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Soure separation

Mixture

Separation

◮
Appliations: karaoke, automati transription, denoising...

→
◮

Challenges: Redution of interferene and artifats.
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Short-Term Fourier Transform (STFT)

Exploit the partiular struture of musi signals.

STFT

Separation

inverse STFT
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Time-Frequeny (TF) overlap

Soure estimation:

Soft masking of the mixture's STFT: X̂k = Gk ⊙ X .

⊖ Issues when soures overlap in the TF domain:
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⊖ X̂k 6= STFT of a x̂k .
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Problem setting

Mixture model: x(n) =
∑

k xk(n).

STFT: X (f , t) =
∑Nw−1

n=0

x(n + tS)wa(n)e
−2iπ f

F
n
.

◮
Redundany → an invertible transform;

◮ Xk ∈ C
F×T → Xk(f , t) = Vk(f , t)

︸ ︷︷ ︸

Magnitude

e

i φk(f , t)
︸ ︷︷ ︸

Phase
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Problem setting

Mixture model: x(n) =
∑

k xk(n).

STFT: X (f , t) =
∑Nw−1

n=0

x(n + tS)wa(n)e
−2iπ f

F
n
.

◮
Redundany → an invertible transform;

◮ Xk ∈ C
F×T → Xk(f , t) = Vk(f , t)

︸ ︷︷ ︸

Magnitude

e

i φk(f , t)
︸ ︷︷ ︸

Phase

Goal: ompute an estimate X̂k of Xk .

◮
Magnitude estimation;

◮
Phase reonstrution is neessary for time-domain synthesis;

◮
Joint estimation of amplitude and phase.
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Nonnegative matrix fatorization (NMF)

Model: V ≈ V̂ = WH, where V , W and H are nonnegative.
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◮
Estimation: minimization of D(V ,WH);

◮
Extensions: onstraints (sparsity, harmoniity...),

side-information (musi sore)...
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Phase reonstrution

Wiener �ltering: X̂k =
V̂⊙2

k∑
l V̂

⊙2

l

⊙ X → φ-soure = φ-mixture.

Time (s)

Inonsisteny: I(X ) = ||X −F(X )||2
F

, F = STFT ◦ STFT−1

.

[Gri�n, 1984℄ Iteratively applying F ;
[Le Roux, 2008℄ Diret minimization of I .
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Phase reonstrution

Wiener �ltering: X̂k =
V̂⊙2

k∑
l V̂

⊙2

l

⊙ X → φ-soure = φ-mixture.

Time (s)

Inonsisteny: I(X ) = ||X −F(X )||2
F

, F = STFT ◦ STFT−1

.

[Gri�n, 1984℄ Iteratively applying F ;
[Le Roux, 2008℄ Diret minimization of I .

Extensions

◮
Combine mixture phase/onsisteny onstraint;

◮
Consistent Wiener �ltering [Le Roux, 2013℄.
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NMF with phase estimation

Complex NMF (CNMF) [Kameoka, 2009℄

X̂ (f , t) =

K∑

k=1

X̂k =

K∑

k=1

W (f , k)H(k , t)
︸ ︷︷ ︸

NMF model

e iφk(f ,t).

◮
Estimation by minimization of the Eulidean distane between

X and X̂ (+ sparsity).

◮ ⊕ Joint estimation of magnitude and phase.

◮
Needs to be onstrained, e.g. onsisteny [Le Roux, 2009℄.
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NMF with phase estimation

High Resolution NMF (HRNMF) [Badeau, 2014℄

Modeling eah frequeny band by means of AR �ltering:

X̂k(f , t) = bk(f , t) +

P(k,f )
∑

p=1

ap(k , f )X̂k(f , t − p),

bk(f , t) ∼ N (0, σk(f , t)
2) where σk(f , t)

2 = W (f , k)H(k , t)

◮
The omplex STFT omponents are diretly estimated.

◮ ⊕ Naturally aptures phase dependenies over time.
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How "well" do those methods perform?

Performane measurement with BSS Eval [Vinent, 2006℄:

◮
Signal to Distortion/Interferene/Artifats Ratios (SDR, SIR,

SAR).

Comparison of NMF-based soure separation tehniques:

◮
It is mandatory to design novel phase reovery tehniques;

◮
Consisteny 6= separation quality;

◮
HRNMF is promising → signal modeling.

How an we inorporate model-based phase information in a

mixture model for audio soure separation?

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution in NMF for audio soure separation: an insightful benhmark.

In Pro. of IEEE ICASSP.
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Outline

1. Phase reovery by sinusoidal modeling

2. Onset phase reonstrution

3. Complex NMF under phase onstraints

4. Probabilisti soure models
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Sinusoidal model

A signal is modeled as a

∑
of sinusoids [MAuley, 1986℄:

x(n) =
∑

p

Ape
2iπνpn+iφ

0,p .

Normalized frequency
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◮
STFT's phase of the p-th partial:

φp(f , t) = φp(f , t − 1) + 2πSνp .

◮
In the p-th region of in�uene

φ(f , t) = ∠X (f , t) = φp(f , t).

◮
Phase unwrapping (PU) relation:

φ(f , t) = φ(f , t − 1) + 2πSν(f ).
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Frequeny estimation

Most tehniques use:

◮
the STFT's phase (e.g. phase vooder [Larohe, 1999℄);

◮
a harmoni model (e.g. Harmoni Spetral Produt/Sum...).
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→ Quadrati Interpolated FFT (QIFFT).

◮
Eah peak ≈ a parabola;

◮
Max. of the parabola → νp.

◮
Estimation within eah time frame → slowly-varying sinusoids.

◮
A reursive relationship → initialization.
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Phase reovery proedure

Tempogram Toolbox [Groshe, 2011℄:

◮
Onset frames detetion.

Initialize PU within onset frames:

◮
Assumed known (Orale);

◮
Mixture phase (soure separation).

Onsets

◮
In frame t:

1. Frequeny estimation νp by QIFFT near eah magnitude peak;

2. Deomposition into regions of in�uene: ∀f ∈ Ip, ν(f , t) = νp;

3. Phase unwrapping: φ(f , t) = φ(f , t − 1) + 2πSν(f , t).

◮
Proeed to next frame.
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Comparison with Gri�n Lim

◮
Onset phases are known;

◮
Magnitudes: known (Orale) or NMF (semi-Orale).

SDR results (in dB):

Orale semi-Orale

GL PU GL PU

Piano 0.4 5.8 −0.2 4.7

Guitar −0.5 2.2 −11.2 −9.7

Strings −6.5 0.4 −8.9 −4.7

Speeh 1.1 −1.8 −11.8 −11.6

◮
Phase unwrapping (PU) > Gri�n Lim (GL);

◮
Limits of the SDR.
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In�uene of the window length

Two main artifats:

◮
Musial noise (short windows)

◮
Reverberation (long windows)

Need to �nd a trade-o�!

Window length (ms)
12 23 46 93 186 372

S
D

R
 (

dB
)
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Piano pieces
String quartets

Artifats → umulative error over time frames.

Appliations:

◮
not many frames to reover (lik removal);

◮
additional phase information: soure separation.
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Soure separation - Problem setting

◮
Mixture model: X =

∑

k Xk with known magnitudes.

◮
Goal: estimate X̂k .

Problem:

minimize ||X −
∑

k

X̂k ||2
F

s.t. |X̂k | = Vk .

Proposed approah:

◮
Iterative proedure;

◮
Phase information through the initialization.
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Soure separation proedure
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Soure separation proedure
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Soure separation proedure
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Soure separation proedure
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Soure separation proedure
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1. Initialize X̂k ;

2. E = X −∑

k X̂k ;

3. Yk ← X̂k + λkE ;

4. X̂k ← Yk

|Yk |
Vk ;

5. Return to step 2.
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In�uene of the initialization

→ Initialization with the PU tehnique.

Mixtures of piano notes with TF overlap:

◮ +3.5 dB in SDR/SAR, +7.5 dB in SIR over a random

initialization.
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Soure separation results

DSD100 database:

◮
50 development songs + 50 test songs;

◮
4 soures: bass, drums, voals and other.

Magnitudes are known or estimated by NMF.

Method SDR SIR SAR

Wiener 9.1 16.4 10.4

Consistent Wiener 11.1 19.7 12.0

Proposed 11.0 22.3 11.3

Example: mix bass

◮
Proposed proedure > Consistent Wiener �ltering

Signi�ant redution of omputational ost (≈ ×7).
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Phase reovery by sinusoidal modeling -

Conlusion

Exploiting phase information based on sinusoidal modeling

improves the soure separation quality over a phase-unaware

approah.

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution of spetrograms with linear unwrapping: appliation to audio signal

restoration.

In Pro. of EUSIPCO.

P. Magron, R. Badeau and B. David (2017).

STFT phase reovery by sinusoidal modeling for audio soure separation.

submitted to the IEEE Transations on Audio, Speeh and Language Proessing.
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Onset phase

Why are onset phases important?
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Onset phase

Why are onset phases important?

◮
Pereptive quality of the sound;

◮
Initialize the PU reursive relationship.

02/12/2016

Paul Magron

Ph.D. Defense

20/44



Onset phase

Why are onset phases important?

◮
Pereptive quality of the sound;

◮
Initialize the PU reursive relationship.

Approah:

◮
Model the signal within onset frames (e.g. impulse);

◮
Exploit the repetition of audio events → onset phase

onstraints.
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Model of repeated audio events

Two onset signals are equal up to a gain fator and a delay:
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X (f , tm) ≈ X (f , t
0

)ρe iλ(m)f , with λ(m) =
2πη(m)

F
.

φ(f , tm)
︸ ︷︷ ︸

phase within an onset frame

≈ ψ(f )
︸︷︷︸

referene phase

+λ(m)f
︸ ︷︷ ︸

o�set

.
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Onset mixture model

Onset matrix: Y (f ,m) = X (f , tm).
Model within onset frames:

Ỹ (f ,m) =
K∑

k=1

Vk(f , tm)e
iψk (f )e iλk(m)f .

Goal: estimate Ŷk . Minimization of:

Cr = ||Y −
K∑

k=1

Ŷk ||2
F

+ σ

K∑

k=1

||Ỹk − Ŷk ||2
F

.

◮ ∂ψCr = 0 (resp. ∂φCr = 0) → update on ψ (resp. φ);

◮
Adaptation of the ESPRIT algorithm → update on λ.

02/12/2016

Paul Magron

Ph.D. Defense

22/44



Experiments on mixtures of piano notes

In�uene of σ:

◮
Estimation error

1

K

∑

k

||Yk − Ŷk ||F;

σ
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◮
Slight improvement over Wiener �ltering.
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Experiments on mixtures of piano notes

Soure separation:

◮
Onset phase reovery + Iterative proedure with PU.

Onset phase SDR SIR SAR

Mixture 20.4 27.1 21.5

Proposed model 21.0 27.9 22.1

Orale 22.6 29.8 23.6

◮
Proposed onset phase model > mixture phase;

◮
Some room for further improvement.

02/12/2016

Paul Magron

Ph.D. Defense

23/44



Repetition model - Conlusion

A phase onstraint based on a model of repeated audio

events improves the separation over using the mixture phase.

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution of spetrograms based on a model of repeated audio events.

In Pro. of IEEE WASPAA.
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Complex NMF

Goal: Joint estimation of magnitude and phase.

Complex NMF model:

X̂ (f , t) =

K∑

k=1

X̂k =

K∑

k=1

W (f , k)H(k , t)
︸ ︷︷ ︸

NMF model

e iφk(f ,t).

Needs to be onstrained (f. benhmark).

◮
Phase onstraints based on time signal properties.
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Complex NMF - Phase onstraints

Phase unwrapping onstraint (f. [Bronson, 2014℄) :

Cu(φ) =
∑

f ,k

∑

t 6=onsets

|X (f , t)|2|e iφk(f ,t)+ − e iφk(f ,t−1)+2iπSνk(f )|2.

Phase repetition onstraint within onset frames:

Cr (φ,ψ, λ) =
∑

f ,k

∑

t∈onsets

|X (f , t)|2|e iφk(f ,t) − e iψk(f )+iλk(t)f |2.
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Complex NMF - Estimation

Complete ost funtion:

C(θ) = D(X , X̂ )
︸ ︷︷ ︸

NMF

+σu Cu(φ)
︸ ︷︷ ︸

Unwrapping

+σr Cr (φ,ψ, λ)
︸ ︷︷ ︸

Repetition

+σs Cs(H)
︸ ︷︷ ︸

Sparsity

◮ θ = {W ,H, φ, ψ, λ};
Minimization of C:

◮
Coordinate desent, auxiliary funtion method.
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CNMF - Experiments on simple data

In�uene of σu

σ
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◮
The repetition onstraint does not improve the results.
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CNMF - Experiments on simple data

Soure separation

Data Method SDR SIR SAR

Syntheti sinusoids

NMF-W 11.7 16.8 13.5

CNMF 9.6 16.7 10.7

CNMF-φ 12.3 23.2 12.8

Piano notes

NMF-W 14.7 18.5 17.4

CNMF 13.3 19.6 14.9

CNMF-φ 14.6 22.1 15.7

◮
CNMF-φ > CNMF.

◮
Reonstrution of a piano note partial:

Time (s)
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CNMF - Experiments on DSD100

Optimal weights (learning database): (σr , σu) ≈ (0.1, 0.1).

Soure separation (test database):

Method SDR SIR SAR

NMF-W 1.9 10.2 3.7

CNMF 1.4 10.9 2.9

CNMF-φ 1.7 12.2 2.9

Mix

Voie

◮ σu/σr → trade-o� between SDR, SIR and SAR.

02/12/2016

Paul Magron

Ph.D. Defense

29/44



Complex NMF - Conlusion

A promising approah for separating overlapping soures in

the TF domain with improved interferene rejetion.

P. Magron, R. Badeau and B. David (2016).

Complex NMF under phase onstraints based on signal modeling: appliation to audio soure

separation.

In Pro. of IEEE ICASSP.
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Probabilisti soure models

Why is the probabilisti framework useful?

◮
Model unertainty;

◮
Inorporate prior information;

◮
Conservative estimators (e.g. posterior expetation);

◮
Novel estimation tehniques.
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Probabilisti soure models

Why is the probabilisti framework useful?

◮
Model unertainty;

◮
Inorporate prior information;

◮
Conservative estimators (e.g. posterior expetation);

◮
Novel estimation tehniques.

Gaussian model [Févotte, 2005℄: X =
∑

k Xk with Xk ∼ N (0, σ2k)

⇔ Xk = Vke
iφk

with Vk ∼ R(σk)
︸ ︷︷ ︸

Rayleigh

and φk ∼ U[0,2π[
︸ ︷︷ ︸

Uniform

.
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Probabilisti soure models

Why is the probabilisti framework useful?

◮
Model unertainty;

◮
Inorporate prior information;

◮
Conservative estimators (e.g. posterior expetation);

◮
Novel estimation tehniques.

Gaussian model [Févotte, 2005℄: X =
∑

k Xk with Xk ∼ N (0, σ2k)

⇔ Xk = Vke
iφk

with Vk ∼ R(σk)
︸ ︷︷ ︸

Rayleigh

and φk ∼ U[0,2π[
︸ ︷︷ ︸

Uniform

.

Proposed approah:

◮
A non-uniform phase model.

◮
A robust magnitude model.
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Von Mises phase

Mixture model: X =
∑

k Vke
iφk

with onstant magnitudes.

◮
A prior phase µk an be obtained.

φk ∼ Von Mises (VM) with loation µk .

φk
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Von Mises phase

Mixture model: X =
∑

k Vke
iφk

with onstant magnitudes.

◮
A prior phase µk an be obtained.

φk ∼ Von Mises (VM) with loation µk .

φk

0 2 π

p
(φ

k
|µ

k
,
κ
k
)

0

0.2

0.4

0.6

0.8

1

1.2

1.4

µk

κk = 0.1
κk = 2
κk = 5
κk = 10

p(φk |µk , κk) =
eκk os(φk−µk)

2πI
0

(κk)
.

Drawbak: a non-tratable model.

→ Approximate the VM model by a Gaussian model whih

keeps the phase dependenies.
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Anisotropi Gaussian (AG) model

Mixture model: X =
∑

k Xk with omplex Gaussian variables:

Xk ∼ N ( mk
︸︷︷︸

Mean

, γk
︸︷︷︸

Variane

, ck
︸︷︷︸

Relation

), Γk =

(
γk ck
c̄k γk

)

.

Key idea: the moments are the same ones in VM and AG models.

Von Mises with cst. magnitude
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MMSE estimator of the soures

X̂k = E(Xk |X ).

For Gaussian mixtures:

X̂ k = mk + ΓkΓ
−1

X (X −mX ) where u =

(
u

ū

)

.

◮
Conservative:

∑

k X̂k = X ;

◮
When κ→ 0: Wiener �ltering

V 2

k∑
l V

2

l

X !

→ Optimal ombination of prior and mixture phases.
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Experiments on DSD100

In�uene of the onentration parameter:
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Soure separation:

◮
Wiener < Proposed MMSE < Consistent Wiener;

◮
Mix Bass Consistent Wiener Proposed .
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Iterative proedure vs. AG model

So... whih tehnique should I use?

P. Magron, R. Badeau and B. David (2017).

Phase-dependent anisotropi Gaussian model for audio soure separation.

submitted to the Pro. of IEEE ICASSP.
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Iterative proedure vs. AG model

So... whih tehnique should I use?

Tests on the DSD100 database:

Orale semi-Orale

SDR SIR SAR SDR SIR SAR

Iter 10.0 20.5 10.4 5.3 15.0 5.9

MMSE 9.0 16.7 9.9 7.4 13.9 8.6

◮
Magnitude estimate ≈ Orale → iterative proedure;

◮
Alternatively → MMSE estimator from AG model.

P. Magron, R. Badeau and B. David (2017).

Phase-dependent anisotropi Gaussian model for audio soure separation.

submitted to the Pro. of IEEE ICASSP.
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Towards a robust magnitude model

Common distributions (Poisson, Rayleigh) are not heavy-tailed.

◮
Stable distributions: additivity and robustness to outliers...

◮
... not nonnegative in general.

→ A robust nonnegative data model based on the stable

distribution family for soure separation.
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Positive stable (PαS) distributions

◮
PαS: sublass of the stable family with a nonnegative support.
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Positive stable (PαS) distributions

◮
PαS: sublass of the stable family with a nonnegative support.

◮
Probability density funtion (PDF) annot be expressed in

losed-form...
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Positive stable (PαS) distributions

◮
PαS: sublass of the stable family with a nonnegative support.

◮
Probability density funtion (PDF) annot be expressed in

losed-form...

◮
... exept for the Lévy distribution.
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Positive stable (PαS) distributions

◮
PαS: sublass of the stable family with a nonnegative support.

◮
Probability density funtion (PDF) annot be expressed in

losed-form...

◮
... exept for the Lévy distribution.

Lévy NMF model:

◮ X =
∑

k Xk where Xk is Lévy-distributed: Xk ∼ L(σk).

→ X ∼ L(σ) with σ⊙1/2 =
∑

k σ
⊙1/2
k .

◮
NMF model: σ⊙1/2 = WH.
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Model estimation

Maximum Likelihood (ML) estimation:

L(W ,H) ∝ −dIS([WH]⊙2,X ),

where dIS(a, b) =
a
b
− log

a
b
− 1.

Minimization of dIS :

◮
Naïve approah;

◮
Majorize-Minimization (MM);

◮
Majorize-Equalization (ME).

θ
(it) θ

MM
(it+1)

θ
ME
(it+1)

C(θ)

G(θ, θ(it))
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Soure separation

◮
For any PαS distribution:

X̂k = E(Xk |X ) =
σk

⊙α

∑

l

σl
⊙α
⊙ X .

→ Generalized Wiener �ltering

◮
Lévy NMF model:

X̂k =
WkHk

∑

l

WlHl

⊙ X .
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Appliation: musi spetrogram inpainting

Guitar spetrograms are orrupted by impulsive TF noise.
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The models are learned diretly on the orrupted data:

◮
ISNMF [Févotte,2009℄, KLNMF [Lee, 1999℄, Cauhy NMF

[Liutkus, 2015℄;

◮
Lévy NMF;

◮
Robust PCA (RPCA) [Candès, 2011℄;

◮
Weighted ISNMF [Limem, 2013℄;

The noise loation is unknown (exept for Weighted ISNMF).
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Appliation: musi spetrogram inpainting

Method log(KL)

ISNMF 9.0

KLNMF 6.2

Cauhy NMF 3.4

RPCA 3.6

Lévy NMF 3.2

Weighted ISNMF 3.8
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◮
IS/KL NMFs: very poor results;

◮
Lévy NMF ompares favorably with other robust methods.

P. Magron, R. Badeau and A. Liutkus (2017).

Lévy NMF for robust nonnegative soure separation.

submitted to the IEEE Signal Proessing Letters.
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Conlusion

Contributions

◮
Novel phase reovery → improved soure separation;

◮
Phase unwrapping: interferene rejetion (deterministi

iterative proedure / probabilisti framework);

◮
Onsets: aounting for a repetition property for modeling the

phase;

◮
A phase-onstrained CNMF framework;

◮
A robust nonnegative soure separation model.

02/12/2016

Paul Magron

Ph.D. Defense

42/44



Conlusion

Perspetives

◮
Sinusoidal model-based onstraints in multi-resolution

transforms;

◮
Re�ned modeling of onsets;

◮
Multihannel modeling;

◮
Nonnegative models (inverse-gamma, PαS...);

◮
A omplete probabilisti model: Rayleigh or PαS magnitude +

Von Mises phase.
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Publiations

Journal artiles

P. Magron, R. Badeau and A. Liutkus (2017).

Lévy NMF for robust nonnegative soure separation.

submitted to the IEEE Signal Proessing Letters.

P. Magron, R. Badeau and B. David (2017).

STFT phase reovery by sinusoidal modeling for audio soure separation.

submitted to the IEEE Transations on Audio, Speeh and Language Proessing.

Conferene proeedings

P. Magron, R. Badeau and B. David (2017).

Phase-dependent anisotropi Gaussian model for audio soure separation.

submitted to the Pro. of IEEE ICASSP.

P. Magron, R. Badeau and B. David (2016).

Complex NMF under phase onstraints based on signal modeling: appliation to audio soure

separation.

In Pro. of IEEE ICASSP.

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution of spetrograms based on a model of repeated audio events.

In Pro. of IEEE WASPAA.

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution of spetrograms with linear unwrapping: appliation to audio signal

restoration.

In Pro. of EUSIPCO.

P. Magron, R. Badeau and B. David (2015).

Phase reonstrution in NMF for audio soure separation: an insightful benhmark.

In Pro. of IEEE ICASSP.
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Clik removal

Signals are orrupted with liks in the time-domain.

Restoration in the TF domain:

Magnitude: linear interpolation.
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Phase: forward + bakward

unwrapping.

Orig Corrupted AR HRNMF Proposed
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Lévy NMF vs. ISNMF

Updates rules if K = 1 and W (f ) = 1 ∀f :

H
IS

(t)← 1

F

∑

f

X (f , t), H
Lévy

(t)←
√
√
√
√
√

F
∑

f

1

X (f , t)

.

◮
ISNMF → arithmeti mean;

◮
Lévy NMF → harmoni mean (and

√
).

If X (f , t) = 1 exept for one entry: X (f
0

, t
0

) = 10

8

, then:

H
IS

(t
0

)← 10

7

, H
Lévy

(t
0

)← 1.05.

→ Lévy NMF is robust to outliers.
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Rayleigh magnitude + Von Mises phase

Proposed model: X =
∑

k Xk =
∑

k Vke
iφk

with:

Vk(f , t) ∼ R(σk(f , t))
︸ ︷︷ ︸

Rayleigh

and φk(f , t) ∼ VM(µk(f , t), κk(f , t))
︸ ︷︷ ︸

Von Mises

.

◮
NMF model: σk(f , t)

2 = W (f , k)H(k , t);
◮

Markov hain prior on µk → Phase Unwrapping;

◮
Non-tratability → Anisotropi Gaussian approximation;

Rayleigh + Von Mises
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◮
SAGE algorithm → "Complex ISNMF".

02/12/2016

Paul Magron

Ph.D. Defense

47/44


	Phase recovery by sinusoidal modeling
	Onset phase reconstruction
	Complex NMF under phase constraints
	Probabilistic source models
	Appendix

