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Abstract Unsupervised domain adaptation (UDA) is a new kind of machine learning paradigm, which facilitates the training of
target domain model through transferring knowledge from source domain to unlabeled target domain. In order to model the do-
main distribution difference between the source domain and target domain,the maximum mean discrepancy (MMD) is widely ap-
plied,it plays an effective role in promoting the performance of UDA. Usually, the class size and data distribution between the
target domain and the source domain are not the same, unfortunately, these methods usually ignore this structure information. To
this end, this paper proposes a model called sample weighted and class weighted based unsupervised domain adaptation network
(SCUDAN). On one hand, the class distribution alignment between the source domain and the target domain is achieved through
adaptive weighting on the classes of the source domain. On the other hand,the class centers between the target domain and the
source domain can be aligned through adaptive weighting on the samples of the target domain. In addition,a CEM (Classification
Expectation Maximization) algorithm is proposed to optimize SCUDAN. Finally. the effectiveness of the proposed method is veri-
fied by comparative experiments and analysis.
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Fig. 1 Difference of class weight caused by difference of
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Table 1  Results of different methods based on AlexNet,Googl.eNet and VGGnet-16 on Office-10+ Caltech-10

A 20)
Method A—>C w—>C >C C—>A Cc—>Ww C—>D Avg
AlexNet 84.01+0.3 77.94£0.4 L0404 91.340.2 83.2+0.3 89.1+0.2 84.0
LapCNN(AlexNet) 83.6+0.6 77.84+0.5 .6+0.4 92.140.3 81.6+0.4 87.84+0.4 83.9
DDC(AlexNet) 84.3+0.5 76.940.4 .54+0.2 91.34+0.3 85.5+0.3 89.1+0.3 84.6
DANC(AlexNet) 86.0+0.5 81.5+0.3 L0404 92.040.3 92.6+0.4 90.5+0.2 87.3
WDAN(AlexNet) 86.9+0.1 84.1+£0.2 3.9+0.1 93.140.2 93.6+0.2 93.47+0.2 89. 2
SCUDANC(AlexNet) 87.2+0.1 84.8+0.1 .3+0.1  93.2+0.1 93.9+0.2 93.5+0.2 89.4
Googl.eNet 91.340.2 88.2+0.3 .94+0.3 95.240.1 92.5+0.2 94.7+0.3 91.8
DDC(GoogLeNet) 91.4%0.2 88.7+0.3 .0£0.4 95.340.2 93.0%+0.1 94.94+0.4 92.1
DAN(GoogLeNet) 91.440.3 89.7+0.2 L14+0.4 95.5+0.2 93.1+0.3 95.3+0.1 92.3
WDAN(GooglLeNet) 91.5+0.2 91.740.3 .8+0.3 95.7+0.4 93.5+0.3  96.040.3 93.0
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Table 2 Results of different methods on digit recognition dataset
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