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Abstract
In this paper, we propose a new spectral clustering
method, referred to as Spectral Embedded Clustering (SEC), to minimize the normalized cut criterion in spectral clustering as well as control the
mismatch between the cluster assignment matrix
and the low dimensional embedded representation
of the data. SEC is based on the observation that
the cluster assignment matrix of high dimensional
data can be represented by a low dimensional linear mapping of data. We also discover the connection between SEC and other clustering methods,
such as spectral clustering, Clustering with local
and global regularization, K-means and Discriminative K-means. The experiments on many realworld data sets show that SEC signiﬁcantly outperforms the existing spectral clustering methods
as well as K-means clustering related methods.

1 Introduction
Clustering is a fundamental task of many machine learning,
data mining and pattern recognition problems. Clustering
aims at grouping the similar patterns into the same cluster,
and discovering the meaningful structure of the data [Jain
and Dubes, 1988]. In the past decades, many clustering algorithms have been developed such as K-means clustering,
mixture models [McLachlan and Peel, 2000], spectral clustering [Ng et al., 2001; Shi and Malik, 2000; Yu and Shi, 2003],
support vector clustering [Ben-Hur et al., 2001], and maximum margin clustering [Xu et al., 2005; Zhang et al., 2007;
Li et al., 2009].
It is a challenging task to partition the high dimensional
data into different clusters. In practice, many high dimensional data may exhibit dense grouping in a low dimensional
space. Hence, the researchers usually ﬁrst project the high dimensional data onto the low dimensional subspace via some
dimension reduction techniques such as Principle Component
Analysis (PCA). To achieve better clustering performance,
∗
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several works have been proposed to perform K-means clustering and dimension reduction iteratively for high dimensional data [la Torre and Kanade, 2006; Ding and Li, 2007;
Ye et al., 2007]. Recently, [Ye et al., 2008] proposed Discriminative K-means (DisKmeans) to unify the iterative procedure of dimension reduction and K-means clustering into a
uniﬁed trace maximization problem. The improved clustering
performance was also demonstrated, when compared with the
standard K-means. However, DisKmeans did not consider the
geometry structure (a.k.a. manifold) of the data.
The use of manifold information in Spectral Clustering
(SC) has shown the state-of-the-art clustering performance
in many computer vision applications, such as segmentation [Shi and Malik, 2000; Yu and Shi, 2003]. But, the existing SC methods did not map the data into the low dimensional
space for clustering. In this paper, we ﬁrst show that the cluster assignment matrix of data can be represented by a low
dimensional linear mapping of data, when the dimensionality
of data is high enough. Thereafter, we explicitly incorporate
this prior knowledge into spectral clustering. More speciﬁcally, we minimize the normalized cut criterion in SC as well
as control the mismatch between the cluster assignment matrix and the low dimensional embedded representation of the
data. The proposed clustering method is then referred to as
Spectral Embedded Clustering (SEC).
The rest of this paper is organized as follows. Section 2
ﬁrst revisit the Spectral Clustering and the cluster assignment
methods. Our proposed method is presented in Section 3.
Connections to other clustering methods are discussed in Section 4. Experimental results on real-world data sets are reported in Section 5 and the conclusion remarks are given in
Section 6.

2 Brief Review of Spectral Clustering
Given a data set X = {xi }ni=1 , clustering is to partition X
into c clusters. Denote the cluster assignment matrix by Y =
[y1 , y2 , ..., yn ]T ∈ Bn×c , where yi ∈ Bc×1 (1 ≤ i ≤ n) is the
cluster assignment vector for the pattern xi . The j-th element
of yi is 1, if the pattern xi is assigned to the j-th cluster; 0,
otherwise. The main task of a clustering algorithm is to learn
the cluster assignment matrix Y . Clustering is a non-trivial
problem because Y is constrained as integer solution. In this
Section, we ﬁrst revisit spectral clustering method and the
techniques to obtain the discrete cluster assignment matrix.
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2.1

Spectral Clustering

Since last decade, Spectral Clustering (SC) has attracted
much attention. Several algorithms have been proposed
in the literature [Ng et al., 2001; Shi and Malik, 2000;
Yu and Shi, 2003]. Here, we focus on the spectral clustering algorithm with k-way normalized cut [Yu and Shi, 2003].
Let us denote G = {X , A} as an undirected weighted graph
with a vertex set X and an afﬁnity matrix A ∈ Rn×n , in
which each entry Aij of the symmetric matrix A represents
the afﬁnity of a pair of vertices. The common choice of Aij
is deﬁned by



x −x 2
xi and xj are neighbors;
exp − i σ2 j
(1)
Aij =
otherwise,
0
where σ is the parameter to control the spread of neighbors.
The graph Laplacian matrix L is then deﬁned by L = D − A,
where Dis a diagonal matrix with the diagonal elements as
Dii = j Aij , ∀ i. Let us denote tr(A) as the trace operator of a matrix A. The minimization of the normalized cut
criterion can be transformed to the following maximization
problem [Yu and Shi, 2003]:
max tr(Z T AZ),

F = D1/2 Z = D1/2 Y (Y T DY )−1/2 = f (Y ).
max tr(F D

F T F =I

AD

F ).

(3)

where F = D1/2 Y (Y T DY )−1/2 . Note that the elements
of F are constrained to be discrete values, which makes the
problem (3) hard to solve.A well-known solution to this problem is to relax the matrix F from the discrete values to the
continuous ones. Then the problem becomes:
max tr(F T KF ),

(4)

F T F =I
−1/2

where K = D
AD−1/2 .
The optimal solution of problem (4) can be obtained1 by
the eigenvalue decomposition of the matrix K. Based on the
relaxed continuous solution, the ﬁnal discrete solution is then
obtained by K-means or spectral rotation.

2.2

Cluster Assignment Methods

With the relaxed continuous solution F ∈ R
from spectral
decomposition, K-means or spectral rotation can be used to
calculate the discrete solution Y ∈ Bn×c .
n×c

K-Means
The input to K-means clustering is n points, in which the ith data point is the i-th row of F . The standard K-means
algorithm is performed to obtain the discrete-valued cluster
assignment for each pattern. [Ng et al., 2001] used this technique for assigning cluster labels.
1/2

A trivial eigenvector D 1 corresponding to the largest eigenvalue of K is removed in spectral clustering.
1

min

Y ∈Bn×c ,R∈Rc×c

subject to

Y − Y ∗ R2
Y 1c = 1n , RT R = I,

3 Spectral Embedded Clustering

Then the objective function (2) can be rewritten as:
−1/2

where Diag(M ) denotes a diagonal matrix with the same
size and the same diagonal elements as the square matrix M .
It can be easily veriﬁed that f −1 (F ∗ R) = Y ∗ R.
As F ∗ R is the optimal solution to the relaxed problem (4)
for arbitrary orthogonal matrix R, a suitable R should be selected such that Y ∗ R is closest to a discrete cluster assignment matrix Y . The optimal R and Y are then obtained
by solving the following optimization problem [Yu and Shi,
2003]:

where 1c and 1n denote the c × 1 and n × 1 vectors of all 1’s
respectively. [Yu and Shi, 2003] used this technique to obtain
the cluster assignment matrix by iteratively solving Y and R.

where Z = Y (Y T DY )−1/2 .
Let us deﬁne a scaled cluster assignment matrix F by

−1/2

Y ∗ = f −1 (F ∗ ) = Diag(F ∗ F ∗T )−1/2 F ∗ ,

(2)

Z T DZ=I

T

Spectral Rotation
Note that the global optimal F of the optimization problem
(4) is not unique. Let F ∗ ∈ Rn×c be the matrix whose
columns consist of top c eigenvectors of K and R ∈ Rc×c
be an orthogonal matrix. Then F can be F ∗ R for any R. To
obtain the ﬁnal clustering result, we need to ﬁnd a discretevalued cluster assignment matrix which is close to F ∗ R. The
work in [Yu and Shi, 2003] also deﬁned a mapping to obtain
the corresponding Y ∗ :

Denote the data matrix by X = [x1 , x2 , . . . , xn ] ∈ Rd×n .
For simplicity, we assume the data is centered, i.e. X1n = 0.
Let us deﬁne the total scatter matrix St , the between-cluster
scatter matrix Sb and the within-cluster scatter matrix Sw as:
St = XX T ,
Sb = XGGT X T ,
Sw = XX T − XGGT X T ,

(5)
(6)
(7)

where G = Y (Y T Y )−1/2 , and Y is deﬁned as in Section 2.
It is easy to verify that GT G = I.
In next subsections, we will introduce our proposed clustering method, referred to as Spectral Embedded Clustering
(SEC).

3.1

Low Dimensional Embedding for Cluster
Assignment Matrix

Traditional SC methods partition data based only on the manifold structure of data. However, when the manifold is not
well-deﬁned, the SC method may not perform well. To improve the clustering performance, we will apply the following
theorem in the design of SEC 2
Theorem 1. If rank(Sb ) = c − 1 and rank(St ) =
rank(Sw ) + rank(Sb ), then the true cluster assignment matrix can be represented by a low dimensional linear mapping
of the data, that is, there exist W ∈ Rd×c and b ∈ Rc×1 such
that Y = X T W + 1n bT .
2

Due to the space limitation, we omit the proof of this
theorem in the paper.
The proof can be downloaded at:
http://feipingnie.googlepages.com/ijcai09 clustering proof.pdf.
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As noted in [Ye, 2007], the conditions in Theorem 1 are
usually satisﬁed for the high-dimensional and small-samplesize problem, which is usually the case in many real-world
applications. According to Theorem 1, the true cluster assignment matrix can be always embedded into a low dimensional linear mapping of the data. To utilize such constraints,
we explicitly add a new regularizer into the objective function
in SEC.

3.2

min tr(F T L̃F ),

(8)

F T F =I
1

1

1

1

where L̃ = D− 2 LD− 2 = I − D− 2 AD− 2 is the normalized
Laplacian matrix.
In addition, we expect that the learned F is close to a linear
space spanned by the data X. To this end, we propose to solve
the following optimization problem:
min

F T F =I,W,b

tr(F T L̃F )+μ(trW T W +γX T W +1n bT −F 2 ),

(9)
where μ and γ are two tradeoff parameters to balance three
terms. In (9), the ﬁrst term reﬂects the smoothness of data
manifold; while the third term characterizes the mismatch between the relaxed cluster assignment matrix F and the low
dimensional representation of the data.

Detailed Algorithm

4.2

Connection between SEC and Clustering with
Local and Global Regularization

Recently, [Wang et al., 2007] proposed Clustering with Local
and Global Regularization (CLGR), which solves the following problem:
min tr(F T (L + μLl )F ),

F T F =I

1
b = F T 1n and W = γ(γXX T + I)−1 XF. (10)
n
Replacing W and b in (9) by (10), the optimization problem
(9) becomes:
min F T (L̃ + μγHc − μγ 2 X T (γXX T + I)−1 X)F, (11)

F T F =I

where Hc = I − n1 1n 1Tn is the centering matrix. The global
optimal solution F ∗ to (11) can be obtained by eigenvalue
decomposition. The columns of F ∗ are from the bottom c
eigenvectors of the matrix L̃ + μγHc − μγ 2 X T (γXX T +
I)−1 X. Based on F ∗ , the discrete-valued cluster assignment
matrix can be obtained by K-means or spectral rotation. The
details of the proposed SEC are outlined in Algorithm 1.

4 Connections to Prior Work
In this Section, we discuss the connection between SEC and
Spectral Clustering, Clustering with Local and Global Regularization, K-means and Discriminative K-means.

Connection between SEC and Spectral
Clustering

SEC reduces to spectral clustering, if μ is set as zero. Therefore spectral clustering is a special case of SEC.

(12)

where Ll is another Laplacian matrix constructed using local
learning regularization [Wu and Schölkopf, 2007].
Let us denote the cluster assignment matrix F =
[f1 , ..., fn ]T ∈ Rn×c . We also deﬁne the k neighbors of xi
as N (xi ) = {xi1 , ..., xik }, Xi = [xi1 , ..., xik ] ∈ Rd×k and
Fi = [fi1 , ..., fik ]T ∈ Rk×c . In local learning regularization,
for each xi , a locally linear projection Wi ∈ Rd×c is learned
by minimizing the following structural risk functional [Wang
et al., 2007]:

WiT xj − fj 2 + γtr(WiT Wi ).
min
Wi

To obtain the optimal solution to (9), we set the derivatives of
the objective function with respect to b and W to zeros. Note
that the data are centered, i.e, X1n = 0. Then we have:

4.1

Given a sample set X = [x1 , x2 , . . . , xn ] ∈ Rd×n and the
number of clusters c.
1: Compute the normalized Laplacian matrix L̃.
2: Solve (11) with eigenvalue decomposition and obtain the
optimal F ∗ .
3: Based on F ∗ , compute the discrete cluster assignment
matrix Y by using K-means or spectral rotation.

Proposed Formulation

In spectral clustering, the optimization problem (4) is equivalent to the following problem:

3.3

Algorithm 1 : The algorithm of SEC

xj ∈N (xi )

One can obtain the closed form solution for Wi :
Wi = (Xi XiT + γI)−1 Xi Fi .

(13)

After all the locally linear projections are learnt, the cluster
assignment matrix F can be found by minimizing the following criterion:
n
xTi Wi − fiT 2 .
(14)
J (F ) =
i=1

Substituting (13) back to (14), we have
J (F ) = tr(F T (N − I)T (N − I)F ) = tr(F T Ll F ),
where Ll = (N − I)T (N − I) and N ∈ Rn×n with its (i, j)th entry as:
 i
ah , if xj ∈ N (xi ) and j = ih (h = 1, ..., k);
Nij =
0,
otherwise;
in which aih denotes the h-th entry of ai = xTi (Xi XiT +
γI)−1 Xi .
One can observe that L + μLl in (12) is also a Laplacian
matrix, and so CLGR is just one variant of SC, which combines the objectives of spectral clustering and the clustering
using local learning regularization in (14). Therefore, CLGR
is also a spectral case of SEC when L + μLl is used in (8).
It is worthwhile to mention that our SEC is fundamentally
different from CLGR in the following two aspects: 1) CLGR
uses two-step approach to learn the linear regularized models
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and the cluster assignment matrix. First, it calculates a series
of local projection matrices Wi (i = 1, ..., n) and then obtains the cluster assignment matrix F using (12). In contrast,
SEC solves the global projection matrix W and the cluster
assignment matrix F simultaneously. 2) It is unclear how to
use CLGR to cope with the new-coming data. In contrast, the
global projection matrix W in SEC can be used for clustering
new-coming data.

4.3

Connection between SEC and K-means

K-means is a simple and frequently used clustering algorithm.
As shown in [Zha et al., 2001], the objective of K-means is to
minimize the following criterion:
min tr(Sw ) = min tr(XX T − XGGT X T )

GT G=I

GT G=I

(15)

where G is deﬁned as in (6). The problem (15) is simpliﬁed
as the following problem:
max tr(G X XG).
T

T

GT G=I

(16)

Traditional K-means uses an EM-like iterative method to
solve the above problem. The spectral relaxation can also
be used to solve the K-means problem [Zha et al., 2001].
We will prove that the objective function of the proposed
SEC reduces to that of K-means, when γ → 0 and μγ → ∞
in SEC. The objective function of SEC in (11) is equivalent
to the following optimization problem:
μγ
1n 1Tn + μγ 2 X T (γXX T + I)−1 X)F,
max F T (K +
T
n
F F =I
(17)
where K is the same matrix as in (4).
When μγ → ∞, (17) reduces to:
1
max F T ( 1n 1Tn + γX T (γXX T + I)−1 X)F.
n
F T F =I
This problem has a trivial solution 1n corresponding to the
largest eigenvalue of the matrix n1 1n 1Tn + γX T (γXX T +
I)−1 X. Therefore, we add a new constraint F T 1n = 0:
1
F T ( 1n 1Tn + γX T (γXX T + I)−1 X)F
max
T
T
n
F F =I,F 1n =0
⇔

max

F T F =I,F T 1n =0

F T (X T (γXX T + I)−1 X)F

where St and Sb are deﬁned in (5) and (6), respectively.
There are two sets of variables, the projection matrix W
and the scaled cluster assignment matrix G, in (19). Most
of the existing works optimize W and G iteratively [la Torre
and Kanade, 2006; Ding and Li, 2007; Ye et al., 2007]. However, a recent work Discriminative K-means [Ye et al., 2008]
simpliﬁed (19) by optimizing G only, which is based on the
following observation [Ye, 2005]:
tr(W T (γSt + I)W )−1 W T Sb W ≤ tr(γSt + I)−1 Sb , (20)
where the equality holds when W = V M , and V is composed of the eigenvectors of (γSt + I)−1 Sb corresponding
to all the nonzero eigenvalues, M is an arbitrary nonsingular
matrix.
Based on (20), the optimization problem (19) can be simpliﬁed as:
(21)
max tr(γSt + I)−1 Sb .
G

Replacing (5) and (6) into (21) and adding the constraint
GT G = I in (21), we arrive at:
(22)
max trGT (X T (γXX T + I)−1 X)G.
GT G=I

Recall that (17) reduces to (18) in SEC, when γ is a
nonzero constant and μ → ∞. We also observe that the optimization problem (18) in SEC and (22) in Discriminative
K-means [Ye et al., 2008] are exactly the same. Therefore,
when μ → ∞, SEC reduces to Discriminative K-means algorithm, if the spectral relaxation is used to solve the cluster
assignment matrix in Discriminative K-means algorithm.
In addition, we observe that K-means and Discriminative
K-means will lead to the same results, if the spectral relaxation is used to solve the cluster assignment matrices. Note
that X T (γXX T + I)−1 X = γ1 I − γ1 (γX T X + I)−1 . Thus
X T (γXX T + I)−1 X in the optimization problem (22) and
X T X in the optimization problem (16) have the same top
c eigenvectors. The results from K-means and Discriminative K-means are reported to be different because EM-like
method is used to solve the cluster assignment matrices of
the optimization problem in (16) and (22) for K-means and
Discriminative K-means respectively.

5 Experiments

In this Section, we compare the proposed Spectral Embed(18) ded Clustering (SEC) with Spectral Clustering (SC) [Yu and
Shi, 2003], CLGR [Wang et al., 2007], K-means (KM) and
When γ → 0, the optimization problem in (18) reduces to
Discriminative K-means(DKM) [Ye et al., 2008]. We employ
the optimization problem in (16). Therefore, the objective
the spectral relaxation + spectral rotation to compute the asfunction of SEC reduces to that of K-means algorithm, if γ →
signment matrix for SEC, SC and CLGR. For KM and DKM,
0 and μγ → ∞.
we still use the EM-like method to assign cluster labels as in
[Ye et al., 2008]. We also implement K-means and Discrim4.4 Connection between SEC and Discriminative
inative K-means by using the spectral relaxation + spectral
K-means
rotation for cluster assignment. As K-means and DiscriminaSubspace clustering methods were proposed to learn the lowtive K-means turn to the same when the spectral relaxation is
dimensional subspace and data cluster simultaneously [Ding
used, we denote the results as KM-r in this work.
et al., 2002; Li et al., 2004], possibly because high dimensional data may exhibit dense grouping in a low dimen5.1 Experimental Setup
sional space. For instances, Discriminative Clustering methEight data sets are used in the experiments, including two
ods solve the following optimization problem:
UCI data sets, Iris and Vote3 , one object data set, COIL-20,
T
−1
T
(19)
3
max tr(W (γSt + I)W ) W Sb W,
http://www.ics.uci.edu/ mlearn/MLRepository.html
⇔ max F T (X T (γXX T + I)−1 X)F.
F T F =I

W,G
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Table 1: Dataset Description.
Dataset
Iris
Vote
COIL-20
UMIST
AT&T
AR
YALE-B
CMU PIE

Size
150
435
1440
575
400
840
2414
3329

Dimensions
4
16
1024
644
644
768
1024
1024

Table 2: Performance comparison of clustering accuracy
from KM, DKM, KM-r, SC, CLGR and SEC on eight
databases.

Classes
3
2
20
20
40
120
38
68

and ﬁve face data sets, UMIST, AT&T, AR, YALE-B and
CMU PIE. Some data sets are resized, and Table 1 summarizes the details of the datasets used in the experiments.
SC and SEC need to determine the parameter σ in (1). In
this work, we use the self-tune spectral clustering [ZelnikManor and Perona, 2004] method to determine the parameter
σ. We also need to set the regularization parameters for SEC,
CLGR and DKM beforehand. For fair comparison, we set
the parameter γ in SEC and CLGR as 1, and set the parameter μ in SEC and CLGR, and the parameter γ in DKM as
{10−10 , 10−7 , 10−4 , 10−1 , 102 , 105 , 108 }. We report the best
clustering result from the best parameter for SEC, CLGR and
DKM.
The results of all clustering algorithms depend on the initialization (either EM-like or the spectral rotation). To reduce
statistical variety, we independently repeat all clustering algorithms for 50 times with random initialization, and then we
report the results corresponding to the best objective values.

5.2

Evaluation Metrics

We use the following two popular evaluation metrics to evaluate the performance for all the clustering algorithms.
Clustering Accuracy (ACC) is deﬁned as:
n
δ(li , map(ci ))
,
ACC = i=1
n
where li is the true class label and ci is the obtained cluster label of xi , δ(x, y) is the delta function, and map(·) is the best
mapping function. Note δ(x, y) = 1, if x = y; δ(x, y) = 0,
otherwise. The mapping function map(·) matches the true
class label and the obtained cluster label and the best mapping is solved by Kuhn-Munkres algorithm. A larger ACC
indicates a better performance.
Normalized Mutual Information (NMI) is calculated by:
NMI =

M I(C, C  )
,
max(H(C), H(C  ))

where C is a set of clusters obtained from the true labels and
C  is a set of clusters obtained from the clustering algorithm.
M I(C, C  ) is the mutual information metric, and H(C) and
H(C  ) are the entropies of C and C  respectively. See [Cai
et al., 2005] for more information. NMI is between 0 and 1.
Again, a larger NMI value indicates a better performance.

5.3

Experimental Results

The clustering results from various algorithms are reported in
Table 2 and Table 3. Moreover, the results of SEC with differ-

Iris
Vote
COIL-20
UMIST
AT&T
AR
YALE-B
CMU PIE

KM
89.3
83.6
69.5
45.7
60.8
30.7
11.9
17.5

DKM
89.3
83.9
66.6
42.8
66.2
51.5
30.3
47.9

KM-r
76.0
78.8
58.2
50.9
68.7
69.8
45.8
65.7

SC
74.6
66.9
72.5
60.3
74.7
38.8
45.6
46.2

CLGR
78.0
68.3
79.8
61.5
77.5
42.9
45.9
51.9

SEC
90.0
82.3
80.6
63.3
84.2
71.6
51.8
70.1

Table 3: Performance comparison of normalized mutual information from KM, DKM, KM-r, SC, CLGR and SEC on
eight databases.
Iris
Vote
COIL-20
UMIST
AT&T
AR
YALE-B
CMU PIE

KM
75.1
37.0
78.5
65.4
80.7
66.3
17.9
39.7

DKM
75.1
37.4
78.6
66.0
81.8
75.2
40.8
68.9

KM-r
58.0
29.1
73.6
67.6
82.9
86.5
57.2
80.6

SC
53.3
14.8
87.3
80.5
87.1
71.0
66.5
62.8

CLGR
54.6
18.3
89.2
81.2
89.6
71.8
66.6
68.1

SEC
77.0
35.3
90.7
81.6
90.4
87.3
67.6
82.1

ent μ and DKM with different γ are also shown in Figure 1.
We have the following observations:
1) When the traditional EM-like technique is used in KM and
DKM to assign cluster labels, DKM and KM lead to different
results. In some data sets, DKM signiﬁcantly outperforms
KM. But DKM is slightly worse than KM in other data sets.
2) When EM-like and spectral relaxation + spectral rotation
methods are used to solve the cluster assignment matrix for
the same clustering algorithm (KM or DKM), there is no consistent winner on all the databases.
3) CLGR sightly outperforms SC in all the cases. SC and
CLGR signiﬁcantly outperform KM and DKM in some cases,
but they are also signiﬁcantly worse in other cases.
4) Our method SEC outperforms KM, DKM, KM-r, SC and
CLGR in most cases. For the image datasets (such as AR
and CMU PIE) with strong lighting variations, we observe
signiﬁcant improvement of SEC over SC and CLGR. Even
for the dataset with clear manifold structure such as COIL-20
and UMIST, SEC is still better than SC and CLGR.
5) For low dimensional data sets (e.g., Iris and Vote), SEC
is slightly better than DKM with some range of parameters
μ, and DKM slightly outperforms SEC with other range of
parameters γ. However, for all high dimensional data sets,
SEC outperforms DKM in most range of parameters μ in term
of both ACC and NMI.

6 Conclusions
Observing that the cluster assignment matrix can always be
represented by a low dimensional linear mapping of the highdimensional data, we propose Spectral Embedded Clustering

1185

0.8

0.6

0.75

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.7

0.5
0.4
0.3

0.65

0.2

0.6

0.1

−10

−5

0
Parameter

5

−10

0.7
0.6

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.6
SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.4

Performance

0.8

0.8

Performance

0.7
Performance

Performance

0.8
0.85

0.3

0.1
−5

0
Parameter

5

−10

(b) Vote

−5

0
Parameter

5

−10

(c) COIL-20

−5

0
Parameter

5

(d) UMIST

0.9

0.8
0.8

0.8

0.6

0.7

0.5
0.4

0.5
0.4

0.3

0.3

0.2

0.2
−5

0
Parameter

(e) AT&T

5

Performance

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

Performance

0.6

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.6

−10

0.5
SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.4
0.3

−5

0
Parameter

5

(f) AR

0.6

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.5
0.4
0.3

0.2
0.1
−10

Performance

0.7

0.7
Performance

SEC_ACC
DKM_ACC
SEC_NMI
DKM_NMI

0.4

0.2

0.2

(a) Iris

−10

0.5

0.2
−5

0
Parameter

(g) YALE-B

5

−10

−5

0
Parameter

5

(h) CMU PIE

Figure 1: Clustering Performance of SEC with γ = 1 and different μ and DKM with different γ. The horizontal axis is shown
in log space.

(SEC) to minimize the objective function of spectral clustering as well as control the mismatch between the cluster assignment matrix and the low dimensional representation of
data. We also prove that spectral clustering, CLGR, K-means
and Discriminative K-means are all the special cases of SEC
in terms of the objective functions. The exhaustive experiments on eight data sets show that SEC generally outperforms the existing spectral clustering methods, K-means and
Discriminative K-means.
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