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Intelligent Music Production



Music Production
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Music Production
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iIZotope Neutron's Mix Assistant (2019)

MIX ASSISTANT
IN NEUTRON 3

youtu.be/guUD2G9nCc0k?t=458
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IZotope Ozone’s Master Assistant (2017)

¥ Bypass ¥+ Releam
Targets + Tonal Balance Vocal Balance
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Learning your music's sonic profile
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Measuring vocal level, tonal balance, width, dynamics, and loudness

(Source: iZotope)
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Audio Effects



Insert vs Send Effects

W — [InsertFX] — W

EQ, compression, gating, etc.

K- S— el
—{ Send FX ]—

Reverb, delay, 100% wet, etc.




Audio Equalizer (EQ)
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Leveling & Panning: Spatial Placements of Sounds

(Source: University of Michigan Symphony Orchestra) - . e
(Source: Infrogmation of New Orleans via Wikimedia Commons)
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Leveling & Panning: Spatial Placements of Sounds

PANNING REFERENCE

HI HATS

LEAD GUITAR

PIANO ACOUSTIC
LEAD VOCAL

BG VOCAL 2 BG VOCAL1

RHYTHM GUITAR

LESS VOLUME - MORE VOLUME - LESS VOLUME

AV

(Source: Avid)

avid.com/resource-center/panning-audio-guide
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iZotope's Visual Mixer (2017)

VISUAL MIXER

izotope.com/en/learn/introducing-a-new-way-to-mix-visual-mixer

Listeneie oeee)
o

Louder

|

l Quieter

(Source: iZotope)

2

© Drums - Neutron

© Bass - Relay

© Elec GTR 1 - Neutron

© Elec GTR 2 - Neutron

© Synth Lead - Relay

© Synth Pad - Relay

© Lead Vox - Nectar

© Lead Vox DT - Nectar
© Harmony Vox 1 - Nectar
© Harmony Vox 2 - Nectar
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iZotope's Visual Mixer (2017)

youtu.be/_FLRDh-fZKg
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Reverberation
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(Source: Wiener Philharmoniker)

wien.info/en/art-culture/music-stage-shows/classic/new-years-concert-354184
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Neural Audio Effects
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Neural Audio Effects (Steinmetz et al., 2021)

(Source: Steinmetz et al., 2021)

csteinmetz1.github.io/steerable-nafx

Christian J. Steinmetz and Joshua D. Reiss, “Steerable discovery of neural audio effects,” NeurlPS ML4CD Workshop, 2021.
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Neural Audio Effects (Steinmetz et al., 2021)

Reverb (vocal)

Input (clean)

0 0 Default reverb
-2 1 Shorter reverb
-1 5 Longer reverb
-7 10  Distortion reverb

Reverb (guitar)

Input (clean)

-7 10 Large room

1 1 Small room

csteinmetz1.github.io/steerable-nafx

Christian J. Steinmetz and Joshua D. Reiss, “Steerable discovery of neural audio effects,” NeurlPS ML4CD Workshop, 2021.
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Neural Audio Effects (Steinmetz et al., 2021)

Delay (synth)

Input (clean)

0 0 Default reverb
-3 -3 Shorter reverb
10 0 Longer reverb

Amplifier (guitar)

Input (clean)

0 0 Amp slapback

-1 -1 Soft fuzz slap

10 -10 Tunnel

csteinmetz1.github.io/steerable-nafx

Christian J. Steinmetz and Joshua D. Reiss, “Steerable discovery of neural audio effects,” NeurlPS ML4CD Workshop, 2021.
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Neural Audio Effects (Steinmetz et al., 2021)

Steerable discovery of

neural audio effects

youtu.be/Zmo8kB-SfF4

Christian J. Steinmetz and Joshua D. Reiss, “Steerable discovery of neural audio effects,” NeurIPS ML4CD Workshop, 2021.
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Effects Transfer
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DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)

Audio Effect 1

Audio Effect 2

Audio Effect N

——

00s()

G
00 O

Input

>

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

Differentiable

Self-Supervised Data Generation Model Architecture Audio Effects
D m Lia
1 fo
DSP [ x; =% Split Zip
oIS, Encoder h(z,p)
T
w
\. Augment DSP |1, = Split xf- b Eri m f9 \V/ ‘* :i}r,a
Lr.a
OO0 : L

Lra 03’- Lrb ;{ m?‘,a)

(Source: Steinmetz et al., 2022)

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

Audio Effect 1 Audio Effect 2 Audio Effect N
M oo o — -~ F—
" eeen [ oos@ |- 00 O [—

@0 000 L oo Output

7 ; 7

Input 1 !

““““ Parameters S e

:

# Encoder E —»1 Controller <—E .‘,) |
: : Reference

youtu.be/IZp455wiMk4

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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Automatic Mixing
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Differentiable Automatic Mixing (Steinmetz et al., 2021)

Spectrogram-based VGGish model

Track

embedding

W=

128 256

L,I_J

512 32,32

D Input

[] Dropout layer

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

D MaxPooling layer
window: 2x2, stride: 2x2

D Global average pooling layer

. Fully connected layer

~

J

A

Controller network

S B

Concat

Dense block

Dense block
Dense block

/

)

Track embedding

~

Context

Waveform 1

4

Encoder

| —
)

» Post-processor

e ~

Waveform 1

Waveform 2

Waveform N —

Encoder

e —

) J

Yy 1\

Post-processor

-
“—»{context
(—P

f 1

Waveform 2

.

Parameters Waveform

/

\
L4 Polarity

Dense
Dense

Dense

Cglobal

o -
I | TCN I

stack

Processed waveform

T

Transformation network

Transformation network

\J

—»‘ Encoder

Christian J. Steinmetz, Jordi Pons, Santiago Pascual, and Joan Serra, “

o

4
Mean embedding

Post-processor ]

4

Waveform N >

(Source: Steinmetz et al., 2021)

Transformation network

Mix

Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” /ICASSP, 2021.


https://arxiv.org/pdf/2010.10291

Differentiable Automatic Mixing (Steinmetz et al., 2021)

Parameters Waveform

|—>[_Gain | ) N .
. Gai Polarity EQ C S | Fad P
v |_>_| Polarity | ain Inversion ompressor ever »L ader an |
Dense T — ’
TCN stack [— = 5 s 2333 s %3 D = 5
P—— CEECICEICEET g
TCN stack .
\ ) (Source: Steinmetz et al., 2021)
Fader . . . - -
Pan A differentiable (and thus trainable) mixing console!
A J
v
Processed waveform github.com/csteinmetz1/pymixconsole

(Source: Steinmetz et al., 2021)

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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Differentiable Automatic 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.
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Differentiable Automatic 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. 31
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Resources on Automatic Mixing

e Christian J. Steinmetz, Soumya Sai Vanka, Gary Bromham, and Marco A.
Martinez Ramirez, “Deep Learning for Automatic Mixing,” Tutorials of ISMIR,
2022.
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Beyond Fixed Processing Graph
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Estimating Audio Processing Graph (Lee et al., 2022)

in crossover distortion mix out
out in low in out in out in

freq [500Hz] high gain [6.00dB]
hard [0.50]
E asym [0.00]

stereo_Ifo distortion
freq [2.00Hz] out in out

offset [1.00] gain [12.0dB]
delta [3.14] hard [0.80]
asym [0.50]

[ n [t oo 1 [ b out

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

(Source: Lee et al., 2023)

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


https://arxiv.org/pdf/2303.08610

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

Supported processors

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].
o Parametric equalizer filters - low/highshelf and bell (peaking filter): e o
[in, frequencg*, gain™| — [out]; [frgquengy, g gain](.p g flter) Data statistics
* 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
] W Singing

e Drum
1 ‘
0.2

Nonlinear filters

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

¢ Bitcrush: [in] — [out]; [bit].

* Dynamic range controllers - compressor/noisegate/expander [18]: 0
[in, sidechain® ] — [out]; [threshold, ratio, attack, release, knee].

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

40 25 50 75 0.0 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 — [Ifo]; [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. 35
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Tokenizing a Graph

) )

U4 U3 U2 U1

— T F o F r

inl| | e43 ell| | ess i!ls €21 ut

N
Q)
"
/"‘

v il v Il e lll| v e ||| v [Ill e

1|12 21|l 3 |I{I312I1If 4 |[|[413
61 )| 52 ) |(B21) [ t3 ]|](T32)| T4 )|||P43)
XU X2 X3 L Xe UL X5 L X6 X7

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

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.
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Estimating Audio Processing Graph (Lee et al., 2022)

Blind estimation framework

Parameter
Estimator

Prototype
Decoder

Reference
Encoder

Prototype decoder

Prototype decoding
[ Transformer ]
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Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023. 37
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Estimating Audio Processing Graph (Lee et al., 2022)
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CTAG: Synthesizer Programming (Cherep et al., 2024)

" Sound of a Helicopter”
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ctag.media.mit.edu
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Compressed Music Restoration
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Restoring Compressed Audio with GANS (Lattner & Nistal, 2021)
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(Source: Cherep et al., 2024)

sonycslparis.github.io/restoration_mdpi_suppl_mat/

Stefan Lattner and Javier Nistal, Stochastic, “Restoration of Heavily Compressed Musical Audio using Generative Adversarial Networks,” Electronics, 10(11):1349, 2021
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Multimodal Systems
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(Source: YouTube)

vanish, “Star Wars scene with different music,” YouTube, https://youtu.be/xXTnSEXt__E, 2018.
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Video-Guided Text-to-Music Generation (Kim et al., 2025)
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Haven Kim, Zachary Novack, Weihan Xu, Julian McAuley, and Hao-Wen Dong , “Video-Guided Text-to-Music Generation Using Public Domain Movie Collections,” ISMIR, 2025.
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Open Screen Soundtrack Library (OSSL) (kim et al., 2025)

736 video clips from 299 films in public domain or CC-licensed
* 36.5 hours in total

« Mood annotations as Russell's 4Q (arousal-valence model)
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Haven Kim, Zachary Novack, Weihan Xu, Julian McAuley, and Hao-Wen Dong , “Video-Guided Text-to-Music Generation Using Public Domain Movie Collections,” ISMIR, 2025.
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Open Screen Soundtrack Library (OSSL) (kim et al., 2025)

youtu.be/DiBVghErShM

Haven Kim, Zachary Novack, Weihan Xu, Julian McAuley, and Hao-Wen Dong , “Video-Guided Text-to-Music Generation Using Public Domain Movie Collections,” ISMIR, 2025.
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Video-Guided Text-to-Music Generation (Kim et al., 2025)

Video-Guided Text-to-Music Generation
Using Public Domain Movie Collections

(ISMIR 2025)
Haven Kim, Zachary Novack, Weihan Xu
Julian McAuley, Hao-Wen Dong

youtu.be/SOBMicbdzmg

Haven Kim, Zachary Novack, Weihan Xu, Julian McAuley, and Hao-Wen Dong , "Video-Guided Text-to-Music Generation Using Public Domain Movie Collections,” ISMIR, 2025.
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Dance, Music & Al
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© Ayane Shé

(Source: Yamaha)

yamaha.com/en/news_release/2018/18013101/
Yamaha Global, “Yamaha Artificial Intelligence (Al) Transforms a Dancer into a Pianist - Short Version,” YouTube, youtu.be/21injmy1wsU, 2018.
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Dance-to-Music Generation (Li et al., 2024)
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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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Dance-to-Music Generation (Li et al., 2024)
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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. 51
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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. 52
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Brain2Music (Denk et al., 2023)

Brain as the encoder!
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(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. 53
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Brain2Music (Denk et al., 2023)
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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.

(Source: Denk et al., 2023)
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Brain2Music (Denk et al., 2023)

Audio embedding to brain activity prediction
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(Source: Denk et al., 2023)

Chittka L, Brockmann, CC BY-SA 2.5, via Wikimedia Commons
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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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An Overly-Simplified Music Production Workflow

1 Uf@g[&r DQ /" Performance Ticketing

-
v VY
)
—_—
' ;

Composition

57



Insert vs Send Effects

W — [InsertFX] — W

EQ, compression, gating, etc.

K- S— el
—{ Send FX ]—

Reverb, delay, 100% wet, etc.




Audio Equalizer (EQ)
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(Source: Apple)

59


https://support.apple.com/en-us/101857
https://support.apple.com/en-us/101857
https://support.apple.com/en-us/101857
https://support.apple.com/en-us/101857
https://support.apple.com/en-us/101857
https://support.apple.com/en-us/101857
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac
https://support.apple.com/en-bw/guide/logicpro/lgcef1edce5b/mac

Dynamic Range Compression

Output level
(dB)

Compressor

-75%

iThreshoId

o
’0
‘0
’0
‘0
0. -
*

Input level (dB)

>

50%

2:1
4:1

Limiter

iThreshoId

Input level (dB)

>

60



Leveling & Panning: Spatial Placements of Sounds
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(Source: Avid)

avid.com/resource-center/panning-audio-guide
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Neural Audio Effects (Steinmetz et al., 2021)

(Source: Steinmetz et al., 2021)

csteinmetz1.github.io/steerable-nafx

Christian J. Steinmetz and Joshua D. Reiss, “Steerable discovery of neural audio effects,” NeurlPS ML4CD Workshop, 2021.
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DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)
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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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DeepAFx-ST: Effects Transfer (Steinmetz et al., 2022)
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(Source: Steinmetz et al., 2022)

csteinmetzi.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. 65
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Differentiable Automatic Mixing (Steinmetz et al., 2021)
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Transformation network

Mix

Automatic multitrack mixing with a differentiable mixing console of neural audio effects,” /ICASSP, 2021.


https://arxiv.org/pdf/2010.10291

Differentiable Automatic Mixing (Steinmetz et al., 2021)
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(Source: Steinmetz et al., 2021)

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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Estimating Audio Processing Graph (Lee et al., 2022)
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Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023. 68
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CTAG: Synthesizer Programming (Cherep et al., 2024)
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Video-Guided Text-to-Music Generation (Kim et al., 2025)
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Dance-to-Music Generation (Li et al., 2024)
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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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Brain2Music (Denk et al., 2023)
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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.

(Source: Denk et al., 2023)
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