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Abstract The language modelling approach (Ponte and

Croft, 1998; Berger and Lafferty, 1999) proved very

Term translation probabilities proved an effective for the information retrieval task. Berger
effective method of semantic smoothing et. al (Berger and Lafferty, 1999) used transla-
in the language modelling approach. In  tion probabilities between terms to account for syn-
this paper, we use Generalized Latent Se- onymy and polysemy. However, their model of such
mantic Analysis to compute semantically probabilities was computationally demanding.
motivated term and document vectors. Latent Semantic Analysis (LSA) (Deerwester et
The normalized cosine similarity between al., 1990) is one of the best known dimensionality
the term vectors is used as term transla-  reduction algorithms. It computes a dual represen-

tion probability in the language modelling tation for terms and documents in a lower dimen-
framework. Our experiments demonstrate  sional space. The resulting document vectors reside
that GLSA-based term translation proba- in the space of latent semantic concepts which can

bilities capture semantic relations between  be expressed using different words. The statistical
terms and improve performance on docu-  analysis of the semantic relatedness between terms

ment classification. is performed implicitly, in the course of a matrix de-
composition.

. In this project, we propose to use a combina-

1 Introduction tion of dimensionality reduction and language mod-

Many recent applications such as document summSl-“ng to compute the similarity between documents.

rization, passage retrieval and question answerin® COmpute term vectors using Generalized Latent
>emantic Analysis (Matveeva et al., 2005). This

require a detailed analysis of semantic relations b hod based ¢

tween terms since often there is no large context thAt€to _US_TS _co—boccurrence ase measurles %_ se-

could disambiguate words’ meaning. mantl_c similarity etwee_n terms to compute low di-
tgensmnal term vectors in the space of latent seman-

Many approaches model the semantic similari Th lized : imilaritv b
between documents using the relations between i concepts. e normalized cosine similarity be-

mantic classes of words, such as representing d o
mensions of the document vectors with distribupmbab'“ty'

tional tgrm clusters (Bekkerman et al., 200_3) an% Term Translation Probabilities in
expanding the document and query vectors with syn-
onyms and related terms as discussed in (Levow et
al., 2005). They improve the performance on avThe language modelling approach (Ponte and Croft,
erage, but also introduce some instability and thus998) assumes that every document defines a multi-
increased variance (Levow et al., 2005). nomial probability distributionp(w|d) over the

ween the term vectors is used as term translation
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vocabulary space. Thus, given a queiy = Appropriately normalized values of the cosine sim-
(¢1,---,gm), the likelihood of the query is esti- ilarity measure between pairs of term vectors

mated using the document’s distributiop(q|d) = cos(¥, @) are used as the translation probability be-
[17" p(¢i|d), whereg; are query terms. Relevant doc-tween the corresponding termis|w).
uments maximize(d|q) « p(q|d)p(d). In addition, we used the cosine similarity between

Many relevant documents may not contain théhe document vectors
same terms as the query. However, they may con- o
tain terms that are semantically related to the query (divdi) = > > o B (@, ), 3)
terms and thus have high probability of being “trans- wed; ved;
lations”, i.e. re-formulations for the query words.

. d; d; .

Berger et. al (Berger and Lafferty, 1999) intro-wherea;i and3,” represent the weights of the terms
duced translation probabilities between words as & @ndv with respect to the documenis andd;.
way of semantic smoothing of the conditional word In this case, the inner products between the term

probabilities: vectors are also used to compute the similarity be-
tween the document vectors. Therefore, the cosine
A similarity between the document vectors also di-
d) = t(q; d). 1 .
p(ald) IZIwXJ; (gilw)p(w]d) @) rectly depends on the relatedness between pairs of
terms.

Each document word is a translation of the query  we compare these two document similarity scores
term g; with probability #(g;|w). This approach to the cosine similarity between bag-of-word docu-
showed improvements over the baseline languaggent vectors. Our experiments show that these two

modelling approach (Berger and Lafferty, 1999)methods offer an advantage for document classifica-
The estimation of the translation probabilities istjgn.

however, a difficult task. Lafferty and Zhai used
a Markov chain on words and documents to estk.2 Generalized Latent Semantic Analysis

mate the translation prObabi"tieS (Laﬁerty and ZhalWe use Generalized Latent Semantic Anajysis
2001). We use Generalized Latent Semantic AnalyG|SA) (Matveeva et al., 2005) to compute seman-
sis to compute the translation probabilities. tically motivated term vectors.

The GLSA algorithm computes term vectors for

_ _ the vocabulary of the document collectiéh with
We propose to use low dimensional term vectors fafgcapularyV using a large corpu$V. It has the
inducing the translation probabilities between termsq)owing outline:

We postpone the discussion of how the term vectors
are computed to section 2.2. To evaluate the validity 1. For the vocabulary words ii¥, obtain a ma-
of this approach, we applied it to document classifi-  trix of pair-wise similarities,S, using the large
cation. corpusW

We used two methods of computing the similar- _ _ _ _
ity between documents. First, we computed the lan-2- Obtain the matrixt/” of low dimensional vec-
guage modelling score using term translation prob- O SPace representation of terms that preserves
abilities. Once the term vectors are computed, the ~ the similarities inS, U” e RV

S_Iocum??t vector? are gﬁ”er‘;ﬂed as Ilnlear Corgbt'r??ﬁe columns ot/ arek-dimensional term vectors.
lons ot term vectors. erelore, we aiso used the step 1 we used point-wise mutual information

cosine similarity between the document vectors t?PMI) as the co-occurrence based measure of se-
pe\r/l:/orm classj[lflga;'aonl. gell fmantic associations between pairs of the vocabu-
€ computed the fanguage mogelling score o %ry terms. In our preliminary experiments, GLSA
test documend relative to a training document as showed a better performance when we used PMI
then with other co-occurrence based measures such
p(d|d;) = t(v|w)p(w|d;). (2) i x
(d]di) H Z (wlw)p(wld:) as the likelihood ratio, ang? test.

2.1 Document Similarity

veEd wed;



PMI between random variables representing two | Group | Group,

words,w; andws, is computed as | #L | t-idf | Glsa| LM g, || t-idf | Glsa| LM g4 |
ATy, 0) — o PWi=1,Ws=1) 100 [[0.58 [ 0.75] 0.69 [ 0.42 [0.48] 0.48
1 W2) =108 par P, = 1) 200 | 0.65 | 0.78| 0.74 |/ 0.47 | 0.52| 0.51

400 || 0.69 | 0.79| 0.76 0.51 | 0.56 0.55
We used the singular value decomposition (SVD) in1000 | 0.75 | 0.81 | 0.80 0.58 | 0.60 0.59

step 2 to compute GLSA term vectors. 2000 | 0.78 | 0.83 | 0.83 0.63 | 0.64 0.63
3 Experiments Table 1:%£-NN classification accuracy for 20NG.
The goal of the experiments was to understand o s e

= GLSA, = GLSAg = LM, » LMq

whether the GLSA term vectors can be used to
model the term translation probabilities success-
fully. We used a simple k-NN classifier and a basic
baseline to evaluate the performance. We used the
GLSA-based term translation probabilities within
the language modelling framework and GLSA doc-
ument vectors.

We used the 20 newsgroups data set because the

classification performance on this document Coneclfigure 1: k-NN classification accuracy with 400

tion can noticeably benefit from additional seman- = . . .
tic information (Bekkerman et al., 2003). For thetralnlng documents. Using cosine between GLSA
’ j c(lfcument vectors (GLSA) and the language mod-
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GLSA computations we used the terms that occurred,,. . LS

. elling score (LM) for similar and dissimilar news-

in at least 15 documents, and had a vocabulary orou S

9732 terms. We removed documents with fewertha% PS.

5 words. For the experiments reported here we used

2 sets of 6 news groupsGroup, contained doc- 3.2 Classification Experiments

uments from dissimilar news gl’O!jpSNi'[h a total \ye ran a k-NN classifier witk=5 on ten random

of 5300 documentsGroup; contained documents gpjits of the training and test sets, with different

from more similar news groupand had 4578 doc- numpers of training documents. The baseline was to

uments. use the cosine similarity between the bag-of-words

3.1 GLSA Computation documen_t ve_ctors weighted with tf-idf. We also l_JsepI
other weighting schemes such as maximum likeli-

To collect the co-occurrence statistics for the simip o4 ang Laplace smoothing but they did not im-
larities matrixS we used the English Gigaword col- prove the results on this data.

lection (LDC). We used 1,119,364 New York Times \ye computed the score between the training and

articles labeled “story” with 771,451 terms. We useqest documents using two approaches: the cosine

the Lemur toolkit to tokenize and index the doCU- gimilarity between the GLSA document vectors ac-

ment; we used stemming and a list of stop words._ cording to Equation 3 (denoted as GLSA), and the

_The co-occurrence counts can be obtained usifig,q;age modelling score which included the trans-
either term co-occurrence within the same documerlgtion probabilities between the terms as in Equa-

or within a sliding window of certain fixed size. tion 2 (denoted ad.M,,,). We used the term
In our experiments we used the window-based afoquency as an estié:?te fortw|d). To com-

proach with window of size 4. pute the matrix of translation probabilitigd, where
'os.ms, sports.baseball, rec.autos, sci.space, mistdors P[i][j] = t(t;|t;) for the LMy, approach, we first

religion-christian " _ obtained the matrix[i][j] = cos(f,t;). We set
politics.misc, politics.mideast, politics.guns, retigimisc, . . ...
religion.christian, atheism the negative and zero entries/hto a small positive

3http://www.lemurproject.org/ value. Finally, we normalized the rows Bfto sum



up to one. larger context is required to capture semantic sim-
ilarity between nouns than between verbs. There-
3.3 Results fore, different window sizes should be used for the

Table 1 shows the classification accuracy for th0-Occurrence computations. _
baseline (tf-idf), for the GLSA document vectors 10 extend this approach, we will use a combina-
with the GLSA-based term translation probabilitieghe document similarity. We will divide the vocabu-
(LMg.). For both groups of documents GLSAlary into general vocabulary terms and named enti-
andL My, outperform the tf-idf document vectors. ties and compute a separate s_imilarity score fpr each
As expected, the classification task was more diff the group of terms which will be combined in the
the advantage is more significant with smaller size§L-SA-based score together with syntactic similarity
ilar performance. GLSA outperformedM,,, on cabulary terms.

dissimilar newsgroups when the size of the training

set was small. We plan larger classification eXPeris farences

ments to evaluate the difference between these two
approaches. Ron Bekkerman, Ran El-Yaniv, and Naftali Tishby.
2003. Distributional word clusters vs. words for text

The performance of GLSA anfiM,,, peaked categorization.

when the dimensionality of the term vectors was .

300-500, which is in line with the results for otherAdam Blerger and _JOTn Laffler;y. 19;9- |n;0fhmazt|203 re-
trieval as statistical translation. oc. of the I

SVD—based_approaches (Deerweste_r et al., 1990). ACM SIGIR

When the highest accuracy was achieved at higher

dimensions, the increase after 500 dimensions wasott C. Deerwester, Susan T. Dumais, Thomas K. Lan-
rather small, as illustrated in Figure 1. dauer, George W. Furnas, and Richard A. Harshman.

. . - 1990. Indexing by latent semantic analysiSour-
These results illustrate that the pair-wise similar- g of the American Society of Information Science,

ities between the GLSA term vectors add important 41(6):391-407.
semantic information which helps to go beyond term

tchi d deal with d ool John Lafferty and Chengxiang Zhai. 2001. Document
matching and deal with synonymy and polysemy. language models, query models, and risk minimization

] for information retrieval. InProc. of the 24th ACM
4 Conclusion and Future Work SGIR, pages 111-119, New York, NY, USA. ACM
Press.
We have shown that the GLSA term-based docu- - )
na-Anne Levow, Douglas W. Oard, and Philip Resnik.

. i
m(?nt represe_r_mt_atlop and GLSA-based term tran?— 2005. Dictionary-based techniques for cross-language
lation probabilities improve performance on docu- jnformation retrieval. Information Processing and
ment classification. Management: Special Issue on Cross-language Infor-

The next stage of this project is to apply GLSA mation Retrieval.

toa subset of the VOC‘_abUIary terms. This _W'” Mak§ina Matveeva, Gina-Anne Levow, Ayman Farahat, and
this method computationally less demanding. More Christian Royer. 2005. Generalized latent semantic
importantly, it will denoise the pair-wise term sim- analysis for term representation. Pnoc. of RANLP.
ilarities. For the experiments reported in this pa:]ay M. Ponte and W. Bruce Croft. 1998. A language
per, GLSA term vectors were computed for all vo- modeling approach to information retrieval. Rnoc.
cabulary terms. However, different measures of of the 21st ACM SIGIR, pages 275-281, New York,
similarity may be required for different groups of NY, USA. ACM Press.
terms such as content bearing general vocabulaggigio L. Terra and Charles L. A. Clarke. 2003. Fre-
words and proper names as well as other named en-quency estimates for statistical word similarity mea-
tities. Furthermore, different measures of similar- sures. InProc.of HLT-NAACL.
ity work best for nouns and verbs. For example, a



