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Abstract refined by aligning bands with nearby and harmonicallytesla
frequencies.

Instead of using the independence-maximizing technique
of ICA, our approach is based on a model of the interaural
time and level differences derived from the binaural observ
tion. This is similar to the DUET algorithm [2] for separaiin
undetermined mixtures by clustering localization cueoser
time and frequency. Given prior knowledge of the source-loca
tions, Wilson describes in [5] a complementary method based
on source model inference. In this paper we propose an algo-
rithm to jointly estimate both the localization and sourcedel
parameters. We extend the Model-based EM Source Separation
and Localization (MESSL) algorithm of [3] to incorporatedad
tional constraints obtained from a prior source model. We ca
. this extension MESSL-SP (Source Prior). We show that it is
1. Introduction possible to obtain significant improvement in separatiarfigpe

The use of signal models is a common approach to source sepa- mance of speech signals in reverberation over a baselitensys
ration when only a single channel observation is availafitey- employing only interaural cues. The improvement is sigaific
ever, for good performance, such a|gorithms require maﬂ even when the source models used are quite weak. The informa-
large, speaker-dependent models [1]. Separation becamnes ¢ tion extracted from the interaural cues and source modeéser
siderably easier when multiple channels are observedcassh ~ to reinforce each other.
by the way the binaural system of human listeners allows them
to focus on a particular sound source in an environment con- 2. Signal M odél
taining distracting sources. In fact, by leveraging theiinfa-
tion present in binaural signals it is possible to separatieces
without prior knowledge of their content [2, 3]. Howeverjst
to be expected that such prior knowledge can further improve
separation performance. In this paper we describe a system f
source separation that combines inference of localizaéoam-
eters with model-based separation methods and show that the
additional constraints derived from the source model dp tel
improve separation performance.

Independent component analysis (ICA) is another well

We describe a system for separating multiple sources from a
two-channel recording based on interaural cues and knoam ch
acteristics of the source signals. We combine a probaibilist
model of the observed interaural level and phase diffeence
with a prior model of the source statistics and derive an EM al
gorithm for finding the maximum likelihood parameters of the
joint model. The system is able to separate more sound source
than there are observed channels. In simulated reverbmignt
tures of three speakers the proposed algorithm gives alsigna
to-noise ratio improvement of 2.1 dB over a baseline alporit
using only interaural cues.

Index Terms. source separation, binaural, source models, EM

We model the mixture ofl spatially distinct source signals
{si(t)}i=1..r based on the binaural observatiat{s) andr(t)
corresponding to the signals arriving at the left and rightee-
spectively. In anechoic environments, the observatiotisbei
related to a given source signal primarily by the gain andylel
that characterize the direct path from the source locatimw-

ever, in reverberant environments this assumption is cafu

by the addition of convolutive noise arising from the room im
pulse response. In general the observations can be modeled a

known approach to source separation given multi-channel ob follows:

servations. Conventional ICA does not work well when the 2t) = Zsi(t —7f) * hi(t) 1)
number of sources is greater than the number of channels, but i

in [4], Sawada et al. describe a two-stage frequency-degend r(t) = Z si(t — 1) % W0 (1) @)

blind source separation approach (2S-FD-BSS) that corabine
ideas from model-based separation with ICA to be able to sep- . o .
arate underdetermined mixtures. In the first stage, bliniceo \{vhere?rls the delay charactens_tlc of the direct path for source
separation is performed separately on each frequency and o ¢ @hdh; " (t) are the corresponding “channel” responses for the
spectrogram using a probabilistic model of the mixing neatsi left and right channels respectively that approximate tuer
The separated signals from each band are then associated wit IMPUlSe response and additional filtering due to the heatie|
the corresponding signals from other bands using k-measss ¢cI  transfer function, excluding the primary delay.

tering on the posterior probabilities of each source, thethér

i

2.1. Interaural model
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whereL(w, t) andR(w, t) are the short-time Fourier transforms
of £(t) andr(t), respectively. For a given time-frequency cell,
the interaural level difference (ILD) between the two chelan
is a(w,t), andp(w, t) is the corresponding interaural phase dif-
ference (IPD).

A key assumption in the MESSL signal model is that each
time-frequency point is dominated by a single source. This i
plies the following approximations for the observed ILD and
ITD:

a(w,t) =~ 20log,, % @
o(w,t) mw(m =) (5)

These variables have the advantage of being independeme of t
source signal, so the resulting model does not depend on the
distribution ofs;(t).

We model the ILD for source as a Gaussian distribution
whose mean and variance will be learned from the mixed signal

= N(a(w,t); pi(w),n; (@) (6)

whered stands for the otherwise unspecified model param-
eters. Because(w,t) is only observed modul@r, it is diffi-
cult to learn the IPD for a given source directly from the ntixe
signal. To simplify this process, we define a grid of time dif-
ferencesr to search over, and the IPD distribution for a given
source has the form of a Gaussian mixture model (GMM) with
one mixture component for each time difference on the grid:

P(¢(w,t) | i,7,0) = N(¢(w,1); wT,07) Y]
P(¢(w,t),i|0) = Z«p” ®)

whereq;, are the mixing weights for souréeand delayr.

P(a(w,t) | 1i,0)

(w,t) | 4,7,0)

2.2. Source model

We extend the baseline MESSL model described above to incor-
porate prior knowledge of the source statistics. This matkes
possible to model the binaural observations directly:

S’i(w

L(w,t) =
R(w,t) ~ Si(w

) + Hf(w,t)
) + H (w,t)

9)
(10)

whereX £ 20log,, | X|. Each source; is modeled using a
GMM:
t)=> mN(S

We assume thall””" will be constant across the entire mixture
and that they will be relatively smooth across frequencyer&h
fore, we parametrize the channel response in the DCT domain,
giving I?f(w, t) = Bh! whereB is a matrix of DCT basis vec-
tors. This allowslflf” to be modeled using many fewer DCT
coefficients than the number of frequency bafids

Combining this channel model with the source priors above
give the following likelihoods for the left and right chanispec-
trograms:

t); Vie, i) (11)

P(Lli, c,0)
P(Rli,c,0)

= N(L(w, 1); vie(w) + Bw,)ht, 2(w)) (12)
= N(R(w,t); vie(w) + B(w,)h}, st (w)) (13)

whereB(w, :) is the row of B corresponding to frequency.
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Figure 1: MESSL-SP graphical model. Each time-frequency
point is explained by a sour@ea delayr, and a component

As the observed signal is likely to be small compared to the
amount of data needed to reliably train a prior signal model,
usem;., Vi andg;. trained on clean data, and learn from the
mixture only the source-dependent channel and locaticempar
eters.

Combining the model of the interaural signals with the
source model gives the total likelihood of the model:

P(p(wit), a(w,t), L(w, t), R(w,t),i,7,¢ | 0)
= P(i,7) P(¢(w, ) | i,7,0) P(a(w,t) | i,0)
P(c|i) P(L(w,t) | i,¢,0) P(R(w,t) | i,c,0) (14)

This equation explains each time-frequency point of theewhix
signal as coming from a single source at a given delay and a
particular component in the source prior. The graphical @hod
corresponding to this factorization is shown in figure 1. For
conciseness we will drop thev, t) where convenient in the re-
mainder of the paper.

3. Source Separation

If we knew which time-frequency points were responsible for
each source it would be trivial to separate them. But infegen
of these posteriors requires knowledge of the unknown model
parameter§ = {1, o, ;, >, h’, hi}. To solve this problem

we derive an expectation-maximization algorithm to iterdy
learn the parameters and posteriors.

The E-step consists of evaluating the posterior respdnsibi
ities for each time-frequency point given the estimatecpar
eters for iteratiory, ;. We introduce a hidden variable repre-
senting the posterior af 7, ¢:

P(¢,a, L, R,i,7,c,|0;)
Yoire P, L, R4, 7,¢,10;)

The M-step consists of maximizing the expectation of the
total log-likelihood given the current parametéss

Q010;) = zire(w, t)log P(¢, v, L, R,i,7,cl0)  (16)

wt

Zire(w,t) = (15)



As shown in (14), the log likelihood is factored into condit
ally independent terms which can be maximized indepenglentl

The updates for the ITD and ILD parameters are derived in
[6] and [3] respectively, but we reproduce them here for com-
pleteness. First, we define the operator

a Zti Zire(w,t)x
Zt,T ZiTC(wvt)
as the mean over the specified variableand = in this case,

weighted byz;,.(w,t). The updates for the interaural parame-
ters can then be written as follows:

(17

(Con

a7 = (8% (W), s (18)
pi(w) = (a(w,1), , . (19)
(W) = ((alw,t) = @)*), _, (20)

Vir = g ) zire(w, 1) (21)

wtc

Unlike the interaural parameters, the source prior parame-
ters are tied across frequency to ensure that each time feame
explained by a single component in the source prior. The up-
dates are as follows:

h! — (Z BTE,EB)71 S OBTSLHLG 1)~ vie) (22)
tc tc

= (Y BTSB) S BTSARE ) ) (29)
tc tc

where X;.; encodes the posterior probability of component
from sourcei dominating the mixture at frame

2
A i Sic
Hiet = d'ag<zT )

After the EM algorithm converges, we separate sources by
deriving a time-frequency mask from the posterior prolighbil
of the hidden variables for each source:

m; (w, t) = Z Z’i‘rC(w7 t)

(24)

(25)

Estimates of clean souréean then be obtained by multiplying
the short-time Fourier transform of each channel of the thixe
signal by the mask for the corresponding source. This assume
that the mask is identical for both channels. Figure 2 shaws a
example mask derived from the proposed algorithm.

4. Experiments

To evaluate the performance of the proposed algorithm, we
assembled a data set consisting of mixtures of two and three
speech signals in simulated anechoic and reverberanttori
The reverberant mixtures were formed by convolving anechoi

System 2A 3A 2R 3R Avg
Ground Truth 11.57 11.62 10.60 10.93 11.18
MESSL-SP 64 3.65 3.66 521 533 446
MESSL-SP 32 3.47 3.60 5.12 525 4.36
MESSL-SP 16 3.28 355 494 521 4.25
MESSL-SP 8 2.97 331 447 5.00 3.94
MESSL baseline 4.74 383 336 3.01 3.73
2S-FD-BSS 442 482 417 3.30 4.18

Table 1: Average SNR improvement (in dB) across all distrac-
tor angles for each algorithm. The test cases are descriped b
the number of simultaneous sources (2 or 3) and whether the
impulse responses were anechoic or reverberant (A or R).

head, although a different unit was used. The measurements w
used were taken in the center of the classroom, with the edurc
m from the head at 7 different azimuths, each repeated 3 times
In the synthesized mixtures, the target speaker was located
directly in front of the listener, with distractor speakérsated
off to the sides. The angle between the target and distsactor
was systematically varied and the results combined for diach
rection. Each setup was tested with 5 different randomlgeho
sets of speakers and with one and two distractors, for adbtal
300 different mixtures. We measure the performance of separ
tion with signal-to-noise ratio improvement, defined fouse
1 as follows:

Q. [|2 12
[l 108, [

—mi 3, Sill? >z Sill?

where m; and S; are the estimated mask and spectrogram,
respectively, for sourcé, and || X||?> indicates summing the
squared magnitude oX overw andt¢. This measure penal-
izes both noise that is passed through the mask and sigral tha
is rejected by the mask.

We compare the proposed algorithm to the baseline MESSL
algorithm from [3] that does not utilize source constrgitite
ICA-based separation system from [4] (2S-FD-BSS), and the
performance using ground truth binary masks derived from
clean source signals. The proposed algorithm (MESSL-SP)
was evaluated using prior source models with 8, 16, 32, and
64 GMM components trained over the training data for all 34
speakers. The same speaker-independent prior was used for
each source in a given mixture. As a result, the likelihoads i
(12) and (13) are initially uninformative because they ess
to the same likelihood for each source. However, as the binau
ral cues begin to disambiguate the sources, the learnesiehan
responses help to differentiate the source models.

The average performance of the evaluated algorithms is
summarized in table 1. The experimental results are shown as
a function of distractor angle in figure 3. Both MESSL systems
generally perform slightly better than 2S-FD-BSS in anécho
conditions, except at small distractor angles when loatbn is

101og,, 5, (26)

speech samples with binaural impulse responses. We used 15 difficult because the parameters for all sources are verijasim

utterances chosen at random from the GRID corpus used in the
2006 Speech Separation challenge [7].

The anechoic binaural impulse responses came from [8], a
large effort to record head-related transfer functionsnf@any
different individuals. We use the measurements for a KEMAR
dummy head with small ears, taken at 25 different azimuths at
0° elevation. The reverberant binaural impulse responses wer
recorded by Shinn-Cunningham et al. in a real classroom [9].
These measurements were also made with a KEMAR dummy

In reverberation the 2S-FD-BSS system slightly outperform
the MESSL baseline, but performs worse than MESSL-SP. Fi-
nally, the performance of MESSL-SP improves as the sizesof th
source prior increases. The best performer overall is MESSL
SP 64, which outperforms the MESSL baseline by about 2 dB
on average in reverb.

Figure 2 demonstrates the qualitative differences between
the errors made by MESSL and 2S-FD-BSS in reverberant con-
ditions. There is significant uncertainty in the MESSL mask
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Figure 2: Example binary masks found using different sefmaralgorithms. The mixed signal is composed of two speeciices in
reverb separated by 60 degrees. The MESSL-SP 32 mask usembenp@nent source prior.
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Figure 3: Separation performance as a function of distrastgle.

with many time-frequency points having posteriors close.f
while the 2S-FD-BSS mask is quite close to binary. As a result
2S-FD-BSS is more prone to source permutation errors where
significant target energy can be rejected by the mask. In con-
trast, the failure mode of MESSL is to pass both sources Bgual
when it is unable to sufficiently distinguish between them.

The addition of source constraints hurts performance in ane
choic environments. This is because the interaural modekal
can be a good fit to anechoic observations, and the limitatyén
the source model (trained over a variety of speakers, ugig r
atively few components) often become a liability. However,
reverberation the source models are a good fit to the dir¢iat pa
portion of the observations. This helps focus the algorithmm
reliable time-frequency regions which in turn enablesdyatt-
ference of the interaural parameters and speeds up coneerge
relative to the baseline. This is why the MESSL-SP mask is
significantly sharper than the MESSL mask in figure 2. The
source models also serve to introduce correlations acress f
guency that are only loosely captured by the ILD model during
initial iterations. This is especially true in the higheeduen-
cies which are highly correlated in speech signals.

5. Conclusions

We have presented a system for source separation based on
probabilistic model of binaural observations. We combine a
model of the interaural spectrogram with a prior model of the
source spectrogram. By learning the frequency response of
the combined room impulse response and head-relateddransf
function filtering applied to the source signal it is possitd ob-

tain a significant performance improvement over the algorit
that does not rely on a prior source model. The improvement is

significant even when the prior on the source statistics ii® qu
limited, consisting of a small speaker-independent model.
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