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Project Pitch

ATell us briefly about
| What do you plan to do?
| Task, input/output, motivation, use cases, target users, etc.

| How do you plan to approach it?
| Papers to read, expected challenges, types of datasets/models to use, etc.

ASend me a short paragraph or some bullet points by tomorrow  so that
| can provide some feedback and suggest relevant papers to look into!



Final Project

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

| Pitch November 6 Topic & high -level plans

(I' Proposal November 18 Survey & plans (1 page)) Next milestone!
| Presentation December 9 Showcase & report
| Final report December 15 Full report (3-5 pages)

AlInstructions will be released on Gradescope

ALate submissions : NOT accepted



(Recap) Frequency-domain Audio Synthesis

Spectrogram Waveform

Input

Synthesis model Inversion model
(vocoder)



(Recap) Griffin-Lim Algorithm (Griffin & Lim, 1984)

Original

0 0.6 1.2 1.8 2.4 3 3.6 4.2 4.8
Time

Griffin-Lim reconstruction

After 32 iterations!

0 06 12 18 24 3 36 42 48

Time

(Source: librosa documentation )

Dani el Griffin and Jae Li m, J S i-togne folrrieret srt ai nnsaf iBEEOMASIR984. m

librosa.org/ doc/main/generated /librosa.griffinlim.html

Given a magnitude -only STFT matrix

!

Randomly initialize the phase
WweAOCEI(D 34&4) _

Find the signal y that minimize the
MSE between the input and STFT(y)

Lee 4 &b
Find the STFT of the signal y

modi fied short


https://librosa.org/doc/main/generated/librosa.griffinlim.html

- (Recap) Example: SpecGAN (Donahue et al., 2019)

Piano sounds Bird sounds

Example of generated music

L E L E

(Source: Donahue et al. , 2019)

Chris Donahue, Julian McAuley, and Miller Puckette, Ad¥ersarial Audio Synthesis , CLR 2019.



https://arxiv.org/pdf/1802.04208

(Recap) Example: Neural Drum Machine (aocuameur etal., 2019)

Learns how to reconstruct spectrograms
from a paramet er s /gpegtidgaimsanversion
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Allows a user to interact with the model and
to generate sound from the par ame:

(Source: Aouameur et al., 2019)

Cyran Aouameur , Philippe Esling, and Gaétan Hadjeres, Nedral Drum Machine : An Interactive System for Real -time Synthesis of Drum Sounds , CCG 2019. 4



https://arxiv.org/pdf/1907.02637

(Recap) Example: Neural Drum Machine (aocuameur etal., 2019)

Third PCA
Top two PCA dimensions dimension

Sens. ) ( (" Fine ) \

[l [o

Range

Preview \[ _ ][ 5 ][10J)
|

(Source: Aouameur et al., 2019)

drive.google.com/file/d/1DD0o0_KnwkWirCM4tOPT8cp6uotsfuufj/view

Cyran Aouameur , Philippe Esling, and Gaétan Hadjeres, Nedral Drum Machine : An Interactive System for Real -time Synthesis of Drum Sounds , CCG 2019.



https://arxiv.org/pdf/1907.02637
https://drive.google.com/file/d/1DDo0_KnwkWirCM4t0PT8cp6uotsfuufj/view

(Recap) Example: DeepPerformer (bongetal., 2022)

(|

1

£ 3
o

Raw score

l Alignment model
Aligned score

l Synthesis model

Mel spectrogram

l Inversion model

Waveform

(Source: Dong et al., 2022)

Hao-Wen Dong, Cong Zhou, Taylor Berg-Kirkpatrick, and Julian McAuley, Degp Performer: Score -to-Audio Music Performance Synthesis , [CASSP2022.



https://arxiv.org/pdf/2202.06034

(Recap) Example: DeepPerformer (Dong et al., 2022)

Notes
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Alignment*
(onset & duration)

Positional encoding @—>€

Transformer

decoder

Mel spectrogram

Hao-Wen Dong, Cong Zhou, Taylor Berg-Kirkpatrick, and Julian McAuley, De&p Performer: Score -to-Audio Music Performance Synthesis

U

I I I Note embedding \

Alignment*
(onset & duration)

Polyphonic mixer

|
J rflffl T
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(Source: Dong et al., 2022)

, ICASSP2022.


https://arxiv.org/pdf/2202.06034

‘ (Recap) Example: Differentiable DSP ( DDSP) (engel et al., 2020)

N

Harmonic

Audio

—
Target —| Enceder - % \ ! - Synthesized

Audio : I | Reverb » Audio

—» Z  —» Decoder @-»l W :—»

' ] !
W ------ Filtered / l !
_, Noise
» Loudness —» JM/MNV

Multi-Scale Spectrogram Loss

(Source: Engel et al., 2020)

Jesse Engel,Lamtharn (Hanoi) Hantrakul , Chenjie Gu, Ada m M®BPeDifferentiablé Digital Signal Processing , CLR 2020.



https://arxiv.org/pdf/2001.04643

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

Amplitude

Fundamental Frequency

Original Audio d w
Enc \
- E
Dec Filtered Noise Audio
Loudness /
(Source: Engel et al., 2020) : e et e l

Combined Audio

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

Jesse Engel,Lamtharn (Hanoi) Hantrakul , Chenjie Gu, Adam P®$PeDifferentiablé Digital Signal Processing , CLR 2020.



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

Latent -based Audio Synthesis
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‘ (Recap) Generating Data from a Random Distribution

Random distribution Data distribution

O o ©
500 O o
° B 0 Gy
O
0O O O
o ° O O
5 o b o

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



- (Recap) Latent Diffusion Models (LDMs)

VQGAN-based

autoencoder Diffusion model trained with the latent codes
4 \|\ - Latent Space ) (Conditioning
ﬁ Diffusion Process Eemantiq
Ma
P B Denoising U-Net € 2y Text
(T 1) Repres
ﬁ n entations
Hi X
< 271 RT ]
Pixel Space, 9 ' y
a T
denoising step crossattention  switch  skip connection concat - J

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann , Dominik Lorenz, Patrick Esser, Bjorn Ommer , High-Resolution Image Synthesis with Latent Diffusion Models , €VPR2022.
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https://arxiv.org/pdf/2112.10752

Latent -based Audio Synthesis

Waveform

Wopepin — (] — [| —

- S8

Waveform

— o
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Step 1: Train an Autoencoder

a_’
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Step 2: Compute the Latent Vectors

Enc | —
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Step 3: Train a Latent Generative Model

O
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Step 4: Decode the Latent Vectors

) (
]
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Pipeline

Step 1: Train an Autoencoder Step 2. Compute the Latent Vectors
iy 0 N S [
nvand B _U- ol e Iﬁ _U—

PP rengy PPhoeagy Py
Step 3: Train a Latent Generative Model Step 4. Decode the Latent Vectors
5 [ I e
0° ' - . o el
o g0 —[w]— g — =] e
o -
o ° gt L i i
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Inference
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Latent -based Audio Synthesis

Spectrogram

Spectrogram
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Neural Codecs
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(Recap) Step 1:Train an Autoencoder

a_’

ﬂ;ﬁm
= it

26



Encoder

[ Waveform @ 24 kHz

l

Conv1D (k=7, n=C) EncoderBlock (N, S)
¥ |
( Y
EncoderBlock (N=2C, $=2)
¥ ResidualUnit (N/2, dilation=1)
EncoderBlock (N=4C, S=4) ‘
¥ ResidualUnit (N/2, dilation=3)
EncoderBlock (N=8C, S=5) {
] ResidualUnit (N/2, dilation=9)
EncoderBlock (N=16C, S=8) *
L] Conv1D (k=2S, n=N, stride=S)
Conv1D (k=3, n=K) L
¥
FiLM conditioning
Embeddings @ 75 Hz

ResidualUnit (N, dilation)

Example: SoundStream (zeghidour et al., 2021)

DecoderBlock (N, S)
|

Decoder

Embeddings @ 75 Hz

l

FiLM conditioning

pamen ¢

Conv1D (k=7, n=N, dilation)

)

Conv1D (k=1,n=N)

farh

@

(Source: Zeghidour et al., 2021)

L]
X Conv1D (k=7, n=16C)

(Convi D)T (k=2S, n=N, stride=S) ¥
’ DecoderBlock (N=8C, S=8)

ResidualUnit (N/2, dilation=1) ¥
' DecoderBlock (N=4C, S=5)

ResidualUnit (N/2, dilation=3) ]
; DecoderBlock (N=2C, S=4)

ResidualUnit (N/2, dilation=9) L
DecoderBlock (N=C, $=2)

L]

Conv1D (k=7,n=1)

l

Waveform @ 24 kHz

Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi, So#indStream : An End-to-End Neural Audio Codec , TASLP2021.

27


https://arxiv.org/pdf/2107.03312

Example: SoundStream (zeghidour et al., 2021)

-

Training

Encoder

N

[llllﬂl

Denmsmg
on/off

An adversarial loss is good at

Decoder

| -
-

improving the audio clarity

DiscriminNor

Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi,

(Source: Zeghidour et al., 2021)

/ f )
Inference
Transmitter
4 ™
Encoder
e r J
i Receiver
-
J-”'LI—U'”-L E Decoder
]
Send only the
codebook indices | )
N /

SodindStream : An End-to-End Neural Audio Codec , TASLP2021.
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https://arxiv.org/pdf/2107.03312

Example: EnCode

C (Défossez et al., 2022)

Quantizer

Discriminator

(Source: Défossez et al., 2022)

ai.honu.io/papers/encodec/samples.html

Alexandre Défossez, JadeCopet, Gabriel Synnaeve a n d

github.com/facebookresearch/ encodec

Y o s $ligh Fidelity Neurdl Audio Compression , @rXiv preprint arXiv:2210.13438, 2022.

29


https://arxiv.org/pdf/2210.13438
https://github.com/facebookresearch/encodec
https://ai.honu.io/papers/encodec/samples.html

Example: Descript Audio Codec (Kumar et al., 2023 )

Residual VQ-VAE

g codebook
tme raw audio

L] B B |
"EE B E
[ 1 B B
EEE B
S EEEm
B |
L] B B
L} B B |
(A | Bl B

raw audio

tokenizer detokenizer

(Source: Kumar et al., 2023)

descript.notion.site /Descript -Audio -Codec-11389fce0ce2419891d6591a68f814d5

github.com/ descriptinc /descript -audio -codec

Rithesh Kumar, Prem Seetharaman, Alejandro Luebs, Ushaan Kumar , a nHijh-Kidelityddadio Cémpmassion, withimproved RVQGAN , NeurlPS 2023.

30


https://arxiv.org/pdf/2306.06546
https://github.com/descriptinc/descript-audio-codec
https://descript.notion.site/Descript-Audio-Codec-11389fce0ce2419891d6591a68f814d5

Example: Descript Audio Codec (Kumar et al., 2023 )

Listening Test Results @ 44.1 kHz

90

80
70 —
60 -~

50 e

40

Audio quality
MUSHRA score
\

0y L —8— Reference

20 -#- Proposed
--m-- EnCodec
10

2 4 6 8 10 12
Bitrate (kbps)

Compression rate

Listening Test Results @ 24 kHz

90

80

70 -
60 7

50 ’

/z
40 / ------- L]

Audio quality
MUSHRA score
N

o I R —8— Reference

20 -#~- Proposed
--m--- EnCodec

2 4 6 8 10 12
Bitrate (kbps)

Compression rate

(Source: Kumar et al., 2023)

Rithesh Kumar, Prem Seetharaman, Alejandro Luebs, Ushaan Kumar ,

a nHibh-RidelitydAadin Cémprmssion, withimproved RVQGAN , NeurlPS 2023.
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https://arxiv.org/pdf/2306.06546

Example: Descript Audio Codec (Kumar et al., 2023 )

Listening Test Results @ 44.1 kHz
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Listening Test Results @ 24 kHz
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(Source: Kumar et al., 2023)

Rithesh Kumar, Prem Seetharaman, Alejandro Luebs, Ushaan Kumar ,

a nHigh-Ridelityd\adin Cé&mpmassion, withimproved RVQGAN , NeurlPS 2023.
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https://arxiv.org/pdf/2306.06546

Latent -based Audio Synthesis
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(Recap) Latent-based Audio Synthesis

Waveform
W —— | Enc | — — | Dec

!

Gen
!

O 5.0

O

5a O K O

0O

O O

- S8

Waveform

— o
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Example: AudioGen (Kreuk et al., 2023)

Audio Autoencoder Audio Language Model
Le Lq Az B [
A A
Audio
M Decoder
. RS TEE NEeeaaE BB LT Bl Ll iopass
) [— T m—
—
- [ comstoer 1 ‘
Audio | —
Decoder \ [coavsioer | ause
R .| Self-Attention
[ Coovin ]
Embedded text Embedded audio
Audio Positional
(ol b b
Audio e A . QO esell 208
_ ex
Encoder e —| Encoder Audio
e — Encoder
| —T—

A dog is barking in
the park I

(Source: Kreuk et al., 2022)

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman, an d Y oAudioGenATextually Guided Audio
Generation , [CLR 2023.


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

Example: AudioGen (Kreuk et al., 2023)

il B

Audio ///
Decoder

Audio
I Tokens

Audio
Encoder

i

/

>

4k hours
(speech, music, sound effects)

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman, an d Y oAudioGenATextually Guided Audio

Generation , [CLR 2023.

Audio
Decoder
Audio

(010 0]..-[]  rokens

Transformer Decoder

Cross-Attention

Causal

Self-Attention

Embedded text Embedded audio
Text Positional Audio Positional

o 0 O i

Text Tokens

Encoder Audio
Encoder

> b

A dog is barking in
the park

(Source: Kreuk et al., 2022)


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

Example: AudioGen (Kreuk et al., 2023)

whistling with wind blowing

(Source: Kreuk et al., 2022)

felixkreuk.qgithub.io/ audiogen

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman,
Generation , CLR 2023.

and

Y oAsidioGenATextually Guided Audio

37


https://arxiv.org/pdf/2209.15352
https://arxiv.org/pdf/2209.15352
https://felixkreuk.github.io/audiogen

Example: MusicGen (Copet et al., 2023)

A AudioGen for Music

AUse EnCodec (Défossez et al., 2022) as the autoencoder
| instead of SoundStream for AudioGen (Kreuk et al., 2023)

A20k hours of licensed music
| Internal dataset 10k  High-quality (private)
| ShutterStock 25k Instrument -only
| Pond5 365k Instrument -only

ai.honu.io/papers/ musicgen/

Jade Copet, Felix Kreuk, Itai Gat, Tal Remez, David Kant, Gabriel Synnaeve, Yossi Adi, and Alexandre Défossez, Sirdple and Controllable Music Generation

, NeurlPS 2023.



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

Example: MusicLM (Agostinelli et al., 2023)

Audio autoencoder Semantic representation
Adversarial and MLM loss and
Reconstruction Loss Contrastive Loss

SoundStream

w2v-BERT

Intermediate
Layer

s b

106k songs, 8.2k hours

(Source: Agostinelli et al., 202 2)

Text -music correspondence

[ <Audio, Text> Contrastive Loss ]

A
I
|
|
I

T e )

Mulan

—— - —*

—

distorted guitar”

44M 30-sec clips, 370k hours

Andrea Agostinelli, Timo I. Denk, Zalan Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingging Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil

Zeghidour , and Chr i sMusichv: GéneratingkMusicFrom Text , arXiv preprint arXiv:2301.11325, 2023.

39


https://arxiv.org/pdf/2301.11325

Contrastive Language -Image Pretraining (CLIP)

Contrastive learning

N \ B

|

Image /

7 Encoder Make closer!
- N )

CLIP Make farther!

| J |2

> Text

Encoder \ Make closer!

—  \= Y

Learn a shared embedding space for images and texts

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and llya
Sutskever, Ledrning Transferable Visual Models From Natural Language Supervision _, [CML, 2021.



https://arxiv.org/abs/2103.00020

‘ Example: MusicLM (Agostinelli et al., 2023)

Training
Acoustic
MuLan tokens M4 Semantic tokens S - = Acoustic tokens A
modeling
Semantic
A ~l .
[ MuLan tol:ens M modeling Semantic :okens S

_ (MuLan (Audio)\ k'm@ ( w2v-BERT \ ( SoundStream R

A A

h
\

Layer

[ Intermediate
\

J \."_ 1/ \. Y
Target Audio Wmm

(Source: Agostinelli et al., 202 2)

5M songs, 280k hours

Andrea Agostinelli, Timo I. Denk, Zalan Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingging Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil
Zeghidour , and Chr i sMusichv: GéneratingkMusicFrom Text , arXiv preprint arXiv:2301.11325, 2023.



https://arxiv.org/pdf/2301.11325

Example: MusicLM (Agostinelli et al., 2023)

Inference

T | T 7

M > S > M S > A SoundStream

) )

MuLan (Text) /

Generated audio

"Hip hop song with
) violin solo"

(Source: Agostinelli et al., 202 2)

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

Andrea Agostinelli, Timo I. Denk, Zalan Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingging Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil
Zeghidour , and Chr i sMusichv: GéneratingkMusicFrom Text , arXiv preprint arXiv:2301.11325, 2023.



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

Example: MusicLM (Agostinelli et al., 2023) fvhich 1s the most

challenging component?

Mulan

Audio autoencoder Semantic representation Text -music correspondence
Adversarial and MLM loss and . )
Reconstruction Loss ] [ Contrastive Loss ] [ <Audio, Text> Contrastive Loss ]
A A
| 1
I 1
| 1
SoundStream w2v-BERT f ! i \
1
1

—

distorted guitar”

106k songs, 8.2k hours 44M 30-sec clips, 370k hours

(Source: Agostinelli et al., 202 2)

Intermediate
Layer

Andrea Agostinelli, Timo I. Denk, Zalan Borsos, Jesse Engel, Mauro Verzetti, Antoine Caillon, Qingging Huang, Aren Jansen, Adam Roberts, Marco Tagliasacchi, Matt Sharifi, Neil
Zeghidour , and Chr i sMusichv: GéneratingkMusicFrom Text , arXiv preprint arXiv:2301.11325, 2023.
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https://arxiv.org/pdf/2301.11325

Music FX (2024)

TRACK 1/2 °
I\ iazzy - JLEAAWLE] smooth - |

saxophone ~ el M1 ETeI gl f] oTeliy

sophisticated -~ JELL] playful ~ RV E
slow tempo ~ B

A JAZZY PIECE WITH A
SMOOTH SAXOPHONE SOLO.
THE SOUND IS BOTH
SOPHISTICATED AND PLAYFUL
WITH A SLOW TEMPO.

0 COADO

. Copy share
C More chill medium tempo soul french horn orchestral 11 Settings &, Download < link

bass heavy melodic

aitestkitchen.withgoogle.com/tools/music  -fx

44


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

Music FX DJ2024)

ViusicFX DJ (-

swirling phasers

polka

C more doo wop digital hardcore ebm salsa snappy snare

funk drummer

Density Brightness

aitestkitchen.withgoogle.com/tools/music

mbira

DR

Drums Bass

fx-dj

©

Other

45


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

Music FX DJ2024)

JACOB COLLIER X GEN MUSIC

youtube.com/live/lTUQWS5LgBZvQ

46


https://www.youtube.com/live/IUQW5LgBZvQ

- (Recap) Latent Diffusion Models (LDMs)

VQGAN-based

autoencoder Diffusion model trained with the latent codes
4 \|\ - Latent Space ) (Conditioning
ﬁ Diffusion Process Eemantiq
Ma
P B Denoising U-Net € 2y Text
(T 1) Repres
ﬁ n entations
Hi X
< 271 RT ]
Pixel Space, 9 ' y
a T
denoising step crossattention  switch  skip connection concat - J

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann , Dominik Lorenz, Patrick Esser, Bjorn Ommer , High-Resolution Image Synthesis with Latent Diffusion Models , €VPR2022.
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https://arxiv.org/pdf/2112.10752

(Recap) Latent-based Audio Synthesis

Spectrogram

Spectrogram
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Example: MusicLDM (Chen et al., 2023)

S RY Tmel € RTXF Y
STFT+MelFB VAE VAE Hifi-GAN
s ' J - Encoder Decoder
audio waveform mel-spectrogram 7 E
Ea :
( ) T " U-Net Latent Diffusion Model )
CLAP
| Audio Encoder | \O
7 ™\ OR e Eﬁ E| D D D D E] D [|
A spectacular CLAP E 1 5- e ; ;
dramatic trailer | Text Encoder ] i L )
t |~ A .
oj4 ) [}

corresponding text ‘ -
FiLM Cocatenation

(Source: Ke et al., 2023)

musicldm.qgithub.io

Ke Chen, Yusong Wu, Haohe Liu, Marianna Nezhurina , Taylor Berg-Kirkpatrick, and Shlomo Dubnov, MukicLDM : Enhancing Novelty in Text -to-Music Generation Using Beat -

Synchronous Mixup Strategies, [CASSP2024.



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

Example: MusicLDM (Chen et al., 2023)

G — oo » - oow M

The Second Verse:

The gardms are not the same all the time:

There is a slow decay, from yellowing to yellow: i

|

| ... - g—
how long was my patn

youtu.be/DALvV7eabcv0
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https://youtu.be/DALv7ea6cv0

Controlling Music Generation Systems

51



ControlNet (zhang et al., 2023)

Input Canny edge

—

Input human pose Default “chef in kitchen” “Lincoln statue”

(Source: Zhang et al., 2023)

Can we add controls to atrained text -to-image diffusion model ?

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala, Addling Conditional Control to Text -to-lmage Diffusion Models , CCV 2023. 52



https://arxiv.org/pdf/2302.05543

ControlNet (zhang et al., 2023)

X

J,

|

neural network
block

|

l

y

e |

. (zero convolution }-

L]
L}
X ' >
L}
L]

l

neural network trainabl
block (locked) ) : | AP COPY

"
[}
"
L}
L]

|

Zero -initialized
(initialized to do nothing!)

|

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

Ye ControlNet

(Source: Zhang et al., 2023)

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala, Adding Conditional Control to Text -to-lmage Diffusion Models , [CCV 2023.

. (zero convolution )
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Stable Diffusion

ControlNet (zhang et al., 2023)
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(Source: Zhang et al., 2023)

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala, Addling Conditional Control to Text -to-lmage Diffusion Models

, ICCV2023.

ControlNet
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Synthetic Beat Brigade - How would you touch me?

Synthetic Beat Brigade

How would you

touch me?

youtu.be/O4cJ3acEGDw &
drive.google.com/file/d/1QTQ7P3iZI610anlwNQ3ewf8g3JjDjesl/view

(2023)
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Example: Music ControlNet (wu et al., 2024)

Shih-L u n

Creator

Input Control

-
Global style control

Diffusion

> Pretrained U-net

Spectrogram-to-Audio

Output Music

Mel spectrogram

— Happy, Jazz \

Time-varying controls

X1 Melody
—— improvise
(optional)

& Dynamics

Compose, play, or
select example
songs / templated
controls

or omit

Wu , Chri s

\/

[t Rhythm

Control branch

Denoise

improvise
(optional)
I

Donahue, Shinji

(Source: Wu et al., 2024)

)n Melody

& Dynamics

R

[t Rhythm

Wt

Post-hoc analysis

\Masic £antroliNet:, Multipie dimeN i-varying Cantsols dor Musia Gereemation 3 JTASLP2024.
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Example: Music ControlNet (wu et al., 2024)

With controls Extracted from songs

With controls given by Creators

Input style Inspiring, Electronic  Dynamic, R&B Inspiring, Pop Sad, Jazz Happy, Country Nostalgic, World
Output
spectrogram

Melody Dynamics Rhythm

I

TS TS ey
T T T T

M L]

Time (sec) Time (sec)

Input control

Control
extracted from
output

(Source: Wu et al., 2024)

musiccontrolnet.qgithub.io/web

Shih-Lun Wu , Chris Donahue, Shinji \Masic £antroliNet:, Multipie dimeN i-varying Cantsols dor Musia Gereemation 3 JTASLP2024. 57
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Example: Music ControlNet (wu et al., 2024)

Input Control Diffusion Spectrogram-to-Audio Outpant Music

Global style control ' Mel spectrogram

&y * | |
"'Lr 4 NPy, jars 4 - Motraned Uit —1— 9 -+ Vocoder -+ 'l|||l'l-
- | ' — - |
& Dynamacs

|
\

| Music ControlNet

youtu.be/ QVr-S-DyccU
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Example: DITTO (Novack et al., 2024)

Input: “Upbeat jazz music” —____ Text-to-Spectrogram , _ V. Music Spectrogramv vFeature Matching Loss
- - & — @ o == -
Diffusion Lo — = 5| fmo) | =5 | £(f(=0), )
crengamea 712 |- [~ |/
o : ?V ( Target Feature Y &) /
|
] ]
. . il s ARG
LTy = C &
Editing Control
\

(Source: Novack et al., 2024)

Zachary Novack, Julian McAuley, TaylorBerg-Ki r kpat ri c k, a n d DNTCc Diffusioa kferdnce -BmeyT eOptimizalion for Music Generation

. [CML, 2024.


https://arxiv.org/pdf/2401.12179

Example: DITTO (Novack et al., 2024)

Intensity control

Structure control

‘ = ‘ K
5 Target Intensity Curve 5 Generated Intensity Curve Target Musical Structure
-4 -4
-6 1 -6
@ 81 @ 87
) =
= —10+ = —107 v
2 —12 - 2 —12 - =
2 3
£ -14 4 E 14+
-16 =16
-18 -18
-20 -20
Time Time

Zachary Novack, Julian McAuley, Taylor Berg-Ki r kpat ri c k,

Time

(Source: Novack et al., 2024)

a n d DNTCc Diffudioa kferdnce -BmeyT Optimization for Music Generation

Time

. ICML 2024.
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DITTO: Diffusion for Music Generation (2024)

DITTO

Diffusion Inference-Time T-Optimization for Music Generation

Demo Video

Zachary Novacl‘(,z_lulian McAuIey‘, Taylor Berg-Kirkpatrick‘, and Nicholas ). Bryan®
' University of California San Diego

2
Adobe Research
* Work done during an internship at Adobe Research.

youtu.be/KooosSNPNo8 & ditto -music.qgithub.io/web/
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Creative Applications of Music Generation Systems
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Example: VampNet (Garcia et al., 2023)

Tokens iterative p_arallel CO&I’SG Tokens iterative parallel
 [EpoEQED decading (sampled) demd'ng')
F'“el____EE!_E:E BN VampNet EEE EEEEE _,
CoarseI s Qoro o (coarse) EEEETE . (coarse-to-fine)
!mnlnlq
Time Detokenizer |
1 (RVQ-VAE) -
. . Tokenizer — ‘_“='==.=-
Neural 3 E - — Yol (RVQ-VAE) — ] W W
Tokens
(sampled)

Prompt Output Vamp

(Source: Garcia et al., 2023)

Hugo Flores Garcia, Prem Seetharaman, Rithesh Ku mar and B rvgnegpNet:Masic Generatidn via Masked Acoustic Token Modeling , [SMIR 2023.

63


https://arxiv.org/pdf/2307.04686

Example: VampNet (Garcia et al., 2023)

MV MM Im ]
mmImImImm
mmmimvmimv
vl v Imim
ONOEDm

t=0 t=1

Sample a subset of the

Hugo Flores Garcia, Prem Seetharaman, Rithesh Ku mar

and

(Source: Garcia et al., 2023)

most confident predicted tokens

B rVanapNet :Masic Generatidn via Masked Acoustic Token Modeling

—
|l

In each iteration

, [SMIR 2023.
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Example: VampNet (Garcia et al., 2023)

Beat Driven

= predicted
beat mark

Periodic Nf } . N |

(Source: Garcia et al., 2023)

Hugo Flores Garcia, Prem Seetharaman, Rithesh Ku mar and B rvgnegpNet:Masic Generatidn via Masked Acoustic Token Modeling , [SMIR 2023.




