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(Recap) Neural Codec

Traditional Codec
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(Recap) Autoencoders

* A neural network where the input and output are the same
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~ (Recap) VQGAN

A transformer-based

, , language model trained Patch
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(Source: Esser et al., 2021)

A VQGAN is a VQVAE equipped with adversarial loss

Patrick Esser, Robin Rombach, and Bjorn Ommer, “Taming Transformers for High-Resolution Image Synthesis,” CVPR, 2021.



https://arxiv.org/pdf/2012.09841

- (Recap) Latent Diffusion Models (LDMs)

VQGAN-based

autoencoder Diffusion model trained with the latent codes
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(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, Bjorn Ommer, “High-Resolution Image Synthesis with Latent Diffusion Models,” CVPR, 2022.



https://arxiv.org/pdf/2112.10752

(Recap) LDMs: Examples

(Source: Rombach et al., 2022)

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, Bjorn Ommer, “High-Resolution Image Synthesis with Latent Diffusion Models,” CVPR, 2022.



https://arxiv.org/pdf/2112.10752

(Recap) Latent Diffusion Model is a Chimera

A neural codec
- An CNN-based autoencoder

- Trained with a GAN-like adversarial loss

 Diffusion model in the latent space
- A denoising U-Net

A conditioning module
- Transformer-like cross-attention mechanism

worldhistory.org/image/5462/chimera-of-arezzo-florence/

Transformer Autoencoder

R ... Diffusion
2 model

CNN

U-Net

(Source: Raddato via worldhistory.org)


https://www.worldhistory.org/image/5462/chimera-of-arezzo-florence/

(Recap) Latent-based Audio Synthesis
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(Recap) Pipeline
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Step 1: Train an Autoencoder
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Step 3: Train a Latent Generative Model
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(Recap) AudioGen (Kreuk et al., 2023)

‘ il I Audio
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(speech, music, sound effects)

>

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, Jade Copet, Devi Parikh, Yaniv Taigman, and Yossi Adi, “AudioGen: Textually Guided Audio
Generation,” ICLR, 2023.

(Source: Kreuk et al., 2022)


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

(Recap) MusicGen (Copet et al., 2023)

« AudioGen for Music

« Use EnCodec (béfossez et al., 2022) as the autoencoder
- instead of SoundStream for AudioGen (Kreuk et al., 2023)

« 20k 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,” NeurlPS, 2023.



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

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

Mulan

Audio autoencoder Semantic representation Text-music correspondence
Adversarial and MLM loss and : :
Reconstruction Loss ] [ Contrastive Loss ] [ <Audio, Text> Contrastive Loss ]
A A
SoundStream w2v-BERT f I E \

—

distorted guitar”

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

(Source: Agostinelli et al., 2022)

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 Christian Frank, “MusicLM: Generating Music From Text,” arXiv preprint arXiv:2301.11325, 2023.
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https://arxiv.org/pdf/2301.11325

~ (Recap) MusicLM (Agostinelli et al., 2023)

Training
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(Source: Agostinelli et al., 2022)

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 Christian Frank, “MusicLM: Generating Music From Text,” arXiv preprint arXiv:2301.11325, 2023.



https://arxiv.org/pdf/2301.11325

~ (Recap) MusicLM (Agostinelli et al., 2023)

Inference

| G- {5 - |G s 2 3
X )

MuLan (Text)

"Hip hop song with
violin solo"

J

(Source: Agostinelli et al., 2022)

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

SoundStream

~
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Ir ol

Generated audio

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 Christian Frank, “MusicLM: Generating Music From Text,” arXiv preprint arXiv:2301.11325, 2023.
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https://arxiv.org/pdf/2301.11325
https://google-research.github.io/seanet/musiclm/examples/

(Recap) 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

15


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

(Recap) Music FX DJ (2024)

ViusicFX DJ (-
chill

swirling phasers

polka

C more doo wop digital hardcore ebm salsa snappy share mbira

funk drummer

O 0

Drums Bass

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

©

Other

16


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

- (Recap) Music FX DJ (2024

JACOB COLLIER X GEN MUSIC

youtube.com/live/I[UQWS5LgBZvQ

17


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

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

zeRT 5, o] ST E Y
STFT+MelFB VAE VAE Hifi-GAN
Al b i - Encoder Decoder
audio waveform mel-spectrogram 20 e,
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corresponding text ‘ -
FiLM Cocatenation

(Source: Ke et al., 2023)

musicldm.github.io

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

Synchronous Mixup Strategies,” /ICASSP, 2024.
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https://arxiv.org/pdf/2308.01546
https://arxiv.org/pdf/2308.01546
https://musicldm.github.io/

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

G~ compcapgie o o e M
e R o I . = - T i

The Second Verse:

The gardcns are not the same all the time:

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

| ! ;
' Ly 1] Q ’ A
how long was my patn

youtu.be/DALv7eabcv0

19


https://youtu.be/DALv7ea6cv0

(Recap) unloop (Garcia et al., 2023)

youtu.be/yzBI8Vcjd2s

github.com/hugofloresg

arcia/unloop

20


https://youtu.be/yzBI8Vcjd2s
https://github.com/hugofloresgarcia/unloop
https://github.com/hugofloresgarcia/unloop

(Recap) VampNet (Garcia et al., 2023)

Tokens iterative p_arallel Coarse Tokens iterative parallel
. IEpOoEpED decoding (sampled) decodlng_)
FlneIEE.E.E N VampNet =.= ..=.= —
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Time Detokenizer |
1 (RVQ-VAE) o
= Tokenizer - o o i
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[= (RVQ-VAE) = ] S EEt EE
Tokens
(sampled)

Prompt Output Vamp

(Source: Garcia et al., 2023)

Hugo Flores Garcia, Prem Seetharaman, Rithesh Kumar, and Bryan Pardo, “YampNet: Music Generation via Masked Acoustic Token Modeling,” ISMIR, 2023.
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https://arxiv.org/pdf/2307.04686

(Recap) 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 a trained text-to-image diffusion model?

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala, “Adding Conditional Control to Text-to-Image Diffusion Models,” /CCV, 2023. 22



https://arxiv.org/pdf/2302.05543

(Recap) Music ControlNet (wu et al., 2024)

Creator

Input Control

-
Global style control

Diffusion

> Pretrained U-net

— Happy, Jazz \

Time-varying controls

X1 Melody

«™*_ improvise
- (optional)

& Dynamics

Compose, play, or
select example
songs / templated
controls

or omit

\/

[t Rhythm

improvise
(optional) ] ‘ H
I

Spectrogram-to-Audio

Output Music

Mel spectrogram

Control branch

Denoise

(Source: Wu et al., 2024)

)n Melody

& Dynamics

P

[t Rhythm

nimm

Post-hoc analysis

Shih-Lun Wu, Chris Donahue, Shinji Watanabe, and Nicholas J. Bryan, “Music ControlNet: Multiple Time-varying Controls for Music Generation,” TASLP, 2024.
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https://arxiv.org/pdf/2311.07069

(Recap) DITTO (Novack et al., 2024)

Input: “Upbeat jazz music” —___ Text-to-Spectrogram  _ _V__ Music Spectrogram

Feature Matching Loss

T - | oo (L0 | <+ [Fen)| = [cowonw
e . (Checkpointed) 0 -—' 0) | =—s> 0)
/ V: ?V ( Target Feature Y &) /
* : 'Dﬂlll-lu i&:é/\ @
Li—1 = C o
s Editing Control ,

4

g ——48

(Source: Novack et al., 2024)
Zachary Novack, Julian McAuley, Taylor Berg-Kirkpatrick, and Nicholas J. Bryan, “DITTO: Diffusion Inference-Time T-Optimization for Music Generation,” ICML, 2024
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https://arxiv.org/pdf/2401.12179

(Recap) DITTO (Novack et al., 2024)

Input: “Upbeat jazz music” —___ Text-to-Spectrogram  _ _V__ Music Spectrogram

Feature Matching Loss
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(Source: Novack et al., 2024)
Zachary Novack, Julian McAuley, Taylor Berg-Kirkpatrick, and Nicholas J. Bryan, “DITTO: Diffusion Inference-Time T-Optimization for Music Generation,” ICML, 2024



https://arxiv.org/pdf/2401.12179

(Recap) DITTO (Novack et al., 2024)

Intensity control Structure control

————— - s — .
W ey g e A
R el e o
A atl LAk -

‘ 4 ‘ R
5 Target Intensity Curve 5 Generated Intensity Curve Target Musical Structure
-4 -4
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@ 81 @ 81
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= —10+ = —107 o o
2 —12 - g2 —12 F =
2 3
£ -14 4 E 14+
—-16 4 -16
-18 -18
-20 -20
Time Time

Time

(Source: Novack et al., 2024)

Zachary Novack, Julian McAuley, Taylor Berg-Kirkpatrick, and Nicholas J. Bryan, “DITTO: Diffusion Inference-Time T-Optimization for Music Generation,” /ICML, 2024.
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https://arxiv.org/pdf/2401.12179

Music Fingerprinting
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Shazam & Siri
(=)

Tap to Shazam

(Source: Shazam User Guide)

osxdaily.com/2017/09/08/identify-song-playing-mac-siri/
support.apple.com/en-is/guide/shazam/dev9748744b6/web

“What song is playing right now”

Listening...

(Source: OSXDaily)
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https://support.apple.com/en-is/guide/shazam/dev9748744b6/web
https://support.apple.com/en-is/guide/shazam/dev9748744b6/web

SoundHound

TAP THE

ORANGE BUTTON
TO SEARCH SONGS

Slow Burn
Kacey Musgraves onTous

1< (11) »

(Source: SoundHound)

(Source: CNet)

download.cnet.com/soundhound-music-discovery-hands-free-player/3000-2141_4-77341748.html
soundhound.com/soundhound/ 29



https://download.cnet.com/soundhound-music-discovery-hands-free-player/3000-2141_4-77341748.html
https://www.soundhound.com/soundhound/

Audio Fingerprinting
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Audio Fingerprinting for Audio ldentification

w Fingerprinting = =
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Matching
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Audio Fingerprinting

A/D Conversion
Mono Conversion
Sampling Rate
Pre-emphasis
Normalisation
Band-filtering
GSM coder/decoder

DFT
MCLT
Haar
Hadamard
Wavelet

Normalisation
Decorrelation
Differentiation
Quantisation

FRONT-END

Y

Preprocessing

E d

Framing&Overlap

¥

Transform

¥

Feature extract. |

v

Post-Processing

Y

FINGERPRINT

MODELING ~—

f

o
@ Fingerprint

v

A Audio

(Source: Cano et al., 2002)

Frame size = 10-500 ms
Overlap=50 - 98 %
Window Type

Energy Filterbank
MECC
Spectral Flatness
High-level descriptors
Pitch
Bass
Robust Hash
Freq. Modulation

(VQ) Histograms
Trajectories
Statistics

GMM

vQ

HMM

Error Correc. Words
High-level attribut.

Pedro Cano, Eloi Batlle, Ton Kalker, and Jaap Haitsm, “A Review of Algorithms for Audio Fingerprinting,” MMSP, 2002.


https://ieeexplore.ieee.org/document/1203274

Audio Fingerprinting: Examples (Haitsma et al., 2002)

Example fingerprint blocks
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Fingerprint extraction
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(Source: Haitsma et al., 2002)

Jaap Haitsma and Ton Kalker, “A Highly Robust Audio Fingerprinting System,” ISMIR, 2002. 33



https://ismir2002.ismir.net/proceedings/02-FP04-2.pdf

- YouTube's Content ID

youtu.be/9g2U12SsRns

34


https://youtu.be/9g2U12SsRns

Cover Song Identification

" Audio Pair (z1,z2) /
Singing Voice
: Recognition | :
e v v
. Transerpte Zlote) '| Tonal-Based
_—t] _—hl ! ¢ Matching
v Instrumental
| . _ : Detection : !
: [ String Matching ] : | :
i i i 53‘31,1"2 i E
i Styrics i 84 i Stonal E
a 5 >% e ;
S fus

(Source: Vaglio et al., 2021)

Andrea Vaglio, Romain Hennequin, Manuel Moussallam, and Gaél Richard, “The Words Remain the Same: Cover Detection with Lyrics Transcription,” ISMIR, 2021.
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https://archives.ismir.net/ismir2021/paper/000089.pdf

Music Watermarking
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Audio Watermarking

Watermark Watermark
generator detector

e — [ ] e [ ] e

|—> No perceivable difference < ‘

37



Audio Watermarking Against Generated Audio

Proactively watermarked speech generator

Speech
Speech |‘ all Watermark editing
Model Generator
Al-Generated Watermarked
‘Al generated?’ y
Published At i)
o 1 1 I 1| Watermark I IHI
L . Detector
~—~—
Localized
watermarking

(Source: Roman et al., 2024)

Robin San Roman, Pierre Fernandez, Hady Elsahar, Alexandre Défossez, Teddy Furon, and Tuan Tran, “Proactive Detection of Voice Cloning with Localized Watermarking,” /CML,

2024.
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https://arxiv.org/pdf/2401.17264

AudioSeal (Roman et al., 2024)

( Perceptual ] Localization VWM Labels « Predictions

L Losses J Loss LU ol
l l :

Watermark Watermark
I‘II ‘Ill—b aterma e —>‘I M_> aterma
Generator Detector
Original Watermarked Augmented
| & Masked

(Source: Roman et al., 2024)

Robin San Roman, Pierre Fernandez, Hady Elsahar, Alexandre Défossez, Teddy Furon, and Tuan Tran, “Proactive Detection of Voice Cloning with Localized Watermarking,” /CML,

2024, 39



https://arxiv.org/pdf/2401.17264

AudioSeal (Roman et al., 2024)

0.2 .
Magnlfled by 5x
_% 0.1
© -+
g}i 0.0 Original = Watermarked
n E
< -0.1
_0.2 1 ] | | 1
1.0F ' T -

Detector
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o
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O
o
1

4 5 6 7 3
Time (s)

(Source: Roman et al., 2024)

Robin San Roman, Pierre Fernandez, Hady Elsahar, Alexandre Défossez, Teddy Furon, and Tuan Tran, “Proactive Detection of Voice Cloning with Localized Watermarking,” /CML,

2024, 40



https://arxiv.org/pdf/2401.17264

AudioMarkBench (Liu et al., 2024)

—;@h} AudioMarkBench

“— g

Attacks

(Source: Liu et al., 2024)

Hongbin Liu, Moyang Guo, Zhengyuan Jiang, Lun Wang, and Neil Zhengiang Gong, “AudioMarkBench: Benchmarking Robustness of Audio Watermarking,” Neur/PS Datasets and
Benchmarks Track, 2024.
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https://arxiv.org/pdf/2406.06979

MusicFX's SynthID (Google)

labs.google/fx/tools/music-fx
deepmind.google/technologies/synthid/

About MusicFX

MusicFX is an experimental technology that allows you to
generate your own music. Certain queries that mention
specific artists or include vocals will not be generated.

MusicFX is powered by Google's MusicLM and uses Google
DeepMind’s novel watermarking technology, SynthID to embed
a digital watermark in the outputs.

We need your help to improve Al for everybody. Generated
audio and prompt suggestions are experimental. You can
report content under our policies or applicable laws, or give
feedback by clicking the flag icon so we can improve Al
responsibly together.

42


https://deepmind.google/technologies/synthid/
https://deepmind.google/technologies/synthid/

Query by Humming
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Hum to Search (Google)

research.google/blog/the-machine-learning-behind-hum-to-search/

(Source: Google Research Blog)

“ Dance Monkey
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https://research.google/blog/the-machine-learning-behind-hum-to-search/

Hum to Search (Google)

Humming

N>

research.google/blog/the-machine-learning-behind-hum-to-search/

Studio Recording

(Source: Google Research Blog)
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https://research.google/blog/the-machine-learning-behind-hum-to-search/

Hum to Search (Google)

Audio encoder

Hummed/sung audio

&

Aligned recorded audio

e

Deep Neural
Network

e

{

(0.12,-0.03, 0.2, ...)

N

Embeddings

/4

02

Loss function

research.google/blog/the-machine-learning-behind-hum-to-search/

(0.14, -0.04, 0.23, ...)

(Source: Google Research Blog)

Data augmentation

sung audio
O
‘ SPICE \

<

-

pitch values

&

[ Tone generator ]

&

fones / hummed audio

IS
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https://research.google/blog/the-machine-learning-behind-hum-to-search/

Music Recommendation
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Music Recommendation

e Spotify

amazon music
)

& Music
© YouTube Music
pandora

The Most Loved Digital
Audio Streaming Platforms

Share of respondents who have paid for audio downloads
or streaming services from the following platforms”

& United Kingdom

amazon music _ 46%
evusic [ 25
© Music - 26%

Jilla SOUNDCLOUD . 12%

* in the 12 months prior to the survey
2,362 (UK)/4,944 (USA) respondents (18-64 y/o) surveyed Jul. 2023-Jun. 2024

Source: Statista Consumer Insights

£E United States

eseotiry |||+
emzzonmusic || 44%
evusic [N 6%
omsic [N 33+
pandora - 23%

statista %a

Anna Fleck, “The Most Loved Digital Audio Streaming Platforms,” Statista, September 30, 2024. 48



https://www.statista.com/chart/29016/most-popular-music-streaming-services/

Music Recommendation

What to play next?

e 4

A\lrw I:Hkqgwgtg

Musical

Soundtrack, classical

Rock

Classical

Pop, soul, R&B
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The Long Tail Problem

Mark Levy and Klaas Bosteels, “

3000000 . : : 1 ; 1
2500000 b+ _____________ — _____________ — _____________ ______________ S
. 2000000 k- , ___________ ______________ ______________ ______________ ______________ ______________ ______________
3 ; ._" \ " i
g N
z \
N 1500000 |-t W S SR SR SR SR R
2
E
=] : : . . . . .
1000000 - S S W T— SOR— S— S— S—
500000 oo L N e
— <0.1% -
| ; : | - Long tail
ol ’ i i ——
100 10! 102 10 <10t 10° 10° 18>

rank

(Source: Levy & Bosteels, 2010)

Music Recommendation and the Long Tail,” WOMRAD, 2010.
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https://ceur-ws.org/Vol-633/wom2010_paper10.pdf

Collaborative Filtering

v/
v/
v/
v/
v/
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- User-based Collaborative Filtering

}

Vv ) similar users

}

v/
v/
v/
v/
v/

v/
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Collaborative Filtering

v/
v/
v/
v/
v/
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~ Item-based Collaborative Filtering

v/
v/
v/
v/
v/

v/

similar songs

—/
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~ Item-based Collaborative Filtering

C L L X

similar songs

v v
recommend
4
v v
v
v/
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~ Item-based Collaborative Filtering

C L L X

similar songs

v v
recommend
4
v v
v
v/
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Cold Star Problem
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Content-based Filtering

«MERON MACKINTOSH Presents

=

s [Vliseral
THE MUSICAL THAT SWEPT THE WORLD

IN CONCERT AT THE ROYAL ALBERT HALL

- e Ey )

Musical Musical
Live concert version Live concert version
Concert at Royal Albert Hall Concert at Royal Albert Hall

similar songs



- Cold Star Problem

New user [
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User Profile Modelling

Data type

Example

Demographic

Age, marital status, gender etc.

Geographic

Location, city, country etc.

Psychographic

Stable: interests, lifestyle, personality etc.

Fluid: mood, attitude, opinions etc.

(Source: Song et al., 2012)

Yading Song, Simon Dixon, and Marcus Pearce, “A Survey of Music Recommendation Systems and Future Perspectives,” CMMR, 2012.
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Collaborative filtering

listened to by both users

Q%Q
@ i

similar users

listen to\‘ et Jrecommend

Collaborative Filtering vs Content-based Filtering

Content-based filtering

listen to/v

- similar items

recommend\
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Music Playlist Generation

5 Songs Added to New Playlist.

< Library Songs Sort Done

Heaven Is Herg
Florence + the Maghine

Hexie Mountafs
Orville Peck

High 8

The Chainsmoker;

Higher
Michael Bublé

Holy Water

Jason Aldean

No

Sequential
recommendation ..

Horses
Maggie Rogers

| Hope You Chlinge Your Mind

0| The Chainsmoker

| Love U
y The Chainsmoker

I've Got A Frie
Maggie Rogers

If You're Serio
The Chainsmoke

——

HNLXESCHVWIOVOZIrXc—IOMMOO®W>

Pop

Pop, soul, R&B
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Ask Music (YouTube Music)

X

+ Creating a radio just for you...

TeXt p ro m pt ‘ Ask for music

androidpolice.com/youtube-music-ask-music-ai-playlist-assistant/

w N P4 094%

Experiment

X

What's

melody and
=

.

o M

W

N AN

Melancholy indie

(Source: Android Police)

=N P4 094%

4 Playing Indie Melancholy

next?

-~ g Indie Melancholy

Created for you

A wistful journey through ind

From The Ritz To The Rubble
Arctic Monkeys * 3:14

Funtimes in Babylon
Father John Misty « 3:40

Surprise me! Sad indie folk Dream pop artists

) Ask for music

Experiment
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Al Playlist (Spotify)

X

What do you want to
hear today?

Try asking

Playlist

P . Tuning into your request...
4" Tell me your ideas
%_’ Al Playlist

Tap the “+’ in Your Wait as we do
Library to get started our magic

(Source: Spotify)

Main Character Vibes

Not An Angel

d | Love You
|

n. Here's your Main Character

4° Refine this playlist

Create your
playlist

newsroom.spotify.com/2024-04-07/spotify-premium-users-can-now-turn-any-idea-into-a-personalized-playlist-with-ai-playlist-in-beta/
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User Listening Experience Modelling

7% Everything in life seems to be tied up with music
Savants

/ Enthusiasts
/ Casuals

Indifferents

Music is a key part of life but is also balanced by

o
21% other interests

Music plays a welcome role, but other things are

e far more important

40% Would not lose much sleep if music ceased to exist

(Source: Jennings, 2007)

David Jennings, “Net, Blogs and Rock 'n’ Roll: How Digital Discovery Works and What it Means for Consumers,” Boston, MA: Nicholas Brealey Publishing, 2007.
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Listening Behavior Analysis

YouTube’s Music Recap

In January, you also had Lose
Control on repeat

March was all kinds of happy, at
least musically

Afrobeats

»» Share »» Share

(Source: YouTube)

blog.youtube/news-and-events/2024-music-recap-youtube/
engineering.atspotify.com/2023/01/whats-a-listening-personality/

Spotify’s Listening Personality

The Replayer

You're a comfort listener. You stick with

the songs you like, by the artists you like,

from whenever and wherever. Why rock
the boat?

ity - Ti - Loyalty - Uni

(Source: Spotify)
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