Neural Processing Letters (2020) 51:723-748
https://doi.org/10.1007/511063-019-10111-y

®

Check for
updates

Non-negative Matrix Factorization with Symmetric Manifold
Regularization

Shangming Yang' - Yongguo Liu' - Qiaoqin Li' - Wen Yang? - Yi Zhang? -
Chuanbiao Wen*

Published online: 30 August 2019
© Springer Science+Business Media, LLC, part of Springer Nature 2019

Abstract

Non-negative matrix factorization (NMF) is becoming an important tool for information
retrieval and pattern recognition. However, in the applications of image decomposition, it
is not enough to discover the intrinsic geometrical structure of the observation samples by
only considering the similarity of different images. In this paper, symmetric manifold regu-
larized objective functions are proposed to develop NMF based learning algorithms (called
SMNMEF), which explore both the global and local features of the manifold structures for
image clustering and at the same time improve the convergence of the graph regularized
NMF algorithms. For different initializations, simulations are utilized to confirm the the-
oretical results obtained in the convergence analysis of the new algorithms. Experimental
results on COIL20, ORL, and JAFFE data sets demonstrate the clustering effectiveness of
the proposed algorithms by comparing with the state-of-the-art algorithms.

Keywords Structure retrieving - Manifold learning - Non-negative matrix factorization -
Divergence - Symmetric regularization

1 Introduction

Nonnegative matrix factorization (NMF) algorithms were developed to separate data into
factors with nonnegative entries. This method allowed only additive combinations of elements
[1,2], which aimed to capture a parts-based representation of sample observations. Currently,
the NMF has been applied in many fields, including signal processing, pattern recognition,
and neuroscience [3-8]. Lee and Seung proposed NMF to decompose images for feature
representation [2], and they further proved that in the updates, the objective functions of the
algorithms were non-increasing [9]. However, in general, the non-increasing of objective
functions cannot guarantee the convergence of learning rules. For this class of algorithms,
researchers obtained the convergence of their algorithms by proving that the algorithms
can converge to their local minima. Studies showed that Lee and Seung’s NMF learning
algorithms may not converge or converge to saddle points [10-12]. To solve this problem,
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some slight modifications of existing NMF update rules were proposed by Lin [13]. Recently,
the stability and the local minima of the NMF related learning algorithms were investigated
[14-18], from which, the local and global convergent properties of this class of algorithms
can be guaranteed.

For non-linear dimensionality reduction, learning performance can be significantly
enhanced if the geometrical structure of observed data is considered. Up to now, many man-
ifold learning algorithms have been proposed for handling of the geometrical structures of
image data. Classical manifold learning algorithms including the Laplacian eigenmap (LE)
[19,20], the Roweis and Saul proposed locally linear embedding (LLE) [21], and the isomet-
ric feature mapping (ISOMAP) for discovering the non-linear degrees of freedom hiding in
human handwriting or face images [22]. From these basic methods, many interesting learning
algorithms were derived for the applications of intrinsic structure extracting of image data
[23-27].

By combining manifold features with NMF, some important graph regularized nonnegative
matrix factorization learning algorithms, such as non-negative graph embedding (NGE) [28],
graph regularized non-negative matrix factorization (GNMF) [29-32], and Group Sparse
graph algorithms (GS) [33] have been proposed recently, which explicitly considered the
intrinsic geometrical information of data space. The graph regularized NMF is only a class
of one-sided clustering methods and the redundant solutions may be generated by its graph
regularization [34,35]. Based on the duality between data points and features, several co-
clustering algorithms have been proposed [36-38]. Graph dual regularized NMF (DNMF)
algorithms simultaneously considered the geometric structures of the data manifold as well as
the feature manifold [38]. In semi-supervised and structured NMF algorithms [39,40], both
the labelled and unlabelled data were simultaneously learned to explore the the block-diagonal
structure for data classifying, which was time consuming for data labeling. Comparing with
GNMEF, DNMF can be applied to learn a sparser parts-based data representation. However,
our study will show that the graph dual regularized NMF learning algorithms may have
divergent points, which will degrade their performance in data clustering [41].

In this paper, based on the extended KL divergence and Euclidian distance, learning
algorithms of NMF with symmetric manifold regularization (SMNMF) are derived, in which
both the global and local geometric features of sample data will be regularized. Convergence
properties of the novel learning algorithms are also analyzed. Comparing with other NMF
related algorithms, our analysis results show that the proposed NMF algorithms have the best
convergent feature. Experimental results on three different image datasets confirm that the
new algorithms can learn the state of art performance on parts-based representations.

The rest of this paper is organized as follows: In Sect. 2, the objective functions and
their related definitions of important terms are presented. Section 3, the proposed learning
algorithms are derived. In Sect. 4, the convergence of the proposed algorithms is analyzed. In
Sect. 5, experimental results are presented. In Sect. 6 conclusion and future works are given.

2 Preliminaries
In the original NMF algorithms, the sample data matrix Y = [y, y2,...,Yn] € RN wag
decomposed into matrices A = [a, ap, ..., a,]’ e R and X = [x1,%x2,....xy]7 €

RN > with only nonnegative components in the matrices. To incorporate the decomposition
with manifold regularization, the decomposition model was defined as the following:

Y ~ AXT. (1)
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In the convergence studies, a detailed scalar form of the model was used:

yik:"vzaijxkj, G=1,....m; k=1,...,N)

j=1
or

Ve Y apxg, (k=1,...,N), @)
where yx = [Vik, Y2k, - - ., ymk]! is a vector of the k-th sample data; We called A the basis

of the sample matrix Y. Each column of X” is a representation of the sample in the low
dimensional space.

For NMF, imposing nonnegativity constraint can provide sparseness of its components. We
can increase sparseness and smoothness by adding to the loss function suitable regularization
or penalty terms [8]. Thus, the regularized general KL divergence and the Euclidian distance
(Frobenius norm) in the following can be used as the cost functions:

m N
ik
Dk (Y|IAXT) =3 "> (y,-k log —% 4 [AX Iy — y,»k)
i=1 k=1 [AX" ik
1 1
+5AxJ X) + 22ad (A)
s.t. oajj = 0, Xkj = 0,

m
Y aj=1, i.j.keN, (3)

1 1 1
Dr(Y,AXT) = E”Y — AXTIIJZV + EAXJ(X) + EAAJ(A)

s.t. ajj >0, Xkj >0,
m
Y al=1, i.j.keN. “)

Applying gradient descent approach to cost function (3), it follows that

dDkr(Y[|AX")
0xkj

d Dk (Y||AX")

8a,‘j

Xkj <= Xkj = k)

)

)

aijj < ajj — 5[./'

where 7;; and §;; are learning rates. The partial derivatives of cost function with respect to
components in matrices X and A are:

M

IDgL(Y||AXT) ’”( al,ylk> rx 3J(XT)
- alj +7

axkj i—1 [AXT]tk 2 8xkj
DL (Y[AXT) & < Xk Vik ) ha 0T (A)
. )T aa

daij P [AX" ik 2 dajj
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Assuming
xkj
=, 1. aJ(X')’
Zi:l dij + E)LX 0xkj
5ij = dij
j N T /(A"
2yt da;;

the following learning rules can be proposed:

Zjn:l ajj ik /TAXT 1)

T 1 aJXT)’ ©)
Y
Dy % X s
N T
> S i /IAXT i)
ajj < dijj N 1 3J(A). (6)
=
P=lxp] + 2 A 361,']'

Experimental results in [8] showed that, for some given additional constraint terms J(A)
and J (X)), this class of learning algorithms can learn very good sparseness and smoothness
features in the applications of blind source separation.

To apply rules (5) and (6) to manifold learning, we need to choose suitable new constraint
functions J(X) and J(A). NMF is a type of dimensionality reduction algorithm. For the
column vectory; (j = 1,2, ..., N) of matrix Y, the low dimensional representation corre-
sponding to the new basis is X; = [xj1, ..., xj,,]T. NMF algorithms are designed to learn a
set of basis vectors that can be used to best approximate the sample data [29]. If we consider
to obtain the geometric structure of images in the learning, a general assumption is, for any
two manifold data points y; and yy, if they are close in their geometric structures, then their
respective representations X; and x; will also be close to each other. For basis vectors a; and
a; of matrix A, we have similar assumption.

Assume that each vertex of an N vertex graph is represented by a data point. If each point
y, has p nearest neighbors, then edges are added between node y; and its neighbors. Each
edge has a corresponding weight. We have different choices to define the N x N weight
matrix W for these edges. Assuming w i is the jk-th element of matrix W, usually the
following three weights defined in [19,29] can be used.

1. 0-1 weighting: if nodes j and k connected, w jx = 1; otherwise wjx = 0.
1y =vill
2. Heat kernel weighting: if nodes j and k connected, wj; = e~ = ,t R, t #0;

otherwise wjx = 0.
3. Dot-product weighting: if nodes j and k connected, w j; = yjryk; otherwise wjx = 0.

In fact, w;; is employed to measure the closeness of two nodes y; and yi. Usually, the
dot-product weighting is used for document analysis and the heat kernel weight is one of the
most popular choices for image data factorization.

In image feature extraction, experimental results in [2] showed that each column of sample
matrix Y represents a single image. Clearly, it is not enough for the feature extracting of
manifold structures by only considering the column vectors of Y and X”. For example,
alignment of the input image is essential for face classification and recognition. In this type of
sample decompositions, we often consider both matrices A and X” in a symmetric way. Each
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column vector of A is a representation of some global features of all the observation samples.
Thus, if p nearest row vectors of images have similar features, then their corresponding
representations in A will also be close.

Assume y; and y; are the row vectors of Y. The row vectors a; and a; of A are used to
measure the closeness of two points y; and y; of graph. Similar to the computing of w;;, the
weight /;; can be computed from y; and y;. For all i and j, h;; compose an m x m weight
matrix H.

The disadvantage of p nearest neighbors is that the computation results are less geometri-
cally intuitive. To overcome this problem, we can use e-neighborhoods to define the closeness
of two points in a graph. The e-neighborhoods definition is as follows:

For any two nodes y; and y, if the Euclidian distance

lyi =il <€, ecR,
then these two nodes are close and an edge can be put between them. The only problem is,
for each application, we need different tests to find a suitable €.
3 The Proposed Algorithms
For the extended KL-divergence in (3), we need an effective approach to define sparse and

smooth terms. Usually, Euclidian distance is one of the most popular choices for measuring
the geometrical structures of a graph. Thus, J(A) and J(X) are defined as follows:

N N
1 2 T
JX) =322 lIxj = xel Py = TrXTLX), @)
j=1k=1
1 m m
J(A) = EZZIIaJ — a||*hij = Tr(AA™M), ®)

Il
-
Il
—_

j
where Tr(.) is the trace of a matrix, L = Dy — W is called a graph Laplacian, Dy is a
diagonal matrix with de,- =), wjk, and similarly, M = D4 — H, D4 is a diagonal matrix
with dg;, = Zj hij.

From (5), (6), (7), and (8), the following manifold structure modelled NMF learning rules
can be proposed:

S ai; ik /ITAXT k)
xkj < xkj T s

Zq:l agj + Ax[LX]y;

S x ik /AXT 1)

Y pi Xpj + AaIMAL;;

(€))

(10)

ajj < aijj

where a;; is normalized in each update step as a;; = a;j/ Y p @pj- Learning algorithm (9)
is employed to obtain the update result of matrix X’ Since the above definitions show that
elements in matrices LX and MA may be negative, we can use a small positive number
& > 0 to replace these non-positive terms in the learning rules. Thus, for any i, j, and k,
if Z;”zl agj + Ax[LX]y; < & or Zgzl xp; + Aa[MA];; < &, we can set them equal to ¢.
Typically we can set & = 107°.
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The objective of the learning algorithms is, for all i, j, and k, the NMF learning can obtain
some points a;; and xy; such that

S i ik /TAXT k)

Xgj = Xkj . (1)
LT g agj + Ax[LX
Z/ivzl xij ik /TAXT 1ik)
aij = aij =y , (12)
szl xpj +AA[MA];;
where y; are elements of observation samples, a;; € [0, 1], xz; € [0, +00).
Equations (11) and (12) can be rewritten as
s =, i i (ir/IAX 1) + Ax[WXIy
! ! > a=19gj + Ax[DxXly; '
v — Sk i /TAXT 1ig) + Aa[HAL;
ij = dij .
Zgzl xpj + Aa[DaAl;;
Thus, (9) and (10) can be modified as additive learning algorithms:
" aij ik /TAXT 1) + Ax[WX ],
X < X1 Zz-l alj]glylk/[ lik) + AxI ]k_/ 7 (13)
> g1 g + 2x[DxX]y;
N T
_ Xk (i /TAXT ] M [HAJ;;
ai; < aij Zk_] Xkj (ytk/[ ]lk) + 2al ]1] (14)

Zgzlxpj + Aa[DaA];;

Similar to (9) and (10), from the cost function in (4), the following learning rules can be
proposed:

[Y'A — AxLX]y;

. . , 15
T T XAT AL (4>
YX — AsMAJ;;
ajj < a,'j—[ TA ]]. (16)
[AXX];;

b
of elements in the learning rules, if for some 7, j, and k, [YTA — AxLX];; < eor [YX —
AAMA];; < e, ¢ can be used to replace them.

Same to (13) and (14), update rules (15) and (16) are equivalent to the following additive
learning algorithms:

where a;; is normalized in each step as a;; = a;j/,/> p @y To ensure the nonnegativity

. [YTA + ax WXy, (17)
NN IXATA £ axDx Xy

YX + AaHAJ;
ajj < L +raHAJ; (18)

a;j .
Y TAXTX + 2aD4Al;

The advantage of the learning rules (17) and (18) is that in the learning we don’t need to test
the nonnegativity of a;; and x;; since all terms in these two rules are nonnegative. However,
(17) and (18) are similar to the learning rules in DNMF. Our analysis in the next section will
show that the another type of expressions of these two rules in (15) and (16) can be non-
divergent under a specific condition. From this condition, the convergence of this algorithm
can be controlled in the learning.
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From Eq. (2), we can see that the learning can obtain the feature representation x; of
each sample vector y; and their corresponding basis vectors a; (j = 1,2, ..., n). Thus, we
consider that LX is used for the local manifold regularization and MA is used for the global
manifold regularization of sample data. Comparing with the algorithms (15) and (16), our
analysis will show that the learning algorithms (9) and (10) have better convergent properties.
We only focus on the convergence analysis of these two learning rules in this paper.

4 Convergence Analysis of the Learning Algorithms

To present the convergence properties of the learning algorithms (9) and (10), let us introduce
the concept of fixed point first.

Definition 1 For the learning algorithm (9), a point x;; € R is called a fixed point of the
update iterations, if and only if Eq. (11) holds. Similarly, for the learning algorithm (10), a
point a;; € R is called a fixed point of the update iterations, if and only if Eq. (12) holds.

The point x;; satisfying Eq. (11) or the point g;; satisfying Eq. (12) is also called an
equilibrium point of the corresponding learning algorithm. At the fixed points, we can say
that the learning algorithms reach their equilibrium state.

Forall i, j, and k, if a point (a11, a12, - - ., dmn, X11, X12, - - . , Xy n) satisfies Egs. (11) and
(12), then it is called the fixed point of its corresponding algorithms.

At the fixed point, Eq. (11) can be rewritten as

ois aij (yik/ > =1 aipxkp)
m N
2 q=19gj T AX D p—y lkpXp;

m n
Xkj D oiey GijVik/ (aijxkj + 2ot ) aipxkp)

Xkj = Xkj

= m N . (19)
Axliixkj + Zq:l aqj +Ax Zp:l,p;ék lkpxpj
Assuming
m N
aj = Zaqj + Ax Z lpXpj,  bi = Axlik,
q=1 p=1,p#k
n
ci = ajjyik, di = Z AipXkp, € = djj, (20)
p=L#j
Equation (11) can be simplified to
,X'k' m c:
J i
Xpj = ; (21
T aj + by ZZ: di + eixkj

=1

where xy; is the only variable in a single update computing and for all i, j, and k, a;, by, d;,
and ¢; cannot be zeros at the same time. Here we must know that in the learning, x4}, a;, and
by are all variables. In any update step, the only constants are Aa, AX, Yik, and lx,.

From Eq. (21), the ¢ 4 1-th update is

m
Xij (1) ci

) (22)
aj +bkxkj([) izl d; +€ixkj(t)

Xgj(t+1) <
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From (22), it is clear that r 4+ 1-th update has the following possible results:

0, if xgj(t) — 0,
xgj(t+1) =1 1/bg, if xxj(t) — oo.
constant, otherwise.

Since [ > 0, if A > 0, it always holds that b, > 0. Thus, in any cases, if the learning is
convergent, the update will converge to a constant.

It is clear that update rules (17) and (18) are similar to DNMF learning rules. For this class
of learning algorithms, the update result at the fixed point can be rewritten as

[YTA — AxLX]y;
[XAT A
Yo aik(Dyik — AX 22;1 Lipx pj ()
> Yoy Xkp(Daip (D)aij (1)
Therefore, similar to update rule (22), (15) can be simplified to

X (F+ 1) = xp (1)

= xi; (1)

ar + bkxkj ()
cj+ dkxkj 0}
From update rule (23), if Ax > 0, it follows that

0, if x(t) — 0,

xij(t+1) = § oo, if xpj(t) — oo,
constant, otherwise.

xkj (1 4+ 1) < xp; (1) (23)

Thus, for this class of learning algorithms, the convergence can not be guaranteed, which
indicates that for the GNMF and DNMF learning algorithms, the divergent points may exist.
We will analyze the detail convergent properties of all the learning algorithms later. For those
learning rules which may be divergent, we will find the the non-divergent conditions for
them.

For the update algorithm of a;;, the terms in Eq. (12) can also be rewritten; then we have
similar results as follows:

Zij (i /TAXT 1) = Z Tk

k=1 k=1 p 1 4ipXkp

i XkjYik
a

oy Xk + D et et j GipXkp

=z

and
N N m
prj + AA[MA];; = prj + A Zmipapj
p=1 p=1 p=1
N m
= AAamiia;;j + prj + XA Z MipQpj .
p=1 p=1,p#i
Assuming
N m
&/ = prj + XA Z MipQpj b; = Aam;;,
p=1 p=L,p#i
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n
Cr = Xkjyik, dr = Z AipXpjs €k = Xkj, 24
p=Lp#j

Equation (12) can be simply written as

N ~
ajj Ck

(25)

ajj = - = = = ,
aj + biaij = di + exaij
where a;; is the only variable for a single update step of a;;.

From Egs. (21) and (25), we can see that the updates of a;; and x; have similar convergent
features. For the update of a;;, the only difference is the normalization of a;; in each update
step. Thus, a;; will not diverge to + oo in the learning anyway.

4.1 Non-divergence of the Learning Algorithms

For NMF algorithms, previous studies have shown that the non-increasing of divergence
functions cannot guarantee the convergence of the learning algorithms. It is necessary to
show that the proposed algorithms will converge to the local minima of their corresponding
cost functions.

Theorem 1 For any initializations, a;; and x; of update rules (9) and (10) are always upper
bounded by constants in the learning, i = 1,2,...,m, j =1,2,...,n,k=1,2,...,N;
thus, update algorithm (9) and (10) are non-divergent.

Theorem 1 guarantees that any trajectories of the algorithms (9) and (10) starting from
any limited points will be always bounded by a positive constant.

For the matrix L and X, we use vector X.; = (x1;, X2/, ..., xNj)T to represent the j-th
column vector of X and ly. = (lk1, lx2, . . ., lkn) to represent the k-th row vector of L. We have
the following theorem for update rule (15) to guarantee the non-divergence in the learning.

Theorem 2 In the learning, if at any update step t, xij in update rule (15) satisfies
VN YL vij
1 — V/Nax|ll|

then xyj are always upper bounded in the updates; thus, the update algorithm (15) will be
always non-divergent under the given condition.

xij (1) = [[x; (O] = (26)

In the test, if there exists a small enough Ax such that 1 — Ax|[lx.|| > O, then the non-
divergence of the learning can be guaranteed by choosing suitable initializations of A and X.
On the other hand, if the condition in (26) is not met, it is possible to find initial data which
leads the divergence of the learning algorithms. For example, if in the applications we have
some Ax and initial A and X such that 1 — Ax|[lx.|| < O, then it may have the result that xy;
will diverge in the learning.

The learning rules proposed in DNMF are similar to (17) and (18), which have the same
convergence problem. Thus, the proposed learning algorithms in (9) and (10) will have
advantages in the applications.

For the updates of a;;, because of the normalization, it always holds that ¢;; < 1. Mean-
while, because of the symmetry, we can give similar initial constraint such that the learning
converging to their local minima. Thus, under the condition (26), the learning algorithms
(17) and (18) will be always non-divergent.
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4.2 Existence of Fixed Points

For the NMF related learning algorithms, the objective function is non-convex for both
variables A and X, but if we only consider a single variable A or X, then the objective
function is convex. For the update rules (9) and (10), Theorems 1 and 2 can only guarantee
the non-divergence of the learning algorithms. If each learning algorithm has multiple fixed
points, the learning may vibrate between these fixed points. We have the following theorems
to guarantee the convergence of the algorithms. In the proof of the theorem, we will show
that in the updates, for given initializations, each learning rule has a unique fixed point.

Theorem 3 For any initializations of A and X, there exists points xijo and a;jq to be the fixed
points of the update algorithms (9) and (10) respectively. For any i, j, k € N, xijo will be
the unique fixed point of the learning algorithm (9) and a; jo will be the unique fixed point of
the learning algorithm (10).

Learning algorithms (15) and (16) have the same results. Generally, for the proposed
learning algorithms (9) and (10), the following results hold:

1. At any update step ¢, a;;(¢) and xi;(¢) are always upper bounded by a constant. Each
algorithm has unique fixed point, and the update algorithms will converge to their corre-
sponding fixed points.

2. If 31 such that xz; () = 0, the update will converge to zero fixed point. The update of
a;j has the same result.

For the proposed learning algorithms (15) and (16), the following result holds:
3. For any given initializations, the fixed point is unique. Under the condition (26), the
updates of a;; (t) and x4 (¢) will always converge to their corresponding fixed points.

Therefore, for any initializations, the NMF updates (9) and (10) will converge to either
zero or nonzero constants. However, since each learning algorithm has infinite groups of
fixed points, the learning can only obtain a local minimum of the objective function.

5 Simulations

Numerical tests in this section will confirm the convergent properties and the effectiveness
of the proposed learning algorithms (9) and (10), and structures in the [35] are used in
the tests so that the redundant solutions caused by graph regularization can be eliminated.
Four existing methods are also employed to test, including: Normalized cut (NCut) [42],
Lee and Seung’s nonnegative matrix factorization (NMF) [2], graph regularized nonnegative
matrix factorization (GNMF) [29], and the graph dual regularization nonnegative matrix
factorization (DNMF) [36].

We perform experiments on the following three image data sets: COIL20 image library
[43], which contains total 1440 images of 20 classes. ORL face dataset [44], which contains
total 400 images of 40 classes, and JAFFE facial expression database [45], which contains
total 213 images of 10 classes. All the images are resized to 32 x 32 pixels. 0—1 weighting is
used in all the tests. At last, heat kernel weighting is also employed to compute w j; and A;;.
When we set ¢ = 5.1, L. = 1 ~ 200, similar test results can be obtained. The experiments
are conducted on a Windows 10 system with i5-6200U CPU, 2.3 GHz, 4 Processors. Matlab
programming is utilized to run all the algorithms.
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Fig. 1 For random initial matrices X and A, all the updates of a;; converge to constants in the updates. The
convergent results of a;; for different NMF learning algorithms: a Lee and Seung’s NMF, b the proposed
SMNMEF, and ¢ the Euclidian distance based DNMF algorithms

0 0
0 100 200 300 0 100 200 300 0 100 200 300
Iteration Iteration Iteration

C)) (b) (©

Fig. 2 For random initial matrices X and A with a;; > 0, x;; > 0, all x;; converge to constants in the
updates. Trajectories show the convergent results of xy; for different NMF learning algorithms: a Lee and
Seung’s NMF, b the proposed SMNMEF, and ¢ the Euclidian distance based DNMF algorithms

To test the convergent properties of the proposed learning algorithms, we only choose a
single 128 x 128 image to run the algorithms so that we can take the shortest time to obtain
the convergence.

Figures 1 and 2 show the convergentresults of ¢;; and x; in the decomposition of the single
image. Since the learning of a;; and x; are non-increasing, they will eventually converge
to constants. In this test, A and X are randomly initialized, A4 = 0.0375, Ax = 0.15, and
n = 50; thus, the image is separated into a 128 x 50 matrix A and a 50 x 128 matrix X.

Since we initialize components in A and X with a;; > 0 and x;; > 0, although the Fig. 1
shows that some a;; (i, j = 1,2,...) converge to zeros, the practical data show that the
convergent results are just very close to zero.

From Fig. 3, we can see the non-increasing and converging to zero of KL-divergence and
Euclidian distance for different types of NMF algorithms. This figure also shows that for this
group of initializations, all the learning methods converge almost at the same time: at about
the update iteration 50, all of them begin to converge.
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Fig.3 For random initial matrices X and A, the trajectories show the convergent results of KL-divergence and
Euclidian distance for different NMF learning algorithms: a Lee and Seung’s NMF, b the proposed SMNMF,
and c the Euclidian distance based DNMF algorithms
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Fig.4 In a 128 x 128 face image factorization, for random initialization matrices X and A, the trajectories
show the update results of x; for different NMF learning algorithms: a Lee and Seung’s NMF, b the proposed
SMNMEF, and ¢ DNMF algorithms

From Figs. 1, 2 and 3, we can see the convergent properties of the discussed algorithms.
For these learning algorithms, there always exist initializations such that the learning will
converge to constants.

However, Fig. 4 shows some different update results for xi;. In this test, we set Ap =

0.11, Ax = 0.5, and € = 200. The image is still separated into a 128 x 50 matrix A and a
50 x 128 matrix X. For Lee and Seung’s NMF and our proposed algorithms, Fig. 4a, b show
the convergence of xi;; but Fig. 4c shows the update result for DNMF. Since the computing
result shows that in this case, it has 1 — v/NAx|[Lk|| < 0, the condition in (26) is not met;
there exists the situation that x;; are diverging even after 600 learning iterations. Therefore,
for the DNMEF, the divergent points exist.

For this test, Fig. 5 shows the trajectories of Euclidian distance. For Lee and Seung” NMF
and our proposed SMNMEF, the Fig. 5a, b show that the objective function converges to zero
very fast. For the DNMF, however, since Fig. 4c indicates that for this group of initializa-
tions, the divergent points exist, comparing with Fig. Sa—c shows that the corresponding cost
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Fig.5 Ina128x 128 faceimage factorization, for random initialization matrices X and A with a; i = 0, xg = 0,
the trajectories show the convergent results of Euclidian distance for different NMF learning algorithms: a
Lee and Seung’s NMF, b the proposed SMNMF, and ¢ DNMF algorithms
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Fig. 6 The basis vectors learned by different NMF algorithms in the COIL20 images decomposition: a Lee
and Seung’s NMF learned basis vectors, b the Euclidian distance based GNMF learned basis vectors with
Aa = 0, Ax = 0.015. ¢ The proposed SMNMF learned basis vectors with A4 = 0.245, Ax = 0.015, and d
the proposed SMNMF learned basis vectors with A4 = 0.0245, Ax = 0.015

function has bigger errors although it is non-increasing in the learning. Thus, the results in
Figs. 4c and 5c confirm that the non-increasing of objective functions cannot guarantee the
convergence of each learning update.

However, in practical data decomposition, since matrix A and X are initialized randomly,
to test the condition (26) for each element in the learning is rather time-consuming. Thus,
the proposed SMNMEF algorithms (9) and (10) are the best choice for manifold learning.

To further test the effectiveness of the proposed learning algorithms, we utilize the algo-
rithms to perform image clustering. In the experiments, different methods are employed so
that we can compare their clustering results.

Each image consists of 32 x 32 pixels. For the COIL20 image dataset, a 1024 x 1440
sample matrix can be used for learning. Figure 6 shows the basis images learned by different
NMF based methods on COIL20 dataset. In this figure, we only show four 5 x 5 basis image
pictures. Figure 6¢ indicates that the proposed learning algorithms can learn sparser basis
vectors since Ap and Ax are used to increase the sparseness of the row vectors. Figure 6d
shows that the sparseness will decrease if we decrease Aa .
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Fig. 7 The clustered COIL20 and JAFFE images from the proposed learning algorithms with 15 = 0.0245,
Ax = 56, and n = 150: a The clustered COIL20 images, b the clustered JAFFE images

Figure 7 shows part of the COIL20 and JAFFE images clustering results performed by
the proposed learning algorithms. For COIL20 images, we only choose 10 images from
each class to show the clustering effectiveness. From Fig. 7a, b we can see that the proposed
method can learn very high accuracy in image clustering. For the presented clustering results,
only three face images are clustered to wrong clusters for each dataset.

To show the performance of the learning algorithms, 30 runs were conducted on a given
data set for each learning method. The average accuracy results are presented on the following
figures.

The left figure in Fig. 8 shows the variations of accuracy on the test of COIL20 data set
for different values of 1. In this test, we have p = 3, Ax = 56. For different methods, the
test results show that the highest accuracy is obtained at Ay = 0.1. The right figure shows
the average clustering accuracy on COIL20 data set for different values of Ax. In this test,
p = 3, xa = 0.1. For different types of learning algorithms, the tests show that the highest
accuracy is obtained at Ax = 50.

Figure 9 shows the variations of clustering accuracy on COIL20 data set for different
settings of nearest neighbor number p. In this test, A4 = 0.1, Ax = 59. The test results show
that the highest accuracy is obtained at p = 3.

The left figure in Fig. 10 shows the clustering efficiency on JAFFE data set for different
values of A4 . In this test, we have p = 3, Ax = 56. Totally 1024 x 213 samples are used for
image clustering. The test results show that, for different types of learning algorithms, the
highest accuracy is obtained at Ao = 0.1. The right shows the average clustering results on
ORL data set for different values of 1. In this test, we set p = 5, Ax = 65. 1024 x 400
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Fig. 10 The performance of learning algorithms on JAFFE (left) and ORL (right). Datasets for different values

of Az

sample images are used for clustering. The test results show that the highest accuracy is

obtained at Ao = 0.1.

Comparing with different types of algorithms, test results in Figs. 8, 9 and 10 show that
our proposed algorithms have the best average accuracy in data clustering. Although DNMF
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and SMNMF have similar structures, they have different convergent features. Comparing
with DNMF, the detail test data show that the proposed algorithms have better stability in
image clustering. Clearly, algorithms that have better convergence can produce more stable
image recognition results.

6 Discussion and Future Work

In the learning, NMF based algorithms switch between two different updates of factors A
and X. Thus, all the elements in A and X will be modified in each iteration, which greatly
increases the difficulties of convergence analysis of the learning algorithms.

For any given initializations, the fixed points of the proposed SMNMF algorithms can be
uniquely determined in the learning. Therefore, the non-divergence of the proposed SMNMF
algorithms can be guaranteed. For the proposed algorithms, we have the following important
results:

1. For any initial values, learning updates (9) and (10) are always non-divergent.

2. In the learning, since a small positive number ¢ > 0 is added to ensure that all the
denominator terms in the learning algorithms will not be zero or negative, the update
algorithms will converge to their unique fixed points for any initializations. This problem
can also be solved by using the update rule (13) and (14).

3. The non-divergence of the learning algorithm in (15) can be guaranteed if we control the
initial setting to a predefined value.

In general, because of their unconditional non-divergence, it is clear that the proposed
algorithms (9) and (10) can be safely applied to a wide range of manifold learning problems.

The future work in this research includes: Suitable values of A 4 and Ay are critical to the
proposed algorithm. Theoretically, it is difficult to determine the efficient selections of these
parameters in the learning. The proof shows that our algorithms are non-divergent, but we
still cannot prove the convergence of the proposed algorithms.
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Appendix: Proofs of theorems

For matrix A, its row number m and column number n are limited numbers. Thus in the

proofs of theorems, m and n can be considered as constants. Because of the normalization,

we have > /L a;jj = 1or Y 1", aizj = 1. For all i, ¢;; < 1, from (20), it holds that there

always exists i, such that ¢; > 0. For the update algorithm of xy;, if x;; > 0, ¢; > 0, from
(20) and (21), Vi, d; = 0, it holds that

m c: m c:

0<x;()y ———— < —.

/ ; d; + eixij(t) ; e;

If 3i, such that ¢; = 0, then ¢; = 0, it follows that

Ci

di>0, — S _
di + eixij(t)

)
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m

m . . m N m
ij(t)i;mfzﬁ=‘z gfzyik'

o
i=1 "'

From (20), if Vi, e; # 0, then g;; > 0; it holds that

.
UIE 3 i @7)

For all i, k, and p, y;x and Iy, are constants and y;; are nonnegative. Therefore, for all i
and p, there always exist some y;x and Iz, such that y;x > 0 and /,; # 0. Denote

Y = max {yylyix >0, i =1,2,...,m},
1
Vi =ml,in{)’ik|)’ik >0,i=1,2,...,m},
z,,:m]flx{|lk,,||lk,,¢o,k:l,z,...,N}. (28)
Proof of Theorem 1 From (21) and (27), for the #4-1-th update, if x;; (1) = 0, thenxy; (t+1) =
0, Thus xg; (t + 1) is bounded by any positive constant. If x;;(¢) > 0, it follows that
m

Xij (1) ci
aj + brxj(t) — (d; + e;jx;j(1))
i=1

it +1) =

B 1 (e
aj + brxyj(t) — (d; + e;jx;j(1))
i=1

- 1 " xpj (e
T oaj 4 brxj (1) P ejxy;(t)

m
- Ny
aj + brxi;(t) = e
Z?:l Yik
Z?:l agj +Ax Zg:] lkpxpj ()
m )
< Ziz1 ik 29

&

IA

From the definition of matrix L, if Ax is small enough, we have ix Zgzl Lepxpj () <
> y=14g;j- Thus xi; (r + 1) will be upper bounded by » /| yi-

Inequality (29) shows that in any update step, xi; is always upper bounded by a positive
constant.

On the other hand, assuming that C is a nonnegative constant, if x; (t) > Co, from Eq.
(19), it follows that:

271:1 aijj ik/ 22:1 aipxkp(t))

> a=1dqgj +Ax ZL lipxpj (1)
xkj () yi/ (7" Y yik)

Tl AXZp 2l YL vik

X (t+ 1) = xg; (1)
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_ Xij (1) vk (30)
(1 2x2p o) S0 i) Pz
Coyk

n (1 +axZ, YN Yk) Lioi

v

> 0. (31)

From (31), assume

Coyk
n (1 +axZ, YV Yk) Lz vk

My =

For any update step 7, if xz;(t) > Co, then it holds that
X (t+1) = My. (32)

Inequality (32) shows for any update of xi;, if initialization x;;(0) > 0, then in any update
step ¢, it holds that xz; (#) > 0; if initialization x; (0) = 0, then in any update step ¢, it holds
that x; () = 0. The update of @;; has the similar result; to save page, we omit the detail
analysis steps here.

For the update of a;;, since m;; > 0, from (24), (25), and (32), it follows that

N .
1 a;jj(t)Ck
aj + biaij(t) = dik + eraij

ajj(t+1) =

N ~
1 a;j()ck
- &j —|—l;,~a,-j(t) = Ekaij(t)

N -
1 Ck
= m N 5
AN Dt Miplpj + Dy Xpj =y €k
N
_ 1 XkjYik
- m N .
A szl mipapj + Zp:] Xpj k=1 TR
N
Zk:l Yik

_ . (33)
AA Zr;,;],p#,' mip + N My

Ifan Z'Z}:],p# mip + NMy < 0, it holds that

N .
aij(t+1) < L"zgl ik,

Inequality (33) shows that after the 7+1-th update, a;; will be a limited number under the
condition (32). But in the update the denominator may become zero if we don’t have the
constraint 21,:;1 Xpj +Aa[MA];; > &. Thus, we cannot guarantee the non-divergence of the
learning update of a;;. With this constraint, the normalization of ;; in each update iteration
can guarantee a;; < 1 for any i and j. Thus, the proof of Theorem 1 is complete. O

Proof of Theorem 2 Assume

Xrj =max{x1j,X2j,-~-’xNj}'
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For the updates of xy;, at any update step ¢, if

VN YL i
1 — /Nyl

X (1) <X (O] <

then it follows that

%, (t + 1| = \/xfj(r+ D3+ D)+ 2@+ 1)

< JNx3@+1)

= xj(t +1)

B L IYTA —xLX],,
=V Nx,; (r)w
Yoy aik()yij — Ax (ZL] LipXpj (l)>
Z?:] Zr,;lzl Xri ([)api (t)apj ()
"oy axh(—x. (1))
— VN, (1 D iy Yij +AX J
O S S s 0%t (0)
< WZ’m:l )’ij+)»X|l:r-|2|||x-j(t)|||C039t|)
2p 40
= VN (Z Vij +xx||lr.||||x.j(t)|||cos9,|>

i=1

= V/Nx,j (1)

IA

VN (Z vij + xx||1r.||||x.,,-<r>||>

i=1

< \/NZ:'H:] Yij

< . (34
1 — V/Nax |||
. WZ?”:I Yij . . o e, . . X \/NZ:":I yij
Since 71_.\/N)LXH1%” is a constant, if the 1n1tlallzat1?n [Ix.; (O < TNl (34) shows
that xy; is always upper bounded. Thus, the proof is complete. O

Proof of Theorem 3 The update algorithms (9) and (10) show that for each update iteration,
all the elements in A and X7 will be updated. However the updates of x; ;j can be considered
column by column and the updates of ¢;; can be considered row by row. Assuming x;. =
ks Xk2s + - s X)L, @i = (ai1, aiz, - - -, ain), wWe have the following update systems for xy
and a;;:

— N _
Yitiain ﬁ
Xkl S T
Y=t gt HAX Xy lipXp
X, "
xkl x i “iz%
k2 k2
Xe =1 .| < gt ag2tax Yot lpxpe | s (35)
Xkn
Yik
X iy din B
kn
L o1 antAx Y1 lepXpn |
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N Yik
X
Zk_l 1k a; Xp.

N
Zp:] Xpl+Aa ZZ=1 Mmipdpl

ail

ail
a2 aip

N ik
—1 X2k
PINRELT: a;.X).

lev=1 Xpatha Yoo mipapn . (36)

Ain
ZIIX:I Xnk a:lixkk

Zg:l xpn"!‘)VA 27;1:1 MipApn |

From systems (35) and (36), it is clear that for the update rules of x;;, if Ax = 0, they

only include the column vector x;. of matrix X7 as a variable, and for the update rules of
a;j, if Apn = 0, they only include the row vector a;. of matrix A as a variable. Denoting

Ain

Yik
Vj = Ui (Xk1s Xk25 -+« » Xkn) = ; 37
a; . Xf.
Yik
sk = sk(ai1, aiz, . ., Gin) = , (38)
a;.Xy.
the following two systems hold:
_xkl DL @it i (k1K Xkn) ]
Z:;’:l aql+)LX Zg:] lkpxpl
Xkl
x X T 1 @io Vi (XK1 XR2 -2 X))
k2 N
<~ D=1 a2 +AX Xy hpXp2 | (39)
Xkn
X3 DT GinVi (XK1 Xk2 1w Xkn)
L " qun=l Agn +Ax Z,A;/:] lk]zX[m n
1T
ail SN k15K (@i1,G125 00, in)
! 11:]:1.76,,1+AA Z’;}:lm[[l“pl
a T
il
air apn SN k25 (11,12, lin)
! < | TN xptra X mipay . (40)
Adin
ain SN | Xk Sk (011,012 -4 Gin)
L g:]x,m—t-)»A i Mipapn |

For NMF, since A and X are variables, the objective functions are not convex in both variables
together. Therefore, the learning algorithms have multiple fixed points if all the elements in
A and X are updated at the same time. However, in the practical data decomposition, updates
for matrix A and X are computed alternately. A reasonable assumption is that update system
(39) is used to find a group fixed points xijo, j = 1,2, ..., n for some given matrix A, and
elements in A are not changed in the updates of x;. Thus, we can temporarily consider A
as a constant matrix in the study of fixed point xo. For the update of a;;, we have similar
assumption.

For the kj-th update, if x;; = 01is a solution of Eq. (11), then xz; = 0 is a fixed point of the
kj-th update in (9). However, elements in x;. cannot be all zeros, otherwise the denominators
in the learning algorithms may be zeros. In fact, inequality (31) shows that for any point xy;,
it its initial point x;;(0) > 0, then at any update step ¢, it always holds that xz; () > 0. a;;
has the similar result.
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Let us find all the nonnegative fixed points for the kj-th update. From Eqs. (11) and (12),
if all the solutions xxjo and a;jo are nonzero, they are included in the following two linear
equation systems separately:

m _ m N
Doimr @intvi =D 0y dg1 +Ax D,y lkpXp

N
Yl ainvi = Y1 g2 + X Ypoy lipp2 @l

m m N
Zi:] ajpVj = Zq=1 Agn + Ax Zp=1 lkpxpn
and

N N m
D kel Xk1Sk = szl Xpl + AA szl mipQp

lecv=l Xk2Sk = 22;1 Xp2 A Z?}:l Mipdp2 (42)

Z}I{\;l XknSk = Zg=1 Xpn + AA ngzl mipQpn

For linear equation system (41), only xz; (j = 1,2, 3, ..., N) are considered as variables
of the system. Denoting v; (xx1, Xk2, ..., Xkn) = Vj, linear equation system (41) can be
simplified to

Z;nzl aj1v;i = 1 4+ Axlg.xg.

S aivi = 14 Axlexe.

’ (43)
S ainv = 1+ Axlexy.
which can be rewritten as
V] 1 4+ AxliX.
AT 2| = 1+ Axli. X . "
Um 1+ kxlkxk
Assuming (v, V20, - . ., Un0) i8 a solution of the equation system (44), if there exists some

i, such that y;z = 0, then v;o = 0; the number of variables will reduce to m — 1. Thus, we
can always assume for any i, v;o > 0. From (37), it holds that
Z;:l A1 pXkp = %

mn — Y2k
Zp:l 2pXkp = 20 (45)
Ymk

n —
> p=1 AmpXkp = Um0
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which can be rewritten as
Yk
Xkl V10
Y2k
X Yok
Axp. =A |2 =] w0 |. (46)
Ymk.
Khen Um0

If for some A, linear equation systems (44) and (46) have nonnegative solutions, then update
algorithm (9) will have nonnegative fixed points.

Similarly for the update of a;;, from (38) and (40), we have the following linear equation
systems.

N
szl Xpl +Aamypay

S1
N
K X Aamy.a.
x| 52| = D pi Xp2 +Aamo.ay @7
SN
N
szl Xpn + Aam,.a.
Assuming (510, $20, - - - » SN0) 1S a solution of the equation system (47), it follows that
yii \ T
510
Yi2
a; X = (aj1,a2,...,aip)X =] 520 . (48)
JiN.
SNO
(48) is equivalent to
Yil
510
ail W
a: iz
X9 =] = |. 49)
din
YiN
SNO

Thus, if for some X, linear equation systems (47) and (49) have nonnegative solutions, then
update algorithm (10) will have nonnegative fixed points.

For the given initializations and observation sample matrix Y, the process of the NMF
learning is equivalent to solve linear systems Eqgs. (44), (46) and (47), (49) alternately. When
solving Egs. (44), (46), matrix A is temporarily considered as a constant. Similarly, when
solving Eqs. (47), (49), X7 is considered temporarily as a constant. When the learning
converges, the fixed points of the learning algorithms are obtained, which indicates that the
solutions of these systems are obtained.
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If Ao = Ax = 0, systems (41) and (42) can be rewritten as
YLy ainvi = Z?:l aq1

Zlm:l aizvi. : 221:1 aq2 (50)

Z;nzl ainVi = Z;n=1 Agn,

and
Zﬁ:l Xk1Sk = ZL] Xpl
N N
Zk:l A28k = Zp:l Xp2 . (51)
SRt XknSk = Y pt Xpn
For any a;. and x;., the only solutions for systems (50) and (51) are vy = vo = ..., = vy =
s1 =82 =...,=sy = 1. From Egs. (37) and (38), it follows that

sk=1=—=a;xx. =yixr, k=1,2,....N
vi=1=a;xt. =y, i=1,2,....m

Thus, For sample matrix Y, NMF learning is to find matrices A and X such that Y = AXT.
Clearly, this type of matrices A and X exists. The conditions of the solution existing are:

(a) For variables xg;, j = 1,2, ..., n, if the ranks of matrix A and the augmented matrix of
Eq. (46) are equal, then Eq. (46) has one or more groups of nonzero solutions.
(b) For variables a;;, j = 1,2, ..., n, if the ranks of matrix X7 and the augmented matrix

of Eq. (49) are equal, then Eq. (49) has one or more groups of nonzero solutions.

Clearly, only if the conditions in both (a) and (b) are satisfied, the NMF learning algorithms
can reach their equilibrium state. At this state, we can say that the learning algorithms
converge.

In fact, for all &, if X is a group solution of Eq. (46), then the corresponding A is a group
solution of Eq. (49). For a;;, we have the same result.

At the equilibrium state, to simplify the expression, xi, x2, ..., x, are used to replace
variables xi1, xk2 . .., Xk, in the following linear equation system. For the case of Ax = 0,
(v1, v2, ..., vy) = 1is the only solution of Eq. (50). In the update of x;, A is temporarily

considered as a constant matrix. From (46), for any given matrix A, assume r = rank(A).
Using Gaussian elimination, the following equivalent linear equation system holds:

guxi+ -+ gurXr =di = g1 X1 — 0 — &lnXn
822X2 + -+ gy Xp =dp — o1 X1 — - — &Xn
8rrXr =dr — Grr41Xr+1 — 0 — 8rrXn (52)
Xr+1 = Xr+1
Xp = Xp
where g;; # 0 (G = 1,2,...,7), Xr41, Xr42, ..., X, are the free variables of the system,

and (621, Jz, R d,) is uniquely determined by v = (v, v2, ..., vy). Clearly, system (52)
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has infinite number of solutions since usually we have n > r in the NMF applications.
The solutions of system (52) depend on the values of x,41, x,42, ..., x,. For each group
of determined values of x,41, x,42, ..., X,, the linear equation system has only one group
solution. However, x;41, xX,42, . .., X, can be uniquely determined by the initializations in
the learning. Thus for a group of given initializations, the solution vector of system (52)
X = (X1, x2, ..., X,) is unique. Thus, the update will converge to the unique fixed point of
the learning algorithm.

For the SMNME, it always holds that 15 # 0 and/or Ax # 0. Thus, we have the following
different cases:
If A4 = 0, Ax # 0, it holds that

sk=1—=a;xx. = yix, k=1,2,...,N
. . (53)
vi>1:>a,‘.xk4<y,‘k, i=1,2,....m
If Ao # 0, Ax = 0, it holds that
Sk > 1= a;.xp. <y, k=1,2,...,N
. 54)
vi=1=a;Xk. =y, i=1,2,....m

In these two cases, the fixed points that simultaneously satisfy Eqs. (11) and (12) do not exist.
Therefore, the learning algorithms can only obtain their fixed points approximately.
If both Ao > 0 and Ax > 0, then it holds that

(55)

k> 1= a;.xp. <yik, k=1,2,....,N

vi>1l=a;xx. <y, i=1,2,....m

Although the separation results have AX” < Y, systems (44) and (46) may have solutions,

which are the fixed points of the learning algorithms (9) and (10) and at the same time the
sparseness is imposed. Assuming the ik-th error is djy, it follows that

sk > 1= a; x¢. +dix = yixr, k=1,2,...,N
vi > 1= a;Xt. +dik =vyir, i=12,....m

Combining Eqs. (44), (46), (47) and (49), we have v; > 1 and s > 1. Thus, a unique
separation result Y = AX” + d can be achieved, where d is a displacement matrix. The proof
is complete. O
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