Deep Learning Based Source Separation Applied to Choir Ensembles
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» SATB is a common
type of choral setting.
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» High correlation
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to be separated
makes the separation

Target Source FO

800
700
600
%0
00
0
200
100
3
0 %000 10000 15000 20000 25000 30000

v, (512,128) lj B

e Estimated Target Source
B, (512,128) f
‘ CNN }

s \ Synthesis *
) 0.0{
— FiLM Bottleneck Decoder

U-NET

l

process challenging. Control input ) I
Mixture vectors: Target Spectral Mask
l > h s ] z = (360, 128)
\ Eac smgmg grogp 160 } = @
performs within its bins |t

0.0 128 time

frames

own frequency range.

-0.5

-1.0
0 50000

100000

150000 200000

The U-Net output the target’s
spectral mask.

Target source’s FO track is obtained
through an FO estimation algorithm [5].

Task and Use-Cases
The FO track is then converted into a 2-D s The predicted target source is

one-hot matrix and input into a CNN. synthesized using the resulting
magnitude spectrogram and the
phase from the input mixture.

4-Singers Mixture
(SATB)

1-Singer Target
(i.e. 1 Soprano Singer)

The input spectrogram is transformed by
the set of scalars output by the CNN.
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Objective Evaluation: BSS Eval
16-Singers Mixture 4-Singer Target
(SATB) (i.e. 4 Soprano Singers)
Model Test Use-Case 1 - SDR (dB)
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1%~ Extensive BSS Eval results (SDR, SIR, SAR) as well as audio examples can be found at the following:
https://darius522.github.io/satb-source-separation-results/
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» The improvement gap between domain-agnostic and domain-specific models is
less evident on the second use-case. This could be explained by the fact that the
mean of the various pitches present in a singing group is not necessarily
representative of the true underlying pitch of the unison.

» Recent deep learning architectures used for musical source separation are evaluated,
specifically on our task. These models are referred to as “domain-agnostic”, or “D-A".

» Two direct adaptations of the Conditioned-U-Net are then proposed (denoted in red).
These adaptations consider information conveyed by the sources (i.e. FO track) to
improve the separation process; they are described as “domain-specific”, or “D-S".
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