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Music & Technology
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Hildegard Dodel, Public domain, via Wikimedia Commons
Taken at Hamamatsu Museum of Musical Instruments, August 2019.
yan, CC B¥SA 4.0, via Wikimedia Commons .


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

(Source: Sankei Shimbun)

I\/I USIC & AI (Shlizerman et al., 2019)

(Source: Yamaha)

(Source: Robot Gizmos)

Shlizerman e t Audio to Batly Dynamics , Broc. CVPR2018.
https://www.yamaha.com/en/news_release/2018/18013101/
https://www.sankei.com/article/20240113  -CQCOSQHJIWFIYPJIKZDCITRTRVI/ (Source: NBC DFW)
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/


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/

Use Casesof Al for Music & Audio

(Source: UploadVR)

(Source: The Denver Post)

,-"" 7/ (Source: Descript)
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(Source: Wikimedia Commons )

(Source: Daily Bruin)

Universitaetsmedizin , CC B¥SA 4.0, via Wikimedia Commons

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


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

New technology creates new art form

@ Empowering music and audio creation n

with machine learning
Al Music & Audio

New art form inspires new technology



My Research



Infrastructure for
Music Generation Research

Deep Learning for
Multitrack Music Generation

How can Al help professionals and amateurs
create music and audio content?

P JI

Al Music & Audio

How can Al learn to create music and audio
like how humans do?

Al-powered Assistive
Music Creation Tools

@Dn P

Multimodal Machine Learning
for Audio & Music



& Generative Al for Music & Audio J7J

Empowering music and audio creation with machine learning

Multitrack Music Generation Assistive Music Creation Tools

Advancing deep generative
models for multitrack music

Developing Al-augmented
assistive music creation tools

MuseGAN MMT Arranger Deep Performer
(AAAI 2018) (ISMIR 2021) (ICASSP 2022)
Multitrack dotasct S5 = st
fexy "‘{?’ I = R (S 1
- == Tmm ‘ == 5 Ahgmf seore

e Mel spectrogram

o EELEEL S —— = — R

4
ﬁ?' = W Waveform

Multimodal Learning for Audio & Music

Learning sound separation
and synthesis from videos

CLIPSep CLIPSonic
(ICLR 2023)

(WASPAA 2023)
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& Generative Al

Multitrack Music Generation

Advancing deep generative S

gb
models for multitrack music . \y;

MuseGAN MMT
(AAAI 2018) (ICASSP 2023)

() i) i) i) i) i)

for Music & Audio J7J
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& Generative Al for Music & Audio

Multitrack Music Generation

Advancing deep generative
models for multitrack music

How can we build better
machine learning models for
music generation?

11



& Generative Al for Music & Audio JJ

Work done before
starting my PhD

Multitrack Music Generation

Advancing deep generative
models for multitrack music

A MuseGAN
(AAAI 2018)
I s First neural net that can
generate multi -instrument
music from scratch

84 ‘ e =

pitches

96 time steps

Pop Music Generation

12



MuseGAN in AWSDeepComposer

ﬁ\WS DeepComposer Models Train a model \

Train a model

Generative algorithm info

- I | .|»“-

aws

Choose a generative algorithm to train a model 3
!

.
0 Gseon)
wetgorithm often used for complex music structures U-Net is the distinguishing factj i i

v 512 32- key 2 ave keyboard

|ﬂplli noise

\ v ) .' “f |I|||||||

MuseGAN featured in

AWS DeepComposer ! | | = T u“‘“lll‘llm

https://www.amazon.com/dp/B07YGZ4V5B/
Julien Simon, JAWS DeepComposer s Now Generally Available With New Features ,3AWS News BlogApril 2, 2020.



https://www.amazon.com/dp/B07YGZ4V5B/
https://aws.amazon.com/blogs/aws/aws-deepcomposer-now-generally-available-with-new-features/

& Generative Al for Music & Audio

Multitrack Music Generation

Advancing deep generative
models for multitrack music

MMT

xxxxx

State -of -the -art
machine learning model for
orchestral music generation

Orchestral Music Generation

14
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Overview

Generate orchestral music
Aof diverse instruments
Ausing a new compact representation

Awith a multi -dimensional transformer

3.5x longer generated samples

3.3x faster generation speed

(Source: Vienna Mozart Orchestra)

} Critical for orchestral music !

Competitive quality  of generated music

16



Generating Text using Language Models

APredicting the next word given the past sequence of words

Transformer (machine learning model)

Artide  Talk Read
{I‘ransformer (gene) ¥ Add languages
Adticle  Talk Read Edit View history Tools v Jessively on references to primary sources. Plaase
e cary or tortary sources
From Wikipedia, the free encyclopedia g . 5
Transformers (film series) 2, 26 languags
Not fo be confused with Transformer protei
Article  Talk Read Edit View history Tools v

Trans —

regude

fies (1] From Wikipedia, the free encyclopedia

Transformers

Alternative splicing of

s
Lopo used for the first three films in the series | [|iguei

23, 23 language

Edit View history Tools v

improve this

Part of a series on

Machine learning
and data mining

Paradigms fehow]
Prablems [show]

edieaming  [showl
pcanon - egression)

¥ 108 languages Directed by Michael Bay (1-5) [show]
Transformer el 2 6 languag,
Steven Caple Jr. (7) [
Article  Talk Read Edit View
Josh Codley (8} View history  Tools Y [&how]
Based on rs T
From Wikipedia, the fres encyclopedia by Hasbrol"o ]
==
Distributed by Pasamount P
This article is about the electrical device, For other uses, see Transformer (disambiguation) "
i of $5.28 billion; Release date 2007-present o
Atransformer is a passive component that transfers elecirical energy from one electrical Dark of the Runningtime 1002 minutes (7 fims)
ESN

cirouit to another circuit, ar multiple circuits. A varying current in any ool of the transformer
produces a varying magnalic flux in the transformer's core, which induces a varying
electromotive force (EMF) across any ofher coils wound around the same core. Electrical
energy can be transferred between separate cails without a metallic (conductive)
connection between the twa circuits, Faraday's law of induction, discovered in 1831,
describes the induced voltage effect in any coil due to a changing magnefic fiux encircled
by the coil

Transformers are used lo change AC voltage levels, such transformers being lermed step-

up or step-down type to increase or decrease voltage level, respeciively. Transformers can

in January 2006 to November 2018, Sk
h issue #1 and concluded in June
being produced by IDW as well

also be used 1o provide galvanic isolation batween circuits as well as 1o couple stages of Abasic transformer consisting of & ransi arting In June 2023, Kicking off e £ "
¢ ransformers comics starting in June 2023, kicking off the Energon
- proo g circuils. Since the. the first constant-potential transformer in o calls of copper wis wiapped “ “ “
§ . around a magnetic care is0 been several other smaller publishers with varying degrees of suc
1885, transformers have become essential for the transmission, distribution, and utiization
of altemating current electric power. 'l A wide range of transformer designs is encountered s Beljing
elecironic and electric power applications. Transformers range in size from RF transformers less than a cubic centimeter in sal
e, 1o units weighing hundreds of fons used to intercannect the pawer grid. stallation is
- P ——— - R was the first to

open the ride.

long (610 m) track. Throughout the ride, screens up

The dark ride consists of motion platform-mounted vehicies which foliow a 2,000-foot-

images of various Transformers characters as the Autobots attempt to protect the

10 60 feet (18 m) high project 3D

(2023-prasent)

Country United States
2 issues starting in 1983. The second Publication
Praductions from 2002 to 2004 with e Marvel Gornlcs (1054-1604)
altiple story continuities, until the .
ird and fourth series have been (2002-2004)
series starting with an issue #0 in IDW Publishing (2005-2022)

rse. In additiog

cess,

A transformer is a

electrical device I // \

deep learning model

fiction character

family of genes

type of food l musical instrument
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Generating Text using Language Models

AHow do we generate a new sentence with a language model?

A transformer is a — | Model — deep

A transformer is a deep — | Model — learning
A transformer is a deep learning — | Model — model
A transformer is a deep learning model — | Model — introduced
A transformer is a deep learning model introduced — | Model — In

A transformer is a deep learning model introduced in — | Model — 2017

18



Designing a Machine -readable Music Language

AWe represent a music piece as a

S eqgue super woods 3 ¢

6 (6Bh)

AEach super word 0 encodes:

0

"

8 m it

Specify note & instrument information

- Start of song
Start of notes

— Structural

. End of song
~ Instrument

— Data

_ Note

%000,

19



An Example of the Proposed Representation

Structural events

Sr (0, 9, 0, 0, 0, 0) | Start of song |
g o3 (1, o, o, ©, 0, 15) | Instrument: accordion
- ggg e | (1, 9, ©, ©, 0, 36) | Instrument: trombone Instrument events
g & O (1, o, ©, ©, o, 39) | Instrument: brasses
o i o e (2, 0, 0, 0, 0, 0) | Start of notes|
3% R (3, 1, 1, 41, 15, 36) Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
v 241 (3, 1, 1, 65, 4, 39)  Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses
é g SO (3, 1, 1, 65, 17, 15) Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion
g " gE o (3,1, 1,68, 4, 39) Note: beat=1, position=1, pitch=G4, duration=12, instrument=brasses
SE T (3, 1, 1, 68, 17, 15) Note: beat=1, position=1, pitch=G4, duration=72, instrument=accordion Note
) ‘(c':ng e (3, 1, 1, 73, 17, 15) | Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion events
2 =4 i i s o e (3, 1, 13, 68, 4, 39) Note: beat=1, position=13, pitch=G4, duration=12, instrument=brasses
& 5 SET=T11 (3, 1, 13, 73, 4, 39) Note: beat=1, position=13, pitch=C5, duration=12, instrument=brasses
B~ U (3, 2, 1, 73, 12, 39) Note: beat=2, position=1, pitch=C5, duration=36, instrument=brasses
LI o (3, 2, 1, 77, 12, 39) Note: beat=2, position=1, pitch=E5, duration=36, instrument=brasses
[

12345678 ..
time (beat) [(4, 0, ©, ©, ©, ©) | End of song |




An Example of the Proposed Representation

SLr (6, 6, 0, 0, @, 0)|| Start of song
g, . gg: ! (1, o, 0o, §o, 0, 15) Instr‘umentf accordion
s 2 G B (1, o, ©, B9, @, 36)| Instrument: trombone
g cIF (1, @, ©, B9, @, 39)|| Instrument: brasses

C‘E‘{:| S o (2, o, 0,0, 0, 0)|| Start of notes

Cg%:- S - (3, 1, 1, @1, 15, 36)| Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
@ Eg: i (3, 1, 1, B5, 4, 39)| Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses
é g ar | (3, 1, 1, ®5, 17, 15)| Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion
g = BT (3, 1, 1, B8, 4, 39)| Note: beat=1, position=1, pitch=G4, duration=12, instrument=brasses

S (3, 1, 1, B8, 17, 15)| Note: beat=1, position=1, pitch=G4, duration=72, instrument=accordion
i %’%:‘ = = (3, 1, 1, w3, 17, 15)| Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion
% Sr (3, 1, 13, B8, 4, 39)| Note: beat=1, position=13, pitch=G4, duration=12, instrument=brasses
& § SEI= I (3, 1, 13, W3, 4, 39)| Note: beat=1, position=13, pitch=C5, duration=12, instrument=brasses
g = &r (3, 2, 1, §3, 12, 39)| Note: beat=2, position=1, pitch=C5, duration=36, instrument=brasses
@ oF EEEN e (3, 2, 1, §7, 12, 39)| Note: beat=2, position=1, pitch=E5, duration=36, instrument=brasses

Colba——

12345678 i
time (beat) (4, 0, p 5 0 )|| End of song

21



Multitrack Music Transformer

AA decoder -only transformer model

APredicts six fields at the same time

ATrained autoregressively

| Word -by-word |

ylype xbeat xposition xpitch xduration xinstrument

'
[ Embedding ][ Embedding ” Embedding ][ Embedding ][ Embedding ][ Embedding ]
| | | |

Positional encoding @—bea

s A

A
Masked multi-head
self-attention

Nx D
transformer WV
decoder block !
Feedforward l
fanY
. N J
v ' v v v
[ Dense ][ Dense ][ Dense ][ Dense ][ Dense ][ Dense ]
Y v v
[ Softmax ][ Softmax ][ Softmax ][ Softmax ][ Softmax ][ Softmax ]
vx\tjpe fbiat fposition fpitch fdurttion ytnstrtment

22



Symbolic Orchestral Database (SOD)

A5,743 orchestral pieces ( 357 hours in total)

AContains various ensembles: choir, string quartet, symphony, etc.

23



Example Results

Unconditional
generation

00
@
S
)

24



Three Sampling Modes

iti i -inform neration
Unconditional generation Instrument -informed generatio

(e, ) | Start of song

2 Bl Bl E
InpUt [ 9 ¢ o o @) ]startof song| (1, o, ©, @, @, 15) | Instrument: accordion
|nput (1, 2, @, @, @, 36) | Instrument: trombone
(1, o, @, o, @, 39) | Instrument: brasses
(2, ©, 0, ©, 0, 0) | Start of notes

N-beat continuation

(6, ¢, o0, ©, ©, 0) | Start of song
(1, o, N » 9, 15)  Instrument: accordion
(25 1@ o 5 , 36)  Instrument: trombone
(1, 2, ©, @, ©, 39) | Instrument: brasses
(2, &, 0, ©, ©, ©) | Start of notes
(3, 1, 1, 41, 15, 36) Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
Input (3, 1, 1, 65, 4, 39) Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses Onl need S to
(3, 1, 1, 65, 17, 15) Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion y
(3, 1, 1, 68, 4, 39) Note: beat=1, position=1, pitch=64, duration=12, instrument=brasses o
(3, 1, 1, 68, 17, 15) Note: beat=1, position=1, pitch=G4, duration=72, instrument=accordion| traln ON E mOdell
(3, 1, 1, 73, 17, 15) Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion
(3, 1, 13, 68, 4, 39) Note: beat=1, position=13, pitch=G4, duration=12, instrument=brasses
(3, 1, 13, 73, 4, 39) Note: beat=1, position=13, pitch=C5, duration=12, instrument=brasses

}



Example Results

Unconditional - Instrument - ST T T
generation informed generation
00 00 00
o
church -organ, viola, Mozart Ys
contrabass, strings, Eine kleine Nachtmusik
voices, horn, oboe oz

D)

Ot t oPi | otKkiBe Naghtthusike By My MI DI Vi r thtipa:NyoutD.bet ph8iCsl34jca . I 26


https://youtu.be/_g8iCdY34jc

The Magic of Transformers s Self-attention Mechanism

A transformer is a

electrical device t// \‘\‘ fiction character I

deep learning model I family of genes I

— — — —

Uniform attention A transformer is a 2
Variable attention A transformer is a 2

Transformers learn what to attend to from big data!

27



Visualizing Musical Self-attention (Huang et al., 2018)

(Each color represents an attention head)

— - . — — AN EIIEEE

— e EE E e —— - EE A - - A, oy 1‘ S—— T 8NN W — W S————
- e o i i i —E S T
. e e i — - —— _- -------- — LB & &L B 0L 0 B B | L} —: L | - LA Ay OB B B B 0 B BB 0 BN B8N JJ |

— — — —----l-l-:: _- :——lI-II--— -——-::::: _—- :: = — i L —— - |

(Source: Huang et al., 2018)

Huang eMusicaltansformér: Generating Music with Long -Term Structure , Magenta Blog, December 13, 2018.

28


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

Visualizing Musical Self-attention (Huang et al., 2018)

(Each color represents an attention head)

Bt S S S
SR SR S ——

\ First chord N\ - —

(Source: Huang et al., 2018)

Can we go beyond case studies?

Huang eMusicaltansformér: Generating Music with Long -Term Structure , Magenta Blog, December 13, 2018.

29


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

Systematically Analyzing Musical Self-attention

The MMT model attends more to notes

that are T Obeats away in the past

Positive and negative mean relative attention gain

* * * * * * * * *

1_
2_
c 2 [ |
o
8 & 5
= g- [ |
8_

20 -6 -2 -8 -4 0 4
Beat difference

40 36 32 28 -24

~_~
o
p—

MMT learns a relative self

that has a pitch in an octave above
which forms a consonant interval

Positive and negative mean relative attention gain

same pitchx_ 4thx »5th - 8th (octave)

1 -
=} 27
3 .
S9!
2 & 51
£ 61
7 -

8 -I T T T T T T T T T

-25 -20 -15 -10 -5 0 5 10 15 20 25

(C) Pitch difference
-attention for beat and pitch !

30



Summary

A State -of -the -art machine learning model for orchestral music generation

APresented the first systematic analysis of musical self -attention

Multitrack Music Transformer Musical Self -attention :
Paper: arxiv.org/abs/2207.06983
L Demo: salul33445.github.io/ mmt/
() () (o) i) (i) (i) 1 Code: github.com/salu133445/ mmt

31


https://arxiv.org/abs/2207.06983
https://salu133445.github.io/mmt/
https://github.com/salu133445/mmt

& Generative Al for Music & Audio J7J

Empowering music and audio creation with machine learning

Multitrack Music Generation

Advancing deep generative
models for multitrack music

MuseGAN
(AAAI 2018)

Assistive Music Creation Tools Multimodal Learning for Audio & Music

Developing Al-augmented
assistive music creation tools

Learning sound separation
and synthesis from videos

Arranger Deep Performer CLIPSep CLIPSonic
(ISMIR 2021) (ICASSP 2022) (ICLR 2023) (WASPAA 2023)
rack dataset ?@ -' - .m;..‘ e ‘:::f;{—lﬁ )
Multitrack == 5’7 = ‘55 —— — <—l = "J : “ ﬁ !_%L!
; P l .
— + e i Mel spectrogram e e = — 0% ;7‘“ ~
S m T a— =& = = Il

32



Generative Al for Music & Audio

Assistive Music Creation Tools

Developing Al-augmented
assistive music creation tools

Arranger Deep Performer
(ISMIR 2021) (ICASSP 2022)
track dutaset
(J'aa’

33



& Generative Al for Music & Audio

Assistive Music Creation Tools

Developing Al-augmented @n [l

assistive music creation tools

How can Al help professionals
and amateurs create music?

34



& Generative Al for Music & Audio JJ

Assistive Music Creation Tools

@“ »

Developing Al-augmented
assistive music creation tools

Arranger
(ISMIR 2021)
ol
LIETS
iy s 4—) First ever machine learning model
U SO - for automatic instrumentation
s f,,_—'

Automatic Instrumentation

35



ISMIR2021

i

Towards Automatic Instrumentation by
Learning to Separate Parts in Multitrack Music

Hao-Wen Dong! Chris Donahue 2 Taylor Berg-Kirkpatrick 1 Julian McAuley?

L University of California San Diego 2 Stanford University

A R @

UCSanDiego  Stanford




Automatic Instrumentation

AGoal: Dynamically assign instruments to notes in solo music

Intelligent musical instruments Assistive composing tools

\ X.ﬂ@lf ~”,
-
AL 1
& & [ % T
Bass Guitar Piano Strings T -

P D
AVA

How can we acquire paired data?

37



Learning Automatic Instrumentation  without Paired Data

Training Inference
Multitrack = Mixture IMI
dataset = m —=: — == — ¥ _F:—:—-
e =——7>- ey
1 ===
s Mgt & off & |
=: =: =z =z - Part Separation
= = == * Model

N R |
Mixture MI [Part ?/'e%?‘;?tlon ] Multitrack h e/ é{ 97,//. &

1]
11N}

38



Two Types of Model

Online models

Can only look at the past
A LSTMs
A Transformer decoders

- - =

Bass Guitar Piano

Strings

Offline models

Can look at both the future and the past
A BiLSTMs
A Transformer encoders

39



Representation & Datasets

A sequence of notes specified by

| Time Onset time (in time step) \

| Pitch Pitch as a MIDI note number

| Duration Note length (in time step) ' Representing music in a

| Frequency Frequency of the pitch (in Hz) machine -readable format
| Beat Onset time (in beat)

| Position Position within a beat (in time step)

Dataset Hours  Files Notes  Parts Ensemble Most common label
Bach chorales [31]  3.23 409 96.6K 4 soprano, alto, tenor, bass bass (27.05%)

String quartets [32] 6.31 57 226K 4 first violin, second violin, viola, cello first violin (38.72%)
Game music [33] 4505 461K 246M 3 pulse wave I, pulse wave II, triangle wave  pulse wave II (39.35%)
Pop music [34] 1.02K 162K 63.6M 5 piano, guitar, bass, strings, brass guitar (42.50%)

40



Example Results

AProduce alternative convincing instrumentations  for an existing

arrangement
piano, guitar, bass, strings, brass

Original == T =i 2 iiiiiiie— == = —
é L
LSTM - = = Coioo — e —
(w/o entry hints ) o o o o - L -
k — - B A, - I — — —
r — - N
BILSTM = = = =: z zizz:iz: — = =:i—: Q%
(w/ entry hints ) o o o - R o I

. o - '"__ - - I I J




More Results

String quartets

Musical
score

Bach chorales

Musical
score

Ground
truth

Online
LSTM
prediction

Game music

Ground e

truth

Offline

BILSTM = =

prediction —

by R - 7

[}
6 ‘H“$ S ES
] |

= ———

ra
e e

—r
—tr e

8l
i

Online I ———
LSTM _— .. —_— ] L -
prediction ~ :

Ofﬂine _— i S— L 77_77__________________
BiLSTM e St

prediction

(Audio available. ! Colors: pulse wave I, pulse wave 11, triangle wave.)

Pop music

Mixture = ~"""" T —/—/—/ — e _-__:: ____________________ S iy —
(inputy TS — —_— = =T T T
Ground =~ - T—————— e _7__:: __________________ T = e -—
- T TR e e e
Online g G —— N ————————— B
LSTM ... oo = = ottttiotoeeee ittt bt I
prediction T T - _ _— =
Offline = T = = T

BiLSTM ... .. -------- = Fe=otttiotoeeee- s AT T
prediction T T - — —_— ———

(Audio available. ! Colors: first violin, second violin, viola, cello.)

Ground " S ==
truth - _ R o - o
Online E — — E —— E —_—
LSTM . : o i Y
prediction _ . _ -~ -~ _ _
Offline e —
BiLSTM L B T ) -
prediction . _ -~ — _ _
(Audio available. I Colors: piano, guitar, bass, strings, brass.)
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Summary

AFirst ever machine learning model for

APotential applications in assistive creation tools

Multitrack
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Part Separation
Model

automatic instrumentation

and intelligent keyboards

Paper: arxiv.org/abs/2107.05916
Demo: salul33445.github.io/arranger

Code: github.com/salul33445/arranger
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Potential Applications of Automatic Instrumentation

Intelligent musical instruments Assistive composing tools
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& Generative Al for Music & Audio JJ

Adapted from FastSpeech,
a text -to-speech model

-00ls

Assistive Music Creation Tools

Deep Performer

(ICASSP 2022)
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