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1) forie{1.3} do
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5 end for
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7 . 3~ 6
9 ADPT N N liverdisorders ~ geraman ;
N 7 spect  heart
7.5.6; F e haberman
3

Tritraining TCE ST STCE ADET ADPT 0
wdbe 0.937 1 0.9510 0.944 1 0.958 0 0.957 4 0.971 3° 0.70
winewhite 0.706 9 0.706 1 0.706 9 0.703 7 0.768 6 0.781 2" 0.75
haberman 0.576 9 0.5513 0.692 3 0.538 5 0.7311 0.773 2° 0.65
spect 0.746 3" 0.641 8 0.567 2 0.626 9 0.641 5 0.661 5 0.80
electrical 0.995 2 0.994 4 0.994 0 0.996 0 0.999 3 0.999 9° 0.90
Australian 0.803 5 0.820 8 0.826 6 0.849 7 0.861 3 0.867 2° 0.85
liverdisorders 0.540 2 0.563 2 0.5517 0.597 7 0.601 4 0.627 5° 0.60
heart 0.691 2 0.720 6 0.764 7 0.779 4 0.763 0 0.811 1° 0.90
geraman 0.660 0 0.732 0 0.740 0 0.746 0 0.729 0 0.734 0 0.85

4

Tri+raining TCE ST STCE ADET ADPT 0
wdbe 0.893 3 0.920 0 0.920 0 0.920 0 0.933 3 0.962 5 0.65
winewhite 0.506 6 0.554 4 0.615 4 0.565 0 0.700 7 0.728 5° 0.70
haberman 0.250 0 0.312 5 0.312 5 0.375 0 0.538 2 0.556 6 0.80
spect 0.769 2 0.923 1 0.769 2 1.000 0 0.611 3 0.661 5 0.70
electrical 0.992 4 0.990 2 0.991 3 0.995 6 0.998 6 1.000 0° 0.80
Australian 0.807 7 0.846 2 0.807 7 0.923 1" 0.854 3 0.878 4 0.80
liverdisorders 0.276 6 0.2553 0.3191 0.468 1 0.545 5 0.653 5 0.60
heart 0.724 1 0.758 6 0.758 6 0.827 6 0.824 8 0.8550° 0.60
geraman 0.632 4 0.558 8 0.617 6 0.573 5 0.638 1 0.794 8" 0.65

5

Tri+raining TCE ST STCE ADET ADPT 0
wdbe 0.985 3 0.985 7 0.971 8 1.000 0° 0.949 9 0.959 1 0.75
winewhite 0.524 7 0.521 2 0.520 2 0.517 0 0.5322 0.5712° 0.85
haberman 0.160 0 0.172 4 0.277 8" 0.187 5 0.228 2 0.236 7 0.55
spect 0.416 7 0.342 9 0.277 8 0.342 1 0.468 8 0.660 1" 0.90
electrical 0.993 5 0.994 5 0.992 3 0.993 5 0.999 4 0.999 9" 0.85
Australian 0.768 3 0.776 5 0.807 7 0.782 6 0.836 1 0.860 2" 0.70
liverdisorders 0.684 2 0.800 0 0.681 8 0.687 5° 0.362 9 0.512'1 0.70
heart 0.617 6 0.647 1 0.709 7 0.705 9 0.642 0 0.772 6" 0.85

geraman 0.417 5 0.506 7 0.518 5 0.565 2 0.176 9 0.284 6 0.95
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Tri-training TCE ST STCE ADET ADPT 6
wdbc 0.937 1 0.9517 0.945 2 0.958 3" 0.941 2 0.956 0 0.70
winewhite 0.5155 0.537 3 0.563 8 0.5399 0.603 7 0.630 4° 0.75
haberman 0.195 1 0.222 2 0.294 1 0.250 0 0.307 0 0.498 5° 0.70
spect 0.540 5 0.500 0 0.408 2 0.509 8 0.489 9 0.609 8" 0.90
electrical 0.993 4 0.992 3 0.991 8 0.994 5 0.999 0 0.999 8° 0.90
Australian 0.787 5 0.809 8 0.807 7 0.847 1 0.842 7 0.856 6" 0.70
liverdisorders 0.397 9 0.387 1 0.434 8 0.557 0" 0.396 2 0.491 9 0.80
heart 0.666 7 0.698 4 0.733 3 0.761 9 0.715 5 0.776 2° 0.90
geraman 0.502 9 0.5315 0.563 8 0.569 3" 0.264 7 0.381 4 0.95
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12 ZHOU Zhihua LI Ming. Tri-training: exploiting unlabeled

The ADP-Tri-Training: Tri-Training with Adaptive Editing and
Probability Parameters

LI Song WU Runxiu~ KANG Ping ZHAO Jia
( School of Information Engineering Nanchang Institute of Technology Nanchang Jiangxi 330099 China)

Abstract: Semi-supervised learning utilizes a small amount of labeled data and a large amount of unlabeled data for
learning. Tri-raining is a divergence-based semi-supervised classification algorithm. When pseudo-dabeling Tri—
training will cause noise in the training set due to mislabeling which will reduce the classification performance of
the algorithm.In order to reduce the impact of mislabeling on the classification performance of the algorithm the
ADP -Tri-training that is tri4raining with adaptive editing and probability parameters ( ADPT) is proposed. Firstly
the new algorithm uses the nearest neighbor-hased RemoveOnly data editing technology to identify and eliminate the
noise of the marked data that triggers the adaptive editing strategy while the marked data that does not trigger the
adaptive editing strategy uses the probability parameter method to identify and eliminate noise.In order to verify the
classification performance of the algorithm in this paper four evaluation indicators are used to conduct experiments
on 9 groups of UCI datasets and compare with related algorithms.The experimental results show that the algorithm in
this paper has obvious advantages compared with other algorithms in terms of accuracy precision recall and F .
indicators.

Key words: semi-supervised learning; adaptive strategy; probability parameter; Tri-training



