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Pourquoi IA et Musique Est-ce Important ?
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Dématérialisation de la Musique
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Dématérialisation de la Musique
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• Musique = Données Digitales
• Symbolique (Signe) – Partition, MIDI…
• Ou/et Audio (Signal) – Forme d’Onde, MP3, Spectrogramme…
• Manipulable par Outils Informatiques
• En particulier (mais pas seulement) par Techniques 

d’Intelligence Artificielle

• Pour Tâches, Ex. de :
• Génération

– Voir Exposé de Nathan, LIP6/Sorbonne U.

• Analyse
– Voir Exposé de Louis, SCRIME/U. Bordeaux & CRIStAL/U. Lille

• Classification
– Voir Exposé de Romain, Deezer Research
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Intelligence Artificielle – « Une » Définition

« L'IA commence là où l'informatique classique 
s'arrête : tout problème pour lequel il n'existe pas 
d'algorithme connu ou raisonnable permettant de le 
résoudre relève a priori de l’IA. »

[Jean-Louis Laurière, 1986]
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AI is a Toolbox [Julia, 2023]

Connaissances, Heuristiques, Recherche…
   Expertes (Humains)
   Ou Acquises (Apprentissage Machine) à partir Exemples
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Most Recent Component of AI: Deep Learning
(Deep Artificial Neural Networks)

• Boom Since 2012 (Imagenet Breakthrough)

• Image Recognition
• Weather Prediction
• Translation
• Games

• Speech Recognition
• Speech Synthesis
• Source Separation

• Artistic Content Creation
• Text Creation

WAVENET: A GENERATIVE MODEL FOR RAW AUDIO

Aäron van den Oord Sander Dieleman Heiga Zen†

Karen Simonyan Oriol Vinyals Alex Graves

Nal Kalchbrenner Andrew Senior Koray Kavukcuoglu

{avdnoord, sedielem, heigazen, simonyan, vinyals, gravesa, nalk, andrewsenior, korayk}@google.com
Google DeepMind, London, UK
† Google, London, UK

ABSTRACT

This paper introduces WaveNet, a deep neural network for generating raw audio
waveforms. The model is fully probabilistic and autoregressive, with the predic-
tive distribution for each audio sample conditioned on all previous ones; nonethe-
less we show that it can be efficiently trained on data with tens of thousands of
samples per second of audio. When applied to text-to-speech, it yields state-of-
the-art performance, with human listeners rating it as significantly more natural
sounding than the best parametric and concatenative systems for both English and
Mandarin. A single WaveNet can capture the characteristics of many different
speakers with equal fidelity, and can switch between them by conditioning on the
speaker identity. When trained to model music, we find that it generates novel and
often highly realistic musical fragments. We also show that it can be employed as
a discriminative model, returning promising results for phoneme recognition.

1 INTRODUCTION

This work explores raw audio generation techniques, inspired by recent advances in neural autore-
gressive generative models that model complex distributions such as images (van den Oord et al.,
2016a;b) and text (Józefowicz et al., 2016). Modeling joint probabilities over pixels or words using
neural architectures as products of conditional distributions yields state-of-the-art generation.

Remarkably, these architectures are able to model distributions over thousands of random variables
(e.g. 64⇥64 pixels as in PixelRNN (van den Oord et al., 2016a)). The question this paper addresses
is whether similar approaches can succeed in generating wideband raw audio waveforms, which are
signals with very high temporal resolution, at least 16,000 samples per second (see Fig. 1).

Figure 1: A second of generated speech.

This paper introduces WaveNet, an audio generative model based on the PixelCNN (van den Oord
et al., 2016a;b) architecture. The main contributions of this work are as follows:

• We show that WaveNets can generate raw speech signals with subjective naturalness never
before reported in the field of text-to-speech (TTS), as assessed by human raters.
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Generative AI
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(Initial) History of Generative AI

• Starting of Programmable (Universal) Digital Computers in the 40’s
– ENIAC (Electronic Numerical Integrator And Computer), 1945

• Initial Use:
– Numerical Computation

– Text Processing

– Data bases
– Simulation
– Process Control
– …

• First Attempts at Generating Contents in the 50’s
• Ex: Computer Music
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[US Army, 1947]
[McLassus, 2005]

[IBM, 1964]
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(Initial) History of Computer Music

9

• Started in the 50’s
– Almost as old as Computer Science (1946)

• Synthesis    -> Sound   
– "The Silver Scale" [Guttman, 1957]
 with Music I [Mathews, 1957]

Audio
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(Initial) History of Computer Music

• Started in the 50’s
– Almost as old as Computer Science (1946)

• Synthesis    -> Sound   
– "The Silver Scale" [Guttman, 1957]
 with Music I [Mathews, 1957]

• Algorithmic Composition -> Score
– ILLIAC Suite [Hiller & Isaacson, 1957]
 on ILLIAC I with Markov chains and filtering rules

https://www.youtube.com/watch?v=v5z3t2qz4qo
10

[UIUC 1960]

Audio

Symbolique
Partition

https://www.youtube.com/watch?v=v5z3t2qz4qo
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Mozart Dice Music

 

Musikalisches Würfelspiel
K.516f: 6:8:6:4:5:6:8:2:8:5:6:7:3:4:9:8

W. A. Mozart
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• One of the First Documented Stochastic Music (1792)
• By Mozart (?) – Muzikalisches Wurfelspiel (Dice Music)
• Fixed Style (Wienna Waltz) and Tonality
• 11 Pre-defined 1-Measure Segments for each (16) Measure
• Stochastic Combination/Concatenation  
• 1116 = 45,949,729,863,572,161 Possible Pieces

https://mozart.qvwx.de/
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https://mozart.qvwx.de/
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Music Composition Models

• Pre-Defined Elements
– Combination (ex: Mozart Dice Music)

• Rules
– Application
– Filtering (ILIAC Suite), Generation, Harmonic Analysis…

• Generative Grammars
– Valid Sentences generated by the Grammar
– Harmonic Cadences Construction, Substitutions…

• Constraints
– Constraint Solving Problem
– Filtering (ILLIAC Suite)
– Accompaniment: Harmonization, Counterpoint…

• Markov Chains
– Generation (Random Walk, Constrained (ILLIAC Suite))
– Style Imitation

• Neural Models (Deep Learning)
– Prediction/Classification
– Style Imitation

• Cellular Automata
– Evolution

• Genetic Algorithms
– Selection

• Case-based Reasoning
– Similarity and Adaptation

• Planning
– Path (Melody, Chord 

Sequence…) Construction

• …

12
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Handcrafted vs Learnt Models

• Handcrafted
– Tedious
– Error-Prone

• Automatically Learnt (Induction) from Actual Examples
– Markov Models
– Neural Models

• Style Automatic Learned from a Corpus (Composer, Form, Genre…)
– Melody
– Harmony
– Counterpoint
– Orchestration
– Production

• Machine Learning Techniques
– Neural Networks, Deep Learning, Reinforcement Learning
– (and other models/techniques, Ex: Markov Models)

13

Flow Machines [Pachet et al. 2012]
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Music Transformer [Google Magenta, 2018]

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

• Generates Piano Music
• Symbolic Music (MIDI) (but from Real Performances)
• Based on Transformer (Sequence-to-Sequence with Attention)

– Generates Continuation from a Starting Input Sequence

14

https://magenta.tensorflow.org/music-transformer
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JukeBox [Open AI, 2020]

https://openai.com/blog/jukebox/

• Generates Music from genre, artist, and lyrics input
• Waveform (Raw Signal)
• Based on VQ-VAE (Vector Quantised-Variational AutoEncoder)

15

https://openai.com/blog/jukebox/
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Survey/Analysis Conceptual Framework [Briot et al., 2019]

Architecture

Representation

(Generation) Strategy

Objective

5 Dimensions

Requirements

Melody
   Monodic
   Polyphonic
Multitrack
Accompaniment
   Counterpoint
   Chords

Signal
   Waveform
   Spectrum
Symbolic
   MIDI
   Piano roll
   Text
   Chord

Ex Nihilo Generation
Length Variability
Content Variability
Control
Incrementality

Feedforward
   Single-Step Feedforward
   Iterative Feedforward
   Decoder Feedforward
Sampling
Creation by Refinement
Unit Selection

Feedforward (MLP)
Recurrent (RNN)
   LSTM
Convolutional
Autoencoder
   Stacked Autoencoders
   VAE
RBM 16
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• Based on Generative Pre-trained Transformer (GPT)
• GPT: Text Generation

– Multilingual
– Encyclopedic Knowledge
– Some Common Sense
– Some Basic Problem Solving Ability

• Chat GPT: Text-based Dialogue Generation

• The real Game Changer
• Accessible to Everybody (not just to Specialists)

• Control of the Generation (some Deep Issue for 
Generative AI) via Dialogue

17

The Game Changer: Chat GPT [Open AI, November 2022]
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Chat-GPT Generated Music (Example)

18
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Chat-GPT Generated Music (Example)
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Wayne's Groove
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Chat-GPT Generated Music (Improved Example)
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Chat-GPT Generated Music (Improved Example)

21

Wayne's Ambiguity
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• Jean-Marc Deltorn, Deep creations : Intellectual Property and the 
Automata, Frontiers in Digital Humanities, 4:3, February 2017.

• Arthur I. Miller, The Artist in the Machine – The World of AI-Powered 
Creativity, MIT Press, 2019.

• Gerhard Nierhaus, Algorithmic Composition: Paradigms of 
Automated Music Generation, Springer, 2009.

• Fabian Offert, The Past, Present, and Future of AI Art, The Gradient, 
2019. https://thegradient.pub/the-past-present-and-future-of-ai-art/

• François Pachet, Pierre Roy and Benoit Carré, Assisted music 
creation with Flow Machines: towards new categories of new, 
Handbook of AI for Music, Springer, 2021, pp 485–520.
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https://arxiv.org/abs/1709.01620
https://thegradient.pub/the-past-present-and-future-of-ai-art/
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Résumé/Conclusion/Take-Away

• Domaine d’application très riche en problèmes (souvent complexes)
• Essor récent de l’IA Générative : Réseaux neurones artificiels 

(profonds) appliqués à la génération
– Texte (ex: Chat-GPT), Musique, Images...
– Problème de la mauvaise utilisation de « Fakes »

• Egalement beaucoup d’autres techniques (IA, statistique, 
mathématiques appliquées…)
– Ex: Chaînes de Markov, Contraintes…

• Choix de représentation restent importants
– Voir exposé Nathan

• Générer de la musique de manière complètement automatique est 
souvent peu intéressant (musique produite vite lassante)

• Objectif bien plus intéressant d’assistance au Créateur
– Ex: Proposer esquisse de mélodie, complétion, harmonisation, analyse…

23
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Doctorat en cours de Nathan Fradet

• Thèse CIFRE avec AUBAY

• Nicolas Gutowski
• Fabien Chhel
• Jean-Pierre Briot
• Amal El Fallah Seghrouchni
• Eric Remilleret

• Impact-s des Choix de Représentation

24
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(Programme) Séminaire IA et Musique

• 9h15 - Introduction du séminaire 
« Musique & IA », Jean-Pierre Briot, 
LIP6/Sorbonne Université-CNRS, 
Paris

• 9h30 - Tokenisation de la musique 
symbolique, Nathan Fradet, 
LIP6/Sorbonne Université-CNRS, 
Paris & Aubay, Boulogne-Billancourt

• 10h15 - Modélisation de langages 
musicaux pour l'analyse de 
partitions et la composition, Louis 
Bigo, SCRIME/Université de 
Bordeaux-CNRS-…, Bordeaux

• 11h15 - Étiquetage d'un Catalogue 
Musical Large, Romain Hennequin, 
Deezer Research, Paris

• 12h00 - Mots de clôture
25


