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Robust Fast Online Multivariate Non-Parametric Density Estimation
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Fig.1 The overview of poposed method: (a) Online learn samples as networks
whose nodes are prototypes of samples. (b) Determine the shape and size
of each kernel on a node by the local structure of a network around the

node. (c) Estimate the probability density function of samples as linear

summation of the kernels.
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Fig.2 Learning by SOINN. Left figure is the set of
input samples including noise. Right figure is
the result of learning by SOINN.
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Fig.3 (a) The threshold of SOINN. (b) The
threshold of proposed method.
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Fig.5 The experimental results about robustness comparing state-of-arts and
proposed method. (a) and (b) correspond to the results with Egs. (7) and
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Table 2 The list of real data set used in experiments.

P TV Rk | 7T AR

Iris 150 4 3
Wine 178 13 3
Pima 768 8 2
Wine_Red 1,599 11 6
Wine_White 4,898 11 7
MAGIC 19,020 10 2
Skin 245,057 3 2
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Fig.9 The experimental results of real data. We

evaluated methods about estimation accuracy
and training time per sample. Our proposed
method’s training times are too small to see
in this chart, so they showed in Table 3.
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Table 3 Our proposed method’s experimental results
of real data.

NLL training time [sec]

Iris 6.03 + 0.827 3.03 x 1073
Wine 20.9 + 1.45 1.91 x 1072
Pima 9.49 + 0.591 2.14 x 1073
Wine_Red | 11.5 4+ 2.11 2.31x 1072
Wine_White | 13.1 + 1.28 2.42 x 1073
MAGIC 10.9 + 0.440 2.02 x 1073
Skin 2.43 4+ 0.0361 2.77 x 1073
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Table 4 The comparison between our proposed method and others.
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Non-parametric O O O O
Fast online learning X X A O
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