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Unsupervised Domain Adaptation Image Classification Based on CLIP

DING Hua-Ling, YANG Huan
(School of Atrtificial Intelligence, South China Normal University, Guangzhou 510631, China)

Abstract: Unsupervised domain adaptation (UDA) aims to apply a trained model in the source domain to the target
domain with only unlabeled data. Current UDA approaches learn domain-invariant features by aligning the source domain
and target domain feature spaces via statistical difference minimization or adversarial learning. I-ﬂ)wever, these constraints
may result in the distortion of semantic feature structures and loss of class diScriminability. To this end, this study
proposes a new method called DAMPL. This method utilizes the CLIP model to inject textual descriptive information to
deeply mine the semantic content of the image, and adopfs a prompt learning paradigm for domain characteristics to
effectively retain information specific to differént domains, thus avoiding information loss. Additionally, the pseudo-
labelling of the target domains are corrected via a semantic bootstrapping mechanism to reduce the inter-domain
differences and enhance the éeneralization ability of the model. Finally, mutual information maximization loss (IML) is
also introduced to preserve the feature distinguishability of the target domains. The final DAMPL method demonstrates
optimal performance by achieving 83.8%, 79.7%, and 89.8% classification accuracy on the Office-Home,
miniDomainNet, and VisDA-2017 datasets, respectively.

Key words: unsupervised domain adaptation (UDA); CLIP model; prompt learning; pseudo-labelling; mutual information

maximization loss (IML)
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ﬁ?ﬁaﬁ%ﬁ\ﬁ%ti’ﬂm%?%%ﬁﬁ%, BEMR T HAb

Ji%. DAMPL K3 #ER 2 83.8%, FH LI A5 A
CLIP [ P HER R IEE T 11.8%. 54K DIFO J5
EMLG, SERHER R & T 4.4%, 1B B E R
FE) R—A Fil R—>C 115 L IHERE A3 T 5.8%
H17.6%, B DAMPL 75 M A Bk 14 1 380 42 21
B B A S Rt R

Rt — IR A 2, 7F miniDomainNet
PR AT T X seas, e Rank 2 frox. 2
) DAMPL J5 1% A 79.7% FJ-F- 25 e ff 2 et B I 5 10
[ i, 5477 CLIP AR BT 8.5%, SHL4
ff) SOTA JjiAMIELARTE 1.7%, 0k 1 H Dy n A2 11 35
W& 5 B A5 B O I 2 IR 7 B B AR
SEBAES (W1 r—c F1 s—c), DAMPL i J& Bt P fit
WERTE. SR, DAMPL 7538 4> TAL 45 c—r fl p—r
HRATR I AR YERE, T AR TR A 25 ORI AT
25, SCABLZS I I B 77 32 BT T 25 CLIP [ #L
- SR 55 5 FE T 5 B A PR R R B

21 1F Office-Home H £ _F FITER R (%)
WARES A—C A—P A—R C—A C—-P C—R P—A P—C P—-R R—A R—C R—P Avg
DANNY 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 518 768 576
JANY 45.9 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 524 76.8 583
PLUERY 49.1 735 782 62.9 735 74.5 62.2 483 78.6 68.6 51.8 815  66.9
COWAP 569 78.4 81.0 69.1 80.0 79.9 67.7 57.2 82.4 72.8 60.5 845 725
TPDS™ 593 80.3 82.1 70.6 79.4 80.9 69.8 56.8 82.1 74.5 61.2 853 735
DAPLPY 54.1 84.3 84.8 74.4 83.7 85.0 74.5 54.6 84.8 75.2 §47, 838 745
PDAPY 55.4 85.1 85.8 75.2 85.2 85.2 742 55.2 85.8 74.7 558« 863 753
DAMP™ 59.7 88.5 86.8 76.6 88.9 87.0 76.3 596 871 77.0 = 61.0 899 782
DIFQO"® 62.6 87.5 87.1 79.5 87.9 87.4 783 6344 1881+ 80.0 63.3 87.7 79.4
CLIp® 51.6 81.9 82.6 71.9 81.9 82.6 719 516 82,6 71.9 51.6 81.9 72.0
DAMPL 69.8 90.1 91.3 84.2 88.7 90.5 83.6. 685 90.6 85.8 70.7 912 838
e Ib i TS Tl R ‘
32 7E miniDomainNet $(#5 4% L 7R (%)

WiReS c—p cor, loos p—c p—or p—s r—c r—p r—s s—c s—p s—T Avg
PLUE™" 59.8. 1 74.0 56.0 61.6 78.5 579 61.6 659 538 67.5 64.3 760 647
TPDSP 62.9 77.1 59.8 65.6 79.0 61.5 66.4 67.0 58.2 68.6 64.3 75.3 67.1
SHOT"" 63.5 782 59.5 67.9 813 61.7 67.7 67.6 57.8 70.2 64.0 78.0 68.1
COWAR 64.6 80.6 60.6 66.2 79.8 60.8 69.0 67.2 60.0 69.0 65.8 79.9 68.6
GKD"® 61.4 774 60.3 69.6 81.4 63.2 68.3 68.4 59.5 715 65.2 77.6 68.7
DAPLP! 72.4 87.6 65.9 727 87.6 65.6 732 72.4 66.2 73.8 72.9 87.8 74.8

ADCLIP™ 71.7 88.1 66.0 73.2 86.9 65.2 73.6 73.0 68.4 723 742 89.3 75.2
DAMPY 76.7 88.5 71.7 742 88.7 70.8 74.4 75.7 70.5 74.9 76.1 88.2 715
UniMoS™” 76.0 88.9 72.1 75.5 89.2 71.1 75.1 75.9 70.5 76.4 76.3 88.9 78.0
cLIp® 67.9 84.8 62.9 69.1 84.8 62.9 69.2 679 629  69.1 67.9 848 712
DAMPL 74.6 86.8 75.1 81.3 87.3 75.9 82.1 770 737 822 73.8 863  79.7
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NE BB B Tz N, A LA P M 1
VisDA-2017 ##a4E, Seia s Rune 3 Pros. METF4
A CLIP FELR R (K1 B, DAMPL J7iES2BL T 5.4% 1)
BT, P85y KU R =1L 89.8%, WL T H At
B T, dE— AT A8, 5 s SO {5 B 4l
ML J7 9% TAN A1 BNM #f Lk, DAMPL E skateboard

A train SEEUH G A 50 P38 T 25% LA L, KA
HphA CLIP A5 MRS AR B KA 5 A
A SEH P AR FERRAE. X251 person, JEZEAR T E
FEA CLIP 147 K UER AN 65.7%, T DAMPL it
W KIESRTH 2 85.3%, #t— KW T e itk 7%
A .

F 3 fF VisDA-2017 B4 ERIHERIE (%)

i Aeroplane  Bicycle Bus Car Horse Knife Motorcycle Person Plant Skateboard Train  Trunk  Avg
DANN"/ 81.9 77.7 82.8 443 812 295 65.1 28.6 51.9 546 828 78 574
JANW 82.9 18.7 823 863 702 569 80.5 53.8 92.5 322 1845 545 657
BNM™! 89.6 615 769 55 893  69.1 81.3 65.5 90 4734 891 301 704
swp™* 90.8 82.5 81.7 705 917  69.5 86.3 77.5, L3874 63.6 85.6 292 764
SDAT™! 95.8 855 769 690 935 974 88.5, 782 93.1 91.6 863 553 843
DAPL" 83.9 831 888 779 974 915 64.2 4 797 886 89.3 92.5 62 869
UniMoS™! 97.7 882 901 746 968 . 958 92.4 841 908 89.0 91.8 653  88.1
DAMP™? 97.3 916 891, 764 975 940 92.3 84.5 912 88.1 912 670 884
PDAY 96.7 888, 870, 8238 97.1  93.0 91.3 83.0 955 91.8 915  63.0 885
CLIp™ 98.2 978 | 90.5 735 972 840 953 65.7 79.4 89.9 91.8 633 844
DAMPL 993 ', 921 941 778 984 959 95.3 85.3 88 96.3 953 598  89.8

E: AL e T 4

3.4.2  JHRLSCLS

(1) SRR R FE: A T IR B RAS R AR A 5
W o FE 2R Y CLIP PEBEIIRZ MM, A SCAE Office-Home
KPn 55 EVWE TIH B SEE, 2 BN TR A )
REEES (DP). T IE 5| 5 1D bR A IF SR g
(LG), PAJ HAG B R4k (IML). HHp JE 2 i Al
CLIP DhFRZim i FEREA CLIP B A BR, KN T
T3 KRR “a photo of [CLASS]”. “> 27 fii FH A
J7ik, SRS RN 4 Fos.

FATE VPG T SL5 1 LB CLIP 4£7) KA |

IR I, Hor RN 72.0%. £S5 2 1, 3K
TR GI N T 5 € A A 37 4 3 vaa (DP) R o
LR PV B i R 7 B0 S MBI AR T %5 74.5%, HL L
B T 2.5%. 845 LR W st SUR A 2 3]

¥ 2 i R 5 R A R A S I SR e A, Re 8
A R B = A BTE 2 AT 55 R R M. SR8 3 Bl
SINTE B S 1 D bR AL IE SRS (LG) Jo, #5570
FESRTE 2 73.9%, L EEZR BB 5 1 1.9%. 1X R B d
L 8 3L 513 O Oy b 25 0 1 T DA B Rk /D R o 2
(R, AT 2 R 4y 25 b e E SE 56 4 v, 24 DP
RILG #0045 (I, R 1 BB % 47 % 82.8%, L
L LR T110.8%. 3 — 5 35 TH R WY T A S
Z AR TAME, SR (e 3 7R RE A0 4R . S 06
5 RSN 4 (LA BN BAS B A R B K (IML),
PR TR AE Aff B 3 — D $R T & 83.8%, LLAW{# ] DP Al LG
MR SRR T 1.0%. X R I BAS B i KR8 2k A Bl
T3k 25 1l B AR R G R AE ST 1) 2 2T, AT R 43
UL

K4 HBEH) T RS A5 R
A—-R C-»A C-»P C-»R P->A P-C P—-R

JF%5 CLIP DP LG IML A—C A—P R—A R—C R—P Avg

1 N _ = — 51.6 81.9 82.6 71.9 81.9 82.6 719 51,6  82.6 71.9 51.6 81.9 720
2 V NG - — 54.1 84.3 84.8 74.4 83.7 85 74.5 546 8438 75.2 54.7 83.8 745
3 V — A — 57.2 80.4 82.9 73.9 80.7 81.1 72.8 586 835 73.3 59.9 81.9 739
4 V N 3 — 69.6 88.9 89 83.1 89.8 89.1 83.0 69.1 89.2 82.8 70.1 89.9 828
5 V 3 V 69.8 90.1 91.3 84.2 88.7 90.5 83.6 685 90.6 85.8 70.7 91.2 838

(2) $E7R 2 AN [ FE AV B E 7 - A SCPPA 1 32
A RS AR B2 A AR R BE R SR, 5 U TE S AT

RFRE T U BRSO R B2 B My A M, 3R,
BRI E SN 32, SEIR A RN 5 k.

148 Z4i % % System Construction

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20264F 55354 55 131

http://www.c-s-a.org.cn

i H AR SN A

M gs 25 v DL, 72304 % Office-Home.
miniDomainNet 327~ RHEEA (16, 16) B 14 BRI
WAL, MAESIELE VisDA-2017 FHURSHKE N (24,
8)~ (28, 4) BTHUR & . 5 e nT BT FE FE BE ORI
HHm AR b, X FH AR AR B e, (E R A F AR SCHRE
(75921 e B4 R FEANBIURK, SRRV, IX 3R BH CLIP
(S AR GRS 2 e i /D F O A RIR 2 S 8RR,
3.43 AL

N T IR R AR B R SRR SRS R A
PE, ARSCLEE S AR ERE T A 3 AN ) FA) B2 7 B AR S5

& A\ L iHoR: 0.53
HURTC K HE 7R 0.68

(a) VisDA-2017 |42 A RIER
O 5 SE SR 0.85

»
3

PN T3 R: 0.82
FUHTE R IR: 0.65
ST E $E7R: 0.96

(b) Office-Home

K s

T8 AT, 2 E BRI A 5 2 A A
FERFAERA I, N T U 0 R Tk e 12 7 1 [
5153 25 3 47 S R S BRARR G, T 5 ST 45 i
AR, HILLZ R, (5 SRS B LRI 1 iy 2 5] 32
TR AR FHE R K I T LR — AN, T2
AT T 00 bR SCHE R S B2 E N T R
WO BT 2, T 6L & U 5 b F SO R il
X ST A S, Il P 7
A, Rt S S Y 2K T 0 A B RBE, L
ﬁ%%%meizm@ﬁxmﬂ;$iﬂ@ﬁ%i
R SOHSS B IR B T AR SO (0
g B

4 GiL SRS

ASCAR I T P CLIP (6 M UG 5
J715 DAMPL, F 2@ v 1 1258 UDA J5 75 it SURFE
T2k 1B 345 A CLIP BITY, Aol o R
T SO RS, B T R SR
IR, T ZE 5 SR 55 o S 7 8 B R G .
B, 5 5 TR $ 7 2 ST AL AN T8 315 D b
SRR S, AR T BRI 15, SR T T 2
B 43 PERBETR 32 A B 0. LA RIS A4 9k 1 5

LS LR

%

I b3 b 2 S 200 TN B 15 P s (1) N vk i)
FREEAR (5 CLIP 7 —50); (2) (N E& S Te ok F
T SCHERRARAR; (3) MA AU O R SO S U e
R SO AR

RS PR R 15 FHER R (%)

(M, M5) Office-Home miniDomainNet VisDA-2017
(4,28) 83.5 76.4 89.3
(8,24) 83.7 79.6 89.6
(16, 16) 83.8 79.7 89.8
(24, 8) 83.6 79.6\ \. 89.9
(28,4) 833 785% = 89.9

Li&ifﬁ%‘

AN L IHIR: 0.82
B TE AR 0.65
SRS E TR IR 0.96

S ki R
RS 35

ALHHHOR: 072 | AT B 4E7: 0.81
SR 090 Oy B Ki R 072
SURE LR 0.97 ’

AR FE 7R 0.88

7 VisDA-2017 1 Office-Home H# 42 b (1) Fi B 12

ONHE— B RR T RO B 20 (3 S s,
RABHE, BEAR T LA K. S 45 201, DAMPL
DA T BB AT 45 o L T AL O . AT
LR PERL 3 2 SRR 0 T 45 P R I R i,
P 7 - S A A O i 9 S BT 5 CLIP Fy 3L
-0 7 R EBLIRE E T . AR L (e —
ARG B S R TR 1 0 DA D1

S 3
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