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Abstract

It is easy to train a machine learning model well in a field with a lot of data. However, it is not easy to train the
learning model well where learning data is deficient. In order to solve this problem, knowledge distillation through
transfer learning has recently attracted attention. Knowledge distillation refers to a methodology for transferring
knowledge from a large number of large networks learned through ensemble techniques to one small network. In this
paper, we propose a method to improve the learning accuracy as well as the learning time by applying the knowledge
distillation technique to the DA-FSL model. Three knowledge distillation methods were used to apply it to the DA-FSL
model, and through experiments, the curve converging to the initial target learning accuracy was evaluated. We
compared the learning time required for model applying knowledge distillation through the proposed method and normal
DA-FSL model without knowledge distillation. As a result, it was confirmed through an experiment that it was reduced
from a minimum of 3% to a maximum of 35%.
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