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Representation learning for unsupervised domain adaptation

XU Yayun, YAN Hua

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract; Among the conventional training methods of pattern recognition, the supervised learning methods with
abundant labels have achieved significant performance in recognition accuracy. However, in real life, there are
problems that samples often lack labels, or existing labeled samples cannot be used directly due to the distributional
divergences of the target samples. To resolve these issues, unsupervised domain adaptation is often applied to
recognize samples of unlabeled target domain by taking advantage of the data of the source domain with sufficient
labels but different distributions. Considering the situation that the distributions of the target recognition samples
and the source training samples are different, an optimal representation learning method for unsupervised domain
adaption was proposed. Two representation matrices were introduced to the common subspace of the domain samples
to better reduce the distributional divergence of the domains. Then, optimization constraints were implemented on
the two representation matrices, so as to make the source domain and the target domain optimally represent each
other, thereby reducing the distributional divergence between the domains. In this way, the unlabeled target
domain samples could be recognized by the fully labeled source domain samples (i.e., transfer learning).
Experiments on three common unsupervised domain adaption datasets show that the proposed method outperformed
the conventional transfer learning methods and deep learning methods in recognition accuracy, which verifies the
validity and robustness of the proposed algorithm.
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Tab.2  Accuracy on Office — Caltech 10( SURF) Yo

% DTSL  CORAL DICD DST-EIM &<
C—A 53.3 52.1 47.3 53.7 57.0
C—W 45.8 46.4 46.4 51.5 52.0
C—D 51.0 45.9 49.7 49.0 50.3
A—C 44.7 45.1 42.4 37.5 43.6
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A—D 39.5 39.5 38.9 51.0 52.2
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C—A 91.5 91.5 91.7 91.2 92.1
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C—D 88.0 88.0 91.1 91.6 94.5
A—C 85.8 84.0 86.0 86.3 85.7
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A—D 82.2 84.7 87.3 86.3 88.7
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WA 75.5 72.4 89.4 91.1 89.8
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Tab.4  Comparison of accuracy of proposed method and deep
methods on Office — Caltech 10 %
15 AlexNet JpoT A
CoA 91.9 91.5 9.1
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W—A 83.8 90.7 89.8
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DA 87. 1 88. 1 92.1
D—->W 97.7 96.6 99.5
ST 86. 1 89.0 9.6
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1155 TCA GFK CORAL BDA i '
C—l 89.3 86.3 83.0 90.8 89.5
C—P 74.5 73.3 71.5 73.7 71.8
[—C 93.2 93.0 88.7 94.0 95.2
I—P 77.5 75.5 73.7 75.3 76.2
P—C 83.7 82.3 72.0 83.5 90.8
P—I 80.8 78.0 71.3 77.8 90.5
S 83.2 81.4 76.7 82.5 85.7
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