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Abstract—This paper presents new formulations and algorithms
for multichannel extensions of non-negative matrix factorization
(NMF). The formulations employ Hermitian positive semidefinite
matrices to represent a multichannel version of non-negative
elements. Multichannel Euclidean distance and multichannel
Itakura-Saito (IS) divergence are defined based on appropriate
statistical models utilizing multivariate complex Gaussian distri-
butions. To minimize this distance/divergence, efficient optimiza-
tion algorithms in the form of multiplicative updates are derived
by using properly designed auxiliary functions. Two methods are
proposed for clustering NMF bases according to the estimated
spatial property. Convolutive blind source separation (BSS) is
performed by the multichannel extensions of NMF with the clus-
tering mechanism. Experimental results show that 1) the derived
multiplicative update rules exhibited good convergence behavior,
and 2) BSS tasks for several music sources with two microphones
and three instrumental parts were evaluated successfully.

Index Terms—Blind source separation, clustering, convolutive
mixture, multichannel, non-negative matrix factorization.

I. INTRODUCTION

ON-NEGATIVE matrix factorization (NMF) is an unsu-

pervised learning technique with a wide range of appli-
cations such as parts-based image representation [3], document
clustering [4], and music transcription [5]. As the top part of
Fig. 1 shows, NMF decomposes a given non-negative matrix X
into two smaller non-negative matrices T and V. When we an-
alyze an audio/music signal with NMF, we typically employ a
short-time Fourier transform (STFT) to obtain complex-valued
representations in the time-frequency domain. Then, we make
them non-negative by calculating the (squared) absolute values
(see (1)) in order to apply NMF. The bottom part of Fig. 1 shows
that NMF extracts frequent sound patterns as five NMF bases
from an audio clip containing five different notes.

A typical issue with NMF-based audio signal analysis is how
to cluster the extracted NMF bases for a higher-level interpre-
tation of the audio signal. Various NMF models have been pro-
posed for that purpose. Temporal continuity [6] is considered
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Fig. 1. Formulation of NMF (top) and its application to a music signal
(bottom). Frequent sound patterns are identified in matrix T along with their
activation periods and strengths shown in matrix V.

on activation gains V. The sequential modeling of bases T
is conducted with convolutive NMF [7] and hidden Markov
models [8], [9]. Shifted NMF [10], [11] identifies the bases that
correspond to the notes played by an identical instrument. All
these methods are related to single-channel (monaural) source
separation.

As humans/animals have two ears, multichannel processing
is a way of realizing a more general source separation capa-
bility because the spatial properties (directions or locations) of
source signals can be exploited [12]. Specifically with an NMF-
based method, the bases can be clustered according the spatial
property, as Fig. 2 shows. With that in mind, multichannel ex-
tensions of NMF have been studied with the aim of realizing
sound source separation and localization. In an instantaneous
mixture case, the authors of [13], [14] were interested in the
gain of each source to each microphone. Thus, all the values
are still non-negative, and the notion of non-negativity remains
clear. However, in a convolutive mixture case, the phase dif-
ference between different microphones is crucial information
for source localization and separation. Thus, we need to handle
complex-valued multichannel observations for these purposes,
but the notion of non-negativity is not obvious. In [15], [16], the
power spectrums of source signals are modeled with non-neg-
ative values, but there is no explicit description regarding non-
negativity for mixing matrices or covariance matrices. In this
paper, we propose that the Hermitian positive semidefiniteness
of a matrix is a multichannel counterpart of non-negativity, and
extend NMF to a multichannel case in a more generic way.

There are several choices available for the distance/diver-
gence measures used in the NMF cost function including the
Euclidean distance [17], the generalized Kullback-Leibler (KL)
divergence [17], and the Itakura-Saito (IS) divergence [18]. In
this paper, we define multichannel extensions of the Euclidean

1558-7916/$31.00 © 2013 IEEE
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Fig. 2. Multichannel extensions of NMF associate the spatial property with
each NMF basis. This enables us to cluster NMF bases according to the source
location, and thus perform a source separation task.

distance and the IS divergence, and extend the NMF model
with these two definitions. We show that minimizing these dis-
tance/divergence is equivalent to maximizing the log-likelihood
of the observations with appropriate statistical models utilizing
multivariate complex Gaussian distributions.

The wide popularity of standard single-channel NMF comes
from the fact that the algorithm is very easy to implement and
works efficiently. In particular, multiplicative update rules [17]
provide rapid convergence and have the attractive property of
guaranteeing the non-negativity of all the matrix elements once
they are initialized with non-negative values. In previous work
on multichannel NMF [15], [16], however, expectation-maxi-
mization (EM) algorithms have been derived. It was reported
that the algorithms were sensitive to parameter initialization,
and thus they used the original source information for perturbed
oracle initializations. This paper presents multiplicative update
rules for multichannel extensions of NMF, and shows experi-
mentally that their convergence behavior is similar to that of
single-channel NMFs.

With the multichannel extensions of NMF presented in this
paper, we have the estimations of the spatial properties for each
basis. To perform a source separation task, we need to cluster
the NMF bases for a source according to the similarity of the
spatial properties. This paper proposes an automatic clustering
mechanism that is built into the NMF model with cluster-indi-
cator latent variables. The update rules are slightly changed but
still multiplicative in form.

The main contributions of this paper are summarized as
follows.

1) The notion of non-negativity is defined for a complex-

valued vector (Section III-A).

2) Multiplicative update rules are derived for multichannel
extensions of NMF (Section III-C). These updates pro-
vide faster convergence than the previous EM algorithms
(Fig. 9).

3) Multichannel extensions are found for the Euclidean dis-
tance and IS divergence (Section III).

4) Methods for clustering NMF bases are proposed for a
source separation task (Section IV).

In our previous work [1], [2], we succeeded merely in separating
two sources and found it difficult to separate more sources.
This paper newly proposes a bottom-up clustering method and
a source separation procedure, in which redundant spatial prop-
erties are allowed. Consequently, we have succeeded in sepa-
rating three sources for a variety of music sources. In addition,

we changed the update rules for the multichannel Euclidean
NMF from those shown in [1] to make the link to the standard
single-channel Euclidean NMF clearer.

This paper is organized as follows. Section II explains the
basics of the existing single-channel NMF. The proposed multi-
channel extensions and the clustering techniques are described
in Sections III and IV, respectively. Section V reports experi-
mental results on the convergence behavior of the algorithms
and source separation performance. Section VI concludes this

paper.

II. NON-NEGATIVE MATRIX FACTORIZATION

This section reviews the formulation and algorithm of stan-
dard single-channel NMF [17]-[19]. Let us assume that we have
a single-channel audio observation, to which we apply a short-
time Fourier transform (STFT).

A. Formulation

Let z;; € C be the STFT coefficient at frequency bin ¢ and
time frame j. To apply NMF, we need to convert ;; to a non-
negative value z;; € R via preprocessing. Typically, we take
the absolute value or its squared value as

| %451

Tiy = { |j7ij|2 — JN.LJ,;.TJ (l)
where -* represents a complex conjugate. Then, a matrix X,
[X]i; = xij, is constructed with all the preprocessed values z;;
fore =1,...;,7andj =1,...,J.

NMF factorizes the I x J matrix X into the product of an
I x K matrix T and a K x J matrix V. The parameter K
specifies the number of NMF bases, and is generally determined
empirically by the user. All the elements of the two matrices,
tit = [T]ik va; = [V]k;, should be non-negative, i.e., t;, € R
and vi; € Ry,

NMF algorithms are designed to minimize the distance/diver-
gence between the given matrix X and its factored form TV.
Let

K
By = Z bik Uk ()
k=1

be the factorization approximation of x;;. Then the distance/
divergence can be defined in a general form

i=1 j=1

du(wij, Tiz)

where d,. specifies an element-wise distance/divergence. The
following three types of distance/divergence are widely used:
Squared Euclidean distance

dpu(Tij, #ij) = |2ij — Zij . “4)
Generalized Kullback-Leibler (KL) divergence
N Ty N

dKL(fL'ij-/ :L'ij) = &ij log ,i_ — Zi; + 5. &)

ij
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Fig. 3. Three types of distance/divergence with z;; = 1: squared Euclid dis-

tance, generalized KL divergence and IS divergence.

Itakura-Saito (IS) divergence
. Ty L
d]s(.’]}ij, ’T,'U) = - log — -1 (6)

Fig. 3 shows examples of these distance/divergences with u:;; =
1. We observe that KL and IS divergences are less sensitive to
over-approximation than under-approximation. And from (6),
we observe that IS divergence depends only on the ratio ;; / &;;.
Thus, for instance, drs(900,1000) = d;5(9,10). This property
is favorable when analyzing most audio signals such as music
and speech, where low frequency components have much higher
energy than high frequency components. This is because low
and high frequency components are treated equally with similar
importance according to the property.

B. Algorithm: Multiplicative Update Rules

We can minimize the distance/divergence according to (3)
together with (4), (5), or (6) in the following manner. First, the
elements of T and V are randomly initialized with non-negative
values. Then, the following update rules [17], [19] are iteratively
applied until convergence.

Squared Euclidean distance

E TijUkj > wijtin

tie — 1, . Vg — Up . 7
ik zkzquvk,, kj kai’ijtik ( )
T
KL divergence
D St
ik —lik——=——, Vkj & Vhj——7— )]
Z 1,]“ g N Z tik’
IS divergence

tik — tik )

These update rules are called multiplicative, since each element
is updated by multiplying a scalar value, which is guaranteed to
be non-negative.
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C. Probability Distributions Related to Distance/Divergence

There are relations between the three distance/divergences
(4)—(6) and specific probability distributions [18], [20], namely
a Gaussian distribution A/, a complex Gaussian distribution A,
and a Poisson distribution PO as shown below. Studying these
relationships helps us to consider multichannel extensions of
NMF in the Section III.

Minimizing the distance/divergence D.(X,{T,V}) i
equivalent to maximizing the log-likelihood log p(X|T, V) or
log p(X|T, V), where X, [X];; = #;j, is a matrix of STFT
coefficients.

Squared Euclidean distance

p(X|T, V) HHNWW ),
i=1j5=1
L1 o2
./\/’(.’1},',]'|.’L‘.,;j, 5) X CXD (—l.’lj,;j — .’IJ,;]" ) . (10)
KL divergence
I
p(X|T, V) HHPO (%4l #i7)s
i=1j3=1
PO i) = ot exp(—y) (1
Tij|Tij) = oy +1) exp (—;; (1)
where T'() is the Gamma function.
IS divergence
p(X|T, V) H HN (#:;10, 247,
1=135=1
. . 1 |%: |
Ne(#44)0, #45) x Eexp (—ﬁ) . (12)

Regarding IS divergence, the likelihood p(X|T, V) is calcu-
lated not for the matrix X of preprocessed non-negative values
but for the matrix X of complex-valued STFT coefficients, and
it is thus necessary to specify z;; = |#;;|? in a preprocessing
step for the connection to (6).

When z;; = #;;, the distance/divergence (4), (5) or (6) be-
comes 0 and each ¢j-term of the log-likelihood defined above is
maximized. Therefore, the distance/divergence can be derived
as the difference between the log-likelihoods of z;; and &;;. We
show the IS divergence case as an example:

drs(wij, £ij) = log Ne(i710, 5) — log No(F4510, 24)

_ (108-%.], - A_J)
Tij Tij
Tij

= — log

(13)

III. MULTICHANNEL EXTENSIONS OF NMF

This section presents our multichannel extensions of NMF.
Fig. 4 shows an overview of the multichannel extensions (in
red), in contrast with standard single-channel NMF (in blue).
We begin with the multichannel extension of IS divergence
(6), since this extension is the most natural. We then extend
Euclidean distance (4) to a multichannel case. Unfortunately,
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Fig. 4. Variations of NMF presented in this paper. Items that correspond to
standard single-channel NMF are shown in blue. Three distance/divergences
are discussed, and their corresponding probability distributions are presented.
Items that correspond to multichannel extensions of NMF are shown in red.
Two distance/divergence are extended to multichannel.

we have not found a multichannel counterpart for generalized
KL divergence (5).

A. Formulation (IS Divergence)

Let M be the number of microphones, and x =
[Z1,...,2x]T € CM be a complex-valued vector for a
time-frequency slot, with z,,, being the STFT coefficient at the
rn-th microphone. Let x;; be such a vector at frequency bin ¢
and time frame j. Now, let us introduce a multivariate complex
Gaussian distribution A, that extends (12)

Ho 1
exp ( A/,»Xij Xij) ,

where )A(,,; jisan M x M covariance matrix that should be Her-
mitian positive definite. Let X;; = X;;X/% or

Ne(%:40,Xi5) o (14)

det X

|21]? L1873y
X = %xxH — : : (15)
.'f?]\,[.i‘f |-7~7M|2

be the outer product of a complex-valued vector. We then define
the multichannel IS divergence similarly to (13)

7Xij) = 10ch(iij|(),Xij) — log]\/c(~» 1
= — 1()g det X” — tI’(X,]X;I)

— |:— log det )A(ij — tr(X.in;jl)}

= tI‘(X”)A(:’l) — lOg det XLJ)A(;J]' — ]\17

drs(Xij

: Xij)

(16)
where tr(X) = Z},f 1 Tmm 1s the trace of a square matrix X.
We assume that the source locations are time-invariant in a
source separation task (see Fig. 2). Therefore, we introduce a
matrix H;;. that models the spatial property of the k-th NMF
basis at frequency bin ¢. The matrix is of size M x M to be
matched with the size of X;;. Also, the matrix H;;, is Hermitian
positive semidefinite to possess the non-negativity in a multi-
channel sense. Then, we model X;; with a sum-of-product form

(17)

K
Xij = E Hirtinvr;,
=1

X

—> ]

ij-element wise: ff ~

Fig. 5. Illustrative example of multichannel NMF: I = 6, J = 10, K = 2,
AM = 2. Non-negative values are shown in gray and complex values are shown
in red.

where ;; and wvy; are non-negative scalars as in the single-
channel case. To solve the scaling ambiguity between H;;, and
tik, let H; have a unit trace tr(H,;) = 1.

In a matrix-wise notation, let X and Hbe [ x J and I x K
hierarchical matrices whose elements are A x M matrices, i.e.,
[X]i; = X;; and H];, = H;;. Fig. 5 provides an illustrative
example in which multichannel NMF factorizes a hierarchically
structured matrix X into the product of H o T and V, where o
represents the Hadamard product, i.e., [H o T);x = H;glix. The
multichannel NMF is formulated to minimize the total multi-
channel divergence similar to (3)

I J
DX AT, V,H}) =) > du(Xij, Xij)

i=1 j=1

(18)

where d, is the element-wise multichannel divergence such as
(16) in the IS divergence case.

B. Formulation (Squared Euclidean Distance)

In this subsection, we consider a multichannel extension of
Euclidean NMF. Thanks to the versatility of a univariate com-
plex Gaussian distribution NV, we can model the preprocessed
observations X, [X];; = X;;, as

ij]mn' [Xij}mna 1)

(19)

Xii %),

where [|B]|Z = ¥ oM |b,.n|? is the squared Frobenius
norm of matrix B. Maximizing the log of the likelihood (19)
is equivalent to minimizing the distance (18) with the element-
wise multichannel distance

dpu(Xij: Xij) = X = Xij 7 (20)
Therefore, multichannel Euclidean NMF has been formulated
as minimizing (18) with (20).

When applying standard single-channel Euclidean NMF, it
is typical that the absolute value x;; = |#;;| in (1) is employed
rather than the squared value to prevent some observations from
being unnecessarily enhanced. In the same sense, an amplitude
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square-rooted version of the outer product (15) would be useful
in the multichannel Euclidean NMF:

|1 || Psign(wir,)

X =

|:L'M:L'1\l/zsign(:ﬂM:[:*[) .. | as|

2D
where sign(z) = (z/]z|).

C. Algorithm: (Multiplicative Update Rules)

As shown in the next two subsections, the following mul-
tiplicative update rules are derived to minimize the total dis-
tance/divergence (18) with (16) or (20). These update rules re-
duce to their single channel counterparts (9) and (7) if M = 1,
Xi; = xi; and H; = 1. Therefore, sets of these updates consti-
tute multichannel extensions of NMF.

IS-NMF (IS divergence)

;Ukltl( 1X )A(T—JlH,'k)
Lig ik ~— 22)
Z 7"k;jtr(xileik)
J
thktl( 1X1]X 1Hik)
Ukj ¢ Uk ! (23)

Ztiktr()A(;le,;k)
To update H;;, we solve an algebraic Riccati equation (see
Appendix I)

H;rAH;r =B (24)

I ,Ail ,,/\71 /
E Uk‘]xij waij ik

7

where H’, is the target matrix before the update.
EU-NMF (Squared Euclidean distance)

Z Ukjtl'(x,;jHik)

i 25

bir thkatr( Hix) 2
Ztlktx(xz,Jsz)

U i e 26

ok ””Zzuktr( Hix) o

(27)

Hir «— Hiz Z’Uiji,j Z'Uiji,j
J J

Post-processing is needed to make H;; Hermitian and pos-
itive semidefinite. This can be accomplished by H;
(1/2)(Hir. + HE) and then by performing eigenvalue decom-
position as H;; = UDUH, setting all the negative elements
of D at zero, and updating H;;, «— UDU¥ with the new D.
We confirmed empirically that the update (27) followed by the
post-processing always decreases the squared Euclidean dis-
tance. However, we have not yet found a theoretical guarantee.

For both the IS and Euclidean cases, unit-trace normalization
H,x < H;x/tr(H;z) should follow.

D. Derivation of Algorithm (IS-NMF)

This subsection explains the derivation of the multiplicative
update rules (22)—(24) for IS divergence. For a given observa-
tion X, the total distance (18) together with (16) can be written
as

AT,V.H) =Y [u-(x,;jx;jl ) + log det Xij} . (28)

.
where constant terms are omitted. To minimize this function
f(T,V,H), we follow the optimization scheme of majoriza-

tion [21], [22], in which an auxiliary (majorization) function is
used. Let us define an auxiliary function

>

i
tr(Xi;RE H  Rijin)

Lig Uk

AT,V H,RU) =

2

k

det )A(ij —det ULJ
det Uij

+10g det U” +
(29)

where R; ;i and U,; are auxiliary variables that satisfy positive
definiteness, Zk it = | with | being an identity matrix of
size M, and U;; = UH (Hermitian). It can be verified that the
auxiliary function f* has two properties:

1) f(T,V,H) < f*(T,V,H,R,U)

2) f(T,V.,H) = ming v fT(T,V,H,R,U)
and the equality f = f7 is satisfied when

Riji = tik’vijz‘kX;jl, Uiy = Xy (30)
(see Appendix II for the proof).
The function f is indirectly minimized by repeating the fol-
lowing two steps:
1) Minimizing f* with respect to R and U by (30), which
makes f(T,V.,H) = f7(T,V,H,R,U).
2) Minimizing f* with respect to T, V or H, which also
minimizes f.
For the second step, we calculate the partial derivatives of f+
w.r.t. the variables T,V and H. Setting these derivatives at
zero, we have the following equations.

> e tr(REHA RijiXi;)

B : det X,
ZdZtU vhtr(X sz)
' (31
ZfL (RkaHLklRLI’\XLJ)
2 i
Uk:j — -
g(;ij”h;ﬁr(x Hyk)
(32)
RijxXijRE
jkNig I,_]k‘. (33)

Hip | ik Zj\(;jl’uk Hin = >
J J

By substituting (30) into these equations, we obtain the multi-
plicative update rules (22)—(24).

LikUkj
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E. Derivation of Algorithm (EU-NMF)

The EU-NMF updates (25)—(27) can be derived in a similar
manner. For a given observation X, the total distance (18) to-
gether with (20) and (17) can be written as

H
T V H Ztl‘ (Z Hiktikvkj) (Z Hz‘ktik'UkJ)
k k

— Z t,;kwk.,jtr(Xinﬁ) - Z tikvk,jtr(Hika;).,

4.4,k

(34)
5.k
where constant terms are omitted. To minimize this function

J(T,V.H), we again follow the optimization scheme of ma-
jorization [21], [22]. Let us define an auxiliary function

ST(T,V.HR) = Z t?kvlzjtr(HikR;,‘}ngc)
igk

— ztkukytl X“H
7.k

) taugtr(HuXHE) (39

i,7,k

with auxiliary variables R;;, that satisfy Hermitian positive def-
initeness and Zk Ri;x = |. It can be verified that the auxiliary
function f* has two properties:
1) f(T,V,H) < f+(T,V,H,R)
2) f(T,V,H) = ming f7(T,V,H,R)
and the equality f = f7 is satisfied when
Rijr = X;le'i,ktikUkj (36)
(see Appendix III for the proof).
The function f is indirectly minimized by repeating the fol-
lowing two steps:
1) Minimizing f+ with respect to R by (36), which makes
f(T,V,H) = f+(T,V,H,R).
2) Minimizing f+ with respect to T, V or H, which also
minimizes f.
For the second step, we calculate the partial derivatives of f
w.r.t. the variables T,V and H. Setting these derivatives at
zero, we have the following equations.

o tr(Xg i H;
b = ZJZ kj ( J k) (37)
> Vitr(Han R“kH k)
Zitik’tr( 1] zk)

> 12 tr(Hik Ry pHi)

1
‘kZU’U Iﬂ-

Vkj = (3 8)

Hix = (39)

E Q)ijij

J

By substituting (36) into these equations, we obtain the multi-
plicative update rules (25)—(27).

E. Interpretation of Learned Matrices H

The multichannel NMF algorithm, (22)—(24) or (25)—(27),
learns matrices T, V and H. The interpretation of the matrices
T and V is the same as with standard single-channel NMF. This
subsection provides an interpretation of the matrices H, which
are particular to the multichannel NMF.

Fig. 6. An example of learned spatial properties. They are represented as
arg([H;.].2), the phase difference between the first and second microphones,
for each frequency bin ¢ and NMF basis k.

To understand and interpret H,z, we detail it by using the
rank-1 convolutive model [23] as

Hik = hlkh[I_]Ig + E.ikl

where h = [hy,...,hy]T € CM is a mixing vector whose
m-th element h,, is the Fourier transform of a windowed im-
pulse response from the source to the r:-th microphone, €;;, is a
small positive scalar, and | is an M x M identity matrix. Then,
we see that the diagonal elements of H;; represent the power
gain of the k-th basis at the i-th frequency bin to each micro-
phone. And the off-diagonal elements represent the phase dif-
ferences between microphones.

With a small microphone array, phase differences among
microphones are typically more visible than gain differences.
Fig. 6 shows an example of phase differences that appeared
on learned matrices H. We interpret that the bases of number
k = 1,2.5,6 have similar spatial properties, and thus these
are coming from the same direction. There is another group
of NMF bases regarding £ = 4,7,8,9 that constitute another
source coming from a different direction. How to cluster NMF
bases according to such spatial properties will be discussed in
Section IV.

IV. CLUSTERING NMF BASES

This section presents two techniques for clustering NMF
bases for a source separation task. The first is a top-down
approach whose clustering mechanism is built in the NMF
model. The second is a bottom-up approach that performs
sequential pair-wise merges. Later, in Section V-C, we describe
a robust source separation procedure that combines these two
techniques.

A. Top-Down Approach With Modified NMF Model

Let us consider clustering K matrices H;1,...,H;x into L <
K classes! = 1,..., . L, and let z;; indicate whether the k-th
matrix belongs to the [-th cluster (z1x = 1) or not (z; = 0).
Then, H;;, in the NMF model can be replaced with Z{;l H
and the sum-of-product form (17) is changed to

K
=> (Z Hzl7lk) ik Uk -

k=1

i1k >

(40)
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Z

Fig. 7. The matrices H shown in Fig. 6 are clustered into two sets of matrices.
They are represented as arg([H,;]12). Latent variables Z show that k-th basis
belongs to the first or second cluster in a soft sense.

The multichannel Euclidean distance (20) and IS divergence
(16) can still be employed in the NMF model.

Now, we want to optimize the cluster-indicator latent vari-
ables Z, [Z]1x. = zi, in the same manner as T and V. For that
purpose, let us allow z;;, to have a continuous value such that
zirx > 0 and Zle zir. = 1. We consider that this relaxation
corresponds to estimating the expectation of z;; according to
the posterior probability p(z; | X, T, V, H) instead of the value
zix, itself. But for simplicity, we do not change the notation of
zix in (40) even with this relaxation. Fig. 7 shows an example,
where ten sets of matrices shown in Fig. 6 are clustered into two
sets of matrices.

The algorithms to minimize

I J
D.(X,{T,V,H,Z}) :ZZ (Xij, Xij)  (41)

with the element-wise distance/divergence (20) or (16) and with
the model (40) can be derived in a similar manner as explained
in Section III-E. The update rules are in the following forms.
IS-NMF (IS divergence)

S 30 0k tr(Xi5 XX 5 Har)

tik < tik (42)
2 Zj Ukjtr(xij Hii)
T tktr( 1)( x 1H )
Vkj < Vkj 4 ? (43)
Zl 2k ZZ tik;tl’(xij Hil)
Vg, tT X IX.. )( 1|_|L
o | L D

Zi,;j tik’l}kjtr(xij Hil )

For H,;, we solve an algebraic Riccati equation

H;AH; =B (45)

with
A = Z Zlktik Z 7)]”'5(;]-1, (46)
k j
B= H;l Z 7lktzk Z Uk] 1X,3X . ;l (47)
where H’; is the target matrix before the update.

EU- NMF (Squared Euclidean distance)

Z 2k Z vkjtr(Xij Hzl)
bi b= . : (48)
Z 2k Z vkjtr(Xij Hil)
7 -

Z 2k Zf ktI‘(X”Hll)

Vi — Uy ! 49)
! ! Z‘lk Zfzktr( )
Ztikvkjtl(xin,ﬂ)
2k 2k (50)
ZtlkYJthl(xin,ﬂ)
4,3
—1
Hi «—Hy Z Zietix Z v Xig
k J
(51)

E Zl,ktikg U K
ke J

For both the IS and Euclidean cases, unit-trace normaliza-
tion H;; «— Hjx/tr(H;;) and unit-sum normalization z;, «—
21/ (32, zik) should follow.

The clustering result obtained with the top-down approach
heavily depends on the initial values of the cluster-indicator la-
tent variables Z. To prevent an important cluster from disap-
pearing by chance, it is a good idea to have some redundant
clusters by setting the cluster number L at a larger than expected.
Then later, the redundant clusters can be merged by employing
the bottom-up clustering shown in Section IV-B.

B. Bottom-Up Clustering by Sequential Merge Operation

This subsection explains another way to cluster NMF bases.
It is based on a pair-wise merge operation, in which a pair with
the minimum distance is identified and merged. The pair-wise
distance between the [ -th set and the />-th set is defined by
using the Frobenius norm as

Z IHi, —

Algorithm 1 shows the whole procedure. Inside the basic up-
dates for NMF, the pair-wise merge operation is interleaved at a
rate specified by a variable interval. In the pair-wise merge op-
eration, a pair ({1, l2) with the minimum distance is found, and a
new set {Hy;, ..., .Hp} is calculated as element-wise weighted
means of the two sets. Then, the number of clusters is decreased

n(ly,lo) = Hie, |l 7. (52)
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by 1 as the new set is added and the /1 -th and /5-th sets are re-
moved. The main loop is repeated until the number of clusters
becomes a specified number finalClusterSize.

Algorithm 1 Multichannel NMF with bottom-up clustering

1: Procedure MchNMF_BottomUpClustering
2 iteration «— 0

3 While L. > finalClusterSize do

4: iteration < iteration + 1

5: update T by (42) or (48)

6: update V by (43) or (49)

7 If mod(iteration, interval) = 1 then
8 (H,Z) — Pairwisemerge(H,Z)
9

: L—L-1
10: end if
11: update H by (45) or (51)
12: update Z by (44) or (50)

13:  end while
14: end procedure

15: Procedure PairwiseMerge(H,Z)

16:  (l1,l3) « findPair(H)

17: w1 — >, 2uk

18 wa — D24 %1k

19:  {Hiy,...,H;} «— weightedMean(H, ;. l2, w1, w3)
20: H «— removeAdd(H, 1,13, {Hq,...,Hr})

21:  Z — merge(Z,1y,19)

22: end procedure

C. Source Separation

If NMF bases are appropriately clustered, source separation
can be performed by using Wiener filters. Remember that x;;
is an M -dimensional complex vector representing STFT co-
efficients at frequency bin ¢ and time frame j, and let 5’1(? be
the STFT coefficient vector for the /-th separated signal. Then,
the separated signals are obtained by the single-channel Wiener

filter for the m-th channel

K
[Hitlim X 2utinvey
(1 k=1 <
5 = — L [Zijln,  (53)
S [Hitlmm Y 2iktinve;
=1 k=1
or by the multichannel Wiener filter
K
~ (1 51 ~
yt(’) = (Z Zlkhk’“k,j) HilXijlxij, (54)
k=1

where )A(.,;j is the sum-of-product form defined in (40).

V. EXPERIMENTS

A. Experimental Setups

We examined the proposed multichannel extensions of NMF
with stereo (M = 2) music mixtures that contained three music

Reverberation time
RTGO =200 ms -

‘ i
2450
4

Loudspeakers
(BOSE 101VM)

g $4cm apart

h 70°

Microphones
(SONY ECM-77B,
omni-directional)

Distancé‘: 120cm

Room size: 4.45x 3.55 x2.5m
Height of microphones and loudspeakers: 120 cm

Fig. 8. Experimental setup for room impulse responses.

TABLE I
MusIC SOURCES

ID | Author / Song [ Snip | Part
1 Bearlin 85-99 piano
Roads (14 sec) | ambient+windchimes
vocals
2 Another Dreamer 69-94 drums
The Ones We Love (25 sec) vocals
guitar
3 Fort Minor 54-78 drums
Remember the Name | (24 sec) vocals
violins_synth

4 Ultimate NZ Tour 43-61 drums
(18 sec) guitar

synth

parts. Sets of stereo mixtures were generated by convolving the
music parts and the impulse responses measured in a real room
whose conditions are shown in Fig. 8. The impulse responses
were measured by using a maximum length sequence generated
by a 17-th order polynomial over GF (2). We made four sets of
mixtures using the music sources listed in Table I, which can
be found at the professionally produced music recordings page
of the Signal Separation Evaluation Campaign (SiSEC 2011)
[24]. The mixtures were down-sampled to 16 kHz. The STFT
frame size was 64 ms and the frame shift was 16 ms. The algo-
rithms were coded with Matlab and run on an Intel Xeon W3690
(3.46 GHz) processor.

B. Convergence Behavior

Let us first show the convergence behavior of the multi-
channel NMF algorithms proposed in Section III. For compar-
ison, we run the algorithms of single-channel NMF (7) and
(9), multichannel NMF (25)—(27) and (22)—(24), and the EM
algorithm for multichannel IS-NMF shown in Appendix IV.
We set the number of NMF bases X = 10, and used a music
mixture with ID = 1.

Fig. 9 shows the convergence behavior for 1000 iterations,
and Table II shows the computational time. NMF algorithms
with IS divergence generally take more time than EU-NMF.
We observe that the convergence behavior of the single-channel
NMF algorithms is similar to that of the proposed multichannel
NMF algorithms. With respect to multichannel IS-NMF, the
proposed algorithms show faster convergence and computation
than the EM algorithm.
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Fig. 9. Convergence behavior shown in log-log plots: EU-NMF (top) and
IS-NMF (bottom), single-channel (left) and multichannel (right).

TABLE II
COMPUTATIONAL TIME (IN SECONDS) FOR 1000
ITERATIONS WITH 14-SECOND SIGNALS

Single-ch. | Proposed EM
EU-NMF 3.09 291.27 -
IS-NMF 13.24 1303.30  2958.28

C. Source Separation Procedure

This subsection explains the source separation procedure
with the multichannel NMF proposed in Section IV. We
adopted the following procedure so that the spatial properties
of sources were well extracted.

1) Preprocessing: For EU-NMF: we normalized the power
of the observation vectors at each frequency bin such that
> ;Xij 5(5 = 1. This was to prevent the low frequency compo-
nents from being dominant in the total distance (18). Then, we
generated matrices X;; as the amplitude square-rooted outer
products (21). For IS-NMF: we generated matrices X;; by the
outer products (15). To prevent the determinant of multichannel
IS divergence (16) from being zero, we then added a regular-
ization term to each matrix as X;; «— X;; + ¢l with e = 10719
and | being an identity matrix.

2) Initialization: Matrices T and V were randomly initial-
ized with non-negative entries. The diagonal elements of Hy;
were initially all set at 1/M, and the off-diagonal elements were
initially all set at zero. The elements of matrix Z were initialized
with random values around 1/L.

3) Multichannel NMF: We set the number of NMF bases
K at 30 (ten times the number of sources). As for clustering the
bases for each source, we employ both top-down and bottom-up
approaches as follows.

i) 20 iterations to update T and V.
ii) 200 iterations to update T, V, H and Z by the top-down
approach with I, = L;p;: = 9.
iii) Bottom-up clustering with ¢nterval = 10 until L = 3.
iv) 200 iterations to update T, V, H and Z by the top-down
approach with 1. = 3.

107.1

107%L

IS divergence

0 100 200 300 400 500

Iterations

Fig. 10. Convergence behavior of two different clustering strategies. The blue
line (L;n:+ = 9) corresponds to the procedure described in Section V-C. It
used both top-down and bottom-up approaches. The zigzag pattern (iterations
220-280) shows that the IS divergence was increased by a pair-wise merge op-
eration. The red line (L;,;; = 3) corresponds to using only the top-down
approach.

Having redundant (L = 9) spatial properties (step ii) followed
by the bottom-up clustering (step iii) contributes to robust esti-
mations of the spatial properties. Some results will be shown in
the next subsection with Fig. 12.

4) Separation: For EU-NMF, a single-channel Wiener filter
(53) was used for each channel. For IS-NMF, a multichannel
Wiener filter (54) was used. We selected these configurations
because each of these produced better results empirically.

Fig. 10 shows an example in which the IS divergence was
minimized by the procedure. The blue line shows how steps
i)-iv) work, especially when parameter 1. is decreased from
9 to 3. The red line shows the case where only the top-down
approach was employed. In this example, the IS divergence
was better minimized by having redundant (L;,;; = 9) spa-
tial properties.

D. Source Separation Results

The separation performance was numerically evaluated in
terms of the signal-to-distortion ratio (SDR) [25]. We need to
know all the source images s, for all microphones m =
1,...,M and sources/ =1, ..., L. To calculate SDRR; for the

I-th source, we first decompose the time-domain multichannel
signals y1;, ..., yaz as

Ymi(t) = sl (6) + 505 (4) + yiot (8) + yoiiT () (55)

where 3727 (1), 4 (t), and y2:Fif(¢) are unwanted error com-
ponents that correspond to spatial (filtering) distortion, interfer-
ences, and artifacts, respectively. These are calculated by using
a least-squares projection [25]. Then, SDR; is calculated as the

power ratio between the wanted and unwanted components

M

> X s (t)?

m=1 t

SDR; = 10logyo —
N spat in arti 2
Z—l ; [an:l (f) + ym; (f) + ym; f(f)]

Fig. 11 shows the source separation results obtained with
the procedure described in the last subsection (EU-NMF and
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Fig. 11. Source separation performance evaluated in terms of SDRs aver-

aged over all the three sources. With NMF-based methods (EU-NMF and
IS-NMF), ten trials were conducted for each mixture ID. The error bars
represent one standard deviation. For comparison, the results obtained with an
existing underdetermined blind source separation method [26] (UBSS) are
also shown.

TABLE III
COMPUTATIONAL TIME (IN SECONDS) FOR THE SEPARATION PROCEDURE
DESCRIBED IN SECTION V-C AND AN EXISTING METHOD [26]

ID=1 ID=2 ID=3 ID=4

EU-NMF | 201.89 280.43 27334 231.11
IS-NMF 576.73  867.72 83830 677.55
UBSS [26] 9.98 13.72 12.60 14.42

IS-NMF). For comparison, results obtained with the Under-
determined Blind Source Separation (UBSS) method [26] are
also shown. Four sets of mixtures whose sources are listed in
Table I1I were examined. The source separation result obtained
with the NMF-based method depends on the initial values of
T, V and Z. Therefore, we conducted ten trials with different
initializations for each set of mixtures. Table III shows the
computational time. Sound examples can be found at our web
page [27].

From these results, we observe the following. For music
recordings with frequent sound patterns, the new NMF-based
methods generally performed better than the existing method
[26] that relies on the spatial property and simple time-wise
activity information of each source. However, the computa-
tional burden of the NMF-based methods was heavy. This
was because many operations related to matrix inversions
and eigenvalue decompositions were involved in the NMF
updates. Among the NMF-based methods, IS-NMF produced
clearly better separation results than EU-NMF with increased
computational effort. This result supports the superiority of
IS divergence for audio signal modeling [18] also in a multi-
channel scenario.

Fig. 12 show the effect of having the redundant spatial prop-
erties mentioned in the previous subsection. We observe that
even a small number of redundant spatial properties contributed
to a better separation result than not having the redundancy
(Linit = 3). Having too much redundancy also worked well,
but the computational demands also increased. Therefore, we
employed L;,,;y = 9 for the experiments whose results are
shown in Fig. 11.

7_
6,
8 5
s 4t
wn
B3
e
5 2
>
< 1t
— EU-NMF
Or IS-NMF
0 5 10 15 20 25 30

Linit in top—down clustering

Fig. 12. Source separation performance with various numbers of redundant
spatial properties L;,.;,. Ten trials were conducted for each mixture ID, and
thus the error bars represent one standard deviation over 40 averaged SDRs.

VI. CONCLUSION

We have presented new formulations and algorithms for mul-
tichannel NMF. We started with a simple model (17) where each
NMF basis #;3,7 = 1, ..., I, has its own spatial properties H;; .
Then, to cluster the NMF bases according to their spatial prop-
erties, we introduced the second model (40), which includes
cluster-indicator variables Z. Multiplicative update rules were
derived to minimize the multichannel IS divergence (16) or mul-
tichannel Euclidean distance (20). Experimental results show
that the derived multichannel algorithms were as efficient as the
standard single-channel algorithms in terms of the number of
iterations to converge. Multichannel NMF with IS divergence
produced better source separation results than with Euclidean
distance for several stereo music mixtures. Future work will in-
clude the automatic determination of such model complexity
parameters as the number of NMF bases K and sources (spatial
properties) L, for example by employing Bayesian nonparamet-
rics [28], [29]. Computationally efficient implementations of the
multichannel NMF algorithms, such as one using a general-pur-
pose graphics processing unit (GPGPU), will also constitute fu-
ture work.

APPENDIX [
SOLVING AN ALGEBRAIC RICCATI EQUATION

To solve (24), we perform an eigenvalue decomposition of a
2M x 2M matrix
0 -A
-B 0O

and let eq, ..., er be eigenvectors with negative eigenvalues.
It is theoretically guaranteed that there are exactly M negative
eigenvalues. But in reality there may be computer arithmetic
errors. Thus, we actually sort the 2M eigenvectors according to
the corresponding eigenvalues in ascending order and employ
the first M eigenvectors.

Then, let us decompose the 2M -dimensional M eigenvectors
as

(56)

e, = [;’"’ ] form=1,.... M (57)
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with f,,, and g,,, being M -dimensional vectors. The new H;, is
calculated by

H; — GF ! (58)

withF = [f1,...,f37] and G = [g1, .. ., gas]. Againto compen-
sate for computer arithmetic errors, we ensure H;j, is Hermitian

APPENDIX II
PROOF FOR THE AUXILIARY FUNCTION (29)

Let us consider the minimization of /™ defined in (29) with
respect to R and U subject to the constraint ), Rijx = |. By
introducing Lagrange multipliers A;; of size M x M, we have

F=f"+) Re {tr [(Z Rijk — 1) /\Z-A,»] } . (39)
i k

By setting the partial derivative of 7 with respect to RY;, atzero
oOF
ORY.,

ijk

= (tiwvrjHir) "RijaXi; + Aij = 0, (60)

—(tirvrjHir)Ni;X5;' . Adding this for k& =
., K gives /\ij = —)A(;leij with the fact that Zk Rijk- = 1.

Therefore, the minimum of the auxiliary function ™ is obtained
when

we have R, =

Rijk = tik'Uijik;(;jl (61)

and the minimum value is equal to f defined in (28).
The partial derivative of fT with respect to Hermitian matrix
U7, is given by [30]

oft _ o _

_u- detXt,U 1
Uy, 7

62
det Uy (62)

Setting this zero gives U;; = ij.

APPENDIX III
PROOF FOR THE AUXILIARY FUNCTION (35)

Let us consider the minimization of f* defined in (35) with
respect to R subject to the constraint ), R;;» = |. By intro-
ducing Lagrange multipliers A;; of size M x M, we have

F=f"+) Re {tr [(Z Rijk — 1) /\Z-A,»] } . (63)
i k

The partial derivative of F with respect to Hermitian matrix
R};x is given by [30]

aF
IR = k'/nk‘]RL_]]iH H‘kszk +/\ij- (64)
ifk
Setting this zero and introducing a matrix U;; we have
/\‘ij = ( kvk]RijH )( kUkJszkH ) - U’JUII;I (65)

A solution for this equation is given by

Uij = tikvrR;Hin © Rije = tipvrgHis U1, (66)
and adding this for k = 1,..., K gives
;= Z Hirtinvn; = Xij (67)
k
with the fact that >, R;;z = |. Therefore, the minimum of the
auxiliary function f is obtained when
Rijk = tik'Uijzthfjl (68)

and the minimum value is equal to f defined in (34).

APPENDIX IV
EM ALGORITHM FOR COMPARISON

This appendix shows an EM algorithm designed to minimize
the total multichannel IS divergence, (18) with (16), according
to the NMF model (17). The EM algorithm shown here is a
simplification of the EM algorithm shown in [16]. For the STFT
coefficient vectors x;; € CM et Yijk € CM be latent vectors
that satisfy X;; = Y., ¥ijk-

E-step: calculate the expectation of the outer product of
y ik by

Elyiiny i = Yije + Yig (X.Z,»lxztjxfjl - ijl) Yije (69)
with
= Z\?zjm\?nk = Hixtinvg;- (70)
k

M-step: update the NMF model parameters by
b = —— itr(HflE[y--kyH ) (71)

RTTIM 4 Vk; ik PRSIk
/Uk]- I.Zw Z sz IE[yUl-yl]l.]) (72)

< H
H; iik¥Yiiel 73
ik lk] Z Uk y A/kyLL}k] ( )
REFERENCES

[1] H. Sawada, H. Kameoka, S. Araki, and N. Ueda, “New formulations
and efficient algorithms for multichannel NMF,” in Proc. WASPAA 11,
Oct. 2011, pp. 153-156.

[2] H. Sawada, H. Kameoka, S. Araki, and N. Ueda, “Efficient algorithms
for multichannel extensions of Itakura-Saito nonnegative matrix fac-
torization,” in Proc. ICASSP ’12, Mar. 2012, pp. 261-264.

[3] D. D. Lee and H. S. Seung, “Learning the parts of objects with non-
negative matrix factorization,” Nature, vol. 401, pp. 788—791, 1999.

[4] W.Xu, X. Liu, and Y. Gong, “Document clustering based on non-neg-
ative matrix factorization,” in Proc. ACM SIGIR, 2003, pp. 267-273.

[5] P. Smaragdis and J. C. Brown, “Non-negative matrix factorization for
polyphonic music transcription,” in Proc. WASPAA '03, Oct. 2003, pp.
177-180.

[6] T. Virtanen, “Monaural sound source separation by nonnegative matrix
factorization with temporal continuity and sparseness criteria,” JEEE
Trans. Audio, Speech, Lang. Process., vol. 15, no. 3, pp. 1066-1074,
Mar. 2007.



982 IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 21, NO. 5, MAY 2013

[7] P. Smaragdis, “Convolutive speech bases and their application to
supervised speech separation,” IEEE Trans. Audio, Speech, Lang.
Process., vol. 15, no. 1, pp. 1-12, Jan. 2007.

[8] M. Nakano, J. L. Roux, H. Kameoka, Y. Kitano, N. Ono, and S.

Sagayama, “Nonnegative matrix factorization with Markov-chained

bases for modeling time-varying patterns in music spectrograms,” in

Latent Variable Analysis and Signal Separation. New York, NY,

USA: Springer, 2010, pp. 149-156.

G. Mysore, P. Smaragdis, and B. Raj, “Non-negative hidden Markov

modeling of audio with application to source separation,” in Latent

Variable Analysis and Signal Separation. New York, NY, USA:

Springer, 2010, pp. 140-148.

[10] D. Fitzgerald, M. Cranitch, and E. Coyle, “Shifted non-negative ma-
trix factorisation for sound source separation,” in Proc. IEEE/SP 13th
Workshop Statist. Signal Process., 2005, pp. 1132—1137.

[11] R. Jaiswal, D. FitzGerald, D. Barry, E. Coyle, and S. Rickard, “Clus-
tering NMF basis functions using shifted NMF for monaural sound
source separation,” in Proc. ICASSP ’11, May 2011, pp. 245-248.

[12] J. Blauert, Spatial Hearing: The Psychophysics of Human Sound Lo-
calization. Cambridge, MA, USA: MIT Press, 1997.

[13] D. FitzGerald, M. Cranitch, and E. Coyle, “Non-negative tensor fac-
torisation for sound source separation,” in Proc. Irish Signals Syst.
Conf., Sep. 2005, pp. 8-12.

[14] R. M. Parry and 1. A. Essa, “Estimating the spatial position of spec-
tral components in audio,” in Proc. ICA '06, Mar. 2006, pp. 666—673,
Springer.

[15] A.Ozerov and C. Févotte, “Multichannel nonnegative matrix factoriza-
tion in convolutive mixtures for audio source separation,” /IEEE Trans.
Audio, Speech, Lang. Process., vol. 18, no. 3, pp. 550-563, Mar. 2010.

[16] S. Arberet, A. Ozerov, N. Duong, E. Vincent, R. Gribonval, F. Bimbot,
and P. Vandergheynst, “Nonnegative matrix factorization and spatial
covariance model for under-determined reverberant audio source sep-
aration,” in Proc. ISSPA '10, May 2010, pp. 1-4.

[17] D. Lee and H. Seung, “Algorithms for non-negative matrix factoriza-
tion,” Adv. Neural Inf. Process. Syst., vol. 13, pp. 556-562, 2001.

[18] C. Févotte, N. Bertin, and J.-L. Durrieu, “Nonnegative matrix factor-
ization with the Itakura-Saito divergence: With application to music
analysis,” Neural Comput., vol. 21, no. 3, pp. 793-830, 2009.

[19] M. Nakano, H. Kameoka, J. L. Roux, Y. Kitano, N. Ono, and S.
Sagayama, “Convergence-guaranteed multiplicative algorithms for
non-negative matrix factorization with beta-divergence,” in Proc.
MLSP 10, Aug. 2010, pp. 283-288.

[20] A. Cemgil, “Bayesian inference for nonnegative matrix factorisation
models,” Comput. Intell. Neurosci., vol. 2009, 2009.

[21] J. de Leeuw, “Block-relaxation methods in statistics,” in Information
Systems and Data Analysis, H. H. Bock, W. Lenski, and M. M. Richter,
Eds. Berlin, Germany: Springer-Verlag, 1994, pp. 308-324.

[22] A.Marshall, I. Olkin, and B. Arnold, Inequalities: Theory of majoriza-
tion and its applications. Berlin, Germany: Springer-Verlag, 2010.

[23] N. Duong, E. Vincent, and R. Gribonval, “Under-determined rever-
berant audio source separation using a full-rank spatial covariance
model,” IEEE Trans. Audio, Speech, Lang. Process., vol. 18, no. 7,
pp. 1830-1840, Sep. 2010.

[24] S. Araki, F. Nesta, E. Vincent, Z. Koldovsky, G. Nolte, A. Ziche,
and A. Benichoux, “The 2011 signal separation evaluation campaign
(SiSEC2011):-audio source separation,” Latent Variable Analysis and
Signal Separation, pp. 414—422, 2012.

[25] E. Vincent, H. Sawada, P. Bofill, S. Makino, and J. Rosca, “First stereo
audio source separation evaluation campaign: Data, algorithms and re-
sults,” in Proc. ICA, 2007, pp. 552-559 [Online]. Available: http://
www.irisa.fr/metiss/SASSECO07/

[26] H. Sawada, S. Araki, and S. Makino, “Underdetermined convolutive

blind source separation via frequency bin-wise clustering and permu-

tation alignment,” JEEE Trans. Audio, Speech, Lang. Process., vol. 19,

no. 3, pp. 516-527, Mar. 2011.

[Online]. Available: http://www .kecl.ntt.co.jp/icl/signal/sawada/
demo/mchnmf{/

[28] M. Hoftman, D. Blei, and P. Cook, “Bayesian nonparametric matrix
factorization for recorded music,” in Proc. ICML, 2010, pp. 641-648.

[29] M. Nakano, J. Roux, H. Kameoka, T. Nakamura, N. Ono, and S.
Sagayama, “Bayesian nonparametric spectrogram modeling based on
infinite factorial infinite hidden Markov model,” in Proc. WASPAA
’11, Oct. 2011, pp. 325-328.

[30] A. Hjorungnes, Complex-Valued Matrix Derivatives.
U.K.: Cambridge Univ. Press, 2011.

[9

—

[27]

Cambridge,

Hiroshi Sawada (M’02-SM’04) received the B.E.,
M.E,. and Ph.D. degrees in information science from
Kyoto University, Kyoto, Japan, in 1991, 1993 and
2001, respectively.

He joined NTT Corporation in 1993. He is now
the group leader of Learning and Intelligent Systems
Research Group at the NTT Communication Science
Laboratories, Kyoto, Japan. His research interests in-
clude statistical signal processing, audio source sepa-
ration, array signal processing, machine learning, la-
tent variable model, graph-based data structure, and
computer architecture.

From 2006 to 2009, he served as an associate editor of the IEEE Transactions
on Audio, Speech & Language Processing. He is a member of the Audio and
Acoustic Signal Processing Technical Committee of the IEEE SP Society. He
received the 9th TELECOM System Technology Award for Student from the
Telecommunications Advancement Foundation in 1994, the Best Paper Award
of the IEEE Circuit and System Society in 2000, and the MLSP Data Analysis
Competition Award in 2007. Dr. Sawada is a member of the IEICE and the ASJ.

Hirokazu Kameoka (M’07) received B.E., M.E.
and Ph.D. degrees all from the University of Tokyo,
Japan, in 2002, 2004 and 2007, respectively. He
is currently a research scientist at the NTT Com-
munication Science Laboratories and an Adjunct
Associate Professor at the University of Tokyo. His
research interests include computational auditory
scene analysis, statistical signal processing, speech
and music processing, and machine learning. He is
a member of the IEICE, the IPSJ and the ASJ. He
received 13 awards over the past 9 years, including
the IEEE Signal Processing Society 2008 SPS Young Author Best Paper Award.

Shoko Araki (M’01-SM’12) is with NTT Commu-
nication Science Laboratories, NTT Corporation,
Japan. She received the B.E. and the M.E. degrees
from the University of Tokyo, Japan, in 1998 and
2000, respectively, and the Ph.D. degree from
Hokkaido University, Japan in 2007.

Since she joined NTT in 2000, she has been en-

) gaged in research on acoustic signal processing, array

§ \ signal processing, blind source separation (BSS) ap-

/Q 4 ﬁ/ plied to speech signals, meeting diarization and audi-
tory scene analysis.

She was a member of the organizing committee of the ICA 2003, the fi-
nance chair of IWAENC 2003, the co-chair of a special session on undeter-
mined sparse audio source separation in EUSIPCO 2006, the registration chair
of WASPAA 2007, and the evaluation co-chair of SISEC2008, 2010 and 2011.
She received the 19th Awaya Prize from Acoustical Society of Japan (ASJ) in
2001, the Best Paper Award of the IWAENC in 2003, the TELECOM System
Technology Award from the Telecommunications Advancement Foundation in
2004, the Academic Encouraging Prize from the Institute of Electronics, Infor-
mation and Communication Engineers (IEICE) in 2006, and the Itakura Prize
Innovative Young Researcher Award from (ASJ) in 2008. She is a member of
the IEICE and the ASJ.

Naonori Ueda (M’02) received B.S., M.S., and
Ph.D. degrees in communication engineering from
Osaka University, Osaka, Japan, in 1982, 1984,
and 1992, respectively. In 1984, he joined the NTT
Electrical Communication Laboratories, Kanagawa,
Japan. In 1991, he joined the NTT Communication
Science Laboratories, Kyoto, Japan, as a senior
research scientist. His current research interests
are statistical machine learning and its applications
to pattern recognition, signal processing and data
mining. He is the director of the NTT Communica-
tion Science Laboratories. He is a Guest Professor of Nara Advanced Institute
of Science and Technology (NAIST) and National Institute of Informatics
(NII). He is also the sub-project leader of Funding Program for World-Leading
Innovative R&D on Science and Technology (First Program), cabinet office,
government of Japan, March 2010-February 2014. From 1993 to 1994, he
was a visiting scholar at Purdue University, West Lafayette, Indiana. He is
an associate editor of Neurocomputing, and is a member of the IPSJ. He is a
fellow of the IEICE.



