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A new multi-label learning algorithm based on semi-supervised learning

LI Ya-lin'*, ZHANG Hua-xiang'** | FENG Xin-ying'*
(1. School of Information Science & Engineering, Shandong Normal University, Jinan 250014, China;
2. Shandong Provincial Key Laboratory for Novel Distributed Computer Software Technology, Jinan 250014, China)

Abstract: Multi-label learning usually has many unlabeled samples. Combined with co-training method, this research
made full use of the unlabeled sampled in dataset, selected the local k-NN ( k nearest neighbor) and global k-NN for
training to get two classifiers, which could label the unlabeled examples and could be added to the training set. The col-
laborative training process iterated continuously, until the training finished. The experimental results showed that this al-

gorithm could outperform other multi-label learning algorithms.
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Table 1 Comparison of experimental result based on
image dataset
Bk
PRI ML-Co2k- ML-SLk- ML-SGk-

NN NN NN COMN
Hamming loss | 0.1220  0.1630 0.1610 0.1380
One-error | 0.2260 0.3250 0.3210 0.2620
Coverage | 0.7500  0.8230  0.8120 0.7850
Ranking loss | 0.1150 0.1440 0.1420 0.1250
Average precision T 0.8460  0.6560 0.6480 0.7650
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Table 2 Comparison of experimental result based on
Yeast dataset

XS

PRI ML-Co2k- ML-SLk- ML-SGk-
NN NN NN COMN
Hamming loss | 0.1530  0.1680 0.1790 0.1650
One-error | 0.2160 0.2600  0.3110 0.2420
Coverage | 6.3730 6.6950 6.9390 6.5630
Ranking loss | 0.1660 0.1758  0.1880 0.1720
Average precision T 0.8650  0.8260 0.7980 0.8300
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