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Abstract

Most current unsupervised domain adaptation (UDA) techniques learn domain invariant feature
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representations from the domain-level or class-level. Adversarial learning is the dominating strat-
egy based on the domain-level. It tries to align the global feature distributions of the two domains
without considering the target data’s innate discriminative information. Class-level-based ap-
proaches typically generate pseudo-labels for data in the target domain. These pseudo-labels im-
pact UDA’s performance because they are generally overly noisy. In addition, existing methods do
not explicitly enforce a good separation of different classes of features. To solve the above prob-
lems, we propose the Unsupervised Domain Adaptation Using Swin Transformer (SwinUDA). First,
for domain alignment, the Swin Transformer is combined with adversarial adaptation to improve
the robustness of the model to noisy inputs. The experimental results show that using the trans-
former as a feature extractor has higher transferability. Second, constraints are directly enforced
in the feature space for class alignment using Orthogonal Projection Loss (OPL). Samples from the
same class (whether from the source or target domain) are pulled closer, while samples from dif-
ferent classes are pushed away. In addition, the orthogonal projection loss is more robust to the
influence of label noise interference. To preserve the discriminative information of the target do-
main, a mutual information maximization loss (IML) is introduced to protect the discriminating
features of the target domain. The SwinUDA model proposed in this paper can simultaneously
learn transferable and differentiable features. Experiments were performed on the three public
datasets Office-Home, Office-31, and VisDA-2017. SwinUDA showed the best performance.
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Figure 1. (Best viewed in color) Contrast our suggested approach with earlier research. Left: Trained using only data from
the source domain, applied directly to the target domain. Middle: Globally aligns the data distributions of the two domains,
regardless of class information. Right: Our proposed method considers class-level domain alignment, reducing conditional
distribution differences
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Figure 2. Swin Transformer architecture
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Figure 3. Network architecture
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(¥ DRI AR ok 20 1T T 38 B AR SR A1) B DR AN R SRR HE 2 IR AR, LA Rl 7 88 2K 5 R A
S BRI PR A T AT RE A 7S, (HIESCH BURTE — E FE P EX s A bt Ak S I D dric
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4. EWMBERS
4.1 EHNGE

— bottleneck #i R (Linear — BatchNormld — ReLU — Dropout(0.5))FIF5r%5 il #%(Linear — RelLU
— Dropout(0.5) — Linear)Z 7> 848 kil By 7 HA BAFH 2 A5, 333538 5 45 25 100 2% 35 A0 5]
MMz giig . TEIIZRd R, 1 20k R OR /NSy 256 x 256, SRJGBENLAK-F-EIF:, SREBEHLEEY IF
G K /NE 254 x 254, ME—IARMLE, 7F VisDA-2017 [15)5dE 4, M/ 7 K/ K 254 x 254 ity
#ET. MR, BB EBIN KN N 256 x 256, SRJAH0HEETH] 254 x 254 {5 K. N T IR
BUEL, (g 0.9 9/ MILRBENLESIE FHE(SGD). 21 BE Ny Ir =Ir, «(1+1e i), Jork Ir, %o
W22 23, FRH T RGP IR, FRESRIGE TS 800 2% ) g0 B o Ir 1 /100 fEFTA LI ik
Hr=08a=014=10.

FLI A 7 120045 5T CNN 97772 ALDA [16]« TADA [17]. SHOT [18]. MCD [19]. CaCo [20]. STAR
[21)F1%EF transformer [f1753%: CDTrans [11]. TVT [22]. SSRT [23]. X FHif5 Lik ik, RIS
g TG ISR . “Baseline” 2 EAXPUEERIA SWinT-B,  “SwinUDA” J&ASCHEH K1 75 1%

4.2. EWERE S

B B S Y Swin Transformer 15 AR iR (Baseline), 53T CNN & N ARMEL, 5%
PAE=ANTTTH: B, ERIBCEMEG A BRI T WAATACE, XA H A AN 92 2 AR 0
L. Hk, BN E DN SEI T KRR . S5, T45E 7 CNN A transformer [fR%, &
LT BRI . a1, 4% 2 AR 3 o, BEERLRY (1 20D B TT LASEI S IUA HR T CNN (1907
DA RE . 5 H AT R LR SHOT ML, ‘B 7E Office-Home 3% #£[24] E3EFH T 11.2%, 7£ Office-31
BEEE25] L3k T 5.0%. X —45 LW T Swin Transformer (38 KA TR TE, R IIVEE SIHLHIA
P N 25 2 18] 1) A8 B R] DASE B i SCER ARRAIEAS S o AT, LA B 38 U 7 R 1 VisDA-2017 ## ££[15] |,
FEMERAGEA fr ot , H— R SRR IR 2R o A — BN EIR, ARERIEIA G A — 8k, H 2
WIS 2] 2 AN B ARG E R, BAFRRAMMERREE R, FE SRR,

DOI: 10.12677/mos.2023.123281 3057 e RSE TR


https://doi.org/10.12677/mos.2023.123281

W, RS

Table 1. Accuracies (%) on Office-Home. CDTrans* uses DeiT-base backbone. TVT* uses ViT-base backbone

%= 1. Office-Home B IBEAIIEE (%), CDTrans*{EF DeiT EftEFTM. TVTSER VIT EAXETH

Domains

Ar — Cl
Ar — Pr
Ar — Rw
Cl — Ar
Cl — Pr
Cl - Rw
Pr— Ar
Pr—Cl
Pr— Rw
Rw — Ar
Rw — ClI
Rw — Pr

Avg

ALDA

[15]
53.7
70.1
76.4
60.2
72.6
715
56.8
51.9
77.1
70.2
56.3
82.1
66.6

TADA

[16]
531
72.3
77.2
59.1
71.2
72.1
59.7
53.1
78.4
724
60.0
82.9
67.6

SHOT
[17]

57.1
78.1
815
68.0
78.2
78.1
67.4
54.9
82.2
73.3
58.8
84.3
71.8

CDTrans*

[11]
68.8
85.0
86.9
815
87.1
87.3
79.6
633
88.2
82.0
66.0
90.6
80.5

TVT*[21]

74.89
86.82
89.47
82.78
87.95
88.27
79.81
71.94
90.13
85.46
74.62
90.56
83.56

SSRT [22]

75.17
88.98
91.09
85.13
88.29
89.95
85.04
74.23
91.26
85.70
78.58
91.78
85.43

Baseline

73.91
86.66
88.80
81.54
84.59
85.88
81.62
73.10
89.76
85.37
75.53
91.20
83.16

SwinUDA

77.80
91.19
91.85
86.81
90.52
91.05
86.61
78.21
93.25
86.81
78.03
93.85
87.17

FAE PSSR 1 Office-Home $idis & FidbAT 7 xdbbseas, HEERwnE 1 PR, I HIHERKM
3T CNN BT 2% I Vs B8 N R SHOT (87.17% vs. 71.8%). A AMIZLF]: 43EF CNN 0 I Bk
IE T2 TADA X A SR, BRI M BEAR G A 22 . M2 R, SHOT MRt SR iR 7 i 3%
MesdE, TER TR R AR B SN R K E . JEH 5T CNN [ B EE N ik, T
transformer [ M BHIGE N7 vEA T EE— B ekiE. 55 SHOT #HEL, 25 FE2RZ% 551 CDtrans Hi5H T
B Rk (A 80.5%4% i F) 71.8%), X Bl transformer 7EASFAE TR BT A SR BbAN, $RH T
H Swin Transformer HEATHRHESEI, & REIRGOA AL A IR FE, FFr R mtELg R . FR, ERARE
g mEE I Ar — Rw Al Cr — Rw L4 7 T R ILE T SHOT, KB SwinUDA 75 M HL A5 Bk 1 (13858
B B a7 Fsisy 2 AT B e A L RE

Table 2. Accuracies (%) on Office-31
3% 2. Office-31 IR EIIEE (%)

Method AW D->W W —D A—D D—A W A Avg

TADA [17] 94.3 98.7 99.8 91.6 72.9 73.0 88.4

SHOT [18] 90.1 98.4 99.9 94.0 747 743 88.6

ALDA [16] 95.6 97.7 100.0 94.0 722 725 88.7

CDTrans* [11] 96.7 99 100.0 97.0 81.1 81.9 92.6
TVT*[22] 96.4 99.4 100.0 96.4 84.9 86.1 93.8

SSRT [23] 97.7 99.2 100.0 98.6 83.5 82.2 935

Baseline 98.4 99.3 100.0 98.2 85.5 85.3 94.4

SwinUDA 99.1 99.3 100.0 984 85.8 85.0 94.6
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N T BB IRERER R A R, FRATTTE Office-31 244 kAT TP Lharss, Has Rk 2 s, 12
1) SWinUDA &k EALTFra XL T7iE, FFK e se b 2 SR -F 35 )\ 93.50%4 =1 31 94.6%. JLH AR
HHIRIER AT A — W FI A — D), SwinUDA @ s B ER . 529055777 ALDA
FISHOT. 300557772 TADA. « ZETVERE NS 7715 TADA AHEL, it i 5 T e s vl
LA B SWinUDA [HREAN AR IAT 20k . FOR S5 SUER,  IML (45 B RT DAk R S5 B A A 78 25 R RO A 3R
1M OPL IOy b 25 4 By v B R A FH e — 25 It 1 288 A RRAIE 1) SR SN SR IR RRAE 2 8] 1) 40 25 o SEER R B W] LAFE
S 5 1) [R5, AT AR B 4 (1 1 e

Table 3. Accuracies (%) on VisDA-2017
5% 3. VisDA-2017 #IREHIFREE (%)

Classes MCD[19] ALDA[16] CaCo[20] SHOT[18] STAR[21] TVT*[22] Baseline SwinUDA

plane 87.0 93.8 90.4 95.0 94.3 92.92 99.15 98.88
beycl 60.9 74.1 80.7 84.0 88.5 85.58 80.37 89.50
bus 83.7 824 78.8 84.6 80.1 77.51 86.31 87.38
car 64.0 69.4 57.0 73.0 57.3 60.48 55.84 68.09
horse 88.9 90.6 88.9 91.6 93.1 93.60 98.19 98.64
knife 79.6 87.2 87.0 91.8 94.9 98.17 97.98 99.18
mcycl 84.7 89.0 81.3 85.9 80.7 89.35 94.93 95.68
person 76.9 67.6 79.4 78.4 80.3 76.40 70.93 81.08
plant 88.6 934 88.7 94.4 915 93.56 86.33 89.65
sktbrd 40.3 76.1 88.1 84.7 89.1 92.02 96.54 97.81
train 83.0 87.7 86.8 87.0 86.3 91.69 96.20 96.95
truck 25.8 222 63.9 42.2 58.2 55.73 44.30 58.70
Avg 719 77.8 80.9 82.7 82.9 83.92 83.92 88.46
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Figure 4. Example images of VisDA-2017 dataset
[ 4. VisDA-2017 HiER R BIE &

KA VisDA-2017 FHa g 4 Wanse 3 frox, SRIGss RaRM, SR ALDA Fil SHOT #H

DOI: 10.12677/mos.2023.123281 3059 e RSE TR


https://doi.org/10.12677/mos.2023.123281

WIS, 1RGN

b, ST RSO S T R AN HE P At AP SR, W TR N,
ZEARHAIR, SRR W MER R AR — S P N 70 SR BE 022, X W] 1 42t A D5 9k (K A AN 4L OPL AT IML
MRk AHEZ TR, SRR bR R 75 AT — e I, IXOKORER M 1SR4 At

N T IML AT OPL PN IIAE T, EAT VS BB TE 35 4 P . % T Baseline, IML $F4E42 5
IIRNEE, IXR IR AR A B R B . 51N OPL HE— B4 m T ¥ERE, 1ERH TR NRRERE
Ky 0h ZEME o 5 7R N HCSE IR VisDA-2017 #2715 ok 7 K HUBE & i Hodis 1) foe K st o AT R B
VisDA-2017 H A7 FERR K8 1A] B A S B2 SRR, DRI DA ] B0 oy o 4855 SR R s 72 0] 5 2 3 B0 AL I 23
AT URFE RS (] SRTT, IML A DA IZ — Bk, el EAVORBE A DX ROME 2. R OPL A28 1 2 i
MRFAEAS AIEAT L5, 7T DS AP s B A MRFAE . AT RAWESER, IML A1 OPL A2 ELAMY, SR BRAEAT—
YUIERE, PEREHS 2 F B

Table 4. Ablation study of each module
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Baseline 83.2 93.6 83.9 86.9
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Figure 5. t-SNE of Pr — Cl task in the Office-31 dataset, where red and blue points indicate the source (synthetic rendering)
and the target (real images) domain, respectively
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