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ABSTRACT

Methods for dimensionality reduction, notably LSI, have
been successfully applied to the information retrieval task
and document classification on small document collections.
Since they involve a computation of the eigenvalue or sin-
gular value decomposition of a document-term matrix, their
use for large real world applications is somewhat limited.
In addition to it, the information about the term similar-
ity that these methods can use is inferred only from the
current document collection. We present an algorithm that
computes a low dimensional vector space representation of
documents using point-wise mutual information as a term
similarity measure. Point-wise term similarity can be com-
puted using any additional resources, such as the Web. Our
method uses the term by term matrix and can therefore be
applied to large document collections. Experimental results
show a competitive performance on the information retrieval
task.

1. INTRODUCTION

There is a wide range of applications that require compar-
ison of text data. Information retrieval, information filtering
and text classification are just a few of them. Our approach
can be placed among vector space model (VSM) methods to
information retrieval (IR) and text classification. The ap-
proach is to compute a vector space representation of the
documents and to use the inner product or cosine between
the document vectors as a measure of similarity between the
documents. Finding a meaningful vector space representa-
tion of text data is a difficult problem. Different approaches
have been developed to overcome the term independence as-
sumption of the traditional bag-of-words (BOW) [22] repre-
sentation by such modifications of the representation space
as expanding the document vectors with synonyms and re-
lated terms [6, 18], using n-grams and phrases [?, 7] as
well as distributional term clusters [24, 4, 3] to represent
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dimensions, just to name a few.

Multidimensional scaling (MDS) comprises a family of
methods to compute a vector space representation for data
for which only pairwise similarities or dissimilarities are avail-
able. Latent Semantic Analysis (LSA) [11] is one of the best
known MDS algorithms used in IR. One of the advantages of
the MDS framework is that the dimensions in the resulting
vector space can be seen as semantic concepts and that the
analysis of the semantic relatedness between terms is per-
formed implicitly, in the course of a matrix decomposition.
LSA was applied to the IR tasks, but it’s computational
cost seemed to be higher than the performance gain, so it
did not find a wide use in the IR community. The reason for
LSA performance, however, is the particular similarity mea-
sure that it uses rather than the idea to use dimensionality
reduction.

In this paper we investigate more general use of MDS for
a low dimensional vector space representation of vocabulary
terms. Generalized Latent Semantic Analysis (GLSA) is a
framework to combine different measures of semantic associ-
ation between terms and different methods of dimensionality
reduction.

Our approach takes advantage of recent developments in
many areas: availability of large document collections such
as the Web and successful use of point-wise mutual infor-
mation as a term similarity measure alternative to LSA, de-
velopment of new graph-based dimensionality reduction al-
gorithms, development of parallel linear algebra algorithms.
In this paper, we show that GLSA algorithms, in particular
a combination of point-wise mutual information to obtain
the similarities matrix and metric MDS achieve good per-
formance on the IR task.

2. DIMENSIONALITY REDUCTION FOR
DOCUMENT REPRESENTATION

There has been a considerable amount of research of how
to use dimensionality reduction techniques for document
representation.

LSA makes the assumption that there is a latent seman-
tic structure in a given document collection that is often
obscured due to synonymy and polysemy [11]. LSA reveals
the semantic structure and indexes documents not by indi-
vidual terms, but by latent semantic concepts represented
by them. There have been many attempt to improve LSA
performance [2, 10].



The bag-of-concepts (BOC) vector space representation
of documents was recently investigated by Sahlgren et al.
[21]. This representation is computed as Random Indexing
(RI) by projecting the BOW document vectors on random
low dimensional vectors. Sahlgren et al. introduce a new
method of iterative computation of the document vectors
that overcomes the difficulties associated with high compu-
tational cost of the LSA decomposition.

LSA and RI were developed to compute a vector space
representation of documents. They can also be see as meth-
ods of obtaining low dimensional term vectors but their du-
ality ties the computation of term vectors to a particular
document collection,

Terms offer a much greater flexibility in exploring similar-
ity relations than documents. Semantic similarities between
terms can be analyzed using any large document collection
such as the Web. The Word Space Model (WSM) developed
by Schuetze [23, 29] for word sense disambiguation is an-
other special case of MDS that computes the term vectors
directly. Instead of using document co-occurrence statis-
tics, it uses term co-occurrence in the contexts of the top
most frequent informative terms. Widdows [29] used WSM
vectors to represent documents for IR, but restricted their
computation to the given document collection. The similar-
ities between the terms and the top informative terms can
be computed in a number of ways, but usually normalized
counts are used [23, 29]. Schuetze experimented with dif-
ferent term association measures but found that normalized
counts give best performance [23, 29]. LSA and WSM differ
in the ways their obtain pair-wise term similarities. After
that the eigenvalue decomposition of the similarities matrix
is used to obtain the term vectors.

Our approach was in part motivated by the large amount
of interest for using large Web-based document collections
to analyze semantic relations between terms such as syn-
onymy [28, 27, 8]. Interestingly, Steyvers et al. [25] use
MDS for term representation but used human judgments
to obtain a similarities matrix. MDS preserved similarities
expressed in the input matrix, as will be discussed below
in detail, and their experiments confirmed that this math-
ematical property of MDS carries out to preserving human
association judgments. One of the important issues that
we explore here is what methods of obtaining corpus-based
measures of term association can be combined with MDS.

Similarity measure is not the only parameter in this set-
ting, one can make use of different methods for dimensional-
ity reduction as well. Laplacian Eigenmaps Embedding [5],
Isomap [26], Locality Preserving Projections (LPP) [16] are
examples of graph-based modifications of the MDS approach
to dimensionality reduction. Latent Dirichlet Associations
(LDA) [7] algorithm offers a method for computing term
vectors within a generative language model based on the
idea of latent semantic analysis.

Within the Generalized Latent Semantic Analysis (GLSA)
framework we focus on the vector space representation of
term vectors. This allows us to generalize the use of dimen-
sionality reduction in two ways. First, we consider differ-
ent measures of semantic association for the term similarity
matrix. We no longer consider term-document matrix com-
puted used some particular document collection. Instead,
we construct the term similarities matrix using such large
resources as the Web and then use the term vectors to rep-
resent the document in any given collection.

Second, we propose the use of different dimensionality re-
duction techniques. The vocabulary size is in many cases
smaller than the size of the document collection. Thus, we
can use metric MDS as well as the new graph-based algo-
rithms, such as Laplacian Eigenmaps Embedding.

All algorithms within the GLSA framework deal with syn-
onymy and polysemy in the same way as LSA, by providing
a similar notion of extracting latent semantic concepts.

The rest of the paper is organized as follows. Section 3
contains the outline of the GLSA algorithm, and discussed
the method of dimensionality reduction and term association
measure used in this paper. In section 4 presents the results
of the IR experiments followed by discussion in section 5.

3. GENERALIZED LATENT SEMANTIC ANAL-

YSIS
3.1 GLSA Algorithm

As noted above, we take a different approach to comput-
ing a vector space representation of documents by generating
the term vectors first. The GLSA algorithm has the follow-
ing steps. Assume that we have a document collection C'
with N documents that we would like to used for IR, the
vocabulary size for this collection is V. We also have a large
Web based corpus W.

1. Construct the weighted term document matrix Dvyxn
using C

2. Obtain a matrix of pair-wise similarities Svyxv using

w

3. Obtain a low dimensional vector space representation
of terms that preserves these similarities, Ukxy

4. Compute document vectors by taking linear combina-
tions of term vectors

D=U,D

The columns of D are documents in the k dimensional
space

It is evident from the above description that this approach
can be combined with any kind of similarity measure on
the space of terms as well as any method of dimensionality
reduction. The traditional term document matrix is used in
the last step to provide the weights in the linear combination
of term vectors. We used entropy-based weights that proved
very effective in a number of applications, eg [12].

As mentioned above, to be applicable to the informa-
tion retrieval task, an algorithm should have a procedure
of folding-in out-of-collection document, i.e. of computing
a vector space representation of queries in the same space
as document vectors. Since GLSA computes term vectors,
query vectors are obtained in the same way as document
vectors, namely as linear combination of term vectors.

The construction of document vectors as weighted linear
combinations of the term vectors is an established proce-
dure, used by Choi et al. [13] in the LSA setting, in
the Word Space model by Schuetze [23], and recently by
Sahlgren et al. [21].

We will briefly discuss two methods of dimensionality re-
duction that we used in the paper: classical metric MDS
[9] and Laplacian Eigenmaps Embedding [5] as well as some



measures of term association. We are currently working on
extending our system for combine more different techniques.

3.2 MDS

The classical MDS approach begins with a matrix of pair-
wise distances or dissimilarities and to compute a vector
space representation so that the distances between the re-
sulting vectors are close to the original dissimilarities [9].
Thus, one can obtain a vector space representation for the
data for which there is no meaningful a priori vector space
representation. The classical MDS method uses the dissim-
ilarities to compute a similarities matrix. Therefore, we can
apply MDS if we begin with a matrix of pairwise similarities.

Eckart and Young [14] have shown that given any matrix
X and its singular-value decomposition

X =Uzv7,
the matrix
X = UkEkVT

obtained by setting all but the first £ diagonal elements in
3 to zero is the rank k£ matrix that minimizes

1X — Xll7

U and V are column orthogonal matrices containing the
left and the right singular vectors, respectively. ¥ is a di-
agonal matrix containing the singular values sorted in the
decreasing order.

If we take X to be a symmetric positive semi-definite ma-
trix , for instance a matrix of inner products between the
data points, the left singular vectors in U are the eigenvec-
tors of X and the diagonal elements in ¥ are the correspond-
ing eigenvalues. In other words,

X =UxU",

In this case we can assume that there is a vector space rep-
resentation of the data such that the inner products between
the data vectors correspond to the entries of X: X = DDT.
If we require the data vector to have dimensionality k, we
are looking for the best rank k approximation to X in term
of the Frobenius norm:

min||X — DD"||%
It can be seen from the above, that vector space represen-
tation of the data that best preserves the original similarities
1
in X is given by the first k eigenvectors of X: D = U,X2.

3.2.0.1 GLSA with MDS.

There is one issue about using MDS in our approach that
should be addressed. In the experiments presented in the
following sections, the term similarity matrix S contains the
PMI scores for each pair of terms:

S[illj] = PMI(ti, ;).

The k dimensional term vectors are obtained from the
eigenvectors of S:

D=Un?
Clearly, S has to be positive semi-definite (psd) for this

approach to work. Generally, the matrix S may not be pos-
itive semi-definite. However, T. Cox and M. Cox mention

that in practice MDS can be applied to non-psd matrices as
well. If the negative eigenvalues are small in absolute value
they make no significant contribution to the values of dis-
tance and inner product in the MDS space and can safely
be ignored ( [9], p. 37). This is particularly true, when one
the first £ largest eigenvalues are used. In either case, the
number of dimensions of the MDS space is the limited to
the number of positive eigenvalues.

3.3 Laplacian Eigenmaps Embedding

The Laplacian Eigenmaps Embedding [5] algorithm has
the following setup. We are given n data points as vectors
in RY zi,...,z, that belong to k dimensional manifold M
embedded in RY. The goal to find a lower dimensional
representation for these points y1, ...,y € R®, where k < N.
First, a neighborhood graph of the data is constructed. In
the simplest case, it is a n-nearest neighbors graph G =
(V,E). The adjacency matrix W can contain either binary
or any real weights associated with the edges. The local
similarities can be inferred from the adjacency matrix. The
value Wi][j] is non-zero if the corresponding data points are
similar. The graph Laplacian L is computed as L =D — W,
where D is a diagonal matrix and D[i][¢] = >_; W[i][j].

The main contribution of this approach is that introduces
the notion of preserving the similarity only locally. This
can be seen from its objective function. The problem is to
minimize under certain constraints

min Z [ly: — y]||2W[Z][.7]

There is a penalty if similar point have such a represen-
tation that maps them far apart. The eigenvectors of the
Laplacian of the graph are used as a new representation of
the data.

The input to this algorithm is the adjacency matrix of
the data. In our case, the data point are terms and the
adjacency matrix can be constructed using pair-wise term
similarity. Thus, we can use this algorithm instead of MDS
to compute a low dimensional vector space representation
for terms.

3.4 Measure of Semantic Association

GLSA focuses on the vector space representation of the
vocabulary terms. To be able to apply the classical MDS as
well as other dimensionality reduction techniques, we first
have to obtain a matrix of semantic association between
pairs of terms.

There is a number of well established methods to com-
pute collection-based term associations, such as point-wise
mutual information, likelihood ratio, x? test etc. [19]. All
these measures suffer from data sparsity, the availability of
large collections such as the Web, however, might help to
alleviate this problem. The main applications of these mea-
sures of pair-wise term associations were collocation discov-
ery and semantic proximity tests [19, 28, 27, 8, 30]. In the
synonymy test [28, 27] these measures are applied to a small
number of carefully selected term pairs which is quite differ-
ent from the GLSA situation when all pair-wise comparisons
are needed. We were interested in exploring the possibility
of using these similarity measures to compute the GLSA
similarities matrix.

We used the following three association measures that are
based on the term co-occurrence statistics. We write the



number of co-occurrences of terms z and y as C(z,y), the
number of term occurrences as C(z) and C(Y), the total
number of documents is V. All the measures that we used
serve as comparison test between the assumption that the
terms occur independently and the assumption that they are
dependent.

3.4.1 x?test

The values assigned by this test are obtained from the
2-dimensional contingency table associated with each term
pair. Following Schuetze, [23], we compute the following
value:

= N(Ny4N-— — Ny_N_4)?
(Ngg + Ny )(No g N2 ) (N Nog ) (N4 - N2 )

where Ny = C(z,y), Ny— = C(z) — C(z,y), N-y =
Cly)—C(z,y) and N._ =N — Nty — Ny_ — N_,.

3.4.2 Log Likelihood ratio

In this case the above two hypothesis are tested under
the assumption of the binomial term distribution. H1 is
that P(z|y) = P(z|-y) and H2 is that P(z|y) # P(z|~y)-
These hypothesis determine the parameter of the binomial
distribution and so the likelihood of the data under H1 and
H2 can be computed as L(H1) and L(H2), see [19] for
details.

L(H1)
L(H2)

Following the discussion in [19], we used —2 * log(}\).

log A = log

3.4.3 Point-wise mutual information

If we take a pair of vocabulary terms, ¢; and ¢ and map
them into binary random variables, X and Y, we can com-
pute their point-wise mutual information as the amount of
information that occurrence of t1 contains about the occur-
rence of t2. X equals 1 is ¢; appears in a given document
and equals 0 otherwise. The PMI similarity is computed as

PX=1Y=1) _
P(X=1)P(Y =1)

PMI(t1,t2) = log

P(Y]X)

1 i Sl

P(Y)

3.4.4 PMI-based score

Turney [28] used statistical information from the Web to
compute point-wise mutual information (PMI) between vo-
cabulary terms and obtained better results on the synonyms
test than LSA. In this paper, we are particularly interested
in PMI as a term similarity measure because it has a number
of successful applications. Lin and Pantel [20] used PMI as
a measure of term similarity to compute document clusters,
Chklovski and Pantel [8] use web-based PMI to extract se-
mantic relations between verbs. It also has been shown to
perform better than other statistical measures of associa-
tion. Terra and Clarke [27] studied a number of different
measures of word association computed using a terabyte-
size corpus of Web data applied to the synonyms task and
showed that PMI achieves the best results.

Manning [19] observed that one of the weaknesses of
PMI is that the measure of dependency between pairs of

dependent terms is influenced by the individual counts of
the terms, as the terms get rare, the dependency measure
increases. This may not be optimal for collocation discovery.
It would be interesting to understand whether large corpora
help to alleviate this problem and whether this property of
PMI makes is particularly suitable for GLSA.

The above approaches consider pairs of words and use
PMI as association measure. We use PMI to obtain a ma-
trix of pair-wise term similarities and apply dimensionality
reduction to compute term vectors.

3.5 Low-dimensional Term Vectors

In the experiments presented in this paper we used used
classical MDS [9] and Laplacian Embedding algorithm [5]
to compute a vector space representation for terms.

In particular, we performed step 3 in the following two
ways.

1. Step 3 with MDS

e Compute the eigenvalue decomposition of S
S=Uuzu”

e Take the k eigenvectors corresponding to the k
1

largest eigenvalues, Ug. The rows of U,X?2 repre-
sent the term vectors in the k dimensional space

2. Step 3 with Laplacian Embedding

e Compute the nearest neighbors adjacency matrix
W, W[i][j] > 0 if terms 4 and j are similar

e Compute the diagonal degree matrix D, D[i][i] =
> im W)
e Compute the graph Laplacian L, L=D — W

e Compute the eigenvectors of L
LU =\U

e Take the k eigenvectors corresponding to the k
smallest eigenvalues, U,. The rows of Uj repre-
sent the term vectors in the ¥ dimensional space

In the first case, we obtain term vectors that best preserve
pair-wise similarities in S, in the second case we obtain term
vectors that are close if their corresponding similarity value
in S is large.

The advantage is our approach is twofold. First, we begin
with a term similarity matrix to compute a vector repre-
sentation for terms based exclusively on this matrix. PMI
has been shown to be a good term similarity measure in a
variety of applications. In addition to it, our approach only
requires an eigenvalue decomposition of a term by term ma-
trix. The size of the vocabulary is usually much smaller
than the collection size. More importantly, the PMI score
can be computed using any other resources apart from the
document collection.

4. EXPERIMENTS

In the experiments reported here we used a Web-based
collection with 4,428,708 documents.



4.1 Term Co-occurrence Counts

We computed the vocabularies for each of the collections
and for each pair of terms z and ¥y, we obtained the counts
C(z,y), C(z) and C(y) using the documents in the collec-
tion. Based on these counts, we computed similarity matri-
ces using different measures of terms association. We then
used MDS and Laplacian Embedding to obtain term vectors.
The rest of the procedure is as outlined in 3.1. The pair-
wised term co-occurrences can be computed in two ways.
One approach is to count the number of documents in which
the terms co-occurred. This corresponds to using the AND
operator available in many search engines. The other ap-
proach is to restrict the co-occurrence of two terms to a
window of a particular size. In this case, NEAR operator
can be used. Turney [28] showed that the use of NEAR
can lead to a substantial performance improvement. In the
experiments reported in this paper we obtained the counts
using AND and NEAR operators, for NEAR we used a win-
dow of size 16. Yet another method would be to use sliding
windows of certain size to count the number of “close” co-
occurrences of term pairs, as in [27]. Since it accounts for
a number of times term co-occur in a particular document
and for terms frequencies in the documents, this method can
be similar to applying the popular tf-idf weighting scheme
[17] . We are currently extending our system to include this
method. Unless stated otherwise, we use PMI as the term
association measure.

4.2 Retrieval Experiments

Data | TM LSA GLSAwmbps
T (1[I [I [ 0
Med 0.59 || 0.46 | 0.71 || 0.65 | 0.59
CISI 0.23 || 0.26 | 0.17 || 0.19 | 0.14
CACM | 0.27 || 0.36 | 0.29 || 0.24 | 0.19
CRAN | 042 || 045 | 0.45 || 0.37 | 0.31
TIME | 0.69 || N/A | 0.68
NPL 0.21 || N/A | 0.18
ADI

Table 1: Performance comparison of term match-
ing (TM), LSA, GLSAumps with and without stem-
ming, ”I” and ”II”, respectively. We show the best
performance over different numbers of dimensions,
where appropriate. We used the AND operator for
GLSAMDs.

[ Data ]| AND(II) | NEAR() |

Med 0.59 0.63
CRAN | 0.31 0.40
CACM || 0.19 0.23

CISI 0.14

Table 2: Performance comparision for preprocessing
modus ”II” with stemming and operators AND and

NEAR.

technical. We are currently working on including a back-

We compared the performance of GLSA with MDS (GLSAups)off to the Web in cases when we need counts for a word

and the GLSA with Laplacian Embedding (GLSALg) with
LSA and PLSA using four medium sized document collec-
tions: MED (1033 document abstracts from the National Li-
brary of Medicine, CRAN (1400 documents from the Cran-
field Institute of Technology), CISI (1460 abstracts in li-
brary science from the Institute for Scientific Information)
and CACM (3204 abstracts of articles of Communications
of ACM). Each of these document collections has a number
of queries and the relevance information. For each query we
compute the values of precision and recall using the stan-
dard 11 points. The precision values are averaged over all
queries and used for performance comparison. We report
the average of precision at 0.2, 0.5 and 0.7 levels of recall.

4.3 Data Preprocessing

We constructed the term-document matrix for each of
the document collections using the standard preprocessing
methods such as stop word removal. We split compound
words that contain “-” and kept only words that did not
contain special characters. One of the important choices
was to use either unstemmed or stemmed words for index-
ing. We used both approaches in the experiments reported
here. Cases when no stemming was applied are marked with
“I”, and the cases with stemming are marked with “II”.

4.4 Out-of-vocabulary Terms

At this stage of the development of our system, we use
the fixed Web-based collection we described above. Since
we work with two sets of the vocabulary terms: from the
standard collections (retrieval) and the Web-based collection
(term counts) it may happen that we need counts for terms
that are not present in the Web-based collection. This could
be expected since some of the standard collections are very

that is not present in our Web-based collection. Since we
only need ratios of counts, the information about the terms
co-occurrence from multiple sources can be combined easily.

4.5 Computational Complexity

The main part of the GLSA algorithms is to compute
the eigenvalue of the terms similarity matrix. We used the
PLAPACK package * to do this computation. Bientinesi
et al. [1] report that they could compute an eigenvalue
decomposition of a 128,000x128,000 dense matrix on a 256
processor machine with 2 Gbytes of memory per processor
in 8 hours and 24 minutes. While this amount of computa-
tional resources may be available for example through Tera-
Grid 2, the vocabulary size of many real-world collections is
still much larger and might include over a million of words
(TREC collections).

One of the possible solutions to this problem is to use
a subset of the vocabulary that contains semantically most
informative words for the dimensionality reduction, for ex-
ample as it was done recently by Griffiths et al. [15].

5. DISCUSSION

Table 1 shows the average precision for term matching
(TM) as baseline, for LSA, GLSAmps using the best val-
ues over a range of embedding dimensions. We also exper-
imented with the operators AND and NEAR for obtaining
the term counts. GLSA shows a competitive performance
compared to LSA. The results we obtain for LSA are very
similar to those reported elsewhere for log-entropy weight-

'PLAPACK package is
http://www.cs.utexas.edu/users/plapack/
*http:/ /www.teragrid.org/

available at



| Data | PMI | x°
Med(NEAR) || 0.63 | 0.49
Med(AND) 0.59 | 0.53

CRAN(NEAR) [ 0.40 | 0.26
CRAN(AND) | 0.31 | 0.28

| Log L |

Table 3: Performance comparision for different as-
sociation measures.

Data GLSAyps GLSALE
AND | NEAR | AND | NEAR

Med 0.59 | 0.63 0.60 0.60
CISI 0.14 0.22
CACM || 0.19 | 0.23 0.19 0.23
CRAN | 0.31 | 0.40 0.39 0.39

Table 4: Performance comparison of GLSAyps and
GLSALE using preprocessing with stemming, AND
and NEAR operators.

ing scheme used here [12]. These results show that GLSA’s
performance trend is similar to that of LSA. LSA achieves a
large improvement for the MED collection, but is not better
then term matching for CISI. These experiments also showed
us what extensions of our system would be most valuable for
GLSA performance. We discuss some of them below.

Since term matching and LSA use only one document col-
lection, the use of stemming does not make much difference
and we only report the results when stemming was used.

These results show that the data preprocessing is very im-
portant when two collections are used. It seems that the per-
formance without stemming is better. However, it is clear
that in both cases the counts are biased and we are currently
working different preprocessing formats for the Web-based
collection to ensure that we obtain unbiased counts with
stemming.

We are also working on the problem of out-of-vocabulary
terms. We had a number of terms in each of the stan-
dard collections for which we could not obtain co-occurrence
counts. In many cases these are technical terms such as
“benzpyrene”, "homotransplantation”. We believe that the
performance of GLSA will improve when we implement the
back-off to the Web (Google returned 8,340 documents that

contain “benzpyrene” and 7,150 for ”homotransplantation”).

Using the preprocessing with stemming, we evaluated the
influence of AND and NEAR operators for obtaining the
terms co-occurrence counts. Table 2 contains the results.
Similar to findings of Turney [28] and Terra and Clarke
[27], the use of NEAR operator leads to an improved per-
formance.

Table 3 shows the results when different association mea-

[ Data [ AND(T) | NEAR(D) |

Med 0.65 0.60
CRAN || 037 0.39
CACM || 0.24

CISI 0.19

Table 5: Performance comparision for preprocessing
modus ?I” without stemming and operators AND
and NEAR.

sures are used. As expected, GLSA with PMI shows the
best performance. Interestingly, chi® has the opposite per-
formance trend to PMI, the use of the NEAR operator hurts
the performance.

Table 4 shows the result when MDS and Laplacian Em-
bedding algorithms are used to perform dimensionality re-
duction. It can be seen that the Laplacian Embedding term
vectors have very similar performance to MDS. However,
the Laplacian Embedding offers big computation advantage
over MDS. When metric MDS is used, the eigenvalue decom-
position is done for the dense similarities matrix whereas in
the Laplacian Embedding algorithm the eigenvalue decom-
position is done for a very sparse graph adjacency matrix.
‘We used normalized Laplacian, see [5] for details, in our ex-
periments. Due to the relation between the Laplacian Em-
bedding and MDS, this can be seen as a principled why to
sparsify the originally dense matrix of pair-wise similarities
by setting the entries for all but the top n most similar terms
to zero. This embedding algorithm also offers a good way
of using such association measures as x> and log likelihood
rations where not the actual computed values are useful but
the indication of whether the hypothesis of independence is
rejected.

6. CONCLUSION

We presented an algorithmic framework of Generalized
Latent Semantic Analysis for computing a low dimensional
vector space representation for documents. This approach
combines the insights from Web-based synonymy extraction
and dimensionality reduction for information retrieval.

We consider document vectors to be a linear combination
of low dimensional term vectors. A low dimensional vector
space is computed using the point-wise mutual information
or other corpus-based measures of semantic association be-
tween terms as similarity measure. Once we have pair-wise
similarity information, we can apply MDS or any other di-
mensionality reduction method to obtain term vectors.

One of the advantages of GLSA over LSA is that lin-
guistically well founded pair-wise similarity information for
terms can be obtained without using term-document vec-
tors explicetly. Consistent with other research we found
that point-wise mutual information (PMI) is well suited for
this application. Semantic relationship between terms is not
dependent on a particular document collection, so we can
use additional resources such as the Web to refine our PMI
computations.

We are planning to carry out a similar performance com-
parison between our method and LSA, PLSA using large
document collections from Trec and CLEF. Since with our
method we can combine different approaches to obtaining
term similarities and dimensionality reduction, we also want
to investigate what term similarity measures other than PMI
can be used and use different dimensionality reduction tech-
niques.
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