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Research of semi-supervised domain adaptation based on active learning

Yao Minghai, Huang Zhancong
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

Traditional machine learning algorithms assume that the training data ( source domain) and test data ( target
domain) obey the same distribution, but this assumption is often not true in practical applications. If the distribu-
tion of source domain and target domain is very different, the performance of the trained classifier will be reduced.
In order to solve this problem, a semi-supervised domain adaptive method based on active learning is proposed.
Firstly, an initial model is trained by using the number of source domains and target domain data, then the most
representative samples are selected from the target domain for marking, and the existing models are trained again
until the end point set in advance. Results of experiments on SVHN, MNIST and USPS datasets show that the pro-
posed method can make the classifiers learned from source domain more suitable for target domain than the similar
methods.

Key words: domain adaptation, active learning , neural network, image recognition
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