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Generate pop music

- of multiple tracks

- using GAN with CNNs
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Challenge lli
Temporal Structure
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Piano-roll
(with symbolic timing)

Data Representation
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Multi-track Piano-roll

(with symbolic timing)

Data Representation
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Data Representation
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[Dataset]
https://salu133445.gith
ub.io/musegan/dataset

[Pypianoroll]
https://salu133445.
github.io/pypianoroll/

NEw;,
LPD (Lakh Pianoroll Dataset)

- >170,000 multi-track piano-rolls

- Derived from Lakh MIDI Dataset

- Mainly pop songs

NEw;,

Pypianoroll (Python package)

- Manipulation & Visualization

- Efficient Save/Load

- Parse/Write MIDI files

- On PYPI (pip installable)

11



Generative Adversarial Networks
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Generative Adversarial Networks

Goal of G
Make G(z) undistinguishable
random noise fake data from real data for D
h
@ G(2) \ log(1-D(G(2)))

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

Distinguish G(z) being
fake from X being real




Generative Adversarial Networks
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MuseGAN - An Overview
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MuseGAN
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Monitor the Training

Objective Metrics
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User Study

from scratch H R MS C OR

jam 283 329 288 284 288
non-pro 3|12 aléﬂ 2.25 allz 3.12
P [hybrid | 3.15 3.33 3.09 3.30 3.16
jam 731 3.05 248 249 242 composer

pro comp 266 3.13 268 263 273
[hybrid | 2.92 3.25 2.81 3.00 2.93

H: harmonious

R: rhythmic

MS: musically structured
C: coherent

OR: overall rating

jamming




Accompaniment System

- Conditional GAN
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Summary
- MuseGAN

> a novel GAN for multi-track sequence generation

- multi-track, polyphonic music

> human-Al cooperative scenario

- Lakh Pianoroll Dataset (LPD) (new dataset!!)

© Pypianoroll (new package!!)



Full Song Generation
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Hierarchical Temporal Structure
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Cross-modal Generation
- Music + Video

> Music + Lyrics

> Video + Text
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We are the world, we are the chil - dren,

28



MIR

Music

Information
Research

Analysis
o music - features

> e.g. chord recognition, beat/downbeat
detection, music transcription, source
separation

Retrieval
o query = music

° e.g. query by humming, similarity
search, music recommendation,
playlist generation

Generation
o X = music

> e.g. generation, accompaniment, style
transfer, mashup, remix
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Music and Audio
Computing
Lab
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AAAI 2018
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