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Multiple Instance Learning
by Distribution Density of Neighbor Sets of Instances

TosHIKI KawAMURAT! and KuNiakl UEHARAT!

Multiple-instance problems arise from the situations where training class labels are at-
tached to sets of samples (named bags), instead of individual samples within each bag (called
instances). Common single-instance learning algorithms can hardly good performance when
being applied to multiple-instance problems directly. We present a new multiple-instance
learning method that combines a measure of the intersection of the positive bags minus the
union of the negative bags and weights by the density of neighbor positive bags. We present
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experimental results on artificial data and benchmark datasets.
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Fig.1 An example of weight calculation.
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Fig.2 A example of a positive bag area.
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Fig.3 An example of duplication positive bag area.
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Table 1 Assumptions of artificial dataset.

# of bags 50

# of instances per bag 10

# of attributes 2
Distribution mixture gaussian
# of positive areas {1,2,3}
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Table 2 The experimental result: artifical dataset.
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one area two area three area

relation rate noise DD C-kNN oooo DD C-kNN oooo DD C-kNN oooo

15 oo 66.83 78.60 95.67 51.54 74.89 88.33 50.31 65.18 91.67

oo 58.42 65.09 67.11 36.56 56.50 63.22 39.59 56.35 63.22

. oo 61.99 84.38 95.11 56.70 74.60 92.22 53.79 67.02 88.89
neighborhood 1:1
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Table 3 The experimental result: benchmark dataset.

Algorithm Muskl Musk2 Elephant Fox Tiger
oooo 92.4 85.3 88.4 67.8 80.4
Citation-kNN | 92.4 86.3 80.5 60.0 78.0
oooo 90.3 81.6 83.0 63.1 79.2
APRs 92.4 89.2 - - -

DD 88.9 82.5 - - -

EM-DD 84.8 85.8 78.3 56.1 72.1
MI-SVM 81.4 59.4 81.4 59.4 84.0
mi-SVM 87.4 83.6 82.2 58.2 78.9
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Fig.4 Validation of AUC on parameter change.
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