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Robust Domain Adaptive Learning with Adaptive Noise Correc-
tion

WANG Yunyun'?,GUI Xu'?,ZHENG Weiwen'? ,XUE Hui

(1. School of Computer Science and Technology. Nanjing University of Posts and Telecommunication, Nanjing, Jiangsu, 210023,
China;2. Jiangsu Key Laboratory of Big Data Security & Intelligent Processing, Nanjing University of Posts and Telecommunica-
tions, Nanjing, Jiangsu. 210023, China; 3. School of Computer Science and Engineering, Southeast University. Nanjing, Jiangsu.
210023, China)

Abstract: Domain Adaptation (DA) learning aims to use lable-rich source domains to help the learning of
label-scarce target domain. The DA method usually assumes that the source domain data has been correctly
labeled. However,in reality,it is usually difficult to collect a large number of source instances with clean la-
bels. Noise DA learning with noise source labels may reduce the target learning performance. Therefore, this
article proposes a Robust DA Method through Adaptive Noise Correction (RoDAC). RoDAC consists of two
learning stages, Adaptive Noise Label Detection (ANLD) and Adaptive Noise Label Correction (ANLC). In
ANLD,an adaptive noise detector is used to identify the source instance with noise labels,and the noise labels
are further adaptively corrected in ANLC and reinvested in domain adaptation learning. Compared with the
benchmark data set,the results show that the RoODAC method achieves significant performance improvement
in the domain adaptation scenario where the source domain label has noise. This learning strategy can be inte-
grated into many existing DA methods to improve its learning performance in noisy label scenarios.

Key words: domain adaptation;noise label detection;noise label correction;robustness;meta network
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