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Abstract

Unsupervised domain adaptation (UDA) aims to transfer knowledge from a source domain with
many labels to a target domain without labels. Current research mainly focuses on unifying the
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feature distributions of the two domains. However, the target domain usually has more complex
background information, the global feature distributions of the source and target domains are
different, and directly sharing the entire network between the source and target domains to en-
force global distribution alignment will lead to performance degradation. In response to this issue,
a novel adversarial domain adaptation model is proposed based on domain-specific batch norma-
lization. First, using the adversarial learning loss module, considering domain alignment and class
alignment, a new loss function is automatically constructed from the confusion matrix obtained by
adversarial learning to correct the pseudo-labels in self-training; second, a domain-specific batch
normalization module (DSBN) is introduced in the encoder architecture of a convolutional neural
network (CNN), which adapts to the source and target domains separately by separating the batch
normalization layers. Separate domain-specific information from domain-invariant information
and learn domain-invariant feature representations to achieve better generalization performance.
Finally, the accuracy of the method in this paper in the Office-Home dataset and Office-31 dataset
reached 67.4% and 89.4%, respectively, which verified the model’s effectiveness.
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Figure 1.Network architecture diagram
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Figure 2. The illustration of noise-correcting domain discrimination (K = 3)
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Table 1. Accuracies (%) on Office-Home
2 1. Office-Home HIBRERIEE (%)

Domains ResNet-50 [2] DANN (3] JAN [6] ALDA [1] Ours
Ar—Cl 349 45.6 45.9 53.7 53.1

Ar—Pr 50.0 59.3 61.2 70.1 68.5

Ar—Rw 58.0 70.1 68.9 76.4 76.1
Cl—Ar 374 47.0 50.4 60.2 65.3

Cl—Pr 419 58.5 59.7 72.6 73.4

Cl->Rw 46.2 60.9 61.0 71.5 72.6
Pr—Rw 38.5 46.1 45.8 56.8 55.5
Pr—Ar 31.2 43.7 43.4 51.9 53.9

Pr—Cl 60.4 68.5 70.3 77.1 77.8

Rw—Ar 53.9 63.2 63.9 70.2 72.6
Rw—Cl 41.2 51.8 52.4 56.3 56.2
Rw—Pr 59.9 76.8 76.8 82.1 84.3
Avg 46.1 57.6 583 66.6 67.4

N S ARG A R A S S (0 K B AT U B R L, X EB A T Office-31 Hiffi 4R
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Table 2. Accuracies (%) on 31
% 2. Office-31 BIRERAFERE (%)

Domains  ResNet-50 [2] DANN[3]  ADDA [1] JAN [6] MADA [5] ALDA [1] Ours
A—->W 68.4 82.0 86.2 85.4 90.0 95.6 96.4
D->W 96.7 96.9 96.2 97.4 97.4 97.7 97.5
W—D 99.3 99.1 98.4 99.8 99.6 100.0 100.0
A—D 68.9 79.7 77.8 84.7 87.8 94.0 96.4
D—A 62.5 68.2 69.5 68.6 70.3 72.2 72.1
W—A 60.7 67.4 68.9 70.0 66.4 72.5 73.8

Avg 76.1 82.2 82.9 84.3 85.2 88.7 89.4
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