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Abstract: Unsupervised domain adaptation aims to transfer knowledge from labeled data in the source domain to
the unlabeled target domain. The unsupervised domain adaptation method based on domain alignment learns
domain invariant features by minimizing the difference in cross domain feature distribution, ignoring the learning
of discriminative features in the target domain, resulting in poor discriminability of the learned domain invariant
features in the target domain, confusion of different types of features, and performance decrease of the model. To
address the problem of poor discriminative power of domain invariant features in the target domain during domain
alignment, this paper proposes a deep Subdomain Adaptive method based on domain invariant Discriminative
Feature learning (DFSA). The deep subdomain adaptive method is combined with the constraints of minimizing
class confusion to increase the inter-class differences of domain invariant features, and consistency regularization is
added to reduce the intra-class differences of domain invariant features. By doing so, domain invariant discriminative
features are mined to better preserve the discriminative power of domain invariant features in the target domain and
improve domain adaptability. The effectiveness of DFSA was validated on the Office-31 and Office-Home
benchmark datasets, and the results showed that DFSA effectively improves domain adaptation performance, with
an average accuracy improvement of approximately 0.79 percentage points and 3.51 percentage points,

respectively, when compared with existing deep subdomain adaptation methods on the two benchmark datasets.
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Fig.5 Visualization of domain invariant features
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Table 2 Classification accuracy of different methods on the Office-31 dataset %
B EMAT S
Gl A—-W D—W W—D A—D D—A W—A PHIME
ResNet 68.4+0.5 96.7+0.5 99.3+0.1 68.9+0.2 62.5+0.3 60.7+0.3 76.1
DANN 82.0+0.4 96.9+0.2 99.1+0.1 79.7+0.4 68.2+0.4 67.4+0.5 82.2
ADDA 86.240.5 96.240.3 98.4+0.3 77.840.3 69.5+0.4 68.9+0.5 82.9
JAN 85.4+0.3 97.440.2 99.8+0.2 84.7+0.3 68.6+0.3 70.0+0.4 843
CDAN4 93.1+0.2 98.2+0.2 100.0+0.0 89.840.3 70.1+0.4 68.0+0.4 86.6
Norm-AE-SPL 88.6 98.7 97.1 93.0 73.8 74.2 87.6
DMP 93.040.3 99.0+0.1 100.0+0.0 91.0+0.4 71.4+0.2 70.240.2 87.4
DSAN 93.6+0.2 98.3+0.1 100.0+0.0 90.2+0.7 73.5+0.5 74.8+0.4 88.4
DFSA 93.65+0.4 98.42+0.1 100+0.0 92.0740.1 75.91+0.3 75.1120.6 89.19
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Table 3 Classification accuracy of different methods on the Office-Home dataset %
. B GRS
THEAR :
A4—-C A—»P A—>R C—»4 C-»P C->R P-4 P-C P-R R—4 R->C R-P FH¥E
ResNet 349 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
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 45.8 43.4 70.3 63.9 52.4 76.8 58.3
CDAN 49.0 69.3 74.5 54.4 66.0 68.4 55.6 48.3 75.9 68.4 55.4 80.5 63.8
DSAN 54.4 70.8 75.4 60.4 67.8 68.0 62.6 55.9 78.5 73.8 60.6 83.1 67.6
DMP 52.3 73.0 77.3 64.3 72.0 71.8 63.6 52.7 78.5 72.0 57.7 81.6 68.1
Norm-AE-SPL 51.6 76.0 80.6 63.0 77.0 78.4 62.9 50.7 81.2 66.3 52.8 82.9 68.6
IMANLDP 59.6 77.3 79.5 67.4 75.9 74.6 66.1 56.4 81.0 74.5 61.4 84.4 71.5
DFSA 58.72 74.45 77.28 65.51 74.25 74.45 65.60 58.90 79.37 74.99 63.76 84.86 71.01
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Table 4 Application effect diagrams of different methods
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Fig.8 Statistics of intra-class variance
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Table 5 Results of ablation experiment

EAPR 370 = N )R 4P 35 SR T R /%
Immd mcc cc Office-31 Office-Home
J x x 88.40 67.60
N x N 87.30 68.25
J J x 88.49 70.23
J J \ 89.19 71.01
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Table 6 Average time consumption per epoch for different loss

modules
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Fig.9 Convergence speeds of different loss modules
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