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2. Autoregressive Models
2.2 VQ-VAE : Neural Discrete Representation Learning
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2. Autoregressive Models

2.3 Melnet : A Generative Model for Audio in the Frequency Domain

vy| V| Vv Y|y

(a) Time-delayed stack (b) Frequency-delayed stack

Figure credit: Sean Vasquez and Mike Lewis.
MelNet: A generative model for audio in the frequency domain.
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2. Autoregressive Models

2.3 Melnet : A Generative Model for Audio in the Frequency Domain

(a) Tier 1 (32 x 50) (b) Tiers 1-3 (64 x 100) (c) Tiers 1-6 (256 x 200)

Figure credit: Sean Vasquez and Mike Lewis. S —
MelNet: A generative model for audio in the frequency domain.
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3. Flow-Based Models

3.1 NICE : Non-linear Independent Components Estimation
RealNVP : Density estimation using Real NVP

Glow : Generative Flow with Invertible 1x1 Convolutions
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Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow



3. Flow-Based Models
3.3 FlowSeq

Training Time

T forward pass

Output Probabilities i
backward pass

> Target Decoder | | @ mult| head attentlon '

Target Encoder

/\

One Step of Flow

[Embl][Emb-nﬁmbsnﬁmmnw

A dog runs away

Squeeze

. Source Encodings ——— .
A @ ,[ Ix

One Step of Flow
Source Encoder

S SRR, SRR SR

) o) o o o

ein hund rannte weg

Prior Flow

} 3 Normallze the posterlor

o 252922

Rubato Lab

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow



3. Flow-Based Models

3.3 FlowSeq

Source
Ground Truth
Sample 1
Sample 2

Sample 3

Grundnahrungsmittel gibt es schlielich berall und jeder Supermarkt hat mit-
tlerweile Sojamilch und andere Produkte.

There are basic foodstuffs available everywhere , and every supermarket now
has soya milk and other products.

After all, there are basic foods everywhere and every supermarket now has
soya amch and other products.

After all, the food are available everywhere everywhere and every supermarket
has soya milk and other products.

After all, basic foods exist everywhere and every supermarket has now had soy
milk and other products.

Source

Ground Truth
Sample 1
Sample 2

Sample 3

Es kann nicht erkldaren, weshalb die National Security Agency Daten ber das
Privatleben von Amerikanern sammelt und warum Whistleblower bestraft wer-
den, die staatliches Fehlverhalten offenlegen.

And, most recently, it cannot excuse the failure to design a simple website
more than three years since the Affordable Care Act was signed into law.
And recently, it cannot apologise for the inability to design a simple website in
the more than three years since the adoption of Affordable Care Act.

And recently, it cannot excuse the inability to design a simple website in more
than three years since the adoption of Affordable Care Act.

Recently, it cannot excuse the inability to design a simple website in more than
three years since the Affordable Care Act has passed.

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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3. Flow-Based Models
3.4 MelFlow

Mel-spectrogram, shape [Frequency, Time]
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3. Flow-Based Models
3.4 MelFlow

Mel-spectrogram, shape [Frequency, Time]
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3. Flow-Based Models
3.4 MelFlow

Bi-LSTM

s, b

|

A
<

1x1 1D-Conv.

Bi-LSTM
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Maximum Likelihood
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3. Flow-Based Models
3.4 MelFlow

Generated Music Using Bach Violin Partitas and Sonatas




3. Flow-Based Models
3.4 MelFlow

Generated Speech Using LJSpeech
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3. Flow-Based Models
3.4 MelFlow

Generated Speech Using Korean Single Speaker Speech Dataset
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2. Spectrogram, Mel-spectrogram
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1.

Wave H|O|E
A: 7817] 411, HlojE Y =5
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Spectrogram, Mel-spectrogram
WaveES FIt4 Qoioll A 2415101 QI2ko| QIX|gtAln} X

Autoregressive Models

Wavenet: WaveH|O|E{ 0|2

VQ-VAE: Z variable =¢!

Sparse Transformer: Transformer &5
Melnet: Mel-spectrogram 0|&
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2. Spectrogram, Mel-spectrogram
WaveES FIt4 Qoioll A 2415101 QI2ko| QIX|gtAln} X

3. Autoregressive Models

Wavenet: WaveH|O|E{ 0|2

VQ-VAE: Z variable =¢!

Sparse Transformer: Transformer &5
Melnet: Mel-spectrogram 0|&

4. Flow-Based Models
NICE&RealNVP: Coupling Layer =¢!
FlowSeq: H3X tHoi ol Al
MelFlow: Hi2d X 20t AHM @Gl Al
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