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(Recap) Shazam & Siri
(=)

Tap to Shazam

“What song is playing right now”

Listening...

(Source: OSXDaily)

(Source: Shazam User Guide)

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



https://support.apple.com/en-is/guide/shazam/dev9748744b6/web
https://support.apple.com/en-is/guide/shazam/dev9748744b6/web

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

Example fingerprint blocks

Original

Fingerprint extraction

Band Energy
Division Computation Bit Derivation
Lo e o

ourier ZZW =Se 0> F(n,1)
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(Source: Haitsma et al., 2002)

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



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

(Recap) Audio Watermarking

Watermark Watermark
generator detector

W — D — W — D —— Watermarked!

L» No perceivable difference < ‘




(Recap) 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.



https://arxiv.org/pdf/2401.17264

(Recap) AudioSeal (Roman et al., 2024)
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(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.



https://arxiv.org/pdf/2401.17264

(Recap) Hum to Search (Google)

“ Dance Monkey

- )
- 2 "

(Source: Google Research Blog)

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



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

(Recap) Hum to Search (Google)

Audio encoder Data augmentation
Hummed/sung audio Aligned recorded audio
sung audio
g o
e SPICE
Deep Neural - _& -
Network -
etwor b-“-""" Fn-*-_...&--"'“ o
\_ pitch values
@ [ Tone generator ]
Embeddings (0.12,-0.03,0.2, ...) (0.14, -0.04, 0.23, ...) o
QI Q tones / hummed audio
® d: «:

Loss function

(Source: Google Research Blog)

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

" (Recap) The Long Tail Problem

Mark Levy and Klaas Bosteels, “
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(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

\ (Recap) Collaborative Filtering vs Content-based Filtering

Collaborative filtering Content-based filtering

listened to by both users

7 lu“;a;l;k;;slu,;,
‘ g‘l m listen to/v
® . . ©

similar items
similar users D

listen to\‘ Jrecommend recommend\ A .




Recap) Music Playlist Generation

< Library

5 Songs Added to New Playlist.

Songs Sort Done

Heaven Is Here
Florence + the Machine

Hexie Mountains
Orville Peck

High 8

The Chainsmokers

Higher
Michael Bublé

Holy Water

Jason Aldean

Home By Now
MUNA

Honey @
Maggie Rogers

Horses
Maggie Rogers

| Hope You Change Your Mind

The Chainsmokers

| Love U
The Chainsmokers

I've Got A Friend B

Maggie Rogers

If You're Serious
The Chainsmokers

o0 DJICED)

A
B
[
D
E
F
G
H
1

J

K
L
M
N
o
P
Q
R
s
T
u
v
w
X
Y
z
#

——

Classical

Pop, soul, R&B
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(Recap) 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/

=N 4 094% >N O4N

Experiment

X

4 Playing Indie Melancholy
What's next?

o

-~ Indie Melancholy

Created for you

A wistful jour
melody and s

gv From The Ritz To The Rubble

ﬂ h Arctic Monkeys * 3:14

Crush

3 Cigarettes After Sex + 4:27

N AN

|

L
gl Funtimes in Babylon
ok 40

Father John Misty *

Melancholy indie

Surprise me! Sad indie folk Dream pop artists

) Ask for music

(Source: Android Police)

94%

Experiment
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https://www.androidpolice.com/youtube-music-ask-music-ai-playlist-assistant/

(Recap) Al Playlist (Spotify)

X

What do you want to
hear today?

Try asking

Playlist +
' A iy +
A
. 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
MOME Happiness
American Love
BOW
Ma Cherie
Terminator

Ultrafluorescent

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/



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

(Recap) Listening Behavior Analysis

YouTube’s Music Recap

Your listening this year? It's
giving...

(

/ Amped

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)

16


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

Auto-mixing
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iZotope Ozone's Master Assistant

Learning your music's sonic profile

Measuring vocal level, tonal balance, width, dynamics, and loudness

(Source: iZotope)

izotope.com/en/learn/10-steps-to-a-quick-master-in-ozone.html

Targets <+ Tonal Balance
= Genre (¥ Custom
Cinematic
Country
EDM
Folk
Hip-hop/Rap
Jazz
Loudness
Pop
RnB/Soul
Reggae

Rock

Full Mix |

Equalizer 1

"‘Lr

© Deta 7, @ Digtal v

Low-Mid

(Source: iZotope)

Bypass

High-Mid

= Presets

¥+ Releam

Full Scale v

Vocal Balance

-8.5

-8.5

Peak

o

-1.0 -1.0

Gain Match
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https://www.izotope.com/en/learn/10-steps-to-a-quick-master-in-ozone.html
https://www.izotope.com/en/learn/10-steps-to-a-quick-master-in-ozone.html

Differentiable Auto-mixing (Steinmetz et al., 2021)

Spectrogram-based VGGish model

Track

embedding

k —_ )
f 64 128 256

512 32,32

I:] Input

Softmax

[] Dropout layer

D Convolutionnal layer:
window: 3x3 , stride: 1x1

I:I MaxPooling layer.
window: 2x2, stride: 2x2

D Global average pooling layer

. Fully connected layer

~

J

ﬂi\r_

Concat

Dense block

Dense block
Dense block

Context

Parameters Waveform
|

Processed waveform

A Controller network
” I
Wavef TT Track embedding ’P )
aveform 1 » Encoder > Post-processor > .
. — | waveform 1 _,kTransformatlon network
Waveform 2 » Encoder » Post-processor > .
_ L. at | Waveform 2 Transformation network
~—»{context
(—P
Waveform N ——>‘ Encoder ¥ > Post-processor} _jTran sformation network
L Mean embedding ) Waveform N

(Source: Steinmetz et al., 2021)

Mix

Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serra, “Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” ICASSP, 2021.



https://arxiv.org/pdf/2010.10291

Differentiable Auto-mixing (Steinmetz et al., 2021)

Parameters Waveform
e v N\

—~ Gain_|

Polarity
Dense e

Dense » TCN stack —

Dense | # TCN stack

J— —
TCN stack —

Fader
Pan

N J
Y

Processed waveform

Y

Cglobal

(Source: Steinmetz et al., 2021)

Christian J. Steinmetz, Jordi Pons, Santiago Pascual

) ( A e N\
‘ . Polarity > > —>
Gain . EQ Compressor Reverb Fader Pan
Inversion P > > —-
T T ? J ; g J g J
T T [~ = B O B I3 =23 = I O = O T T
e @ 3 3 & p T F o 0P e} @
0) g -2 oS 238 g 5 s § 23 o) o
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> é © a 3 a a % ® 2 x X > S
CRECHCIICEES g

(Source: Steinmetz et al., 2021)

A differentiable (and thus trainable) mixing console!

github.com/csteinmetz1/pymixconsole

,and Joan Serra, “Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” ICASSP, 2021.
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https://arxiv.org/pdf/2010.10291
https://github.com/csteinmetz1/pymixconsole

Differentiable Auto-mixing (Steinmetz et al., 2021)

Transformation Network

Input Target Output

csteinmetz1.github.io/dmc-icassp2021

Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serra, “Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” ICASSP, 2021.

21


https://arxiv.org/pdf/2010.10291
https://csteinmetz1.github.io/dmc-icassp2021/

Differentiable Auto-mixing (Steinmetz et al., 2021)

Drum mixing Multitrack mixing
(Same mixing style) (Diverse mixing style)
DMC Mono Random Target DMC Mono Random  Target

csteinmetz1.github.io/dmc-icassp2021

Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serra, “Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” ICASSP, 2021.
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https://arxiv.org/pdf/2010.10291
https://csteinmetz1.github.io/dmc-icassp2021/

Effects & Mixing Style Transfer

23



DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)

Audio Effect 1

Audio Effect 2

Audio Effect N

——

002()

000

G
00 O

Input

>

]
Parameters

Controller

e E Encoder

(Source: Steinmetz et al., 2022)

Output

Reference

Christian J. Steinmetz, Nicholas J. Bryan, and Joshua D. Reiss, “Style Transfer of Audio Effects with Differentiable Signal Processing,” JAES, 2022.
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https://arxiv.org/pdf/2207.08759

DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)

Differentiable

Self-Supervised Data Generation Model Architecture Audio Effects

—

D o . Lia
-
T fo
DSP [ x; = Split Tip €e; < @)

OICIS) Encoder 96 -~ O h(:c,p)
x - p |
\. Augment DSP |z, = Split %,b i‘ — fg €ir Controller v “ Ty o

QOO Lra er L

||||||| II|l||I T, \ f

m?",ﬂ, na'-' :‘BT,b —p mr’a

(Source: Steinmetz et al., 2022)

csteinmetzl.github.io/DeepAFx-ST

Christian J. Steinmetz, Nicholas J. Bryan, and Joshua D. Reiss, “Style Transfer of Audio Effects with Differentiable Signal Processing,” JAES, 2022. 25



https://arxiv.org/pdf/2207.08759
https://csteinmetz1.github.io/DeepAFx-ST/

DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)

Audio Effect 1 Audio Effect 2 Audio Effect N
[— BN — B — : 7T, € >

Il ececo L]l ——~ 20 O
"lleeen ™ 008 |~ 00 o

@0 OO L Q0 Output

s I s

Input 1 1
"""" Parameters AN
:

#1 Encoder E—> Controller <—E .‘,)l

Reference

youtu.be/IZp455wiMk47t=100

Christian J. Steinmetz, Nicholas J. Bryan, and Joshua D. Reiss, “Style Transfer of Audio Effects with Differentiable Signal Processing,” JAES, 2022.
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https://arxiv.org/pdf/2207.08759
https://youtu.be/IZp455wiMk4?t=100

Beyond Fixed Processing Graph

27



distortion

in crossover
out in low
freq [500Hz] high
stereo_Ifo

freq [2.00Hz] out
offset [1.00]
delta [3.14]

| n [t oo 1 [0 Jout

Can we predict the audio processing graph used in a reference recording?

in out
gain [6.00dB]

hard [0.50]

asym [0.00]

mix

Estimating Audio Processing Graph (Lee et al., 2022)

in

out

out

distortion

in out
gain [12.0dB]

hard [0.80]

asym [0.50]

(Source: Lee et al., 2023)

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.
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https://arxiv.org/pdf/2303.08610

Estimating Audio Processing Graph (Lee et al., 2022)

Supported processors Data statistics

Processor(s): [inlets, optional*] — [outlets]; [parameters].

Low-order linear filters [15]

* Second-order low/band/highpass, bandreject, and fourth-order
low/band/highpass: [in, frequency*] — [out]; [frequency, q].

* Parametric equalizer filters - low/highshelf and bell (peaking filter):
[in, frequency™, gain™] — [out]; [frequency, q, gain].

* Crossover: [in, frequency™] — [low, high]; [frequency].

* Phaser: [in, mod] — [out]; [frequency, feedback, mix].

High-order linear filters [16] Number of nodes  Node degree Density
« Chorus/flanger/vibrato: [in, mod] — [out]; [delay, feedback, mix].
* Mono and pingpong delay: [in] — [out];
[delay, feedback, mix, frequency, g, stereo_offset].
* Reverb (mono and stereo): [in] — [out]; [size, damping, width, mix].

s PCQM4Mv2
B Singing
. Drum

Nonlinear filters

* Distortion [17]: [in] — [out]; [gain, hardness, asymmetry].

* Bitcrush: [in] — [out]; [bit].

* Dynamic range controllers - compressor/noisegate/expander [18]:
[in, sidechain™] — [out]; [threshold, ratio, attack, release, knee].

* Pitchshift: [in] — [out]; [semitone].

40 25 50 7.5 0.0 0.2 0.4

Utility processors

¢ Mix: [in] — [out]; [].

¢ Panning: [in, pan*] — [out]; [pan].

* Imager: [in] — [out]; [width].

* Mid/side splitter: [in] — [mid, side]; [].
* Mid/side merger: [mid, side] — [out]; [].

Control signal generators
* Low-frequencyuency oscillator (mono and stereo):
[1 — [lfo]; [frequency, phase, stereo_offset].
* Envelope follower: [in] — [env]; [attack, release, gain].

(Source: Lee et al., 2023)
Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023. 29



https://arxiv.org/pdf/2303.08610

Estimating Audio Processing Graph (Lee et al., 2022)

Blind estimation framework

Parameter
Estimator

Prototype
Decoder

Reference

i 1
Encoder Sources are not given:

Prototype decoder Parameter estimator

Parameter estimation

’ ? ? ? ? ? ? % Prototype decoding Xa| [Xa| |Xa| |%s| |X6| |%7| |XE
Transformer [

iéé

Token type Token type
Tokenized Node id (from|to) Node id (from|to)
graph Node/edge type Node/edge type

representation \ _xi
U

Uy

in | €43

es; |out

(Source: Lee et al., 2023)

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.
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https://arxiv.org/pdf/2303.08610

Estimating Audio Processing Graph (Lee et al., 2022)

Dry

Reference

Estimation

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.

8 7 6 5
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(Source: Lee et al., 2023)
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https://sh-lee97.github.io/apg/
https://arxiv.org/pdf/2303.08610

CTAG: Synthesizer Programming (Cherep et al., 2024)

Non-gradient-based
optimization methods

Compute Similarily /

" Sound of a Helicopter”

Svnthesized Audio
EEPEEREEEEEEES \ , ~
‘ " Tal l"lllIIll!IIJ SYNTHAX

W | | INEEEE ) IS
SRR T T T TRANT
m O waw

}

Does not need to
be differentiable!

(Source: Cherep et al., 2024)

ctag.media.mit.edu

Manuel Cherep, Nikhil Singh, and Jessica Shand, “Creative Text-to-Audio Generation via Synthesizer Programming,” ICML, 2024.
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https://arxiv.org/pdf/2406.00294
https://ctag.media.mit.edu/

Multimodal Systems
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Dance-to-music Generation (Li et al., 2024)

Multi-Genre Dance Videos

Hip-Hop

Breaking Locking Traditional

Word Bank of Instruments, , Emotions, and Learnable Tokens

“Plano” ’jogﬁd” uden
“Quitar” “sap” ‘@
“Violin” JJV@L&Z}(LL&@ L cos

Dual-Path Rhythm-Genre
Inversion

Encoder-based Textual Inversion

Rhythm Genre

Encoder @ Encoder @

Pre-trained
Text Encoder

|

Various Pre-trained
Music Generative Model ;.

5
e

e

Generated Music

a @ music with * as the rhythm
Evaluation Metrics
Genre: CLAP Score

e ;

MUSICGEN
Riffusion
GT

Time

(Source: Li et al.,, 2024)

Sifei Li, Weiming Dong, Yuxin Zhang, Fan Tang, Chongyang Ma, Oliver Deussen, Tong-Yee Lee, and Changsheng Xu, “Dance-to-Music Generation with Encoder-based Textual

Inversion,” SIGGRAPH ASIA, 2024.


https://arxiv.org/pdf/2401.17800
https://arxiv.org/pdf/2401.17800

Dance-to-music Generation (Li et al., 2024)

Input 2D 2 i , -
kel;points Encoder-based Textual Inversion Module Diffasion-Based
Direction Discretization 9 Vo ’9 va 9 .
. . VAE
& Joint A t a ¢ —
5 | Joint Aggregation j y § St
lL“ 7‘) ‘ 5 e
&ﬁvﬂ { f @( = Diffusion
coiN 2 Model
“/} v ) Direction Aggregation g ode
dp Z _J & Peak Pick » VAE
p dt Rhythm Encoder @ (%.,) I~ Decoder
Input N /
genre labels Genre r
% ; $ Transformer-Based
0 0 0 1 0 Encoder § 17,@ vl*. k PI‘O)eCtor - ‘J
0 0,0,0,0] : —_
. ¢ L VQVAE L_y|y|| ||.|||||
=1 I Encoder
3 e g
Prompt: - 2 E ;:T
“a @ music S S 2 g 5 g
with* as "P & iz P 2d 2 led b liin
the rihythm” = & = ‘
Replace / v / X
Pre-trained Text Encoder Various Text-to-music Generative Backbones

(Source: Li et al.,, 2024)

Sifei Li, Weiming Dong, Yuxin Zhang, Fan Tang, Chongyang Ma, Oliver Deussen, Tong-Yee Lee, and Changsheng Xu, “Dance-to-Music Generation with Encoder-based Textual
Inversion,” SIGGRAPH ASIA, 2024.



https://arxiv.org/pdf/2401.17800
https://arxiv.org/pdf/2401.17800

Dance-to-music Generation (Li et al., 2024)

youtu.be/y2pG2S5xDLY

Sifei Li, Weiming Dong, Yuxin Zhang, Fan Tang, Chongyang Ma, Oliver Deussen, Tong-Yee Lee, and Changsheng Xu, “Dance-to-Music Generation with Encoder-based Textual

Inversion,” SIGGRAPH ASIA, 2024.
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https://youtu.be/y2pG2S5xDLY
https://arxiv.org/pdf/2401.17800
https://arxiv.org/pdf/2401.17800

Brain2MusicC (Denk et al., 2023)

Brain as the encoder!

/

.- _ = Music
Music stimulus ® = .
Q . c reconstruction
fMRI =] Music (78
m’ \‘ response & embedding ‘é W
o =
=

\

(Source: Denk et al., 2023)

Can we decode human brain-encoded music?

Timo I. Denk, Yu Takagi, Takuya Matsuyama, Andrea Agostinelli, Tomoya Nakai, Christian Frank, and Shinji Nishimoto, “Brain2Music: Reconstructing Music from Human Brain

Activity,” arXiv preprint arXiv:2307.11078, 2023.
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https://arxiv.org/pdf/2307.11078
https://arxiv.org/pdf/2307.11078

Brain2MusicC (Denk et al., 2023)

el =
| MusicLM '
I _ ] Stage 2 |
»| High-level (MuLan) Low-level (w2v-BERT) J > Codec (SoundStream) I

| \ \
| 4 .
I y I
! ) ( '
. Stage 1 _ SoundStream |
: [ High-level (MuLan) J —l Low-level (w2v-BERT) ] decoder ,
I |

Linear
regression
A

Y

Generated music

~
lal fMRI response

(Source: Denk et al., 2023)

google-research.github.io/seanet/brain2music

Timo I. Denk, Yu Takagi, Takuya Matsuyama, Andrea Agostinelli, Tomoya Nakai, Christian Frank, and Shinji Nishimoto, “Brain2Music: Reconstructing Music from Human Brain

Activity,” arXiv preprint arXiv:2307.11078, 2023.


https://arxiv.org/pdf/2307.11078
https://arxiv.org/pdf/2307.11078
https://google-research.github.io/seanet/brain2music/

Brain2MusicC (Denk et al., 2023)

Audio embedding to brain activity prediction

Q

Low-level )
(w2v-BERT-avg) @

o

Prediction accuracy (r)
oy O

Superior
Superi
A
7 E

LH
Anterior Anterior

(Source: Denk et al., 2023)

Chittka L, Brockmann, CC BY-SA 2.5, via Wikimedia Commons

High-level

Auditory cortex

Corresponds to
base of cochlea

Corresponds to
apex of cochlea

v
\/eﬁ

Auditory Cortex

Secondary
Auditory Cortex Low — High

Frequency

(Source: Wikimedia Commons)

Timo I. Denk, Yu Takagi, Takuya Matsuyama, Andrea Agostinelli, Tomoya Nakai, Christian Frank, and Shinji Nishimoto, “Brain2Music: Reconstructing Music from Human Brain

Activity,” arXiv preprint arXiv:2307.11078, 2023.
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