WREF %

ETHAERIERN ZXHUSE N 77745

ok M2, XRMW?, =M, Xy’
(1. MAMIFEFIRIE 6 TAFR, 3T #N 313000;
2. ATIHREAFIHEMERZEHRKFER, TF KiE 116081)

T AU E G R AT DA X SRR E AR ) S A R AR BRSSO R BB AR BB AR O I B bR
SR, AT B K 2 B0 AR B AR 2R AE AT X 55, TRk AR i anbi EE 8. 5T
B, R T R T RIS IE RS A TUBOE N TR . 1% 7R BN R ML DS AR X I A S L
T B R AR IEAS O S P A S IRV i SRR AR o A, B AR NOE . R, R T B AN S AR
FERLA B R R D AR A, SRR T BRI, R PR 2 P 4 1T BB A (R A BT R M )
PRIRFR . 18 3 AR ) HUE AR 48 110 K SR 00 0IE I T4 7 v A ko

X PUREEN; TR PN RIS

HESES: TPISI

AR : A

doi: 10.11959/j.issn.1000-0801.2024014

Multi-adver sarial domain adaptation method based
on feature correction

ZHANG Yong'?, LIU Haoshuang’, ZHANG Qi%, LIU Wenzhe'

1. School of Information Engineering, Huzhou University, Huzhou 313000, China
2. School of Computer & Information Technology, Liaoning Normal University, Dalian 116081, China

Abstract: Domain adaptation can transfer labeled source domain information to an unlabeled but related target do-
main by aligning the distribution of source domain and target domain. However, most existing methods only align the
low-level feature distributions of the source and target domains, failing to capture fine-grained information within the
samples. To address this limitation, a feature correction-based multi-adversarial domain adaptation method was pro-
posed. An attention mechanism to highlight transferable regions was introduced in this method and a feature correc-
tion module was deployed to align the high-level feature distributions between the two domains, further reducing

domain discrepancies. Additionally, to prevent individual classifiers from overfitting their own noisy pseudo-labels,
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dual classifier co-training was proposed and the feature aggregation property of graph neural networks was utilized to

generate more accurate source domain labels. Extensive experiments on three benchmark datasets for transfer learn-

ing demonstrate the effectiveness of the proposed method.
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