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Research and Perspective on Domain Adaptation Learning Algorithms

MENG Juan HU Gu-yu PAN Zhi-song ZHOU Yu-huan
(Institute of Command Information System,PLA University of Science and Technology, Nanjing 210007, China)

Abstract Domain adaptation learning aims to solve the learning problem of target domain by using the labeled samples
of source domain. The key challenge is how to minimize the distribution distance among different domains at most and
solve the change of data distribution effectively. Domain adaptation learning algorithms were summed up and classified.

The characteristics of each type learning algorithm were summarized. Five typical algorithms were carefully analyzed

and their performances were compared. What directions are worthy of further exploration was indicated.
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