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Abstract: Most current transfer learning methods are modeled by utilizing the source data with the assumption
that all data in the source domain are equally related to the target domain. In many practical applications,
however, this assumption may induce negative learning effect when it becomes invalid. To tackle this issue, by
minimizing the integrated squared error of the probability distribution of the source and target domain
classification errors, the Classification-error Consensus Regularization (CCR) is proposed. Furthermore, CCR-
based Adaptive knowledge Transfer Learning (CATL) method is developed to quickly determine the correlative
source data and the corresponding weights. The proposed method can alleviate the negative transfer learning
effect while improving the efficiency of knowledge transfer. The experimental results on the real image and text
datasets validate the advantages of the CATL method.
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