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Abstract: In this research, a model-selection criterion for RBFNN under virtual concept

drift environments is proposed. Under such environments, the prior distribution of learning

samples is changing over time so that online learning tasks usually cause catastrophic

forgetting. Such environments are parts of covariate shift.

First of all, a statistical model of such environments is constructed. Then, we applied

the learning strategies under covariate-shift using the statistical model. The method also

provides the model selection criterion. Moreover, several strategies for reducing the com-

putational complexity are also discussed.
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