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Multiple Instance Learning
by distribution density of neighbor sets of instances.

TosHIKI KAWAMURAt and KUNIAKI UEHARA'

In traditional supervised learning, a learning algorithm receives a training set which consists
of individually labeled examples. But in real application, the teacher cannot always label an
individual instance. In Multiple-Instance learning, the teacher labels examples that are sets
of instances. Although this learning problem is harder than traditional supervised learning,
Multiple-Instance problems is lager than supervised ones. In this paper, we propose an en-
semble of weighted instance learners. Qur method calculates these weights by the density
of neighbor positive sets and constructs an ensemble by applying weak learners trained from
each positive set. We present experimental results on artificial data and benchmark datasets.
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Fig. 1 Example of Ensemble.
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Table 1 The experimental r
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one arca two area

distribution rate noise DD C-kNN R Fik DD C-kNN RE Tk
1:5 EL 57.01 81.78 91.31 52.34 66.77 77.02

Hb 45.58 57.38 67.85 48.24 53.23 61.20

Instance 1:1 ZC 87.53 70.26 95.98 70.04 67.81 86.69
»b 62.37 51.72 61.68 64.64 60.10 73.92

5:1 &L 92.77 58.59 96.71 69.11 57.64 83.07

»Hh 81.06 54.03 84.24 62.97 53.32 66.30

1:5 L 48.64 91.87 96.85 30.31 84.55 86.81

5HY 35.84 82.65 90.57 31.77 75.22 81.95

Bag 1:1 AL 98.11 89.61 98.79 74.45 81.96 90.48
HhH 95.57 82.83 96.02 69.79 79.65 87.47

5:1 ZL 97.73 76.87 96.11 60.70 71.98 83.55

5H 94.20 69.04 94.31 63.72 68.63 78.05

£2 NUFR—ITF—Rby ML AR
Table 2 The experimental result: benchmark dataset,

Muskl Musk2 Elephant Fox Tiger
MRTE 92.4 85.3 88.4 67.8 80.4
C-kNN 92.4 86.3 80.5 60.0 78.0
THRFE 90.3 81.6 83.0 63.1 79.2
APRs 92.4 89.2 N . .
DD 88.9 82.5 - - B
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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