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Research on Source-free Domain Adaptation Algorithm Based on Masked Image Consistency
LIU Erhu
School of Computer Science and Engineering, Anhui University of Science and Technology, Anhui Huainan 232001, China

Abstract: Objective Unsupervised domain adaptation (UDA) aims to adapt knowledge from labeled source domains to
unlabeled target domains, achieving comparable performance in target tasks. Previous UDA methods face risks of privacy
leakage and confusion among classes with similar visual appearances in the target domain. This paper proposed a source-
free domain adaptation method based on masked image consistency, called Masked Hypothesis Transfer (MHT). Methods
MHT adopted the idea of hypothesis transfer (HT) by freezing the classifier module (hypothesis) of the source model and
learned the target feature extractor through information maximization and self-supervised pseudo-labeling to implicitly align
representations between the target and source domains. Additionally, a masked image consistency (MIC) module was
introduced to explicitly enforce the model to learn spatial contextual relationships in the target domain to enhance
hypothesis transfer (HT). MIC forced consistency between the predictions on masked target images and the pseudo-labels,
so the model must learn to infer predictions from the context of the masked region. Results The algorithm was extensively
tested on four public benchmarks under closed-set UDA, partial-set UDA, and multi-source UDA settings. It achieved
87. 6% accuracy on VisDA-C, outperforming SHOT by 5.3%, and 72. 6% accuracy on Office-Home, surpassing SHOT
by 0.9%. Conclusion Experimental results demonstrate that the target of masked image consistency serves as an
additional clue to enhance source-free domain adaptation and MHT outperforms other comparative methods.
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Office—31 ,Office—Home Fl1 VisDA —C ( closed—set) .
PR 1 Office—31 BR4E I, MHT £LAI4R45 T 89. 2%
HIRSEE , 7E 4 MNMMESS L3RS T e b iR RE, M
SOTA (State of the Art) FiEANSR IS T HASEF 11y
ZEW  EFR 2 19 Office—Home |, MHT 7 —2F 4T %
AR T R Sk 2 B, K O 8 ME A R L SHOT 1Y
T1. 7% 5] 72. 6%, JLHM, Wk 3 fiw, 78 i 2k
B VisDA-C I, MHT JL-F-i5 3] T 42k B fEry 2k

i RE 3 AW 32 B 2 T A 1) 5 RS A 1 UDA 53,
o XL R R W HE i PR — Bk 1A S

Office—Home ( partial —set ) Fll Office—Caltech ( multi—
source) , W13 4 fT7x , MHT 7E Office—Home | I0HE T H:
BB ST I O , A LT SHOT, S T 38 {4 1) 2
Tt N 79.0% —79.8% ., [FIFEML, £ 5 1, MHT f
Office—Caltech |53 T LA 45, Horh 2 RRBRIE
WA A 3 Ak, X F B MHT 7EALBREXTFR UDA
1155 A2 U5 251 T B35 0 fig

&1 1£ Office-31 ##EE L closed—set UDA 9> K15 E

Tablel Classification accuracies on Office—31 dataset for closed—set UDA ( Resnet—50) /%
7 ik (R I— B ARIR) SF A—D A—W D—A D—-W W—A W—D Avg.
ResNet—50"" - 68.9 68. 4 62.5 96.7 60. 7 99.3 76. 1
DANN'!"] X 79.7 82.0 68.2 96.9 67.4 99. 1 82.2
DAN! x 78.6 80.5 63.6 97. 1 62.8 99.6 80. 4
MCD'®! x 92.2 88.6 69.5 98.5 69.7 100. 0 86.5
BNM["] X 90.3 91.5 70.9 98.5 71.6 100. 0 87. 1
SAFN+ENT!? x 90.7 90. 1 73.0 98.6 70.2 99. 8 87. 1
S x 94.7 90. 4 70.3 98.7 70.5 100. 0 87.4
CDAN+BSP!® X 93.0 93.3 73.6 98.2 72.6 100.0 88.5
MetaAlign'?"! x 94.5 93.0 75.0 98.6 73.6 100. 0 89.2
Source model only - 80. 1 76.1 58.7 95.5 61.5 99.2 78.5
SFDA™ v 91.1 98.2 99.5 92.2 71.0 71.2 87.2
SHOT " ¥ v 94. 4 90.5 73.5 98. 1 74.3 99.9 88.5
U-SFAN+!" v 94.2 92.8 74.6 98.0 74. 4 99.0 88.8
MHT( Ours) v 95.8 91.6 73.9 99.0 74.8 100. 0 89.2
& 2 1£ Office—Home ##EE Y closed—set UDA 4 KI5 E
Table 2 Classification accuracies on Office—Home dataset for closed—set UDA ( Resnet—50) /%
75 k& (R 3K: B ARIR) SF Ar:Cl Ar:Pr Ar:Re Cl:Ar Cl:Pr Cl:Re Pr:Ar Pr.Cl Pr:Re Re:Ar Re:Cl Re:Pr Avg.
ResNet—50""! - 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
DAN!'™ X  43.6 57.0 67.9 45.8 56.5 60.4 44 436 67.7 63.1 51.5 743 56.3
DANN!"] X 456 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
MCD'®! X 48,9 68.3 746 61.3 67.6 68.8 57.0 47.1 75.1 69.1 52.2 79.6 64.1
CDAN+BSP'?! X 520 68.6 76.1 58.0 70.3 70.2 58.6 50.2 77.6 72.2 59.3 819 66.3
SAFN x 52.0 71.7 76.3 642 69.9 71.9 63.7 51.4 77.1 70.9 57.1 815 67.3
BNM!"] X 523 73.9 80.0 63.3 72.9 749 61.7 49.5 79.7 70.5 53.6 822 67.9
SCDA! x 57,5 76.9 80.3 65.7 749 745 655 536 79.8 745 59.6 83.7 70.5
MetaAlign'* X 59.3 76.0 80.2 65.7 747 75.1 657 56.5 81.6 741 61.1 852 71.3
DALN'™ x 57.8 79.9 8.0 66.3 76.2 77.2 66.7 555 81.3 73.5 60.4 853 71.8
Source model only - 441 66.4 743 51.6 62.2 650 52.4 41.2 73.1 650 458 76.9 59.8
SFDA™ v 48.4 73.4 76.9 64.3 69.8 71.7 62.7 45.3 76.6 69.8 50.5 79.0 65.7
G-SFDAM! v/ 5.9 78.6 81.0 66.7 77.2 71.2 65.6 56.0 82.2 72.0 57.8 83.4 71.3
FAUST! v/ 59.4 785 79.4 627 77.6 75.0 64.5 61.0 78.3 72.7 64.8 859 71.6
SHOT* 1! v/ 568 783 81.7 67.8 77.2 78.1 68.2 54.7 8.1 72.9 58.4 84.2 7T1.7
U-SFAN+! v/ 57.8 77.8 81.6 67.9 77.3 79.2 67.2 54.7 8.2 73.3 60.3 83.9 71.9
MHT( Ours) v/ 5.2 80.3 82.7 69.4 79.0 79.3 67.8 56.1 81.7 73.7 59.2 850 72.6
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Table 3 Classification accuracies on VisDA-C dataset for closed—set UDA ( Resnet—101) /%
Jr i% (Synthesis— Real) SF plane beyel — bus car  horse knife mecycle person plant sktbrd train  truck Per—class
ResNet—101"" - 551 533 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 52.4
DANN!"] x 81.9 77.7 82.8 443 81.2 29.5 651 28.6 51.9 546 828 7.8 57.4
DAN! x 87.1 63.0 76.5 42 90.3 42.9 859 531 49.7 36.3 858 20.7 61.1
CDAN+BSP!* x 92.4 61.0 81.0 57.5 89.0 80.6 90.1 77.0 84.2 77.9 82.1 38.4 75.9
SAFN x 93.6 61.3 84.1 70.6 941 79.0 91.8 79.6 89.9 556 89.0 244 76. 1
SwD! x 90.8 825 8.7 70.5 91.7 69.5 86.3 77.5 87.4 63.6 856 29.2 76.4
DTA x 93,7 8.2 856 838 930 8.0 90.7 8.1 95.1 78.1 86.4 32.1 81.5
BCDM!*! x 95.1 87.6 81.2 73.2 92.7 95.4 869 825 951 848 8.1 39.5 83.4
SDAT!! x 95.8 855 76.9 69.0 93.5 97.4 885 782 931 91.6 86.3 553 84.3
Source model only - 58.6 16,4 52.8 651 71.7 6.3 819 267 79.6 33.3 844 7.1 48.7
SFDA'®! v 8.9 81.7 846 63.9 93.1 91.4 86.6 71.9 84.5 58.2 745 42.7 76.7
SHOT " 1! v 948 8.2 794 56.3 93.0 93.7 79.9 80.7 81 8.0 860 583 82.3
A’NET! v 940 87.8 85.6 66.8 93.7 951 8.8 8.2 91.6 88.2 865 56.0 84.3
FAUST! v 96.7 77.6 87.6 73.3 955 954 92.9 836 953 89.5 87.7 46.9 85.2
G-SFDAM! v 961 88.3 855 741 97.1 954 89.5 79.4 954 92.9 89.1 42.6 85.4
MHT ( Ours) v 96.9 91.7 88.0 75.4 96.6 95.8 89.3 84.2 92.2 93.4 89.9 57.4 87.6
# 4 7£ Office—Home ##E%E L) partial-set UDA £ 15E
Table 4 Classification accuracies on Office—Home dataset for partial-set UDA ( Resnet—50) /%
Partial-set DA (/3% B 473k) Ar:Cl Ar:Pr Ar:Re Cl:Ar Cl:Pr Cl:Re Pr:Ar Pr:Cl Pr:Re Re:Ar Re:Cl Re:Pr Avg.
ResNet—50!" 46.3 67.5 75.9 59.1 59.9 62.7 58.2 41.8 74.9 67.4 48.2 74.2 61.3
TWANE?! 53.9 54.5 78.1 61.3 48.0 63.3 54.2 52.0 81.3 76.5 56.8 82.9 63.6
SANF 44.4 68.7 74.6 67.5 650 77.8 59.8 44.7 80.1 72.2 50.2 78.7 653
ETN!"! 59.2 77.0 79.5 62.9 657 75 68.3 554 844 757 57.7 845 70.5
SAFN™! 58.9 76.3 81.4 70.4 73.0 77.8 72.4 55.3 80.4 75.8 60.4 79.9 71.8
Source model only 43.3 68.6 79.8 53.2 58.9 64.0 59.7 41.8 76.3 70.3 47.7 77.7 61.8
SHOT " 59.8 86.6 92.9 73.7 755 854 80.1 64.4 90.0 84.4 63.5 9.8 79.0
MHT(Ours) 60.5 84.7 91.6 76.0 78.2 852 81.5 67.4 90.0 84.6 65.8 92.0 79.8
55 % Office—Caltech SRS |4 multicsource Upa 7 H1s F BB DUBRIZANG SBOALAB A 3509, PIK 1)
VS i3 éﬁ%*ﬁﬁﬂﬂﬂf,ﬂf*}/f;igﬁTEﬁ?bﬁE{]‘@ﬁE(Eﬂ

Table 5 Classification accuracies on Office—Caltech SHOT) . X TSGR MIC ’ 3 ﬁéﬁjﬁﬁiﬂjﬁ%
H. > MZ AT -
dataset for multi—source UDA ( Resnet—101) /% PeIt T SHOT, KE T 83, 1% M FHIREEE ., R T MIC
FA SE RNz AR

Multi-source (H—) NR—A R—-C R—>D R—->W Avg

[ -
ResNet—[lO}l ! 88.7 85.4 98.2 99.1 92.9 %6 7E3 4 closed-set UDA H3BE I T Hks B i 34 B A 5T
14 1. .2 .1 . .
DAN o168 99 99.5 94.8 Table 6 Ablation study on average accuracy on three
DCTN! 92.7 90.2 99.0 99.4 95.3
MCD'*! 92.1 915 99.1 99.5 956 closed—set UDA datasets /%
M*SDA-B! 94.5 922 99.2 99.5 96.4 Ut B Office=31 Office—Home VisDA-C  Avg.
Source model only 95.6 92.8 99.4 98.3 96.5 Source model only 78.5 50.8 48.7 6.3
SHOT " ™! 95.9 96.4 98.7 99.3 97.6 Self-supervised PL 87.6 68.9 8.7  79.1
MHT ( Ours) 96.4 96.0 99.4 99.7 97.9 o 7.3 70.5 80,4 79.4
- % +Self—supervised PL. 88.6 71.8 82.9 8L.1
4.4 iy .
> > S — I . +Self—supervise +
N T BRI 3 LA HARR IS AT S 7E 3 A4 89.2 7.6 87.6  83.1

MIC( Ours)
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