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Abstract

Methods for dimensionality reduction, notably LSA, have been
successfully applied to the information retrieval task and document
classification. Recently, corpus-based association measures such as
point-wise mutual information have been found to outperform LSA on
a variety of tasks. We have developed an algorithmic framework that
computes a low-dimensional vector space representation of documents
combining different measures of association with different dimension-
ality reduction techniques. Experimental results show a competitive
performance on the synonymy and text classification tasks.



1 Introduction

There is a wide range of applications that require comparison of text
data, such as information retrieval, information filtering and text clas-
sification. Here, we introduce Generalized Latent Semantic Analysis,
a framework which belongs to vector space model (VSM) methods.
Finding a meaningful vector space representation of text data is a dif-
ficult problem. Different approaches have been developed to overcome
the term independence assumption of the traditional bag-of-words
(BOW) representation [17] by such modifications of the representa-
tion space as using distributional term clusters to represent dimen-
sions [19, 3, 2] and expanding the document vectors with synonyms
and related terms, as discussed in [5, 11].

Multidimensional scaling (MDS) comprises a family of methods to
compute a vector space representation for data for which only pair-
wise similarities or dissimilarities are available. Latent Semantic Anal-
ysis (LSA) [8] is one of the best known MDS algorithms used in IR.
One of the advantages of the MDS framework is the ability to interpret
the dimensions of the resulting vector space as semantic concepts and
the fact that the analysis of the semantic relatedness between terms
is performed implicitly, in the course of a matrix decomposition.

LSA uses a particular term similarity measure for MDS. Our ap-
proach was motivated by the considerable interest in other co-occurrence
based measures of semantic relations between terms [22, 21, 6]. Corpus-
based association measures such as point-wise mutual information
have been found to outperform LSA on a variety of tasks [22, 13].

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

Our approach takes advantage of recent developments in many ar-
eas: availability of large document collections such as the Web and
successful use of point-wise mutual information as a term similarity
measure alternative to LSA, as well as development of new graph-
based dimensionality reduction algorithms. In this paper, we show
that GLSA algorithms, in particular a combination of point-wise mu-
tual information with metric MDS and Laplacian Eigenmaps Embed-
ding, achieve competitive performance on the synonymy and text clas-
sification tasks.



2 Dimensionality Reduction for Doc-
ument Representation

There has been a considerable amount of research on the use of di-
mensionality reduction techniques for document representation. We
briefly review some of the related approaches to motivate our method.
LSA makes the assumption that there is a latent semantic structure in
a given document collection which is often obscured due to synonymy
and polysemy [8]. LSA reveals the semantic structure and indexes
documents not by individual terms, but by latent semantic concepts
represented by them. There have been many attempts to improve
LSA performance on heterogeneous collections [1, 7].

The bag-of-concepts (BOC) vector space representation of docu-
ments was recently investigated by Sahlgren et al. [16]. This represen-
tation 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 docu-
ment vectors which overcomes the difficulties associated with the high
computational cost of the LSA decomposition.

LSA and RI were developed to compute a vector space represen-
tation of documents. They can also be seen as methods of obtaining
low-dimensional term vectors, but their duality often ties the com-
putation of term vectors to a particular document collection. Recent
applications of LSA, however, also concentrated on computing term
vectors using large collections. Document vectors for other collections
are constructed as linear combinations of LSA term vectors. Still,
LSA uses only one particular measure of term similarity.

Terms offer a much greater flexibility in exploring similarity re-
lations than documents. Semantic similarities between terms can be
analyzed using any large document collection such as the Web. The
Word Space Model (WSM) for word sense disambiguation developed
by Schuetze [18] is another special case of MDS which computes the
term vectors directly. Instead of using document co-occurrence statis-
tics, it uses term co-occurrence in the contexts of the most frequent in-
formative terms. Widdows used WSM vectors to represent documents
for IR and taxonomy induction [23, 24]. The similarities between any
given term and the most informative terms can be computed in a
number of ways, but usually normalized counts are used [18, 23]. LSA
and WSM differ in the way in which they obtain pair-wise term sim-
ilarities. After that, the eigenvalue decomposition of the similarities



matrix is used to obtain the term vectors.

One of the important issues that we explore here is which meth-
ods of obtaining corpus-based measures of term association can be
combined with MDS.

The similarity measure is not the only parameter in this setting,
one can also make use of various methods for dimensionality reduc-
tion. Laplacian Eigenmaps Embedding [4], Isomap [20], and Locality
Preserving Projections (LPP) [10] are examples of graph-based mod-
ifications of the MDS approach to dimensionality reduction.

We present Generalized Latent Semantic Analysis (GLSA) as a
framework for computing vector space representation of term vectors.
This framework generalizes the use of dimensionality reduction in two
ways. First, we consider different measures of semantic association
between terms and use co-occurrence counts computed using large
resources such as Web-based collections and the Web. Secondly, we
combine them with different dimensionality reduction techniques such
as the graph-based Laplacian Eigenmaps Embedding algorithm.

All algorithms within the GLSA framework deal with synonymy
and polysemy in the same way as LSA, by providing a similar notion
of extracting latent semantic concepts. For the term association mea-
sures we consider here, GLSA will compute a good embedding under
the same assumptions as LSA [14].

The rest of the paper is organized as follows. Section 3 contains
the outline of the GLSA algorithm, and discusses the methods of di-
mensionality reduction as well as the term association measures used
in this paper. Section 4 presents our IR experiments, followed by
discussion in section 5.

3 Generalized Latent Semantic
Analysis

3.1 GLSA Algorithm

The GLSA algorithm has the following steps. We assume that we have
a document collection C with N documents, with vocabulary size V.
We also have a large Web based corpus W.

1. Construct the weighted term document matrix Dy «n using C'

2. Obtain a matrix of pair-wise similarities Sy xv using W



3. Obtain a low dimensional vector space representation of terms
that preserves the similarities in 5, UkaV

4. Compute document vectors by taking linear combinations of
term vectors

D=UFD

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 use entropy-based weights
which have proven very effective in a number of applications, e.g. [9].

3.2 Measure of Semantic Association

To be able to apply the metric MDS as well as other dimensionality
reduction techniques, we first have to obtain a matrix of semantic as-
sociation between all pairs of vocabulary terms. There is a number
of well-established methods to compute collection-based term associa-
tions, such as point-wise mutual information, likelihood ratio, x? test
etc. [12]. These measures of pair-wise term associations have been
successfully applied to collocation discovery and semantic proximity
tests [12, 22, 21, 6, 24]. In the synonymy test [22, 21] these measures
are applied to a small number of carefully selected term pairs. This
is quite different from the GLSA situation when all pair-wise com-
parisons are needed. Therefore, we were interested in exploring the
possibility of using these similarity measures to compute the GLSA
similarities matrix.

We briefly describe the association measures that we used in our
experiments. We write the number of co-occurrences of terms = and y
as C'(x,y), the number of term occurrences as C'(x) and C(y), and the
total number of documents is N. The measures that we used serve
as a comparison test between the assumption that the terms occur
independently and the assumption that they are dependent.

3.2.1 2 test

The values assigned by this test are obtained from the 2-dimensional
contingency table associated with each term pair. Following Schuetze, [18],



we compute the following value:

&= N(NpyN_— — Ny N_;)?
(Nt + Ny ) (N N ) (N4 N ) (N N__)

where N++ = O(ZE,y), N+— = O(.’E) - O(ZE,y), N—+ = O(y) - O(ZE,y)
and N__ =N — N++ - N+_ — N_+.

3.2.2 Log Likelihood ratio

In this case the hypothesis of independence is tested under the assump-
tion of the binomial term distribution. H1 is that P(z|y) = P(x|—y)
and H2 is that P(z|y) # P(z|-y). These hypotheses determine the
parameters of the binomial distribution and so the likelihood L(H1)
and L(H2) of the data under H1 and H2 can be computed (see [12]
for details).

L(H1)

L(H2)

log A = log

Following the discussion in [12], we used the x?—distributed value of
—2log(\).

3.2.3 0Odds ratio

The odds ratio computes the ratio of the number of times that the
words occur together to the number of times the words occur individ-

ually.

odds ratio = M

C(x)C(y)

3.2.4 Point-wise mutual information

If we take a pair of vocabulary terms, x and y and map them into
binary random variables, X and Y, we can compute their point-wise
mutual information as the amount of information that an occurrence of
x contains about the occurrence of y. The PMI similarity is computed

as
P(X=1Y =1)

PMI(z,y) = log PX=1)PY =1)




3.3 PMI-based score

Turney [22] used statistical information from the Web to compute
point-wise mutual information (PMI) between vocabulary 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 be-
cause it has a number of successful applications. Lin and Pantel [13]
used PMI as a measure of term similarity to compute document clus-
ters, Chklovski and Pantel [6] use web-based PMI to extract semantic
relations between verbs. It also has been shown to perform better
than other statistical measures of association. Terra and Clarke [21]
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.

These researchers compared the performance of the synonymy ex-
traction task using the PMI score to that of using the cosine between
the LSA term vectors. As mentioned above, the LSA similarity mea-
sure is the inner product between term vectors in the space of docu-
ments. PMI can also be seen as the log of appropriately normalized
term vectors in the same space. However, LSA also performs a dimen-
sionality reduction which denoises the matrix of pair-wise similarities.
Nevertheless, a PMI-based score leads to better performance [22, 21].
Thus, we explore the possibility of a similar transformation of PMI-
based similarities in the GLSA framework.

4 Experiments

4.1 Synonymy Test

To have a quantitative evaluation of the GLSA term vectors, we first
used them on the synonymy test. Other researchers used this test for
the evaluation of the LSA and PMI-IR approaches, and we use their
results for comparision.

We used the TS1 and TS2 synonyms test. In the current version
of our system we do not handle multi-word expressions. Therefore, we
removed the quesitons that contained such expressions from our test
set. The resulting T'S1 test set contained 48 synonymy questions, the
TS2 test had 49 questions.



4.1.1 GLSA Collection

We used the English Gigaword collections (LDC), containing New
York Times articles from July 1994 to June 2002. We only used
the documents that had the label “story”; 1,119,364 documents with
771,451 terms.

4.1.2 Experimental Setting

We computed the pair-wise co-occurrence counts for all terms in the
synonyms test list using different window sizes. Then we computed
the matrix of PMI-based similarities and then the GLSA term vectors.
We computed the inner product between the term vectors in the same
synonymy quesition (between the term in question and the candidates)
and assigned the term with the highest similarity to be the answer.
In our preliminary experiments we first computed the GLSA vectors
using only the words from the tests. However, the vocabulary size was
very small (around 250 words) and the results were not much different
from the PMI score based results. After that we extended the space of
the vocabulary for which the GLSA vectors were computed to include
2000 most frequent terms from the English Gigaword collection. This
approach is similar to the Schuetze’s WordSpace approach [18] but we
used the primary similarity information between pairs of terms for the
following decomposition. The idea was that larger vocabulary space
gives a better similarity information. Below we report the results
based on the enlarged vocabulary spaces. The vocabulary size for the
TS1 test is 2128, for the TS2 it is 2120. We also tried to extend
the vocabulary using part of speech information and added only 2000
most frequent nouns as well as add more terms, but it did not affect
the results significantly and we do not report them here.

4.1.3 Results

We computed the precsion of the synonymy extraction test using T'S1
and TS2 collection using different parameters for computing the GLSA
vectors. As mentioned before, Terra and Clarke [21] performed similar
experiments using only co-occurence based association measuers such
as PMI, x? and log likelihood ratio. They achieved best results when
the co-occurence counts were computed using a sliding window of a
certain size and PMI was used as a measure of term association. To
be able to compare to their results, we computed the precision on TS1



Window Size | PMI(T&C) | PMI | GLSA
2 0.73 0.51 0.68
4 0.68 0.59 0.68
8 0.66 0.63 0.73
16 0.66 0.59 0.73
20 NA 0.59 0.69
32 0.70 NA NA

Table 1: Precision for the TS1 synonyms test. The maximum precision
obtained by Terra and Clarke is 73% (with window size 2).

and TS2 tests with different window sizes and used PMI-based GLSA
to compute the term vectors. Tables 1, 2 show the precion on each
test for three different settings. We computed the precision using only
the PMI score, similar to Terra and Clarke [21], the results are shown
in the column labeled PMI. Then we computed the precision using
the GLSApjys; term vectors, these results are shown in the column
labeled GLSA. In the columns labeld PMI(T&C) we show the best
results that were reported in Terra and Clarke [21] for comparision.
We would like to stress here that the experimental setting in this
paper and in Terra and Clarke paper are somewhat different. We
used a different corpus, of a different size and composition. We also
removed some of the questions from the test. So that the comparison
of results is only suggestive.

From tables 1, 2 it can be seen that GLSA achieves the same pre-
cision as Terra and Clarke [21] for TS1 and a much higher precision on
TS2. However, the results that we obtained using just the PMI score
are below those reported in Terra and Clarke [21]. GLSA significanlty
outperformes the PMI scores computed on the same collection.

Figures 1, 2 summarize the precision using different window sizes.
For GLSA here we report the best precision over different numbers
of embedding dimensions. Figures 3, 4 show the precision for the
GLSA terms only, using different number of dimensions. It can be
seen that GLSA outperformes both baselines at all window sizes that
we tried. The variation of precision at different numbers of embedding
dimensions is somewhat high for TS1 but much smoother for the T'S2
test.
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Figure 1: TSI test. Precision is computed using the co-occurence count, the
PMI score and the similarity between the GLSA vectors to find the synonym.
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Figure 2: TS2 test. Precision is computed using the co-occurence count, the
PMI score and the similarity between the GLSA vectors to find the synonym.
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Window Size | PMI(T&C) | PMI | GLSA
2 0.66 0.51 0.80

4 0.65 0.52 0.78

8 0.70 0.67 0.73

16 0.69 0.64 0.78

20 NA 0.69 0.75

256 0.75 NA NA

Table 2: Precision for the TS2 synonyms test. The maximum precision
obtained by Terra and Clarke is 75% (with window size 256).

4.2 Text Classification
4.2.1 Document Collection

For the text classification experiments we used the WebKB data set
containing 4518 web pages from different universities. We used the
web pages from the largest classes: student, faculty, course, project.
The vocabulary size for GLSA computations was 8224 terms (we used
only the terms that occurred in min 5 documents), 567 terms from
the WebKB collection did not occur in our English Gigaword corpus
and were discarded.

4.2.2 Experimental Setup

e Index the WebKB documents with the index obtained from the
English Gigaword collection

e Compute co-occurence statistics for the WebKB vocabulary terms
using the English Gigaword collection.

e Compute the GLSA_PM 1 term vectors

e Compute new document vectors

We used the libsvim package to do the classification task on the
WebKB data set. The report the classification accuracy computed
with the leave-one-out procedure. In all cases we scaled the entries in
the document vectors to be € [—1,1] and used the linear kernel that
has been shown to preform well on text data.

We ran three sets of the classification experiments: using the
GLSA-based document vectors, using document vectors indexed with

14



Language model | Vo | Vprunea | GLSA
ML 0.70 | 0.76 0.84

Table 3: Classification accuracy on the WebKB data set for the one vs. all
binary classification task. We assigned 1641 student pages to be one class,
2877 pages from other classes to be the other class. For GLSA the best
performance over all embedding dimensions is reported.

Language model | Vo | Vpruned | GLSA
ML 0.62 | 0.61 0.78
Laplace 0.61 | 0.60 0.79
Dirichlet 0.62 | 0.60 0.78

Table 4: F-score for the pairs test on the WebKB data set for three types of
document vectors.

a particular language model using all vocabulary terms, and using doc-
ument vectors indexed with a particular language model but omitting
the vocabulary terms that were not used for the GLSA computations.
We computed the term weights for the document vectors using the
maximum likelihood (ML) language model. Table 3 shows the result
for the binary classification task student pages vs web pages from all
other classes. It can be seen that the accuray is much higher when
the GLSA vectors are used.

4.2.3 Pairs Test

As a further estimation of the quality of the GLSA term and document
represtation we performed the pairs test, following Platt [15]. For each
of the 4199 labelled documents compute its nearest neightbour in the
embedded space, in terms of the cosine measure. A is the number of
such pairs that have the same labels, B is the number of pairs that
have two different labels. The F-score is computed as:

F —score = A/(A+ g)

The motivation is that documents that belong to the same class
are represtation we performed the pairs test, following Platt [15]simila
and therefore their vector representaitons should be similar as well.

Figure 5 shows the F-score with different numbers of embedding
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dimensions and three different language models. Again, the GLSA
term vectors improve the performance.

5 Conclusion

We presented an algorithmic framework of Generalized Latent Se-
mantic Analysis for computing a low dimensional vector space repre-
sentation for documents. This approach combines the insights from
Web-based synonymy extraction and dimensionality reduction for in-
formation retrieval.

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

One of the advantages of GLSA over LSA is that linguistically
well founded pair-wise similarity information for terms can be ob-
tained without using term-document vectors 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.

The GLSA term vectors were shown to improve performance on
different tasks such as synonymy test, nearest neighbor test and doc-
ument classification.
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