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Abstract As one of the emerging research directions in the field of machine learning, unsupervised domain adaptation mainly uses
source domain supervision information to assist the learning of unlabeled target domains. Recently, many unsupervised domain
adaptation methods have been proposed, but there are still some deficiencies in relation mining. Specifically, existing methods
usually adopt a consistent processing strategy for target domain samples, while ignoring the discrepancy in target domain samples
in relation mining. Therefore. this paper proposes a novel method called entropy filtering and class centroid optimization(EFCO).
The proposed method utilizes a generative adversarial network architecture to label target domain samples. With the obtained
pseudo-labels, the sample entropy value is calculated and compared with a predefined threshold to further categorize target domain
samples. Simple samples are assigned pseudo-labels, while difficult samples are classified using the idea of contrastive learning. By
combining source domain data and simple samples,a more robust classifier is learned to classify difficult samples,and class cen-
troids of the source and target domains are obtained. Inter-domain and intra-domain discrepancies are minimized by optimizing in-
ter-domain contrastive alignment and instance contrastive alignment. Finally,it is compared with several advanced domain adapta-
tion methods on three standard data sets,and the results indicate that the performance of the proposed method outperforms the
comparison methods.
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2 EFCO HESRTERCF R4 09 o % # 3 EFCOHERTE Office-31 B4l 4 b ay i 3
Table 2 Accuracy of EFCO framework on digital dataset Table 3 Accuracy of EFCO framework on Office-31 dataset
%) %
Method M— U U—> M S—> M Avg Method A—>W D—>W W—>D A—>D D> A W—> A Avg
ResNet-50 76.7 63.4 67.1 69.1 ResNet-50 68.4 96.7 99.3 68.9 62.5 60.7 76.1
DAN 80. 3 77.8 73.5 77.2 DAN 80.5 97.1 99. 6 78.6 63.6 62.8 80.4
DANN 90. 8 93.9 83.1 89.2 DANN 82 96.9 99.1 79.7 68. 2 67.4 82.2
CDAN 93.9 96.9 88.5 93.1 ADDA 86. 3 96. 3 98.5 77.9 69. 6 68.9 82.9
CyCADA 95. 6 96.5 90. 4 94. 2 CDAN 93.1 98 100.0 89. 8 70.1 68.0 86. 6
CAT 90. 6 80.9 98.1 89.9 CAT 91.1 98. 6 99. 6 90. 6 70. 4 66.5 86. 1
MCD 94.2 94.1 96. 2 94. 8 SAFN 88. 8 98.4 99. 8 87.7 69.8 69.7 85.7
ETD 96. 4 96. 3 ﬂ 96.9 ETD 92.1 100.0 100.0 88.0 71.0 67.8 86.2
DSAN 96.9 95.3 90. 1 94.1 DWL 87.2 99.1 99. 6 86. 3 71.5 69. 8 85.5
DWL 96. 2 96.7 97.3 96.9 CGDM 90.1 99.3 100.0 89.0 70.0 70.8 86.5
CGDM 96.0 97.0 97.6 96. 8 SCAL 93.5  98.5 100.0 935 724 740  88.6
Ours 96.5 97.7 97.6 97.1 Ours 93.1 99.7 100. 0 91.8 74.3 74.6 88.9
# 4 EFCO ME47E Office-Home #4419 o K
Table 4 Accuracy of EFCO framework on Office-Home dataset

(ZD)

Method ~ Ar>=Cl Ar=Pr Ar>Rw Cl=Ar Cl>Pr Cl>Rw Pr=Ar Pr>Cl Pr>Rw Rw>Ar Rw>Cl Rw>Pr Avg

ResNet-50 34.9 50.0 58.0 37.4 11.9 16.2 38.5 31.2 60.4 53.9 1.2 59.9 16.1

DAN 43.6 57.0 67.9 45.8 56.5 60. 4 44.0 43.6 67.7 63.1 51.5 74.3 56.3

DANN 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6

JAN 45.9 61.2 68.9 50.4 59.7 61.0 15.8 43.4 70.3 63.9 52.4 76.8 58.3

CDAN+E 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8

TAT 51.6 69.5 75.4 59.4 69.5 68. 6 59.5 50.5 76.8 70.9 56.6 81.6 65.8

ETD 51.3 71.9 85.7 57.6 69.2 73.7 57.8 51.2 79.3 70.2 57.5 82. 1 67.3

GSDA 61.3 76.1 79.4 65.4 73.3 74.3 65.0 53.2 M 72.2 60.6 8371 70.3

SCAL 55.3 72.7 78.7 63.1 71.7 73.5 61.4 51.6 79.9 72.5 57.8 81.0 68.3

Ours 60. 4 ﬂ 78.7 65.2 73.8 72.9 64.7 56.7 81.3 73.2 59.3 83.5 70.2
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Fig. 3 Model iterative classification accuracy and parameter sensitivity
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Fig. 4 Noise contrast experiment
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Table 5 Accuracy of EFCO framework in domain adaptation task

D— A ablation experiment on Office-31 dataset

A% 3] (CL) HE %

GAN [ % HE % L I Accuracy/ %
clu ~ins
N 70.6
v N 72.9
N N N 74.3

# 6 EFCO HERAEBUF B 4 1 dE R AL 55 U—~M il
S 1 HE A 1
Table 6 Accuracy of EFCO framework on domain adaptation task

U—>M ablation experiment on digital dataset

At 3 (CL) fE %
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L cu Lins
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N NG N 97.7
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