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A study on the mining of word senses from huge corpus
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Abstract In information retrieval, a polysemous search query provides the users with a mixture of documents that
are related to individual senses of the query. This problem can be solved as a kind of word sense disambiguation
(WSD) in the field of natural language processing. However, since existing WSD methods assume that both words
and their senses are known, we cannot directly utilize those methods to disambiguate senses of search queries that
can include unknown polysemous words or words with novel senses. To tackle this problem, we present a method
that determines the number of senses for an arbitrary word. We first construct a graph whose nodes are words
that co-occur with the target word. We then perform a clustering of those words in the graphs to find a cluster of
words whose members co-occur with each other. A preliminary analysis of the resulting clusters revealed that each
cluster is likely to correspond to a single sense of the word, and the number of senses for the word can be threfore

estimated from the number of clusters.
Key words natural language processing, word sense disambigutaion, information retrieval, graph clustering
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G = (V,E)
//30000000000 //adj(v)0 vOODOOODO [/
edge(u,v)C E
for v € V do
for u; € adj(v) do
for up € adj(v) do
if edge(u,v) exists then
3-clique = [u1,u2,v]
//3-00000000000000
index[v] += 3-clique
index[u1] += 3-clique
index[uz] += 3-clique
end if
end for
end for
end for
//00000000000000O00000O
check[v] = null
cluster = null
//v000000000D0000000 (000)
for start € V do
buff := index|[start]

next if check[start] == 1 //0000000
check|start] = 1
do

next if check[start] ==1 //0000000

cluster += index[start] // 3-000000000000
buff += index|[start]
buff = buff.uniq
start = buff.pop
check|[start] = 1
while buff exists
if cluster size >= 4 then
return cluster
end if

end for
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