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Abstract

We propose three approaches for disambiguating the Kannada word based on an adaptation of dictionary-based Lesk’s word sense dis-
ambiguation technique. Instead of making use of the regular dictionary as the repository of glosses, we used Indo — WordNet lexical
database as the source of senses. Here we adopt a current method of measuring semantic relatedness between the concepts of the Kanna-
da words taken from Indo — WordNet. This measure is dependent on identifying and counting the number of common words present
between the glosses of a pair of concepts in accordance with Indo — WordNet.
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1. Introduction

The existence of several meanings in a single word is deeply root-
ed in natural language. Each natural language possesses plenty of
words having several senses. In the English language, the word
bark has multiple meanings like the noise or harsh sound of dogs,
the tough external layer of a tree and or boat. Humans are fairly
good at deciding the proper meaning. However, this task is diffi-
cult for computers. The computational process of finding the
proper meaning of a word having several meanings is called as
WSD — Word Sense Disambiguation. In spite of this arduousness,
however, we are fascinated with automating this task and this can
play a paramount role in the area of machine translation. The
technique proposed, implemented and evaluated in this paper uses
Lesk [1] method to measure the semantic relatedness. In WordNet,
every concept is described by gloss. Lesk algorithm utilizes the
gloss textual content to express the actual concept. In Lesk [1]
algorithm the degree of relatedness is calculated by finding the
overlaps between the glosses of two concepts, along
with concepts which are directly connected to them as per Word-
Net. In this paper, we have used Indo-WordNet [2] to extract the
lexically expressed concepts. We modify the Lesk algorithm to
Indo- WordNet and this technique does not require any training
corpus.

A good amount of related work papers on utilizing measures of
semantic similarity are referred. Budanitsky et al. [3] examined 5
approaches for semantic relatedness measure. They contrasted the
efficiency of the five approaches in correcting the spelling mis-
takes. They recorded an accuracy of 65%. They also identified a
measure based on information content proposed by Jiang is better
than Hirst [4], Resnik [7], Lin [6], and Leacock et al. [5]. Reddy.S
et al. [8] contrasted and evaluated 6 measures of semantic related-
ness in semantic classification and labeling for the Hindi language.
They identified that performance of modified Lesk is higher than
other five measures. Sinha et al. [9] suggested a graph based un-

supervised algorithm for WSD and also produced outputs on da-
taset like SENSVAL-2 and SENSEVAL-3 using 6 various
measures. Torres et al. examined amalgamation of similarity
measures and their experimental outcomes indicate that mixture of
various combination measures performs more accurate as com-
pared to every individual measure. Even though, these kinds of
outcomes cannot be comprehended for the Kannada language. In
our paper, we tried to find out the benefits of Lesk technique to
measure the semantic similarity for the Kannada language. To the
best of our insight, this kind of work isn't accounted previously for
Kannada WSD. Sinha et al. [14] conducted context overlapping
for Hindi WSD by utilizing extended Lesk algorithm. They used
the sense definition of the polysemous Hindi target word taken
from Hindi WordNet to perform the overlapping. The sense which
got the highest sense score is assigned as an appropriate sense of
the ambiguous word of Hindi language. Domain-specific word
sense disambiguation was done by Kharpra et al. [12] in three
languages like English, Marathi, and Hindi. They used main sens-
es of the target word in a particular domain. Singh et al. reported
the consequences of doing stemming, elimination of stop words
and also the dimension of context window on overlap based Lesk
algorithm in WSD of Hindi language and they recorded 9.24% of
improvement in accuracy. R. Sawhney et al. [18] proposed a mod-
ified WSD algorithm for Hindi language. They used Lesk tech-
nique to disambiguate the ambiguous word. A. R. Pal et al. [20]
presented a knowledge based method for WSD of Bengali lan-
guage. They used Bengali wordnet as the knowledge base and
achieved an accuracy of 75%. A survey on word sense disambig-
uation [19] is referred to understand the merits and demerits of
supervised and unsupervised approaches for WSD.

In this paper, first, we describe the original Lesk technique for
WSD, followed by our WSD algorithm. Next, we present Dataset
used in the experiment, followed by the experimental results and
discussion on the same. In the end, we summarize with a discus-
sion on the outcomes, and also on recommendations for future
enhancements.

Copyright © 2018 Authors. This is an open access article distributed under the Creative Commons Attribution License, which permits unrestrict-
ed use, distribution, and reproduction in any medium, provided the original work is properly cited.



http://creativecommons.org/licenses/by/3.0/

190

International Journal of Engineering & Technology

2. Lesk Algorithm for WSD

The original version of Lesk algorithm disambiguates the target
word in small phrases. Here the target word is disambiguated by
comparing gloss of each sense of a target word with the glosses of
each and every remaining word in the sentence. The sense allotted
to the target word whose definition has maximum words in com-
mon with the other remaining words definitions. For example, on
the words pine cone, this technique finds out that these words have
poly senses.

Senses of the word pine:

1st sense: Kind of evergreen resinous coniferous shrub the family
Pinus, with lengthy needle-shaped leaves.

2nd sense: Suffering an emotional and also physically weaken,
particularly due to a broken heart.

Senses of the word cone:

1st sense: A solid or hollow object which tapers from a circular or
roughly circular base to a point.

2nd sense: One of two kinds of light-sensitive cell in the retina of
the eye.

3rd sense: A fruit of some evergreen tree.

After comparing two senses of the word pine with three senses of
the word cone separately it is identified that the words evergreen
tree common in one sense of both the words. Then both of these
senses are considered as the suitable senses of pine and cone
whenever they used collectively.

3. WSD Algorithm

In this paper, we implemented the Lesk idea in three approaches.
In the first approach, we find the common words present in the
sentence which contains the target word and the gloss of the target
word. The amount of common words present is used to decide the
correct sense of the target word.

The second approach is identical to the first approach; here we
added the example texts provided by the WordNet to the glosses.

As in first approach amount of common words present is calculat-
ed to assign the correct sense to the target word.

In the third approach, we extended the concept of direct overlap
technique for performing disambiguation. This approach uses an
illustration or instance where only one target word occurs in the
input sentence. A window containing a target word and few words
surrounding the target word on the left and right side of the target
word is defined. In this algorithm, we have considered N to the
left side and another N words to the right side of the target word.
These words are considered in the window only if they are present
in the Indo — WordNet database. If any surrounding word is not
present in the Indo — WordNet, then that word is ignored and next
word is considered as the member of the context window. Before
searching in Indo — WordNet, the word is converted to its equiva-
lent root word using Stemmer or Lemmatizer, for this process we
are using Kannada stemmer and lemmatizer designed by us in our
earlier work [17]. Total size of the context window is 2N+1 in-
cluding one target word. In our experiment, we have considered
the window size of 3 Indo — WordNet words. In this approach, the
comparison is done between the concepts of every pair of words
present in the context window. During the comparison concept of
each sense of the target, the word is considered. The amount of
common words present in both the strings is considered as the
score. Scores of each comparison are added with respect to the
senses of the target word. The sense with the highest score is con-
sidered as the correct sense of the target word.

4. Dataset

All the three approaches presented in this paper are implemented
and evaluated on the dataset containing 10 Kannada polysemous
words shown in Table 1. These words and their concepts are taken
from Indo — WordNet. Instances were collected from various
sources like the Kannada corpus created by ILCI phase — 11 [16]
project, from different Kannada websites and also from Google.
While collecting these instances we have considered different
domains like sports, literature, news, and so on. The transliteration
and translation of the dataset are also shown in Table 1.

Table 1: Dataset

Words Transliteration Translation Number of Senses
B, IAe, )oz), b, Bele,Varsha,yantra,guru, Corp, year, machine, Teacher, answer, spinning wheel 2
023, 2353 uttara,charakha
33, 383 There, kaditha Open or screen, itching or bite 3
Swev Moola Basic reason or fundamental 4
3ne Varga Square, group, class, transfer 6

5. Results and Discussion

We have evaluated the proposed algorithm by conducting the test
for target words listed in Table 1. The result of the proposed tech-
nique is shown below, where &ri€ (varga) is the target word. Vari-

ous senses associated with the target word &rie are shown in Ta-

ble 2. We have considered three instances which contains the tar-
get word &ni€.

Sentence 1: ©¥3 3nir Su33R 0D
Sentence 2: I, wo08° woBad SreeSEoN B JeBrIes
Sentence 3: 3B Adens So bR B3, eug rHesD env

There are six senses associated with the target word @3n€. Glosses
and corresponding example sentences of these senses are taken

from the Indo — WordNet are shown in Table 2. Scores of the
three approaches are shown in Table 3.

6. Conclusion and Future work

Here we have used Lesk measure semantic relatedness in the three
approaches to disambiguate the ambiguous word. In the first ap-
proach, we made the comparison between the input sentence
which contains the target word and the gloss of the target word. In
the second approach both gloss and the example statement of the
target, the word is considered for the comparison with the input
sentence. In the third approach to improving the accuracy, we
have defined the context window and we have compared the gloss
of all the words in the window with each gloss of the target word.
In all the three approaches we have calculated the amount of
common words present and correct sense is the one which is hav-
ing a maximum score is assigned to the target word.

In the future, we can increase the accuracy of the disambiguation
process by considering the glosses of all the synsets, and glosses
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of the relations like hypernym, a hyponym of the target word for

comparison.
Table 2: Senses gloss in Kannada and English language
Sense Sense in Kannada Sense in English
number
1 035000838 O3B ¥, SNe ©gme SBwed People descended from a common ancestor
2 9950 ¥Eme S90hEBBET 2,00 TN WG NIAND0T 3eT TN WGieye The act of transferring something from one form to
QTortd, T RDT BB 30 G
3 alrecycde Foad,abrd, e Fosldbod rdesdmen e &I The product of two equal terms.
4 aregyidee 2,00 BB3ab eVg, v DHI) Teew, BB ol FheyeN VT (Geometry) a plane rectangle with four equal sides
and four right angles.
5 33, BB, FRTBIITINY SMeras era &b The act of transferring something from one form to
another.
6 2083e 23007 8N BB T BENY JwD A body of students who graduate together.
Table 3: Sense Scores
Senselscore Sense2score Sense3score Sense4score Sensebscore Sense6score Remarks
1%t approach
Sentencel 1 0 0 0 0 Correct sense not assigned
Sentence2 0 0 0 2 0 Correct sense is assigned
Sentence3 1 1 2 0 0 Correct sense is assigned
2" approach
Sentencel 1 0 1 0 Correct sense is assigned
Sentence2 0 1 0 0 Correct sense is assigned
Sentence3 0 0 8 0 Correct sense is assigned
39 approach
Sentencel 0 1 1 0 0 Correct sense not assigned
Sentence2 0 0 0 0 0 Correct sense not assigned
Sentence3 0 1 2 0 1 Correct sense is assigned
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