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Word Sense Classification Using Support Vector Machines
Park Jun Hyeok' - Lee Songwook'"

ABSTRACT

The word sense disambiguation problem is to find the correct sense of an ambiguous word having multiple senses in a dictionary in a
sentence. We regard this problem as a multi-class classification problem and classify the ambiguous word by using Support Vector
Machines. Context words of the ambiguous word, which are extracted from Sejong sense tagged corpus, are represented to two kinds of
vector space. One vector space is composed of context words vectors having binary weights. The other vector space has vectors where
the context words are mapped by word embedding model. After experiments, we acquired accuracy of 87.0% with context word vectors
and 86.0% with word embedding model.
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Fig. 1. Word Sense Classification Using SYM
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Fig. 2. An Example of Building the Context Word Vector
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Table 1. Training Set and Test Set

4 of i o
set # of words ambiguous
sentences
words
Training 746,068 9,038,022 8,310
Test 805 12,105 859
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Table 2. Frequency of Ambiguous Words

ambiguous word # of training # of test
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g s —
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OV o - Overall | 747 | 79.2 717 100
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Fig. 3. The accuracy of the system using the word
embedding vector with window size k
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Table 5. The Accuracy for ‘Bi(bae)’ Using the Word Embedding
Vector with Window Size k
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Table 6. The Dimension of Vector Spaces

ambiguous contzxt word embedding vector
word words
(# of senses) vector =
(k=5) k=2 3 4 5)
Hj 8970
A7 2181
200 300 400 500
a7y 6388
A7) 3269
2o vol MEE ALEE del Aelo] vl YL A
&8 WEHRY 100 o4 2 AL & A B9 wol
WE ] 72 % s)AsoF Bule] ASuEn 19 e X
T ElA) BE HE 09 %2 2 8 hlsparse) e W
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e B5 S50 9L AT oS Table 7 7 29
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43 7ZAFE9 Al%L Windows 7 Home Premium K,

Intel(R) Core(TM) i5-3470 3.20GHZ, 4GB DDR3°]%)

Sense p=2 | f=g || =t || =8 | ety Table 7. The Delay Time and Accuracy of Each System
09/NNG 87.4 5.6 347 82.0 281
01/NNG 76.9 702 727 62.0 306 loading execution | o acy
system time time

02/NNG 725 725 725 79.4 258 (seo) (sz) (%)
01/VV 75 64.3 679 60.7 7.1 Park & Lee 2012 9.14 0.11 831
03/NNG 62.5 62.5 62.5 50.0 4.1 context words vector 299.90 13.99 87.0
8/NNG 875 100 &715 100 2 word 2 1516 0.34 86.0
02/VV 60.0 40.0 40.0 40.0 1.3 embedding 3 17.68 0.48 843
06/NNG 0 0 0 0 03 vector 4 20.34 067 84.5
08/NNG 66.7 | 66.7 333 333 0.8 (k) ) 23.30 0.86 829
Noun 78.2 75.7 757 729 91.6
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