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Abstract. In this paper we derive a family of new extended SMART
(Simultaneous Multiplicative Algebraic Reconstruction Technique) al-
gorithms for Non-negative Matrix Factorization (NMF). The proposed
algorithms are characterized by improved efficiency and convergence
rate and can be applied for various distributions of data and additive
noise. Information theory and information geometry play key roles in
the derivation of new algorithms. We discuss several loss functions used
in information theory which allow us to obtain generalized forms of mul-
tiplicative NMF' learning adaptive algorithms. We also provide flexible
and relaxed forms of the NMF algorithms to increase convergence speed
and impose an additional constraint of sparsity. The scope of these re-
sults is vast since discussed generalized divergence functions include a
large number of useful loss functions such as the Amari a— divergence,
Relative entropy, Bose-Einstein divergence, Jensen-Shannon divergence,
J-divergence, Arithmetic-Geometric (AG) Taneja divergence, etc. We
applied the developed algorithms successfully to Blind (or semi blind)
Source Separation (BSS) where sources may be generally statistically
dependent, however are subject to additional constraints such as non-
negativity and sparsity. Moreover, we applied a novel multilayer NMF
strategy which improves performance of the most proposed algorithms.

1 Introduction and Problem Formulation

NMF (Non-negative Matrix Factorization) called also PMF (Positive Matrix
Factorization) is an emerging technique for data mining, dimensionality re-
duction, pattern recognition, object detection, classification, gene clustering,
sparse nonnegative representation and coding, and blind source separation (BSS)
[1, 2,3, 4,5, 6]. The NMF, first introduced by Paatero and Trapper, and further
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investigated by many researchers [7, 8, 9, 10, 4, 11, 12], does not assume explic-
itly or implicitly sparseness, smoothness or mutual statistical independence of
hidden (latent) components, however it usually provides quite a sparse decom-
position [1, 13, 9, 5]. NMF has already found a wide spectrum of applications in
PET, spectroscopy, chemometrics and environmental science where the matrices
have clear physical meanings and some normalization or constraints are imposed
on them (for example, the matrix A has columns normalized to unit length)
[7, 2, 3, 5, 14, 15]. Recently, we have applied NMF with temporal smoothness
and spatial constraints to improve the analysis of EEG data for early detection
of Alzheimer’s disease [16]. A NMF approach is promising in many applications
from engineering to neuroscience since it is designed to capture alternative struc-
tures inherent in data and, possibly to provide more biological insight. Lee and
Seung introduced NMF in its modern formulation as a method to decompose
patterns or images [1, 13].

NMF decomposes the data matrix Y = [y(1),y(2),...,y(N)] € R™N as
a product of two matrices A € R™*" and X = [z(1),z(2),...,xz(N)] € RN
having only non-negative elements. Although some decompositions or matrix
factorizations provide an exact reconstruction of the data (i.e., Y = AX), we
shall consider here decompositions which are approximative in nature, i.e.,

Y=AX+V, A>0, X>0 (1)

or equivalently y(k) = Az(k) + v(k), £ = 1,2,...,N or in a scalar form as
yi(k) = 25—, aijej(k) +vi(k), i = 1,...,m, with a;; > 0 and xj; > 0 where
V € R™*N represents the noise or error matrix (depending on applications),
y(k) = [y1(k),...,ym(k)]T is a vector of the observed signals (typically positive)
at the discrete time instants® k while (k) = [z1(k), ..., 7, (k)]T is a vector of
nonnegative components or source signals at the same time instant [17]. Due
to additive noise the observed data might sometimes take negative values. In
such a case we apply the following approximation: §;(k) = y;(k) if y;(k) is
positive and otherwise §;(k) = e, where ¢ is a small positive constant. Our
objective is to estimate the mixing (basis) matrix A and sources X subject to
nonnegativity constraints of all entries of A and X . Usually, in BSS applications
it is assumed that N >> m > n and n is known or can be relatively easily
estimated using SVD or PCA. Throughout this paper, we use the following
notations: x;(k) = xjk, yi(k) = yix and z; = [AX];, means ik-th element of
the matrix (AX), and the ij-th element of the matrix A is denoted by a;;.

The main objective of this contribution is to derive a family of new flexible
and improved NMF algorithms that allow to generalize or combine different cri-
teria in order to extract physically meaningful sources, especially for biomedical
signal applications such as EEG and MEG.

3 The data are often represented not in the time domain but in a transform domain
such as the time frequency domain, so index k may have different meanings.



2 Extended Lee-Seung Algorithms and Fixed Point
Algorithms

Although the standard NMF (without any auxiliary constraints) provides sparse-
ness of its component, we can achieve some control of this sparsity as well as
smoothness of components by imposing additional constraints in addition to
non-negativity constraints. In fact, we can incorporate smoothness or sparsity
constraints in several ways [9]. One of the simple approach is to implement
in each iteration step a nonlinear projection which can increase the sparseness
and/or smoothness of estimated components. An alternative approach is to add
to the loss function suitable regularization or penalty terms. Let us consider the
following constrained optimization problem:

Minimize:

o 1
D (A, X) = S|IY — AX [} + aada(A) + ax Jx(X)

S. t. Qi > 07 Tk > 0, V’Lj,k, (2)

where a4 and ax > 0 are nonnegative regularization parameters and terms
Jx (X)) and J4(A) are used to enforce a certain application-dependent character-
istics of the solution. As a special practical case we have Jx (X) = >_ ;. fx(z;k),
where f(-) are suitably chosen functions which are the measures of smooth-
ness or sparsity. In order to achieve sparse representation we usually choose
f(zjk) = |zjk| or simply f(z;x) = x;k, or alternatively f(z;x) = z;r In(x;x)
with constraints x;; > 0. Similar regularization terms can be also implemented
for the matrix A. Note that we treat both matrices A and X in a symmetric
way. Applying the standard gradient descent approach, we have

oD\ (A, X) oD\ (A, X)
Qg ‘_aij_nz‘jFaTa Lk ijk—njk%T, (3)

where 7;; and 7, are positive learning rates. The gradient components can be
expressed in a compact matrix form as:

oD (A, X) r " 0JA(A)
(@)

M:[—ATY+ATAX]jk+aXM. (5)
6xjk 839jk

Here, we follow the Lee and Seung approach to choose specific learning rates
1, 3]:

e (6)

T axxT),, PP [ATAX]



that leads to a generalized robust multiplicative update rules:

{Y X" - aAsﬁA(az‘j)] _

ij < Qij ; 7
YT T AX XT) 1 e 0

[[AT Y]jr —ax sox(%‘k)L .
Tjk < Tjk [ATAX]jk e ) ( )

where the nonlinear operator is defined as [z]. = max{e, z} with a small positive
e and the functions p(a;;) and @ x(x;;) are defined as

palaij) = M7 ex(@jK) =

dJx(X)
3aij '

8£Ujk (9)
Typically, ¢ = 10710 is introduced in order to ensure non-negativity constraints
and avoid possible division by zero. The above Lee-Seung algorithm can be con-
sidred as an extension of the well known ISRA (Image Space Reconstruction
Algorithm) algorithm. The above algorithm reduces to the standard Lee-Seung
algorithm for a4 = ax = 0. In the special case, by using the /;-norm regular-
ization terms f(x) = ||x||; for both matrices X and A the above multiplicative
learning rules can be simplified as follows:

v X7],; - aAL [[AT Y] — ax

, Tjg Ty £, 10
[AX XT);+e ’ TOIATAX) ot e (10)

ij = Qi

with normalization in each iteration as follows a;; < a;; / 221 ai;. Such nor-
malization is necessary to provide desired sparseness. Algorithm (10) provides
a sparse representation of the estimated matrices and the sparseness measure
increases with increasing values of regularization coefficients, typically ax =
0.01 ~ 0.5.

It is worth to note that we can derive as alternative to the Lee-Seung algo-
rithm (10) a Fixed Point NMF algorithm by equalizing the gradient components
of (4)-(5) (for {1-norm regularization terms) to zero [18] :

VxD¥(Y]|AX) = ATAX - A"Y +ax =0, (11)
VaDI (V| AX) = AXX" - Y X" + aa=0. (12)

These equations suggest the following fixed point updates rules:
X — max {s, [(ATA)+(ATY - ax)} } - [(ATA)JF(ATY - ax)] . (13)

A max{s, [(YXT - a) (XX} = [(vXT —an)(XXT)H] ,(19)
S
where [A]T means Moore-Penrose pseudo-inverse and maz function is component-
wise. The above algorithm can be considered as nonlinear projected Alternating
Least Squares (ALS) or nonlinear extension of EM-PCA algorithm.



Furthermore, using the Interior Point Gradient (IPG) approach an additive
algorithm can be derived (which is written in a compact matrix form using
MATLAB notations):

A—A-nx(A.)(Ax X X)) . (A*xX -Y)xX'), (15)
X—X-ny*x(X/A*AxX)) .+ (A *x(AxX-Y)), (16)

where operators .x and ./ mean component-wise multiplications and division,
respectively, and n4 and 1y are diagonal matrices with positive entries repre-
senting suitably chosen learning rates [19].

Alternatively, the mostly used loss function for the NMF that intrinsically
ensures non-negativity constraints and it is related to the Poisson likelihood is
based on the generalized Kullback-Leibler divergence (also called I-divergence):

Dipi(Y[[AX) =) (yik In [Ag{;?] —+ [AX ], — yik) ; (17)
ik !

On the basis of this cost function we proposed a modified Lee-Seung learning
algorithm:

I+asx
Tip — | 2 Z’L:l Aij 7(3/ k/[ } k) \ (18)
qul Qqj
N 1+asa
o (vin/[A X1
0 < i 23t (/| m) | 19)
Zp:l Ljp

where additional small regularization terms asx > 0 and asx > 0 are introduced
in order to enforce sparseness of the solution, if necessary. Typical values of the
regularization parameters are asx = asq = 0.001 ~ 0.005.

Raul Kompass proposed to apply beta divergence to combine the both Lee-
Seung algorithms (10) and (18)-(19) into one flexible and elegant algorithm with
a single parameter [10]. Let us consider beta divergence in the following gener-
alized form as the cost for the NMF problem [10, 20, 6]:

m BB +1) B+1
+ax | X+ aalAll, (20)

b —1AX]) AXiy, — y;
Dﬁf)(YIIAX) — Z <yik Yir — | lik + [AX]fk[ Jik — Yin

where ax and a4 are small positive regularization parameters which control
the degree of smoothing or sparseness of the matrices A and X, respectively,
and ly-norms ||A]|; and || X||; are introduced to enforce sparse representation
of solutions. It is is interesting to note that for 8 = 1 we obtain the square
Euclidean distance expressed by Frobenius norm (2), while for the singular cases
08 =0 and 8 = —1 the beta divergence has to be defined as limiting cases as
08 — 0 and 8 — —1, respectively. When these limits are evaluated one gets for



B — 0 the generalized Kullback-Leibler divergence (called I-divergence) defined
by equations (17) and for 5 — —1 the Itakura-Saito distance can be obtained:

_ 0 [AX}Z]C Yik
D;_5(Y[|AX) = % [l ( Yik )+ [AX )ik

—1/. (21)

The choice of the § parameter depends on statistical distribution of data and
the beta divergence corresponds to the Tweedie models [21, 20]. For example,
the optimal choice of the parameter for the normal distribution is 8 = 1, for the
gamma distribution is § — —1, for the Poisson distribution § — 0, and for the
compound Poisson § € (—1,0).

From the beta generalized divergence we can derive various kinds of NMF
algorithms: Multiplicative based on the standard gradient descent or the Ex-
ponentiated Gradient (EG) algorithms (see next section), additive algorithms
using Projected Gradient (PG) or Interior Point Gradient (IPG), and Fixed
Point (FP) algorithms.

In order to derive a flexible NMF learning algorithm, we compute the gradient
of (20) with respect to elements of matrices z;, = x;(k) = [X];x and a;; = [A];;.
as follows

3D(5) m B

3;; = Zaij ([AX]?k — i [AX]]) 1) +ax, (22)
J i=1

oD & 5 4

as; > ( [AX5 — vl AXT5, ) Tk + . (23)

~
Il

1
Similar to the Lee and Seung approach, by choosing suitable learning rates:

Tjk aij

Nk = —m————73 Nij = =~ ; (24)
Dis1 Qi [AX]?k Zk:1[AX]?k Ljk
we obtain multiplicative update rules [10, 6]:
7 i (yi/[AX]7) - ax).
Tik — Tk [Zz:l Qij (gk?/[ ]'Lk ﬁ) OZX] , (25)
Dim @i [AX
N 1-8
7 AX], 'k — €
aij — aij [> k=1 (ar/[ lir ) Yk — oua ’ (26)

Eljj:ﬂAX]iﬁk Ljk

where again the rectification defined as [x]. = max{e, z} with a small ¢ is intro-
duced in order to avoid zero and negative values.

3 SMART Algorithms for NMF

There are two large classes of generalized divergences which can be potentially
used for developing new flexible algorithms for NMF: the Bregman divergences



and the Csiszdr’s p-divergences [22, 23, 24]. In this contribution we limit our
discussion to the some generalized entropy divergences.

Let us consider at beginning the generalized K-L divergence dual to (17):

Pia(4X|¥) =3 (1axtm (B85 - paxguna)  en

subject to nonnegativity constraints (see Eq. (17)) In order to derive the learn-
ing algorithm let us apply multiplicative exponentiated gradient (EG) descent
updates to the loss function (27):

8DKL aDKL
Ljk <= Lk OXP | —Njk 7 Ljk |, Qij < Qi €XP | —Nij—— 45 | (28)
J

ox k K& aa”
where
ODkr &
o = E:: a;j In[AX ], — a;; Iny) (29)
N
aaij kZ:: (i In[AX ]k — x5 Inyix) - (30)

Hence, we obtain the simple multiplicative learning rules:

¢ Yik - Yik Tk ia
Tjk — Tjk €XP ankaijln([AX Zk) H( AX zk) (31)

=1

o Yik AT
@ij < Q;j €Xp (Z Ni %k In ([A . )) H < . > (32)

k=1

The nonnegative learning rates 7, and 7;; can take different forms. Typically,
for simplicity and in order to guarantee stability of the algorithm we assume
that 7;, =7, = w Criag) =0 =w (Zszl z;;) !, where w € (0,2) is
an over-relaxation parameter. The EG updates can be further improved in terms
of convergence, computational efficiency and numerical stability in several ways.

In order to keep weight magnitudes bounded, Kivinen and Warmuth pro-
posed a variation of the EG method that applies a normalization step after each
weight update. The normalization linearly rescales all weights so that they sum
to a constant. Moreover, instead of the exponent function we can apply its re-
linearizing approximation: e* &~ max{0.5, 14+u}. To further accelerate its conver-
gence, we may apply individual adaptive learning rates defined as 7, < nrc if
the corresponding gradient component 0D 1,/Jx i has the same sign in two con-
secutive steps and n;, < 1;%/c otherwise, where ¢ > 1 (typically ¢ = 1.02 — 1.5)
[25].



The above multiplicative learning rules can be written in a more generalized
and compact matrix form (using MATLAB notations):

X — X .xexp(nx.x (A «In(Y./(Ax X +¢)))) (33)
A—A . xexp(ny.x I(Y./(Ax X +¢)* X)), (34)
A — A xdiag{l./sum(A,1)}, (35)

where in practice a small constant £ = 107! is introduced in order to ensure
positivity constraints and/or to avoid possible division by zero, and 7, and
7 x are non-negative scaling matrices representing individual learning rates. The
above algorithm may be considered as an alternating minimization/projection
extension of the well known SMART (Simultaneous Multiplicative Algebraic Re-
construction Technique) [26, 27]. This means that the above NMF algorithm can
be extended to MART and BI-MART (Block-Iterative Multiplicative Algebraic
Reconstruction Technique) [26].

It should be noted that the parameters (weights) {zx,a;;} are restricted to
positive values, the resulting updates rules can be written:

In(zjx) < In(z;i) — njkaaljigzc, In(a;j) < In(a;;) —
where the natural logarithm projection is applied component-wise. Thus, in a
sense, the EG approach takes the same steps as the standard gradient descent
(GD), but in the space of logarithm of the parameters. In other words, in our
current application the scalings of the parameters {z,,a;;} are best adapted in
log-space, where their gradients are much better behaved.

4 NMF Algorithms Using Amari a-Divergence

It is interesting to note, that the above SMART algorithm can be derived as
a special case for a more general loss function called Amari a-divergence (see
also Liese & Vajda, Cressie-Read disparity, Kompass generalized divergence and
Eguchi-Minami beta divergence)?* [29, 28, 23, 22, 10, 30]):

1 —Q
ae=1) > Wiz = ayi + (@ —1)zi) (37)
ik

We note that as special cases of the Amari a-divergence for a = 2,0.5, —1, we
obtain the Pearson’s, Hellinger and Neyman’s chi-square distances, respectively,
while for the cases & = 1 and a = 0 the divergence has to be defined by the limits
a — 1 and a — 0, respectively. When these limits are evaluated one obtains

Da(Y[|AX) =

4 Note that this form of a—divergence differs slightly with the loss function of Amari
given in 1985 and 2000 [28, 23] by the additional term. This term is needed to allow
de-normalized variables, in the same way that extended Kullback-Leibler divergence
differs from the standard form (without terms z;x — yix) [24].



for  — 1 the generalized Kullback-Leibler divergence defined by equations (17)
and for @ — 0 the dual generalized KL divergence (27).
The gradient of the above cost function can be expressed in a compact form as

ODs _ 1 Yik dDa 1 yir |
- Zw[—<)yém—a§m@—Qk - 39)

However, instead of applying the standard gradient descent we use the projected
(linearly transformed) gradient approach (which can be considered as general-
ization of exponentiated gradient):

3DA aDA

ey Sz — 1 Dla:s) — Dlass) — s
('T]k) — (z]k) Nk 8¢($jk)7 (az]) — (aw) Nij aé(aij)’ (39)
where @(z) is a suitable chosen function.
Hence, we have

_ 0D 4
zjg — P ! (Q(xjk) - njk&é(x-k)) ) (40)

J

_ 0D 4
aij — P 1 (@((1”) — nl](W) . (41)

ij

It can be shown that such nonlinear scaling or transformation provides stable
solution and the gradients are much better behaved in @ space. In our case, we
employ @(z) = 2® and choose the learning rates as follows

ik = od(x;1)/ Z“w = ’®(ai;)/ Zmﬂk (42)

which leads directly to the new learning algorithm °: (the rigorous convergence
proof is omitted due to lack of space)

m a\ Ve N a 1/
i=1 %ij \Yik/ Zik o (yir/zi) " Tk
e (S Gz O ) )
Zq:l Qqj SN T

This algorithm can be implemented in similar compact matrix form using the
MATLAB notations:

XX .x (Ax((Y +e)./(Ax X +¢)).2) ./, (44)
A—A.x (Y +e)/(AxX +e). 2« X') .M, (45)
A — Axdiag{l./sum(A,1)}.

® For a = 0 instead of &(z) = z* we have used &(z) = In(x).
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Alternatively, applying the EG approach, we can obtain the following multiplica-

tive algorithm:
Tjk — Xjk €XP {77] Z {(Zl:) —1}}, (46)

aij — ai exp{ ;ﬁ: Ki’:) } xjk} . (47)

5 Generalized SMART algorithms

The main objective of this paper is to show that the learning algorithm (31) and
(32) can be generalized to the following flexible algorithm:

N

Tjk < Tjk €XP [Z Nk Qij p(yikazik)] y Qgj < Q55 €XP [Z 771']' Tk P (Yik, sz)]
i=1 k=1

(48)

where the error functions defined as

AD(Y||AX)

Do (49)

P(Yik, Zik) = —
can take different forms depending on the chosen or designed loss (cost) function
D(Y||AX) (see Table 1).

As an illustrative example let us consider the Bose-Einstein divergence:

E.(Y|[AX) = Zy,kl ( )ylk>+azikln <(”°‘>Z’“) (50)

Yik + QZik Yik + QZik

This loss function has many interesting properties:

1. BE,(y||z) =0 if z = y almost everywhere.

2. BE,(y||z) = BE1/a(2|ly)

3. For a = 1, BE, simplifies to the symmetric Jensen-Shannon divergence
measure (see Table 1).

4. lim,—oo BE,(y||z) = KL(y||z) and for « sufficiently small BE,, (y||z) ~
KL(z|ly).

The gradient of the Bose-Einstein loss function in respect to z;, can be ex-
pressed as

OBE,(Y||AX) _ —al (yik+azik> (51)
0z (1+ )z
and in respect to x;; and a;; as
m N
OBE,, OBE,, OBE,, OBE,,
=Y ey ==Y o 52
81‘jk Za] azik aaij Z gk 8zik ( )

1=
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Hence, applying the standard (un-normalized) EG approach (28) we obtain the
learning rules (48) with the error function p(yix, zix) = aIn ((yix + azig) /(1 + @)zix)).
It should be noted that the error function p(y;, zix) = 0 if and only if y; = 2.

6 Multi-layer NMF

In order to improve performance of the NMF, especially for ill-conditioned and
badly scaled data and also to reduce risk to get stuck in local minima of non-
convex minimization, we have developed a simple hierarchical and multi-stage
procedure in which we perform a sequential decomposition of nonnegative ma-
trices as follows: In the first step, we perform the basic decomposition (factor-
ization) Y = A;X; using any available NMF algorithm. In the second stage,
the results obtained from the first stage are used to perform the similar decom-
position: X1 = As X using the same or different update rules, and so on. We
continue our decomposition taking into account only the last achieved compo-
nents. The process can be repeated arbitrarily many times until some stopping
criteria are satisfied. In each step, we usually obtain gradual improvements of
the performance. Thus, our model has the form: Y = A1 A5 --- Ap X 1, , with the
basis nonnegative matrix defined as A = A;As--- Ay. Physically, this means
that we build up a system that has many layers or cascade connections of L
mixing subsystems. The key point in our novel approach is that the learning
(update) process to find parameters of sub-matrices X ; and A; is performed
sequentially, i.e. layer by layerS. In each step or each layer, we can use the same
cost (loss) functions, and consequently, the same learning (minimization) rules,
or completely different cost functions and/or corresponding update rules. This
can be expressed by the following procedure:
(Multilayer NMF Algorithm)
Set: Xo=Y,
For l=1,2,... L, do:
Initialize randomly Al(o) and/or X l(o)’
For £k=1,2,...,K, do:

® ] (k—1)

X[ = g i D1 (XiallAfX0)
k ; ) k

AP = e i (P (X147 |

(k) ij *)
N T
! Zi:l aij l
End
X, =x"9 a,=a"),

)

End

5 The multilayer system for NMF and BSS is subject of our patent pending in RIKEN
BSI, March 2006.
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Table 1. Extended SMART NMF adaptive algorithms and corresponding loss func-
tions.

N ~ m  —
@ij < Qij €Xp (Zk:l ij Tjk P(Yik, Zz'k)) ; ik ik exp (3070, Tjx aij p(Yik, Zik))
aj =" =1, Vj, a; >0 Yir >0, zit = [AX i >0, 25 >0
Minimization of loss function Corresponding error function p(yik, ik )

1. K-L I-divergence, Dir(AX||Y)

Zi Jik
ik Yik Zik

2. Relative A-G divergence AG.(Y ||AX)

Yik + Zik 2Yik
i i 1 i i ik <1 =1
§ ((y k z k) n ( 2k > Yik — Zi k> p(y ks 2 k) n <yik sz)

ik

3. Symmetric A-G divergence AG(Y ||AX)

. . . . . 2 .
22 <y”C ;Zlk In (ZQML_ Zlk >> p(Yik, zik) = ysz : LI Y ( v y_;_k m)
ik Yik ik Zik Yik Zik
4. Relative Jensen-Shannon divergence

ATE ik — 24
Z (2yik In <L> + Zik — yzk) p(Yik, zik) = Yik — Zik
= Yik + Zik Yik + Zik

5. Symmetric Jensen-Shannon divergence

2yik 2zik Yik + Zik
ik 1 ik | —_— ik, Zik) = | —_—
Zykn(yzk+zzk>+an(yik+Zik> Py, Zik) n< 2zix )

6. Bose-Einstein divergence BE(Y ||AX)

Zyzk In ( + a)ym) + aziln <m> p(Yik, zik) = aln <M>

Yik + azik Yik + azik 1+ @)zik

7. J-divergence D;(Y ||AX)

Yik — Zik Yik 1 Yik Yik — Zik
P iy zin) = o In (20 ) 4 ZE T
( 2 n(zlk>> p(yk Zk) 2 n<21k> 2%k

ik

8. Triangular Discrimination D7 (Y ||AX)

2 2
Yik — Zik 2Yik
= {lon ) o = (2 Y
Yik + Zik Yik + Zik

ik

9. Amari’s a divergence D (Y ||AX)

! ] D (wikzin © =i+ (@ =) (zk —yar))  p(yan, 2ik) = é [(y—’“)& - 1}

afa—1 — Zik
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7 Simulation Results

All the NMF algorithms discussed in this paper (see Table 1) have been exten-
sively tested for many difficult benchmarks for signals and images with various
statistical distributions. Simulations results confirmed that the developed algo-
rithms are stable, efficient and provide consistent results for a wide set of param-
eters. Due to the limit of space we give here only one illustrative example: The

e ousid Mg b, il sl L b A T T ol a1
100 200 300 400 SO0 BOD 70D 8OO 900 1000 100 200 300 400 SO0 600 700 800 800 1000

Fig. 1. Example 1: (a) The original 5 source signals; (b) Estimated sources using the
standard Lee-Seung algorithm (7) and (8) with SIR = 8.8, 17.2, 8.7, 19.3, 12.4 [dB]; (c¢)
Estimated sources using 20 layers applied to the standard Lee-Seung algorithm (7) and
(8) with SIR = 9.3, 16.1, 9.9, 18.5, 15.8 [dB], respectively; (d) Estimated source signals
using 20 layers and the new hybrid algorithm (14) with (48) with the Bose Shannon
divergence with o = 2; individual performance for estimated source signals: SIR = 15,
17.8, 16.5, 19, 17.5 [dB], respectively.

five (partially statistically dependent) nonnegative source signals shown in Fig.1
(a) have been mixed by randomly generated uniformly distributed nonnegative
matrix A € R59%5, To the mixing signals strong uniform distributed noise with
SNR=10 dB has been added. Using the standard multiplicative NMF Lee-Sung
algorithms we failed to estimate the original sources. The same algorithm with 20
layers of the multilayer system described above gives better results — see Fig.1
(c). However, even better performance for the multilayer system provides the
hybrid SMART algorithm (48) with Bose-Einstein cost function (see Table 1)
for estimation the matrix X and the Fixed Point algorithm (projected pseudo-
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inverse) (14) for estimation of the matrix A (see Fig.1 (d). We also tried to apply
the ICA algorithms to solve the problem but due to partial dependence of the
sources the performance was poor. The most important feature of our approach
consists in applying multi-layer technique that reduces the risk of getting stuck
in local minima, and hence, a considerable improvement in the performance of
NMF algorithms, especially projected gradient algorithms.

8 Conclusions and Discussion

In this paper we considered a wide class of loss functions that allowed us to de-
rive a family of robust and efficient novel NMF algorithms. The optimal choice
of a loss function depends on the statistical distribution of the data and additive
noise, so different criteria and algorithms (updating rules) should be applied for
estimating the matrix A and the matrix X depending on a priori knowledge
about the statistics of the data. We derived several multiplicative algorithms with
improved performance for large scale problems. We found by extensive simula-
tions that multilayer technique plays a key role in improving the performance of
blind source separation when using the NMF approach.
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