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(Recap) Four Paradigms

Symbolic music generation

Text-based
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Note_on_60, Time_shift_2, Note_off 60,
Note_on_60, Time_shift_2, Note_off 60,
Note_on_76, Time_shift_2, Note_off 67,
Note_on_67, Time_shift_2, Note_off 67,

MIDI

Image-based

Pitch
|
|
h
/
I
I

Piano roll

Audio-domain music generation

Time series-based

L

Waveform

Frequency

Today, we also have many latent-space based systems!
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(Recap) Example: 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.



https://arxiv.org/pdf/1803.05428

\ (Recap) Example: Latent Diffusion (Mmittal et al., 2021)
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(Source: Mittal et al., 2021)

Gautam Mittal, Jesse Engel, Curtis Hawthorne, and lan Simon, “Symbolic Music Generation with Diffusion Models,” ISMIR, 2021.


https://arxiv.org/pdf/2103.16091
https://storage.googleapis.com/magentadata/papers/symbolic-music-diffusion/index.html
https://storage.googleapis.com/magentadata/papers/symbolic-music-diffusion/index.html
https://storage.googleapis.com/magentadata/papers/symbolic-music-diffusion/index.html

(Recap) Example: Coconet (Huang et al., 2017)
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(Source: Huang et al., 2019)

Cheng-Zhi Anna Huang, Tim Cooijmans, Adam Roberts, Aaron Courville, and Douglas Eck, “Counterpoint by Convolution,” ISMIR, 2017.
Cheng-Zhi Anna Huang, Tim Cooijmans, Monica Dinculescu, Adam Roberts, and Curtis Hawthorne, "Coconet: the ML model behind today's Bach Doodle,” Magenta Blog, 2019.



https://arxiv.org/pdf/1903.07227
https://magenta.tensorflow.org/coconet

\ (Recap) Example: Coconet (Huang et al., 2017)
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(Source: Huang et al., 2017)

Cheng-Zhi Anna Huang, Tim Cooijmans, Adam Roberts, Aaron Courville, and Douglas Eck, “Counterpoint by Convolution,” ISMIR, 2017.



https://arxiv.org/pdf/1903.07227

(Recap) Example: 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
Modelling,” ISMIR, 2020.



https://arxiv.org/pdf/2008.01291
https://arxiv.org/pdf/2008.01291

(Recap) Example: 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
Modelling,” ISMIR, 2020.



https://arxiv.org/pdf/2008.01291
https://arxiv.org/pdf/2008.01291

(Recap) Example: POpMAG (Ren et al., 2020)
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(Source: Ren et al., 2020)

Yi Ren, Jinzheng He, Xu Tan, Tao Qin, Zhou Zhao, and Tie-Yan Liu, “PopMAG: Pop Music Accompaniment Generation,” MM, 2020.



https://arxiv.org/pdf/2008.07703
https://ai-muzic.github.io/popmag/

(Recap) Example: MuseCoco (Lu et al., 2023)
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(Source: Lu et al., 2023)
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ai-muzic.github.io/musecoco

Peiling Lu, Xin Xu, Chenfei Kang, Botao Yu, Chengyi Xing, Xu Tan, and Jiang Bian, “MuseCoco: Generating Symbolic Music from Text,” arXiv preprint arXiv:2306.00110, 2023.



https://arxiv.org/pdf/2306.00110
https://ai-muzic.github.io/musecoco/

(Recap) Example: MetaScore Transformer (xu et al., 2024)

Examples <

Input: Chopin, piano, easy, all rights preserved
Output: an casy piano piece by Chopin. All rights preserved

Input: classical/traditional. Programmatic, robot
QOutput: A classical music picee.

Input: classical/traditional, Heaven's, His, Jesus, Lord, Son, accords,
dawn, day, grace, hymn, light, peace, rest, soul, sovercign
Output: This is a classical/traditional music piece.

Input: Michael Jackson, bass, guitar, rock/metal, technical,
electronic/dance. Creative Commons Copyright Waiver

Output: A mix of pop, rock and electronic music composed by
Michael Jackson. The music has bass and guitar in it. This music piece
is free for use by anyone for any purpose.

Input: William Marshall, adele, advanced, piano, violin, folk/country,
soundtruck/stage. Attribution

Output: An advanced piano and violin music piece composed by
William Marshall and Adele. This is a soundtrack with folk vibe.
Users must give credit to the creator when using the music.

Input: classical/traditional, piano, violin, intermediate, Rm, 20
Output: A intermediate classical music piece. This music piece has
piano and violin in it

\
Query {
N8

Input: /classical/traditional, easy, alexander walker, public domain}
Output:

(Source: Xu et al., 2024)

Prompt: This is an easy classical piano piece

composed by wolfgang amadeus mozart. W

Prompt: A short and emotional music piece

inspired by an anime scene. R

Prompt: A powerful orchestral music piece. = -

Weihan Xu, Julian McAuley, Taylor Berg-Kirkpatrick, Shlomo Dubnov, and Hao-Wen Dong, “Generating Symbolic Music from Natural Language Prompts using an LLM-Enhanced
Dataset,” arXiv preprint arXiv:2410.02084, 2024.
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https://arxiv.org/pdf/2410.02084
https://arxiv.org/pdf/2410.02084

(Recap) Example: VirtuosoNet (Jeong et al., 2019)

 Input: pitch, duration, articulation marking, slur and beam status, tempo
marking, and dynamic marking, etc.

« Output: absolute tempo, velocity, onset deviation, articulation, pedal
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(Source: Jeong et al., 2019)

Dasaem Jeong, Taegyun Kwon, Yoojin Kim, Kyogu Lee, and Juhan Nam, “VirtuosoNet: A Hierarchical RNN-based system for modeling expressive piano performance,” ISMIR,
2019.
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https://archives.ismir.net/ismir2019/paper/000112.pdf

(Recap) Example: VirtuosoNet (Jeong et al., 2019)
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Dasaem Jeong, Taegyun Kwon, Yoojin Kim, Kyogu Lee, and Juhan Nam, “VirtuosoNet: A Hierarchical RNN-based system for modeling expressive piano performance,” ISMIR,

2019.
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Attention visualization
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https://archives.ismir.net/ismir2019/paper/000112.pdf

(Recap) Four Paradigms

Symbolic music generation

Text-based

Program_change_0,

Note_on_60, Time_shift_2, Note_off 60,
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Today, we also have many latent-space based systems!

Image-based
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Autoregressive Waveform Synthesis
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Generating Waveforms using a Neural Network

1 008D S Bs

1 Second

(Source: van den Oord et al., 2016)

Aaron van den Oord and Sander Dieleman, “WaveNet: A generative model for raw audio,” DeepMind Blog, September 8, 2016.
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https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/

(Recap) Language Models

 Predicting the next word given the past sequence of words

Transformer (machine learning model)
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(Recap) Language Models (Mathematically)

* A class of machine learning models that learn the next word probability

P(Cox; |21, %0, e, X121 )
. J

/

Next word

\

Previous words

P( electrical | A transformeris a)
P( character | A transformerisa)
P( gene | Atransformerisa)
P( model |Atransformerisa)
P( food |Atransformerisa)

P( musical | A transformerisa)

1

- =) =) =)
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Autoregressive Models (Mathematically)

* A class of machine learning models that learn the probability of the next
value given previous values

P( 0.1 10.5,0.4,0.3,0.2) I

P(0.09]0.5,0.4,0.3,0.2) I
P(Xi | X1, X2, v, Xj—1 )
J

L

/ N P(0.11]0.5,0.4,0.3,0.2) I

Next number Previous numbers P( 99 |0.5,0.4,0.3,0.2) l

P( —11]0.50.4,0.3,0.2) l

The term “autoregressive” has different definitions in machine learning and signal processing.
In signal processing, an autoregressive model needs to be a linear model.

19



Unconditional Audio Synthesis using CNNs
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Example: WaveNet (van den Oord et al., 2016)
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(Source: van den Oord et al., 2016)

A convolutional neural network for raw waveform generation

Aaron van den Oord, Sander Dieleman, Heiga Zen, Karen Simonyan, Oriol Vinyals, Alex Graves, Nal Kalchbrenner, Andrew Senior, and Koray Kavukcuoglu, “WaveNet: A
Generative Model for Raw Audio,” ICML, 2016. 21



https://arxiv.org/pdf/1609.03499
https://arxiv.org/pdf/1609.03499

(Recap) Convolutional Layer

A convolutional layer consists of many learnable kernels (channels)

To be learned

— [ Convolutional layer ] —

Each kernel detects
a local pattern

channels

22



(Recap) Convolutional Neural Network (CNNSs)

Input E

J

T 11T rrrrrm4--gd

El[ nd [ Conv ]—»[ Pooling ] [ Conv ]—»[ Pooling ]—»[ Flatten ]-»[ Dense ] _,

Repeat several times

o~
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—_——

Fully-connected layers

Output

Dog
Cat
Penguin
Bear

Rabbit
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Example: WaveNet (van den Oord et al., 2016)

Standard convolution Dilated convolution
Q 9 9 9 000 0 0 0 O Output e 0 0 0 0 © ouput
O 00 000000 0O Hddenlayer O O O 60 o Hidden Layer
O 0O 0 O 0 0 0 0 0 O 0 Hidden Layer © O O o 0O Hiddon Layer
O 00 00000 0 0 o0 HiddenLayer O O O Hidden Layer
@ ©¢ ¢ © ©¢ ©¢ ©¢ ©¢ o o o Input il Input
Smaller “receptive field” Larger "rec:ptive field”
deepmind.google/discover/ Example of generated music
blog/wavenet-a-generative-
model-for-raw-audio

(Source: van den Oord et al., 2016)

Aaron van den Oord, Sander Dieleman, Heiga Zen, Karen Simonyan, Oriol Vinyals, Alex Graves, Nal Kalchbrenner, Andrew Senior, and Koray Kavukcuoglu, “WaveNet: A
Generative Model for Raw Audio,” ICML, 2016.



https://arxiv.org/pdf/1609.03499
https://arxiv.org/pdf/1609.03499
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/

1D CNNs & Fourier Transform

Convolution kernels learned Peak frequency detected by the learned kernels
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Pavel Golik, Zoltan Tuske, Ralf Schluter, and Hermann Ney, “Convolutional Neural Networks for Acoustic Modeling of Raw Time Signal in LVCSR,” INTERSPEECH, 2015.



https://www.isca-archive.org/interspeech_2015/golik15_interspeech.pdf

Unconditional Audio Synthesis using RNNs
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Example: SampleRNN (Mehri et al., 2017)

Xis «ev s Xit15 Xi+165 -+ s Xi+31

Tier3

v

e s Xi427 Xi4285 ++-

Xi+405 «+ 5 Xi+43

Tier?2

Tier 1 Xi4+28y -

Ll

o5 Xit33 ﬂ Xit31s +-

P(Xit32 | X<it32) P(Xiy33 | X<iy33) P(Xit3a | X<iy34) P(Xit3s | X<iy35)

(Source: Mehri et al., 2017)

Soroush Mehri, Kundan Kumar, Ishaan Gulrajani, Rithesh Kumar, Shubham Jain, Jose Sotelo, Aaron Courville, and Yoshua Bengio, “SampleRNN: An Unconditional End-to-End
Neural Audio Generation Model,” ICLR, 2017.



https://arxiv.org/pdf/1612.07837
https://arxiv.org/pdf/1612.07837

(Recap) What is an RNN (Recurrent Neural Network)?

* A type of neural networks that have loops

« Widely used for modeling sequences (e.g., in natural language processing)

RNN IS

Output @ @

Combining the

®
L

d
JAY
CI} Memory é to make the prediction

L> A = A=A — > memory and the input
(state)
Input CID (:_[D
(Source: Christopher Olah) An RN N iS mOdE|

colah.github.io/posts/2015-08-Understanding-LSTMs/
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Example: SampleRNN (Mehri et al., 2017)

Xiy «ev s Xit15 Xi+16, --- > Xi+31| Last 16 samples
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Example of gener musi — T
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(Source: Mehri et al., 2017)
N = N = B (IS

Soroush Mehri, Kundan Kumar, Ishaan Gulrajani, Rithesh Kumar, Shubham Jain, Jose Sotelo, Aaron Courville, and Yoshua Bengio, “SampleRNN: An Unconditional End-to-End
Neural Audio Generation Model,” ICLR, 2017.



https://arxiv.org/pdf/1612.07837
https://arxiv.org/pdf/1612.07837

Unconditional Audio Synthesis using GANs
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- Example: WaveGAN (Donahue et al.,, 2019)

DCGAN for images

ﬁ+

5x5 kernels

(Source: Donahue et al., 2019)

Chris Donahue, Julian McAuley, and Miller Puckette, “Adversarial Audio Synthesis,” ICLR, 2019.
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https://arxiv.org/pdf/1802.04208

(Recap) Generative Adversarial Nets (GANS) - Training

The generator aims to make the fake
samples indistinguishable from the
real samples for the discriminator The discriminator aims to
: tell the fake samples

: from real samples
Random noise Fake samples :

@ Gen G(z) Real/fake

log(1 - Dis (Genz)4

A

A 4

X~Px Dis(x)')f log(DiS

.
-----
-------
........
----------
-------------
........
.........................................

Adversary!

‘e
‘e
‘e
.

lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio, “Generative Adversarial Networks,” NeurlPS,

2014,
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https://arxiv.org/pdf/1406.2661

\ (Recap) Generative Adversarial Nets (GANs) - Generation

Random noise
750
O
P(z) O %
O

0O
OO

Z~pPz

Gen

Fake samples

A 4

G(z) \\I Real/fake
oxftegeini p {110

e

Real samples

X~Px

lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio, “Generative Adversarial Networks,” NeurlPS,

2014,
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https://arxiv.org/pdf/1406.2661

(Recap) Deep Convolutional GANs (DCGANS)

Use CNNs for both the
generator and discriminator

Random noise

Fake samples

CONV 2

CONV 3 64

Transposed convolutional layers

CONV 4

A 4

X~Px

Real samples

G(2)

Real/fake

Alec Radford, Luke Metz, and Soumith Chintala, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks,” ICLR, 2016.



https://arxiv.org/pdf/1511.06434

Example: WaveGAN (Donahue et al., 2019)

w_’

DCGAN for images

5x5 kernels

chrisdonahue.com/wavegan_examples
chrisdonahue.com/wavegan

WaveGAN for audio

(Source: Donahue et al., 2019)

Chris Donahue, Julian McAuley, and Miller Puckette, “Adversarial Audio Synthesis,” ICLR, 2019.

25x1 kernels

Example of generated music



https://arxiv.org/pdf/1802.04208
https://chrisdonahue.com/wavegan_examples/
https://chrisdonahue.com/wavegan/

Unconditional Audio Synthesis using Diffusions
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~ Example: WaveGrad (Chen et al., 2021)

Text: Here are the match lineups

for the Colombia Haiti match. Zoom in

(Source: Chen et al., 2021)

Nanxin Chen, Yu Zhang, Heiga Zen, Ron J. Weiss, Mohammad Norouzi, and William Chan, "WaveGrad: Estimating Gradients for Waveform Generation,” ICLR, 2021.
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(Recap) Diffusion Models - Training

- Intuition: Many denoising autoencoders stacked together

MSE loss

Q(Xt|Xt—1)

\ DifoSiOn (Source: Ho et al., 2020)

an
R

Added noise

Jonathan Ho, Ajay Jain, and Pieter Abbeel, “Denoising Diffusion Probabilistic Models,” Neur/PS, 2020.
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- (Recap) Diffusion Models

- Intuition: Many denoising autoencoders stacked together

Remove noise gradually
(Backward diffusion process)

=
Usually, T > 1000

pGXt1|Xt
= O @ —~Cp

\__—’

(Source: Ho et al., 2020)

Add noise gradually
(Forward diffusion process)

Jonathan Ho, Ajay Jain, and Pieter Abbeel, “Denoising Diffusion Probabilistic Models,” Neur/PS, 2020.
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\ (Recap) Diffusion Models - Generation

Remove noise gradually
(Backward diffusion process)

Coarse shapes Fine detalls
(low-frequency components) (high-frequency components)

(Source: Ho et al., 2020)

Jonathan Ho, Ajay Jain, and Pieter Abbeel, “Denoising Diffusion Probabilistic Models,” Neur/PS, 2020.
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- Example: WaveGrad (Chen et al., 2021)

(Source: Chen et al., 2021)

Nanxin Chen, Yu Zhang, Heiga Zen, Ron J. Weiss, Mohammad Norouzi, and William Chan, "WaveGrad: Estimating Gradients for Waveform Generation,” ICLR, 2021.
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Example: WaveGrad (Chen et al., 2021)

Direction to update
the noisy waveform

Noisy
Noisy waveform

3 x 1 Conv (1) level Yn
. A \/a v
(UBlock (128, x2) ])—[FiLM «—| 5 x 1 Conv (32)
A
Denoisin g [ UBlock (128, x2) ]< —(FiLM]d—[( DBlock (128, /2) ]1
A
. Y
Po(Xt-1 |Xt; Upls)?(;:{:lsmg (UBlock (356, <3) J4—{FiLm )« DBlock (128, /2) | Downsampling
' M blocks
R (UBlock (512, x5) J4—{FiLM J«{ DBlock (256, /3)
A
Y
q(xafxi1) [ UBlock (512, x5) ]J—[FiLmj<— - DBlock (512, /5) |
Diffusion * - g

3 x 1 Conv (768)
A

(Source: Ho et al., 2020)

T

Mel spectrogram
(Source: Chen et al., 2021)

Jonathan Ho, Ajay Jain, and Pieter Abbeel, “Denoising Diffusion Probabilistic Models,” Neur/PS, 2020.
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U-Net (Ronneberger et al., 2015)

1 64 64
128 64 64 2
input
imafge > > olele output
ti segmentation
e Sl S &
o o map
o~ Of @ = > =
= = P Lt
o | Off 0
R ks I
'128 128
256 128
S E E Sl e R
[aY] Ha] (] t
' 256 256 S0 e
S E B 3 '?I"I = conv 3x3, ReLU
o =5 = ~» copy and cro
%I'E-?- g el § max pool 2x2
(e} <t o~
© ¥ 10 g 3 & 4 up-conv 2x2
=, [ > I -
© = & =» CONV 1x1

(Source: Ronneberger et al., 2015)

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation,” MICCAI, 2015.
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U-Net (Ronneberger et al., 2015)

164 64

in|1neljgue: > output
tile segmentation
map

392 x 392
X
388 x 388 W

572 x 572
570 x 570

256 128

o
o
o
o

512 256

=» Cconv 3x3, RelLU
= copy and crop
¥ max pool 2x2
4 up-conv 2x2
% =» CONv 1x1

(Source: Ronneberger et al., 2015)

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation,” MICCAI, 2015.
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Example: WaveGrad (Chen et al., 2021)

Direction to update
the noisy waveform

Noisy
Noisy waveform

3 x 1 Conv (1) level Yn
. A \/a v
(UBlock (128, x2) ])—[FiLM «—| 5 x 1 Conv (32)
A
Denoisin g [ UBlock (128, x2) ]< —(FiLM]d—[( DBlock (128, /2) ]1
A
. Y
Po(Xt-1 |Xt; Upls)?(;:{:lsmg (UBlock (356, <3) J4—{FiLm )« DBlock (128, /2) | Downsampling
' M blocks
R (UBlock (512, x5) J4—{FiLM J«{ DBlock (256, /3)
A
Y
q(xafxi1) [ UBlock (512, x5) ]J—[FiLmj<— - DBlock (512, /5) |
Diffusion * - g

3 x 1 Conv (768)
A

(Source: Ho et al., 2020)

T

Mel spectrogram
(Source: Chen et al., 2021)

Jonathan Ho, Ajay Jain, and Pieter Abbeel, “Denoising Diffusion Probabilistic Models,” Neur/PS, 2020.
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Example: DiffWave (Kong et al., 2021)

Noisy '?'0'53(
waveform '€V€
Diffusion-step
Input embedding

_"
(g}
1]

Fully connected

k.

' o Residual
) B blocks &

Denoising

Po(Xi—1]%¢)

>

"

Convlxl | = Convlx1l

= Bi-directional Dilated Conv

(dilation = 27)

Broadcast over length

Element-wise addition

Element-wise multiplication

Connect to next residual layer

Conditioner

Input of each residual layer

—o— O® O

q(x¢|x¢-1) Mel spectrogram
Diffusion [Conlel ] [Conlel } :Skip connections
I . @-‘[ Convlx1 ]—’@-[ Convlx1 ]
Residual layer i = 0 : :
(Source: Ho et al., 2020) '““'“'“:,"é ] _l _____ cesiduaayer 1= 1) _:_.
|_ — — _ _ _ _Residuallayeri :N_—il Output
Direction to update
(Source: Kong et al., 2021) the noisy waveform

Zhifeng Kong, Wei Ping, Jiaji Huang, Kexin Zhao, Bryan Catanzaro, "DiffWave: A Versatile Diffusion Model for Audio Synthesis,” ICLR, 2021.



https://arxiv.org/pdf/2009.09761

|ood 8ae jood 3ne
A
[ o/ o v . [rms eee ]

957 ‘AUOD EXE 957 'AU0d EXE

952 ‘MU0 EXE 95 ‘AUO) EXE

!

95 ‘AUOD EXE 95¢ ‘AU0D EXE

GG ‘AU0D EXE 95T ‘AU0d EXE

H

952 ‘AUOD EXE 95 ‘AUOD EXE

957 ‘AU EXE 95 ‘AUOD EXE

957 ‘AU EXE 957 ‘NuoD EXE

952 ‘MU0 EXE 957 ‘A0 EXE

o

952 ‘AU0I EXE

2/ 952 W03 £XE

L))
(<))
82T ‘MU0 £XE N 8T 'AUOD EXE
(7]
&

2T ‘MU0 EXE 2T ‘AUOD EXE

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun, “Deep Residual Learning for Image Recognition,” CVPR, 2016.
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Example: DiffWave (Kong et al., 2021)

Noisy '?'0'53(
waveform '€V€
Diffusion-step
Input embedding

_"
(g}
1]

Fully connected

k.

' o Residual
) B blocks &

Denoising

Po(Xi—1]%¢)

>

"

Convlxl | = Convlx1l

= Bi-directional Dilated Conv

(dilation = 27)

Broadcast over length

Element-wise addition

Element-wise multiplication

Connect to next residual layer

Conditioner

Input of each residual layer

—o— O® O

q(x¢|x¢-1) Mel spectrogram
Diffusion [Conlel ] [Conlel } :Skip connections
I . @-‘[ Convlx1 ]—’@-[ Convlx1 ]
Residual layer i = 0 : :
(Source: Ho et al., 2020) '““'“'“:,"é ] _l _____ cesiduaayer 1= 1) _:_.
|_ — — _ _ _ _Residuallayeri :N_—il Output
Direction to update
(Source: Kong et al., 2021) the noisy waveform

Zhifeng Kong, Wei Ping, Jiaji Huang, Kexin Zhao, Bryan Catanzaro, "DiffWave: A Versatile Diffusion Model for Audio Synthesis,” ICLR, 2021.
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Conditional Audio Synthesis
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Example: MelGAN (Kumar et al., 2019)

---------- Mel Spectogram

|

Conv Layer

4 v N Input sequence
Upsampling [8x]
Layer ) -

2X 2
’
g

[ Residual stack J< 3x
A

. .
- v N N
Upsampling [2x] S Yy,

Layer v
2x Output sequence

| Residual stack |

\_ A

Conv Layer

}

SO - L Wavctos

(Source: Kumar et al., 2019)

Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson, Yoshua Bengio, and Aaron Courville, “MelGAN:
Generative Adversarial Networks for Conditional Waveform Synthesis,” NeurIPS, 2019.
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(Recap) Deep Convolutional GANs (DCGANS)

Use CNNs for both the
generator and discriminator

Random noise

Fake samples

CONV 2

CONV 3 64

Transposed convolutional layers

CONV 4

A 4

X~Px

Real samples

G(2)

Real/fake

Alec Radford, Luke Metz, and Soumith Chintala, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks,” ICLR, 2016.
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(Recap) Transposed Convolution

Convolution

Transposed
convolution

52



Transposed Convolution for Vocoders

organ_electronic_120-050-127 3 Shrin
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Example: MelGAN (Kumar et al., 2019)

---------- Mel Spectogram

l

Conv Layer

4 v A Input sequence

Upsampling [8x]
Layer y s

2X .
ra
g

[ Residual stack J< 3x
A

9 \

4 Y \ \\

Upsampling [2x] S J
Layer +

9%

= Output sequence

| Residual stack |

\_ —

y

Conv Layer

}

SO - Lo Wosctons

(Source: Kumar et al., 2019)

Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson, Yoshua Bengio, and Aaron Courville, “MelGAN:

Generative Adversarial Networks for Conditional Waveform Synthesis,” NeurlPS, 2019.
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Example: MelGAN (Kumar et al., 2019)

Multi-scale discriminator

O0OO0O0OO0OO00O0OO0OO0OO0O0

Average Pooling

O O O O O O, ApplyConvolution

MSD[2]

!

Real / Fake

(Source: Kong et al., 2019)

Multi-period discriminator

time
—-
00000CO0COCOOCOOO

l Reshape from 1D to 2D
height

width
...l
ONONG]
00

Apply Convolution
with a kX1 kernel

MPD[2]

|

Real / Fake

Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson, Yoshua Bengio, and Aaron Courville, “MelGAN:

Generative Adversarial Networks for Conditional Waveform Synthesis,” NeurIPS, 2019.

Jungil Kong, Jaehyeon Kim, and Jaekyoung Bae, “HiFi-GAN: Generative Adversarial Networks for Efficient and High Fidelity Speech Synthesis,” NeurlPS, 2020.
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Example: Hifi-GAN (Kong et al., 2020)

Mel-Spectrogram

stride: k, [1]/2, channels: h,, /2
I

k,[1] x1 ConvTranspose \

v \
ResBlock[1] [
kernel: k, [1] |
|
|
|

dilations: D,.[1]

|
.[ MRF :
e > \
v
Raw Waveform
organ_electronic_120-050-127 3
2048 [ A
N 1024 — —_— —
512
L
0
0 05 1 15 2 25 3 35 4 % 4

Time

/

Shrin

%

a

IA

<

y

<& 2
< >

Growing rese!

form=1_.1D[nl] _ _
for 1=1 ..\ID;[n,m]|
r—-=-—=-==- =_===1

1 Leaky RelU i
I

:[ k.[n]x1 Conv ]I

dilation: D,.[n,m,[]

Y
£ %

jik876.github.io/hifi-gan-demo

Jungil Kong, Jaehyeon Kim, and Jaekyoung Bae, “HiFi-GAN: Generative Adversarial Networks for Efficient and High Fidelity Speech Synthesis,” NeurlPS, 2020.
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Optional Reading

* Avery nice blog on “Generating music in the waveform domain” by
Sander Dieleman: sander.ai/2020/03/24/audio-generation
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(Recap) Four Paradigms

Symbolic music generation

Text-based

Program_change_0,

Note_on_60, Time_shift_2, Note_off 60,
Note_on_60, Time_shift_2, Note_off 60,
Note_on_76, Time_shift_2, Note_off 67,
Note_on_67, Time_shift_2, Note_off 67,

MIDI

Image-based

Pitch
|
|
h
/
I
I

Piano roll

Audio-domain music generation

Time series-based

L

Waveform

Frequency

Today, we also have many latent-space based systems!

Image-based

Spectrogram
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