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Abstract

This study attempts to perform word
sense disambiguation (WSD) using lex-
ical chains, sets of semantically related
words. The system uses the semantic re-
lations defined in WordNet to determine
whether two words are similar. We as-
sume that words will be used in one sense
per discourse. To determine the sense of
the word, we find the sense that is most re-
lated to other words in the text. Our WSD
accuracy on SEMCOR (Mihalcea, 1998)
is lower than selecting the most frequent
word sense for each word, but higher than
that achieved in previous research (Gal-
ley and McKeown, 2003). We obtained
our highest accuracy of 76.01% when us-
ing the Lancaster stemmer on words that
were not initially found in WordNet and
only linking words which shared a synset.
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qualify for membership in a chain, a word must be
related in some way to some other word in the chain.
In the past, lexical chains have been used for sum-
marizing the main points of a discourse (Barzilay
and Elhadad, 1997; Silber and McCoy, 2003), and
for word sense disambiguation (Morris and Hirst,
1991; Hirst and St-Onge, 1998; Galley and McK-
eown, 2003). To determine whether and in what
way words are related, our system, like those of our
academic predecessors, uses WordNet (Fellbaum,
1998) as a knowledge source. While WordNet has
separate dictionaries for nouns, verbs, adjectives,
and adverbs, the noun dictionary has the most well
defined hierarchy. Because hierarchy in WordNet is
very important to our WSD system, we decided to
only analyze nouns.

Each word in WordNet has at least one set of syn-
onyms, called a synset. When there are multiple
synsets, each corresponds to the synonyms for a dif-
ferent meaning of the word. Each synset of a word is
indexed by a sense number which together with the
word, uniquely specifies the synset. The synsets can
also be uniguely specified by their offset number. In
addition, synsets in WordNet link to other synsets

The goal of this study is to develop a lexicalwhich represent hypernym and hyponym meanings
chain based word sense disambiguation (WSD) sy8f the words in the synset. This gives WordNet a
tem compatible with the Natural Language Toolkiitree structure and allows distances between two dif-
(NLTK) (Bird and Loper, 2004). Because NLTK is aferent synsets, each representing a different word, to
set of natural language processing tools for PythoR€ computed.

all our code was written in said language. The re- The WordNet distance between two synsets is the
sulting algorithm performs WSD using a one sensaumber of hypernym/hyponym links that must be
per discourse assumption.

followed to get from one synset to the other. For ex-

Lexical chains are chains of words that bear somample, Dog and domestic dog have a WordNet dis-

kind of semantic relationship to one another.

Tdance of zero because they are in the same synset.



Essentially, our algorithm creates edges between In light of this defect, Silber and McCoy(2003)
all related words seen in a corpus and weights thdeveloped an algorithm for text summarization us-
edges based on the WordNet distance, with clos@rg lexical chaining that implicitly represents all
distances yielding more highly weighted edges.  possible connections between words in the text. The

When we have finished connecting all relatesdhumber of connections a word occurence can have
words in a document, the algorithm finds the sensgs bounded by the constant size of WordNet, allow-
of each word with the highest sum of relationshigng their algorithm to be linear with respect to the
scores. We consider that sense to be the one sens@gmber of words in the text.
the word used in the discourse. Galley and McKeown(2003) came up with a mod-

The format of this paper is as follows: In Sec-fication of Silber and McCoy’s algorithm specif-
tion 2 we discuss other work using lexical chainsically for use in WSD. Their algorithm maintains
Section 3 describes the method we chose for impléhe linear runtime of Silber and McCoy but links to-
menting our algorithm. In Section 4 we explore ougether word senses instead of word occurences. This
results. Finally, we discuss possible improvementdetail causes them to rely more heavily on the as-

to the algorithm in Section 5. sumption of one sense per discourse, an assumption
which seems to be valid as their WSD accuracy of
2 Related Work 62.09% is 7.61% higher than that achieved by the

former algorithm at the same task.
Morris and Hirst(1991) first discussed the idea of

using lexical chains to determine relations betweeg A|gorithmsand Methods
words in a discourse. They suggested that a the-
saurus could be used to determine whether or notTde algorithm we use for lexical chaining is based
there exists a semantic link between two words anah the linear time algorithm of Galley and McKeown
laid out rules for making such a decision. Further§2003) with some modifications. Rather than using
more, they demonstrated that lexical chains mighdn array indexed by senses of WordNet as Galley
describe the structure of a text. They were unabland McKeown did, we instead used Python’s built in
to implement their algorithm because there was nbashmap implementation to connect words to lexical
on-line thesaurus for them to use. chains. This allows us to more efficiently represent
The idea of using WordNet as a thesaurus foihe set of lexical chains for a text since for most texts
creating lexical chains was introduced by Hirsthe number of distinct words in the text is far smaller
and St. Onge(1998). They defined extra-stronghan the size of WordNet. This modification does
medium-strong, and strong relationships betweegmean that out algorithm, unlike Galley and McKe-
word senses. Like our system, relationship strengwn’s is not guaranteed to be linear unless hashing
is dependent on WordNet distance. To make chainis, perfect.
they consider nouns one by one, adding them to lex- Additionally, our implementation is more gen-
ical chains with related nouns or in chains on theieral with regards to WordNet distances. Galley and
own if no such related nouns are found. When &cKeown only consider words within one step of
noun is added to a chain, all synsets in the chai@ach other in WordNet and sibling words. We al-
that are not related to synsets of the added noun dmev any distances to be considered, but only con-
pruned immediately. sider distances from zero to two here. For example,
This immediate removal of all other synsets mightvith a distance of two each sense’s parents, children,
elminate senses of nouns that are actually mog@fandparents, grandchildren, and siblings are looked
strongly related to later words in the documentat for chaining.
Barzilay and Elhadad (1997) improved on this prob- Our code consists of four classes and a free func-
lem by building graphs of all the potential connection. The LexNode class is fairly straightforward.
tions between synsets and only pruning when mentt stores the word, the word’'s sense number, the
ory became full. However, this implementation sacehains in which the word appears, and links to re-
rificed the linear runtime of previous approaches. lated LexNodes. Links between LexNodes are rep-



resented by the LexLink class, which stores pointNote that this number is somewhat deceptive and
ers to two LexNodes. Instances of the class alsdrcular since WordNet sense rankings are derived
store the text and WordNet distance between LexNrom the SEMCOR corpus on which we evaluated
odes. LexScoring stores weights defined by the usegcuracy, possible inflating the baseline.
though a default is included in our system. LexLinks Some number of the successfully matched words
are assigned a score based both on text distance amd due to the fact that for words not in WordNet or
WordNet distance, and the LexScoring object is usefdr words with only one sense there was little chance
to determine the weights on each LexLink. of failure since these words are tagged with sense
The most important class is the MetaChain classumber one in SEMCOR. As these are not truly suc-
which stores representations of all possible chainsesses in word sense disambiguation we examined
The most notable function in MetaChain is ad-accuracy on WordNet distances of zero and one if we
dWord, where we add a word to all of its possibleexcluded these words, and again found that smaller
lexical chains. When we see a word that we hav@/ordNet distances increased accuracy.
previously encountered, we simply check to see if Because we suspected that using small WordNet
the text position of this word is closer to any relatedlistances on smaller text might decrease accuracy
words than the previous text distance stored for thgue to sparse data issues we evaluated the accuracy
word. If a word is not in WordNet, we assign it a de-of WordNet distances of zero and one at the task of
fault sense number. By default, this value is Noneadisambiguating only the first four, twenty, and one-
but it can be changed by the user. If we have ndiundred sentences of each text (results can again
seen the word before, and if the word can be fountde seen in Table 1). Despite our expectations we
in WordNet, then for every synset of the word, westill found that smaller WordNet distances resulted
make a new LexNode. We then make LexLinks bein higher accuracy. This trend may be due to the
tween the LexNode and everything within its Word-higher accuracy of the baseline. When a word can-
Net distance. not be disambiguated (if it is not linked to any other
In order to evaluate the efficacy of our algorithmwords in a lexical chain, for instance) then the high-
we tested it against the semantically labeled Browest frequency sense is chosen for it. With the shorter
corpus of SEMCOR (1998). For each Brown textexts fewer of the words may have been linked, and
we got the WordNet sense number for each worthe very accurate baseline chosen.
and then compared this to the given sense numberFinally, we tested to see the effect of using a stem-
in SEMCOR to get an overall accuracy of our wordmer on unknown words. In these cases, when we en-

sense disambiguation. countered a noun which wasn't in WordNet we tried
to find its stem and used that instead. We used three
4 Results of the stemmers from the nitk.stem package: the

WordNet stemmer, Lancaster stemmer, and Porter
The accuracy of our system on the Brown corpus aftemmer. All three we evaluated using WordNet dis-
SEMCOR can be seen in Table 1, and detailed r@ances of zero, and of the three the Lancaster stem-
sults of the accuracies on words with different demer performed the best, and the Lancaster and Porter
grees of polysemy can be seen in Figure 1. Wetemmers resulted in a slight increase in accuracy

tested our algorithm using lexical chaining of wordsyyer the accuracy seen when not using the stemmer.
with WordNet distances between zero (only linkingresults can once again be seen in Table 1.

word senses which share synsets) and two (linking

word senses as far apart as siblings or grandpas- Eyture Work

ents/children) and found that resticting lexical chain-

ing to smaller WordNet distances increased acc@ur algorithm assumes one sense per word per dis-
racy. Our weighting scheme for all cases was theourse. We believe that better accuracy could be
same as that presented in (Galley and McKeowmchieved if our algorithm were permitted to return
2003). We use WSD of each word as its most conene sense per word instance. To do this, we think
mon sense in WordNet as our baseline accuradhat an algorithm would have to consider each word



WSD method WN dist | Accuracy i

Baseline - 0.7856 09 - tf;jj‘”; .
Baseline, no monosemy - 0.7100 0.8 | -o- v distance 1

Lex chain 0 0.7368 | _o7- \ Le¥i diance 2

Lex chain 1 0.6903 £06 1

Lex chain 2 0.6600 gos

No monosemy 0 0.6234 g0

No monosemy 1 0.5410 zz 1

4 sentences 0 0.7766 o

20 sentences 0 0.7603 5

100 sentences 0 0.7375 2 3 4 5 6 T 8 8 10

4 sentences 1 0.7612 PeRemy

20 sentences 1 0.7239

100 sentences 1 0.6916 Figure 1: Word sense disambiguation accuracy for
WordNet stemmer 0 0.7208 words with varying numbers of meanings (poly-
Lancaster stemmer 0 0.7601 semies). Accuracies were calculated using the base-
Porter stemmer 0 0.7469 line most common sense for each word, and our lex-

_ _ _ ~ical chaining algorithm with WordNet distances be-
Table 1. Word sense disambiguation accuracies feen zero and two. Computed by comparison with
the methods tested. texts from the Brown corpus in SEMCOR.

occurance as a separate LexNode-like object. 76.01% using NLTK’s Lancaster stemmer and only
Although we used only nouns for WSD in thislinking very closely related words which shared a

project, we believe that interesting conclusionsynset.

could be drawn by considering other parts of speech. Although the accuracy of even our best methods

Our algorithm is very dependent on the tree-likavas under that of our baseline’s 78.56% accuracy (a

structure of the WordNet noun dictionary. Becausaumber which has some degree of suspicion asso-

the structure of the WordNet adjective, verb, and actiated with it's validity), these methods do seem to

verb dictionaries are less strictly tree-like, we beshow some promise. Our overall accuracy is higher

lieve that a similar algorithm would have to use dif-than that of Galley and McKeown (62.09% overall

ferent types of semantic relationships for WSD.  accuracy) which they obtained from testing on a sub-
Allowing different weights specifically for differ- set of the same SEMCOR corpora.

ent WordNet relationships rather than simply dif-

ferent WordNet distances could yield better accu-

racy. For example, it might be interesting to weighREferences

siblings differently from grandparent relationships regina Barzilay and Michael Elhadad. 1997. Using lex-
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