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Machine learning methods have been applied to solve recognition tasks in
many academic and commercial fields, and the methods are demanded for the improvement of robustness
to solve the tasks. Overcoming this problem, training datasets should be re-constructed only using
favorable samples which are subtracted to outliers.

In this research, we studied a matrix factorization which is applied in a sample selection framework
for large scale and unknown dataset. Because we may be able to subtract the outliers from the
datasets by measuring distances and/or simple criteria in the feature space for the input (original)
samples and obtained samples from the factorization.
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Method NMI
K-means (given rank: 3) 0.9205
Spherical K-means (given rank: 3) 0.5635
Semi-NMF (given rank: 3) 0.6865
Ours 0.9081
(given rank: 3, estimated rank: 3)

Ours 0.9081
(given rank: 10, estimated rank: 3)

Ours 0.9081

(given rank: 100, estimated rank: 3)
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Method Cumulative percentage Cumulative percentage

change change
(Cluster 1) (Cluster 2)

K-means 175.89 % -36.71 %

(given rank: 2)

Spherical K-means 110.88 % 28.30 %

(given rank: 2)

Semi-NMF 175.89 % -36.71 %

(given rank: 2)

Ours 169.13 % -29.94 %

(estimated rank: 2)
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