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Self-correcting Pseudo Label for Unsupervised Domain Adaptation
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Abstract: Many current domain adaptation methods use the idea of generating pseudo —labels for the target domain, but due to the
insufficient data in the source domain and the domain differences between the source and target domains, the pseudo-labels generated by
the model often contain a lot of noises, which can lead to a seriously negative migration phenomenon. To address the situation that pseudo—
labels may be noisy,a two—network pseudo-label model with self—correcting capability is proposed, which has a student network and a
teacher network. The teacher network uses the source domain labeled data to generate pseudo —labels by performing dimensionality
reduction and subspace transformation to the target domain unlabeled data, which is based on the source domain category information and
the target domain structure information. The student network uses the pseudo-labels to learn and feeds the learning results to the teacher
network , which updates the pseudo-labels based on the feedback. Through this circular self-correcting process, the pseudo—labels will be
more closely matched with the real label of the target domain after each update,and finally achieve the effect of migration. The proposed
method achieves excellent results under the experiments of several datasets and proves its effectiveness.
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