
Special Topics:
Generative Aϥ for Music and Audio Creation

Lecture 20:Review & Discussions

PAT498/598 (Fall 2024)

ϥnstructor: Hao-Wen Dong



ÅMilestones (all due at the specified date at 11:59 PM ET)

ÍPitch  November 6  Topic & high-level plans

ÍProposal  November 22  Survey & plans (1 page)

ÍPresentation December 9  Showcase & report

ÍFinal report December 15  Full report (3-5 pages)

Åϥnstructions will be released on Gradescope

ÅLate submissions: NOT accepted

Final Project
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ÅProposal 10pt

ÅPresentation 20pt

ÅFinal report 30pt

Íϥmplementation 10pt

ÍCode documentation 5pt

ÍExplanation of design and implementation 5pt

ÍResults, analysis and discussions 10pt

Final Project: Rubrics
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Åϥntroduction & motivation

ÍWhy are you interested in this topic?

ÍWho might want to use your work?

ÅDesign & implementation

ÍHow did you formulate the problem?

ÍHow did you implement your idea?

ÅResults, analysis & discussions

ÍWhat have you found through your experiments?

ÍWhat are the implications of your results and analysis?

ÍWhat are the limitations and future directions?

Final Project: Presentation
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Review ɀ Music & AI
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The Early Days

6

gbrachetta.github.io/Musical-Dice
distributedmuseum.illinois.edu/exhibit/illiac-suite
theguardian.com/technology/2010/jul/11/david-cope-computer-composer

(Source: gbrachetta)

Musical Dice Game
(1792)

(Source: ϥllinois Distributed Museum)

ILLIAC Suite
(1957)

Emily Howell
(2003)

(Source: The Guardian)

gbrachetta.github.io/Musical-Dice/

https://gbrachetta.github.io/Musical-Dice/
https://distributedmuseum.illinois.edu/exhibit/illiac-suite/
https://www.theguardian.com/technology/2010/jul/11/david-cope-computer-composer
https://gbrachetta.github.io/Musical-Dice/


Music & Technology

7

Hildegard Dodel, Public domain, via Wikimedia Commons.
Taken at Hamamatsu Museum of Musical ϥnstruments, August 2019.
yan, CC BY-SA 4.0, via Wikimedia Commons.

https://creativecommons.org/licenses/by-sa/4.0


Music & Aϥ
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Shlizerman et al., ɈAudio to Body Dynamics,ɉ Proc. CVPR, 2018.
yamaha.com/en/news_release/2018/18013101
sankei.com/article/20240113-CQCOSQHJWFϥYPJJKZDCϥTRTRVϥ
roboticgizmos.com/shimon-musical-robot-deep-learning
nbcdfw.com/entertainment/the-scene/how-verdigris-ensemble-is-using-ai-to-create-a-new-concert-experience/3366031

(Source: Yamaha)

(Source: Robot Gizmos)

(Source: Sankei Shimbun)

(Source: NBC DFW)

(Shlizerman et al., 2019)

https://arxiv.org/abs/1712.09382
https://www.yamaha.com/en/news_release/2018/18013101/
https://www.sankei.com/article/20240113-CQCOSQHJWFIYPJJKZDCITRTRVI/
https://www.roboticgizmos.com/shimon-musical-robot-deep-learning/
https://www.nbcdfw.com/entertainment/the-scene/how-verdigris-ensemble-is-using-ai-to-create-a-new-concert-experience/3366031/


Films

(Source: The Denver Post )

Use Cases of Generative Aϥ for Music & Audio

9

Universitaetsmedizin, CC BY-SA 4.0, via Wikimedia Commons
uploadvr.com/iron-man-vr-breaks-free-from-cords-load-screens-on-quest-2
descript.com/blog/article/what-is-the-best-audio-interface-for-recording-a-podcast
denverpost.com/2019/08/02/colorado-symphony-movie-scores-harry-potter-star-wars
dailybruin.com/2023/08/04/theater-review-the-musical-les-misrables-offers-stellar-displays-and-impassioned-vocals

Theater

(Source: Daily Bruin)

Gaming

(Source: UploadVR)

Dance

Podcasts

(Source: Descript)

Short videos

Education

Therapy

(Source: Wikimedia Commons)

https://creativecommons.org/licenses/by-sa/4.0
https://www.uploadvr.com/iron-man-vr-breaks-free-from-cords-load-screens-on-quest-2/
https://www.descript.com/blog/article/what-is-the-best-audio-interface-for-recording-a-podcast
https://www.denverpost.com/2019/08/02/colorado-symphony-movie-scores-harry-potter-star-wars/
https://dailybruin.com/2023/08/04/theater-review-the-musical-les-misrables-offers-stellar-displays-and-impassioned-vocals


Review ɀ Aϥ/ML/DL Basics
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What is Artificial ϥntelligence?

11

Aϥ is the study of how to make computers do things at which, 
at the moment, people are better.

ɀ Elaine Rich and Kevin Knight, 1991

Elaine Rich and Kevin Knight,Artificial ϥntelligence. United Kingdom: McGraw-Hill,1991.
https://www.britannica.com/topic/Deep-Blue
https://www.theguardian.com/technology/2016/mar/15/alphago-what-does-google-advanced-software-go-next
https://www.youtube.com/watch?v=PFMRDm_H9Sg

(Source: Britannica)

1997

(Source: The Guardian)

2016

(Source: SC2HL)

20??

https://www.theguardian.com/technology/2016/mar/15/alphago-what-does-google-advanced-software-go-next
https://www.youtube.com/watch?v=PFMRDm_H9Sg


Machine Learning
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Machine learning

Example inputs

Example outputs

Model

Modelϥnput Output

Algorithmϥnput OutputTraditional

Machine 
learning

Training

ϥnference
(test)



ÅA neural network represents a set of functions

Neural Networks are Parameterized Functions

13

Ễ

Ễ

Ễ

Ὢ ὀ

ὀ
ὁ

All the parameters

╦ ȟȣȟ╦╛ȟἪȟȣȟ Ἢ╛

ὁ

Good or bad?

Objective

Find the optimal parameters



Training a Neural Network
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Build a neural network
(which defines a set of functions)

Define the objective 
(i.e., what is good for a function)

Find the optimal parameters
(which leads to the best function)

ὁ ὪⱣὀ

ὒέίίⱣ ὒὁȟὁ

Ᵽᶻ ÁÒÇ ÍÉÎ
Ᵽ

ὒⱣ



Review ɀ Training a Neural Network
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Gradient Descent ɀ 3D Case

16substance3d.adobe.com/community-assets/assets/9fe77d4279e12fe2fbd90b8f7ca18146a565f7ee

https://substance3d.adobe.com/community-assets/assets/9fe77d4279e12fe2fbd90b8f7ca18146a565f7ee
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ÅMomentum

ÍGets you out of spurious local minima

ÍAllows the model to explore around

ÅGradient -based adaption

ÍMaintains steady improvement

ÍAllows faster convergence

Comparison of Optimizers

medium.com/@LayanSA/complete-guide-to-adam-optimization-1e5f29532c3d

https://medium.com/@LayanSA/complete-guide-to-adam-optimization-1e5f29532c3d


Åϥntuition:  Estimate the gradient using severalrandom training 
samples

Mini-batch Gradient Descent

18analyticsvidhya.com/blog/2022/07/gradient-descent-and-its-types/

Loss

Epoch Epoch Epoch

ÂÁÔÃÈ ÓÉÚÅὔ ÂÁÔÃÈ ÓÉÚÅρ ρ ÂÁÔÃÈ ÓÉÚÅὔ

https://www.analyticsvidhya.com/blog/2022/07/gradient-descent-and-its-types/


TrainingɀValidationɀTest Pipeline
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Training TestValidation

Optimize

Select



Training vs Validation Losses

20

Training

Validation

Steps

Loss

Validation loss 

Training loss 

Validation loss 

Training loss 

Overfitting!



Review ɀNeural Networks
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Network Architectures vs Training Frameworks

22

Network architectures Training frameworks

Multilayer perceptron (MLP)

Convolutional neural networks (CNNs)

Recurrent neural networks (RNNs)

Transformers

ResNets

U-Nets

ể

Autoregressive

Autoencoders

Variational autoencoders (VAEs)

Generative adversarial networks (GANs)

Diffusion models

Consistency models

ể



Demystifying Transformers
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A transformer is a __________

fiction characterelectrical device

deep learning modelfamily of genes

A transformer is a ?Uniform attention

A transformeris a ?Variable attention

Transformers learn what to attend to from big data!



What does a Transformer Learn?

24

(Each color represents an attention head)

First chord
Current chord

(Source: Huang et al., 2018)

Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, ϥan Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas 
Eck, ɈMusic Transformer: Generating Music with Long-Term Structure,ɉ Magenta Blog, December 13, 2018.

https://magenta.tensorflow.org/music-transformer


Generating Data from a Random Distribution

25

ϥf we can learn this mapping, we can easily 
generate new samples from the data distribution

Random distribution Data distribution

ὖᾀ ὖὼ



Variational Autoencoders (VAEs)ɀ Training
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ὖᾀ

Enc Dec

KL divergence

ὖὼ ὖὼ

Diederik P Kingmaand Max Welling, ɈAuto-Encoding Variational Bayes,ɉ ϥCLR, 2014.

Reconstruction loss

https://arxiv.org/pdf/1312.6114


Variational Autoencoders (VAEs)ɀ Generation
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ὖᾀ

Enc Dec

Diederik P Kingmaand Max Welling, ɈAuto-Encoding Variational Bayes,ɉ ϥCLR, 2014.

https://arxiv.org/pdf/1312.6114


A Loss Function for Distributions

28

Random distribution Data distribution

ὖᾀ ὖὼὖὼ

Loss function?

Unfortunately, no easy way to measure 
the difference between two distributions

But what about another neural network!?



Generative Adversarial Nets (GANs) ɀ Training

29

Dis 1/0

Real samples

Gen◑ͯ ▬╩ ╖◑

Random noise Fake samples

●ͯ ▬╧

ϥan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio, ɈGenerative Adversarial Networks,ɉ NeurϥPS, 
2014.

Real/fake

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

tell the fake samples 
from real samples

ἴἷἯ ╓░▼●   ἴἷἯ╓░▼╖▄▪◑

ἴἷἯ ╓░▼╖▄▪◑

https://arxiv.org/pdf/1406.2661


Generative Adversarial Nets (GANs) ɀ Generation

30

Dis 1/0

Real samples

Gen◑ͯ ▬╩ ╖◑

Random noise Fake samples

●ͯ ▬╧

Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil  Ozair, Aaron Courville, and Yoshua Bengio, ɈGenerative Adversarial Networks ,ɉ NeurIPS, 
2014.

Real/fake

ὖᾀ

https://arxiv.org/pdf/1406.2661


Diffusion Models

Åϥntuition: Many denoising autoencoders stacked together

31

Denoising

Jonathan Ho, Ajay Jain, and Pieter Abbeel, ɈDenoising Diffusion Probabilistic Models,ɉ NeurϥPS, 2020. 

Diffusion (Source: Ho et al., 2020)

https://arxiv.org/abs/2006.11239


Diffusion Models ɀ Training

Åϥntuition: Many denoising autoencoders stacked together

32Jonathan Ho, Ajay Jain, and Pieter Abbeel, ɈDenoising Diffusion Probabilistic Models,ɉ NeurϥPS, 2020. 

Denoising

Diffusion (Source: Ho et al., 2020)

Added noise

MSEloss

https://arxiv.org/abs/2006.11239


Diffusion Models

Åϥntuition: Many denoising autoencoders stacked together

33

Add noise gradually
(Forward diffusion process)

Remove noise gradually
(Backward diffusion process)

Jonathan Ho, Ajay Jain, and Pieter Abbeel, ɈDenoising Diffusion Probabilistic Models ,ɉ NeurIPS, 2020. 

(Source: Ho et al., 2020)

Usually, ╣

https://arxiv.org/abs/2006.11239


Diffusion Models ɀ Generation

34

ϥnput

Jonathan Ho, Ajay Jain, and Pieter Abbeel, ɈDenoising Diffusion Probabilistic Models,ɉ NeurϥPS, 2020. 

Output

Remove noise  gradually
(Backward diffusion process)

Coarse shapes
(low-frequency components)

Fine details
(high-frequency components)

(Source: Ho et al., 2020)

https://arxiv.org/abs/2006.11239


Review ɀSymbolic Music Generation
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Four Paradigms

36

Symbolic music generation

Text-based ϥmage-based

Audio-domain music generation

ϥmage-basedTime series-based

0ÒÏÇÒÁÍʍÃÈÁÎÇÅʍʣƗ
.ÏÔÅʍÏÎʍʫʣƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʣƗ 
.ÏÔÅʍÏÎʍʫʣƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʣƗ 
.ÏÔÅʍÏÎʍʬʫƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʬƗ 
.ÏÔÅʍÏÎʍʫʬƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʬƗ 
ƚƚƚ

MϥDϥ

Time

P
i
t
c
h

Piano roll Waveform

Time

F
r
e
q
u
e
n
c
y

Spectrogram

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



ÅA class of machine learning models that learn  the next word probability

37

Language Models (Mathematically)

ὖ ÃÈÁÒÁÃÔÅÒ ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖ ÅÌÅÃÔÒÉÃÁÌ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖ ÇÅÎÅ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖ ÍÏÄÅÌ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖ ÆÏÏÄ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖ ÍÕÓÉÃÁÌ ! ÔÒÁÎÓÆÏÒÍÅÒ ÉÓ Á 

ὖὼ ὼȟὼȟȣȟὼ

Next wordPrevious 
words



Representing Polyphonic Music

ÅWe can now handle music with multi-pitch at the same time

Íϥn the literature, Ɉpolyphonicɉ & Ɉmulti-pitchɉ are often used interchangeably

38

.ÏÔÅʍÏÎʍʫʪƗ.ÏÔÅʍÏÎʍʫʭƗ 4ÉÍÅʍÓÈÉÆÔʍÅÉÇÈÔÈʍÎÏÔÅƗ .ÏÔÅʍÏÎʍʬʬƗ .ÏÔÅʍÏÎʍʭʣƗ 
4ÉÍÅʍÓÈÉÆÔʍÈÁÌÆʍÎÏÔÅƗ .ÏÔÅʍÏÆÆʍʬʬƗ .ÏÔÅʍÏÆÆʍʭʣƗ .ÏÔÅʍÏÎʍʬʨƗ .ÏÔÅʍÏÎʍʬʬƗ 
4ÉÍÅʍÓÈÉÆÔʍÄÏÔÔÅÄʍÑÕÁÒÔÅÒʍÎÏÔÅƗ .ÏÔÅʍÏÆÆʍʫʪƗ .ÏÔÅʍÏÆÆʍʫʭƗƚƚƚ



ÅData

ÍYamaha e-Piano Competition dataset (MAESTRO)

ÅRepresentation

Í128 Note -On events

Í128 Note -Off events

Í125 Time-Shift events (8msɀ1s)

Í32 Set-Velocity events

ÅModel

ÍLSTM

39

Example: Performance RNN (Oore et al., 2020)

Examples of generated music

ϥan Simon and Sageev Oore, ɈPerformance RNN: Generating Music with Expressive Timing and Dynamics,ɉ Magenta Blog, June 29, 2017.
Sageev Oore, ϥan Simon, Sander Dieleman, Douglas Eck, and Karen Simonyan, ɈThis Time with Feeling: Learning Expressive Musical Performanceɉ, Neural Computing and 
Applications, 32, 2020.

Handle dynamics

https://magenta.tensorflow.org/performance-rnn
https://arxiv.org/abs/1808.03715


Why Piano Rolls?

40

Many musical patterns like melodies, chords, scales and arpeggios 
are translational invariant  in the temporal and pitch axes



Example: MuseGAN (Dong et al., 2018)

41
Hao-Wen Dong, Wen-Yi Hsiao, Li-Chia Yang, and Yi-Hsuan Yang, ɈMuseGAN: Multi-track Sequential Generative Adversarial Networks for Symbolic Music Generation and 
Accompaniment,ɉ AAAϥ, 2018.

(Source: Dong et al., 2018)

Examples of 
generated music

https://arxiv.org/pdf/1709.06298
https://arxiv.org/pdf/1709.06298


Example: Polyffusion (Min et al., 2023)

42Lejun Min, Junyan Jiang, Gus Xia, and Jingwei Zhao, ɈPolyffusion : A Diffusion Model for Polyphonic Score Generation with Internal and External Controls ,ɉ ISMIR, 2023.

polyffusion.github.io

(Source: Min et al., 2023)

https://arxiv.org/pdf/2307.10304
https://polyffusion.github.io/


Example: Cascaded Diffusion Models (Wang et al., 2024)

43

Level 4Level 3Level 2

Ziyu Wang, Lejun Min, and Gus Xia, ɈWhole -Song Hierarchical Generation of Symbolic Music Using Cascaded Diffusion Models ,ɉ ICLR, 2024.

(Source: Wang et al., 2024)

Simplified chord Chord 

Accompaniment 

Reduced melody Lead melody

wholesonggen.github.io

https://arxiv.org/pdf/2405.09901
https://wholesonggen.github.io/


Example: Music SketchNet  (Chen et al., 2020)

44
Ke Chen, Cheng-i Wang, Taylor Berg-Kirkpatrick, andShlomoDubnov, ɈMusic FaderNets: Controllable Music Generation Based On High-Level Features via Low-Level Feature 
Modelling,ɉ ϥSMϥR, 2020.

(Source: Chen et al., 2020)

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


Review ɀAudio Synthesis
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Four Paradigms

46

Symbolic music generation

Text-based ϥmage-based

Audio-domain music generation

ϥmage-basedTime series-based

0ÒÏÇÒÁÍʍÃÈÁÎÇÅʍʣƗ
.ÏÔÅʍÏÎʍʫʣƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʣƗ 
.ÏÔÅʍÏÎʍʫʣƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʣƗ 
.ÏÔÅʍÏÎʍʬʫƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʬƗ 
.ÏÔÅʍÏÎʍʫʬƗ 4ÉÍÅʍÓÈÉÆÔʍʧƗ .ÏÔÅʍÏÆÆʍʫʬƗ 
ƚƚƚ

MϥDϥ

Time

P
i
t
c
h

Piano roll Waveform

Time

F
r
e
q
u
e
n
c
y

Spectrogram

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



Example: WaveNet (van den Oord et al., 201 6)

47
Aaron van den Oord, Sander Dieleman, HeigaZen, Karen Simonyan, Oriol Vinyals, Alex Graves, NalKalchbrenner, Andrew Senior, and Koray Kavukcuoglu, ɈWaveNet: A 
Generative ModelforRaw Audio,ɉ ϥCML, 2016.

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

Aconvolutional neural network for raw waveform generation

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


Example: Hifi-GAN(Kong et al., 2020)

48Jungil Kong, Jaehyeon Kim, and Jaekyoung Bae, ɈHiFi-GAN: Generative Adversarial Networks for Efficient and High Fidelity Speech Synthesis,ɉ NeurϥPS, 2020.

Ễ

jik876.github.io/hifi-gan-demo

https://arxiv.org/pdf/2010.05646
https://jik876.github.io/hifi-gan-demo/


Example: Differentiable DSP (DDSP) (Engel et al., 2020)

49Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, ɈDDSP: Differentiable Digital Signal Processing,ɉ ϥCLR, 2020.

(Source: Engel et al., 2020)

https://arxiv.org/pdf/2001.04643


Example: Differentiable DSP ( DDSP) (Engel et al., 2020)

50

Dec

Enc

Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, ɈDDSP: Differentiable Digital Signal Processing,ɉ ϥCLR, 2020.

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

(Source: Engel et al., 2020)

https://arxiv.org/pdf/2001.04643
https://github.com/magenta/ddsp
https://storage.googleapis.com/ddsp/index.html


Review ɀLatent-based Music & Audio Synthesis
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Pipeline

52

Step 1: Train an Autoencoder Step 2: Compute the Latent Vectors

Step 3: Train a Latent Generative ModelStep 4: Decode the Latent Vectors



Example: AudioGen (Kreuk et al., 2023)

53
Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, Jade Copet, Devi Parikh, Yaniv Taigman, and Yossi Adi, ɈAudioGen: Textually Guided Audio 
Generation,ɉ ϥCLR, 2023.

(Source: Kreuk et al., 2022)

4k hours
(speech, music, sound effects)

https://arxiv.org/pdf/2209.15352
https://arxiv.org/pdf/2209.15352


ÅAudioGen for Music

ÅUse EnCodec (Défossez et al., 2022) as the autoencoder

Íinstead of SoundStream for AudioGen(Kreuk et al., 2023)

Å20k hours of licensed music

Íϥnternal dataset 10k High-quality (private)

ÍShutterStock 25k ϥnstrument-only

ÍPond5  365k ϥnstrument-only

Example: MusicGen (Copet et al., 2023)

54Jade Copet, Felix Kreuk, ϥtai Gat, Tal Remez, David Kant, Gabriel Synnaeve, Yossi Adi, and Alexandre Défossez, ɈSimple and Controllable Music Generation,ɉ NeurϥPS, 2023.

ai.honu.io/papers/ musicgen /

https://arxiv.org/pdf/2306.05284
https://ai.honu.io/papers/musicgen/


Contrastive Language-ϥmage Pretraining (CLϥP)

55

ϥmage
Encoder

Text
Encoder

CLϥP

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and ϥlya 
Sutskever, ɈLearning Transferable Visual Models From Natural Language Supervision,ɉ ϥCML, 2021.

Dog

Cat

▄

▄

▄

▄

Make closer!

Make closer!

Make farther!

Learn a shared embedding space  for images and texts

Contrastive learning

https://arxiv.org/abs/2103.00020


Example: MusicLM (Agostinelli et al., 2023)

56
Andrea Agostinelli, Timo ϥ. Denk, Zalán Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingqing Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil 
Zeghidour, and Christian Frank, ɈMusicLM: Generating Music From Text,ɉ arXiv preprint arXiv:2301.11325, 2023.

5M songs, 280k hours
(Source: Agostinelli et al., 2022)

Training

https://arxiv.org/pdf/2301.11325


Example: MusicLM  (Agostinelli et al., 2023)

57
Andrea Agostinelli, Timo ϥ. Denk, Zalán Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingqing Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil 
Zeghidour, and Christian Frank, ɈMusicLM: Generating Music From Text,ɉ arXiv preprint arXiv:2301.11325, 2023.

(Source: Agostinelli et al., 2022)

google-research.github.io/seanet/musiclm/examples/

ϥnference

https://arxiv.org/pdf/2301.11325
https://google-research.github.io/seanet/musiclm/examples/


Music FX (2024)

58

aitestkitchen.withgoogle.com/tools/music -fx

https://aitestkitchen.withgoogle.com/tools/music-fx


Music FX DJ (2024)

59

aitestkitchen.withgoogle.com/tools/music-fx-dj

https://aitestkitchen.withgoogle.com/tools/music-fx-dj


Example: MusicLDM (Chen et al., 2023)

60
Ke Chen, Yusong Wu, Haohe Liu, Marianna Nezhurina, Taylor Berg-Kirkpatrick, and Shlomo Dubnov, ɈMusicLDM: Enhancing Novelty in Text-to-Music Generation Using Beat-
Synchronous Mixup Strategies,ɉ ϥCASSP, 2024.

musicldm.github.io

(Source: Ke et al., 2023)

https://arxiv.org/pdf/2308.01546
https://arxiv.org/pdf/2308.01546
https://musicldm.github.io/


Example: MusicLDM (Chen et al., 2023)
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youtu.be/DALv7ea6cv0

https://youtu.be/DALv7ea6cv0


Music ControlNet vs DϥTTO

62
Shih-Lun Wu, Chris Donahue, Shinji Watanabe, and Nicholas J. Bryan, ɈMusic ControlNet: Multiple Time-varying Controls for Music Generation,ɉ TASLP, 2024.
Zachary Novack, Julian McAuley, Taylor Berg-Kirkpatrick, and Nicholas J. Bryan, ɈDϥTTO: Diffusion ϥnference-Time T-Optimization for Music Generation,ɉ ϥCML, 2024.

DϥTTO

Music ControlNet

(Source: Novack et al., 2024)

(Source: Wu et al., 2024)

No training needed!

Needs some training!

https://arxiv.org/pdf/2311.07069
https://arxiv.org/pdf/2401.12179
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Example: Differentiable Auto-mixing (Steinmetz et al., 2021)

64Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serrà, ɈAutomatic multitrack mixing with a differentiable mixing console of neural audio effects,ɉ ϥCASSP, 2021.

(Source: Steinmetz et al., 2021)

Mean embedding

Spectrogram-based VGGish model

Track embedding

https://arxiv.org/pdf/2010.10291


Example: Differentiable Auto-mixing (Steinmetz et al., 2021)
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(Source: Steinmetz  et al., 2021)

Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serrà, ɈAutomatic multitrack mixing with a differentiable mixing console of neural audio effects,ɉ ϥCASSP, 2021.

github.com/csteinmetz1/pymixconsole

A differentiable (and thus trainable) mixing console! 

(Source: Steinmetz et al., 2021)

https://arxiv.org/pdf/2010.10291
https://github.com/csteinmetz1/pymixconsole


Example: Audio Processing Graph (Lee et al., 2022)

66Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, ɈBlind Estimation of Audio Processing Graph,ɉ ϥCASSP, 2023.

(Source: Lee et al., 2023)

Can we predict the audio processing graph used in a reference recording?

https://arxiv.org/pdf/2303.08610


Example: Audio Processing Graph (Lee et al., 2022)

67Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, ɈBlind Estimation of Audio Processing Graph,ɉ ϥCASSP, 2023.

(Source: Lee et al., 2023)

Blind estimation framework

Prototype decoder Parameter estimator

Tokenized 
graph 

representation

Sources are not given!

https://arxiv.org/pdf/2303.08610
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Example: RAVE (Caillon & Esling, 2022) 

69Antoine Caillon and Philippe Esling, ɈRAVE: A variational autoencoder for fast and high-quality neural audio synthesis,ɉ arXiv preprint arXiv:2111.05011, 2021.

16-band decomposition, 48kHz

Realtime capable on CPUs & GPUs

anonymous84654.github.io/RAVE_anonymous

https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=soZrPYAAAAAJ&sortby=pubdate&citation_for_view=soZrPYAAAAAJ:EUQCXRtRnyEC
https://anonymous84654.github.io/RAVE_anonymous/


Example: A.ϥ. Duet (Mann et al, 2016)
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youtu.be/0ZE1bfPtvZo
experiments.withgoogle.com/ai/ai-duet/view

github.com/googlecreativelab/aiexperiments-ai-duet

https://youtu.be/0ZE1bfPtvZo?si=KbowCyMao5HlRRNK
https://experiments.withgoogle.com/ai/ai-duet/view/
https://github.com/googlecreativelab/aiexperiments-ai-duet


Example: Piano Genie (Donahue et al., 2018)

71

youtu.be/YRb0XAnUpIk  & magenta.tensorflow.org/ pianogenie

piano-genie.glitch.me/

Chris Donahue, ϥan Simon, and Sander Dieleman, ɈPiano Genie,ɉ ϥUϥ, 2019.


