo17]
— DeepVoice from Baidu [Ping18]
— Tacotron?2 from Google [Shen18]

[Tachibanal8] Tachibana et al., “Efficiently Trainable Text-to-Speech System Based on Deep Convolutional Networks with Guided Attention,” Proc. ICASSP, 2018.
[Zhangl8] Zhang et al., “Forward attention in sequence-to-sequence acoustic modeling for speech synthesis,” Proc. ICASSP, 2018.

[Sotelo17] Sotelo et al., “CHAR2WAV: END-TO-END SPEECH SYNTHESIS,” Proc. ICLR, 2017.

[Ping18] Ping et al., “DEEP VOICE 3: SCALING TEXT-TO-SPEECH WITH CONVOLUTIONAL SEQUENCE LEARNING,” Proc. ICLR, 2018.

[Shen18] Shen et al., “Natural TTS Synthesis by Conditioning WaveNet on Mel Spectrogram Predictions,” arXiv, 2018.
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