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Fig.1 The framework of self-training learning and prediction
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A Summary of Semi-Supervised Self-Training Methods

LU Jia',LI Tingting®

(1. College of Computer and Information Science, Chongqing Normal University, Chongqing 401331
2. School of Information Management, Wuhan University, Wuhan 430072, China)
Abstract: [Purposes |By introducing the background of semi-supervised self-training, the theory, training mechanism, feature
attributes, comparison standards, and sorting out the application scenarios and existing problems of self-training method, it provides
reference for further research of self-training method. [ Methods]The related literatures of semi-supervised self-training method were
searched, and the progress in training method research field in recent years was reviewed and summarized. [Findings Firstly, the
background and theory of semi-supervised self-training method were introduced. Secondly, the training mechanism, feature
attributes and comparison standards of self-training methods were sorted out. In the part of training mechanism. the expansion
methods of training set of self-training learning were classified and summarized. In the part of feature attributes, the confidence
measurement and stop criteria of self-training method were expounded. In the part of comparison standard, the evaluation index to
measure the effectiveness of self-training method was discussed. Finally, the application scenarios and main problems of self-training
methods were summarized. [ Conclusions ] The theoretical research and application of semi-supervised self-training method will
remain one of the hotspots of machine learning research in the future. This research has important theoretical value and practical
significance for understanding the learning mechanism of semi-supervised self-training method and solving practical application
problems.

Keywords: semi-supervised learning; self-training method; labeled instances; unlabeled instances; noise instances
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