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A Label Propagation Algorithm for Multi-Label Classification
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Abstract: A method of label propagation using Hadoop technology, named HSML., is proposed,
to cope with the challenge of exponential-sized output space learning from multi-label data. Label
propagation algorithms are graph-based semi-supervised learning methods, and use the label
information of labeled data to predict the label information of unlabeled data. Traditional label
propagation algorithms do not consider the posterior probability and distinguish information
between labeled data and unlabeled data during the label propagation process, hence, the
performance of traditional label propagation algorithms is affected. Therefore, a label
propagation algorithm with different weights is proposed. After the multiplication problem of
large-scale feature matrices is solved, the proposed algorithm is applied to the framework of
Hadoop to deal with the problem of multi-label classification learning from big data. Experimental
results and comparisons with some well-established multi-label learning algorithms, show that
the performance of HSML is superior, and that the bigger test set is the faster HSML runs.
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