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Abstract Nonnegative Matrix Factorization (NMF) is a powerful data represen-
tation method, which has been applied in many applications such as dimension
reduction, data clustering etc. As the process of NMF needs huge computation cost,
especially when the dimensional of data is large. Thus a ELM feature mapping based
NMF is proposed [1], which combined Extreme Learning Machine (ELM) feature
mapping with NMF (EFM NMF), can reduce the computational of NMF. However,
the random parameter generating based ELM feature mapping is nonlinear. And
this will lower the representation ability of the subspace generated by NMF without
sufficiently constrains. In order to solve this problem, this chapter propose a novel
method named Extreme Learning Machine feature mapping based graph regulated
NMF (EFM GNMF), which combines ELM feature mapping with Graph Regular-
ized NonnegativeMatrix Factorization (GNMF). Experiments on the COIL20 image
library, the CMU PIE face database and TDT2 corpus show the efficiency of the pro-
posed method.
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1 Introduction

Nonnegative matrix factorization (NMF) techniques have been frequently applied
in data representation and document clustering. Given an input data matrix X, each
column of which represents a sample, NMF aims to find two factor matrices U and
V using low-rank approximation such that X ≈ UV. Each column of U represents a
base vector, and each column of V describes how these base vectors are combined
fractionally to form the corresponding sample in X [2, 3].

Compared to other methods, such as principal component analysis (PCA) and
independent component analysis (ICA), the nonnegative constraints lead to a parts-
based representation because they allow only additive, not subtractive, combinations.
Such a representation encodes the data using few active components, which makes
the basis easy to interpret. NMF has been shown to be superior to SVD in face
recognition [4] and document clustering [5]. It is optimal for learning the parts of
objects.

However, NMF cost huge computingwhen it disposes high-dimensional data such
as image data. ELM feature mapping [6, 7] as an explicit feature mapping techniques
was proposed. It ismore convenient than kernel function and can getmore satisfactory
results for classification and regression [8, 9]. NMF is a linear model, using nonlinear
feature mapping techniques, it will be able to deal with nonlinear correlation in
data. Then, ELM based methods is not sensitive to the number of hidden layer
nodes, provided that a large enough number is selected [1]. So, using ELM feature
mapping to improve the efficiency of NMF is feasible. Nevertheless, ELM feature
mapping NMF (EFMNMF) can not keep generalization performance as NMF. Only
the non-negative constraints in NMF unlike other subspace methods (e.g. Locality
Preserving Projections (LPP) method [10]), may not be sufficiently understand the
hidden structure of the space which transform from the original data. A wide variety
of subspace constraints can be formulated into a certain form such as PCA and LPP
to enforce general subspace constraints into NMF. Graph Regularized Nonnegative
Matrix Factorization (GNMF [11], which discovers the intrinsic geometrical and
discriminating structure of the data space by implant a geometrical regularization,
is more powerful than the ordinary NMF approach. In order to obtain efficiency
and keep generalization representation performance simultaneously, we proposed
method named EFM GNMF which combined ELM feature mapping with GNMF.

The rest of the chapter is organized as follows: Sect. 2 gives a brief review of the
ELM, ELM Feature mapping, NMF and GNMF. The EFM NMF and EFM GNMF
are presented in Sect. 3. The experimental result will be shown in Sect. 4. Finally, in
Sect. 5, we conclude the chapter.

2 A Review of Related Work

In this section, a short review of the original ELM algorithm, ELM Feature mapping,
NMF and GNMF are given.
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2.1 ELM

For N arbitrary distinct samples (xi , ti ), where xi = [xi1, xi2, . . . , xi D]T ∈RD and
ti = [ti1, ti2, . . . , ti K ]T ∈RK , standard SLFNs with L hidden nodes and activation
function h(x) are mathematically modeled as:

L∑

i=1

βi hi
(
x j

) =
L∑

i=1

βi hi
(
wi · x j + bi

) = o j (1)

where j = 1, 2, . . . , N. Herewi = [wi1, wi2, . . . , wi D]T is the weight vector con-
necting the i th hidden node and the input nodes, βi = [βi1, . . . ,βi K ]T is the weight
vector connecting the i th hidden node and the output nodes, and bi is the threshold
of the i th hidden node. The standard SLFNs with L hidden nodes with activation
function h (x) can be compactly written as [12–15]:

Hβ = T (2)

where

H =
⎡

⎢⎣
h1 (w1 · x1 + b1) . . . hL (wL · x1 + bL)

...
...

...

h1 (w1 · xN + b1) . . . hL (wL · xN + bL)

⎤

⎥⎦ (3)

β =
⎡

⎢⎣
βT
1
...

βT
L

⎤

⎥⎦ and T =
⎡

⎢⎣
t T
1
...

t T
N

⎤

⎥⎦ (4)

Different from the conventional gradient-based solution of SLFNs, ELM simply
solves the function by

β = H+T (5)

H+ is the Moore-Penrose generalized inverse of matrix H .

2.2 ELM Feature Mapping

As show in Sect. 2.1 above, h(x) as the ELM feature mapping, maps the sample x1
from the D-dimensional input space to the L-dimensional hidden-layer feature space
which is called ELM feature space. The ELM feature mapping process is shown in
Fig. 1.
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Fig. 1 ELM feature mapping process (cited from [1])

The ELM feature mapping can be formally described as:

h (xi ) = [h1 (xi ) , . . . , hL (xi )]
T = [G(a1,b1,xi ) , . . . ,G(aL ,bL ,xi )]T (6)

where G(ai, bi, xi ) is the output of the i-th hidden node. The parameters which need
not to be tuned, (ai, bi )

L
i=1, can be randomly generated according to any continuous

probability distribution. It is that ELM feature mapping is very convenient. Huang in
[6, 7] has proved that almost all almost all nonlinear piecewise continuous functions
can be used as the hidden-node output functions directly [1].

2.3 GNMF

NMF [16–18] is a matrix factorization algorithm that focuses on the analysis of data
matrices whose elements are nonnegative. Consider a data matrix X = [x1, . . ., xD]
∈RD×M each column of X is a sample vector which consists of D features. Generally,
NMF can be presented as the following optimization problem:

C (X ≈ UV), s.t. U,V ≥ 0 (7)

NMF aims to find two non-negative matrices U = [ui j ] ∈RD×K and V = [vi j ] ∈
RK×M whose product can well approximate the original matrix X. C(·) denotes the
cost function.
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NMF performs the learning in the Euclidean space which cover the intrinsic
geometrical and discriminating. To find a compact representation which uncovers
the hidden semantics and simultaneously respects the intrinsic geometric structure,
Cai et al. [11] proposed construct an affinity graph to encode the information and
seek a matrix factorization to respects the graph structure in GNMF.

OGNMF = ‖X − UV‖2F + λtr
(

V T LV
)

st.U ≥ 0, V ≥ 0 (8)

where L is graph Laplacian. The adjacent graph, which each vertex corresponding
to a sample and the weight between vertex �xi and vertex �x j , is defined as [19]

Si j =
{
1, if �xi ∈ Nk

( �x j
)

or �x j ∈ Nk ( �xi )

0, otherwise
(9)

where Nk ( �xi ) signifies the set of k nearest neighbors of �xi . Then L is written as
L = T − W, where T is a diagonal matrix whose diagonal entries are column sums
of S, i.e., Tii= ∑

i Wi j .

3 EFM GNMF

In this section, we will present our EFM GNMF. EFM NMF will improve com-
putational efficiency by reducing the feature number. But ELM feature mapping,
which using random parameter, is a nonlinear feature mapping technique. This will
lower the ability of representation of the subspace generating from NMF without
sufficiently constrains. In order to solve this problem, this chapter propose a novel
method EFMGNMF, combined ELM featuremappingwithGraphRegularizedNon-
negative Matrix Factorization (GNMF). Graph constrain guarantee that using ELM
feature space inNMFcan also has the localmanifold feature. The proposed algorithm
puts as follows:
(1) Setting the number of hidden-layer nodes L < D and threshold ε > 0.
(2) Calculate the weight matrix W on the nearst neighbor graph of the original data.
(3) Using ELM feature mapping h (x) = [h1 (x) , . . . , hi (x) , . . . , hL (x)]T transform the orig-

inal data into ELM feature space. The original data with D-dimensional will transform into
L-dimensional

X = [x1, . . ., xD] εR
D×M → H = [h1, ldots, hL ] εR

L×M

(4) Initialize UεRL×K , V εRK×M and the regularization λ with nonnegative values.
(5) Using W as the weight matrix on the nearst neighbor graph of the ELM feature space data H
(6) Iterate for each i, j, and i until convergence (err < ε) or reached the maxiamal iterations [10]

(a)U t+1
i j ← U t

i j
(H V T )i j

(Ut V V T )i j

(b) V t+1
i j ← V t

i j
(H T U+λW V T )i j

((U T UVt )
T + λDV T )i j

(c) err ← max {
∥∥U t+1−U t

∥∥√
L K

,

∥∥V t+1−V t
∥∥√

K M
}
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Table 1 Statistics of the
three data sets

Datasets Size (N) Dimensionality (M) # of classes (K)

COIL20 1440 1024 20
PIE 2856 1024 68
TDT2 9394 36771 30

4 Experiments Results

In this section, three of the mostly used datasets COIL20 image library, the CMU
PIE face database and TDT2 corpus are used to prove the efficiency of the proposed
algorithm. The important statistics of these data sets are summarized below (see
Table1). To make the results valid, every algorithm run 20 times on each data set
and obtains the average result. This chapter chooses the sigmoid function as the
ELM feature mapping activation function for it is most used. To obtain the efficiency
and performance of these algorithms with different numbers of hidden nodes, we
adopt the integrated data sets. K-mean is used as the cluster to test the generalization
performance. The clustering result is evaluated by comparing the obtained label
of each sample with the label provided by the data set. Two metrics, the accuracy
(AC) and the normalized mutual information metric (NMI) are used to measure the
clustering performance [11]. Please see [20] for the detailed definitions of these two
metrics. All the algorithms are carried out in MATLAB 2011 environment running
in a Core 2, 2.5 GHZ CPU.

4.1 Compared Algorithms

To demonstrate how the efficiency of NMF can be improve by our method, we
compare the computing time of four algorithms (NMF, GNMFEFM NMF, EFM
GNMF). The hidden nodes number is set as 1, 2, 4, 6, . . . , 18 within 18; 20, 30, . . .,
100 from 20 to 100; 125, 150, . . . , 600 from 125 to 600; 650, 700, . . . , 1000 from
600 to 1000. Comparing the clustering performance of thesemethods is also revealed
(The values of clustering performance change little when nodes number surpass 100,
that is, only the result of the hidden nodes number from 1to 100 is shown). The max
iterations in NMF, GNMF, EFM NMF and EFM GNMF are 100.

Figure2 show the time comparing results on the COIL20, PIE, and TDT2 data
sets respectively. Over all, we can see that ELM feature mapping methods (EFM
NMF, EFM GNMFF) is faster than NMF and GNMF when hidden nodes number
is low. With the hidden nodes number increased, the computation time is monotone
increasing. When the number is high, the computation time of EFM NMF or EFM
NMF will exceed NMF and GNMF. Comparing the computation time of EFMNMF
with EFMGNMFF, we can see that EFMNMF is faster than EFMGNMF. However,
by increasing the hidden nodes number, the time difference between EFM NMF
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Fig. 2 Computation time on a COIL20 b PIE c TDT2

Fig. 3 NMI measure clustering performance. a COIL20 b PIE c TDT2

Fig. 4 AC measure clustering performance. a COIL20 b PIE c TDT2

and EFM GNMFF close to a constant. That is because GNMF need to compute the
weight matrix W.

Figures3 and 4 show clustering performance comparing results on data sets
respectively. Obviously, EFM NMF can not get the approximate clustering perfor-
mance as NMF. Nevertheless, EFM GNMF can reach approximate clustering per-
formance as GNMF, provided that a large enough hidden nodes number is selected.
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Fig. 5 NMI measure clustering performance. Comparing EFM GNMF with EFM EGNMF
a COIL20 b PIE c TDT2

Fig. 6 AC measure clustering performance. Comparing EFM GNMF with EFM EGNMF
a COIL20 b PIE c TDT2

4.2 Original Graph Versus ELM Feature Space Graph

We denote the method that uses ELM feature space neighbor graph to replace the
original space neighbor graph in the EFM GNMF as ELM feature mapping with
ELM space graph NMF (EFM EGNMF).

As show in Figs. 5 and 6, EFM EGNMF can also reach similar clustering perfor-
mance as GNMF. However, comparing with EFMGNMF, EFM EGNMF need more
hidden nodes number to reach similar clustering performance as GNMF. So, ELM
feature mapping may be can simulate the local manifold of the original data.

4.3 The Geometric Structure of ELM Feature Space

Prompt by Sect. 4.2, we speculate that ELM feature mapping can keep approximated
geometric of original data when transforming the original data space into ELM
feature space with a large number of hidden nodes. In order to discover whether
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Fig. 7 NMImeasure clustering performance. Comparing ELMwithNMF a COIL20 b PIE c TDT2

Fig. 8 ACmeasure clustering performance. Comparing ELMwith NMF a COIL20 b PIE c TDT2

ELM can keep approximated geometric structure of original data, we compare the
cluster performance of ELM with NMF under different hidden nodes number.

As showed in Figs. 7a, c and 8a, c, after transform into ELM feature space, the
data can reach similar clustering performance as NMF, provided the hidden nodes
number is enough. Figure8b Even the hidden nodes number is huge, the data has an
approximate constant gap with NMF in clustering performance. We can find that the
number of samples for each class is 72 in COIL20 data set, 42 in PIE data set, 313 in
TDT2 data set. So, for ELM feature mapping, it may be that having more samples for
each class can get better performance. ELM feature mapping can keep approximated
geometric of original data not only need enough hidden nodes, but also need enough
samples for each class. This need more experiments to confirm.

4.4 Combining ELM and NMF with Other Constrains

In this chapter, neighbor graph based constrain has been proved powerful. Then,NMF
can combine with a wide variety of subspace constraints that can be formulated into
a certain form such as PCA and LPP. ELM feature mapping combined with general
subspace constrained NMF(GSC NMF) can be the future work.
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5 Conclusions

This chapter proposes a newmethod namedEFMGNMF,which applies ELM feature
mapping and graph constrains to solve computational problem in NMF without
lose generalization performance. Experiments show that when dispose with high-
dimensional data, the efficiency of EFM GNMF is better than directly using NMF
or GNMF. Also, EFM GNMF is compared with GNMF in clustering performance.
Unlike EFM NMF get efficiency without keep generalization performance, EFM
GNMF can reach similar result as GNMF. Moreover, the difference of using the
neighbor graph of the original data space with ELM feature space is raised. ELM
feature mapping can keep approximated geometric structure hidden in the original
data.
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