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What is Source Separation?
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Stem Splitter in Logic Pro
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he Middle of the Morning @D

The Middle of the Morning

Vocals
The Middle of the Morning (Stems)

The Middle of the Morning (Vocals) @D

The Middle of the Morning (Drums) QD

S B K

The Middle of the Morning (Bass) @D

The Middle of the Morning (Other) GD

s By e e —— R A Al e o PN g el

(Source: Logic Pro User Guide) (Source: Logic Pro User Guide)

support.apple.com/guide/logicpro/extract-vocal-instrumental-stems-stem-lgcp61bae908/mac
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Extracting Stems from Sample in FL Studio

Extract stems from sample
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(Source: FL Studio Reference Manual)
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Source Separation

 Also known as
- Stem separation
- Stem splitter
* Music demixing - slightly different meaning

- Stem extraction - slightly different meaning



Source Separation does NOT Remove Effects
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Applications of Source Separation

- Musical applications
* Remixing & sampling
- Music practicing & education

- Karaoke accompaniment generation

* MIR tasks (Oftentimes source separation is the first step)
* Music transcription
- Musical instrument & vocal detection
- Singer identification
* Lyric recognition

* Lyric-to-music alignment

Ethan Manilow, Prem Seetharman, and Justin Salamon, “Open Source Tools & Data for Music Source Separation,” Tutorials of ISMIR, 2020.
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How does it work?
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Mathematical Formulation
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Source Separation is an lll-posed Problem

There are more than one solutiontox =s; + s, + -+ sy
- In fact, there are infinite possibilities

- However, we do know what's more likely than another!

Trumpet Vacuum cleaner
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Time-Frequency Masking
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Time-Frequency Masking

Classification on each time-frequency bin
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Time-Frequency Masking

Source
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Time-Frequency Masking
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® HW 2: Source Separation

* Instructions will be sent by emails and released on the course website

- Part 1. Music Source Separation

«« b »

(Source: Moises)

studio.moises.ai
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Traditional Approaches
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Percussive vs Harmonic Components
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Percussive vs Harmonic Components
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Percussive sounds
tend to look vertical
in a spectrogram

Harmonic sounds
tend to look horizontal
in a spectrogram
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Applying a median filter over the time axis
makes percussive patterns less prominent!

Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Applying a median filter over the frequency axis
makes harmonic patterns less prominent!

Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)

Horizontal
median filter
Vertical
median filter

Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014. 27
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)
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Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014. 30
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HPSS: Example Result
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(Source: “Like Before” by Bessonn&sa)

Bessonn&sa, CC BY-NC-SA, via Jamendo
Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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HPSS: Example Result
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(Source: “Only Drums Jazzy Hip-Hop” by Oleg Silukov)

Oleg Silukov, CC BY-NC-SA, via Jamendo

Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014.
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® PA 3: Source Separation

* Instructions will be sent by emails and released on the course website

« Part 1: Harmonic-Percussive Source Separation (HPSS) using librosa
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Deep Learning Approaches
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Deep Learning Based Source Separation
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Deep Learning Based Source Separation

Predicted sources Ground truth
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Train the model

(optimize the parameters) Measure the difference

(loss function)

36



Demucs (Défossez et al., 2019)
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InPUt (miXture) (Source: Défossez et al., 2019)

Alexandre Défossez, Nicolas Usunier, Léon Bottou, and Francis Bach, "Music Source Separation in the Waveform Domain,” arXiv preprint arXiv:1911.13254, 2019.
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U-Net (Ronneberger et al., 2015)
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(Source: Ronneberger et al., 2015)

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation

=» conv 3x3, RelLU
= copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» COnv 1x1

/" MICCAI, 2015.
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U-Net (Ronneberger et al., 2015)
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Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "
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(Source: Ronneberger et al., 2015)
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U-Net: Convolutional Networks for Biomedical Image Segmentation,” MICCAI, 2015.
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https://arxiv.org/pdf/1505.04597
https://arxiv.org/pdf/1505.04597

A Toy Example of U-Net

nn.Conv2d(1, 4, 3, padding=“same”

.MaxPool2d(2, 2
nn.MaxPool2d(2, 2) nn.Conv2d(8, 4, 3, padding=“same”)

nn.Upsample(scale_factor=2)

| [
16 i i 16
8 i | 8 i
[ 4 | |
8 — 4 8 \
16 16
nn.Conv2d(4, 8, 3, padding=“same” )
nn.MaxPool2d(2, 2) nn.Conv2d(4, 1, 3, padding=*“same”)

nn.Upsample(scale_factor=2)



A Toy Example of U-Net

Combining high-level
and low-level features

(copies)
Skip connections |
T |
I
— — |
|I P I| a
I I -
16 i il 16
8 U ' 8 U
u 4 | u
~
8 4 8 N
16 16

nn.Conv2d(8, 1, 3, padding=“same”)
nn.Upsample(scale_factor=2)

U-Nets are useful when the inputs and outputs have the same shape!
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U-Net (Ronneberger et al., 2015)

1 64 64
128 64 64 2
input Lower-level features
image > > — > output
til segmentation
e o o)
& & map
~l ol o > > >
G E 5 2
> < X N
SEE i
o] wf o ngher-level
¥ 125 128 features
256 128
Lower level features |’|‘I
&
B E a
Y " Higher-level
26 286 Lower level features 512 256 features

|:I"I'>I =» conv 3x3, ReLU

¢ Higher-level~ copy and crop
> features  § max pool 2x2

4 ﬁlghér level 4 up-conv 2x2
2 % features =» conv 1x1

Lower-level
featu resioz 512

(Source: Ronneberger et al., 2015)

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation,” MICCAI, 2015.

42


https://arxiv.org/pdf/1505.04597
https://arxiv.org/pdf/1505.04597
https://arxiv.org/pdf/1505.04597

Applications of U-Nets Depth Estimation

Tumor Segmentation

(Source: Barakat, 2018)

Image Segmentation

(Source: Kharaji et al., 2024)

(Source: Kirillov et al., 2023)

Omar Barakat, “Depth estimation with deep Neural networks part 1,” Medium, January 11, 2018
Mona Kharaji, Hossein Abbasi, Yasin Orouskhani, Mostafa Shomalzadeh, Foad Kazemi, and Maysam Orouskhani, “nnU-Net for Brain Tumor Segmentation,” Neuroscience Informatics,

2024.
Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete Xiao, Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr Dollar, and Ross Girshick,
43

“Segment Anything,” ICCV, 2023.



https://medium.com/@omarbarakat1995/depth-estimation-with-deep-neural-networks-part-1-5fa6d2237d0d
https://www.sciencedirect.com/science/article/pii/S2772528624000013
https://www.sciencedirect.com/science/article/pii/S2772528624000013
https://www.sciencedirect.com/science/article/pii/S2772528624000013
https://arxiv.org/abs/2304.02643

Applications of U-Nets

Style Transfer

Sim2Real

(Source: Zhu et al., 2018)
(Source: Zhu et al., 2018)

Colorization Semantic Synthesis

aAla

(Source: Zhu et al., 2018) (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.
Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A. Efros, “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV, 2017. 44


https://arxiv.org/pdf/2112.10752
https://arxiv.org/pdf/2112.10752
https://arxiv.org/pdf/2112.10752
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593
https://arxiv.org/pdf/1703.10593

Demucs (Défossez et al., 2019) N N
Output fwwww

..... (sources) \/\/\/\/\/\/\/\/\/\/\/\ANWWWMM

G D AWM

Decodery (C;,, = 64, Coyy = 4 % 2) /

\ Relu(ConvTrld(Cj,, Cous, K = 8,5 =4)) /

/  GLU(Convld(Cin,2Cin, K = 3,8 = 1))

Decoder;+; or LSTM

Decodery(Cj,, = 128, Clypy = 64) /

/

Decoderg(Cin, = 2048, Coyy = 1024) /
Linear(C;,, = 4096, C\,,; = 2048) |

1 hidden size=2048
| > B L I 2 bidirectional layers

K | Encoder; )

-

[ Decoder; | - [Encoder;41 or LSTM | Fncodere(Cry — 1600, Cour — 2048) _\
GLU(conLd(cm, 2ot K =1,5 = 1)) \
/ Relu(Convld(Cin, Cout, K = 8,8 =4)) '\ Encoders (Cin = 100, Coue = 128) \
‘Encoder:;l or input Encoder; (Cin = 2, Cout = 64) \

\_

InPUt (miXture) (Source: Défossez et al., 2019)

Alexandre Défossez, Nicolas Usunier, Léon Bottou, and Francis Bach, "Music Source Separation in the Waveform Domain,” arXiv preprint arXiv:1911.13254, 2019.



https://arxiv.org/pdf/1911.13254

Demucs-Hybrid (Rouard et al., 2023)

Frequ

Simon Rouard, Francisco Massa, and Alexandre Défossez, ”

N WYANA AV VAVAVAVAVAVAAVANG AT LTAZRYLY VN
I AT\ SN S\ S N~ Output

T /1024 time steps, 2048 htq]

/

@

(sources)

Time-domain module

I' time steps.

ZDecoder; (Cin = 48,Cout =4-2-2)

TDecoder, (Ci, = 48,Cout = 4-2)

T /1024 time steps, 512 freq.

T/4 time steps

~

ZDecodery(Cip = 96, Coyy = 48) /

V4
\

TDecoderz(Cin = 96, Cour = 48)

T /1024 time steps, 128 freq.

ZDecoder3(C;p, = 192, C,yy = 96) /

T /1024 time steps, 32 freq.

ZDecodery(Cin = 384, Cou = 192) [

‘I‘ T /1024 time steps, 8 freq.

T/16 time steps

\

TDecoders(Cin = 192, Cout = 96)

T/64 time steps

\  TDecoders(Cin = 384, Cour = 192)

T /256 time steps

ency-domain module

Cross-Domain Tr

sformer Encoder

T /1024 time steps, 8 freq.

ZEncodery(Cin = 192, Cour = 384) |

T /1024 time steps, 32 freq.

ZEncoder3(C;, = 96, Cour = 192) \

I'/1024 time steps, 128 freq.

I'/256 time steps

| TEncoders(Cin = 192, Cout = 384)

T/64 time steps

[

TEncoder3(Cin = 96, Cout = 192)

I'/16 time steps

ZEncoder,(C;,, = 48, C,,y = 96) \ / TEncoders(Cin = 48, Cout = 96)
T /1024 time steps, 512 freq. T/4 time steps
ZEncoder(Cin = 2 - 2, Cout = 48) \ TEncoder, (C;,, = 2,Cous = 48)

STFT

4

Hybrid Transformers for Music Source Separation

T/1024 time steps 2048 freq. I \

T time steps

M ANSASA-
Input (mixture)

(Source: Rouard et al., 2023)

/" ICASSP, 2023.
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® PA 3: Source Separation

» Part 2: Music Source Separation using Demucs

Hz

Hz

Hz

8192
4096
2048
1024

512

256 14

128
64

8192
4096
2048
1024
512
256

128

64

8192
4096
2048
1024
512
256
128
64

Input mixture

—1 +0 dB

--10 dB

--20 dB

-30 dB

-40 dB

-50 dB

-60 dB

-70 dB

-80 dB

Input mixture

Drums

— +0dB

I-10 dB

I-20 dB

-30 dB

-40 dB

-50 dB

-60 dB

-70dB

-80 dB
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More Example Systems
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Choral Music Separation (Chen et al., 2022)

Demo
Mixture Soprano Alto Tenor Bass
\ _> \ \ \ \
Data Augmentation
soundFont Standard Expressive Expressive
(vowels only) (words)

Ke Chen, Hao-Wen Dong, Yi Luo, Julian McAuley, Taylor Berg-Kirkpatrick, Miller Puckette, and Shlomo Dubnov, “Improving Choral Music Separation through Expressive Synthesized

Data from Sampled Instruments,” ISMIR, 2022.
retrocirce.github.io/cms_demo/ 49


https://arxiv.org/pdf/2209.02871
https://arxiv.org/pdf/2209.02871
https://retrocirce.github.io/cms_demo/
https://retrocirce.github.io/cms_demo/
https://retrocirce.github.io/cms_demo/

Blob Opera

* This is NOT based on source separation
 Sharing this simply because it's cool! ®

 |It's based on a ML-based music harmonization model!

artsandculture.google.com/experiment/blob-opera/AAHWrg360NcGbw
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https://artsandculture.google.com/experiment/blob-opera/AAHWrq360NcGbw
https://artsandculture.google.com/experiment/blob-opera/AAHWrq360NcGbw
https://artsandculture.google.com/experiment/blob-opera/AAHWrq360NcGbw

Query-by-Audio Source Separation (Chen et al., 2022)

Ke Chen, Xingjian Du, Bilei Zhu, Zejun Ma, Taylor Berg-Kirkpatrick, and Shlomo Dubnov, "Zero-shot Audio Source Separation through Query-based Learning from Weakly-labeled Data,”

AAAl, 2022.

Mixture

>

Query
|||||||||||||||u....|

RS

—_—
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https://arxiv.org/pdf/2112.07891
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Cinematic Sound Separation <

Speech Music

. ’~.‘4~ ' i ‘

(Source: Wikimedia Commons)

(Source: Wikimedia Commons)

BP) Media Inc, CC BY-SA 3.0, via Wikimedia Commons.
Vancouver Film SchoolRetouched version by User:Quenhitran., CC BY 2.0, via Wikimedia Commons.
The Blackbird Academy, CC BY-SA 2.0, via Wikimedia Commons.

One Man Films, “One Shot - WAR ACTION SHORT FILM,” YouTube, September 11, 2022.

Sound effects

o

pl -

(Source: Wikimedia Commons)
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https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by/2.0
https://creativecommons.org/licenses/by-sa/2.0
https://creativecommons.org/licenses/by-sa/2.0
https://creativecommons.org/licenses/by-sa/2.0
https://youtu.be/tY9n2XMF5IQ
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https://youtu.be/tY9n2XMF5IQ

Cinematic Sound Separation

ONE SHOT

youtu.be/tYOn2XMF5IQ

One Man Films, “One Shot - WAR ACTION SHORT FILM,” YouTube, September 11, 2022.
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https://youtu.be/tY9n2XMF5IQ
https://youtu.be/tY9n2XMF5IQ
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https://youtu.be/tY9n2XMF5IQ
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Cinematic Sound Separation

youtu.be/1BRASAKDhMK
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https://youtu.be/1BR4SAKDhMk?t=87

® HW 2: Source Separation

* Instructions will be sent by emails and released on the course website

 Part 2: Cinematic Sound Separation

(Source: Moises)

studio.moises.ai
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https://studio.moises.ai/

Resources
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Datasets

MIR-1K

MedleyDB

- iKala

DSD100

MUSDB18 & MUSDB18-HQ
MoisesDB

Synthetic: Slakh2100, SynthSOD

Ethan Manilow, Prem Seetharman, and Justin Salamon, “Open Source Tools & Data for Music Source Separation,” Tutorials of ISMIR, 2020.
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https://sites.google.com/site/unvoicedsoundseparation/mir-1k
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https://sigsep.github.io/datasets/musdb.html
https://sigsep.github.io/datasets/musdb.html
https://sigsep.github.io/datasets/musdb.html
https://sigsep.github.io/datasets/musdb.html
https://github.com/moises-ai/moises-db
https://github.com/moises-ai/moises-db
http://www.slakh.com/
https://zenodo.org/records/13759492
https://source-separation.github.io/tutorial
https://source-separation.github.io/tutorial

Datasets

Dataset
MASS @
MIR-1K#
QUASIE
ccMixter
MedleyDB(

iIKala”

ErE=3 DsD100
B9 MUsDB18

EFE MUSDB18-HQ

sigsep.github.io/datasets/

Year

2008

2010

2011

2014

2014

2015

2015

2017

2019

Tracks

1,000

50

63

206

100

150

150

(Source: SigSep)

Track duration (s)
16 +7)

(8 £+ 8)

(206 + 21)

(231 + 77)

(206 + 121)

30

(251 + 60)

(236 + 95)

(236 £ 95)

Full/stereo?

X/«
X/ X
v/v
v/v
v/
X/ X
v/v
v/v

v/
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Optional Reading

« Ethan Manilow, Prem Seetharman, and Justin Salamon, “Open Source

Tools & Data for Music Source Separation,” Tutorials of ISMIR, 2020.
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Recap
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Source Separation

Sources

Mixture

AXE B
-||‘||-|-||||-||‘|‘||-|-

NANPr

il Jgp <

----------|||||||||||||I )ﬂ L E

(Other)

RS

(Source: “Like Before” by Bessonn&sa)

ST AN

Bessonn&sa, CC BY-NC-SA, via Jamendo
[llustration inspired by Ethan Manilow, Prem Seetharman, and Justin Salamon'’s Tutorial on “Open Source Tools & Data for Music Source Separation” at ISMIR 2020.



https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://www.jamendo.com/track/2230554/like-before
https://source-separation.github.io/tutorial
https://source-separation.github.io/tutorial
https://www.jamendo.com/track/2230554/like-before

Source Separation does NOT Remove Effects

Dry signals Wet signals
Eﬁd ----|||-|||||||-|-|||| ----|||-|||||||-|-||||

&
||||III|‘|||IIIII|‘|II ﬁ }: Mixture
] ‘||||u|||| & — -||‘||-||||||n||‘|‘||-

> ||l oo e
\ [ ;/ g
of

||I|||||-||||||-|||I||
\ /
Source separation models

Effect removal is a different task! usually output wet signals

AN
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Mathematical Formulation

Mixture

¢ & & Tt
-||‘||-||||||nl|‘|‘||-|-

X

Sources

VAV TN

x=51+52+S3+S4+55 =zSi

i

NANP e

[&t
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Source Separation is an lll-posed Problem

There are more than one solutiontox =s; + s, + -+ sy
- In fact, there are infinite possibilities

- However, we do know what's more likely than another!

Trumpet Vacuum cleaner
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Time-Frequency Masking

STFT ( S

Source
separation

MZ §2=S®M2)
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Percussive vs Harmonic Components

8000

6000 1

B 4000 -

2000 1

Hit-hat

Guitar

Snare Kick

i

Keyboard

+0 dB

--10 dB

--20 dB

-30 dB

-40 dB

-50 dB

-60 dB

-70 dB

-80 dB

Percussive sounds
tend to look vertical
in a spectrogram

Harmonic sounds
tend to look horizontal
in a spectrogram
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Harmonic-Percussive Separation (Fitzgerald et al., 2010)

|||‘||||||||||||‘|‘||||| Sh My = (Sp > S,) H=SQM,

STFT ( S Horizontal
median filter
Vertical
median filter

Sy M, = (8, <p) P=5SQ® p

ISTFT

-|||II-III||II||||‘||I|I
Derry Fitzgerald, “Harmonic/percussive separation using median filtering,” DAFx, 2010.
Jonathan Driedger, Meinard Muller, Sascha Disch, “Extending Harmonic-Percussive Separation of Audio Signals,” ISMIR, 2014. 67


https://www.dafx.de/paper-archive/2010/DAFx10/DerryFitzGerald_DAFx10_P15.pdf
https://archives.ismir.net/ismir2014/paper/000127.pdf
https://archives.ismir.net/ismir2014/paper/000127.pdf
https://archives.ismir.net/ismir2014/paper/000127.pdf

Deep Learning Based Source Separation

Predicted sources Ground truth

Mixture

A RAAREE DA

A A

Train the model

(optimize the parameters) Measure the difference

(loss function)
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Deep Learning Based Source Separation

Predicted sources Ground truth

|-----|||-|||||||-|-|||I §, =P s, |-----|||-|||I|||-|-|||I EE.{

Mixture / ||||||||||‘|||||||||‘||| 5, =P s, ||||||||||‘|||||||||‘||| &
/'

-||‘||n|-||||n||‘|‘||n|n — K : % —  aui]u] ‘||u|-|||| 5, =P 5y ] ‘||n|-|||| &

X > (|l 3, €= s, 1|l 0/

||||||||||-||||||-|||I|| §5 e St ||||||||||-||u||-|||||| Igi

Train the model

(optimize the parameters) Measure the difference

(loss function)
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Demucs (Défossez et al., 2019)

-

‘ Decoder;_; or output ‘

Q
.,
‘e
‘e
.
.
‘e
0

\ Relu(ConvTrld(Cj,, Cous, K = 8,5 =4)) /

/  GLU(Convld(Cin,2Cin, K = 3,8 = 1))

\_

-

| Encoder; Decoder;+; or LSTM
| Decoder; | Encoder; 4+, or LSTM |
.T

GLU(CDnVld(COHh QCOiit:l K — 1:! S — 1))

/ Relu(Conv1d(Cin, Cout, K = 8,5 = 4)) \

\_

T

‘ Encoder;_; or input

K
K
.
-
S
.
0“
0.‘
t“
8
-
.
.
“‘
o

Output MMMM
(sources) \/\N\/\/\/\/\/\/\MANWM

Decodery (C;,, = 64, Coyy = 4 % 2) /

Decodery(Cj,, = 128, Clypy = 64) /

/

Decoderg(Cin, = 2048, Coyy = 1024) /
Linear(C;,, = 4096, C\,,; = 2048) |

1 hidden size=2048
l > B L I 2 bidirectional layers
Encoderg(C;,, = 1600, Cyyy = 2048)  \

\

Encoders(Cj;, = 100, Coyy = 128) \

Encoderl(Cin = 2, Cout = 64) \

InPUt (miXture) (Source: Défossez et al., 2019)

Alexandre Défossez, Nicolas Usunier, Léon Bottou, and Francis Bach, "Music Source Separation in the Waveform Domain,” arXiv preprint arXiv:1911.13254, 2019.
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https://arxiv.org/pdf/1911.13254

A Toy Example of U-Net

Combining high-level
and low-level features

(copies)
Skip connections |
T |
I
— — |
|I P I| a
I I -
16 i il 16
8 U ' 8 U
u 4 | u
~
8 4 8 N
16 16

nn.Conv2d(8, 1, 3, padding=“same”)
nn.Upsample(scale_factor=2)

U-Nets are useful when the inputs and outputs have the same shape!
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U-Net (Ronneberger et al., 2015)

1 64 64
128 64 64 2
input Lower-level features
image > > — > output
til segmentation
e o o)
& & map
~l ol o > > >
G E 5 2
> < X N
SEE i
o] wf o ngher-level
¥ 125 128 features
256 128
Lower level features |’|‘I
&
B E a
Y " Higher-level
26 286 Lower level features 512 256 features

|:I"I'>I =» conv 3x3, ReLU

¢ Higher-level~ copy and crop
> features  § max pool 2x2

4 ﬁlghér level 4 up-conv 2x2
2 % features =» conv 1x1

Lower-level
featu resioz 512

(Source: Ronneberger et al., 2015)

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation,” MICCAI, 2015.
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https://arxiv.org/pdf/1505.04597

Demucs (Défossez et al., 2019) N N
Output fwwww

..... (sources) \/\/\/\/\/\/\/\/\/\/\/\ANWWWMM

G D AWM

Decodery (C;,, = 64, Coyy = 4 % 2) /

\ Relu(ConvTrld(Cj,, Cous, K = 8,5 =4)) /

/  GLU(Convld(Cin,2Cin, K = 3,8 = 1))

Decoder;+; or LSTM

Decodery(Cj,, = 128, Clypy = 64) /

/

Decoderg(Cin, = 2048, Coyy = 1024) /
Linear(C;,, = 4096, C\,,; = 2048) |

1 hidden size=2048
| > B L I 2 bidirectional layers

K | Encoder; )

-

[ Decoder; | - [Encoder;41 or LSTM | Fncodere(Cry — 1600, Cour — 2048) _\
GLU(conLd(cm, 2ot K =1,5 = 1)) \
/ Relu(Convld(Cin, Cout, K = 8,8 =4)) '\ Encoders (Cin = 100, Coue = 128) \
‘Encoder:;l or input Encoder; (Cin = 2, Cout = 64) \

\_

InPUt (miXture) (Source: Défossez et al., 2019)

Alexandre Défossez, Nicolas Usunier, Léon Bottou, and Francis Bach, "Music Source Separation in the Waveform Domain,” arXiv preprint arXiv:1911.13254, 2019.
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Next Lecture

Convolutional Neural Networks

UNIVERSITY OF MICHIGAN
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