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Latent -based Audio Synthesis
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Step 1: Train an Autoencoder
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Step 2: Compute the Latent Vectors
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Step 3: Train a Latent Generative Model
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Step 4: Decode the Latent Vectors
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Latent -based Audio Synthesis: Pipeline

Step 1: Train an Autoencoder Step 2: Compute the Latent Vectors
il 0 il Pl [
e B RS P
i Aipo pve e
Step 3: Train a Latent Generative Model Step 4. Decode the Latent Vectors

o ‘ - I 2 e
-E- Iy~ &

@)

°0

O
O OO
080
O

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan




Latent -based Audio Synthesis: Training

Autoencoder Latent Generative Model
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Latent -based Audio Synthesis: Inference
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Latent -based Audio Synthesis: Pipeline
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Neural Codecs
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What is a Codec?
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SBC, AAC,aptX,
aptX HD, LDAC
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What is a Codec?
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Neural Codec

Traditional Codec
- — j — [ows| — i — -

Neural Codec

» Reconstruction loss <
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Auto encoders

A A neural network where the input and output are the same
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SoundStream (zeghidour et al., 2021)
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(Source: Zeghidour et al., 2021)

Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi, SogindStream : An End-to-End Neural Audio Codec , BASLP2021.
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SoundStream (zeghidour et al., 2021)
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Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi,

(Source: Zeghidour et al., 2021)
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SogndStream : An End-to-End Neural Audio Codec , BASLP2021.
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EnCodec (Défossez et al., 2022)

Quantizer

Discriminator

Alexandre Défossez, JadeCopet, Gabriel Synnaeve,

(Source: Défossez et al., 2022)

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

github.com/facebookresearch/ encodec

and Y oHigh FidelaylNieyral A4idio Compression , arXiv preprint arXiv:2210.13438, 2022.
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Descript Audio Codec (Kumar et al., 2023)

Residual VQ-VAE

: codebook
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(Source: Kumar et al., 2023)

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

github.com/ descriptinc /descript -audio -codec

Rithesh Kumar, Prem Seetharaman, Al ej andr o HighsFadity Audid Gompression Witlh imaroved RYQGIAN K, udlewd|Bn2028.u mar , ¢ 21
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Descript Audio Codec (Kumar et al., 2023)

Listening Test Results @ 44.1 kHz Listening Test Results @ 24 kHz
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Descript Audio Codec (Kumar et al., 2023)

Listening Test Results @ 44.1 kHz Listening Test Results @ 24 kHz
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Latent -based Text-to-Music Synthesis
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Latent -based Audio Synthesis: Pipeline

Step 1: Train an Autoencoder Step 2: Compute the Latent Vectors
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‘ AudioGen (Kreuk et al., 2023)

Audio Autoencoder Audio Language Model
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(Source: Kreuk et al., 2022)

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman, and Y oAudioGenATektyally Guided Audio Generation , 3
ICLR 2023. 26
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‘ AudioGen (Kreuk et al., 2023)
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(Source: Kreuk et al., 2022)

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman, and Y oAudioGenATektyally Guided Audio Generation , 3
ICLR 2023. 27
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AudioGen : Examples (Kreuk et al., 2023)

whistling with wind blowing

felixkreuk.github.io/ audiogen

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, JadeCopet, Devi Parikh, Yaniv Taigman, and Y oMAdioGenATektyally &uided Audio Generation , 3
ICLR 2023. 28
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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, Simple and Controllable Music Generation

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

, NMeurlPS 2023.
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MusicLM (Agostinelli et al., 2023)

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

w2v-BERT

SoundStream

Intermediate
Layer

A e

106k songs, 8.2k hours

(Source: Agostinelli et al., 202 2)

Text -music correspondence
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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 sMusichM: GeEneratingkMusicgrom Text , a&Xiv preprint arXiv:2301.11325, 2023.
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Contrastive Language-lmage Pretraining (CLIP)

Contrastive learning

- N
= 1| Image /
s = eorler Make closer!
- ~N
CLIP Make farther!
‘:: . -/ 7
& > Text
J / Encoder \ Make closer!
¢Dog 3 ~ o N J

Learn a shared embedding space for images and language

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 , EML 2021.
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Contrastive Language-Music Pretraining

Contrastive learning
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|| } Text
gDr eamy f aptas|y
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Learn a shared embedding space for music and language

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 , EML 2021.
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MusicLM (Agostinelli et al., 2023)

\_

Training
MuLan tokens M 4 Semantic tokens S ACOUS'tIC > Acoustic tokens A
modeling
" Semantic - g
MuLan to:ens M modeling Semantic :okens
— MulLan (Audio) [k_'mjeaﬂ ( w2v-BERT \ SoundStream
[ Intermediate ]
L Layer

J

5M songs, 280k hours

(Source: Agostinelli et al., 202 2)

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 sMusichM: GeEneratingkMusicgrom Text , a&Xiv preprint arXiv:2301.11325, 2023.
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MusicLM (Agostinelli et al., 2023)

Inference
T . | . T . R
M > S > M S E A SoundStream
A y
— MulLan (Text)
Generated audio
"Hip hop song with
violin solo"

. J

(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 sMusichM: GeEneratingkMusicgrom Text , a&Xiv preprint arXiv:2301.11325, 2023.
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MusicLM (Agostinelli et al., 2023)

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

w2v-BERT

SoundStream

Intermediate
Layer

A e

106k songs, 8.2k hours

(Source: Agostinelli et al., 202 2)

Text -music correspondence

[ <Audio, Text> Contrastive Loss ]

A
|
|
|
|

MulLan

—— - - —*

-

\l

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 sMusichM: GeEneratingkMusicgrom Text , a&Xiv preprint arXiv:2301.11325, 2023.
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G 0o 0 g IMask &X (2024)

TRACK 1/2 °
1Y jazzy - JUESRVAAE] smooth ~ |

saxophone ~ 1ol M1 Lol gTe f] oTol iy
sophisticated -~ U] playful ~ RViGE)
slow tempo ~

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

° <9 0:02/0:30 m o

o Startover

. Copy share
chill medium tempo soul french horn orchestral 17 Settings &, Download < link
bass heavy melodic

labs.google /fx/tools/music -fx
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G o 0 g IMastg &X DJ(2024)

ViusicFX DJ (-

swirling phasers

polka

C more doo wop digital hardcore ebm salsa snappy share mbira

funk drummer

O 0

Density Brightness Drums Bass

labs.google /fx/tools/music -fx-dj
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JACOB COLLIER

X GEN MUSIC
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Latent -based Audio Synthesis

Spectrogram

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

Spectrogram
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Latent -based Audio Synthesis: Pipeline

Step 1: Train an Autoencoder Step 2: Compute the Latent Vectors
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Latent Diffusion Models
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Vector-Quantized VAE (VQVAE)

Vector quantization

€, ee, e

Embedding
Space

1 q(z|x)
CNN =
1
3
z 2
L3 D 4 153 \
Y
Encoder (Source: van den Oord et al., 2017)

Allow only a fixed number of vectors
to be used in the bottleneck layer

Aaron van den Oord, Oriol Vinyals, and Koray Kavukcuoglu, Negral Discrete Representation Learning , MeurlPS 2017.
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Vector-Quantized GAN (VQGAN)

A transformer -based language model Patch
trained with the latent codes

Each path is encoded into a latent code discriminator
Codebook Z\ / Transformer

( | ( /~ realffake "\

I \ flr | f|r
. . NIIEE P P

.l
1 P(3)=Hip(3£|3<i) el el vl f
. . 4_ * _l
\ y ) é;'

S y,

CNN
Decoder

argmin, cz ||2 — z||

quantization

(Source: Esseret al., 2021)

A VQGAN is a VQVAE equipped with adversarial loss

Patrick Esser, Robin Rombach, and Bjorn Ommer, Taghing Transformers for High -Resolution Image Synthesis , GVPR2021.
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VQGAN: Conditional Generation

(Source: Esseret al., 2021)

Patrick Esser, Robin Rombach, and Bjorn Ommer , Taghing Transformers for High -Resolution Image Synthesis , GVPR2021.
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Latent Diffusion Models (LDMSs)

VQGAN-based

autoencoder Diffusion model trained with the latent codes
4 \|\ r- Latent Space ) (Conditioning
E Diffusion Process Eemantiq
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P B Denoising U-Net € 2y Text
(T 1) Repres
ﬁ ﬂ entations
Hi X
A 271 ZT ]
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, and Bjérn Ommer, High-Resolution Image Synthesis with Latent Diffusion Models , GVPR2022.
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Latent Diffusion Models: Unconditional Generation

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann , Dominik Lorenz, Patrick Esser, and Bjérn Ommer, High-Resolution Image Synthesis with Latent Diffusion Models , GVPR2022.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Latent Diffusion Models: Unconditional Generation

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann , Dominik Lorenz, Patrick Esser, and Bjorn Ommer , High-Resolution Image Synthesis with Latent Diffusion Models

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

GVPR2022.
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LDMs: Semantic Synthesis

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann , Dominik Lorenz, Patrick Esser, and Bjérn Ommer, High-Resolution Image Synthesis with Latent Diffusion Models , GVPR2022.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Latent Diffusion Models (LDMSs)

VQGAN-based

autoencoder Diffusion model trained with the latent codes
4 \|\ r- Latent Space ) (Conditioning
E Diffusion Process Eemantiq
Ma
P B Denoising U-Net € 2y Text
(T 1) Repres
ﬁ ﬂ entations
Hi X
A 271 ZT ]
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, and Bjérn Ommer, High-Resolution Image Synthesis with Latent Diffusion Models , GVPR2022.
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Latent Diffusion Modelisa Chimera

AA neural codec

| An CNN-based autoencoder

. . . . . Autoencoder
| Trained with a GAN -like adversarial loss Transformer _

: . : =9y ... Diffusion
ADiffusion model in the latent space b A e ode

| A denoising U -Net CNN

AA conditioning module
| Transformer -like cross -attention mechanism GAN

U-Net

(Source: Raddato via worldhistory.org)

worldhistory.org/image/5462/chimera___-of-arezzo-florence / 50
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Latent Diffusion for Music: MusicLDM (Chen et al., 2023)

zeRT 5, o] ST E Y
STFT+MelFB VAE VAE Hifi-GAN
il , o Encoder Decoder
audio waveform mel-spectrogram 20 e

Eg

( CLAP ) " U-Net Latent Diffusion Model )
_>\ Audio Encoder \)
=2 e (et
A spectacular CLAP P . .
’ R K

\

dramatic trailer ! Text Encoder

Eg; ......
FiLLM Cocatenation

corresponding text

(Source: Ke et al., 2023)

musicldm.github.io

Ke Chen, Yusong Wu, Haohe Liu, Marianna Nezhurina , Taylor Berg-Ki r kpat r i c k, a n d MBibLDM :rkaharigingiNovelty in Tekt -to-Music Generation Using Beat -
Synchronous Mixup Strategies, WEASSP2024. 51
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MusicLDM : Demo (Chen et al., 2023)

The Second Verse:

The gardcns are not the same all the time:

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

| - ' ‘ |
how long was my patn

youtu.be/DALv7eabcv0

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Masked Acoustic Token Modeling

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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VampNet (Garcia et al., 2023)

Tokens e Goarse Tokens " decoding,
(sampled) »)
VampNet TIEL LI VampNet
H EEE RN (coarse-to-fine)
Detokenizer l
(RVQ-VAE) -
- Tokenizer ..=.= ..... = .=l
Neur al ¢ E Ruemene J (RVQ-VAE) O T
Tokens
(sampled)

Prompt Output Vamp

(Source: Garcia et al., 2023)

Hugo Fl ores Garci a, Prem Seet har amaNampNei: Misie Gemeratian maMaskedaAoodistidBTokgraModekng r, dBMIR 2@23.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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VampNet (Garcia et al., 2023)

BEHEH8H
< ENB8H
=|zl=z]=]=
BEHE88H
B888H

BEBE88
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Ty,
|

[—
—

(Source: Garcia et al., 2023)

Sample a subset of the  most confident predicted tokens in each iteration

Hugo Fl ores Garci a, Prem Seet har amaNampNei: Misie Gemeratian maMaskedaAoodistidBTokgraModekng r, dBMIR 2@23.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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VampNet (Garcia et al., 2023)

. Beat Driven
Compression ,
= predicted
beat mark

Periodic i Inpainting
EOoEOD OOEOO OOEoo
AR
SOONO0 OONOO Oo0soo

(Source: Garcia et al., 2023)

Hugo Fl ores Garci a, Prem Seet har amaNampNei: Misie Gemeratian maMaskedaAoodistidBTokgraModekng r, dBMIR 2@23.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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VampNet (Garcia et al., 2023)

What sorts of music generation tasks might a musician care about?

song b 80N & songat

SO A $0NQ &

Codebook level

or 1o creale a mashup between two music e eLeh

youtu.be/3XfeWIV9CpO

Hugo Fl ores Garci a, Prem Seet har amaNampNei: Misie Gemeratian maMaskedaAoodistidBTokgraModekng r, dBMIR 2@23.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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unloop (Garcia et al., 2023)

youtu.be/yzBI8Vcjd2s & github.com/ hugofloresgarcia /unloop

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Controlling Music Generation Systems
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ControlNet (zhang et al., 2023)

PR % 23

Input Canny edge

. e e | . \
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, Adding Conditional Control to Text -to-lmage Diffusion Models , ECV 2023. 60
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ControlNet (zhang et al., 2023)

R — - ,

(zero convolution )

|

Zero -initialized
(initialized to do nothing!)

|

X X E > (?
J, !
neural network neural network trainabl
block block (locked) | || T oHaPIe COPY
: |
l i (zero convolution )
¢ : |
y ) S ——
Ye ControlNet

(Source: Zhang et al., 2023)

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

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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ControlNet (zhang et al., 2023)

Stable Diffusion

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala, Adding Conditional Control to Text
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(Source: Zhang et al., 2023)

-to-Image Diffusion Models , ECV 2023.

ControlNet

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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How would you touch me? by Synthetic Beat Brigade (2023)

Synthetic Beat Brigade

How would you

touch me?

youtu.be/O4cJ3acEGDw

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Music ControlNet (wu et al., 2024)

Creator

Input Control

-
Global style control

Diffusion

Spectrogram-to-Audio

Output Music

Mel spectrogram

— Happy, Jazz x

Time-varying controls

X7 Melody

improvise
(optional)

& Dynamics

Compose, play, or
select example
songs / templated
controls

or omit

Shih-Lun Wu, Chri s

\/

[t Rhythm

improvise
(optional) ] ‘ H
|

> Pretrained U-net

Control branch

Denoise

Donahue, Shinji

asic £onaotNet; Mula

(Source: Wu et al., 2024)
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& Dynamics
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[t Rhythm
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Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

Post-hoc analysis

BASLP2024.
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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

Input control

Control
extracted from
output

0 2 - 0 2 - 0 2 - -
Time (sec) Time (sec)
(Source: Wu et al., 2024)
musiccontrolnet.github.io/web
Shih-Lun Wu, Chris Donahue, Shinji \Masic&onaoiNet, Muliiptedimé i-varhing ICensols Jor MuSia Gereration ¢ BASLP2024. 65
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Music ControlNet (wu et al., 2024)

Input Control

Diffusion _ Spectrogram-to-Audio Output Music

Creator ~ 7
Global style control Mel spectrogram

Q. ,
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At 1 ' — . | |

Time-varying

[ - 2 E )
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youtu.be/ QVr-S-DyccU
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Inference -time Control: DITTO (Novack et al., 2024)

Input: “Upbeat jazz music”

Diffusion
(Checkpointed)

(Source: Novack et al., 2024)

Zachary Novack, Julian McAuley, TaylorBerg-Ki r kpat r i c k,

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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a n d DNTCe Diffusioa kiferdnce -BmeyTOptimization for Music Generation , EML, 2024
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Inference -time Control: DITTO (Novack et al., 2024)

Input: “Upbeat jazz music”

Text-to-Spectrogram _ _ _V_ _ Music Spectrogram

Feature Matching Loss
Diffusion T — - flx )E%“I ‘_,z > | L(f(x0),y)
(Checkpointed) 0 ’ ,
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\ Editing Control
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(Source: Novack et al., 2024)

Zachary Novack, Julian McAuley, TaylorBerg-Ki r kpat r i c k, a n d DNTCe Diffusioa kiferdnce -BmeyTOptimization for Music Generation , EML, 2024
Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Inference -time Control: DITTO (Novack et al., 2024)

Intensity control Structure control

(Source: Novack et al., 2024)

Zachary Novack, Julian McAuley, TaylorBerg-Ki r kpat r i c k, a n d DNTCe Diffusioa kxferdnce -BmeyT 0ptimization for Music Generation , EML, 2024.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

69


https://arxiv.org/pdf/2401.12179
https://arxiv.org/pdf/2401.12179
https://arxiv.org/pdf/2401.12179
https://arxiv.org/pdf/2401.12179
https://arxiv.org/pdf/2401.12179

