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ABSTRACT 1. INTRODUCTION

We consider the problem of document indexing and representa- There are two fundamental problems in document processing:
tion. Recently, Locality Preserving Indexing (LP1) was proposed how to represent the documents and how to evaluate their similar-
for learning a compact document subspace. Different from Latent ity. If we denote bydocument spacthe set of all the documents,
Semantic Indexing which is optimal in the sense of global Euclid- different indexing algorithms see different structures of the docu-
ean structure, LPI is optimal in the sense of local manifold struc- ment space. The Vector Space Model (VSM) might be one of the
ture. However, LPI is extremely sensitive to the number of dimen- most popular model for document representation. Each document
sions. This makes it difficult to estimate the intrinsic dimensional- is represented aslzag of words Correspondingly, the document

ity, while inaccurately estimated dimensionality would drastically Space is associated with a Euclidean structure and the inner product
degrade its performance. One reason leading to this problem is(or, cosine similarity) is used as the standard similarity measure for
that LP!I is non-orthogonal. Non-orthogonality distorts the metric documents. Unfortunately, VSM suffers from some problems such
structure of the document space. In this paper, we propose a newdssynonymyndpolysemy

algorithm called Orthogonal LPI. Orthogonal LP! iteratively com- ~ Data representation is fundamentally related to the problem of
putes the mutually orthogonal basis functions which respect the lo- manifold learning [4][18][20] which is an emerging research area.
cal geometrical structure. Moreover, our empirical study shows Given a set of high-dimensional data points, manifold learning tech-
that OLPI can have more locality preserving power than LPI. We niques aim at discovering the geometric properties of the data space,
compare the new algorithm to LSl and LPI. Extensive experimental such as its Euclidean embedding [4][18][20], intrinsic dimension-
results show that Orthogonal LPI obtains better performance thanality [13], connected components [21], homology [16], etc. Par-
both LSI and LPI. More crucially, it is insensitive to the number of ticularly, learning representation is closely related to the embed-
dimensions, which makes it an efficient data preprocessing methodding problem, while clustering can be thought of as finding con-

for text clustering, classification, retrieval, etc. nected components. Finding an Euclidean embedding of the doc-
ument space is the primary focus of our work in this paper. Mani-
Categories and Subject Descriptors fold learning techniques can be classified into linear and non-linear
techniques. For document processing, we are especially interested
H.3.1 [Information Storage and Retrieval]: Content Analysis  in linear techniques due to the consideration of computational com-
and Indexing—ndexing methods plexity. However, our algorithm presented in this paper can be eas-
ily extended to nonlinear case. The typical linear techniques for
General Terms document representation include Latent Semantic Indexing [7], It-

erative Residual Rescaling [1][2], Non-negative Matrix Factoriza-
tion [22], and Locality Preserving Indexing [11].

LSI is originally motivated to deal with the problem efn-
Keywords onymyand polysemy The mathematics behind LSl is the Singu-
Orthogonal Locality Preserving Indexing, Locality Preserving In- lar Value Decomposition (SVD). The basis functions obtained by
dexing, Document Representation and Indexing, Similarity Mea- SVD are the eigenvectors of the matfixX *, whereX is the term-
sure, Dimensionality Reduction, Vector Space Model document matrix. It would be important to note that LSl is different

from Principal Component Analysis (PCA) in th&tX T is gener-
ally not the data covariance matrix. In fact, this occurs only when
the documents has a zero mean. One of the main advantages of
LSl is that its basis functions are orthogonal. Therefore, the metric
structure in the LSI subspace can be well preserved. LSl received a
lot of attentions during these years and many variants of LS| have
been proposed [12][14][19].
Permission to make digital or hard copies of all or part of thagkafor LSl is optimal in the sense of preserving the global geometric
personal or classroom use is granted without fee providatidbpies are  sirycture of the document space (inner product). However, it might
Em made or distributed for profit or commercial advantage antiahpies not be optimal in the sense of discrimination. Specifically, LSI
ear this notice and the full citation on the first page. Toyoogherwise, to . . : . . . -
republish, to post on servers or to redistribute to listguies prior specific might not be OPt'ma' in separat_lng documeqts W'th different topics.
permission and/or a fee. Recently, LPI is proposed to discover the discriminant structure of

SIGIR’05,August 15-19, 2005, Salvador, Brazil. the document space. It has shown that it can have more discrimina-
Copyright 2005 ACM 1-59593-034-5/05/00085.00.
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tive power than LSI. A reasonable assumption behind LPI is that, wheree = (1,--- ,1). In such a case, LSl is identical to Principal

close inputs should have similar topics. The detailed discriminant Component Analysis [9]. More details on theoretical interpreta-

analysis of LPI can be found in [11]. Different from LSI, LPl is tions of LSI using SVD can refer to [3][8][17].

non-orthogonal. Therefore, it can not preserve the metric struc- Different from LSI which aims to extract the most representa-

ture of the document space and suffers from the problem of dimen- tive features, LPI aims to extract the most discriminative features.

sionality estimation. In fact, inaccurate estimation of the intrinsic Given a similarity matrixS, LPI can be obtained by solving the

dimensionality of the document space would drastically degrade following minimization problem:

LPI's performance. In the worst case, it can even produce worse m )

performance than in the original representation space. Qopt = arg minz (aTxi B aij) Si;
In this paper, we propose a new algorithm cal@dhogonal a =

Locality Preserving Indexing. Orthogonal LPI is fundamentally

based on LPI. It shares the same locality preserving character as

LPI, but at the same time it requires the basis functions to be or- iih the constraint

thogonal. Orthogonal basis functions preserve the metric structure T T

of the document space. In fact, if we use all the dimensions ob- a XDX a=1

tained by Orthogonal LPI, the projective map is simply a rotation whereL = D — S is thegraph Laplacian6] and D;; = Zj Sij-

map which does not distort the metric structure. Therefore, the D,; measures the local density around LPI constructs the simi-

performance of Orthogonal LPI is not sensitive to the number of |arity matrix S as:

dimensions. While for LPI, since it does not preserve the metric

= argmin a’xLXx"a
a

- o .
structure, its performance can be much worse than that in the origi- X; X;, if x; is among the nearest neighbors of;
nal document space if the dimensionality is inaccurately estimated. i = or x; is among the nearest neighbors of
Moreover, our empirical study shows that Orthogonal LPI can have 0, otherwise.

more locality preserving power than LPI. Since it has been shown Thus, the objective function in LPI incurs a heavy penalty if neigh-

that the |Oca|ity preserving power is directly related to the discrim- boring points(i andxj are mapped far apart. Therefore, minimiz-

inating power [11], the Orthogonal LPI is expected to have more ing it is an attempt to ensure thabif andx; are “close” thery;

discriminating power than LPI. (= a’x;) andy; (= a’'x;) are close as well [11]. Finally, the basis
The rest of the paper is organized as follows: in Section 2, we functions of LPI are the eigenvectors associated with the smallest

give a brief review of LSI and LPI. Section 3 introduces our al- eigenvalues of the following generalized eigen-problem:

gorithm. We provide a theoretical justification of our algorithm in T T

Section 4. Extensive experimental results on document similarity, XLX a=AXDX"a

local structure of document space and clustering are presented iny p x7 s non-singular after some pre-processing stepssoim

Section 5. Finally, we provide some concluding remarks and sug- |_p, thus, the basis functions of LPI can also be regarded as the

gestions for future work in Section 6. eigenvectors of the matrigX DX ) ~* X LXT associated with the
smallest eigenvalues. Sin¢& DX ™)' X LX7 is not symmetric
2. ABRIEF REVIEW OF LSI AND LPI in general, the basis functions of LPI are non-orthogonal.

LSl is one of the most popular algorithms for document index-  Once the eigenvectors are computed,dgt= [ai, -- - , a;] be
sition). Given a set of documen{s,,--- ,x,} C R™, they can two data points in the reduced space can be computed as follows:
be represented as a term-document makfix= X1, X2, -+ , Xn]. dist(V.. V. v

. : ist(¥;,Y;) 1y = Y5l
Suppose the rank oX is r, LS| decompose th& using SVD as r r
follow: = [|[A"x = AT x|
X =Usv” = [|AT(x = %))
WhereY = diag(o1,--- ,0,) andoy > g2 > --- > o, are the = V(% —x))TAAT(x; — X))
singular values o, U = [a, - - ,a-] anda; is called left singu-  |f 4 is an orthogonal matrix4A” = I and the metric structure is
larvectorsV’ = [vy, -~ -, v-] andv; is called right singular vectors.  preserved.

LSI use the firsk vectors inU as the transformation matrix to em-
bed the original document intokadimensional subspace. It can be 3. THE ALGORITHM
easily checked that the column vectordbére the eigenvectors of

X XT. The basic idea of LSl is to extract the most representative
features and at the same time the reconstruction error can be min
imized. Leta be the transformation vector and = a’x;. The

In this Section, we introduce a novel algorithm for document
indexing and representation, called Orthogonal LPI. The theoretical
justifications of our algorithm will be presented in Section 4.

objective function of LSI can be stated below: In the docu_ment analysis and p_rocess_ing problems one is often
confronted with the fact that the dimension of the document vec-
Qopt = arg main X — aaTXH2 tor (m) is much larger than the number of documents (Thus,
T T the m x m matrix X DX " is singular. To overcome this prob-
= argmaxa XX"a lem, we can apply PCA to project the documents into a subspace
with the constraint WithOI_Jt losing any information and the matri¥ DX” becomes
non-singular.
a’a=1 The algorithmic procedure of OLPI is stated below:
Since X X7 is symmetric, the basis functions of LS| are orthog- 1. PCA Projection: We project the document set into the
onal. It would be important to note thaf X” becomes the data PCA subspace by throwing away the components correspond-

covariance matrix if the data points have a zero meanXe= 0 ing to zero eigenvalue. We denote the transformation matrix



4.

. Constructing the adjacency graph Let G denote a graph

In this section, we provide theoretical justifications of our pro-
posed algorithm.

of PCA by Wpca. By PCA projection, the extracted fea- The Locality Preserving Functiofi(a) evaluates the locality pre-
tures are statistically uncorrelated and the rank of the new serving power of the projective map Directly minimizing this
data matrix is equal to the number of features (dimensions). function will lead to the original LPI algorithm. Our OLPI algo-
rithm tries to find a set of orthogonal basis vectors which minimizes
the locality preserving function.

with n nodes. The-th node corresponds to the document Thus the objective function of OLPI is:

X;. We put an edge between nodeandj if x; andx; are
“close”, i.e. x; is amongp nearest neighbors of; or x; a’XLXTa

is amongp nearest neighbors of;. Note that, if the doc- & = argmin —5o
uments have been classified into different semantic classes,

one might construct an adjacency graph based on the class A’ xXLxTa
labels. That is, we can put an edge between two nodes if and ay = arg m;n AT XDXTa
only if they have the same class label. . ]

with the constraint
. Choosing the weights If nodei and; are connected, put - - -
s =g =---=a,a-1=0

Sij = X?Xj
SinceXDX7 is positive definite after PCA projection, for any

Otherwise, putS;; = 0. The weight matrixS of graphG a, we can always normalize it such treft X DX”a = 1, and the

models the local structure of the document space. ratio ofa” X L.X Ta anda” X DX "a keeps unchanged. Thus, the
. Computing the Orthogonal Locality Preserving Projec- above minimization problem is equivalent to minimizing the value

tions: We defineD as a diagonal matrix whose entries are ©f @’ X LX " awith an additional constraint as follows,

column (or row, sm(_:eS is symmetnc)_sur_ns of, D;; = axDxTa=1

Z]. S;i. We also defind, = D — S, which is called Lapla-

cian matrix in spectral graph theory [6]. L, a2, -+, ax} Note that, the above normalization is only for simplifying the com-

be the orthogonal locality preserving projections, we define: putation. Once we get the optimal solutions, we can re-normalize
(k-1 them to get a othonormal basis vectors.
A =[an, - a] It is easy to check tha; is the eigenvector of the generalized
eigen-problem:

T
(k—1) _ (k—1) Ty—1 ,(k—1)
B - [A ] (XDX™)™A XLXTa=XXxDx"a

The orthogonal locality preserving vectda,, az, - -, &} associated with the smallest eigenvalue. Siae®X” is non-
can be iteratively computed as follow: singular,a; is the eigenvector of the matrigX DXT) "1 X L X7
e Computea; as the eigenvector ¢fY DX7) "' X LXT associated with the smallest eigenvalue.

In order to get thé-th basis vector, we minimize the following

associated with the smallest eigenvalue. o A
objective function:

e Computeay as the eigenvector of

al XLXTa,
—1 _ 9
M — {[ _ (XDXT)—lA(k—l) [B(k—l)] flag) = m (1)
T with the constraints:
[A“H)] } S(xDX™)'xLxT
alay=ajay=--=atar.1=0, a XDX%a, =1

iated wi i ) .
associated with the smallest eigenvalue\of"). We can use the Lagrange multipliers to transform the above ob-

. OLPI Embedding: Let Worpr = [ai, - - - , &), the embed- jective function to include all the constraints

ding is as follows: c® — af X1.xTay, — A(a{XDXTak 1)

T
X = X
—y=w _Nflagal - "'—Mk—1a£ak—1
W =WpcaWorpr The optimization is performed by setting the partial derivative of
k : .
wherey is al-dimensional representation of the document ¢ with respect tay, to zero:
W is the transformation matrix. FYolld)
dar
JUSTIFICATIONS

=2XLX"ay — 22 XDX"ay, — pyay - — pr_18x_1 =0
)

. . v ; T ;
4.1 Optlmal Orthogonal Embeddlng Multiplying the left side of (2) bya;, , we obtain
We begin with the following definition: 2af XLX"a, —2)af XDXTa, =0
DEFINITION 1. Leta € R™ be a projective map. Theocality \ al XLXTa, ()
Preserving Function f is defined as follows: A= al XDXTa
f(a) = a’XLX"a Comparing to (1) exactly represents the expression to be mini-
al'XDXTa mized.



Multiplying the left side of (2) successively @f (X DX™)™?,
<-,al_(XDXT)™!, we now obtain a set df — 1 equations:

mal (XDX) a4 4 pera) (XDX ) ayy
=2a] (XDX") 'XLX"a,

piag (XDXT)lar + - + 18 (XDXT) e
=2a) (XDXT) ' XLX"a,

mag 1 (XDXT) ey + -+ peoap 1 (XDXT) ey
=2a;_(XDX")'XLX"a

We define:
(k=1) _

I3 a1, o)™, AYTY =Tag, - 8]

BE = [BY Y] = [A‘k‘l’]T(XDXT)‘IA(k—1>
ij

BY Y =al (XDX") g
Using this simplified notation, the previous setkof- 1 equations
can be represented in a single matrix relationship

BHD D = o [A““’”]T (XDXT) ' XLX
thus
ph =9 [B(’“—”]_l [A“H)]T(Xl))(T)—lx'L)('Ta,c 4)
Let us now multiply the left side of (2) bgX DXT)~*
2AXDXT) 'XLX a, — 22a, — i (XDXT) ey
— o — e 1 (XDXTY ey, =0
This can be expressed using matrix notation as
2AXDX"Y 'XLX &, — 2 &y
. (XDXT)flA(kfl)M(kfl) —0
With equation (4), we obtain

{I — (XDXT)7t4¢=D [BUH)] - [Aw—l)]T}

A(XDX"Y'XLX"a, = ay

As shown in (3)\ is just the criterion to be minimized, thas is
the eigenvector of

M® — {I— (XDXT)—IA(k—l) [B“"‘l)}fl [A(k—l)}T}
(XDXT)y7'xLx™

associated with the smallest eigenvalug\pf).
Finally, we get the optimal orthogonal basis vectors. The orthog-

onal basis of OLPI preserves the metric structure of the document

space.
Recallin LPI[11], the basis vectors of LPI is the fikstigenvec-
tors associated with the smallest eigenvalues of the eigen-problem

XLXTb=AXDX"b (5)
Thus, the basis vectors satisfy the following constraint:
b XDX"b; =0 (i #7)

The transformation of LPI is non-orthogonal. Actually, itisD X 7 -
orthogonal.

Eigenvalues (OLPI vs. LPI)
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Figure 1: The eigenvalues of LPl and OLPI

4.2 Locality Preserving Power

Both LPI and OLPI try to preserve the local geometric structure.
They find the basis vectors by minimizing the Locality Preserving
Function:

a’xXrx"a
f@ = F%px7a (6)
f(a) reflects the locality preserving power of the projective raap

In LPI, based on the Rayleigh Quotient format of the eigen-
problem (Eqn. 5) [10], the value df(a) is exactly the eigenvalue
of Egn. (5) corresponding to eigenvector Therefore, the eigen-
values of LPI reflect the locality preserving power of LPI. In OLPI,
as we show in Eqn. (3), the eigenvalues of OLPI also reflect its lo-
cality preserving power. This observation motivates us to compare
the eigenvalues of LPIl and OLPI.

Fig. 1 shows the eigenvalues of LPl and OLPI. The data set used
for this study is the document set “air” in Table 2 (please see Sec-
tion 5.2.1 for details). As can be seen, the eigenvalues of OLPI is
consistently smaller than those of LPI, which indicates that OLPI
can have more locality preserving power than LPI. We also did ex-
periments on the other 29 document sets in Table 2 and get the
similar results.

Since it has been shown in [11] that the locality preserving power
is directly related to the discriminating power, we expect that the
OLPI based applications on document processing can obtain better
performance than those based on LPI.

5. EXPERIMENTAL RESULTS

In this section, several experiments on TDT2 data corpus were
performed to show the effectiveness of our proposed algorithm. We
compared our proposed algorithm Orthogonal LPI with LSI and
LPI.

5.1 Data Corpus

The TDT2 corpubconsists of data collected during the first half
of 1998 and taken from 6 sources, including 2 newswires (APW,
NYT), 2 radio programs (VOA, PRI) and 2 television programs

(CNN, ABC). It consists of 11201 on-topic documents which are

classified into 96 semantic categories. In this experiment, those
documents appearing in two or more categories were removed, and
only the largest 20 categories were kept, thus leaving us with 8741
documents in total as described in table 1. Each document is rep-
resented as a term-frequency vector. We simply removed the stop

INist Topic Detection and Tracking corpus at
http://www.nist.gov/speech/tests/tdt/tdt98/index.html
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Table 1: 20 semantic categories from TDT2 used in our experi-
ments

[ category [ num ofdoc | category [ num of doc |

20001 1844 20048 160 g

20015 1828 20033 145 £ Er—e i

20002 1222 20039 141 g —— LPI g%

20013 811 20086 140 2 e || £ — oipi
20070 441 20032 131 50 50 o

20044 407 20047 123 —— — Baseline
20076 272 20019 123 0100 % . : - : -
;ggz; ggg 3881; 132 Dimension (%) Dimension (%)

20023 167 20087 98 @ (®)

Figure 2: The average precisions of LS|, LPI and OLPI vary
) with the dimensionality reduction rate. The optimal perfor-
word and no further preprocessing was done. Each document vec-mances obtained by both LPI and OLPI are better than LS.

tor is normalized to 1 and the Euclidean distance is used as thea|so, OLPI is less sensitive to the dimensionality reduction rate
distance measure. than LPI.

5.2 Similarity Evaluation

. LPI and LSl respectively. Similarlypo . pr consists of 30 subsets,
5.2.1 Data Preparation Dorpra, -+, Dorprso. Dipr consists of 30 subset&), pr 1,

From the<title> field of 300 TREC ad hoc topics (topic 25550), ..., Drpr30. Drsr also consists of 30 subset®rsr 1, - -,
we chose 30 keywords that appear in our data collection with high- D, s; 39. We take the number of nearest neighbors for the OLP!I
est frequencies, say; (: = 1,2,---,30). For each keyword;, and LPI algorithm to be 7.
let D; denote the set of the documents containifng Let D = For each document subsBt (or, Dorpr.i, Drpr.i, Drst.),
Dy U ---U Dso. Finally, we get 30 document subsets and each we evaluate the similarity measure between the documeris.in
subset contains multiple topics. Note that, these subsets are nofntuitively, we expect that similarity should be higher for any doc-
necessarily disjoint. The numbers of documents of these 30 docu-ument pair related to the same topic (intra-topic pair) than for any
ment subsets ranged from 256 to 805 with an average of 507, andpair related to different topics (cross-topic pair). Therefore, we
the number of topics ranged from 6 to 20 with an average of 16.7 adopted the average precision used in TREC, regarding an intra-
(Table 2). The reason for generating such 30 document subsets is taopic pair as a relevant document and the similarity value as the
split the data collection into small subsets so that we can compareranking score. Specifically, we denote py the document pair
our algorithm to LSI and LPI on each subset. In fact, the key- which has the-th highest similarity value among all pairs of doc-
words can be thought of as queries in information retrieval. Thus, uments in the document sé&;. For each intra-topic paipy, its
the comparison can be thought of as being performed on different precision is evaluated as follows:
queries [11]. . . .
__ #of intra-topic pairp; wherej < k

k

precision(pk)

Table 2: 30 document subsets

[ Query [ NumofDoc| Query | NumofDoc | The average of the precision values over all intra-topic paif9;in
air 658 impact 430 was computed as the average precisiogf Note that, the defin-
british 516 information 641 ition of precision we used here is the same as that used in [1][11].
building 356 legal 565
control 647 material 762
cooperation 348 money 805 5.2.3 Result
court 736 peace 600 The experimental results on similarity are reported in this sub-
decision 764 police 486 section. We compared OLP!I (corresponding to documeridsetp)
domestic 421 robert 351 to LPI dina to d t 5o LSl di
drug 584 TUSSia 513 0 (corresponding to document $@t 1), (corresponding
fire 320 school 440 to document seDy,s;) and the original document representation
food 494 smoking 256 (corresponding to document sBtas baseline algorithm). In gen-
growth 569 technology 349 eral, the performance of OLPI, LPI and LS| varies with the number
health 447 trade 622 £ di . Wi d thei It diff t di .
Ristory 77 Violence 349 of dimensions. We compared their results on different dimensions.
human 400 women 530 Figure 2 shows the average precision over 30 document sets (Ta-

ble 2) with different dimensionality reduction rates. In Figure 2(a),
the rate ranges from 0.3% to 100%. In Figure 2(b), the rate ranges
o from 0.3% to 10%. Figure 2(b) provide us with a better view of the
5.2.2  Similarity Measure performance changes when the dimensionality is small.

The accuracy of similarity measure plays a crucial role in most ~ As can be seen from Figure 2, the best performances of both
of the information processing tasks, such as document clustering,LPI and OLPI are better than baseline. However, the LPI is very
classification, retrieval, etc. In this subsection, we evaluate the ac- sensitive to the dimensionality, which makes the dimensionality es-
curacy of similarity measure using three different indexing algo- timation extremely crucial in LPl. When the dimensionality is in-
rithms, i.e. OLPI, LPI and LSI. The similarity measure we used is accurately estimated, the performance of LPI can be much worse

the cosine similarity.
For the original document sé?, we compute its lower dimen-
sional representation®or,pr, Drpr and Drs; by using OLPI,

than the baseline. The orthogonal basis functions of OLPI preserve
the metric structure of the document space. Moreover, it has more
locality preserving power (or, discriminating power) than LPI, as



we have shown in Figure 1. Also, it can be seen that, both LPI and ZZ @\ ® f“*&‘i’7“””""""'*—»w,,
OLPI outperform LS| when the dimensionality is small.

By using LPI or OLPI, we can obtain an extremely low dimen-
sional representation for documents, which might facilitate some
real world applications such as clustering, classification and re-

~
a

3
=)

—— OLPI

-3
IS

Average Accuracy (%)
o
a

trieval. And the insensitivity to the dimension makes OLPI more —— LPI T
applicable than LPI. = — Baseline ® Balie
pp sl
. . . . 50 55 —— Baseline
5.3 Discriminating Power N -
As pointed in [11], LPI is an unsupervised approximation to ° 2 omemsony L omemsoncn °
LDA algorithm which is supervised. Orthogonal LPI share the sim- (@) (b)

ilar objective function with LPI. It is intrinsically similar with LPI.
Thus Orthogonal LPI also has discriminating power. Meanwhile,
the orthogonal basis in OLPI make it less sensitive to the reduced

dirlnensionality. he d . d lack of label mances obtained by both LPI and OLPI are better than LSI.
n many cases, the data points (documents) may lack of la €IS. Also, OLPI is less sensitive to the dimensionality reduction rate
Specifically, for each data point, we do not know to what specific than LPI

topic it is related to. However, it might be possible to discover the

discriminant structure hidden in the data points. In other words, it

might be possible to know if two data points are related to the same e K-means after LSI (LSI)

topic. In the context of learning theory, it is often assumed that

if two pointsxi, X are close in the intrinsic geometry of the data e K-means after LPI (LPI)

space, then they are related to the same topic [5]. In this section,

we evaluate the discriminating power of OLPI, LPI and LSI. The

dataset we used here is the same as that used in Section 5.2.1.
For each document subset, we project the documents into a sub

space by using OLPI, LPI, LSI and baseline algorithm. For the ~ca two methods and the parameténumber of nearest neigh-

baseline algorithm, we simply use SVD to remove those compo- bors) was set to 7.

nents corresponding to zero eigenvalue. In other words, the base-

line algorithm preserves inner product and there is no information 5.4.1 Evaluation Metric

loss, while the dimensionality is reduced. ketienote the number

of data points in the subset amdlenote the number of semantic

classes contained in this subset. For each semantic clags, let

denote the number of data points in thth class. Le] the j-th

Figure 3: The average accuracies of LSI, LPI and OLPI vary
with the dimensionality reduction rate. The optimal perfor-

e K-means after OLPI (OLPI)

Note that, the two methods LPIl and OLPI need to construct a graph
‘on the documents. In this experiment, we used the same graph for

The clustering result is evaluated by comparing the obtained la-
bel of each document with that provided by the document corpus.
Two metrics, the accuracyA(C) and the normalized mutual in-

) ) | ‘ N formation metric (/1) are used to measure the clustering perfor-
sample in the-th semantic class. For each data paihtwe find its mance [22]. Given a document, let r; ands; be the obtained

pi nearest neighbors in the subspace. Among tpeskata points, cluster label and the label provided by the corpus, respectively. The
those sharing the same labelxfsare called relevant examples. 4« is defined as follows:

Thus, we can compute the accuracypms follows: n
P e IR

accuracy(x!) = # of relevant examples AC = "
) o pi wheren is the total number of documents afigk:, y) is the delta
Correspondingly, the average precision can be computed: function that equals one if = y and equals zero otherwise, and
1 . j map(;) is the permutation mapping function that maps each clus-
average accuracy = o Z Zpreczswn(xi) ter labelr; to the equivalent label from the data corpus. The best
T J

mapping can be found by using the Kuhn-Munkres algorithm [15].
As before, the accuracy varies with the dimensionality reduc-  Let C denote the set of clusters obtained from the ground truth
tion rates as shown in Figure 3. The rate in Figure 3(a) ranges from and C’ obtained from our algorithm. Their mutual information
0.3% to 100% and the rate in Figure 3(b) ranges from 0.3% to 10%. metric M I(C, C") is defined as follows:
As can be seen, the optimal performances obtained by both LPI and
OLPI are better than LSI. Also, OLPI is less sensitive to the dimen- MI(C,C') = Z
sionality reduction rate than LPI. Therefore, OLPI can work more
stably than LPI in the real world applications, such as document
clustering. wherep(c;) andp(c;) are the probabilities that a document arbi-
: : trarily selected from the corpus belongs to the clusterandc’;,
5.4 CIUStermg_ Eyaluatlon ] ) respectively, ang(c;, ¢;) is the joint probability that the arbit}rar-
Document clustering is one of most crucial techniques to orga- ily selected document belongs to the clusterss well asc; at

nize the documents in an unsupervised manner. In this Subsectionthe same time. In our experiments, we use the normalized mutual
we investigate the use of indexing algorithms for document cluster- jnformation 377 as follows:

p(Ci, CS)
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We chose K-means as our clustering algorithm and compared MI(C,C") = ¢.C)
four methods. These four methods are listed below: max(H (C), H(C"))

¢ K-means on original term-document matrix (K-means) - This  where H(C') and H(C") are the entropies of' and C’, respec-
method is treated as our baseline tively. It is easy to check thad/I(C,C") ranges from 0 to 1.
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Figure 4: The average accuracy and average mutual informationdr different number of classes. The clustering performance was
evaluated at different dimensionality (1~20) for LSI, LPI and OLPI. Both LPI and OLPI reach their best per formance at very low

dimensionality. After the optimal dimension, the performance of LA decreases drastically. For OLPI, its performance fluctuates
slightly and is always above the performance of the baseline. For LSthe clustering performance does not outperform the baseline.



