
Institut Mines-Télécom
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Introduction

Multichannel audio source separation in reverberant conditions

Mixture

Convolutive mixing process

Source
s

Objective: Estimate the source and mixing parameters
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Mixing model

Convolutive noisy mixture of J sources on I channels

STFT domain:
∀(f , n) ∈ J1,F K× J1,NK

xi ,fn =
J∑

j=1
aij ,f sj ,fn + bi ,fn

sj,fn

xi,fn

aij,f
bi,fn I Frequency response of mixing filters: aij ,f

I Sources: sj ,fn
I Additive noise: bi ,fn ∼ Nc(0, σ2f )
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Source model

NMF source model [Févotte, Bertin and Durrieu, 2009]

sj ,fn =
∑
k∈Kj

ck,fn with ck,fn ∼ Nc(0,wfkhkn)

sj ,fn ∼ Nc

(
0, vj ,fn =

∑
k∈Kj

wfkhkn

)

Vj = [vj,fn ]fn

=

Wj = [wfk ]fk

Hj = [hkn ]kn
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Baseline approach

[Ozerov and Févotte, 2010]:

I Estimate θ from X = {xi ,fn}

θ =
{

A = {aij ,f },W = {wfk},H = {hkn},Σb = {σ2f }
}

I Maximum Likelihood (ML) estimation

θML = arg max
θ

p(X;θ)

I Expectation-Maximization (EM) algorithm
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Our approach

I Use the structure of the mixing filters to constrain their estimation

I Early contributions of Room Impulse Responses ⇒ p(A)

I Maximum A Posteriori (MAP) estimation

θMAP = arg max
θ

p(X|θ)p(A)

I Expectation-Maximization (EM) algorithm
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Room impulse response

magnitude

time 

Room impulse response

direct path
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Room impulse response
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time 

Room impulse response

direct path

early echoes
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Room impulse response

magnitude

time 

Room impulse response

direct path

early echoes

late 
reverberation
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Early contributions

k th early contribution: attenuation ρkij and delay τkij
magnitude

time 

early contributions

early echoes
direct path

aij ,f =
R−1∑
k=0

ρkijδ
f
kij with δkij = e−j2πτkij

It follows (see, e.g, [Kumaresan, 1983])

{aij ,f }f=R+1,...,F satisfies
R∑

r=0

ϕrijaij ,f−r = 0

12/25 WASPAA 2015 Multichannel audio source separation with probabilistic reverberation modeling



Introduction Models Reverberation modeling Parameter estimation Experiments Conclusions

Early contributions

k th early contribution: attenuation ρkij and delay τkij
magnitude

time 

early contributions

early echoes
direct path

aij ,f =
R−1∑
k=0

ρkijδ
f
kij with δkij = e−j2πτkij

It follows (see, e.g, [Kumaresan, 1983])

{aij ,f }f=R+1,...,F satisfies
R∑

r=0

ϕrijaij ,f−r = 0

12/25 WASPAA 2015 Multichannel audio source separation with probabilistic reverberation modeling



Introduction Models Reverberation modeling Parameter estimation Experiments Conclusions

Autoregressive model

Adding an error term

R∑
r=0

ϕrijaij ,f−r = εij ,f with εij ,f ∼ Nc(0, σ2ij)

{aij ,f }f is an autoregressive process of order R

I Autoregressive coefficients: ϕij = [ϕ0ij , ..., ϕRij ]
T with ϕ0ij = 1

I Error variance: σ2ij

Prior distribution

− log p(A)
c
=
∑
i ,j

(
(F − R) log σ2ij +

1

σ2ij

F∑
f=R+1

∣∣∣ R∑
r=0

ϕrijaij ,f−r

∣∣∣2)
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EM algorithm

Complete data:
{

X = {xi ,fn},C = {ck,fn}
}

E-step

Q(θ|θOLD) = EC|X,θOLD

[
− log p(X,C|θ)

]
M-step

ML estimation:

θNEWML = arg min
θ

Q(θ|θOLD)

MAP estimation:

θNEWMAP = arg min
θ

Q(θ|θOLD)− log p(A)

⇒ ML and MAP estimations only differ in the update of A at M-step
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Hyper-parameters

Hyper-parameters of the prior

I Autoregressive coefficients: ϕij = [ϕ0ij , ..., ϕRij ]
T with ϕ0ij = 1

I Error variance: σ2ij

→ Estimation by maximization of log p(A)

Control of the strength of the prior

By tuning the value of the error variances,
we can control the strength of the prior.

strong 
priorweak 

prior

low 
variance

high 
variance
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Illustrative example

“Prior off”: 

“Prior on”: 

= 500
 
= 0.1
 

average Signal to Distortion Ratio (SDR)

We have to constrain the variances in order to have a significant
influence of the prior, but which setting ?
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Strategy

Empirically, a good strategy is to force a strong prior at the beginning of
the EM algorithm and to weaken it over the iterations.
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Database and configuration

SiSEC: ”Under-determined speech and music mixtures” task

I 8 stereo mixtures, each containing 3 musical sources

I Live recordings and synthetic mixtures (T60 = 250 ms)

Configuration

I Blind setting

I #Kj = 4 latent components for each source

I R = 6 early contributions
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Results

SIR SAR ISR
Signal to 

Interference Ratio
Signal to 

Artifact Ratio
source Image to 
Spatial distortion 

Ratio

SDR
Signal to 
Distortion 

Ratio

SIR SAR ISR SDR

(in dB)
10,0

7,50

5,00

2,50

0,00

Synthetic mixtures
ML
MAP

Live recordings
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Audio example

Blind separation of 3 sources from a stereo mixture

source piano drums voice

method ML MAP ML MAP ML MAP

SDR 3.0 8.6 0.9 0.8 2.5 4.1
SIR 4.1 10.9 0.1 0.4 5.2 13.1
SAR 11.4 13.0 5.9 9.5 6.7 11.0
ISR 11.0 18.0 4.1 8.5 4.0 5.0

Sunrise by Shannon Hurley
Creative Commons Attribution-NonCommercial 3.0
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Conclusions

Conclusions

Prior distribution of the frequency response of mixing filters:

I Early contributions of room impulse responses

I AR model in frequency

I Better separation results than ML estimation

Future work

AR modeling in frequency ⇔ time domain envelope modeling

I AR model for late reverberation

I Fixed AR parameters knowing some room characteristics
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Thank you
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