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Algorithm KMEANS(dataset X, initial centers C,y)

X: a set of N data points

C,y itial centers of k clusters

C: cluster centers of k clusters

P={p(1) | =1, ..., N} 1s the cluster label of X

C—Cy
while (C£C,.,) do {
Corer < C
for each data point x; in X do
p(i) < argmin, € c(xi, ¢)
for each centers ¢;in C do
¢; < average of x;, whose p(i) =]
b
return (C, P)
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G2 10,409 10,740 11,622 10,326 9,050
G3 11,328 10,199 10,780 10,201 10,951
G4 | 10,381 10,153 10,632 10,765 10,921
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