
Music source separation with deep learning
Jordi Pons / www.jordipons.me / @jordiponsdotme

http://www.jordipons.me


Task definition

Historical perspective

Spectrogram-based music source separation

Waveform-based music source separation

Comparing models: evaluation

Outlook



Task definition

Historical perspective

Spectrogram-based music source separation

Waveform-based music source separation

Comparing models: evaluation

Outlook



Task definition: Music Source Separation



http://www.youtube.com/watch?v=IxLnoy-GzqI
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Historical perspective: unsupervised & linear models
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Linear model example

linear approximation

bases

activations

Unsupervised factorization of the mixture 
into bases (w) and activations (h)



Historical perspective: unsupervised & linear models

deep 
learning

independence
between sources

non-negative
sources

non-linear
model

linear models

unsupervised

ICA NMF

supervised



Task definition

Historical perspective

Spectrogram-based music source separation

Waveform-based music source separation

Comparing models: evaluation

Outlook



Spectrogram-based music source separation

music mix source 
separation

vocals

Muth et al., 2018. “Improving DNN-based Music Source Separation using Phase Features” in ICML Workshop on ML for music.



Filtering spectrograms with masks

spectrogram
(model input)

time-freq mask
(model output)

estimated
source

Figure from: Jansson et al., 2017. "Singing voice separation with deep U-Net convolutional networks" in ISMIR.



Input 
spectrogram

Mask:
Output 
predictions

Deep recurrent neural networks

Huang et al., 2014. “Singing-voice separation from monaural 
recordings using deep recurrent neural networks” in ICASSP.



Convolutional auto-encoder

Chandna et al., 2017. “Monaural audio source separation using deep convolutional neural networks” in LVA/ICA.



Jansson et al., 2017. “Singing voice separation with deep U-net” in ISMIR.

U-net auto-encoder



 MM
- Multi-scale
- Multi-band

MMDenseLSTM

Takahashi et al., 2018. “MMDenseLSTM: an efficient combination of convolutional 
and recurrent neural networks for audio source separation” in IWAENC.



Open-unmix: a state-of-the-art implementation

https://github.com/sigsep/open-unmix-pytorch

https://github.com/sigsep/open-unmix-pytorch


Sams-Net: attention-based

Li et al., 2019. “Sams-Net: A Sliced Attention-based Neural Network for Music Source Separation”, arXiv.
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Why end-to-end music source separation?

music mix source 
separation

vocals

II) When using the phase of the mixture at synthesis time,are we 
introducing artifacts that are limiting our model’s performance?

I) Are we missing crucial information when discarding the phase?



Why filtering spectrograms with masks?

spectrogram
(model input)

time-freq mask
(model output)

estimated
source

III) It’s challenging to separate masked signals (“perceptually” hidden sounds) via filtering spectrograms

Figure from: Jansson et al., 2017. "Singing voice separation with deep U-Net convolutional networks" in ISMIR.



music mix source 
separation

vocals

II) When using the phase of the mixture at synthesis time, are we 
introducing artifacts that are limiting our model’s performance?

I) Are we missing crucial information when discarding the phase?

III) Is challenging to separate masked signals via filtering spectrograms



music mix

deep 
learning

vocals

End-to-end music source separation



Other (active) research directions:
Use the complex STFT as i/o interface?

Kameoka et al., 2009. “ComplexNMF: A new sparse representation for acoustic signals” in ICASSP.

Dubey et al., 2017. “Does phase matter for monaural source separation?” in arXiv. 

Le Roux et al., 2019. “Phasebook and friends: Leveraging discrete representations for source separation”
in IEEE Journal of Selected Topics in Signal Processing.

Tan et al., 2019. “Complex Spectral Mapping with a CRNN for Monaural Speech Enhancement” in ICASSP.

Liu et al., 2019. “Supervised Speech Enhancement with Real Spetrum Approximation” in ICASSP.



Virtanen and Klapuri, 2000. “Separation of harmonic sound sources using sinusoidal modeling,” in ICASSP.

Chandna et al., 2019. “A vocoder based method for singing voice extraction” in ICASSP.

Other (active) research directions:
Alternative models at synthesis time?



music mix
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waveform-based ICA

bases

activations

Problem 1: phase sensitive basis
Problem 2: simplicity of the linear model

 Figure from: Blumensath and Davies, 2004. “Unsupervised learning of sparse and shift-invariant decompositions of polyphonic music,” in ICASSP.
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Historical perspective: waveform-based models?

deep 
learning

independence
between sources

non-negative
sources

non-linear
model

linear models

unsupervised

ICA NMF

supervised

NMF cannot be used with waveforms
due to its non-negative constraint!

(waveforms range from -1 to 1)
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Historical perspective: waveform-based models?



A widely-used set of tools:

filtering spectrograms

linear models

unsupervised learning

audio domain knowledge

 



..maybe we could try another toolset?

filtering → synthesis?

linear models → non-linear models?

unsupervised learning → supervised learning?

audio domain knowledge → data driven? 

 



Stoller et al., 2018.  “Wave-u-net: A multi-scale neural network for end-to-end audio source separation” in arXiv.

Grais et al., 2018. “Raw Multi-Channel Audio Source Separation using Multi-Resolution Convolutional Auto-Encoders” in EUSIPCO.

Lluis, et al., 2018. “End-to-end music source separation: is it possible in the waveform domain?” in arXiv.

Slizovskaia et al., 2018. “End-to-end Sound Source Separation Conditioned on Instrument Labels” in arXiv.

Cohen-Hadria et al., 2019. “Improving singing voice separation using Deep U-Net and Wave-U-Net with data augmentation” in arXiv.

Kaspersen, 2019. “HydraNet: A Network For Singing Voice Separation”. Master Thesis.

Akhmetov et al., 2019. “Time Domain Source Separation with Spectral Penalties”. Technical Report.

Défossez et al., 2019. “Demucs: Deep Extractor for Music Sources with extra unlabeled data remixed” in arXiv.

Narayanaswamy et al., 2019. “Audio Source Separation via Multi-Scale Learning with Dilated Dense U-Nets” in arXiv.

Défossez et al., 2019. “Music Source Separation in the Waveform Domain” in arXiv.

Samuel et al., 2019. “Meta-learning Extractors for Music Source Separation” in ICASSP.

Nakamura et al., 2020. “Time-domain audio source separation based on wave-u-net combined with discrete wavelet transform” in ICASSP.

ALL THE PUBLICATIONS (WE ARE AWARE OF) IN CHRONOLOGICAL ORDER AS OF FEBRUARY 2020

End-to-end music source separation: 12 publications



End-to-end music source separation: architectures



Introduction: the “generative” Wavenet

Causal
Softmax-output

distribution
modeling p(x) 

Van den Oord et al., 2016. “Wavenet: a generative model for audio” in arXiv.



A “regression” Wavenet for music source separation

Non-causal

Lluis, et al., 2019. “End-to-end music source separation: is it possible in the waveform domain?” in Interspeech.

Regression output 
p(y|x)  discriminative 

post-processing!



Fully convolutional & deterministic

Lluis, et al., 2019. “End-to-end music source separation: is it possible in the waveform domain?” in Interspeech.



Fully convolutional & deterministic

Real time inference! 

1601 samples input → ≈ 0.56 sec per second of music on GPU!

Lluis, et al., 2019. “End-to-end music source separation: is it possible in the waveform domain?” in Interspeech.



End-to-end music source separation: architectures



TasNet: encoder + separator + decoder

Défossez, et al., 2019. “Music source separation in the waveform domain” in arxiv.
Luo, et al. 2018. “Tasnet: time-domain audio separation network for real-time, single-channel speech separation” in ICASSP.



Separator: meta-learning with TasNet

Samuel et al., 2019. “Meta-learning Extractors for Music Source Separation” in ICASSP.



Encoders and Decoders

Samuel et al., 2020. “Meta-learning Extractors for Music Source Separation” in ICASSP.
Kadıoglu et al., 2020. “An empirical study of Conv-TasNet” in ICASSP.



End-to-end music source separation: architectures



Grais et al., 2018. “Raw Multi-Channel Audio Source Separation using Multi-Resolution Convolutional Auto-Encoders” in EUSIPCO.

mixture

estimated sources

Multi-resolution CNN: efficient way 
to represent 3 periods!

Multi-resolution & Convolutional autoencoder 

Multi-resolution CNN = Inception CNN
(different filter shapes in
 the same CNN layer)



Grais et al., 2018. “Raw Multi-Channel Audio Source Separation using Multi-Resolution Convolutional Auto-Encoders” in EUSIPCO.

CNN
length=1025

CNN
length=512

CNN
256

CNN
5

CNN
length=50

concatenate

output

input

multi-resolution layer
x2

transposed-CNN
multi-resolution layer

x2

multi-resolution layer

mixture

estimated sources

Multi-resolution & Convolutional autoencoder 



End-to-end music source separation: architectures



Wave-U-net

Stoller et al., 2018.  “Wave-u-net: A multi-scale neural network for end-to-end audio source separation” in arXiv.



Wave-u-net extensions



Wave-u-net extensions

● Loss function in the spectral domain.

Akhmetov et al., 2019. “Time Domain Source Separation with Spectral Penalties”. Technical Report.

● Architectural changes:
○ Add BiLSTMs at the bottleneck.

Kaspersen, 2019. “HydraNet: A Network For Singing Voice Separation”. Master Thesis.
○ Use dilated convolutions and dense CNNs.

Narayanaswamy et al., 2019. “Audio Source Separation via Multi-Scale Learning with Dilated Dense U-Nets” in arXiv.
○ Downsampling & upsampling with discrete wavelet transform (w/ DWT).

Nakamura et al., 2020. “Time-domain audio source separation based on wave-u-net combined w/ DWT” in ICASSP.

● Multiplicative conditioning using instrument labels at the bottleneck.

Slizovskaia et al., 2019. “End-to-end Sound Source Separation Conditioned on Instrument Labels” in ICASSP.

● Data augmentation.

Cohen-Hadria et al., 2019. “Improving singing voice separation using Deep U-Net and Wave-U-Net with data augmentation” in arXiv.

● Achieve comparable results to a spectrogram-based model: Demucs. 
w/ BiLSTMs at the bottleneck, data augmentation, and some additional architectural changes.

Défossez et al., 2019. “Demucs: Deep Extractor for Music Sources with extra unlabeled data remixed” in arXiv.
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Data augmentation strategies

It is used to artificially expand the size of a training dataset by creating modified versions of it.

● Random swapping left/right channel for each source

● Random scaling sources

● Random mixing of sources from different songs

● Pitch-shifting

● Time-stretching

Uhlich et al, 2017. “Improving music source separation based on deep neural networks through data augmentation and network blending” in ICASSP.

Cohen-Hadria et al., 2019. “Improving singing voice separation using Deep U-Net and Wave-U-Net with data augmentation” in arXiv.
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Wave-u-net extensions: Demucs



Wave-u-net extensions: Wave-U-net vs. Demucs

Wave-U-net: building blocks

Demucs: building blocks

ENCODER



Wave-u-net extensions: Wave-U-net vs. Demucs

Wave-U-net: building blocks

Demucs: building blocks

DECODER



Deconvolutions and high-frequency artifacts

Odena et al., 2016. "Deconvolution and Checkerboard Artifacts" in Distill.

Checkerboard artifacts in images

High-frequency buzzing noise in audio

time
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Evaluation metrics: SDR, SIR, SAR

“overall performance”

“interference from other 
sources”

“algorithmic
artifacts”

http://craffel.github.io/mir_eval/ https://github.com/sigsep/sigsep-mus-eval/

Vincent et al., 2006. “Performance measurement in blind audio source separation” in IEEE TASLP.

http://craffel.github.io/mir_eval/
https://github.com/sigsep/sigsep-mus-eval/


Subjective evaluation



Which architectures seem to work the best?
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Which architectures seem to work the best?



Which architectures seem to work the best?



Which architectures seem to work the best?

Model Domain MOS Quality MOS Contamination

Open-Unmix spectrogram 3.0 / 5 3.3 / 5

Demucs waveform 3.2 / 5 3.3 / 5

Conv-Tasnet waveform 2.9 / 5 3.4 / 5
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Additional references



https://sigsep.github.io/tutorials/

https://sigsep.github.io/tutorials/
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