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Semi-supervised and Ensemble Learning: A Review
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Abstract Semi-supervised learning (SSL) and ensemble learning are two important paradigms in the field of machine
learning research. SSL attempts to achieve strong generalization by exploiting both labeled and unlabeled instances,
while ensemble learning aims to improve the performance of weak learner by making use of multiple classifiers. SSL en-
semble learning is a novel paradigm which can improve the generalization performance of classifier by combining SSL
and ensemble learning. Firstly the development process of SSL ensemble learning was analyzed and it was found that
SSL ensemble learning is derived from disagreement-based SSL. Then, classify SSL. Ensemble learning methods were
classified into two categories; SSI.-based ensemble learning and ensemble-based SSL.. A detailed description for the main
methods of SSL. Ensemble learning was given. Finally, the current research status of SSL ensemble learning was summa-
rized and some issues which are worth of further study were given.
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