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A Fast Clustering Algorithm for Large-scale and High Dimensional Data
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Abstract
paper. By compressing neurons’ feature sets and only selecting relative features to construct neurons’ feature vectors, the

A novel self-organizing-mapping algorithm for large-scale and high dimensional data is proposed in this

clustering time can be dramatically decreased. Simultaneously, because the selected features can effectively distinguish
different documents which are mapped to different neurons, the algorithm can avoid interferences of irrelative features
and improve clustering precision. Experiments results demonstrate that this methodology can accelerate clustering speed

and improve clustering precision significantly and can reach relatively ideal clustering effect.
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Fig.8 Precision results of the first method
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Table 1  Clustering times after using feature reduction
FAH (min) FAR FNN FPCA FML VPSOM
S IE 2 1) e 4 135 192 115 143 -
AR 166 137 158 175 154

d2 NARGERAE ST TR
Table 2 Clustering precisions after using

feature reduction

W% (%) FAR FNN FPCA FML VPSOM
Pk 63.57  61.08 63.12 65.44 69.98
SR 64.03 0 62.15 62.77  64.78 71.01

M 1 I, S BAES S HRFIE R LE R SOM
SIRREAT SO TR, RIS 1] W] A 2 VPSOM.
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