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About the Music and AI Lab @ Sinica

ÅAbout Academia Sinica
ÅNational academy of Taiwan, founded in 1928 (not a university)
ÅAbout 1,000 full, associate, assistant research professors

ÅAbout Music and AI Lab
Åhttps://musicai.citi.sinica.edu.tw/
ÅSince Sep 2011
ÅMembers
ÅPI [me]
Åresearch assistants
ÅPhD/master students

Å3 AAAI full papers + 3 IJCAI full papers in 2018 and 2019
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About the Music Team @ Taiwan AI Labs

ÅAbout Taiwan AI Labs
Åhttps://ailabs.tw/
ÅPrivately-funded research organization (like openAI), founded in 2017
ÅThree main research area: 1) HCI, 2) medicine, 3) smart city
Å100+ employees (late 2019)

ÅAbout the άYatingέMusic AI team
ÅMembers
Åscientist [me]
ÅML engineers (for models)
Åmusicians
Åprogram manager
Åsoftware engineers (for frontend/backend)
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From a music production view

ÅComposing /songwriting
ÅMelody

ÅChords

ÅLyrics

ÅArranging
Å Instrumentation

ÅStructure

ÅMixing
ÅTimbres/tones

ÅBalancing
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Use cases of music AI

ÅaŀƪŜ ƳǳǎƛŎƛŀƴǎΩ ƭƛŦŜ ŜŀǎƛŜǊ
Å Inspire ideas

ÅSuggest continuations, accompaniments, lyrics, or drum loops

ÅSuggest mixing presets

ÅEmpower everyone to make music
ÅDemocratization of music creation

ÅCreate copyright free music for videos or games

ÅMusic education(e.g., auto-accompaniment)
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Companies involved in automatic music 
generation
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Demo: Magenta Studio

Åhttps://magenta.tensorflow.org/studio/
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Demo: Jamming with Yating
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Åhttps://www.youtube.com/watch?v=9ZIJrr6lmHg

ÅJamming with Yating[1,2]
ÅInput (by human): piano

ÅOutput: piano + bass + drum

ώмϐ Iǎƛŀƻ Ŝǘ ŀƭΦΣ άWŀƳƳƛƴƎ ǿƛǘƘ Yating: Interactive 
ŘŜƳƻƴǎǘǊŀǘƛƻƴ ƻŦ ŀ ƳǳǎƛŎ ŎƻƳǇƻǎƛǘƛƻƴ !LΣέ 
ISMIR-LBD2019
[2] YehŜǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ǘƻ ƎŜƴŜǊŀǘŜ WŀȊȊ ŀƴŘ tƻǇ 
Ǉƛŀƴƻ ƳǳǎƛŎ ŦǊƻƳ ŀǳŘƛƻ Ǿƛŀ aLw ǘŜŎƘƴƛǉǳŜǎΣέ 
ISMIR-LBD2019

https://www.youtube.com/watch?v=9ZIJrr6lmHg


From a deep learning view 

ÅInput representation

ÅModel

ÅOutput representation
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Models

ÅRule based methods

ÅConcatenation based methods

ÅMachine learning based methods
ÅVAE: variational autoencoder

ÅGAN: generative adversarial network

ÅSee Section 2:Introduction to GANs
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Why GAN?
ÅState-of-the-art model in:
Å Image generation: BigGAN [1]

Å Text-to-speech audio synthesis: GAN-TTS[2]

Å Note-level instrument audio synthesis: GANSynth [3]

Å Also seeICASSP 2018 tutorial: άGAN and its applications to signal processing and NLPέ ώпϐ 

ÅIts potential for music generation has not been fully realized

ÅAdversarial training has many other applications 
Å For example, source separation [5], domain adapation [6], music transcription [7]
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[1] ά[ŀǊƎŜǎŎŀƭŜ D!b ǘǊŀƛƴƛƴƎ ŦƻǊ ƘƛƎƘ ŦƛŘŜƭƛǘȅ ƴŀǘǳǊŀƭ ƛƳŀƎŜ ǎȅƴǘƘŜǎƛǎΣέICLR2019
[2] άIƛƎƘ ŦƛŘŜƭƛǘȅ ǎǇŜŜŎƘ ǎȅƴǘƘŜǎƛǎ ǿƛǘƘ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέICLR2020 submission
[3] άGANSynthΥ !ŘǾŜǊǎŀǊƛŀƭ ƴŜǳǊŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέICLR2019
[4] https://tinyurl.com/y23ywv4s(on slideshare)
[5] ά{±{D!bΥ {ƛƴƎƛƴƎ ǾƻƛŎŜ ǎŜǇŀǊŀǘƛƻƴ Ǿƛŀ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICASSP2018
[6] ά/Ǌƻǎǎ-ŎǳƭǘǳǊŀƭ ƳǳǎƛŎ ŜƳƻǘƛƻƴ ǊŜŎƻƎƴƛǘƛƻƴ ōȅ ŀŘǾŜǊǎŀǊƛŀƭ ŘƛǎŎǊƛƳƛƴŀǘƛǾŜ ŘƻƳŀƛƴ ŀŘŀǇǘŀǘƛƻƴΣέICMLA 2018
[7] ά!ŘǾŜǊǎŀǊƛŀƭ ƭŜŀǊƴƛƴƎ ŦƻǊ ƛƳǇǊƻǾŜŘ ƻƴǎŜǘǎ ŀƴŘ ŦǊŀƳŜǎ ƳǳǎƛŎ ǘǊŀƴǎŎǊƛǇǘƛƻƴΣέISMIR2019

https://tinyurl.com/y23ywv4s


Input/output representations

ÅSymbolic output
ÅPianorolls

ÅMIDIevents

ÅScore

ÅAudiooutput
ÅSepctrogram

ÅWaveform

15



I/O representations

ÅSymbolic output
ÅPianorolls (image-like): easierfor GANs to work with

ÅMIDI events(text-like)

ÅScore (hybrid)

ÅAudiooutput
ÅSepctrogram (image-like)

ÅWaveform
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I/O representations
ÅSymbolic output
ÅPiano rolls (image-like): 

MidiNet [1], MuseGAN [2]

ÅMIDI events(text-like): 
Music Transformer [3], MuseNet [4]

ÅScores(hybrid): 
Thickstun [5], measure-by-measure [6]
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[1] https://arxiv.org/abs/1703.10847, ISMIR2017
[2] https://arxiv.org/abs/1709.06298, AAAI2018
[3] https://openreview.net/pdf?id=rJe4ShAcF7, ICLR2019 
[4] https://openai.com/blog/musenet/
[5] https://arxiv.org/abs/1811.08045, ISMIR2019
[6] https://openreview.net/forum?id=Hklk6xrYPB, ICLR2020 submission

https://arxiv.org/abs/1703.10847
https://arxiv.org/abs/1709.06298
https://openreview.net/pdf?id=rJe4ShAcF7
https://openai.com/blog/musenet/
https://arxiv.org/abs/1811.08045
https://openreview.net/forum?id=Hklk6xrYPB


Scope of music generation 

ÅGeneration from scratch
Å X Ąmelody
Å X Ą piano roll
Å X Ą audio

ÅConditional generation
Åmelody Ą piano roll(accompaniment)
Å piano rollĄ audio (synthesis)
Å piano rollĄ piano rollΩ (rearrangement)
Å audio Ą audioΩ 

ÅSee Section 3:Case studies 

Å and,https://github.com/affige/genmusic_demo_list
18
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We will talk about

1. Symbolic melody generation: MidiNet [1], SSMGAN [2]

2. Arrangement generation: MuseGAN[3], BinaryMuseGAN[4], LeadSheetGAN[5]

3. Style transfer: CycleGAN[6], TimbreTron[7], Play-as-you-like [8], CycleBEGAN[9]

4. Audio generation: WaveGAN[10], GANSynth[11]
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ώмϐ άMidiNet: A convolutional GAN for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR2017
[2] άaƻŘŜƭƛƴƎ ǎŜƭŦ-ǊŜǇŜǘƛǘƛƻƴ ƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ǳǎƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ŀŘǾŜǊǎŀǊƛŜǎΣέML4MD2019
[3] άMuseGAN: Multi-ǘǊŀŎƪ ǎŜǉǳŜƴǘƛŀƭ D!bǎ ŦƻǊ ǎȅƳōƻƭƛŎ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI2018
ώпϐ ά/ƻƴǾƻƭǳǘƛƻƴŀƭ D!bǎ ǿƛǘƘ ōƛƴŀǊȅ ƴŜǳǊƻƴǎ ŦƻǊ ǇƻƭȅǇƘƻƴƛŎ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR2018
ώрϐ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ D!bΣέ ISMIR-LBD2018
ώсϐ ά{ȅƳōƻƭƛŎ ƳǳǎƛŎ ƎŜƴǊŜ ǘǊŀƴǎŦŜǊ ǿƛǘƘ CycleGANΣέ ICTAI2018
ώтϐ άTimbreTron: A WaveNet(CycleGANό/v¢ό!ǳŘƛƻύύύ ǇƛǇŜƭƛƴŜ ŦƻǊ ƳǳǎƛŎŀƭ ǘƛƳōǊŜ ǘǊŀƴǎŦŜǊΣέ ICLR2019
ώуϐ άtƭŀȅ ŀǎ ¸ƻǳ [ƛƪŜΥ ¢ƛƳōǊŜ-enhanced multi-ƳƻŘŀƭ ƳǳǎƛŎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊΣέ AAAI2019
ώфϐ ά{ƛƴƎƛƴƎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊ ǳǎƛƴƎ ŎȅŎƭŜ-ŎƻƴǎƛǎǘŜƴǘ ōƻǳƴŘŀǊȅ ŜǉǳƛƭƛōǊƛǳƳ D!bǎΣέ ICML workshop 2018
ώмлϐ ά!ŘǾŜǊǎŀǊƛŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019
ώммϐ άGANSynthΥ !ŘǾŜǊǎŀǊƛŀƭ ƴŜǳǊŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR2019
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What is a GAN?

Generative Adversarial Network

21

an adversarialgame 
between two competitors

a generativemodel a deep neural network



A loss function for training generative models
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D 1/0

real samples

Gz~pZ G(z)

random noise fake samples

x~pX

latent variable model
(to be learned)

GoodfellowŜǘ ŀƭΦΣ άDŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέNeurIPS2014



A loss function for training generative models
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D 1/0

log(1-D(x)) + log(D(G(z)))

log(1-D(G(z)))

Generator
Make G(z) indistinguishable 

from real data for D
Discriminator

Tell G(z) as fake data from x
being real ones

real samples

Gz~pZ G(z)

random noise fake samples

x~pX

GoodfellowŜǘ ŀƭΦΣ άDŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέNeurIPS2014



Problems of unregularizedGANs

ÅKeyτdiscriminator provides generator with 
gradients as a guidance for improvement
ÅDiscrimination is easier than generation

ÅDiscriminator tends to provide large gradients

ÅResult in unstable training of the generator

ÅCommon failure cases
ÅMode collapse

ÅMissing modes

24

(Colors show the outputs of the discriminator)

sharp color changes Ą large gradients



Regularizing GANs
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Locally regularized

Advantages of gradient regularization
Åprovide a smoother guidance to the generator
Åalleviate mode collapse and missing modes issues

Globally regularizedUnregularized

gradient clipping [1]
gradient penalties [2,3]

spectral normalization [4]

[1] ArjovskyŜǘ ŀƭΦΣ ά²ŀǎǎŜǊǎǘŜƛƴ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ ICML2017
[2] GulrajaniŜǘ ŀƭΦΣ άLƳǇǊƻǾŜŘ ǘǊŀƛƴƛƴƎ ƻŦ ²ŀǎǎŜǊǎǘŜƛƴ D!bǎΣέ NeurIPS2017
[3] KodaliŜǘ ŀƭΦΣ άhƴ ŎƻƴǾŜǊƎŜƴŎŜ ŀƴŘ ǎǘŀōƛƭƛǘȅ ƻŦ D!bǎΣέ arXiv2017
[4] aƛȅŀǘƻ Ŝǘ ŀƭΦΣ ά{ǇŜŎǘǊŀƭ ƴƻǊƳŀƭƛȊŀǘƛƻƴ ŦƻǊ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ ICLR2018



Coding session IτGAN for images

Google Colabnotebook link

https://colab.research.google.com/drive/1Cnq9z3QvxIsVntlXKjPjbwttxeDH47Xl

You can also find the link on the tutorial website

https://salu133445.github.io/ismir2019tutorial/

Click
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https://colab.research.google.com/drive/1Cnq9z3QvxIsVntlXKjPjbwttxeDH47Xl
https://salu133445.github.io/ismir2019tutorial/


Deep convolutional GAN (DCGAN)
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D 1/0

real samples

GȊϤǇ½ G(z)

random noise fake samples

x~pX

transposed convolutional layers

KeyτUse CNNs for both G and D

wŀŘŦƻǊŘ Ŝǘ ŀƭΦΣ ά¦ƴǎǳǇŜǊǾƛǎŜŘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƭŜŀǊƴƛƴƎ ǿƛǘƘ ŘŜŜǇ ŎƻƴǾƻƭǳǘƛƻƴŀƭ D!bǎΣέ ICLR2016



GANs vs VAEs
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GAN VAE

Objective
(generator) fool the discriminator
(discriminator) tell real data from fake ones

reconstruct real data using pixel-wise loss

Results

tend to be sharper tend to be more blurred

Diversity Higher Lower

Stability Lower Higher

[ŀǊǎŜƴ Ŝǘ ŀƭΦΣ άAutoencodingōŜȅƻƴŘ ǇƛȄŜƭǎ ǳǎƛƴƎ ŀ ƭŜŀǊƴŜŘ ǎƛƳƛƭŀǊƛǘȅ ƳŜǘǊƛŎΣέ ICML 2016



State of the artsτBigGANs
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[Colabnotebook demo]
https://colab.research.google.com/github/tensorflow/hub/blob/
master/examples/colab/biggan_generation_with_tf_hub.ipynb (hard classes)

.ǊƻŎƪ Ŝǘ ŀƭΦΣ ά[ŀǊƎŜ ǎŎŀƭŜ D!b ǘǊŀƛƴƛƴƎ ŦƻǊ ƘƛƎƘ ŦƛŘŜƭƛǘȅ ƴŀǘǳǊŀƭ ƛƳŀƎŜ ǎȅƴǘƘŜǎƛǎΣέ ICLR2019

https://colab.research.google.com/github/tensorflow/hub/blob/master/examples/colab/biggan_generation_with_tf_hub.ipynb


Interpolation on the latent space
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.ǊƻŎƪ Ŝǘ ŀƭΦΣ άLarge scale GAN training for high fidelity natural image synthesisΣέICLR2019

latent space

data space



Conditional GAN (CGAN)
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D 1/0

real samples

Gz~pZ G(z, y)

random noise fake samples

x

(x, y)~pX, Y

conditions

y
aƛǊȊŀ Ŝǘ ŀƭΦΣ ά/ƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ 
ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǎΣέarXiv2014



Conditional GAN (CGAN)
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D 1/0

real samples

Gz~pZ G(z, y)

random noise fake samples

x

(x, y)~pX, Y

conditions

y

y~pY

conditions

aƛǊȊŀ Ŝǘ ŀƭΦΣ ά/ƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ 
ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǎΣέarXiv2014



Conditional GAN (CGAN)
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D 1/0

real samples

Gz~pZ G(z, y)

random noise fake samples

x

(x, y)~pX, Y

conditions

y

y~pY

conditions

KeyτFeedconditions to both G and D

Discriminator now examine whether 
a pair (x, y) or (G(z), y) is real or not

Generator now generate samples 
based on some conditions

aƛǊȊŀ Ŝǘ ŀƭΦΣ ά/ƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ 
ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǎΣέarXiv2014



Conditional GANτSamples
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Dog Cat Tiger



pix2pix
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DY 1/0

real samples

G(x)x

fake samples

y

GXҦY
real samples

(x, y)~pX, Y

KeyτUse pixel-wise loss for supervisions

pixel-wise
loss

Lǎƻƭŀ Ŝǘ ŀƭΦΣ άImage-to-image translation with conditional adversarial netsΣέ CVPR2017



pix2pixτSamples

36Lǎƻƭŀ Ŝǘ ŀƭΦΣ άImage-to-image translation with conditional adversarial netsΣέ CVPR2017



Cycle-consistent GAN (CycleGAN)
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real samples

x~pX

y~pY

DY 1/0

GXҦ (̧x)

fake samples
GXҦY

real samples

½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



Cycle-consistent GAN (CycleGAN)
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real samples

x~pX

y~pY

real samples

GYҦX(y)

fake samples
GYҦ·

DX1/0

½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



Cycle-consistent GAN (CycleGAN)
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real samples

x~pX

y~pY

DY 1/0

GXҦ (̧x)

fake samples
GXҦY

real samples

GYҦX(y)

fake samples
GYҦ·

DX1/0

GAN 1

GAN 2

½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



Cycle-consistent loss
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cycle-consistency
loss

cycle-consistency
loss

CycleGAN

Unpaired samples in two domains

pix2pix

Require paired (x, y) samples

pixel-wise
loss

(each x ɴ X is mapped to a certain y ɴ Y)

KeyτUse cycle-consistency 
loss for supervisions

Lǎƻƭŀ Ŝǘ ŀƭΦΣ άImage-to-image translation with conditional adversarial netsΣέ CVPR2017
½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



CycleGANτSamples
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(pix2pix) ²Ŝ Řƻ ƴƻǘ ƴŜŜŘ ŀ aƻƴǘŜΩǎ ǾŜǊǎƛƻƴ ŦƻǊ ŜŀŎƘ ǇƘƻǘƻĄ hard to acquire
(CycleGAN) We only need ŀ ŎƻƭƭŜŎǘƛƻƴ ƻŦ aƻƴŜǘΩǎ ǇŀƛƴǘƛƴƎǎ and a collection of photos Ą easier to acquire

½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



¢ƘŜ Ƴŀƴȅ ƻǘƘŜǊ D!bǎ Χ ŀƴŘ ƳƻǊŜΗ

Training
criterions

ÅLSGAN

ÅWGAN

ÅEBGAN

ÅBEGAN

ÅGeometricGAN

ÅRaGAN

Applications

ÅDCGAN

ÅInfoGAN

ÅCGAN

ÅACGAN 

Åpix2pix

ÅCycleGAN

ÅCoGAN

ÅDAN

42

Optimization
constraints

ÅWGAN

ÅWGANGP

ÅMcGAN

ÅMMDGAN

ÅFisherGAN

ÅDRAGAN

ÅSNGAN

Training
strategies

ÅUnrolledGAN

ÅLAPGAN

ÅStackedGAN

ÅStackGAN

ÅPGGAN

ÅStyleGAN

ÅBigGAN

See more at https://github.com/hindupuravinash/the-gan-zoo

https://github.com/hindupuravinash/the-gan-zoo


Open questions about GANs

Åhttps://distill.pub/2019/gan-open-problems/

1. What are the trade-offs between GANs and other generative models?

2. What sorts of distributions can GANs model?

3. How can we Scale GANs beyond image synthesis?

4. What can we say about the global convergence of the training dynamics?

5. How should we evaluate GANs and when should we use them?

6. How does GAN training scale with batch size?

7. What is the relationship between GANs and adversarial examples?
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https://distill.pub/2019/gan-open-problems/


Comparative studies on GANs

[1] KunfengWang, Chao Gou, YanjieDuan, YilunLin, XinhuZheng, and Fei-Yue Wang. Generative 
adversarial networks: Introduction and outlook. IEEE/CAA Journal of AutomaticaSinica, 
4(4):588-598, 2017.

[2] Mario [ǳőƛŏ, Karol Kurach, Marcin Michalski, Sylvain Gelly, and Olivier Bousquet. Are GANs 
created equal? A large-scale Study. Proc.Advances in Neural Information Processing Systems 31, 
pp. 700ς709, 2018.

[3] Karol Kurach, Mario [ǳőƛŏ, Xiaohua Zhai, Marcin Michalski, and Sylvain Gelly. A large-scale study 
on regularization and normalization in GANs. Proc. International Conference on Machine 
Learning (PMLR), 97:3581-3590, 2019.

[4] Hao-Wen Dong and Yi-Iǎǳŀƴ ¸ŀƴƎΣ ά¢ƻǿŀǊŘǎ ŀ deeper understanding of adversarial lossesΣέ 
arXiv preprint arXiv:1901.08753, 2019.
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Tea Time!

45

Section 1

Overview of music generation research

Section 2

Introduction to GANs

Section 3

Case studies of GAN-based systems

Section 4

Current limitations &

Future research directions

Or try the next Google Colabnotebook
https:// colab.research.google.com/drive/

1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM

Generating Music with GANs

https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM
https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM


Outline
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Section 1

Overview of music generation research

Section 2

Introduction to GANs

Section 3

Case studies of GAN-based systems

Section 4

Current limitations

Future research directions



Scope of music generation 

1. Symbolic melody generation
ÅX Ąmelody

2. Arrangement generation
Å X Ą piano roll
Å melody Ą piano roll

3. Style transfer
Åpiano rollĄ piano rollΩ
Åaudio Ą audioΩ

4. Audio generation
ÅX Ą audio
Åpiano rollĄ audio

47



Some symbolic datasets to starts with

48

Dataset Type Format Link

Wikifornia leadsheet XML www.wikifonia.org

HookTheory leadsheet XML www.hooktheory.com/theorytab

Lakh MIDI Dataset multitrack MIDI https://colinraffel.com/projects/lmd

Lakh PianorollDataset multitrack npz salu133445.github.io/lakh-pianoroll-dataset

Groove MIDI Dataset drum MIDI magenta.tensorflow.org/datasets/groove

Midi Man drum MIDI
www.reddit.com/r/WeAreTheMusicMakers/comments
/3anwu8/the_drum_percussion_midi_archive_800k/

See more at https://github.com/wayne391/symbolic-musical-datasets

(Only datasets with miscellaneousgenresare presented here)

http://www.wikifonia.org/
http://www.hooktheory.com/theorytab
https://colinraffel.com/projects/lmd
https://salu133445.github.io/lakh-pianoroll-dataset
https://magenta.tensorflow.org/datasets/groove
http://www.reddit.com/r/WeAreTheMusicMakers/comments/3anwu8/the_drum_percussion_midi_archive_800k/
https://github.com/wayne391/symbolic-musical-datasets


GANs for Symbolic
Melody Generation

49

XĄmelody



MidiNet

50¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017



MidiNet

51¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017

chords



MidiNet

52¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017

(U-Net-like structure)

previous
measure

chords



MidiNet

53¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017

(U-Net-like structure)

previous
measure

chords



MidiNet

54¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017

(U-Net-like structure)

previous
measure

chords

KeyτDesign CNN kernel sizes to match 
our understanding of music

double the resolution 
at each layer

grow the pitch axis at last
(1Ą128)



MidiNetτSamples

55
More samples can be found at https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html
¸ŀƴƎ Ŝǘ ŀƭΦΣ άMidiNet: A convolutional generative adversarial network for symbolic-ŘƻƳŀƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2017

1D + 2D conditions
(previous barand chords)

1D condition only
(chordsonly)

https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html


SSMGAN

56Jhamtaniand Berg-YƛǊƪǇŀǘǊƛŎƪΣ άaƻŘŜƭƛƴƎ ǎŜƭŦ-ǊŜǇŜǘƛǘƛƻƴ ƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ǳǎƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ŀŘǾŜǊǎŀǊƛŜǎΣέ ML4MD2019



SSMGAN

57Jhamtaniand Berg-YƛǊƪǇŀǘǊƛŎƪΣ άaƻŘŜƭƛƴƎ ǎŜƭŦ-ǊŜǇŜǘƛǘƛƻƴ ƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ǳǎƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ŀŘǾŜǊǎŀǊƛŜǎΣέ ML4MD2019

DL 1/0

LSTM discriminator
(window of K measures)



SSMGAN

58Jhamtaniand Berg-YƛǊƪǇŀǘǊƛŎƪΣ άaƻŘŜƭƛƴƎ ǎŜƭŦ-ǊŜǇŜǘƛǘƛƻƴ ƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ǳǎƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ŀŘǾŜǊǎŀǊƛŜǎΣέ ML4MD2019

KeyτUse the SSMdiscriminator to 
improve global musical structure

DL 1/0

LSTM discriminator
(window of K measures)

SSM discriminator
(all measures)



SSMGANτSamples

59Jhamtaniand Berg-YƛǊƪǇŀǘǊƛŎƪΣ άaƻŘŜƭƛƴƎ ǎŜƭŦ-ǊŜǇŜǘƛǘƛƻƴ ƛƴ ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴ ǳǎƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ŀŘǾŜǊǎŀǊƛŜǎΣέ ML4MD2019

Sample 1 Sample 2



Other GAN models for melody generation

ÅC-RNN-GAN [1]: use RNNs for the generator and discriminator

ÅJazzGAN[2]: given chords, compose melody; compare 3 representations

ÅConditional LSTM-GAN[3]: given lyrics, compose melody

ÅSSMGAN[4]: use GAN to generate a self-similarity matrix (SSM) to 
represent self-repetition in music, and then use LSTM to generate 
melody given the SSM

60

[1] MogrenΣ ά/-RNN-D!bΥ /ƻƴǘƛƴǳƻǳǎ ǊŜŎǳǊǊŜƴǘ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎ ǿƛǘƘ ŀŘǾŜǊǎŀǊƛŀƭ ǘǊŀƛƴƛƴƎΣέCML2016
[2] ¢ǊƛŜǳ ŀƴŘ YŜƭƭŜǊΣ άJazzGANΥ LƳǇǊƻǾƛǎƛƴƎ ǿƛǘƘ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ MUME 2018
[3] YuŀƴŘ /ŀƴŀƭŜǎΣ ά/ƻƴŘƛǘƛƻƴŀƭ [{¢a-D!b ŦƻǊ ƳŜƭƻŘȅ ƎŜƴŜǊŀǘƛƻƴ ŦǊƻƳ ƭȅǊƛŎǎΣέ arXiv2019 
[4] Jhamtaniand Berg-YƛǊƪǇŀǘǊƛŎƪΣ άaƻŘŜƭƛƴƎ ǎŜƭŦ-repetition in music generation using structured adversaries,έ 

ML4MD2019



GANs for Symbolic
Arrangement
Generation

61

X Ą piano roll
melody Ą piano roll



Challenges of arrangement generation

ÅTemporal evolution
ÅDynamics, emotions, tensions, etc.

ÅStructure (temporal)
ÅShort-term structure Ą can somehow be generated with special models

ÅLong-term structure Ą super hard

ÅInstrumentation
ÅMultiple tracks

ÅFunctions of instruments

62
Couple with one another in a complex way in real world music



Why pianorolls?

ÅDeep learning friendly format Ą basically matrices

ÅEasierfor GANs to work with

63



Pros and cons of pianorolls

ÅPros
ÅCan be purely symbolic Ą quantized by beats (or factors of beats)

ÅRepetition and structure can be observed easily

ÅNo need to serialize polyphonic compositions

ÅCons
ÅMemory inefficient Ąmostly zero entries (i.e., sparse matrices)

ÅaƛǎǎƛƴƎ ǘƘŜ ŎƻƴŎŜǇǘǎ ƻŦ άƴƻǘŜǎέ

ÅHard to handle performance-level information unless using high resolution

64



Multitrack pianoroll
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Drums

GuitarPiano

Strings

Bass

Drums

Piano

Guitar

Bass

Strings



MuseGANτGenerator
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zzzzz

zzzz

z
z
z
z

GGGGG

5ƻƴƎ Ŝǘ ŀƭΦΣ άMuseGAN: Multi-track sequential generative adversarial networks for symbolic music generation 
ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI 2018

Bar Generator



MuseGANτGenerator
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z

zzzz

zzzzz

z
z
z
z

GGGGG

No Coordination

Coordination

track-dependent

track-independent

Bar Generator

5ƻƴƎ Ŝǘ ŀƭΦΣ άMuseGAN: Multi-track sequential generative adversarial networks for symbolic music generation 
ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI 2018
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MuseGANτGenerator
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z

Gz

GGGGG

zzzz

zzzz

zzzzz

z
z
z
z

GGGGG

Temporal 
Generator

Bar Generator

5ƻƴƎ Ŝǘ ŀƭΦΣ άMuseGAN: Multi-track sequential generative adversarial networks for symbolic music generation 
ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI 2018
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MuseGANτGenerator
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z

Gz

GGGGG

zzzz

zzzz

zzzzz

z
z
z
z

GGGGG

Time

Dependent Independent

Track
Dependent Melody Groove

Independent Chords Style
KeyτUse different types of latent 
variables to enhance controllability

5ƻƴƎ Ŝǘ ŀƭΦΣ άMuseGAN: Multi-track sequential generative adversarial networks for symbolic music generation 
ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI 2018

Bar Generator



MuseGANτSamples

70
More samples can be found at https://salu133445.github.io/musegan/results
5ƻƴƎ Ŝǘ ŀƭΦΣ άMuseGAN: Multi-track sequential generative adversarial networks for symbolic music generation 
ŀƴŘ ŀŎŎƻƳǇŀƴƛƳŜƴǘΣέ AAAI 2018

Sample 1 Sample 2

https://salu133445.github.io/musegan/results


.ŜŦƻǊŜ ǘƘŜ ŎƻŘƛƴƎ ǎŜǎǎƛƻƴΧ

LPD (Lakh PianorollDataset)

Å174,154multi-track piano-rolls

ÅDerived fromLakh MIDI Dataset*

ÅMainly pop songs

ÅDerived labels available

Pypianoroll(Python package)

ÅManipulation & Visualization

ÅEfficient I/O

ÅParse/Write MIDI files

ÅOn PYPI (pip install pypianoroll )

71

[Lakh MIDI Dataset] https://colinraffel.com/projects/lmd/
[Pypianoroll] https://salu133445.github.io/pypianoroll
[Lakh PianorollDataset] https://salu133445.github.io/lakh-pianoroll-dataset
5ƻƴƎ Ŝǘ ŀƭΦΣ άPypianoroll: Open source Python package for handling multitrack pianorollsΣέ ISMIR-LBD 2018.

We will use them in the next coding session!

https://colinraffel.com/projects/lmd/
https://salu133445.github.io/pypianoroll
https://salu133445.github.io/lakh-pianoroll-dataset


Coding session IIτGAN for pianorolls

Google Colabnotebook link

https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM

You can also find the link on the tutorial website

https://salu133445.github.io/ismir2019tutorial/

Click

72

https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM
https://salu133445.github.io/ismir2019tutorial/


BinaryMuseGAN

73
5ƻƴƎ ŀƴŘ ¸ŀƴƎΣ ά/ƻƴǾƻƭǳǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎ ǿƛǘƘ ōƛƴŀǊȅ ƴŜǳǊƻƴǎ ŦƻǊ ǇƻƭȅǇƘƻƴƛŎ ƳǳǎƛŎ 
ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2018

BinaryMuseGAN
(+DBNs)aǳǎŜD!bΩǎoutput

(real-valued)

hard
thresholding

Bernoulli
sampling

less overly-fragmented notes

KeyτNaïve binarizationmethods can 
easily lead to overly-fragmented notes

many overly-fragmented notes



BinaryMuseGAN

Åuse binary neuronsat the output layer of the generator

Åuse straight-through estimatorto estimate the gradients for the 
binary neurons (which involves nondifferentiable operations)

74

GeneratorΩs outputs Real data

MuseGAN real-valued binary-valued

BinaryMuseGAN binary-valued binary-valued

5ƻƴƎ ŀƴŘ ¸ŀƴƎΣ ά/ƻƴǾƻƭǳǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎ ǿƛǘƘ ōƛƴŀǊȅ ƴŜǳǊƻƴǎ ŦƻǊ ǇƻƭȅǇƘƻƴƛŎ ƳǳǎƛŎ 
ƎŜƴŜǊŀǘƛƻƴΣέ ISMIR 2018



LeadSheetGAN

75
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICMLA2018
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ Ǿƛŀ ŀ ƘȅōǊƛŘ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭΣέISMIR-LBD2018



LeadSheetGAN
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[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICMLA2018
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ Ǿƛŀ ŀ ƘȅōǊƛŘ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭΣέISMIR-LBD2018



LeadSheetGAN
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[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICMLA2018
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ Ǿƛŀ ŀ ƘȅōǊƛŘ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭΣέISMIR-LBD2018



LeadSheetGAN
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[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICMLA2018
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ Ǿƛŀ ŀ ƘȅōǊƛŘ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭΣέISMIR-LBD2018

KeyτFirst generate the lead 
sheet, then the arrangement

(Unconditional) GAN Conditional GAN



LeadSheetGANτSamples
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Marron 5

Payphone
The Beatles

Hey Judelatent space interpolation

[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέICMLA2018
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ Ǿƛŀ ŀ ƘȅōǊƛŘ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭΣέISMIR-LBD2018



LeadSheetGANτSamples

80
More samples can be found at https://liuhaumin.github.io/LeadsheetArrangement/results
[ƛǳ ŀƴŘ ¸ŀƴƎΣ ά[ŜŀŘ ǎƘŜŜǘ ƎŜƴŜǊŀǘƛƻƴ ŀƴŘ ŀǊǊŀƴƎŜƳŜƴǘ ōȅ ŎƻƴŘƛǘƛƻƴŀƭ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪΣέ ICMLA2018

Arrangement generation
ƎƛǾŜƴ ŀƴ άAmazing Grazeέ ƭŜŀŘ ǎƘŜŜǘ

https://liuhaumin.github.io/LeadsheetArrangement/results


Tea Time!
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Section 1

Overview of music generation research

Section 2

Introduction to GANs

Section 3

Case studies of GAN-based systems

Section 4

Current limitations &

Future research directions

Generating Music with GANs



Scope of music generation 

1. Symbolic melody generation
ÅX Ąmelody

2. Arrangement generation
Å X Ą piano roll
Å melody Ą piano roll

3. Style transfer
Åpiano rollĄ piano rollΩ
Åaudio Ą audioΩ

4. Audio generation
ÅX Ą audio
Åpiano rollĄ audio

82



CycleGANsfor
Music Style Transfer

83

piano rollĄǇƛŀƴƻ ǊƻƭƭΩ
audio ĄŀǳŘƛƻΩ



Music style transfer

ÅAlter the άstyle,έbut keep the άcontentέfixed

ÅThree types of music style transfer [1]
1. composition style transferfor score

2. performance style transferfor performance control

3. timbre style transferfor sound

ÅLittle existing workon performance style transfer (e.g., [2]) 
uses deep learning

84
ώмϐ 5ŀƛ Ŝǘ ŀƭΦΣ άaǳǎƛŎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊΥ ! Ǉƻǎƛǘƛƻƴ ǇŀǇŜǊΣέ MUME 2018
[2] Shih et al., ά!ƴŀƭȅǎƛǎ ŀƴŘ ǎȅƴǘƘŜǎƛǎ ƻŦ ǘƘŜ Ǿƛƻƭƛƴ ǇƭŀȅƛƴƎ ǎǘȅƭŜǎ ƻŦ IŜƛŦŜǘȊ ŀƴŘ hƛǎǘǊŀƪƘΣέ DAFx2017



Composition style transfer (musical genre)

ÅExample: https://www.youtube.com/watch?v=buXqNqBFd6E 

ÅRe-orchestrations of 
Beethoven's Ode to Joy
by a collaboration 
between human and AI 
(Sony CSL Flow Machines)
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PachetΣ ά! WƻȅŦǳƭ hŘŜ ǘƻ ŀǳǘƻƳŀǘƛŎ 
ƻǊŎƘŜǎǘǊŀǘƛƻƴΣέ ACM TIST 2016

https://www.youtube.com/watch?v=buXqNqBFd6E


Composition style transfer (musical genre)

ÅTransfer among Classic, Jazz, and Pop[1,2]

ÅModel: standard convolutional CycleGAN

ÅI/O representation: single-track piano roll(64 x 84)
Åmerge all notes of all tracks (except for drums) into a single track

Ådiscard drums

Å7 octaves (C1-C8; hence 84 notes)

Å4/4 time signature, 16 time steps per bar, 4 bars as a unit (hence 64 steps)

Å10k+ four-bar phrases for each genre (no paired data)
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[1] Brunner et al.Σ ά{ȅƳōƻƭƛŎ ƳǳǎƛŎ ƎŜƴǊŜ ǘǊŀƴǎŦŜǊ ǿƛǘƘ CycleGANΣέ ICTAI2018
[2] .ǊǳƴƴŜǊ Ŝǘ ŀƭΦΣ άbŜǳǊŀƭ ǎȅƳōƻƭƛŎ ƳǳǎƛŎ ƎŜƴǊŜ ǘǊŀƴǎŦŜǊ ƛƴǎƛƎƘǘǎΣέ MML 2019



RecapτCycleGAN
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ÅAdversarial loss + identity mapping loss (άcycle consistencyέ) 

½Ƙǳ Ŝǘ ŀƭΦΣ άUnpaired image-to-image translation using cycle-consistent adversarial networksΣέ ICCV2017



Composition style transfer (musical genre)

Åhttps://www.youtube.com/channel/UCs-bI_NP7PrQaMV1AJ4A3HQ

ÅPossible extensions:
ÅConsider different voices (including drums) separately (instead of 

merging them)

ÅAdd recurrent layers to better model sequential information

Å Identify the melody line [1] and take better care of it

ÅRelated:
ÅSupervised genre style transfer (not using GANs) using synthesized data [2]
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ώмϐ {ƛƳƻƴŜǘǘŀ Ŝǘ ŀƭΦΣ ά! /ƻƴǾƻƭǳǘƛƻƴŀƭ ŀǇǇǊƻŀŎƘ ǘƻ ƳŜƭƻŘȅ ƭƛƴŜ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ ƛƴ ǎȅƳōƻƭƛŎ ǎŎƻǊŜǎΣέ ISMIR 2019
[2] CífkaŜǘ ŀƭΦΣ ά{ǳǇŜǊǾƛǎŜŘ ǎȅƳōƻƭƛŎ ƳǳǎƛŎ ǎǘȅƭŜ ǘǊŀƴǎƭŀǘƛƻƴ ǳǎƛƴƎ ǎȅƴǘƘŜǘƛŎ ŘŀǘŀΣέ ISMIR 2019

https://www.youtube.com/channel/UCs-bI_NP7PrQaMV1AJ4A3HQ


Timbre style transfer (instrumental sounds): 
TimbreTron
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ÅTransfer among piano, flute, violin, harpsichordsolos
https://www.cs.toronto.edu/~huang/TimbreTron/samples_page.html

ÅModel: modified version of CycleGAN

ÅI/O representation: 4-second CQT (257 x 251)

IǳŀƴƎ Ŝǘ ŀƭΦΣ άTimbreTron: A WaveNet(CycleGAN(CQT(Audio)))ǇƛǇŜƭƛƴŜ ŦƻǊ ƳǳǎƛŎŀƭ ǘƛƳōǊŜ ǘǊŀƴǎŦŜǊΣέICLR2019

https://www.cs.toronto.edu/~huang/TimbreTron/samples_page.html


Drawback of cycleGAN

ÅCan work for only two domains at a time
ÅFor example,pianoҭ flute, paionҭ violin, pianoҭ harpsichord, etc
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MUNIT instead of cycleGAN

ÅMUNIT[1]: an advanced version ofcycleGANthat incorporates 
encoders/decoders to getŘƛǎŜƴǘŀƴƎƭŜŘ άŎƻƴǘŜƴǘέ ŀƴŘ άǎǘȅƭŜέ ŎƻŘŜǎ

ÅCan work for multiple domainsat the same time

91ώмϐ IǳŀƴƎ Ŝǘ ŀƭΦΣ άaǳƭǘƛƳƻŘŀƭ ǳƴǎǳǇŜǊǾƛǎŜŘ ƛƳŀƎŜ-to-ƛƳŀƎŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ECCV 2018



Timbre style transfer (instrumental sounds):
Play-as-you-like
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ÅTransfer amongpiano, guitar solos, andstring quartet (https://tinyurl.com/y23tvhjx)

ÅUse MUNIT

ÅI/O representation: Mel-spectrogram +spectral difference + MFCC+ spectral envelope

ÅCycle consistency among the channel-wise features(asregularizers)

ÅStyle interpolation:
https://soundcloud.com/affige/sets/ismir2019-gan-tutorial-supp-material

piano guitar

[ǳ Ŝǘ ŀƭΦΣ άtƭŀȅ ŀǎ ¸ƻǳ [ƛƪŜΥ ¢ƛƳōǊŜ-enhanced multi-ƳƻŘŀƭ ƳǳǎƛŎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊΣέ AAAI 2019

https://tinyurl.com/y23tvhjx
https://soundcloud.com/affige/sets/ismir2019-gan-tutorial-supp-material


Timbre style transfer (singing):
CycleBEGAN
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Wu et al.Σ ά{ƛƴƎƛƴƎ ǎǘȅƭŜ 
transfer using cycle-
consistent boundary 
equilibrium generative 
ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ 
ICML workshop 2018



Timbre style transfer (singing):
CycleBEGAN

ÅTransfer between female and male singing voices[1]
http://mirlab.org/users/haley.wu/cybegan/ (check the outside test result)

ÅModel: BEGAN instead of GAN [2]
Å train the generator Gsuch that the discriminator D (an encoder/decoder net) 

would reconstruct fake data as nicely as real data

Åhave a mechanism to balance the power of Gand D

+ skip connections(also used in [3]) + a recurrent layer
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ώмϐ ²ǳ Ŝǘ ŀƭΦΣ ά{ƛƴƎƛƴƎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊ ǳǎƛƴƎ ŎȅŎƭŜ-consistent boundary equilibrium generative adversarial 
ƴŜǘǿƻǊƪǎΣέ ICML workshop 2018

ώнϐ .ŜǊǘƘŜƭƻǘ Ŝǘ ŀƭΦΣ ά.9D!bΥ .ƻǳƴŘŀǊȅ ŜǉǳƛƭƛōǊƛǳƳ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ arXiv2017
ώоϐ IǳƴƎ Ŝǘ ŀƭΦΣ άaǳǎƛŎŀƭ ŎƻƳǇƻǎƛǘƛƻƴ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊ Ǿƛŀ ŘƛǎŜƴǘŀƴƎƭŜŘ ǘƛƳōǊŜ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎΣέ IJCAI 2019

http://mirlab.org/users/haley.wu/cybegan/


Timbre style transfer (singing):
CycleBEGAN
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ÅSkip connectionscontribute to sharpness, lyrics intelligibility, and naturalness

ÅRecurrent layersfurther improves everything, especially pitch accuracy

²ǳ Ŝǘ ŀƭΦΣ ά{ƛƴƎƛƴƎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊ ǳǎƛƴƎ ŎȅŎƭŜ-ŎƻƴǎƛǎǘŜƴǘ ōƻǳƴŘŀǊȅ ŜǉǳƛƭƛōǊƛǳƳ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ 
ICML workshop 2018



Timbre style transfer (singing):
CycleBEGAN
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RNN
here

skip
connections

ά{ƛƴƎƛƴƎ ǎǘȅƭŜ ǘǊŀƴǎŦŜǊ ǳǎƛƴƎ ŎȅŎƭŜ-ŎƻƴǎƛǎǘŜƴǘ ōƻǳƴŘŀǊȅ ŜǉǳƛƭƛōǊƛǳƳ ƎŜƴŜǊŀǘƛǾŜ ŀŘǾŜǊǎŀǊƛŀƭ ƴŜǘǿƻǊƪǎΣέ ICML works. '18

Also use an encoder/decoder architecture for the generator



GANs for Music
Audio Generation
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X Ą audio
piano rollĄ audio



Generating instrument sounds using GANs

ÅGenerate spectrograms
ÅSpecGAN[1], TiFGAN[2], GANSynth[3]

ÅGenerate waveforms
ÅWaveGAN[1]

ÅThere are also approaches that do not use GANs [4, 5, 6, 7]
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[1] Donahue et al., ά!ŘǾŜǊǎŀǊƛŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019
ώнϐ aŀǊŀŦƛƻǘƛ Ŝǘ ŀƭΦΣ ά!ŘǾŜǊǎŀǊƛŀƭ ƎŜƴŜǊŀǘƛƻƴ ƻŦ ǘƛƳŜ-ŦǊŜǉǳŜƴŎȅ ŦŜŀǘǳǊŜǎΣέICML2019
[3] 9ƴƎŜƭ Ŝǘ ŀƭΦΣ άGANSynthΥ !ŘǾŜǊǎŀǊƛŀƭ ƴŜǳǊŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019
ώпϐ hƻǊŘ Ŝǘ ŀƭΦΣ άWaveNetΥ ! ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭ ŦƻǊ Ǌŀǿ ŀǳŘƛƻΣέ SSW2016
[5] DéfossezŜǘ ŀƭΦΣ ά{LbDΥ {ȅƳōƻƭ-to-ƛƴǎǘǊǳƳŜƴǘ ƴŜǳǊŀƭ ƎŜƴŜǊŀǘƻǊΣέ NeurIPS2018
[6] Schimbinschiet al., άSynthNet: Learning to synthesize music end-to-ŜƴŘΣέ IJCAI2019
[7] άPerformanceNetScore-to-audio music generation with multi-ōŀƴŘ ŎƻƴǾƻƭǳǘƛƻƴŀƭ ǊŜǎƛŘǳŀƭ ƴŜǘǿƻǊƪΣέ AAAI2019



SpecGANand WaveGAN

ÅGenerating 1-secondaudio at 16kHz (16,000 points)
https://chrisdonahue.com/wavegan/

ÅModel: based on DCGAN
Å Flatten 2D convolutions into 1D (e.g., 5x5 2D convolution becomes length-25 1D)

Å Increase the stride factor for all convolutions (e.g., stride 2x2 becomes stride 4)

Å DCGAN outputs 64x64 images; add one more layer so that the output has 16,384 points

995ƻƴŀƘǳŜ Ŝǘ ŀƭΦΣ ά!ŘǾŜǊǎŀǊƛŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019

https://chrisdonahue.com/wavegan/


GANSynth

ÅGenerating 4-secondaudio at 16kHz [1]: large output dimension
https://magenta.tensorflow.org/gansynth

ÅModel: based on PGGAN [2]
Å Progressively grow the GAN,

from low to high resolution

Å During a resolution transition, 
interpolate between the 
output of two resolutions, 
with weight h linearly 
increasing from 0 to 1
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ώмϐ 9ƴƎŜƭ Ŝǘ ŀƭΦΣ άGANSynthΥ !ŘǾŜǊǎŀǊƛŀƭ ƴŜǳǊŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019
[2] KarrasŜǘ ŀƭΦΣ άtǊƻƎǊŜǎǎƛǾŜ ƎǊƻǿƛƴƎ ƻŦ D!bǎ ŦƻǊ ƛƳǇǊƻǾŜŘ ǉǳŀƭƛǘȅΣ ǎǘŀōƛƭƛǘȅΣ ŀƴŘ ǾŀǊƛŀǘƛƻƴΣέ ICLR2018

https://magenta.tensorflow.org/gansynth


PGGAN: progressive growing of GANS

101KarrasŜǘ ŀƭΦΣ άtǊƻƎǊŜǎǎƛǾŜ ƎǊƻǿƛƴƎ ƻŦ D!bǎ ŦƻǊ ƛƳǇǊƻǾŜŘ ǉǳŀƭƛǘȅΣ ǎǘŀōƛƭƛǘȅΣ ŀƴŘ ǾŀǊƛŀǘƛƻƴΣέ ICLR2018



GANSynth

ÅGenerating 4-secondaudio at 16kHz
https://magenta.tensorflow.org/gansynth

ÅModel: based on PGGAN(conv2d)

ÅOutput: mel-spectrogram+ instantaneous freq (IF)
Å Use IF to derive the phase, and then use inverse STFT 

to get the waveform

Å STFT window size 2048, stride 512(so, about 128 frames)

Å 1024-bin mel-frequency scale

Å Target output tensor size: 128x1024x2

Å (2x16 Ҧ4x32 ҦΧ Ҧ128x1024)

1029ƴƎŜƭ Ŝǘ ŀƭΦΣ άGANSynthΥ !ŘǾŜǊǎŀǊƛŀƭ ƴŜǳǊŀƭ ŀǳŘƛƻ ǎȅƴǘƘŜǎƛǎΣέ ICLR 2019

https://magenta.tensorflow.org/gansynth


GANSynth: Why instantaneous frequency? 
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GANSynth: Pitch-conditioned generation

ÅInput to the generator
Å256-dim random vector Z

Å61-dim one-hot vector (MIDI 24-84) 
for pitch conditioning

ÅAuxiliary pitch classification lossfor the 
discriminator (ACGAN [1])
Å In addition to the real/fake loss

ÅTry to predict the pitch label

104
[1] OdenaŜǘ ŀƭΦΣ ά/ƻƴŘƛǘƛƻƴŀƭ ƛƳŀƎŜ ǎȅƴǘƘŜǎƛǎ ǿƛǘƘ ŀǳȄƛƭƛŀǊȅ 
ŎƭŀǎǎƛŦƛŜǊ D!bǎΣέ ICML 2017



GANSynth: Possible future extensions

ÅModify the network to generate variable-length audio

ÅFrom note-level synthesis
(i.e., condition on a one-hot pitch vector);

to phrase-level syntehsis
(i.e., condition on a piano roll) [1,2]

Å The IF might be noisy during note transitions

Å May need to deal with the use of playing techniques [3]
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ώмϐ ²ŀƴƎ ŀƴŘ ¸ŀƴƎΣ άPerformanceNet: Score-to-audio music generation with multi-band convolutional residual 
networkΣέ AAAI 2019

ώнϐ /ƘŜƴ Ŝǘ ŀƭΦΣ άDemonstration of PerformanceNet: A convolutional neural network model for score-to-audio 
music generationΣέ IJCAI demo paper,2019

ώоϐ {ǳ Ŝǘ ŀƭΦΣ άTENT: Technique-embedded note tracking for real-world guitar solo recordingsΣέ TISMIR2019



PerformanceNet: Possible future extensions
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ÅBuilding an ά AI Performerέ[1,2,3]

ώмϐ ²ŀƴƎ ŀƴŘ ¸ŀƴƎΣ άPerformanceNet: Score-to-audio music generation with multi-band convolutional residual 
ƴŜǘǿƻǊƪΣέ AAAI 2019

ώнϐ /ƘŜƴ Ŝǘ ŀƭΦΣ ά5ŜƳƻƴǎǘǊŀǘƛƻƴ ƻŦ PerformanceNet: A convolutional neural network model for score-to-audio 
ƳǳǎƛŎ ƎŜƴŜǊŀǘƛƻƴΣέ IJCAI demo paper,2019

[3] OoreŜǘ ŀƭΦΣ ά¢Ƙƛǎ ǘƛƳŜ ǿƛǘƘ ŦŜŜƭƛƴƎΥ [ŜŀǊƴƛƴƎ ŜȄǇǊŜǎǎƛǾŜ ƳǳǎƛŎŀƭ ǇŜǊŦƻǊƳŀƴŎŜΣέarXiv2018



Outline
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Section 1

Overview of music generation research

Section 2

Introduction to GANs

Section 3

Case studies of GAN-based systems

Section 4

Current limitations

Future research directions



Limitations of GANs

ÅA bit difficult to train (it's helpful to know some tips and tricks [1])

ÅOnly learn zҦXmapping, not the inverse (XҦz)

ÅLess explainable [2]

ÅLess clear how GANs can model text-like data or musical scores

ÅUnclear how GANs (and all other music composition models in 
general) can generate άnewέmusic genres
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[1] άIƻǿ ǘƻ ¢Ǌŀƛƴ ŀ D!bΚ ¢ƛǇǎ ŀƴŘ ǘǊƛŎƪǎ ǘƻ ƳŀƪŜ D!bǎ ǿƻǊƪΣέhttps://github.com/soumith/ganhacks
[2] Kelzand WidmerΣ ά¢ƻǿŀǊŘǎ ƛƴǘŜǊǇǊŜǘŀōƭŜ ǇƻƭȅǇƘƻƴƛŎ ǘǊŀƴǎŎǊƛǇǘƛƻƴ ǿƛǘƘ ƛƴǾŜǊǘƛōƭŜ ƴŜǳǊŀƭ 
ƴŜǘǿƻǊƪǎΣέISMIR2019



The many other generative models

ÅVariationalautoencoders(VAEs)

ÅFlow-based models

ÅAutoregressive models

ÅAttention mechanisms (transformers)

ÅRestricted Boltzmann machines (RBMs)

ÅHidden Markov models (HMMs)

ÅΧŀƴŘ ƳƻǊŜΗ
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Future research directions

ÅBetter network architectures for musical data, including piano rolls, MIDI events, 
musical scores, and audio

ÅLearning to generate music with better structure and diversity

ÅBetter interpretabilityand human control (e.g., [1])

ÅStandardized test dataset and evaluation metrics [2]

ÅCross-ƳƻŘŀƭ ƎŜƴŜǊŀǘƛƻƴΣ ŜΦƎΦΣ άƳǳǎƛŎ Ҍ ƭȅǊƛŎǎέ ƻǊ άƳǳǎƛŎ Ҍ ǾƛŘŜƻέ

ÅInteractive music generation (e.g., [3])
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[1] Lattnerand GrachtenΣ άHigh-level control of drum track generation using learned patterns of rhythmic 
interactionΣέ WASPAA2019

[2] Katayoseet al., άOn evaluating systems for generating expressive music performance: the Rencon
experienceΣέJournal of New Music Research2012

[3] Iǎƛŀƻ Ŝǘ ŀƭΦΣ άWŀƳƳƛƴƎ ǿƛǘƘYating: InteractiveŘŜƳƻƴǎǘǊŀǘƛƻƴ ƻŦ ŀ ƳǳǎƛŎ ŎƻƳǇƻǎƛǘƛƻƴ !LΣέISMIR-LBD2019



Future research directions

ÅComposition style transfer (musical genre) using the LPD dataset

ÅMore work on performance style transfer

ÅPhrase-level audio generation instead of note-level synthesis [1]

ÅMulti-singer audio generation and style transfer

ÅLyrics-free singing generation [2]

ÅEDM generation [3,4]
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ώмϐ ά5ŜƳƻƴǎǘǊŀǘƛƻƴ ƻŦPerformanceNet: A convolutional neural network model for score-to-audiomusic 
ƎŜƴŜǊŀǘƛƻƴΣέ IJCAI demo paper,2019
[2] ά{ŎƻǊŜ ŀƴŘ ƭȅǊƛŎǎ-ŦǊŜŜ ǎƛƴƎƛƴƎ ǾƻƛŎŜ ƎŜƴŜǊŀǘƛƻƴΣέICLR2020 submission
[3] άDJnet: A dreamŦƻǊ ƳŀƪƛƴƎ ŀƴ ŀǳǘƻƳŀǘƛŎ 5WΣέISMIR-LBD2017
[4] άUnmixerΥ !ƴ ƛƴǘŜǊŦŀŎŜ ŦƻǊ ŜȄǘǊŀŎǘƛƴƎ ŀƴŘ ǊŜƳƛȄƛƴƎ ƭƻƻǇǎΣέ ISMIR2019



Future research directions

ÅThe άMIR4generationέpipeline 
ÅLearning to generate music (that is expressive) from machine-transcribed 

data (i.e., learning to compose and perform at the same time)

112YehŜǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ǘƻ ƎŜƴŜǊŀǘŜ WŀȊȊ ŀƴŘ tƻǇ Ǉƛŀƴƻ ƳǳǎƛŎ ŦǊƻƳ ŀǳŘƛƻ Ǿƛŀ aLw ǘŜŎƘƴƛǉǳŜǎΣέ ISMIR-LBD2019



Thank you!
Any questions?
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Contact

Hao-Wen Dong (salu.hwdong@gmail.com)
Yi-HsuanYang (yang@citi.sinica.edu.tw)

Tutorial website
salu133445.github.io/ismir2019tutorial/


