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Machine learning is the basis of important advances in artificial intelligence. Unlike general machine learning,
which uses the same task for training and testing, transfer learning uses the results trained by other tasks to learn a
new task. Among the various transfer learning algorithms have been proposed, we focus on attribute-based transfer
learning. This algorithm realizes transfer learning by introducing attributes and transferring the results of training.
However, the existing algorithm does not consider the extent which each attribute can learn correctly (called the
observation probability). Here, we devised the generative model which introduced the observation probability. We
confirmed that the accuracy rate of the proposed technique was higher than that of the preceding work.
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