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Abstract

In this paper, we propose a flow-based transfer learning (TL) algorithm with a faster learning speed while
supporting the hetero teacher network. First, the proposed technique has a similar accuracy and performance compared
to the previous TL using flow information and has been identified as having lower complexity. Next, the proposed
scheme through Bayesian optimization obtained 0.1% to 0.3% more accuracy than the existing technology and showed
learning results that were 230,000 to 250,000 seconds faster. Therefore, it is expected that the proposed scheme can
be used as deep Learning-based transfer learning technology, which achieves similar or higher accuracy compared to

the existing technology.
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