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1.�웨이브�데이터란?
소리를 디지털화하여 기록한 것

Maestro Dataset, Chopin Etude Op.25 No.1
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Mel-Spectrogram?
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선형�변환한�것
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2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 
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Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

Output�=�Parameters�of�Predictive�Distribution



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=1



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=2



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=2



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=2



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=2
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=4
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=4



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=8



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=8

Predictive�Distribution
p(xt |x<t)



2.�Autoregressive�Models 
2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Figure credit:  A Oord, WaveNet: A Generative Model for Raw Audio 

1D-Conv.�Filter�Length=2,�Dilation=8

Predictive�Distribution
p(xt |x<t) Sampling
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Generated�Music.�1

Audio Reference : https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
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Audio Reference : https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
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Audio Reference : https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

Long-Term�Dependency

오디오�샘플을�하나하나씩�생성하므로�거시적인�의존관계를�반영하지�못한다.
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2.1�Wavenet�:�A�Generative�Model�for�Raw�Audio�

샘플�단위가�아니라�프레임�단위의�생성�모델을�만든다.

Long-Term�Dependency

오디오�샘플을�하나하나씩�생성하므로�거시적인�의존관계를�반영하지�못한다.
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z1 z2 zMKL(qϕ(z |x)∥pθ(z))

Shape

[Frame,�|Z|]

[Time,�1]

VAE�적용!
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Encoder�(Conv.�Block)

Posterior�Collapse
qϕ(z |x) ≈ pθ(z)

[Frame,�|Z|]
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2.2�VQ-VAE�:�Neural�Discrete�Representation�Learning

Encoder�(Conv.�Block)
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Decoder�(Wavenet)

z1 z2 zM
Discrete�Variable
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Generated�Music.�1

Audio Reference : https://drive.google.com/drive/folders/1fvS-DU8AcK078-5k6WGudiBn0XSeE0_D
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Generated�Music.�2

Audio Reference : https://drive.google.com/drive/folders/1fvS-DU8AcK078-5k6WGudiBn0XSeE0_D
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Generated�Speech.�1

Audio Reference : https://avdnoord.github.io/homepage/vqvae/
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Generated�Speech.�2

Audio Reference : https://avdnoord.github.io/homepage/vqvae/
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2.4�Sparse�Transformer�:�Generating�Long�Sequences�with�Sparse�Transformers
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Audio Reference : https://openai.com/blog/sparse-transformer/
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Figure credit:  Sean Vasquez and Mike Lewis.  
                             MelNet: A generative model for audio in the frequency domain.
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Audio Reference : https://sjvasquez.github.io/blog/melnet/
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Generated�Speech.�1

Audio Reference : https://sjvasquez.github.io/blog/melnet/
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Generated�Speech.�2

Audio Reference : https://sjvasquez.github.io/blog/melnet/
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3.�Flow-Based�Models

Figure credit:  Lillian Weng.  
                             lilianweng.github.io/lil-log/2018/10/13/flow-based-deep-generative-models.html
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3.�Flow-Based�Models 
3.3�FlowSeq

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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1.�Encode�the�source

Training�Time

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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2.�VAE�to�the�target Training�Time

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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3.�Normalize�the�posterior

Training�Time

Figure credit: Xuezhe Ma et. al., FlowSeq: Non-Autoregressive Conditional Sequence Generation with Generative Flow
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1.�Sample�from�the�prior

Inference�Time

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

2.�Get�the�posterior�sample�
using�the�flow�networks

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

3.�Decode�the�posterior�sample�and 
Sample�from�the�output�probabilities

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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영감이란�교향곡�전체가�한꺼번에�떠오르는�것이다.�
Arnold�Schoenberg,�‘Style�and�Idea’
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Mel-spectrogram�,�shape�[Frequency,�Time]

1x1	1D-Conv. 
(Shuffle)
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Mel-spectrogram�,�shape�[Frequency,�Time]
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xb

ya = xa

yb = s(xa) × xb + b(xa)

Bidirectional 
LSTM

s(xa), b(xa)



3.�Flow-Based�Models 
3.4�MelFlow

Bi-LSTM 

s, b

Bi-LSTM 

s, b

1x1�1D-Conv.

xa

xb

zMaximum�Likelihood�
In�Isotropic�Gaussian
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Generated�Music�Using�Bach�Violin�Partitas�and�Sonatas
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Generated�Speech�Using�LJSpeech
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3.4�MelFlow

Generated�Speech�Using�Korean�Single�Speaker�Speech�Dataset
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