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ABSTRACT

Most of the determined blind source separation (BSS) algorithms
related to the independent component analysis (ICA) were derived
from mathematical models of source signals. However, such deriva-
tion restricts the application of algorithms to explicitly definable
source models, i.e., an implicit model associated with some signal-
processing procedure cannot be utilized within such framework. In
this paper, we propose an extension of the existing algorithm so that
any time-frequency masking method (e.g., those developed in speech
enhancement literature) can be incorporated into the determined BSS
algorithm. As an application of the proposed algorithm, a sparse ex-
tension of the well-known independent vector analysis (IVA) is also
proposed for illustrating the potentiality of the masking-based im-
plicit source model.

Index Terms— Linear source separation, demixing filter esti-
mation, primal-dual splitting, proximity operator, plug-and-play.

1. INTRODUCTION

Blind source separation (BSS) is methodology for recovering source
signals from multiple mixtures without any knowledge about the
mixing system. Let a convolutive mixing process of audio signals
be approximated in time-frequency domain as

x[t, f] = Alf]slt, f1, (1)

where x = [z1,22,...% M]T is an observation obtained by M mi-
crophones, s = [s1, s2,...sn]" is a source signal to be recovered,
A[f]is an M x N mixing matrix, and ¢ and f are indices of time and
frequency, respectively. Then, the aim of BSS is to recover IV source
signals s from the mixtures x. In a determined or overdetermined
situation (M > N), many of the BSS problems are formulated as
an estimation problem of finding an N x M demixing matrix W (]
which is a left inverse of A[f] (i.e., W[f]A[f] = I), and the source
signals are recovered by simple multiplication:

Wt f] = WIfIA[fIslE, f] = slt, f]. )

For the sake of simplicity, only a determined situation (M = N) is
considered in this paper.

For estimating a demixing matrix W{f], statistical indepen-
dence between source signals is often assumed, which leads to a
family of independence-based BSS algorithms. Arguably, the in-
dependent component analysis (ICA) applied in frequency domain
(FDICA) [1-3] is one of the most famous methods among them.
Some recent developments on this line aim to avoid the so-called
permutation problem [4, 5] by considering more sophisticated mod-
els of source signals. For instance, the independent vector analysis
(IVA) [6-8] assumes co-occurrence among the frequency compo-
nents in each source, and the independent low-rank matrix analysis
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(ILRMA) [9-11] assumes low-rankness on spectrogram of each
source. These models equipped with the recent algorithms based
on the majorization-minimization (MM) principle [8, 11] are often
considered as the current state-of-the-art methods.

The key to success of these methods is to incorporate prior
knowledge on source signals into their formulations. However,
the state-of-the-art MM algorithms may require time for deriving a
correct majorizing function tailored for each source model, which
delays the trial of a new source model. As an alternative for seeking
and developing a better model, a flexible algorithm for determined
BSS, based on a proximal splitting method [12—-15], has been pro-
posed recently [16] to handle a lot of source models with less effort.
It seemed promising since some new models difficult for MM al-
gorithms were shown to be effective [16]. Yet, the algorithm has a
fundamental limitation which may prevent a practical use.

To resolve the limitation and widen the application of the BSS
algorithm in [16], its heuristic extension is proposed in this paper.
The fundamental limitation of the algorithm is its requirement of
the proximity operator corresponding to the source model (see Sec-
tion 2.2). As a proximity operator is an optimization problem, ap-
plication of the algorithm is limited to the class of source models
whose proximity operators can be easily calculated. To weaken this
requirement, a time-frequency masking operator is heuristically sub-
stituted in place of the proximity operator. As an application of the
proposed algorithm, a new BSS model, named sparse IVA, is also
proposed to demonstrate the potentiality of the proposed extension.

2. PROXIMAL ALGORITHM FOR DETERMINED BSS

In this section, the proximal algorithm proposed in [16] for the
independence-based determined BSS problems is briefly reviewed.

2.1. Independence-based BSS problems

As introduced in the previous section, the aim of determined BSS
methods is to estimate M x M demixing matrices {W[f]}}_; so
that the source signals are approximately recovered from the obser-
vations as W[f]|x[t, f] = s[t, f]. By assuming statistical indepen-
dence between the source signals, many of the BSS methods have
been formulated as a minimization problem of the following form:

Minimize P(W{[f]x[t, f])
(W,

Zlogldet PN

where P is a real-valued penalty function corresponding to the
source model. For example, with some constant C, the traditional
FDICA, whose source model is the Laplace distribution, is given by

Pylt, f]) = C||y[tf]||1—CZZZ|ym “

=1t=1 f=1
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while IVA based on the spherical Laplace distribution is obtained by

(S o

ILRMA can also be interpreted as Eq. (3) in the similar way [16].
From this perspective, it is clear that the difference of performance
among these methods is owing to goodness of the penalty function
‘P. Therefore, a BSS method can be improved by finding a better
penalty function P corresponding to a good source model.

F
D lymlt, 1

=1

Plylt. /1) = Clylt flllo, =C S 3

m=1t=1

2.2. Proximal algorithm for determined BSS problems [16]

As a new BSS method is developed by seeking a better model, it is
convenient to have a single algorithm that can handle a lot of models
without effort on modifying the code. In [16], the primal-dual split-
ting (PDS) algorithm [14] was employed to meet this requirement.
By reformulating Eq. (3) into a PDS applicable form,
Minimize Z(w)+ P(Xw), (6)
the proximal algorithm in [16] is obtained as in Algorithm 1, where
(wlfl=v(Wif)) @

w = [w[1]", w[2]",..., w[F]"]",

is a vectorized version of the demixing matrices {W[f]}f_,, V is
the vectorizing operator converting a matrix into a vector,

VW) =Wialfl,-.., Winmlf], Wanlfl, ..., Warml[f]]5 (8)

M is the linear operator converting the vector back into the matrix,

M(w)[f] = W[f], ©

X is a matrix constructed from the observed data x[t, f] as
X = blkdiag(x[1], x[2], - - -, X[F]), (10)
x[f] = blkdiag(x[f], x[f], -, x[f]), (M times) — (11)
xlf1 = [nlflmlf], - ma £ (12)
Tnlf] = [wm[L, flwm[2, fl, - om(T )T, (13)

blkdiag(-) is an operator constructing a block-diagonal matrix by
concatenating inputted matrices diagonally, 7.,,[f] is T'x 1, x[f] is
TxM,x[f]is MTx M?, X is FMT x FM?,

I(w) = —Z Z bngn(M(W)[f])?

f=1m=1

14

and o, (W) is the mth singular value of W. The step-size parame-
ters can be chosen simply as p1 = p2 = o = 1 through the normal-
ization rule (see [16] for details and an extension).

The important feature of this algorithm is that each function in
the problem is independently minimized via the proximity operator,

prox, 2] = argmin[ g(&) + 5 2~ €3], (19)
3 2

which is a subproblem easier than the original problem [13]. Prox-

imity operators of some functions related to the BSS problems, in-

cluding — log in Eq. (3) and norms in Egs. (4) and (5), can be com-

puted quite efficiently. Therefore, Algorithm 1 is promising because

difficulty of the BSS problem only depends on the subproblem of
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Algorithm 1 PDS-BSS [16]

1: Input: X, wltl y0 p1, p2, o
2: Output: wlf+1

3: fork=1,...,

4w =prox, o[ W — i X"y ]
55z =yM 4+ X(2w — wlt)

6: Yy =12Z—prox_ip|z]

7 yFH = oy —|—“%1 — a)yl*

8 whtl =aw 4+ (1 - a)w

9: end for

the source model, and a new algorithm is obtained for each source
model by only replacing the proximity operator in the 6th line.
Although proximity operators divide the problem into simpler
subproblems, they are still optimization problems whose solutions
may not be obtained easily. That is, Algorithm 1 is limited to the
class of source models whose proximity operators are easily com-
putable. Moreover, for deriving a solution to the proximity operator,
the penalty function of the source model must be written explicitly,
which prohibits a use of implicit source models learned from data.

3. PROPOSED METHOD

To overcome the limitation and widen the application of Algo-
rithm 1, the proximity operator is heuristically replaced by a time-
frequency masking operator. To do so, the connection between the
proximity operator and time-frequency masking is discussed first.

3.1. Proximity operators as time-frequency masking

Some source models admit closed-form solutions to the associated
proximity operators. For example, the proximity operator of £; norm
in Eq. (4) is given by the bin-wise soft-thresholding operator,

A

(prOX)\“.Hl[Z])m[tv 1= <1 h m

+

where (-)4+ = max{0, -} is the projection onto nonnegative values,
and A > 0. That of ¢2 1 mixed norm in Eq. (5) is also given as

A l) Zm[tny (17)
2+

F
Qf=alzmlt: F117)
which is called the group-thresholding operator. By inserting one
of these operators into the 6th line, Algorithm 1 for FDICA or IVA
is obtained. Proximity operators of many other sparsity-inducing

functions can also be obtained as thresholding operators [17,18].
Note that the above proximity operators have the same form:

(Ta[2)),,[t, /1 = (M(2)),,[t, f] zmt, f],

where 0 < (M(z)),,[t, f] < 1is a scalar depending on the input,
and the soft- and group-thresholding operators in Eqs. (16) and (17)
are obtained by inserting the following functions into Eq. (18):

(M), [t /] = (1= A|zmlt, f1]),.»
(M3, (=), [t 1 = (1= M et SIP)P),

This form can be interpreted as the time-frequency masking whose
mask M(z) is given by a procedure depending on its input.

(proxy ., [el),, 1811 = (1_

(18)

19)
(20)



3.2. Proximity operator as MAP estimation

The optimization problem of the proximity operator in Eq. (15)
can be interpreted as the maximum a posteriori (MAP) estimation.
When an observed signal is contaminated by the additive Gaussian
noise, MAP estimation of the clean signal, whose prior distribution
is C'exp(—"P(+)), reduces to the following maximization problem:

2
proxup[z] = arg mﬁax[@iﬁnzfﬂb 6*7’(9 :|’ @1

which is equivalent to the proximity operator (taking negative log-
arithm of Eq. (21) recovers Eq. (15)). This interpretation suggests
that substituting a general Gaussian denoiser, which (approximately)
solves Eq. (21), in place of the proximity operator results in an al-
gorithm which works as if the penalty function P is minimized.
Such idea of replacing a proximity operator is called plug-and-play
method [19] which is attracting many researchers recently [20-23].

3.3. Proposed algorithm

Based on the above relations, the proximity operator in Algorithm 1
is replaced by a time-frequency mask as in Algorithm 2, where ® de-
notes the element-wise product, and 6 represents a set of parameters
for generating the mask. This slight generalization allows collabora-
tion of time-frequency masking and the determined BSS algorithm.
It greatly extends the possibility because explicit form of the penalty
function P is not required, i.e., any mask (maybe defined as a rule
and/or learned from data) can be incorporated into the algorithm.

When the underlying penalty function is separable for each
source as in Section 2.1 (P = 3" P,), then the proposed al-
gorithm can be seen as an independence-based BSS method (ML
estimation) with C exp(—P,(-)) being the density function of nth
source signal. That is, the proposed algorithm recasts the BSS prob-
lem in Eq. (3) into the denoising problem in Eq. (21) consisting of
the same prior distribution of the sources. This is important property
because learning a Gaussian denoiser is much easier than learning
a regressor of the demixing matrix which requires a variety of im-
pulse responses as the training data. It is also possible to obtain an
algorithm beyond the independence-based framework by inserting a
masking method which is not separable for each source.

In practice, one can insert any time-frequency mask into Algo-
rithm 2 to generate a new BSS algorithm. Although stability and
convergence of the algorithm for a general time-frequency mask can
only be investigated by experiments, it is easy since the only effort
for rewriting the code is the masking function in the 6th line of Al-
gorithm 2. That is, one can just insert a masking method into the
algorithm and run it for checking the performance.

4. SPARSE IVA:
SIMPLE YET POWERFUL EXTENSION OF IVA

As an application of the proposed algorithm, a computationally
cheap but well-performing extension of IVA, named Sparse IVA,
is proposed here. Although it might seem more natural to consider
a recent learning-based masking method (such as ones using deep
neural networks) from the above discussion, our motivation is to
show that there is still a room for improving the well-known model
for which the proposed concept is essential.

4.1. Side effect of whitening undesirable for IVA

As for many other algorithms, whitening is strongly recommended
before running the algorithm. However, it causes a side effect which
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Algorithm 2 PDS-BSS-masking

1: Input: X, witl ym, p1, p2, o
2: Output: wlf+1
3:fork=1,...,Kdo

4 W =prox, 7| Wit — o Xy R ]
55z =yM 4 x(ew—wit)

6: ?ZZ*MG(Z)QZ
7.y = oy + (1 —a)y™
8wt —aw+ (1 —a)wh
9: end for

Original spectrogram

Whitened spectrogram

Frequency [kHz]

Energy o

Fig. 1. Illustration of the undesired side effect of whitening. Time-
frame-wise energies of each spectrogram are shown below.

degrades the performance of IVA. Since the frequency-wise energy
of the observed data is set to the same value for every frequencies,
whitening distorts the assumption of IVA, co-occurrence among the
frequency components, which prevent IVA from working properly.

To see this effect, Fig. 1 illustrates an example of spectrograms
before and after whitening. As seen in the figure, the original speech
mixture does not contain very low- and high-frequency components,
say, below 100 Hz and above 6 kHz, respectively. These low- and
high-frequency bands, which are dominated by ambient noise, are
also normalized to have the same energy as other bands. Such noise
magnification distorts the group sparse nature of speech signals, and
therefore the performance of IVA is degraded. The group sparse
structure should be recovered without harming the positive effect of
whitening such as improvement on convergence speed.

4.2. Proposed Sparse IVA

By adding ¢, norm to {2 1 mixed norm, a new BSS model, namely a
sparsely regularized IVA, can be derived. By just inserting [24]

PTOXy, |11, 4 4 2a Il 2] = Proxy ., [proxy, i (2] (22)

to the 6th line of Algorithm 1, the algorithm for such sparse variant
of IVA is obtained [16]. Starting from this composite thresholder,
the proposed Sparse IVA is defined through a time-frequency mask.
Firstly, for recovering the group sparse structure distorted by
whitening, a frequency-wise weight (©,[x]) y > 0 is proposed based
on sparseness of each frequency band measured by the normalized
¢1 norm. As ¢1 norm takes a small value for a sparse signal, we con-
sider the reciprocal of the normalized ¢; norm [25] for the weight:

0,0 = r[(ﬁi wm[tf]IQ)é/ <§1ix’”[t’f”)]’

(23)



where Y[ -] denotes ¢1 normalization with clipping by n > 0,

18] =&, /(1€ 1 /F), &, =(&—n),,

and division in Eq. (23) is performed element-wise. The fth ele-
ment (6, [x]) is larger when the corresponding frequency band is
sparser, and vice versa. Clipping by 1 enforces elements less than n
to zero for further suppressing the effect of noisy frequency bands.

Furthermore, enhanced thresholders are employed to reduce
the bias imposed by the soft- and group-thresholding. While these
thresholding functions in Section 3.1 were obtained from the penalty
functions, it is possible to define a thresholder without defining the
associated penalty function. Some recent research considers this
way to realize a better thresholding function [26-30]. For example,
the thresholding rule obtained through the p-shrinkage [27],

(E,A[Z])m [tv f] (1 - )‘2_1)/|Zm [t7 f] |2—p)+zm [tv f]7

24

= (25)
is related to a penalty function which does not have an explicit
formula for general p. Nevertheless, it behaves as a reasonable
thresholding function since p = 1 results in the soft-thresholding
in Eq. (16), and p — —oo corresponds to the hard-thresholding.
Another example is one of the social sparsity operators [26],

(Thalz]),, [t F] = (1= X/ Vhox |zmlt, f112), 2mlt, f],

where hx* represents convolution with a two-dimensional filter kernel
h in time-frequency domain. Although Eq. (26) is not a proximity
operator in general, its effectiveness is empirically known as in [26].
In this paper, the firm thresholder [31,32] is utilized for simplicity.

Then, by imposing the frequency-wise weight ©,[x] and the
debiasing operator E,[-] corresponding to the firm thresholder into
Eq. (22), the time-frequency mask for Sparse IVA is proposed:

(MEIAA (), [t ] =

(26)

@n

)J e, ),

where (0©,[x])s > 0is the fth element of ©,[x] in Eq. (23),n > 0
is the clipping parameter in Eq. (24), A = [A1, A2] is the thresholds,

A1
7 |CER T £ Zmlt, 172

:Kl (ZL(040)

(Eﬁ[z})m[t, fl1= (/-c Zm[t, f]/maxom ¢, 1 {zm[t, f}})_ (28)
is a debiasing operator with a magnification factor k > 1, ()_ =
min{1, -} is a clipping operator so that ((z),)_€ [0,1], and

CaRlt, f] = Ea[(1 = Ao/ lzmIt, f11), ] (29)

is an element-wise mask corresponding to the firm thresholding
whose threshold varies depending on the maximum value of the
input. This mask can be regarded as a weighted and non-convex
version of the thresholding function in Eq. (22) which is recovered
by kK = maxy, ¢, f{zm[t, f]} and (©,[x]); = 1 (for all f).

By inserting this time-frequency mask into Algorithm 2, the BSS
algorithm for Sparse IVA is obtained. Although it might seem com-
plicated, calculation of the proposed mask is not so expensive than
that of the ordinary Laplace IVA in Eq. (20) since the computational
cost of this algorithm is dominated by the 4th and 5th lines involving
the (demix) filtering. Note that the proposed algorithm is essential
for Sparse IVA because it is defined only by the mask-generating
operator and its penalty function is not explicit.
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Fig. 2. Comparison between the ordinary IVA based on Eq. (20)
(dotted lines) and the proposed Sparse IVA in Eq. (27) (solid lines).

Table 1. Scores at the last iteration of Fig. 2. Run time per iteration
was measured by Core i5-7200U processor and MATLAB 2017a.

Mixture A Mixture B Run time
SDR | SIR | SAR | SDR | SIR | SAR || [ms/iter.]
IVA 6.0 9.8 8.7 34 6.3 7.5 55.2
Sparse IVA | 9.5 149 | 113 6.5 9.8 9.7 67.1
Difference | 3.5 5.1 2.6 3.1 3.5 2.2 11.9
Ratio 1.6x | 1.5x | 1.3x | 19x | 1.6x | 1.3x 1.2x

5. EXPERIMENT

The proposed Sparse IVA was tested by applying it to speech mix-
tures as in [16]. The database used in this experiment was a part
of SiSEC (devl in the UND task'). Live recording (liverec)
of four female speech sources recorded by two microphones (5 cm
spacing) was chosen as the test data. For making the problem de-
termined, two pairs of sources were considered: Mixture A consists
of two sources arrived from —50° and 45° and Mixture B consists
of two sources arrived from —10° and 15°, where 0° corresponds
to the normal direction to the microphone array. The reverberation
time was 130 ms, and 128-ms-long Hann window with 64-ms shift
was used. The initial value of demixing matrices wl'! was set to the
identity matrices (W[f] = I for all f), and that of y was the zero
vector. The parameters for Sparse IVA were set to p1 = 1, p2 = 1,
a=1.75, A1 = 2, A2 = 0.01, kK = 1.1, and n = 0.5. For compari-
son, the ordinary Laplace IVA based on Eq. (20) was also performed
by the proposed algorithm with the same parameters.

The experimental results are shown in Fig. 2 whose scores at the
last iteration are listed in Table 1. While the proposed Sparse IVA
involved the computational load similar to the ordinary IVA, their
scores greatly differ as in the table (SDR improved 3.3 dB in aver-
age by only requiring 1.2 x computational efforts). This result indi-
cates that a better BSS algorithm can be obtained with the proposed
method by simply designing a mask-generation rule based on a prior
knowledge which can be borrowed from existing methods [33-35].

6. CONCLUSIONS

In this paper, a general BSS algorithm which can be easily defined by
a time-frequency masking rule was proposed. The proposed method
can easily unify a sound enhancement method into determined BSS
by simply inserting a mask-generating function into the single line
of the algorithm. Its extraordinary flexibility opened up a new fron-
tier of determined BSS since any denoising method based on time-
frequency masking can be combined into the BSS algorithm, which
was demonstrated through the proposed Sparse IVA.

!Available at http://sisec201l.wiki.irisa.fr
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