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Abstract: The present study introduces a machine-based approach
for word sense disambiguation (WSD). In Persian, a morphologically
complex language, POS tag which lots of homographs are made, one
way for doing WSD is allocating the right Part Of Speech (POS) tags
to words prior to WSD. Since the frequency of noun and adjective
homographs in different Persian POS tag text corpuses is high, POS tag
disambiguation of such homographs seems to be necessary for WSD.
This paper introduces an approach in which first POS tagging is done,
then the output, which is tagged sentences, enters the next step which
is POS disambiguation of Persian nouns and adjective homographs.
Then the output of this step enters the final step which is applying the
Lesk algorithm (a kind of unsupervised learning) for WSD. The proposed
approach speeds up the WSD procedure by filtering the only relevant
glosses (existing in dictionary) and increases the accuracy of the WSD
procedure as well.
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2. homograph
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Example: disambiguate PINE CONE el Conetl =0

* PINE Pine#2 n Cone#l =0
1. kinds of evergreen tree with needle-shaped leaves Pine#1 ~ Cone#2 = 1
2. waste away through sorrow or illness Pinc#2 r Conehi2 = 0
+ CONE . . ‘ Pine#1 n Cone#3 =2
1. solid body which narrows to a point Binci e EonciZ =10

2. something of this shape whether solid or hollow
3. fruit of certain evergreen trees
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