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This paper presents a method to retrieve example sentences from Reuters’96 articles to WordNet The-
saurus based on clustering of similar words proposed by (Lin,1998). We first classified words into
groups with similar meanings based on distributional pattern of words from corpus. Then, we assigned
Reuters’96 sentences which contained each word from corresponding groups to example sentences of each
word sense from WordNet Thesaurus by measuring the similarity between both sentences. We evaluated
sentences retrieval results against 10 groups of similar words. The evaluation results showed that from
1,177 example sentences retrieved, 964 sentences accommodate the same sense of corresponding words
with precision value of 81.9%.
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(1-3) The council had to balance its books.
(ledger, account)

(1-4) They run things by the book around here.
(law, rule book)

1 Introduction

Polysemy is rarely a problem for communication
among people. However, polysemy poses a
problem in semantic theory and in semantic appli-

The word “book” here represents a few different
senses in each sentence according to which word

cations, such as translation or lexicography. Iden-
tifying the intended sense of a polysemous word in
context is a complicated process as each context
alters the sense of the words found in it. Consider
the following example of sentence:

(1-1) He published his first book in 2006.
(novel, storybook)

(1-2) He jotted something in the book.
(notepad, diary)

meanings interact when found together in a par-
ticular context.

Bootstrapping semantics from text consisting
polysemous word is one of the greatest chal-
lenges in language technologies especially in ma-
chine translation and cross-language informa-
tion retrieval. The nature of polysemy; form-
ing new senses or larger syntactic units of words
when combined with others, often cause the phe-
nomenon of semantic ambiguity. Therefore, the



context in which the word is appeared is impor-
tant in order to determine the intended sense of
word the sentence is referring to.

This paper presents a method for making this
initial step. Our goal is to retrieve large number
of contexts or example sentences for each word
sense by proposing a new method to improve the
retrieval of these sentences. Here, we used distri-
butional pattern of words in corpus. Consider the
sentence (1-1). The word “publish” determines
that the sense of “book” is referring to “novel” or
“storybook” in the context. Therefore, if the word
“book” here is replaced by the word “storybook”
or “novel”, the meaning of the word sense and the
sentence still remain the same. Therefore, we as-
sume that the words with similar meaning share
similar context and grammatical relationship in
sentences.

In this paper, in order to retrieve large num-
ber of sentences for each word sense, we sug-
gest example-assignment to WordNet Thesaurus
based on a group of similar words. According
to the previous example, similar words that be-
long to the same sense of word “book” here are
“novel”, “storybook” or “tome”. Instead of re-
trieving sentences that only contains the word
“book”, we also retrieve sentences which contain
the words of “novel”, “storybook” and “tome” ,
as shown in the following example:

(2-1) He published his first book in 2006.

(2-2) The descriptions in the published
novel remain superficial.

(2-3) 20 stories were published in our children
storybook.

(2-4) The company agreed to publish my tome.

From this example, we can see that a large num-
ber of corresponding contexts or sentences can be
retrieved from the same corpus. The next sec-
tion will describe in detail regarding the similar-
ity measure for similar words clustering. Then,
in Section 3, we present a similarity measurement
for example-assignment. Next, we review the re-
sult of similarity words clustering and example-
assignment in Section 4. Section 5 briefly reviews
some of previous related works. Finally, Section
6 will discuss our future work in word sense dis-
ambiguation (WSD) and summarize our method.

2 Clustering of  Similar
Words

Our similarity measure for similar word cluster-
ing is based on proposal in (Lin,1998) [1]. Pre-
cisely, the similarity between two words is mea-

sured based on the amount of commonality in-
formation in the description shared between the
two words. The information of each word is de-
termined according to its grammatical relation-
ship with other words in the text corpus. Thus,
we use a broad-coverage parser to extract depen-
dency triple, which consists of two words and a
grammatical relationship between them from an
input sentence [2]. The example of dependency
triples extraction in sentence is shown in Table 1.

The amount of information in the description
of a word, w consists of all dependency triples
that match the pattern (w,*,*). Here, wild card
(*) indicates that the frequency count will include
all the triple dependency triples that matches the
particular pattern. Let the notation ||w,r,w’|| rep-
resents the frequency count of dependency triples
(w,rw’). || cook,0bj,*||, for example, defines the
frequency counts of cook-object relationship , and
[I*,*,*|| defines the total frequency of dependency
triples extracted from the parsed corpus.

The similarity of two words is measured based
on commonality of information between those
words. Meanwhile, the commonality of informa-
tion between two words is determined according
to the frequency of dependency triples that be-
long to both words. An occurrence of dependency
triple (w, r, w’) is composed by the following
three co-occurrence events:

A : randomly selected word, w
B: randomly selected dependency type, r
C: randomly selected word,w’
The probability of A,B and C co-occurring is es-
timated by

Pryre(B)Pyre(A|B)Pyre(C|B)

Where Py g is the maximum likelihood estima-
tion of a probability distribution and

*, T, %
Prave(B) = H
w7r7* |
Puss(AlB) = 2
*, 7w
Prre(C|B) = l“"*“T*—””

When the value of || w,r,w’ || is known, we can
obtain Py (A, B,C) directly:

[ w,rw |

PMLE(A7BvC): ||* * *“

Let I(w,r,w’) denotes the amount of informa-
tion contain in ||w,r,w’||=c and can be computed
as follows:



Table 1: Example of dependency triples

Sentence:

He published his first book in 2006

Dependency triples:

(publish, subj, he), (publish, obj, book), (book, gen, his),
(book, post, first), (book, mod, in), (in, pcomp-n, 2006)

I(w,r,w')
= —logPr1E(B)Prre(A|B)Pyre(C|B)
—(—logPure(A, B,C))

Il w, 7, w' “ X ” *, T, * “

= log

“ w, T, * ” X “ *, 7, W “

Let T(w) be the set of pairs (r,w’) such that
[lw,rw’ || x ] *,7%]]
lw,r*[[x [, rw’]]
two words, STM (wy,ws) is defines as follows;

log is positive. The similarity of

Z(r,w)ET(wl)ﬂT(wz) (I(wh Ty UJ) + I(w27 7, ’LU))

2 rwyeron) LW W) + X6 wyerun) T(w2, 2 1)”)
1
We use Eq. (1) to create a WordNet thesauri
entries. Table 2 shows some examples of the-
saurus entry obtained, which contains the top-5
words that are most similar to each word. Col-
umn “Similar Words” shows the top-5 nouns that
are computed similar to the noun in “Word” col-
umn, ordered in descending order by similarity
value. The numbers in the brackets between
words are the similarity value computed from

Eq. (1).

3 Sentence Retrieval

In order to assign sentences to certain sense
of word in the WordNet, we compared Reuters
sentences with example sentences acquired from
WordNet database. In this section, we will dis-
cuss the retrieval of related sentences from Word-
net database and Reuter corpus, and also the sim-
ilarity measurement used here. First step is the
retrieval of sentences for each sense of correspond-
ing word from WordNet database. Next, the same
method is applied against Reuters corpus to re-
trieve sentences contain the same corresponding
word and another 5 similar words. These similar
words are the top-5 words determined in previous
section.

According to examples from (2-1) to (2-4), be-
sides the word “book” , sentences that contain sim-
ilar words such as the word “novel”, “storybook”
and “tome” are also retrieved. Then, word re-
placement procedure is applied to sentences from
Reuter.

where

Finally, sentences similarity measurement is
applied to the sentences obtained by word re-
placement procedure, and each sentence is as-
signed to an appropriate sense of word from the
WordNet.

3.1 Similar Words Replacement

The similarity measure is computed using sen-
tences retrieved from WordNet database and
Reuters. However, before the implementation of
similarity measure, we first replaced all the sim-
ilar words in extracted sentences from Reuters
with the word that represents the group. For ex-
ample, by using the same groups of similar words
as mentioned above, the words replacement are
implemented as follows:

(3-1) He published his first book in 2006.
(3-2) The descriptions in the published ®#eovel
book remain superficial.
(3-3) 20 stories were published in our children
storybook book.
(3-4) The company agreed to publish my teme
book.
The purpose of this step is to increase the fre-
quency of one-to-one correspondence words be-
tween WordNet and Reuters, which will enhance
the value of sentences similarity in similarity mea-
surement.

3.2 Sentence Similarity

We used Brill’s tagger to POS-tag both kind of
sentences, extract content words and lemmas of
the words [4]. Let W; and R; be the words of
Reuters and WordNet example sentences for the
i-th alignment. The similarity between W; and
R; is defined as follows:

Sent_sim(W;, R;) co(W; x Ri) +1

T I(Wi) + I(R;) — 2co(W; x Ry) + 2
(2)

UX) =D ex fl2)-

f(z) is the frequency of x in the sentence.

co(Wi X Ri) = 3 a,reuyew; x &, Min(f(wd), f(reu)).

W; x R; = {(wd,reu)|wd € W;,reu € R;}.

W; X R; is a one to one correspondence between
WordNet and Reuters words. We obtained W;



Table 2: Example of top-5 word entries

Nouns Similar words

abuse violation (0.46), crime (0.41), corruption (0.39), fraud (0.39), violence (0.38)

battle war (0.46), fight (0.46), protest (0.44), dispute (0.44), debate (0.44)

calculation | analysis (0.37), assessment (0.37), valuation (0.35), accounting (0.35), projection (0.34)
debate discussion (0.49), negotiation (0.48), session (0.47), crisis (0.47), election (0.47)

efficiency competitiveness (0.44), profitability (0.43), flexibility (0.42), productivity (0.42), quality (0.41)
fair exhibition (0.38), convention (0.36), seminar (0.35), forum (0.34), tour (0.34)

generator power plant (0.40), power station (0.37), engine (0.36), refinery (0.36), platform (0.36)
harassment | discrimination (0.40), interference (0.33), violation (0.32), manipulation (0.29), destruction (0.29)
impact effect (0.54), risk (0.49), pressure (0.48), decline (0.46), change (0.46)

journal bulletin (0.35), newsletter (0.32), prospectus (0.28), consultancy (0.28), map (0.28)

X R;, i.e., a one-to-one correspondence between
the words in WordNet and Reuters, by looking
up the same word in both sentences and mea-
sured the similarity between them. According to
the similarity result, we only evaluated sentences
with similarity that exceed the value of thresh-
old. If the similarity value obtained by Eq. (2)
exceeded the threshold value, R; is regarded hav-
ing the similar sense of the corresponding word
with example sentence of W;.

4 Evaluation

In this section, we describe our experimental
setup and the evaluation results for our system.

4.1 Data

We used Minipar [2], a broad-coverage English
parser, to parse 1 year of Reuters’96 data from
August 20th, 1996 to August 19th, 1997. This
corpus contained 806,791 articles that consist
about 9,026,595 sentences. We collected the fre-
quency of dependency triples output by Minipar
and used them to compute similar words. Here,
we only performed clustering of similar words for
nouns. From 806,791 of 1998 Reuters articles, we
only extracted object and subject grammatical re-
lationship of dependency triples. From 289,239
of object and subject related pairs, there were
30,953 pairs of triple dependency that at least
occurred 100 times. Next, we retrieve nouns with
frequency 1,000 or higher, and then perform clus-
tering of similar words against them. Here, we ob-
tained 3,167 nouns that at least occurred 1,000
times or higher in the parsed corpus. For each
noun, we created a thesauri entry which contains
the top-5 words that are most similar to it by
using the similarity measurement mentioned in
Section 2.

1Excluding proper nouns

In order to perform sentences similarity mea-
sure against Reuters sentences, we used example
sentences included in electronic dictionary, Word-
Net? [3]. There are 11,473 of example sentences
extracted from WordNet Database Version 3.0.
However, in sentence retrieval procedure, only
608 and 180,394 of WordNet and Reuters sen-
tences are used.

4.2 Clustering of Similar Words

From 3,167 group clustered, we randomly selected
25% of groups obtained from similar words clus-
tering to be evaluated manually. We checked if
each word belongs to the corresponding clusters
and determine the precision value from evalua-
tion result. The sample of evaluation made for a
few groups of similar words is shown in Table 3.
The bold font word indicates that the word does
not belong to its group.

The precision value here is measured by per-

centage of output clusters that actually corre-
spond to a sense of word. We define the precision
of the word clustering is the average precision of
all words. As a result, the precision value was
0.330.
The precision value is good considering that
clustering result also including the clustering of
monosemous words such as numbers or figure.
We assume that the value of precision will be
higher if the computation excluding the monose-
mous word.

4.3 Sentences Similarity

For sentences similarity evaluation, we evaluated
implemented program by checking the similar-
ity results manually. The evaluation is only per-
formed on sentences with similarity value that ex-
ceeded threshold value, § = 0.43. We randomly

2available at http://wordnet.princeton.edu/obtain
3The threshold value, § was empirically determined
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Table 3: Samples of word clustering evaluation

[ Nouns [ Similar words |
willingness | desire, determination, readiness, intention, commitment
truth reality, existence, responsibility, secret, violation
skill expertise, experience, efficiency, flexibility, capability
research study, work, survey, marketing, development
obligation | commitment, liability, duty, responsibility, requirement
north province, island, town, west, district
holiday break, start, auction, session, entry
disorder infection, outbreak, illness, epidemic, cancer
corruption | crime, abuse, violation, violence, disease
allegation | complaint, accusation, scandal, claim, case

selected 10 groups of similar words and checked
sentences determined by the system to the corre-
sponding group.

At this stage, there was 1,177 of Reuters sen-
tences were manually checked. We considered
the similarities calculation for sentences which
only contain corresponding word, without sen-
tences that include top-5 similar words, as base-
line method for comparison to our method. The
amount of sentences obtained from both meth-
ods will be compared to determine the precision
value for our method. The precision value here
is computed by ratio of every measured Reuters
sentences whether they accommodate the same
sense of corresponding word with WordNet sen-
tences for both methods. The list of words and
the amount of sentences involved in the evalua-
tion are listed in the Table 4.

In accordance with data used during evalua-
tion, total sentences that correctly measured for
both baseline and our method are 117 and 964
sentences. As can be seen clearly from Table 4,
the precision value for baseline is higher, which is
P =0.951 against our method, P= 0.819. How-
ever, the number of sentences measured by pro-
posed method is 964 sentences, which is definitely
8 times higher than number of sentences retrieved
by baseline, 117 sentences. The experimental re-
sult showed that our method had significantly im-
proved the sentences retrieval method compared
to baseline. Despite of using small number of
example sentences from WordNet database, the
number of extracted sentences from Reuter was
significantly higher when the sentences retrieval
was performed according to group based of simi-
lar words.

Bootstrapping methods for automatically
sense-tag a training corpus has been an interest,
as it helps knowledge acquisition bottleneck, i.e.,
manual sense-tagging of a corpus. The earliest
work in this direction are those of Hearst [6] and
Yarowsky [7]. Yarowsky’s method resolves the

problem of knowledge acquisition limitation faced
by word-specific sense discriminators disregard
the polysemy issues. The identification of rarely
occurred word sense in corpus also successfully
performed using statically word-specific models.
Meanwhile, Gale et al. proposed the use of bilin-
gual corpora to avoid hand-tagging of training
data. English-French parallel aligned corpus is
used to automatically determine sense of each
word in target language [8]. This technique is
heavily relies on availability of parallel corpora
which the main problem to this approach, since
the sizes as well as domain of existing bilingual
corpora are limited.

Nowadays, language scientists and technolo-
gists have a growing tendency to use the Web
as a source of language data, due its capability to
provides a great amount of linguistic data [7, 9].
Recently, Agirre et al. proposed a method to
acquire training examples by using two publicly
available corpora including Semcor and an ad-
ditional corpus automatically obtained from the
Web [9]. However, they reported that the accu-
racy using the Web data was decrease, especially
when Web examples whose word sense did not ap-
pear in publicly corpus. Moreover, the common
problem for many Web-based works, the problem
of data sparseness has occurred. Our method-
ology, especially word replacement procedure is
the first effort aimed against the problem of data
sparseness.

5 Conclusion

Reliable retrieval of example sentences of word
sense from text corpus opens up many approaches
in the future especially for machine translation
and information retrieval systems. This paper
presented the initial step to the resolution of lex-
ical semantic ambiguity or known as WSD. In
accordance to WSD, our methods were capable
to retrieve large number of example sentences



Table 4: Sentences evaluation lists

Number of Sentences Evaluated
Word Sense by WordNet Baseline Proposed Method
Total | Correct | Total [ Correct
penalty punishment, sentences 7 7 16 10
package system, programme, deal 37 36 307 234
royalty commission, bonus 0 0 4 4
rebound recovery, resurgence 39 38 183 135
examination | test,exam 0 0 16 8
drill recitation, routine, practice 5 5 29 17
doubt anxiety, uncertainty, question 8 8 65 65
clearance permission, approval 11 11 335 301
admission admittance, entry 1 1 19 19
accord agreement, settlement 15 11 203 171
Total 123 117 [ 1177 ] 964
Precision 0.951 0.819
for each sense. The experimental results showed [5) M.A.Hearst, “Noun Homograph Disam-
that the number of sentences retrieval by group biguation using Local Context in Large Cor-
of similar words was 964 sentences, which was pora”, in Proceedings of the 7th Annual
about 8 times higher than baseline method, 117 Conference of the Centre for the New OED
sentences. The main contribution of this paper and Text Research: Using Corpora, pp. 1-22,
is a new method to retrieve sentences for word 1991.
senses automatically with minimum test data or . . .
sentences used for comparison. Our method ex- (6] D. Yarowsky, “Word Sense Disambiguation
pands the use of automatic constructed thesauri using Statistical Models of Roget’s Cate-
and helps to develop sentences retrieval for WSD. gories Trained on Large Corpora”, in Pro-
Moreover, retrieving sentences based on groups of ceedings of the 14th International Confer-
words also capable to generate example sentences ence on Computational Linguistics, pp. 454-
for sense which are not provided in dictionaries 460, 1992.
or thesaurus. [7] R. Mihalcea and I. Moldovan, “An Auto-
matic Method for Generating Sense Tagged
Corpora”, in Proceedings of the 16th Na-
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