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domain adaptation

Zong Ziyang' He Jun' Huan Hai' Li Qingyong’
(1. School of Artificial Intelligence, Nanjing University of Information Science and Technology,Nanjing 210044, China;
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Abstract: Recently, the adversarial training framework of maximizing and minimizing the discrepancy between bi-
classilier has been proved elfective in unsupervised domain adaptation (UDA). Classical UDA approaches usually
choose to use some simple intra-class discrepancies to measure the difference between the bi-classifier, such as L-1
norm and Kullback-Leibler divergence. From a geometric point of view, this work designs a novel European dual
difference by considering the distribution of dual classifiers in the European Space and combining the defects of the
classical dual classifier algorithm, and combines it into this adversarial UDA framework. This novel discrepancy can
elfectively distinguish the two probabilities predicted by the bi-classilier whether they are close in determinacy or in
uncertainty. In addition, we also provide theoretical support to prove the upper bound of the theoretical error of the
metric. Experiments on the public UDA dataset show that the average accuracy of the European-style dual adversarial
algorithm in the small-scale dataset Digits, the medium-scale dataset Office-31, and the large-scale dataset VisDA are
98.3%, 87.8%, and 81.7%, which outperforms other 2-classifier UDA methods with intra-class variance and
achieves results comparable to state-ol-the-art methods.
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Sy RIS T AR B SPTAY  8] , SR PR AR A 10 22 403X
FERY — e A BRI A .

bY@ P 3 A ) 8, Shannon 451 #E H 14 A LA B
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B 225 4 Office-31 DA KA & 22 B4 4 VisDA
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1) Digits 3484 . A& 3r 72 SVHNMY [ USPS™ | MNIST
LA T R, DUSPAN A SO B A A, i 3 BR
SVHN(S) &—A-i 15 1) 5 5648 5t 4 B 1 % 6 807 BHR
By B 48 s MNIST (M) fy 8152 1 52 v 9% €0 BRI
AHXT AR USPS(O HFEHFHM. X 3 MHIEEE
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(M)At USPS(UD B REAR , BB T 3 413038 W AT 55 : S~ M,
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7P (0]
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ZEARE N EER B 3 AN R BOE B, 655 W5 57
Amazon(A) REWEEAR B HLIF % L Webcam (W) 48
By A A T B R Sk RE B EE A DSLR(D). %+ Amazon
(A) \Webcam (W) HI DSLR(D) St #E A, B 1 6 4138
ERAL S : A—>D. DA A—>W W—>A D—>W fl W=D,

A D W

B 4  Office-31 ]

3) VisDA g % - &l 5 o . VisDA (SRR 5
BT 443250 Train, Validation fl Test ) 12 A2 5w
it 280 K Wy %, X F VisDA ¥ B T Train >
Validation M5 .
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ARSI B9 S BRHESL S Pytorch YREE2 M HERL, #4F R 48
J Ubuntul6. 04,GPU N3k GTX2080Ti, AR 12 G,

X} T Digits $yn e, &R A MCD Hh i FI 59 B R 4
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TEA Y H 2 i 1 2R 2%

it i YRR B BG4 AR SCR A ResNet™'™ fE
VisDA %4E & (ResNet-101) #1 Office-31 {5 £ (ResNet-
SO) MARIRAE AR . X T 4288 AR SC R VisDA i H =4
2HEHZE 8 Office-Home i A~2E#E. #BARA
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RANE R 32,
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5 P B O 8 B 5 2D A AE 5 2 25 DI o A v R I 4% B A
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LI LS SRR TER L, NS R DIE
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#F1 {E243 EDD & %

873 S—M M—>U U—-M S g
1 96. 4 96.7 96.9 96.7
2 97.1 97.1 97.3 97.2
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4 98.8 97.6 98. 6 98.3
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EDD 98. 8 97.6 98. 6 98.3

BT Digits IBE B AL R BT FHBEMERFEH
RS Ll — S H,

2) Office-31 S ¥R e Xt He
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