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About the Music and Al Lab @ Sinica

AAbout AcademiaSinica

A National academy of Taiwan, founded in 1928 (not a university)
A About 1,000 full, associate, assistant research professors

AAbout Music and Al Lab

A https://musicai.citi.sinica.edu.tw/
A Since Sep 2011
A Members

A Pl [me]

A research assistants

A PhD/master students

A 3 AAAI full papers + 3 IJCAI full papers in 2018 and 2019
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https://musicai.citi.sinica.edu.tw/

About the Music Team @ Taiwan Al Labs

AAbout Taiwan Al Labs
A https://ailabs.tw/
A Privatelyfunded research organization (likgenA), founded in 2017

A Three main research area: 1) HCI, 2) medicine, 3) smart city
A 100+ employees (late 2019)

AAbout the dyatingg Music Al team

A Members
A scientist [me]
A ML engineers (for models)
A musicians
A program manager
A software engineers (for frontend/backend)

Al Labs.tw
. SEAIESERZE



https://ailabs.tw/
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From a music production view

AComposing lsongwriting
A Melody
A Chords
A Lyrics
AArranging
A Instrumentation
A Structure
A Timbres/tones e
A Balancing




L Use cases of music Al

Aal 1S YdzaAOAlI yaQ ftAFS Sl arSN
A Inspire ideas
A Suggest continuations, accompaniments, lyrics, or drum loops
A Suggest mixing presets

AEmpower everyone to make music
A Democratization of music creation

ACreate copyright free music for videos or games

AMusic education(e.g., auteaccompaniment)




Companies involved In automatic music
generation

o #+ IBM Watson Beat Al
oogle
magenta
° O arrer
eJukedeck

I:LOmFlIZHINEE a

Sony CSL

Al Labs.tw
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Google Al

M magenta

Demo: Magenta Studio

Ahttps://magenta.tensorflow.org/studio/

CONTINUEEE GENERATE 4 BARS
e - G - >

Output Location



https://magenta.tensorflow.org/studio/

Demo: Jamming withYating

(s

Al Labs.tw

SMATEEERE
Ahttps://www.youtube.com/watch?v=9Z1Jrr6lmHg
. . o e din peration iinsertiun
AJamming withvating][1,2] o [ —T -
Alnput (by human): piano _ —
AOutput: piano + bass + drum Bass (277 #
Round1 orums § -
Round 2 w
oMB8 | aAl 2 SO Yatingdderagtd YY A VI & AR
RSY2yaiuNYaAzy 2F | YdzaA O v,,gf;z\rL{ﬂmamAL]f\zy L >¢€
ISMIRLBD2019 |
2]YehSd Ff ®> a[ SFNYAy3I (G2 F8ySnNtfia—Wpu it Hoeal )b )
LALY2 YdAAO FNRBY | dRA2 OAT _allw48OryriiliSsss )
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https://www.youtube.com/watch?v=9ZIJrr6lmHg

L From a deep learning view

Alnput representation
AModel
AOutput representation

12




L Models

ARule based methods
AConcatenation based methods

AMachine learning based methods
A VAE variational autoencoder
A GAN: generative adversarial netwc rk

ASee Section Antroduction to GANs

13




Why GAN?

A State-of-the-art modelin:
A Image generationBigGAN1]
A Textto-speech audio synthesi&®ANTTY2]
A Note-level instrument audio synthesi&@ANSyntH3]
A Also sedCASSP 2018 tutori@>AN and its applications to signal processing and NLPw 1 8

Alts potential for music generation has not been fully realized

AAdversarial training has many other applications
A For example, source separation [5], domain adapation [6], music transcription [7]

[a[ F&BISES D!'b UNFAYAYI F2N) KAGAROIBARSE AGE yIddzNI £ |A
2161 AIK FARStAGE &LISSOK & &KIEROXNSsUbmissiph 0 K | RASNE | NR | §
[B]6GANSynty ! ROSNEF NAFf ySCdMHE | dzZRA2 adeyiKSaAaze
[4] https://tinyurl.com/y23ywv4s(on slidesharé

Bld{ +{ D! bY {Ay3IAy3 @2A0S LI NJ ICASSPO1&I A | aéySNJ-GA?A‘l

as
6]/ NPaB G dzNF £ YdzaA O SY20A2y NBO2IAYAGAZY ICRLAIOEIS
716! ROSNELFNAFE fSEFENYyAYy3I F2N AYLNRESROIZY aSia | yR



https://tinyurl.com/y23ywv4s

L Input/ output representations

ASymbolic output
A Panorolls
A MiIDlevents
A Score

AAudio output
A Sepctrogram
A Waveform

15




L /O representations

—

time

yfrequem:y \

ASymbolic output

A Fiancrolls (image-like): easierfor GANs to work with
A MIDI eventqtext-like)
A Score (hybrid)

AAudio output
A Sepctrogram (imag-like)
A Waveform

16




~

/O representations

|

|
|
|

%quency \
5".
]

- Ny
ASymbolic output s
. . . )
A Pianorolls (imagelike): N,
MidiNet [1], MuseGAN [2] ™
bach piano_strings start tempo90 piano:v72:G1
_h . piano:v72:G2 piano:v72:B4 piano:v72:D4 violin:v80:G4
A MIDI eventS(teXt Ilke)' piano:v72:G4 piano:v72:B5 piano:v72:D5 wait:12
MUSIC TranSfOrmer [3], MUSENEt piano:v@:B5 wait:5 piano:v72:D5 wait:12 piano:v@:D5
wait:4 piano:v0:Gl piano:v@:G2 piano:v0:B4 piano:v0:D4
}&‘ EECI)FEESS(}1)/t)r1(1)' violin:v@:G4 piano:v0@:G4 wait:1 piano:v72:G5 wait:12
] ) piano:v@:G5 wait:5 piano:v72:D5 wait:12 piano:v@:D5
Thickstun [5], measurby-measure [6] P15 pisno:v72:BS vait:1 )
A n
[1] https://arxiv.org/abs/1703.1084,/1SMIR2017
[2] https://arxiv.org/abs/1709.06293AAAI2018 rim
[3] https://openreview.net/pdf?id=rJe4ShAcHCLR2019 Signature |\/pjce 2:
[4] https://openai.com/blog/musenet/ Chord 1 Chord 2 Chord 3
[5] https://arxiv.org/abs/1811.080451SMIR2019 )
[6] https://openreview.net/forum?id=HkIk6xrYRBECLR2020 submission 17



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

AGeneration from scratch
A XA melody
A XA piano roll
A XA audio

AConditional generation
A melodyA piano roll(accompaniment
A piano rollA audio gynthesi¥
A piano rollA piano rollirearrangemen
A audioA audicQ

ASee Section ase studies

A and, https://github.com/affige/genmusic demo list



https://github.com/affige/genmusic_demo_list

We will talk about

1. Symbolic melody generatiorMidiNet[1], SSMGAN [2]

2. Arrangement generationMuseGAN3], BinaryMuseGAIM], LeadSheetGAN]
3. Style transfer CycleGANG], TimbreTron 7], Playasyoulike [8],CycleBEGA|9]
4. Audio generation WaveGAN10], GANSynth11]

o MmNidiNet: A convolutional GAN for symbel2 Y Ay Y dza A GMEBDY/S NI G A2y > ¢
Rldaz2 RSt NPRISAZWUAR2Y Ay YdzaAA O ISy SNMLAMDERL dza Ay 3 & G NHZ0
[3] MuseGANMulti-O0 NI O1 &SIljdz2SydAlf D! ba FT2N) aéyYo2AANPL8 dza A G
on6é a/2y@2tdziA2ylf D! bad GAGK O0AYIIMBRWMSIdZNRPY & T2 N L
wp8 G SIR aKSSG 3ISYSNI(A2Y ISMIRLBI2DMRY yIASYSYyld o0& O2M)H
wcB a{eYozfAO YdzZyclOGARETARKIS 1 N} yAFSNI oA 0K
o T BmbdeTron AWaveNe{CycleGAN / v ¢ 6! dzZRA 2000 LIA LISt A VIELRIO2NI Y dza A O|f
wy 8 atf & | &enhaficed mMuliY]2SRY ¢ AYYURANASO AAAIZDIOS (NI y & FSNEE
OWpP8 G{AYIAYI a0ORFahNNBFES KR dE RYIBNEOSEBHARCLA 0 NA dzY D] |
omMne ! ROSNE I NAICLR01® dzRA 2 a8y (iKSaAaxzé

OoMMBNSHNtY ! ROSNARIF NA I y8dMmAME | dzZRA2 d@yiuKSaAazé 19
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L What 1s a GAN?

a generativemodel

\

l

a deep neurahetwork

/

GenerativeAdversarialNetwork

anadversarialgame
between two competitors

21




L A loss function for training generative models

: random noise | fake samples :

latent variable model
(to be learned)

real samples

GoodfellowS &4 | f @S aDSYSNIF A KeorIPRROSNE | NAFE ySié2N] a222




A loss function for training generative models

Generator
Make ((2) indistinguishable
from real data forD

Discriminator
Tell(2) as fake data fronx

random noise fake samples being real ones
—
@ G2) I\ log(1-D(3(2))
—

X~Px

log(1-D(x)) + logD(G(2)))

real samples

GoodfellowS &4 | f @S aDSYSNIF A KeorIPRROSNE | NAFE ySié2N] a223




Problems ofunregularizedGANS

AKeyt discriminator provides generator with
gradients as a guidance for improvement s

A Discrimination is easier than generation

A Discriminator tends to provide large gradients,;
A Result in unstable training of the generator

ACommon failure cases

A Mode collapse
A Missing modes

sharp color changed, large gradients

1.0
iteratoin=40 l
1.0 0.8

> colllapse

,,“w L 0.6

- 0.4

Lo missing modens "
o ~ 0.2
-1.5 <
15 -1.0 -05 00 05 1.0 1.5
0.0

(Colors show the outputs of the discriminator)

24




Advantages ofjradient regularization
i A provide a smoother guidance to the generator
Reg u Iarlz I ng GAN A alleviate mode collapse and missing modes issjies

Unregularized Locally regularized Globally regularized

XX x
KX

gradient clipping [1]

gradient penalties [2,3] spectral normalization [4]

[1]ArjovskyS G 3 ®ZSKHBEGSAY 3ISYSNI (ICRR0IV ROSNBE I NAIf ySig2N] aze
[2]GulrgjaniS G | £ @ aLYLINR FSR O NNedrlP®ROIA 2F 2| aaSNERGSAY D! baxé
[B]KodaliS Ff ®X ahy O2yJSNB&YWA&7 I yR aidloAfAGe 2F D! baxé
[4areld2 S0 FfdX G{LISOUGNIt Vy2NXI {IGLROIBAZ2Y T2 NJ aéySNJ-ﬁzzg




L Coding sessiorr IGAN for images

GoogleColabnotebook link

https://colab.research.google.com/drive/1Cnqg9z3QvxIsVntIXKjPjbwttxeDH4 7 XI

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

Click:# open in playground

You can also find the link on the tutorial website

26



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

Deep convolutional GAN (DCGAN)

transposed convolutional layers \

128

-5

Stride 2

: random noise fake samples

:  Keyr Use CNNs for both G and C

real samples

A~

wkRTF2NR SO Ff o a! yadzLISNIDA &SR NBLINSICERFQIG G A 2Y lemg




GANSs vs VAES

GAN VAE

(generator) fool the discriminator
(discriminator) tell real data from fake one

Objective reconstruct real data using pixelise loss

tend to be sharper tend to be more blurred

Results ";_" ‘ «  b Y 1 P _ :‘. .
B la CIREIE

Diversity Higher Lower

Stability Lower Higher

[ I NR S yAuBeéncodifggdbSe 20y R LIAESf & dza Ay 3 IEMLR20$E Ny SR &A YA f28




State of the arts BIQGANS

[Colabnotebook demo]
https://colab.research.google.com/github/tensorflow/hub/blob/

master/examples/colab/biggan generation with tf hub.ipynb

(hard classes)

~

. NRPO1l SO Ft®dx a[FNBS a0FtS D! b UNILRIAY I T2 NJ K)\?vg



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

Interpolation on the latent space

latent space

data space

. N2 O] Lé&rgeschldGANErainingfor high fidelity natural image syntheZisCLR2019




Conditional GAN (CGAN)

random noise
qz’ »

X ¥)Px v  real samples

aANI I SO | foX

fake samples

G/ 2y RA

I ROSNA I MIXiv2D14y S 4 > ¢

-f 3ASYSNI UAGDS
conditions

31




Conditional GAN (CGAN)

conditions

random noise

(Xv y)~p)(, Y

a
|

A NJ
ROS

fake samples

Gz, )

&

X

real samples

I SO | fox dlzyﬁe)\l-f ASYSN} GAODS

NA | MXik2014y S 4 = €

conditions

32




Conditional GAN (CGAN)

conditions | Generator now generate samples

@ based on some conditions

random noise fake samples

eyt Feedconditions to both G and Dy

Discriminator now examine whether
apair (x, y) or (G(2), y) is real or not

= e :

X

X ¥)Px v  real samples

I SO | fox dlzylf\’)\l-f ASYSN} GAODS

A NJ
ROSNBE I MIXiv2D14y S a > ¢ conditions 33




Conditional GAN Samples

34




PDIX2PIX
Keyt Use pixelwise loss for supervisions

Gy

real samples fake samples

S
~
~
SS
~~

real samples

L a2t I ImGgeto-imbag® Eangdation with conditional adversarial nE€VPR017 3 5




PIX2pIXt Samples

Labels to Street Scene Labels to Facade BW to Color

— ———

output
Edges to Photo

input output

L a2t I ImGgeto-imbg® Fansation with conditional adversarial ne€VPR017

36




Cycleconsistent GANGycleGAIN

Y
real samples s fake samples

X~Px I_' G, ()

Bt

Y~By

real samples

%K dz Slnpalreld inEgdaimage translation using cyetmnsistent adversarial networE#CC\2017 37




Cycleconsistent GANGycleGAIN

real samples

X~Px

&L

GyrydY) 4——| y~Py

fake samples o real samples

%K dz Slnpalreld inEgdaimage translation using cyetmnsistent adversarial networE#CC\2017

38




Cycleconsistent GANGycleGAIN

real samples Sy fake samples GAN 1

X~Px I_' G, ()

= B¢
GyridY) 4——| y~Py

GAN 2 fake samples Gy real samples

%K dz Slnpalreld inEgdaimage translation using cyetmnsistent adversarial networE#CC\2017 39




Cycleconsistent loss [ Use cyceconsistency

loss for supervisions

CycleGAN PIX2PIX
X Y I o
cycleconsistenc
‘—*.\ """ ’ loss ’
9 X Y| . .
e pixel-wise
--- " loss
— = o || @
cycleclc()) r;zlstency_ """ \.K (eachx N Xis mapped to a certaigiN Y)
Unpaired samples in two domains Require pairedX, y) samples
L a2t I ImGgeto-imbag® Eangdation with conditional adversarial nE€VPR017
%K dz Slnpalreld inEgdaimage translation using cyet®mnsistent adversarial networE#CC\2017 40




CycleGAN Samples

Monet T Photos _ __ Zebras Horses . Summer Z_ Winter

===

photo —>Monet : : winter —» summer

(pix2pixk S R2 Yy 2 SR | azy’ASQdioadfpidB A2y T2 .
(CycleGANWe only need O 2 f f Yy Zafda eoBeytiSniotphotolJledsigr dofaghdra

%K dz SUnpalred inEgda¥image translation using cyctmnsistent adversarial networE#CC\2017 41




¢CKS YlIyé 20KSNJ D! ba

Training Optimization Training Applications

criterions constraints strategies

ALSGAN AWGAN AUnrolledGAN  ADCGAN

AWGAN AWGANGP ALAPGAN AInfoGAN

AEBGAN AMCcGAN AStackedGAN ACGAN

ABEGAN AMMDGAN A StackGAN AACGAN

AGeometricGAN AFisherGAN APGGAN Apix2pix

ARaGAN ADRAGAN AStyleGAN ACycleGAN
ASNGAN ABigGAN ACoGAN

ADAN
See more ahttps://github.com/hindupuravinash/theganzoo



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

Openqguestions about GANs

Ahttps://distill.pub/2019/ganopen-problems/

N o O bk bR

What are the tradeoffs between GANs and other generative models?
What sorts of distributions can GANs model?

How can we Scale GANs beyond image synthesis?

What can we say about the global convergence of the training dynamics?
How should we evaluate GANs and when should we use them?

How does GAN training scale with batch size?

What is the relationship between GANs and adversarial examples?

43



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

Comparative studies on GANS

[1] KunfengwWang, Chao GotanjieDuan YilunLin,XinhuZheng, and Fefue Wang. Generative
adversarial networksintroduction andoutlook. IEEE/CAA Journal dfitomaticaSinica
4(4):588598, 2017.

[2] Mario[ dzoKarolKurach Marcin Michalski, Sylva@elly and Olivier Bousquet. Are GANs
created equa? AlargescaleStudy.Proc.Advances in Neural Information Processing Systems 31
pp. 70@709, 2018.

[3] KarolKurach Mario[ dzdXiadchuaZhaj Marcin Michalski, and Sylvaielly Alarge-scale study
on regularizationand normalizationin GANsProc.International Conference on Machine
Learning (PMLR9,7:35813590, 2019.

[4] HaoWen Dong and Yi & dzI y | | y 3 deeperdu@dérbtaddirif atlversarial loss&sé
arXiv preprint arxiv:1901.08753019.
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https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM
https://colab.research.google.com/drive/1WrFtqo5LW8QfhiuhHmge9QLexWwS2BcM
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L Scope of music generation

1. Symbolic melody generation
A XA melody

2. Arrangement generation
A XA piano roll
A melodyA piano roll

3. Style transfer

A piano rollA piano rolQ
A audioA audiaQ

4. Audio generation
A XA audio
A piano rollA audio




Some symbolic datasets to starts with

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/Imd
LakhPianorollDataset multitrack npz salul133445.qgithub.io/lakdpianorolldataset
Groove MIDI Dataset drum MIDI magenta.tensorflow.org/datasets/groove

www.reddit.com/r/WeAreTheMusicMakers/comment:

Midi Man drum MIDI /3anwu8/the _drum_percussion_midi_archive 800k/

(Only datasets witimiscellaneougenresare presented here)

See more ahttps://github.com/wayne391/symbolianusicaldatasets

48



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

20th Conference of the International
W Society for Music Information Retrieval

GANSs for Symbolic
Melody Generation

XA melody

49




MidiNet

gy
= =
: S N
project and reshape transposed transposed transposed transposed
convi conv2 conv3 conv4

Generator CNN

.y 3 $diNdt A é@avolutional generative adversarial network for symbRliz2 Y Ay Y dza A GMEBDY7S NJ-5©

N




MidiNet

ChOI‘dS ) project and reshape
/i% n..\..
— : ; -~

project and reshape transposed transposed transposed transposed
convi conv2 conv3 conv4
Generator CNN

.y 3 $diNdt A é@avolutional generative adversarial network for symbRliz2 Y Ay Y dza A GMEBDY7S NJ-51

N




MidiNet

Conditioner CNN

p reV| ous .ﬂ\‘-‘ convi  conv2  convd  convd

measure | QD CO”dftions

(U-Net-like structuré)

ChOI‘dS ?D project and reshape
SN .

project and reshape transposed transposed transposed transposed
convi conv2 conv3 conv4
Generator CNN

.y 3 $diNdt A é@avolutional generative adversarial network for symbRliz2 Y Ay Y dza A GMEBDY7S NJ-52

N




MidiNet

Conditioner CNN B

preV|OUS -a\‘.‘ | convi conve conv3 conv4 N‘.. %
measure: > — i \mo
P P_Condjﬁo”s T S Oy i °’7dmons =

T ~7 project and reshape

t and reshape
chords [Gpg- ; g
C e — A : : :
ondft:on,g N N "
: : : : ..\

|
I el T R s
project and reshape transposed  transposed transposed transposed conv1 conv2 fully connected output
convi conv2 conv3 conv4
Generator CNN Discriminator CNN

Iy 3 #idiNdt A doavolutional generative adversarial network for symbl2 Y Ay Y dza A GMERIDY7S NJ-53

N




MidiNet Keyt Design CNN kernel sizes to match
our understanding of music

Conditioner CNN B

p revious : .ﬂ\.ﬁ convi  conv2  convd  conv4 ﬁ\..‘
measure | 2 — T %
. DC ndmOn T < e S : ondltIOns Lo

7’ project and reshape

project and reshape | é é
chords o double the resolutlon-_-.
.~\

 ateach layer |
Xore (0,1]
project and reshape traggg\c/)?ed traggg\c:;ed tragcs)rp:sged tragcs)gszed conv1 conv2 fully connected output
Generator CNN grow the pitch axis at last  piscriminator CNN

(1A 128)

.y 3 $diNdt A é@avolutional generative adversarial network for symbRliz2 Y Ay Y dza A GMEBDY7S NJ-EA

N




1D + 2D conditions

M |d | N elT Sam p I @S  (previous baandchordy

1D condition only

(chordsonly)
f - - - ~
o . e T e e ' E=irE== 4 T FE z—l"';iva ]
3 3 e @ e ¢ T g : = Q‘ S @ dge g 97T e b e i
K » -
(a) MidiNet model 1
[a) — 4 — —
= K 'r =4 IR . —_
DEEne ¢ == = =2 - & - - LA LA - ¢ - ;B ¢
> K = L — :
ra [4) bt 54 g 4] § g e
¥ A iy - o4 Bl ey P el
- L% ] g — [ & ] g
(b) MidiNet model 2
# I A 1 M | I | — | i — JL'\ J— p— — —
Ga M NI T %% * MNobate| 1| @ bo JFete T [ odtd
o 4142 S L B = Mty 3 o L B T e E EECE v voie e} cd SR T ERTLT
L | - - s -
i S re s
(c) MidiNet model 3

More samples can be found attps://richardyang40148.github.io/TheBlog/midinet arxiv_demo.html
.y 3 #idiNdt A g@avolutional generative adversarial network for symbRliz2 Y Ay Y dza A GMBDY7S NJ-55
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https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html

SSMGAN

Generator: LSTM w/ Gaussian emissions

Measure
Embeddings —\
@ o ﬁ
Note-level l l l
Decoder M / N / T / T / T
=== e —
b—‘+ i . ™ — A— ——

~ y ~ 7 e ~
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SSMGAN

Generator: LSTM w/ Gaussian emissions

s S
=1 A 1

4—.

Ibi_‘H_

i i . '

~

, ~ 7 e ~

Bt

LSTM discriminator
(window of K measurs)




Keyt Use theSSMdiscriminator to

SS M GAN Improve global musical structure

s I::ea_“"'fled " Discriminator: 2D-Convolutional classifier
elf-similarity . -
Matrix — = a SSMdiscriminator
S € R™T — | (all measure)
u T — Ds
\ 1| \
. gl synthetic
Generator: LSTM w/ Gaussian emis;i.o-ns. --------
MeaASUNe m s T e,
Embeddipgs ~ |
|
| LY
! I
e o o o o o e e e e e e e e -
Note-level 1 i . . .
Pecoder | /l /1 /l /' | LSTM discriminator
LY 7 Yz Y7 A (window of K measurs)
=———— —t —F—F—7 .... —

~ ~ 7 e ~
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Other GAN models for melody generation

AGRNNGAN[1]: use RNNs for the generator and discriminator
AJazzGANR]: given chords, compose melody; compare 3 representatiopn
AConditional LSTMGAN[3]: given lyrics, compose melody

ASSMGANM4]: use GAN to generate a sslfnilarity matrix (SSM) to
represent seHrepetition in music, and then use LSTM to generate
melody given the SSM

[1]Mogrer= -RNND! bY / 2y GAydz2dza NBOdzZNNBY i y S dML2016y S ¢ 2 NJ R
[2]¢ NRA Sdz | YyaRzGX¥E {LE YSINER @A A Ay 3 6A 0K 3ISYWEME201B S || RIS NE I[N
Bl]Yur YR / FylfSas ONdDYyRRMNI XBIER2RR{ @&ayXxb2029G A 2y FTNRY £ &N
[4] Jhamtaniand BergY A NJ| LJ- G NA O | -Eepetitiardirfaisichggnaratiénuir structured adversatgies,
ML4MD2019 60




20th Conference of the International
W Society for Music Information Retrieval

GANSs for Symbolic
Arrangement
Generation

XA piano roll
melody A piano roll

6l




Challenges of arrangement generation

ATemporal evolution
A Dynamics, emotions, tensions, etc.

AStructure (temporal)
A Shortterm structureA can somehow be generated with special models
A Longterm structureA super hard

Alnstrumentation
A Multiple tracks
A Functions of instruments

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

62




L Why pianorolls?

ADeep learning friendly formad basically matrices
A Easielfor GANs to work with

A.PIANO 1
pitch
|
|

time (step)

63




Pros and cons gfianorolls

APros

A Can be purely symbol& quantized by beats (or factors of beats)
A Repetition and structure can be observed easily
A No need to serialize polyphonic compositions

ACons
A Memory inefficientA mostly zero entries (i.e., sparse matrices)
Aairadaaiy3a KS O2yOSLIia 2F ayz2iaSac¢
A Hard to handle performanekevel information unless using high resolution
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Multitrack pianoroli

¢ Drums

Drums
pitch
0

I Pianp-

Piano
pitch
0
|
|
|

|

ZrGuitar

Guitar
pitch
Fa0
|
|
1
I
|||
||
]
|
1
|
1
|
|
|

¢rBasg

Bass
pitch
0

<rStrings

Strings
pitch
]

1 2 3 4 5 6 7 8B 9% 101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48
time {beat)




MuseGAN Generator

Bar Generator

‘<,
(@] §>

ilse AN MIti-tréck sequentlal generative adversarial networks for symbolic music generati
O2 Y IARARAIE Sy (i 5 g6




MuseGAN Generator

track-independent

K ﬁ« No Coordination

track -dependent

52y 3
YR

/i
O

se®AMN Mdti-track sequentlal generative adversarial networks for symbolic music generati

O2 Y IAMRARAIS Sy (i = ¢

Bar Generator
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MuseGAN Generator

Temporal
Generator

Bar Generator

5
I

2
Yy

y 3
R

SY
O

ilse AN Mdti-tréck sequential generative adversarial networks for symbolic music generati
O2 YIARAAIT SY (I 5 ¢
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MuseGAN Gene

Keyt Use different types of latent
variables to enhance controllability

Time
FatOr Dependent | Independent
Tk Dependent Melody Groove
Independent| Chords Style

<
LL
(@] §>

O2 YIARARIT SY (i = ¢

Bar Generator

ilse AN Mti-tréck sequential generative adversarial networks for symbolic music generatig 9




Sample 1 Sample 2

MuseGAN Samples

Drums Piano Guitar Bass Strings

bass line

drum patterns

More samples can be found Bttps://salu133445.github.io/musegan/results
52 )v/ 3 iiseGAN BIAti-tréck sequential generative adversarial networks for symbolic music generation
FYR FOO2Y ARARAIESY (i 5 ¢ (0



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

Vd A\

STF2NB U0UKS O2RAY3I &S5

LPD(LakhPianorollDataset) Pypianoroll(Python package)

A174,154multi-track pianerolls  AManipulation & Visualization
ADerived fromLakh MIDI Datasét Agfficient I/O

ﬁ:\j/lai_nly DIOFIJ:)SIOHQS - AParse/Write MIDI files

We will use them in thenext codingsession!

[Lakh MIDI Dataset]ttps://colinraffel.com/projects/Imd/

[Pypianorol] https://salu133445.github.io/pypianoroll
[LakhPianorollDataset]https://salu133445.github.io/lakfpianorolldataset

52y 3 PypiatofolidPen dource Python package for handling multitgsiekoroll$ KSMIRLBD2018. 7 1



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

L Coding sessiontdlGAN forpianorolls

GoogleColabnotebook link

https://colab.research.google.com/drive/IWrFtqo5LW8QfhiuhHmMge90QLexWwS2BcM

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

Clicki:#" open in playground

You can also find the link on the tutorial website

(2



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

—_

BinaryMuseGAN

hard
thresholding

[

/

— D—__ Bernoulli
- ] sampling
52y3 yR | lFy3x
3 Sy S NISMIR20¢BS ¢

a dza S D bup@a

(realvalued)

Keyt Nave binarizationmethods can
easily lead tooverly-fragmented notes

BinaryMuseGAN
(+DBNSs)

less overlyfragmented notes

G/ 2y @2tdziazyl £ 3ISYSNF OGAODS | F?@SNE/@YV




BinaryMuseGAN

Ausebinary neuronat the output layer of the generator

Ausestraightthrough estimatoito estimate the gradients for the
binary neurons (which involves nondifferentiable operations)

GeneratoiQ outputs Real data
MuseGAN real-valued binary-valued
BinaryMuseGAN binary-valued binary-valued

5 2
3 Sy S NHIMIR20¢BS €

y3a YR [ ly3ax a/2y@2tdziAzylf ISYSNI GADBS | ROSNRELF NF
y




LeadSheetGAN

Stage 1: Lead sheet Generation

Gremp > queue @
fime I

CT T R . oA Goos I
~J time 3 F
Temporal Generator Bar Generator
[Adz FYR _Fy3as G[SFR aKS$SG 3ISySNIGAZ2Y FyR | IKNIROBSYSyY G o8
[Adz FYR ,by3s «[SHR &KkSS8d 3SySNI A2 /SMIRYERROIBNNS yASY Sy i /&l




LeadSheetGAN

Stage 2

|Melody Feature

Chord : Extractor ||

.......
R SRR,
g BERETTi

..............

[Adz F YR [ Fy3s 4[SHR &KSSd 3ISYSNIGAz2Yy | yR | KNIBOBSYSYi_oeg
[Adz FyR ,by3s &[ S$FR aKk$S80( 385y SNI A2y SMRYERROIBNNI y3SYSy i /&l




LeadSheetGAN

Stage 3: Arrangement Generation

Strings
- Piano
Guitar
S0 Drum
’ Bass

Feature

HEATITATAT
.......
55555555555555 E

--------------

Conditional Bar Generator

[Adz FyR ,by3s 4[SFR aKS$SG 3SySNIGAz2y FyR | KMISOBSYSy(_ o8
[Adz FYR ,by3s «[SHR ak$8d 38y SNI (A2 /SMRYERROIBNNS y3SYSy i /@A




Keyt First generate the lead
sheet, then the arrangement

LeadSheetGAN

Stage 1: Lead sheet Generation Stage 2 Stage 3: Arrangement Generation
Gremp queue @
|:|| time _I._
: > B [ J/ Strings
/ L = /I Melody N Feature | Planog
[ —— . g 1—1Gousi I Chord Extractor G o Iﬁﬂl':._lar
Y Giemp,i queue | \I. 5 Bass
\' time B
4 1 [ Feature
Temporal Generator Bar Generator |} | Lessss
Conditional Bar Generator

(Unconditional) GAN Conditional GAN

P IKMIAZOEBS Y Sy 0 __0 8

/8

y I yR
VISMIRYBR20ESNNT y 3 S Y Sy i

N

o o
N

<SS
A« ¢
(j))(j))
A« ¢
Qx QX
<<
v U
Z Z
gy
N
> >
N N

,hy3az o al
Fy3as 4]
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LeadSheetGAN Samples

AR

> The Beatles
Hey Jude

Marron 5

Payphone latent space interpolation

unknown

unknown
00

y YR | KRMIA0BSYSyi_o0@
YSMIRYBR20E8NINJ yasvsyu7@ .




LeadSheetGAN Samples

4 = == = > T ! ]
Melody HC =1 & ! i ==t —a—
\\7 bl |7 | L ] 11 1 i 1
D 1 — & 1
. ot e i i
Drum HC—%F 1~ h&y- = .
{ 1 Xl T -Jl
a} o
) = T T = T ]
it GG — Z ZEss——
J e —
£F- =
O I i fe=t t =T T
e coi, el [
J 5 : .
) . A m
Piano g rrange ent generatlon
N | V4 Py fal
e E===—s=rrry A DS Ymalziyg Goeze f S|
= __%__ F g
"‘" E
) O T 1 e B =
o Ee—— =
J = ::3: 3 Tl
v 9°9 dv w8
) T T T ]
Bass € e — ! & e K]
~ 7 37 I 1= 2 BN
4V4§ 1& v

More samples can be found Bttps://liuhaumin.github.io/LeadsheetArrangement/results

[Adz FYR _Fy3s a&[ SFR

aKSSO 3ASYSNYGAZ2Y YR | IKMNIROBSYSyY

R
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https://liuhaumin.github.io/LeadsheetArrangement/results
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Introduction to GANS
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L Scope of music generation

1. Symbolic melody generation
A XA melody

2. Arrangement generation
A XA piano roll
A melodyA piano roll

3. Style transfe-

A piano rollA piano rolQ
A audioA audiaQ

4. Audio generatior|
A XA audio
A piano rollA audio




CycleGAN#®r
Music Style Transfer

o
119"

20th Conference of the International
Society for Music Information Retrieval

pianoroll A LIA | Yy 2
audioA I dzRA 2 [
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L Music style transfer

AAlter the éstyleg but keep thedcontents fixed

AThree types of music style transfer [1]
1. composition style transfeffor score
2. performance style transfefor performance control
3. timbre style transferfor sound

A Little existing worlon performance style transfer (e.g., [2])
uses deep learning

omM8 51 A SO | fdX GadzaA OMUMEZ018S (G NJ yAFSNY | LIRAAGAZ
[2] Shihetalg! yI f@8adAa YR aeyikSara 2F (KS DARGITAY LI |34y‘y




Composition style transfer (musical genre)

AExamplehttps://www.youtube.com/watch?v=buXgNqBFd6E

AReorchestrations of
Beethoven'sOde to Joy
by a collaboration

"Ode to Joy" harmonized in the style learned from:

AUDIO RECORDING

between human and Al OF
(Sony CSL Flow Machines) "PENNY LANE"
(THE BEATLES)

L Gl
AN@EmE?

PacheE d&a! W2eé¥FdzZ hRS (2 |dzi2YFGAO
2 NDK S a (AQW TIg2a1g > €
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https://www.youtube.com/watch?v=buXqNqBFd6E

Composition style transfer (musical genre)

MIDI Region

ATransfer amon@lassic, Jazz, and P{p2]

AModel: standard convolutionalycleGAN

Al/O representationsingletrack piano roll(64 x 84)
A merge all notes of all tracks (except for drums) into a single track
A discard drums
A 7 octaves (GL8; hence 84 notes)
A 4/4 time signature, 16 time steps per bar, 4 bars as a unit (hence 64 steps)
A 10k+ fourbar phrases for each genmed paired datg

[1]Brunneretak G { &Yo2f A O Ydza ACgleQARYNAPOI8 NI Yy ATFSNI oA 0K
[2]. NHzy y SNJ S Ff @Y dbSdzNIt HemMML20A O YdzaiA O ISy NB 8@1




Recag CycleGAN

AAdversarial loss + identity mapping lo&sy€le consisteny

" Adversarial loss ' Adversarial loss m
7] | 1)
S Gxoy Dy ; Dx Gy_x S
5| @ \ A : A / Y |z .
o | S :
% — A~ ; A A -% GX—)Y : GY%X
2 Y / y | XL \ Y ° y _ > y i i <« X
o) ! o) - g ' - g
&) A | ~ O |
D €T : y o) Ildentity-mapping loss ! Ildentity-mapping loss
s Gy x : Gx_y S .
(a) Forward-inverse mapping : (b) Inverse-forward mapping ! (c) Forward mapping ! (d) Inverse mapping

%K dz Slnpalreld inEgdaimage translation using cyetmnsistent adversarial networE#CC\2017 87




Composition style transfer (musical genre)

Ahttps://lwww.youtube.com/channel/UG&l NP7PrQaMV1AJ4A3HQ

APossible extensions:

A Consider different voices (including drums) separately (instead of
merging them)

A Addrecurrent layers to better model sequential information

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

ARelated:
A Supervised genre style transfer (not using GANS) using synthesized data [2]

omM8 {AY2ySidlr SG Ftox 4! J2y@g2tdziAz2ylf  HSMIRORO OK
21CtkaSd Ft ®X 4{ dZLISNBAASR adyvoz2tA0 viesR@I adat s (NJY

z

a



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

>

Timbre style transfer (instrumental sounds):
TimbreTron

ATransfer amongiano, flute, violin, harpsichordsolos
https://www.cs.toronto.edu/~huang/TimbreTron/samples page.html

AModel: modified version o€ycleGAN
Al/O representation: 4econdCQT(257 x 251)

Conditional
WaveNet

CQT CycleGAN

| dzI Yy 3 TBribreTrdn®W®WaveNe{CycleGACQT(Audio)lJA LISt Ay S T2 NJ Y dziCAR019 89



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

Drawback of cycleGAN

ACan work foonlytwo domains at a time
A For examplepianog flute, paiort violin, pianor  harpsichord etc

Adversarial loss ' Adversarial loss

g | 2
L Gx-y Dy ; Dx Gy_x S
5| T t : A Y |z .
2 \ ’ / 3 Gxy ’ Gy x
k7 A | A A = — | —
c / . \ c < > - < >
o) ! Q
Q A | A o |
D €T : y o) Ildentity-mapping loss ! |ldentity-mapping loss
2 Gy x : Gx_y S .
(a) Forward-inverse mapping : (b) Inverse-forward mapping ! (c) Forward mapping ! (d) Inverse mapping
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MUNIT instead of cycleGAN

AMUNIT[1]: an advanced version alycleGANhat incorporates

encoders/decoderstogdR A aSY U y3If SR aO02y Syl

ACan work fomultiple domainsat the same time ,

) /\ /\

~]1—]
Ly
:El—h I* I: [ . - *rj:lllllb-
! ) ’ et

Encode

: ; ! —
; . : 7 1—2
i 1 R
"1:2_- . e --"""--..,___‘1I -y _-_J- Il,llb Ve > \
z :-ﬁg_}g | L1 l domain 1 c content T : ‘
; = images
2 | loss auto encoders features =
1 T
-E-"E ETE L}E . GAN l domain 2 s style -/\ Gaussian
| © loss auto encoders features pri ‘

GmB | dzty3 Si Pt oI GaddNRYRREE NEQEEIMBLENIAAS R A Y G




Timbre style transfer (instrumental sounds):
Playas-you-like

ATransfer amongiano, guitar solos, andtring quartet (https://tinyurl.com/y23tvhijx)

AUse MUNIT

Al/O representation: Mekpectrogram “spectral difference + MFGCspectral envelope
A Cycle consistency among the chanseise features (asregularizery

A Style interpolation:
https://soundcloud.com/affige/sets/ismir201—@antutorial-suppmaterial

piano * gwtar
<2
21

[dz S |t ®S 4t f-erhancedmuti@ 2R & | Boza & @ VAMEBIOS § NI yms@z



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

Timbre style transfer (singing):
CycleBEGAN

Singer A — Accompaniment

Singing Voice
Separation

Source Audio > Singing Voice _Emgmg Style

Transfer

Real (X-domain) - Epoch #100

. 16384 —
N N
< 4096 ==
9 ' o

Wuetalz a{ Ay3IAy 3 'ZYH 3

transfer using cycle g 2o6ja " g

consistent boundary - 64 -

equilibrium generative 0 1 2 3 4 5

 ROSNEBI NRAFE ySig2NJ aigel(sec)
ICML worksho@018

Fake (Y-domain) - Epoch #100

Singer B

e i

Target Audio

2 3 4 5

Time (sec)




Timbre style transfer (singing):
CycleBEGAN

ATransfer between female and male singing vo[dés
http://mirlab.org/users/haley.wu/cybegan/ (check the outside test result)

AModel: BEGANNstead of GAN [2]

A train the generatoiG such that the discriminatoD (an encoder/decoder net)
would reconstruct fake data as nicely as real data

A have a mechanism to balance the poweGdndD
+skip connectiongalso used in [3]) +@current layer

wMB8 2dz SG Ff dX a{ Ay RdnsfsEnt BourdldrySequilibtiinygerieratNg adz@raayial  O& Of
Yy S ¢ 2IGMLavarkshop018

WHB . SNIUIKSt2G SO fdZ G. 9D! bY . 2dzy RAPXNEIL7S|j dzA £ A 0 N ©

wo®B | dzyd SG | fdZ GadzarOlf O2YLI2aAGAZ2Y [EACARKS GNQA;I

Z\


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

Kean Oplnion Soore [ MOS)

F -9

Lik

Timbre style transfer (singing):
CycleBEGAN

A Skip connectiongontribute to sharpness, lyrics intelligibility, and naturalness
ARecurrent layerdurther improves everything, especially pitch accuracy

B CycleGAN-CNN (m1) [l CycleGAN - CNN + skip (m2) CycleBEGAN - CNN [m3) [l CycleBEGAN - CNN +skip (m4) [] CycleBEGAN - CNN + skip + recurrent [m5)

445
431

Sharpness Lyrics Pitch MNaturalness Gender Owverall

2dz SO FfdX a{AyIAYyO2varddSYyNI yadzfR) NA A FHJIzZOE DO BA dz
ICML worksho@018 9 5
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Generating instrument sounds using GANS

AGenerate spectrograms
A SpecGANL], TIFGAN2], GANSyntli3]

AGenerate waveforms
A WaveGAN1]

AThere are also approaches that do not use GANs [4, 5, 6, 7]

[1] Donahueetald! ROSNE I NRA I f IGLRMRA 2 Ay iIKSaAaAaZE

WHB al N FTA20A SO It o=F NB RGES WD CMLBDIN kS ENE GA2Yy 2F |
319y 3St GANSyrthf dRAS NARF NAF§ Yy 8IMWAME | dzZRA2 deéyiKSaAazé
wné h2NRvelledy Hf ASYENF 0A DS SIOFE F2NI NI 6 | dzRA2 €
[5]DéfosseS 0 | f X HOAYDYNHzESY 2 { v NpNBST0183 Sy S NI G 2 NE €

[6] Schimbinschét al.,dSynthNet Learning to synthesize music etwdS y RICAP019

[7] éPerformanceNeScoreto-audio music generaton with mui I YR 02 y @2 £ dzi A 2 )AAAIZOlES@ 81?




SpecGANNd WaveGAN

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

AModel: based ol DCGAN

A Flatten 2D convolutions into 1D (e.g., 5x5 2D convolution becomes 1260tD)
A Increase the stride factor for all convolutions (e.g., stride 2x2 becomes stride 4)
A DCGAN outputs 64x64 images; add one more layer so that the output has 16,384 do

U
- UL L
LR ¢ A

52yl KdzS SG |f dZ 4G! ROASNIOI NR I £ | dzRA 2 ééyGKSé)\éZégg



https://chrisdonahue.com/wavegan/

GANSynth

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

AModel: based oPGGAN2] G THE s 51
A Progressively grow the GAN, ' == 32x32
from low to high resolution toRGB toRGE tORGB S
A During a resolution transition ;
interpolate between the D e 1 i -
output of two resolutions, s [ 323 ] 32:32
with weighth linearly ey 0.5
Increasing from 0 to 1 :

Y .
| 16x16 | | 16x16 | 16x16 |

(@) (b) 7 (c) ’

omMB 9y IGANSYSIN I R@SNIEI NAFf yEIMHS | dzZRA2 adeyiKSaAAaATE
2]KarrasS @+t ®T 4t NEINB&a&AGS INRGAYI 2F DIGR0IF2NI 1)



https://magenta.tensorflow.org/gansynth

PGGAN: progressive growing of GANS

G Latent
v
L 4x4 |
D

v v

4x4

Latent
v

4x4

|

8>|<8

Vo
vY

8x8

4x4

. iReals ML Reals

KarrasSG £ ®X Gt NPINBaaAgS INRgAYy3I 2F DI!ICBROLF 2 NJ )\ﬂ_l@li

Latent
v

4x4 |

Training progresses




Generator Output Si1ze

Gl \NS nth concat(Z. Pitch) (1. 1. 317)
y conv2d (2. 16, 256)

conv2d (2, 16, 256)
) ] upsample 2x2 (4, 32, 256)
AGeneratingd-secondaudio at 16kHz conv2d (4,32, 256)
https://magenta.tensorflow.org/gansynth :{:‘j_‘l‘i‘:ﬂ s D
conv2d (8, 64, 256)
AModel: based olPGGANconv2d conv2d (8. 64, 256)
] upsample 2x2 (16, 128, 256)
AOutput: mel-spectrogram+ instantaneousfreq (IF)  comd (16, 128, 256)
. . - conv2d (16, 128, 256)
A Use IF to derive the phase, and then use inverse STF —— f I: E
to get the waveform conv2d (32, 256, 128)
A STFT window size 2048, stride %4@, about 128 frames up”‘m]‘:ﬂ - e
A 1024bin melfrequency scale conv2d (64,512, 64)
A Target output tensor size:28x 1024x 2 Up”‘mizl - Ao
A (2x16MH4x32MHX M128x1024) conv2d (128, 1024, 32)
conv2d (128, 1024, 32)
generator output (128, 1024, 2)
9y St GANSyrtht BSREGSNA | NA | y &OdMmME | dzZRA 2 ae vy KSa)\alz@z



https://magenta.tensorflow.org/gansynth

L GANSynthWhy Instantaneous frequency?

\

N_/

Frequency

Time

Frequency

Frequency

Time

Frequency

]

Wave ; : : : :
[ o @ ® ® ® -—e -2 ® [

w/ Frames : : \ : \ : \ \ : \ - \ :
1 T
Phase I ‘ - .
Unwrapped T e 0
Phase 2T
Instantaneous T
Frequency T

Log Magnitude Phase Unwrapped Phase

Instantaneous Frequency

W 44
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GANSynthPitchconditioned generation

Alnput to the generator

(Generator

A 256-dim random vector Z —

A 61-dim one-hot vector (MIDI 2484)
for pitch conditioning

AAuxiliarypitch classification los$or the
discriminator (ACGAN [1])
A In addition to the real/fake loss
A Try to predict the pitch label

[1]OdenaS 4 | f &% &/ 2y RAGA2Y LT AYLF 23S
Of  Aaa A FICKEURO1ID! bayxé

2d

Output Size
concat(Z, Pitch) (1. 1. 317)
(2, 16, 256)
(real ) (e 2)
(fake ) (-
(Xreat @ata)) (X
G

ae y'L[cm 9)a [z(

AC-GAN
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GANSynth: Possible future extensions

AModify the network to generate variablength audio

AFromnote-level synthesis Singe ot , singo
(1.e., conditionon a one-hot pitch vecta); - - o, >
to phraselevel syntehsis
(1.e., condition on g@iano roll) [1,2] Zeoniion
A The IF might be noisy during note transitions — Zaudo Audio
A May need to deal with the use of playing techniques [3]— =1 | Da -»E
Piano roll

om8 2 | y 3 PerbimancdNgtScaretodaudio music generation with mulbiand convolutional residual
networkz AAAI2019

wH 8 / K SBemdasiratibnfoeXforndanceNetA convolutional neural network model for scereaudio
music generatioh EJCAI demo pap&tD19

wo 8 { dIEMNTHTedhriggembedded note tracking for reavorld guitar solo recordings¥ISMIR019 105




PerformanceNet: Possible future extensions

ABuilding arAl Performek [1,2,3]

T

. Zaudio

— —=|—>» Es —>» —>»{Disentanglement

Piano roll /

/
Da
\

om8 2 | y 3 PerbimancdNgtScaretodaudio music generation with mulbiand convolutional residual
V' S U o 2ANA2019

wHB8 [/ KSYy Si I { pefforniaBcSNeR yamioltiorialineusal netvifork model for scareaudio
Ydza A O 3 SNCANderfioAp@pgILd

[3]0oreS G f ® d¢KAE GAYS SAGK FSSEAYyawWw2oSt NY A Y 3 1@6IN
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Limitations of GANS

AA bit difficult to train (it's helpful to know some tips and tricks [1])
AOnly learnrzlhX mapping, not the inversédty)
ALess explainable [2]

ALess clear how GANs can model 4ike¢ data or musical scores

AUnclear how GANs (and all other music composition models in
general) can generat@ews music genres

[1]a1 26 G2 ¢NJIAY | D! bK ¢ A Litps/giRubizdiPs@initn/gaintBcky (S D! ])
[2] KelzandWidmeE d ¢2 6 NR&a AYUSNILINBOFo0ofS LI2fteLIK2yAO GNIFy3
y S ¢ 2I1SNJIRELS 108




L The many other generative models

AVariationalautoencoderqVAES)
AFlowbased models

AAutoregressive models

AAttention mechanisms (transformers)
ARestricted Boltzmann machines (RBMSs)
AHidden Markov models (HMMs)

AXIF YR Y2 NBH
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Future research directions

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

ALearning to generate music with better structure and diversity
ABetterinterpretability and human control (e.g., [1])

A Standardized test dataset and evaluation metrics [2]
ACrossYy 2 RIf 38y SN} GA2ys Sod3dr aYdaiod b |
AlInteractive music generation (e.qg., [3])

[1] Lattnerand Grachterk Highlevel control of drum track generation using learned patterns of rhythmic
interaction> WWASPAR019

[2] Katayoseet al, dOn evaluating systems for generating expressive music performancRetheon
experienc& dournal of New Music Resea@bil 2

B]1 aAl 2 S{ | f w&ingdnwradtiveR YE2 WA GNRT GA2Y 2 F | ISMWRIBDRODI ]21()3




Future research directions

A Composition style transfer (musical genre) using the LPD dataset
AMore work on performance style transfer

APhraselevel audio generation instead of netevel synthesis [1]
AMulti-singer audio generation and style transfer

ALyricsfree singing generation [2]

AEDM generation [3,4]

omM8 G5 SY 2 PerfariNandeNeeAycongoitional neural network model for scemeaudiomusic
3 Sy S NHICAU2nyd Daper2019

21 { O2NBE FNRBSt aNN DAYy I ICERD20 SubmEsSIghS NI (1A 2 y S €
[3]DJnet AdreamT 2 NJ YI { Ay 3 | WMIRMBIPAY | G A O 5 WSE

[AldUnmixe 1y AyGSNFFOS F2N) SBMRPOIAYyI +FyR NBYAEAYT ]




Future research directions

AThedMIR4generatios pipeline

A Learning to generate music (that is expressive) from maehamescribed
data (i.e., learning to compose and perform at the same time)

Audio

_.[

Auto-tagging

_.{

Chord Recognition

» Tags —
Al Music

—b[ Beat/Downbeat Tracking

* Chords —

| synthesis |—»1] |
} I ‘

4[

Source Separation

—P[ Transcription ]—p Scores ——.[ Composition ]

YehS i

F Ry &y3 G2 3IASYSNIGS WHTT FyR t 2 LBMIBLBDO29 \ﬂ_cl%?




Thank you!
Any guestions?

Contact
HaoWen Dong alu.hwdong@gmail.com
YiHsuanYang (yang@citi.sinica.edu.tw)

Tutorial website
salul133445.github.io/ismir2019tutorial/

o
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