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Abstract Clustering for examples of a word is effective in supporting to construct tagged corpus for
supervised word sense disambiguation, extracting candidates for a new word sense, improving accuracy
in a word sense disambiguation system. In our study, we apply semi-supervised clustering approach to
cluster examples of a word. Our proposed semi-supervised clustering approach is novel in that we focus on
“cannot-link” with regard to constraints between seed examples and control the fluctuation of the centroid
of a cluster. In this paper, we report the results obtained by applying our proposed method to the data of
“SENSEVAL-2 Japanese dictionary task.”
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Fig.1 Usage of semi-supervised clustering for examples
of a word.
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Fig.2 KKZ algorithm.

Algorithm: Introducing “must-link” constraint
Input: Clusters C; and Cj, and corresponding centroids G;, G; .
Method:
1. Compute new centroid G™*Y
between clusters C; and C; to be merged.
2. Compute the distance D(G™*Y, G;)
between G™** and G,
and the distance D(G™Y, G;)
between G™*" and Gj.
3. If D(G™*™, G;) < Thyis, and D(G™®Y,G;) < Thyis,
then “must-link” constraints are introduced
between C; and Cj.

3 #1# “must-link” DFEAE
Fig.3 Method for introducing “must-link” constraint.
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Algorithm: Semi-supervised clustering

Input: Set of features of examples f¥i (i = 1,2, - ,n),
and seed examples f J (j =1,2,--+ ,u),
E = {f%1,f%2, ..., fon o1 f¥s2 ... f¥su},
Output: Set of clusters C = {C1, 3, - - } that contain

the examples that have the same sense.
Method:
1. Set feature of each example f%i .
and each feature of seed example f °J
as an initial cluster C; and C(")i , respectively.

x
G = {7}, ¢, =1 iy,
thus, set of clusters 0= {C1, Cg, -+ 1 0nyClayy  Clayy 1
where constraints are introduced
between examples C(,y  and C(y),, -
2. do
2.1 Compute the similarity between C; and Cj, C; and Cy), -
if the maximum similarity is obtained
between C; and C(,), , and the similarity > Thim
then merge C; into C(,), = to form a new cluster onew
add C™*¥ to C, rémove C; from C,
and recompute the centroid of
the cluster using Equation (3),
else if the maximum similarity is obtained
between C; and Cj, and the similarity > Thyim
then merge C; and C; to form a new cluster C™*%,
add C™*"¥ to C, remove C; and O from C,
and recompute the centroid of
the cluster using Equation (4).
2.2 Compute similarities between C™¢Y
and all C; € C, C; = C™*Y¥
3. until All of the similarities between C; and C; are
less than the predefined threshold.
4. return Set of clusters C.

M4 RETHEBAEOY IAZYTTINIUXL
Fig.4 Our proposed semi-supervised clustering algo-
rithm.
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straints, respectively.
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