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Representative Types of Deep Generative Models

- Deep autoregressive models
- Recurrent neural network (RNN)
- Long short-term memory (LSTM)

- Transformer model

- Deep latent variable models
(- Variational autoencoder (VAE)) Today's topic!

- Generative adversarial network (GAN)
- Diffusion model

- Flow-based model

* And many others...
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Deep Latent Variable Models
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Discriminative vs Generative Models

Discriminative Generative

OO0 O
o 900

Discriminative models learn Generative models learn the
the decision boundary underlying distribution
P(y|x) P(x) or P(x|y)
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Deep Latent Variable Models

* Intuition: Learn to map a known distribution to the data distribution

Known distribution Data distribution
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P(x) = P(z) P(x|2z)
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Deep Latent Variable Models

* Intuition: Learn to map a known distribution to the data distribution

Known distribution Data distribution

How to measure
their difference? O O
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Deep Latent Variable Models

* Intuition: Learn to map a known distribution to the data distribution

What we want the model to learn!

I
P(x) = P(2)|P(x| 2)|
S .

Data distribution Latent distribution
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Autoencoders
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Autoencoders

* A neural network where the input and output are the same

X

\\v ‘l/*‘\

\% H

"‘ l'\
Ot “'

lr

O H

H\

a’H I

A'\ :

Hao-Wen Dong, Genera

tive Al for Music a

» Reconstruction loss <

nd Audio Creatio

)\‘
4',. \
»‘\ “‘
»" \
"' \

H 3

n (PAT 464/564), University of Michigan




Autoencoders: Reconstruction Examples

original original original original original

reconstructed reconstructed reconstructed reconstructed

Reconstructed

original original original original

Original

reconstructed

e

reconstructed reconstructed reconstructed

Reconstructed .,

(Source: tensorflow.org)

tensorflow.org/tutorials/generative/autoencoder
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Codec is an Autoencoder

Traditional Codec

Neural Codec

W Neural Neural
—_— —_— —_—
‘ Enc Dec
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» Reconstruction loss <
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Autoencoders

* A neural network where the input and output are the same
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Can these
features
be useful?

» Reconstruction loss <

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

12



Unsupervised Clustering with an Autoencoder

Raw pixels AE-encoded
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(Source: Aljalbout et al., 2020) (Source: Aljalbout et al., 2020)

Elie Aljalbout, Vladimir Golkov, Yawar Siddiqui, Maximilian Strobel, and Daniel Cremers, “Clustering with Deep L earning: Taxonomy and New Methods,” arXiv preprint arXiv:1801.07648,
2018. 13
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https://arxiv.org/pdf/1801.07648

Unsupervised Clustering with an Autoencoder
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Elie Aljalbout, Vladimir Golkov, Yawar Siddiqui, Maximilian Strobel, and Daniel Cremers, “Clustering with Deep Learning: Taxonomy and New Methods,” arXiv preprint arXiv:1801.07648,
2018. 14
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Unsupervised Clustering with an Autoencoder
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(Source: Aljalbout et al., 2020) (Source: Aljalbout et al., 2020)

Elie Aljalbout, Vladimir Golkov, Yawar Siddiqui, Maximilian Strobel, and Daniel Cremers, “Clustering with Deep L earning: Taxonomy and New Methods,” arXiv preprint arXiv:1801.07648,
2018. 15
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Variational Autoencoder (VAE)

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Autoencoder

Wiy — | nc

~
—— | Dec —»W
J

Isn’t this like a generative model?

What exactly is a generative model?

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Generating Data from a Random Distribution

Random distribution Data distribution

P(2) P(x)

If we can learn this mapping, we can then
generate new samples from the data distribution

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Variational Autoencoder (VAE)

Can we make this a
random distribution?

Enc —_— — Dec

Diederik P Kingma and Max Welling, “Auto-Encoding Variational Bayes,"” ICLR, 2014.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Variational Autoencoder (VAE): Training
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Diederik P Kingma and Max Welling, “Auto-Encoding Variational Bayes,"” ICLR, 2014. 20
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Variational Autoencoder (VAE): Generation
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Diederik P Kingma and Max Welling, “Auto-Encoding Variational Bayes,” ICLR, 2014.
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Generated Examples

Variational Autoencoder (VAE)
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(Source: Kingma & Welling, 2014)
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What does a VAE learn?
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Latent Space Interpolation of a VAE
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Latent Space Interpolation of a VAE
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MusicVAE: A VAE for Symbolic Music (Roberts et al., 2018)
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(Source: Roberts et al., 2018)

Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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MusicVAE: A VAE for Symbolic Music (Roberts et al., 2018)

Bidirectional
encoder
Latent
Code
Hierarchical
decoder
(Source: Roberts et al., 2018)
Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018. 27
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Latent Space Interpolation for MusicVAE (Roberts et al., 2018)
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(Source: Roberts et al., 2018)

Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Latent Space Interpolation for MusicVAE (Roberts et al., 2018)

(Source: Roberts et al., 2018)

g00.gl/magenta/musicvae-examples

Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018.
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Disentangling the Latent Variables
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What does a VAE learn?
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Disentangling the Latent Variables

Guided VAE

VAE
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ing,” CVPR, 2020.

Parmar, Yang Yang, Max Welling, Zhuowen Tu, “Guided Variational Autoencoder for Disentanglement Learn

Zheng Ding, Yifan Xu, Weijian Xu, Gaurav


https://arxiv.org/pdf/2004.01255

Disentangling the Latent Variables

Rotation Smile

(Source: Higgins et al., 2017)

Irina Higgins, Loic Matthey, Arka Pal, Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner, “B-VAE: Learning Basic Visual Concepts with a
Constrained Variational Framework,” ICLR, 2017.
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Music FaderNet (Tan & Herremans, 2020)

Low-level feature labels (abundant)
Trained via supervised learning

('

Zf : regularized d-th dimension of z;

High-level feature labels (scarce)
Trained via semi-supervised learning
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(Source: Tan & Herremeans, 2020)
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Reconstruction

Hao Hao Tan and Dorien Herremans, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature Modelling,” ISMIR, 2020.
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Music FaderNet (Tan & Herremans, 2020)
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(Source: Tan & Herremeans, 2020)

Hao Hao Tan and Dorien Herremans, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature Modelling,” ISMIR, 2020.

music-fadernets.github.io

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

35


https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://arxiv.org/pdf/2007.15474
https://music-fadernets.github.io/
https://music-fadernets.github.io/
https://music-fadernets.github.io/

Valence-Arousal Model for Emotion

Arousal: How intense
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the emotion is
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(Source: mrAnmol)

Draconichiaro, CC By-SA 4.0, via Wikimedia Commons
Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

Valence: How pleasant
the emotion is
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Valence-Arousal Model for Emotion
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Draconichiaro, CC By-SA 4.0, via Wikimedia Commons
Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Music FaderNet (Tan & Herremans, 2020)

High Arousal — Low Arousal
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(Source: Tan & Herremeans, 2020)

Hao Hao Tan and Dorien Herremans, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature Modelling,” ISMIR, 2020.

music-fadernets.github.io

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Music SketchNet (Chen et al., 2020)
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(Source: Chen et al., 2020)

Ke Chen, Cheng-i Wang, Taylor Berg-Kirkpatrick, and Shlomo Dubnov, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature
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Music SketchNet (Chen et al., 2020)

Original

Control
Pitch

Control

Rhythm

Control
Both

Past Context

Generation

(Source: Chen et al., 2020)

Future Context

Ke Chen, Cheng-i Wang, Taylor Berg-Kirkpatrick, and Shlomo Dubnov, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature

Modelling,” ISMIR, 2020.
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Piano Genie
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Piano Genie (Donahue et al., 2019)

g’

.

youtu.be/YRbOXAnUplk & magenta.tensorflow.org/pianogenie

Chris Donahue, lan Simon, and Sander Dieleman, “Piano Genie,” /U, 2019.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Piano Genie (Donahue et al., 2019)

Input melody

l I

Encoder Decoder

l I
R

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

Baseline

Proposed

(Source: Donahue et al., 2019)

Chris Donahue, lan Simon, and Sander Dieleman, “Piano Genie,” /Ul, 2019.


https://arxiv.org/pdf/1810.05246

Piano Genie (Donahue et al., 2019)

L= Lrecons + Lmargin + Lcontour
Liecons = —2 log Pyec(x|enc(x))

Lmargin = 2~ max(|enc,(x)| — 1, 0)°

Leontour = > max(1 — AxAencg(x), 0)°

(Source: Donahue et al., 2019)

Chris Donahue, lan Simon, and Sander Dieleman, “Piano Genie,” /U, 2019.

l

Encoder

I

l

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Fruit Genie (2019)

magenta.tensorflow.org/fruitgenie

youtu.be/HoVs4kC68no

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Fruit Genie Live (2019)

youtu.be/LAwvXrPmIkU

magenta.tensorflow.org/fruitgenie

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Variational Autoencoders for Audio
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Four Paradigms of Music Generation

Symbolic music generation Audio-domain music generation

4 )

Text-based Image-based Time series-based Image-based
Program_change_80, A >
Note_on_60, Time_shift_2, Note_off_ 60, SL_ =~ = 5_
Note_on_60, Time_shift_2, Note_off_ 60, E e e s— >
Note_on_76, Time_shift_2, Note off 67, — _—__: *WW o
Note_on_67, Time_shift 2, Note off_ 67, Time e
Time
MIDI Piano roll Waveform \_ Spectrogram )

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan



Neural Drum Machine (Aouameur et al., 2019)

Learns how to reconstruct spectrograms
from a parameters’ space Spectrogram inversion
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(Synthesis parameters)

i
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Allows a user to interact with the model and
to generate sound from the parameters’ space

(Source: Aouameur et al., 2019)

Cyran Aouameur, Philippe Esling, and Gaétan Hadjeres, “Neural Drum Machine : An Interactive System for Real-time Synthesis of Drum Sounds,” /CCC, 2019.
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Neural Drum Machine (Aouameur et al., 2019)

Third PCA
Top two PCA dimensions dimension

Sens. ) ( (" Fine ) \

¢

0.12

e Range

Preview \[ 2 ][ 5 ][10))
B

(Source: Aouameur et al., 2019)

select

Cyran Aouameur, Philippe Esling, and Gaétan Hadjeres, “Neural Drum Machine : An Interactive System for Real-time Synthesis of Drum Sounds,” /CCC, 2019.
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Neural Drum Machine (Aouameur et al., 2019)

@ PlanetDrums/Drum Kit

Presets

v | Autoplay

Drag a sound

Explore nearby
sounds!

The reference
sound

drive.google.com/file/d/1DDo0_KnwkWirCM4t0PT8cpbuotsfuufj/view

Cyran Aouameur, Philippe Esling, and Gaétan Hadjeres, “Neural Drum Machine : An Interactive System for Real-time Synthesis of Drum Sounds,” /CCC, 2019.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Four Paradigms of Music Generation

Symbolic music generation Audio-domain music generation

4 )

Text-based Image-based Time series-based Image-based
Program_change_80, A >
Note_on_60, Time_shift_2, Note_off_ 60, SL_ e = %
Note_on_60, Time_shift_2, Note_off_ 60, B ——— N e s— =)
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RAVE: Real-time Audio Synthesis (Caillon & Esling, 2022)

youtu.be/JAIRfANGgYI

Antoine Caillon and Philippe Esling, “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis,” arXiv preprint arXiv:2111.05011, 2021.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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RAVE: Real-time Audio Synthesis (Caillon & Esling, 2022)

16-band decomposition, 48kHz

i > multiband spectral
Stage 1: distance :
Representation Learning '
/—‘—[ multiband encoder decoder multiband H
decoder Q)[ multiband }—5—

e >

\-—[ multiband H encoder |—>[ _/
Stage 2: i S
Adversarial fine-tuning
' > discriminator J(

(Source: Caillon & Esling, 2021)

github.com/acids-ircam/RAVE

Antoine Caillon and Philippe Esling, “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis,” arXiv preprint arXiv:2111.05071, 2021. 54
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RAVE: Real-time Audio Synthesis (Caillon & Esling, 2022)

Model CPU synthesis GPU synthesis
NSynth 18 Hz 57 Hz
SING 304 kHz 9.8 MHz
RAVE (Ours) w/o multiband 38 kHz 3.7 MHz
RAVE (Ours) (985 kHz 11.7 MHz )

Realtime capable on CPUs & GPUs

(Source: Caillon & Esling, 2021)

anonymous84654.github.io/RAVE_anonymous

Antoine Caillon and Philippe Esling, “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis,” arXiv preprint arXiv:2111.05011, 2021.
Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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RAVE: Real-time Audio Synthesis (Caillon & Esling, 2022)

youtu.be/dMZs04TzxUI

Antoine Caillon and Philippe Esling, “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis,” arXiv preprint arXiv:2111.05011, 2021.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Differentiable DSP
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Differentiable DSP (DDSP) (Engel et al., 2020)
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(Source: Engel et al., 2020)

Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, “DDSP: Differentiable Digital Signal Processing,” ICLR, 2020.
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Differentiable DSP (DDSP) (Engel et al., 2020)

Amplitude

Additive Audio

Fundamental Frequency
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d w \ Harmonic Distribution +
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{
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!

Combined Audio  *

(Source: Engel et al., 2020)

github.com/magenta/ddsp
storage.googleapis.com/ddsp/index.html

Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, “DDSP: Differentiable Digital Signal Processing,” ICLR, 2020. 59
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Entering Demons & Gods by Yaboi Hanoi (2022)

soundcloud.com/yaboiha

/ “PhifNai% 2%
"’ (A type of Phi)

-~

youtu.be/PbrRoR3nEVw

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

noi/enter-demons-and-
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Recap

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Deep Latent Variable Models

* Intuition: Learn to map a known distribution to the data distribution

Known distribution Data distribution
O o ©
O @
@)
O O O
@)
0O O
O @)
P(z)

P(x) = P(z) P(x|2z)

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Autoencoders

* A neural network where the input and output are the same
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Autoencoder

Wiy — | nc

~
—— | Dec —»W
J

Isn’t this like a generative model?

What exactly is a generative model?

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Variational Autoencoder (VAE): Training

‘ » Reconstruction loss <« ‘

ool ! ol
- D _.:H:ﬁ vec | — Wyl
P - \KL divergence

P

P(x) P(x%)
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O QP
O 95
O~ 0
O
P(z)
Diederik P Kingma and Max Welling, “Auto-Encoding Variational Bayes,"” ICLR, 2014. 65
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Variational Autoencoder (VAE): Generation
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Diederik P Kingma and Max Welling, “Auto-Encoding Variational Bayes,” ICLR, 2014.
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What does a VAE learn?
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(Source: tensorflow.org)
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tensorflow.org/tutorials/generative/cvae
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Latent Space Interpolation of a VAE
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MusicVAE: A VAE for Symbolic Music (Roberts et al., 2018)

Bidirectional
encoder
Latent
Code
Hierarchical
decoder
(Source: Roberts et al., 2018)
Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018. 69
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Latent Space Interpolation for MusicVAE (Roberts et al., 2018)

Y wEwww
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Latent Space Interpolation

(Source: Roberts et al., 2018)

Adam Roberts, Jesse Engel, Colin Raffel, Curtis Hawthorne, and Douglas Eck, “A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music,” ICML, 2018.
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Music FaderNet (Tan & Herremans, 2020)
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(Source: Tan & Herremeans, 2020)

Hao Hao Tan and Dorien Herremans, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature Modelling,” ISMIR, 2020.

music-fadernets.github.io
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Music SketchNet (Chen et al., 2020)

Original

Control
Pitch

Control

Rhythm

Control
Both

Past Context

Generation

(Source: Chen et al., 2020)

Future Context

Ke Chen, Cheng-i Wang, Taylor Berg-Kirkpatrick, and Shlomo Dubnov, “Music FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature

Modelling,” ISMIR, 2020.
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https://arxiv.org/pdf/2008.01291
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https://arxiv.org/pdf/2008.01291
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https://arxiv.org/pdf/2008.01291

Piano Genie (Donahue et al., 2019)

g’

.

youtu.be/YRbOXAnUplk & magenta.tensorflow.org/pianogenie

Chris Donahue, lan Simon, and Sander Dieleman, “Piano Genie,” /U, 2019.
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https://arxiv.org/pdf/1810.05246
https://youtu.be/YRb0XAnUpIk
https://youtu.be/YRb0XAnUpIk
https://youtu.be/YRb0XAnUpIk
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Piano Genie (Donahue et al., 2019)

Input melody

l I

Encoder Decoder
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R
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Baseline

Proposed

(Source: Donahue et al., 2019)

Chris Donahue, lan Simon, and Sander Dieleman, “Piano Genie,” /U, 2019.


https://arxiv.org/pdf/1810.05246

Neural Drum Machine (Aouameur et al., 2019)

Third PCA
Top two PCA dimensions dimension
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(Source: Aouameur et al., 2019)

drive.google.com/file/d/1DDo0_KnwkWirCM4t0OPT8cpbuotsfuufj/view

Cyran Aouameur, Philippe Esling, and Gaétan Hadjeres, “Neural Drum Machine : An Interactive System for Real-time Synthesis of Drum Sounds,” /CCC, 2019.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan


https://arxiv.org/pdf/1907.02637
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RAVE: Real-time Audio Synthesis (Caillon & Esling, 2022)

youtu.be/JAIRfANGgYI

Antoine Caillon and Philippe Esling, “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis,” arXiv preprint arXiv:2111.05011, 2021.
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Differentiable DSP (DDSP) (Engel et al., 2020)

Amplitude

Additive Audio

Fundamental Frequency
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d w \ Harmonic Distribution +
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Combined Audio  *

(Source: Engel et al., 2020)

github.com/magenta/ddsp
storage.googleapis.com/ddsp/index.html

Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, “DDSP: Differentiable Digital Signal Processing,” ICLR, 2020. 77
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https://arxiv.org/pdf/2001.04643
https://github.com/magenta/ddsp
https://storage.googleapis.com/ddsp/index.html

Entering Demons & Gods by Yaboi Hanoi (2022)

soundcloud.com/yaboiha

/ “PhifNai% 2%
"’ (A type of Phi)

-~

youtu.be/PbrRoR3nEVw

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Next Lecture

Generative Adversarial Nets
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step0(A)  step 700 (B) step 2500 (C) step 6000 (D) step 7900 (E)

(Source: Dong et al., 2018)
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