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Residual/highway network
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Flgure 1. The loss surfaces of ResNet-56 with/without skip connections. The vertical axis is 21
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Xin Wang, Shinji Takaki, Junichi Yamagishi, "A Comparative Study of the Performance of HMM, DNN, and RNN based Speech
Synthesis Systems Trained on Very Large Speaker-Dependent Corpora", 9th ISCA Workshop on Speech Synthesis
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Xin Wang, Shinji Takaki, Junichi Yamagishi, "AN AUTO REGRESSIVE RECURRENT MIXTURE DENSITY NETWORK FOR
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Synthesis", Interspeech 2017 20175%8H 27



CNNZFfJF U 7=ARET)L:Wavenet (Google)

1-D CNNs | Softmax |— Quantized waveform 05

r1Block 1 |°°°" """~~~ """ —777771 r1Block 2|~~~ ~"""°""TT""""rT""""73 r|Block 40 f=-f--=---------------7
\ 1-DCNN | | 1-DCNN |} : 1-DCNN ||
i 1-D CNN »é) . 1-D CNN (l) E | 1-D CNN »Glr) i
i | Tanh Sigmoid i | 1| Tanh Sigmoid E i | Tanh Sigmoid E
: | | | : : | :
: Dilated Vo Dilated | | Dilated :
E 1-D CNN i E 1-D CNN i i 1-D CNN i
195
Feedf d i . .
= cT)rwar e sarT1pI|ng Time resolution: 16kHz
One-hot tized :_ ________________________________________________________________
ne-not quantize . Time resolution: 1/(5ms) = 20Hz
waveform . Conditional Feedforward /(5ms)
: . , (Frame level)
(time shifted) | Parameters 1
| .
O1 O O2 Oy | Bi-LSTM
|
|

Smiue - RARRS(C IZRIETILTFiE)

van den Oord, Aaron; Dieleman, Sander; Zen, Heiga; Simonyan, Karen; Vinyals, Oriol; Graves, Alex; Kalchbrenner, Nal;
Senior, Andrew; Kavukcuoglu, Koray, “WaveNet: A Generative Model for Raw Audio”, Arxiv 2016 28
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Seguence-to-sequence models

- Sequence-to-sequence neural network models
- BEWEIERIC K <AWS NS
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‘ Attention }

encoder “ hallo wie geht

A T P P e

hello how are you <§> hallo wie geht es dir

decoder

Sutskever, llya, Oriol Vinyals, and Quoc V. Le. "Sequence to sequence learning with neural networks." 33
Advances in neural information processing systems. 2014.



Tacotron?2 (Google)
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Wang, Z. Chen, and Z. Yang, “Natural TTS synthesis by conditioning wavenet on mel spectrogram predictions,” ICASSP 2018
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- Deep Voice3 from Baidu (Tacotron2 + dot-product attention + speaker
embedding)

@ f Decoder N Wave Wave Wave
L - SURTR. JURRRI. SRR
_.. M- (Grifinlim ) : WORL_D Synthesis :  WaveNet :
I ] | Pod  eureseieesiece P AR T } .........
o ‘ Mzl Ouut [ Converter )
’ : : & . WORLD features
| | PR
—— t ‘... VORLD Block
: R . S - 4
Ic ) ¥ Lincar Spectrogram o o e——r "
(____FC ) upsample by repetiion
* %—;I#
C FC )
¥ Ndecoder ) 4 4
( Conv Block )
A ¥
»| Cuausul Conv Block .] : s :

( Couv Block )
> r ? J

| Text Embeddings ) X Npranet

[Spcakcr Zmbedding }_

Wei Ping, Kainan Peng, Andrew Gibiansky, Sercan O. Arik, Ajay Kannan, Sharan Narang, Jonathan Raiman, John Miller, “Deep
Voice 3: Scaling Text-to-Speech with Convolutional Sequence Learning” ICLR 2018
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- 1970s: Dynamic Time Warping (DTW)

- 1980s: Hidden Markov models
- 1990s: Large vocabulary continuous speech recognition (LVCSR)

2000s: Discriminative training (minimize word/phone error rate)
2010s: Hybrid of HMM and deep learning (product)
- Current: end-to-end ASR (research)
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Output: Phone activation patterns
over time
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Deep Speech 2 (Baidu Research)

- 3 EM2D convolution
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Amodei, Dario, et al. "Deep speech 2: End-to-end speech recognition in english and mandarin." arXiv preprint arXiv:1512.02595 (2015)‘.14
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