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A Random Subspace Method for Co-Training

WANGJiao LUO S-wel ,ZENG Xian-hua
('Schod o Computer and Information Technology , Beijing Jiactong University , Beijing 100044, China)

Abdtract:  Semi-supervised learning has received much attention recently. Co-training is a kind of semi-supervised learning
method which uses unlabeled data to boost the perf ormance o standard supervised learning agorithms. A novel co-training style a-
gorithm , RASCO (for RAndom Subspace CO-training) ,is proposed which uses stochastic discrimination theory to extend co-training
to multi-view situation. The accuracy and generalizability of RASCO are anayzed. The influences of the parameters of RASCO are

discussed. Experiments on UCI data set demonstrate that RASCO is more effective than other co-training style algorithms.
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