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Abstract

We combine linear discriminant analysis (LDA)
and K-means clustering into a coherent frame-
work to adaptively select the most discriminative
subspace. We ugé-means clustering to gener-
ate class labels and use LDA to do subspace se-
lection. The clustering process is thus integrated
with the subspace selection process and the data
are then simultaneously clustered while the fea-
ture subspaces are selected. We show the rich
structure of the general LDA-Km framework by
examining its variants and their relationships to
earlier approaches. Relations among PCA, LDA,
K-means are clarified. Extensive experimental
results on real-world datasets show the effective-
ness of our approach.

An extension of this approach is the adaptive dimension re-
duction approach (Ding et al., 2002; Li et al., 2004) where
the subspace is adaptively adjusted and integrated with the
clustering process.

A different approach is called subspace clustering (see a
survey (Parsons et al., 2004)) where the focus is on se-
lecting a small number of original dimensions (features) in
some unsupervised way so that clusters become more ob-
vious in this subspace. Focusing on the original features
(dimensions) has the advantage of easy implementation on
a database. However, the rigidity of original dimension do
not have enough flexibility to handle clusters which extends
along a mixture of directions.

Subspace clustering and adaptive dimension reduction at-
tempt to find the subspace where clusters are most well-

separated or well defined in some way. This is different
from co-clustering (simultaneously clustering the featur
and data points) (Dhillon, 2001; Zha et al., 2001; Baner-
jee et al., 2004) and biclustering (Cheng & Church, 2000)
In many application domains, such as information retrieval (which essentially find blocks in a rectangle data matrix).
compptaglonal biology, ar_ld Image processing, _the data d'ff we restrict the subspace to be linear combinations of
mension is usually very high. Developing effective cluster

ing methods for high dimensional datasets is a challengin%riginal features, the subspace obtained in linear discrim
problem due to theurse of dimensionality It has been ant analysis (LDA) is perhaps the best subspace to do

; . . . ; data clustering, because in LDA subspace, clusters are well
shown that in a high dimensional space, the distance be- d ; Il develooed th .
tween every pair of points is almost the same for a Wideseparate . LDA IS a very well develope theory (Hastie

et al., 2001), and is getting renewed interest (De la Torre

\e/?g?tylggg;:\ta distributions and distance functions (Beye& Kanaqle, 2006: Ye & Xiong, 2006: Park & Howlgnd,

v ' 2004) with the growth of matrix-based approaches in ma-
There are many approaches to address this problem. Thaine learning. In (De la Torre & Kanade, 2006), a ma-
simplest approach is dimension reduction techniques, intrix factorization is proposed that, after one matrix faéso
cluding principal component analysis (PCA) (Duda et al.,eliminated, the two remaining matrix factors can be viewed
2000; Jolliffe, 2002) and random projections (Dasguptaas the projection directions in a LDA variant and cluster
2000). In these methods, dimension reduction is carriedhdicators respectively. They are solved in an alternative
out as a preprocessing step and is decoupled from the clugashion using LDA and a soft-clustering (s¢®3), similar
tering process: once the subspace dimensions are selectéa adaptive dimension reduction.
they stay fixed during the clustering process.

1. Introduction

In this paper, we further develop the adaptive dimension

Appearing inProceedings of the 24 International Conference on reduction approach by explicitly combining LDA ard
Machine Learning Corvallis, OR, 2007. Copyright 2007 by the means clustering in a coherent way. Our contributions are

author(s)/owner(s). the following: (a) We show that LDA and-means cluster-
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ing are optimizing the same objective function, i.e., they Sv= Z % (X —my) (x; —my) T 3)
both minimize the within-class scatter matrix and maxi- i€C

mize the between-class scatter matrix. (b) Based on thg js well-known thatS = S, +S,. It is clear that the K-
above theoretical analysis, we show that the objective-funcmeans clustering objective function is

tion for LDA provides a natural generalization which com-

bine LDA and K-means clustering together. in the k=TrSy=Tr(S—%)

means clustering. (c) This adaptive dimension reduction

optimization problem is then solved by standard and well-Therefore K-means clustering minimizes the within-class
established LDA andk-means clustering algorithms. (d) scatter matrixSy, or maximizes the between-class scatter
We show that this new approach reduces to earlier apMatrix$, since Tr§ is a constant.

proaches under various restrictions. Overall, our new app the other hand, given class labels as specified by the
proach provides a generalization that has a solid theatetic;, yicator matrixH, the LDA directionsU are determined
foundation, extremely clear and simple to implement, andOy

recover earlier approaches as special cases. uUTSU

. . . : . maxTr———
Our adaptive dimension reduction approach can be intu- U uUTsU

itively viewed as an unsupervised LDA. We usemeans  \hijch can be interpreted as
clustering to generate class labels and use LDA to do sub-

space selection. The clustering process is thus integrated minTrUTS,WU) and maxr(UTSU) (5)
with the subspace selection process and the data are then si- v
multaneously clustered while the feature subspaces are sgideed another LDA objective function is
lected. We make effective use of cluster membership as the

bridge connecting the clusters discovered in the subspace maxTrUTS°U

and those defined in the full space. With this connection, U TiUTS U

clusters are discovered in the low dimensional subspace to

avoid the curse of dimensionality, while the subspace ard NUS LDA has very similar properties &smeans cluster-

adaptively re-adjusted for global optimality. ing: minimizing within-class scattes, and/or maximizing
between-class scatt&; .

The rest of the paper is organized as follows: Section 2

present theoretical analysis and introduces the LDA-glide DA IS widely used to select the subspace (feature space)
K-means clustering; Section 3 proposes the LDA-KmWhich has the maximal discriminant power. However, LDA
learning framework by combining LDA and K-means clus- 'S @ supervised learning metho_d which requires we know
tering; Section 4 examines two variants of the LDA-Km e class label for each data point before-hand.

algorithm; Section 5 explores the relations of the LDA-Km Since LDA andk-means clustering both minimiz&g and

framework to other earlier approaches; Section 6 presenigaximizeS,, there should be ways to combine them into

our experimental results; and flnally Section 7 concludes. a Sing|e framework. In this paper, we propose to combine
them into a single framework: we ugemeans clustering

2. LDA and K-means to generate class labels and use LDA to do subspace selec-
tion. The final results of this learning process is that the

Consider a set of input data vectots= (x1,--- ,Xn) inhigh  data are clustered while the feature subspaces are selected
dimensional space. For simplicity, the data is centered isimultaneously.

the preprocessing step, so tiat ¥;xi/n= 0. The stan-
dardK-means clustering is to minimize the clustering ob-
jective function

minJgc, Jk = Z [Ixi — |2 (1) . o .
H i& We consider clustering in the subspace and adaptively im-

proving the subspace selected simultaneously (Ding et al.,
where the matrixd = {0,1}"K is the cluster indicator: 2002). The key motivation is that the initially chosen sub-
Hik = 1 if x; belongs to the-th cluster, andHix = 0 other-  space may not be the optimal subspace, which we defined
wise. We use TM to denote the trace of matri. as the subspace spanned by the cluster centroids. For clus-
tering purpose, all dimensions orthogonal to this subspace
areirrelevant This is because the distance computation

(4)

(6)

3. Adaptive Subspace Selection Using LDA
and K-means Clustering

In linear discriminant analysis (LDA), we use the total scat
ter, between-class scatter and within-class scatter ceatri

n r p
S = i;XiXiT’ S= anmkml, @ xi—my]*= JZl[xi(J) —mi(j)]*+ J_:ZH[Xi(J') —mi(j)]?
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Assuming the cluster centroid subsp#&tespan the first The Algorithm for solving LDA-guided adaptive subspace
dimensions. Dimensions+ 1,--- , p are orthogonal to the K-means clustering of can be summarized as follows:
centroid subspace and We call them as irrelevant dimen-
sions. Distances of components in irrelevant dimensioné\lgorithm 1 Adaptive LDA-guided K-means Clustering
are independent of the clustering and is merely an additivgtep 1: ~ SeK = number of clusters,

constant. Subtracting this irrelevant constants makes the Setd = K — 1 the dimension of the subspace.
clustering more well defined: clusters are more well sepaStep 2:  Compute PCA oX to obtain initialU .
rated in the relevant subspace. Step 3: Do step LDA-Km(1) to obtaiH.

Our main goal is to find the most discriminative subspaceStep 4. Dostep LDA'K”.](Z) to obtaid.
Step 5:  Go to step 3 until convergence.

in a unsupervised manner. Our framework is to optimize
the LDA objective function

uTs,U A unique feature in this approach is switching between the
VSﬁXTrm (7)  subspace (for clustering) and the original space (for LDA).

’ The cluster centroids " my obtained in the subspace can
not uniquely projected back to the original space. In fact,
there are infinite number of points in the original space can
be projected onto a single pointin the subspace (e.g., in 3D,
all points along z-axis are projected onto the origin in x-y
LDA-Km(1) . Solve forH while fixingU. In this case, we plane). The cluster indicatét enables us to uniquely con-

We propose an procedure that alternatively optimizes
andU. We call this algorithm as LDA-guided adaptive sub-
spaceK-means clustering, or LDA-Km algorithm for short.

solve nect the two spaces. For example, we compute the centroid
TruTs,U TruT(§—SwU for cluster 1 by simply averaging the data points belong-
mHaXTI’ UTS,U = TruTS,U ing to cluster 1 in the subspace using cluster membership
TrUTSU H. With this connection, clusters are discovered in the low
= ———— 1. dimensional subspace to avoid the curse of dimensionality
TruTSU . A . .
and are adaptively re-adjusted for global optimality.
. Tort i .
Since TrU ' SU is independent off, this leads to Computational complexity. Generally speaking, the algo-
minTruTs,uU = TrZ UT (x; —my) (xi —mi)TU rithm is_ equivalent td (LD_A + I_(-means clusteri_ng), where
H i& t ~ 10 is the number of iterations of the algorithm to con-
_ U Ty — Uka| |2 (8) Verge. Thus the computational complexity of the algorithm
Zi;k is O(pnt) for K-means clustering an®(p?nt) for LDA

clustering wherep is the dimension of datay is number

This is precisely the&-means clustering in the subspace ¢ yatq points.

Y = UTX. Once the solution foH are obtained, we can

compute the within and between cluster scatter matrice5inally, we note that when natural clusters in data are eithe
SvS. close to spherical Gaussians or well separakeaneans

) clustering is a good model of the data distribution; PCA
For completeness, these computation can also be done Yg-yhe right subspace for clustering due to the equivalence
ing matrix notations. Givell, we can ol:T)taln {he cluster panveen the relaxad-means clustering and PCA (Ding &
centroidsM = (my,---,m) asM = XH(H H)"%. Then o '5004: 7ha et al., 2002). LDA-Km deals with the data
Sv=(X-MHT)(X=MHT)T, distributions which deviate from this situation.
S$=MHTHM". 3.1. Extension to Nonlinear Case Using Kernels
LDA-Km(2) . Solve forU while fixing H. U is given by  The basis idea of LDA is to transform data into a
the standard LDA procedure. new space/subspace where clusters become most well-
Combining LDA-Km(1) and LDA-Km(2), we see that this separated. The best linear transformation is LDA. To deal
algorithm essentially does the following: with nonlinear trgnsformauon, we _turn to.kernels and im-
plement the nonlinear transformation as linear transferma
(Initialize U) tion. This is achieved by the mapping to a higher dimension
(K-means in subspace) space, much like the mapping in Support Vector Machines.
It is well-known that bothK-means clustering and LDA
) can be extend to nonlinear kernels. Our adaptive dimen-
(K-means in subspace) sion reduction using LDA an&-means clustering can be
similarly extended to nonlinear kernels.

(LDA in original space)

Ll
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3.2. An lllustrative Example 4. Two Variants of the LDA-Km Algorithm

Below we give an example of 2D dataset with 600 dataln this section, we describe two variants of the LDA-Km
points. The top panel showsmeans clustering in the full algorithm. In step LDA-Km(2), we computd using full
space. The next panel shows the result&aheans clus- LDA procedure. We may consider two variants using either
tering in PCA subspace. The next 4 panels show iterationsne of the two sub-parts of LDA in Eq.(5).

of the LDA-Km algorithm, starting with =PCA subspace.

The line indicates the direction &f. One can see that the 4.1. L DA-Km-B: Using Between-Cluster ScatterS,
LDA-Km algorithm, starting from PCA subspace, adap- ) ]

tively adjusted the subspace, and converge to the most did? this variant, we use only the between-cluster sceger
criminant subspace: In the bottom panel, itis clear that datin Step LDA-Km(2). The algorithm procedure is described
projections to the subspaieform well-separated clusters. PelOW:

LDA-Km-B(1) . Solve forH while fixingU. Do K-means
clustering oy =UTX.

LDA-Km-B(2) . Solve forU while fixingH. U is given by
d eigenvectors associated with thdargest eigenvalues of
the between-cluster scatter mat8x

This LDA-Km-B variant of the LDA-Km algorithm can be
cast in the following optimization framework

TrUTS,U 9
maxTr S (9)

The proof is the following:

1. GivenU, we solve forH by maximizing

Tru'sU TruT(§-Sy)U

TrUTsSU—-UTS).

Since UTSU is constant givenU, we minimize
TrUuTS,U, which, by Eq.(8), is exactlit-means clus-
tering in the subspacé=UTX.

2. GivenH, U are given by LDA-Km-B(2).

4.2. LDA-Km-W: Using Within-Cluster Scatter S,

In this variant, we use only the within-cluster scat&r
in step LDA-Km(2). The algorithm procedure is described
o% below:

LDA-Km-W(1) . Solve forH while fixingU. Do K-means
clustering oy =UTX.

228 LDA-Km-W(2) . Solve forU while fixingH. U is given by
d eigenvectors associated with tHesmallest eigenvalues
of the with-cluster scatter matri,.

It is easy to see the LDA-Km-W variant of the LDA-Km
algorithm [consisting of LDA-Km(1) and LDA-Km(2W)]
can be cast in the following optimization framework

T
TﬁxTrU SWJ (20)

The proofis the following:
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1. GivenU, we solve forH by minimizing TruTS,U Figure in§3.2, standardK-means clustering is no longer a
which, by Eq.(8), is th&-means clustering in the sub- good model for the data ithe full space ADM, starting
spacey =UTX. from PCA subspace, and does not seem to converge to a

subspace where the natural clusters become more separated

(e.g., see the Figure i§3.2). In this case, starting from

PCA subspace, ADM converges to a local solution which

5. Relationships to Earlier Approaches is in general close to th€-means solution.

2. GivenH, U are given by LDA-Km-W(2).

We discuss the relation of the LDA-Km to earlier Thus the challenge becomes: for datasets where natural
work(Ding et al., 2002; Li et al., 2004; De la Torre & Clusters are far away from spherical Gaussians, how to
Kanade, 2006). modify the subspace adaptively to converge to the subspace

. where clusters are most separable? This subspace is clearly
We show that LDA-Km algorithm reduces to tie@ap- 6| pa subspace. LDA-Km algorithm is developed along
tive dimension reductiofADM) algorithm (Ding et al., s girection. In the Figure i§3.2, we see LDA-Km has

2002), where we only optimize the between-class scaltefg gpility to find the appropriate LDA subspace starting
(rather than the full LDA). LDA-Km algorithm reduces o om pcA subspace.

theadaptive subspace iteratiagorithm (Li et al., 2004),

where we only optimize the within-class scatter (rathentha
the full LDA). We also recap the discriminative cluster
analysis (De la Torre & Kanade, 2006) and show it is equiv-In ADM above, we deal explicitly with the between-cluster

5.2. Adaptive Subspace Iteration (ASI)

alent to a variant of LDA. scatter matrixS,. In ASI, we deal implicitly with the

within-cluster scatter matri§,. ASI is proposed in (Li
5.1. Adaptive Dimension Reduction (ADM) et al., 2004) to optimize the following objective function
ADM begins with the observation that the PCA subspace is min JUTX —CHT|? (11)

not necessarily the best subspace to perform data clugterin o _ _
(we consider the best subspace to be the subspace spaniedhe initial study,U,H are restricted tq0, 1}, andC is
by cluster centroids). It proceeds iteratively to find thetbe always set to
subspace using the following ADM algorithm: C = argmin| |UTX _ CHT||2 _ UTXH(HTH)A_

C

Algorithm 2 Adaptive Dimensional Reduction Algorithm H,U are solved by an Iterative Feature and Data (IFD) clus-
(ADM-0): Initialize the directiondJ using PCA. tering algorithm (Li & Ma, 2004).
(ADM-1): Do K-means clustering in the subspate-UTX.

(ADM-2): Using obtained cluster indicatét to construct The ASI factorization is interesting for several reasons.
cluster centroid€ = (cy,--- ,¢) in the First, assumingr = UTX,C,H are nonnegative. Then

original space. Do SVD of: C = U3VT. Y ~ CH' is a nonnegative matrix factorization (NMF).
UseU as the new subspace directions. which is obtained by the optimization
(ADM-3): Go to (ADM1) and repeat until convergence. rg,Hn IIY —CHT|?, stC>0,H>0HTH=I, (12)

By a theorem (Ding et al., 2005), the NMF of Eq.(12) is
equivalent to a relaxe-means clustering (Ding & He,
2004; Zha et al., 2002), the NMF &= (cy,--- ,Ck) cON-
tains the cluster centroids, amtlare cluster indicator. In
fact, letH = {0,1} be the cluster indicator, thi€-means
clustering ofY = (y1,--,¥n), J = Sk Sieq, [IVi — &ll* =

This is exactly to LDA-Km-B variant of LDA-Km (see ||Y —CHT||? Clearly, letU be the new subspace directions
§4.1). SinceC andC are close, we conclude that ADM (the projection matrix), the data points in the new subspace
is effectively equivalent to LDA-Km-B. arey; =Ux;, orY = (y1,---,yn) =UX. Eq.(11) is just the
K-means clustering in the subspace.

Now in Step (ADM-2), if we replaceC by € =
(vNt C1, 5/ c«) then the basis U (the left singular
vectors ofC) are eigenvectors of

CCT =ncic] +-- -+ kel = S,

Experiments show that ADM can adaptively modifies the
subspace to fit the data distribution; this happens when eiSecond, we show that the objective function of ASI factor-
ther the natural clusters in the data are close to sphericatation [cf. Eqg.(11) ] is identical to the objective funatio
Gaussians or natural clusters are well separated. of LDA-Km-W [cf. Eq.(10)]. Clearly, considering Eq.(8),

. Eq.(10) can be written as
However, when natural clusters in the data are far away a.(10)

from spherical distributions, such as the case shown in the TruTsU = [[UT(X—MHT)||2. (13)
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LetC = UTM be the cluster centroids in the subspace, we
can write Eq.(13) as Eq.(11).

5.3. Discriminative Cluster Analysis
In (De la Torre & Kanade, 2006), they propose to optimize
i TV-1/2/4T _vTx) (12
in [[(HHD™5HT - VUIX)[I= (14)

using our notatioJ ,H, whereV is a new matrix factor.
After eliminateV, this becomes

%xTr(uxxTu)*1(UTXH(HH)*1HTXTU). (15)
They solve this alternatively using soft clustering and a
variant of LDA. This objective can be shown to be equiva-
lent to

(16)

which is similar to the standard LDA objective of Eq.(4),
with a difference in the denominator. In LDA objective, the
denominator i) TS,U; this “data sphering” step is a cru-
cial step in LDA (Hastie et al., 2001). However, in Eq.(16)
the denominator i&)TSU rather thanUTS,U. In other
word, Eq.(16) is not a full LDA, in contrast to our LDA&~
means approach.

Since§ does not depends on class labels, the denomina-
torUTSU can be ignore at first order approximation. The
maximization of the nominator is essentially identical to
the ADM of §5.1.

6. Experimental Results
6.1. Dataset Descriptions

We use a wide range of datasets in our experiments as sum-
marized in Table 1. The number of classes ranges from 2
to 20, the number of samples ranges from 47 to 8280, and
the number of dimensions ranges from 4 to 1000. In ad-

tags and headers) using rainbow package (McCallum,
1996).

— CSTR is the dataset of the abstracts of tech-
nical reports (TRs) published in the Depart-
ment of Computer Science at a research uni-
versity between 1991 and 2002. The dataset
contains 476 abstracts, which are divided into
four research areas: Natural Language Process-
ing(NLP), Robotics/Vision, Systems, and The-
ory.

— The Log dataset contains 1367 text messages
of system log from different desktop machines
describing the status of computer components.
These messages are divided into 8 different sit-
uations.

— The Reuters dataset is a subset of the Reuters-
21578 Text Categorization Test collection con-
taining the 10 most frequent categories among
the 135 topics.

— The WebACE dataset contains 2340 documents
consisting of news articles from 20 different
topics in October 1997 collected in WebACE
project (Han et al., 1998).

— The WebKB dataset contains webpages gathered
from university computer science departments.
There are about 8280 documents and they are
divided into 7 categories: student, faculty, staff,
course, project, department and other.

— The WebKB4 dataset is the subset of We-
bKB associating with four most populous entity-
representing categories, i.e., student, faculty,
course and project.

Table 1.Dataset Descriptions.

dition, these datasets represent applications from éiffier

domains such as information retrieval, gene expressian dat

and pattern recognition. We anticipate they would provide

us with enough insights on our approach.

The descriptions of these datasets are as follows.

e Eight datasets including Digits, Glass, lonosphere,

Iris, Protein, Soybean, Wine, and Zoo are from UCI

data repository.

e Other datasets including CSTR, Log, Reuters, We-
bACE, WebKB4, WebKB are standard text datasets

that has been frequently used in document clustering.

We give brief descriptions of them below. The docu-

ments are represented as the term vectors using vec-

tor space model. These document datasets are pre-

Datasets | # Samples| # Dimensions| # Class
CSTR 475 1000 4
Digits 7494 16 10
Glass 214 9 7

lonosphere 351 34 2
Iris 150 4 3
Protein 116 20 6
Log 1367 200 8

Reuters 2900 1000 10

Soybean 47 35 4

WebACE 2340 1000 20

WebKB4 4199 1000 4

WebKB 8280 1000 7
Wine 178 13 3

Zoo 101 18 7

processed (removing the stop words and unnecessary
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Table 2.Clustering accuracy table on UCI datasets. The result
are obtained by averaging 5 trials. PCA+Kmeans denotes PCA-

based clustering algorithm.

Kmeans| PCA+Kmeans| LDA-Km
Digits 0.706 0.768 0.772
Glass 0.472 0.453 0.510
lonosphere] 0.710 0.710 0.712
Iris 0.893 0.887 0.980
Protein 0.483 0.526 0.595
Soybean | 0.681 0.723 0.766
Wine 0.702 0.702 0.826
Zoo 0.762 0.792 0.842
0.9
0.8 ]
go7
é 0.6 T K-means
io.s ;Zg"lF
-g 0.4 O Tri-Factorization
% 03 B LDA-Km
502
0.1
0 |

@ &

(o) & < » )
o @) Q NS
O% % @ o NS

O

&

Text Datasets

Figure 1.Clustering accuracy comparison on text datasets.

6.2. Results Analysis

orithm: PCA is first applied to reduce the data dimension
ollowed by K-means clustering. Table 2 shows the exper-
imental results.

On the text datasets, we compare our subspace clustering
algorithm with the following algorithms: (i) standard K-
means algorithm; (i) Non-negative Matrix Factorization
(NMF) method (Lee & Seung, 2001); (iii) Tri-Factorization
Method (Ding et al., 2006); and (iv) Adaptive Subspace
Clustering (ASI). The results are shown in Figure 1. Note
that Tri-Factorization method is based on the decomposi-
tion X ~ FSG" where the orthogonality & TF =1,GC =

| is imposed to ensute, G can be viewed as cluster indica-
tors for rows and columns. It gives a good framework for
simultaneously clustering the rows and column¥Xof

We note that on all the UCI datasets, LDA-Km clustering
has the best clustering accuracies. On many datasets (e.g.,
Iris, Glass, Protein, soybean, wine, zoo), LDA-Km yields
improvements over K-means and PCA-based clustering.
On text datasets, the subspace clustering algorithm has the
best accuracy on CSTR, Log and Reuters datasets. In sum-
mary, our subspace clustering is always either the winner
or very close to the winner. This shows that LDA-Km clus-
tering is viable and competitive. The subspace clustering
is able to perform the subspace selection and data reduc-
tion at the same time, thus offering the capability of dis-
covering subspace structures and yielding good clustering
performances.

To get more insights on our approach, Figure 2 plots the
clustering accuracy across iterations of one trial of the
LDA-Km algorithm on several datasets. We observe that
LDA-Km clustering is able to adaptively perform subspace
section for global optimality and thus generally leads to

All the above datasets have labels. We view the labels obetter clustering performance. Note that LDA-Km is also
the datasets as the objective knowledge on the structurgble to discover clusters in the low dimensional subspace
of the datasets. We use accuracy as the clustering perfote overcome the curse of dimensionality.

mance measure. Accuracy discovers the one-to-one rela-

tionship between clusters and classes and measures the ex
tent to which each cluster contains data points from the cor-

. Summary

responding class and it has been used as performance mea-this paper, we first point out the close relationship be-
sures for clustering analysis. Accuracy can be describetlveen linear discriminant analysis (LDA) arkkimeans

as:

Accuracy= Max( Z T(C,Lm))/n, 17)
Ci;Lm

wheren is the number of data point€ denotes thé-th

cluster, and_p, is them-th class.T(Cy,Lnm) is the number
of data points that belong to classare assigned to clus-
ter k. Accuracy is then computed as the maximum sum
of T(Cx,Lm) for all pairs of clusters and classes, and thes

pairs have no overlaps.

clustering. We then propose to combine LDA d&aneans
clustering into the LDA-Km algorithm for adaptive dimen-
sion reduction. In this algorithmK-means clustering is
used to generate class labels and LDA is utilized to per-
form subspace selection. The clustering process is thus in-
tegrated with the subspace selection process; and the learn
ing algorithm performs data clustering and subspace selec-
éion simultaneously. We clarify the relations among LDA,
PCA andK-means clustering. We also examine variants
of the LDA-Km algorithm and discuss its relations to other

On the eight datasets from UCI data repository, we comearlier approaches. Encouraging experimental results are

pare our LDA-Km algorithm with standard K-means algo- obtained showing the effectiveness of our approach.
rithm. We also compare it with PCA-based clustering al-
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2 3 a4 5 6 7 8 9 1 T 2 3 4 5 6 1 8 9 10

(a) Digits Dataset (b) Iris Dataset

(c) Log Dataset (d) Protein Dataset

2 3 a4 5 6 7 8 9 1 T 2 3 4 5 6 1 8 9 10

(e) Wine Dataset (f) Zoo Dataset
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