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Abstract: Unsupervised domain adaptation is one of the effective ways to solve the inconsistent distribution of training set (source
domain) and test set (target domain). Existing unsupervised domain adaptation theories and methods have achieved some success in
relatively closed and static environments. However, for open dynamic task environments, the robustness of existing unsupervised domain

adaptation methods will face serious challenges under the constraints of privacy protection and data silos, where source domain data are
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often not directly accessible. In view of this, this paper investigates a more challenging yet under-explored problem: source free
unsupervised domain adaptation, with the goal of achieving positive transfer from the source domain to the target domain based only on
the pre-trained source domain model and unlabeled target domain data. In this paper, we propose a method called PLUE-SFRDA (pseudo
label uncertainty estimation for source free robust domain adaptation). The core idea of PLUE-SFRDA is to combine information entropy
and energy function to fully explore the implicit information of the target domain data based on the prediction results of the source
domain model, explore the class prototypes and class anchors to accurately estimate the pseudo label of the target domain data, and then
tune the domain adaptation model to achieve the source free robust domain adaptation. PLUE-SFRDA contains a proposed binary soft
constraint information entropy, which solves the problem that the standard information entropy cannot effectively estimate the pseudo
label uncertainty of samples at the decision boundary, enhances the confidence of the mined class prototypes, and thus improves the
accuracy of pseudo label estimation in the target domain. PLUE-SFRDA contains a weighted comparison filtering method proposed by
this paper. By comparing the weighted distances of each sample to the class anchors of other classes, the fuzzy samples of class
information at the decision boundary are filtered out, which further improves the security of the new pseudo label uncertainty estimation.
PLUE-SFRDA also contains an information maximization loss to achieve iterative optimization of the source domain classifier and the
pseudo label estimator, which gradually migrates the source domain knowledge embedded in the source domain model to the target
domain, further improving the robustness of the pseudo label uncertainty estimation. Extensive experiments on three publicly available
datasets, Office-31, Office-Home and VisDA-C, show that PLUE-SFRDA not only outperforms the state-of-the-art source-free domain
adaptation methods but also significantly outperforms standard domain adaptation methods which depend on the source-domain data.

Key words: unsupervised domain adaptation; source-free domain adaptation; pseudo label learning; information entropy; energy

function; uncertainty estimation
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. R 5 00 B R T 4% 5

H(¢) =—Y, p(¢)log p(X) 3)

o, xR FRREA, () o Softmax B ¥ H (4914 B AR T 0 — K MO AE A {H AT R0, 45
£ S 0 507 SRS A 5 51 0 e 320 T 0 5 S M R A DA B R o P 0, 6 =43
HARS R, BB DX XXX R 6 A FLRRBLSE B, BRI RRAE y=1, B T 45 5 0 9 =1,
B BRI 6 A0 T 55— K 0 MEA 23 19 [0.9,0.8,0.7,0.6,0.5,0.41. MUARHAI iz M A6 JE, B k- 6 A9 iy S
TR A UCH I, AR, 2 I R M U . (BT 3 B B — A =4, [,
Xt T A 6 A0 A AT IR IR RE R, [0.9,0.1,0.01%77% softmax B8 5CH H I M3 i i, 1 o AR/ 76 26 96514
SR TR MM, U5 (LR b A3 BT 545 3, S0 23 TR O T B4 . el
SoE T LU th, G R S5 B U, SRR TN HOO) < HOG), HOGO = HOS) . T
X, T AT SR 5, R £ L 160 51 2 S A W VT 5 586 4 T 55 0 5 A DA 25 10 7R
bk,

T RR YRR, A S B TORRUER IRV SR, R T R R R G B H, 00) . e
S SRR 0 PSS 1 76 26, HERRSE e K 0 76 2650 KT 2T 41> 200 RN T AR R A1 :
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=(Mm(x)logm(x}) + (1= m(x;)log(1—m(x))), if m(x}) =2

H (x)=
") {4a—muDnguD+mebah*Mﬁ»%d“

Horr, m(x) = max(p(x)) R & pd) R HIeE. WK 3 PR 41=0.5, HO) <H), Bl =G
A R A SRR T LAY 20 T 5 Ak T e 35 300 S A Dy B 65 1 AN fl o

1.2,

—— 15 ER
11 /
0.8 e KA B

e —l i
ok | X =109,0.1,00]

X, =[0.8,0.1,0.1]

4

0.4f=igflmsms -1 X =[0.7,0.15,0.15]
0.2 xi =[0.6,0.39,0.01]
%} =[0.5,0.49,0.01]

‘ X X Xs X Xs o X Xt =[0.4,0.3,0.4]

3
NHERAS T2 SR, B DT SRR R A e A U R, 1B R AT M R HE AR %

FHR R PR bR, HE BT

Ho O4) + Ho (%) + ..+ HE ()
= -
ek, HE ORI OO R, OO <HE, Hox ek 1, U0k xR IZZMAEAL (Hih T
Softmax #f %4 8 i — AR Bk LA A s T, SR A P Softmax i H AR R 1) B 1 R AR T 45 SR AN
e, ARSI BE S, Mk, ASCHIH T Gibbs 4347 (1) A8 fa: bR F03E — 20 5 5 R AR TI0) 25 S (1 A
Wi E. BIIET Gibbs 494 ) 5t 60 A HE 05 B3k 40 A P9 REASRI A2 A3 SR RE ALY, R P it I 6 S0 52 L
BOREAS X [ S RES(E E(x), T i X 5 V5 A AR 2. G RE SR s, R AR AR 8 TR 4 A A 1
MEZER, SR xS VAR, mT DA S R SR ik, SEIRAE T . FARERE EOG) IV 08

fi (04)
E(X)=Txlog} e T (6)
o, f RORBALN Logit i, T RoRIEE S8 THE RPN FOP 8 RE B, 11 412280 28 i AL PRk v
E - E(x)+E() +..+ E(X,) KK ™
Ny

B 5, WS IO A AT AR SR RN SROT- 1 e ek Bkt W SRR SR . BB, RORJE TR A
MR, fRe RS, RomJE TR A0 W FEAR IO RE 38R, MIEREA I /N T 58 T8I0 — u i R F
B D, JF HAZFEA I 5768 5K 145 T R I P BE i I, KR AR 12 2R 2R R . 1 ¢ i 2 T A

FEARTARUERT, co=1; RZ, cp=0, BLHI xi AR HARPkE 7 K4
{1, itH, (X)) <aH¥ and E(x') = BE,

C, = .
0, if else

Hk

keK )

®)

S, ol B
eI, 28 3OV P S S PO AE (L S D0 B, LT 2850 (10) K JSL 00 o (9 40 D 6

Yt bR
M, = (R () Gy (¢)=1 and X e k} ©)
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Hm(Xlt)+ Hm(X;)+...+ Hm(X;k)
Ny

ko _
Hmc_

‘Cb(xit)zlandxitek (10)

PRk S S 2 iy HL AR R LS 1.

BE L WA/ SR .

Input: TCHRAEH) HER K D, HFRRHESR IS B By, 702K a8k C, MBS Ha, B
Output: ZJFE%H M.

1 for c«1 to num_classes do
2 | Hp=[]; //BEq.4
3 E.=[-1; //Eq.6
4 end

5 fort«1to N;do
6 | W.H.E)=(F.C.X);
7 H . .append(H) ;

8 Ey." append(E) ;

9 end
10 for c«1 to hum_classes do
11 | HX=[1; /Eq5
12 | E, =[] /Eq7
13 end
14 for c«1 to num_classes do
15 | if H)<a*Hf andE(X)= B*E,; //EqS8
16 | then
17 M«F; //Eq.9
18 update HY: /Eq.10
19 | end
20 end
223 AEGANTE H PR AS IR P AR 2 DLE AU H AR A% 2
TR HEAT B AR AR SR A RS T, V5 B Bl b R 2R AR SR R B R AR AR B I, AR R R B 2R A
RIG, AT BRI AR I PR 2, WRFAE 2T A, PR AN H BR3P A% A A0 A 5 R 28 0 24 i)
PHRS, BH 2 55 I 2 BAE A A T P AR 2, R S s O AR 28 AT INBCKT B 8, 38— 2D B BR AN AT (5 1
PIbRZEREA; BJa, RAIEAAL SRR (b B ARt 2. R PR~
(1) HERAAL T H AR A O AR 25
o DhARBHIIHAL
S8 A HAREREAR X, B SUA AR IE RIS Fy,  PUBOZRE AR IR AE (R R AN 28 (1) 4 5 (SR B R 1A
PIBME M EEE. 1 500 B AR 5 & A RO AR R
o_ 1 Pe fO6)
SO0 =[N Z e o, i (b
Hor, S (%) RR X 55 K ISR AL, N2 35 K B AL A, M R 38 k B 28 R AL (R AR A 45,
PR K B HE—ARIRR, f(x) BoRFEAR x| FEIEE. K5, KA ZNE R X BIDh AR §;
§i =argmax, . Sy (%) (12)

o BN HE LK
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— FLIM e I e 28 JR R SR I T A3 H AR FE AR O bR 28, 1 B A AT DUE I A% 8 1 28 SUR kR N5 Fy R Cy,
R T AHAL BE AR 20 W7 R O AR 28 b 5 A1 A VP 75, 4 A P 4 30 000 DR B 28 R A6 M 28 EAT I 25, AR T g
SR E SRR N, WTES B AR ST O bR 28I, R 28 B B Oy A 25 AT I BON bl 8, i —
W EAR VAR B AR B RE A, AU Lo ) B R R s Se T B H AR R A R I T J 28 0 2R i T
cosine F S hy, P E IS AL AT A S0 SR 5 cosine BE S, ER R /NME hy. EN NT h I, EEAHGE L
FEAR YA S, BE KT 1 BN ER A, BE O T 0. BLIN, RV B B AR A 1 R 2
bR, MO HFRIBAEAL. 534, T i b4 g R 2 AR, M FEA I Z 0 AU B/ T3 200
B S Z 0 K AR5 BRI, REAAEA. BUE oy HAR T 0

wUD={L yh<h, orH (xX)<H |x ek 13)
0, else
K, R B 280 (r=(1,2]).
(2) AT B bR iy
BN IE IS D ARAE 5, 06538 SURR 0 2 RIS S e R 2R AT Ak B AR A Y
o EETIABUT IR RS X R
L (D) = =E,,_, @)D Ly log(o(CL (R (X)) (14)

Hoe, Ly, B8 X FRZE ) one-hot TE ..

o [FREKMIK

N T 7843 R AR B ROV 4 g, HE T B IR AR, 52 SHOTP A K, fE5E T At &
RS SR R At B 5 TN T 5 B KA 2. (5 B R4 el i R i3 4 S 4 S 2 ek, AT HLkE i A
AR5 R 3. AT B RKAIR Lin BAGR BR /IMEAR S Lene RN T 05 5 KA 5K Ly PIER 53

Lym=LentLaiv (15)
I,
> R AMEBUR Lo B
L (FsD) ==E,,_, D o(CL (RO log o (C (R (X)) (16)
> KPR IALE K Loy B
L (f:D) = By log P, (17)
T, B =, [o(C,(ROOMIFRF J 50 K IR AL Softmax 2 J ) 44 7K 1 .

WA A8 SCR A0 R I B B KA TR, AR R e B
Liotai=OL mH(1-0)Lsert (18)
b, o0 — BB Lin 1 Leerr S H, TEINZRITTHH, FIFH AN 1k AR IR P AR 2 FE A YN 2R, ofR H 3%
ARUREI G iy AW . JEHINZR, O T A TR R IR R, A SR RIS Bl Rk, B IE AR
AT N, O 0 B E] 1.
e, KBRS AR AL H bR ay.
1) FEEBARY, BES 0L AF R A B RR B Pk ik vT SE 1 S8 SR A Pk nlAF IOREAS, BB RIR AL, O
THEL A 1 IS 1K 28 SR 2R P S5
2) RIS, FIRTER S BN R AE 2 R A 4 H AR R IR T AR A, B HEE IS, MR Lo
EAp N 8l
ik PR BEAS D BAWIERULAL F R C, AL H BRARE Y. RAARRAR WS 2 R,
B2 fitbid .
Input: Ik 7> AR Cs, HERMZ(F,Cy), LRI HARE Dy
Output: 5§75 ¥ H b5 M 4% (F,,Cy).
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1 (6,.0,.0) < O; [/ HIIHLI%
2 MM, HE /5, WIh i)
3 for epoch_id«1 to max_epoch do
4 | (9L, H) < (F.C.,x); //Eq.11; Eq.12
5 | oM HY): //Eq13
6 L_total « (x,9¥!,®,F,C,); //Eq.18
7 F"Ve@-£VL_total(MiniBatch, @);
8 M« M, HE /B BRI
9 end
Z% L&, PLUE-SFRDA [WA%.Oo A5 T 3R 2 PESEAR I PAFR 2, DriR i o AR (s B . e
FOFI AN LG I 98 7 VR S T BG RR O R A (0 R SERE B, T B AR A B0 T B bR B 2 R . AR,
5 BB R RI IR AR T T B R Ge, 2F 208 T IREHER.

3 LR

ARSCHTHR 75 PLUE-SFRDA /1 3 ANATFEE AL b5 B (BRI 15138 . 77 v A5G I8 B 38
JFAT TR AN A T SRR BARBEE, R T PLUE-SFRDA J5 ik HRA IR0 R, 5t i 3 aok 91 S 360 94
A7 T PLUE-SFRDA BRI /EH . A0S A FF4E https://github.com/sailww/SFRDA/.

31 XWigE

ARSCAE 3 ANTC MBI [ 38 B (6 2 JFSEE S g 45 VP4l T PLUE-SFRDA J5i.

X 3 AN EHE 4 4 Office-311° Office-Home* 1 VisDA-CH.

e Office-31 &AM/ UEHESE, A5 TR E T Amazon (A), Dslr (D)F1 Webcam (W)iX 3 AMisg. 31 4

RN . 3 AU T AL 6 FiT #3755t
e Office-Home X KU J — A B s 42, HAU & Artistic (Ar), Clipart (Cl), Product (Pr)1 Real-world
(Re)iX 4 AN, BEAUEE A 65 MNEFy, A4l 12 FTEf 5

o VisDA-CU VIS o i — AN KR 4, ¥ M M A ik B 1% 30 205 3 3 U (KT #

AR SCIA )52 5 b A Sk T M 1 3 8 RN ST S S 13 I 7 2 VR AT T LA e L T B R 3
8 7 (A5 P 9 8 K4 ) (.45 DANT'Y, DANND'Y, CDAN+E], rRevGard+CAT™), SAFN+ENT! "), CDAN+BSP*),
CDAN+TransNorm'*, CDANI?!, ADRPOFI SWDPY; %) Lt (Y5 48k 76 ¢ B 1 38 B J7 96135 PrDAY | PPDAF
SHOT. itz 4h, ASCE b T RAE Y B2 45 ) (source model). A% 30 EL%E (07792, Source
model J& FASEILNY, JLAR I 7 IS AR SCHR P S 1 B 4 9. A SO 1 2 S N IEAT 5 IRIKF 38 45 1L

225 WA IRV TE S35 H 38 N 77 VA bR AESE 6 15, Office-31 F Office-Home F) FH7E ImageNet & Il £k 47
] ResNet50U 2 4 SRl T 4%, 1 VisDA-C FJJH 7 ImageNet |- Il 2517 1) ResNet10152E K8 T 4%, 5256
b, IR IR B EBCE Dl 256x256, I HAT I BEAL/K -8 5% 10 T BOK H BEDLEBY Rl 224%224. A AT H
SGD i M thfbas, L REIERA 5x107%, ZhEH 0.9, FYIZRIEERBIR N, JEAM S REE 572 HbpBiR L
AR 2 2 SV E A 107, TSE VI ZR IS HESLECAS P (K B AT B J2 1) 2 ) 52 BB 1071 ARYE STk 16], AR S0t
F BN A2 31 5% Mrp=Iro(1+mz) ™9, orp, Irg RoRIEaNAE ) 3%, 2 RopMIxt DI, IR 0 £ 1 B4k, W
m=10, q=0.75. & T Zri AR B (AR 25 P e T v, e BB N 0.1; R34 R R, % & a=1.1, 4=0.9,
2=0.5; 46 I BO Bk JEAR B, B p=1.2. ESh A WA B, B E 0=2(1+exp(-step/(max_step/3))'-0.5). 7
Office-31 Hi¥i4E b, i KA (max_step)y 5 000; 7E Office-Home ¥#i4E b, 5 Kk E(max_step)
10 000; f£ VisDA-C #flatk I, e KIEAK K (max_step) 2y 20 000. LA IO Edi 4 b, U R 1) 5 J4 3012
—> Epoch. 43§ ] PyTorch HEAESZIL PLUE-SFRDA J77%.
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32 IWHR

14 T PLUE-SFRDA. JCM B8 H & W 7510 LA K s8I Sk G DG I 38 B 77 72:4F Office-31 ¥ 46
S5 A, PLUE-SFRDA [ B HERA 2800 T B A R JE o8k F1 3 W IR 732 AHLE PrDA 4R35 1) 87.2%, PLUE-
SFRDA ¥ 4R35 T 1.8%; AHLL SHOT # 75 1) 88.6%, PLUE-SFRDA #{k42 7 T 0.4%. PLUE-SFRDA 7i: A—>D
4% L1 TR0 45 JASAN R Joh 5 0 3R, 19 3 B 1) g vk, g ELAR G R B R S Y 7 v, AN, PLUE-SFRDA
7E WD [FEBAES FEUS T 100%[0 70 2 UERf A<, LR 45 BRI A8 = J0 84 A A B A0 Al 5 ek B e i b
% AT AE I 28 SR, INABO6S Lk 38 5 VR AT LUK T E AR SR A R 1 D bR 2, A4S B 8 R 1 3 Y 1 45 SR AT
. DL 45 RARIE R : PLUE-SFRDA BEG% UL ML DA bR 2 AN M. Jo i 22 Mo Al o1 B bRl Oy 5 2.

1 Office 31 Hli 4L L1153 FUERI % (%) (ResNet50)

Method A->D A-H>W DHA DHW W-HA WoHD  Avg.
ResNet50"T 68.9 68.4 62.5 96.7 60.7 993  76.1
DAN!' 78.6 80.5 63.6 97.1 62.8 99.6  80.4
DANNL!'®! 79.7 82.0 68.2 96.9 67.4 99.1 822
SAFN+ENT!] 90.7 90.1 73.0 98.6 70.2 998  87.1
rRevGrad+CATH " 90.8 94.4 722 98.0 70.2 998  87.6
CDAN+E*! 92.0 94.1 71.0 98.6 69.3 1000 87.7
CDAN+BSP* 93.0 93.3 73.6 98.2 72.6 1000 88.5
CDAN+TransNorm™*”!  94.0 95.7 73.4 98.7 74.2 1000 89.3
source model only 80.9 76.2 66.2 97.1 64.5 99.3 80.7
PrDAY 92.2 91.1 71.0 98.2 71.2 995 872
SHOT?" 94.0 90.1 74.7 98.4 74.3 999  88.6
Ours w.o %} Lbid & 94.1 91.5 71.6 98.4 70.2 1000 876
PLUE-SFRDA 96.4 92.5 74.5 98.3 722 1000  89.0

X 2 #4 7 PLUE-SFRDA. JG Bk B 3d Y J7 32 LK d 8 BRI 3800 G380 B 3 Y. 75 2 7E Office-Home (48
£ RN R W2 T LR e RIITTE TG 2% B R BOR el 0045 (¥ B il 4% £, PLUE-SFRDA [f) 3 Efff 2 4 12
0T YR 3 AT LT 0 M 3 B R U . RS RT DL O N IA B I By 45 RN 67.6%, 1M PLUE-SFRDA
Ior R RNy 68.6%, MmN A RIETH T 1.0%, iEW] T PLUE-SFRDA 7553804 ToE 35 LI I 50 Tt A S
PLIE TR, 5k 6 52 (e [ 38 B J5 41 b, PLUE-SFRDA 2% 7 T PrDA Fl PPDA J5 (20 50 T 3.6%
2.9%). M1 SHOT ALk, PLUE-SFRDA 7 Cl—>Ar 1 Re—Ar PiANIEH W AR 45 IS T LE SHOT B 47l 45 5.
X AHFR W] PLUE-SFRDA M PR AT 7 ] 5 5 R AT ST B I, LA Aok (9 B A M i A ek

% 3 i T PLUE-SFRDA. JC B H & B J7 v LA K fe st I R8T DG I8 19 38 B 7 VA AE. VisDA-C #dii 4k
AR AR 3 WTLUE e RIME R G B R B A ¥ BR 1 4% 1, PLUE-SFRDA [ P34 7E Al & b 0 3%
e -5 R L PR G MBI 3 Y . A AT LI S Nk B B 4 2 g5 R 76.4%, 1T PLUE-SFRDA )
RN 78.9%, MBI A RIEF T 2.5%, FIAFHIEH T PLUE-SFRDA 713§ 5 58 T VA SREUR 5 00 T 6E
SEPLIE HITH.

# 2 Office-Home #4li 8 F 17> K UE 2(%) (ResNet50)

Method Ar—Cl Ar—»Pr Ar—»>Re Cl>Ar Cl->Pr Cl->Re
ResNet50PT 34.9 50.0 58.0 37.4 41.9 46.2
DAN!' 43.6 57.0 67.9 45.8 56.5 60.4
DANN!®! 45.6 59.3 70.1 47.0 58.5 60.9
CDAN+E?! 50.7 70.6 76.0 57.6 70.0 70.0
CDAN+BSpPM! 52.0 68.6 76.1 58.0 70.3 70.1
SAFNIT! 52.0 71.7 76.3 64.2 69.9 71.9
CDAN+TransNorm!*”! 50.2 71.4 77.4 59.3 72.7 73.1
source model only 42.0 65.9 73.8 52.0 63.6 65.7
pPPDAR" 48.5 71.3 75.6 63.9 69.0 72.1
PrDA! 48.4 73.4 76.9 64.3 69.8 71.7
SHOT?" 57.1 78.1 81.5 68.0 78.2 78.1
Ours w.o ¥} bt & 47.6 75.1 76.4 67.2 70.4 74.6

PLUE-SFRDA 51.1 75.3 77.8 69.2 72.8 75.5
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# 2 Office-Home i 48 b1 7> 8 UMERT2(%) (ResNet50) (45)

Method Pr—-Ar Pr—>Cl Pr—»Re Re—>Ar Re—>Cl Re—>Pr Avg.
ResNet50P™ 38.5 31.2 60.4 53.9 412 59.9 46.1
DAN!! 44.0 43.6 67.7 63.1 51.5 743 56.3
DANN!! 46.1 43.7 68.5 63.2 51.8 76.8 57.6
CDAN+EP 57.4 50.9 77.3 70.9 56.7 81.6 65.8
CDAN+BSPH¥! 58.6 50.2 77.6 72.2 59.3 81.9 66.3
SAFNI 63.7 51.4 77.1 70.9 57.1 81.5 67.3
CDAN+TransNorm!*”  61.0. 53.1 79.5 71.9 59.0 82.9 67.6
source model only 54.8 38.3 73.0 66.7 43.7 76.8 60.0
PPDA! 62.4 435 76.0 70.4 50.1 76.1 64.9
PrDA 62.7 453 76.6 69.8 50.5 79.0 65.7
SHOT™" 67.4 54.9 82.2 733 58.8 84.3 71.8
Ours w.o % Hid v 65.4 47.4 76.7 72.0 51.8 81.0  67.1
PLUE-SFRDA 66.3 49.2 77.2 73.4 54.0 812 686

3 VisDA-C a4 115 V0% (%) (ResNet101)

Method plane  bycle  bus car  horse knife mcycl person plant sktbrd train  truck = Per
ResNet101PH 551 533 619 591 806 17.9 79.7 31.2 81.0 265 735 85 524
DANNU'® 81.9 777 828 443 812 295  65.1 286 519 546 828 78 574
DAN!4 87.1  63.0 765 420 903 429 859 53.1 497 363 858 207 61.1
ADRDPY 942 485 840 729 90.1 742 926 72.5 80.8 61.8 822 288 73.5
CDAN™ 852 669 83.0 508 842 749  88.1 74.5 834 760 819 380 739
CDAN+BSP!*®! 924 610 81.0 575 89.0 80.6  90.1 770 842 779 821 384 759
SAFN"! 93.6 613 841 706 941 790 91.8 796  89.9 556 89.0 244 76.1
swpl*! 90.8 825 81.7 705 91.7 695  86.3. 77.5 874  63.6 856 292 764
source model only ~ 74.0 285 664 775 786 13.1 874 308 80.6 19.0 754 88 533
PPDA 81,5 794 803 61.8 923 919 845 82.7 86.5 584 742 435 764
PrDA 86.9 817 846 639 931 914 866 71.9 845 582 745 427 767
SHOT®"! 943 885 80.1 573 931 949  80.7 80.3 915 891 863 582 829

Ours w.o ATLLIEJE  90.2 81.8 853 66.6 93.0 87.7 86.3 80.5 85.1 58.2 77.6 440 78.0
PLUE-SFRDA 89.4 827 835 612 928 92.1 86.0 79.8 69.0 69.0 79.6 441 789

M Office-Home F1 VisDA-C {525 H #5 0] DL B: PLUE-SFRDA M ] 5455k 71 K s () Akt % ik, %%
REJI M R UL AT SHOT WIEE e k. JRIANN: NSRBI BRIE 1K) A FE R UF, M) S 40000 42 VI 575 380 Fr) Ot
WAL A Be I AR LSS, — TR AR08 RSS2 0 B bR S80RE A T Dy bR A I, DA AR 8515 1 0K B A9 (1 e 75,
530U T HEE S R R0 B T B, M5 S0ER FR 25 (0 AN o Ak v S I PRI, RV e B A TR
RET SR A BN LU I 98 5 v BE 08 1 B 38 20 e S AR 28, AHL R TR AL OV AR B R e P 8 K, T — 30 O s
WA I T IR . B2 PLUE-SFRDA 15 M f5] 5 4535 [n] R HE Uk 3047 3T 4% I (1 L BRIz i#E i T Source
model (Office-Home 3 T 8.3%, VisDA-C V¥4 T 25.6%), UEM T PLUE-SFRDA 111 H #5304 b 25 A
S PRI S

Kl 4 #4857 3 Bl 0 I8 15 5@ N 77 7 PLUE-SFRDA, SHOTs #l PrDA 7 Office-31 5 4E | A>D {15
W RS FE RS Epoch 3 INMAR IS o, SRIL T $EH 7V E R0 CAT A ZAT 45 LRI ) FRAS 15 Bl (4% (f: PrDA
J7ik; FEh: SHOT Jrik; #i(h: PLUE-SFRDA Jiik. RBiAAFREK IR Epoch 3, PALKRRNUEMIR). IWHILZTHR
F, ARSI AR AL 0B BRE T 2 R ARy H AR R T O AR BE AN T AL 4. B
151 PR A FEATH R A AT R, IR AN O(ny), HVE 2 PR EVHE R AN REARIE
it 5 R () R S AT DR A, JFRE— a8, WA O(ny), SITAIEZREER O(ny). M SEE R R
R E (B AAFR R 7R 1% G Epoch EH, YRR R A—D W3k B 1E N> B HER2), TTLUE S| SHOT &
PSR A B ; PrDA S eS8, IF AR BE AR, AR SCER M M 7 V30 R dme#,  FL7E 200 4> Epoch 2
EIEESSHNIEST
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A—D 3 HE R KRR

—O— SHOT

—O— PridA

—&— PLUE-SFRDA

0 20 40 60 80 100 120 140 160 180 200
K4 LLA>D A, LbiBE= Epoch [KRE4T, IRk 1 38 I 7 ik 56 I 1 HE B oK

3.3 HERsRI

AT Y SR, T T A S B B BRI RO L P 3 AN BT R () T

TOCRARAE B L WA EBATS A6, B S TR A bRUEE SRR T Or R AR BB iE
JRAL T L R B S(a) s BEAE ME I SR EAT, —IniRA RS B I 1) 2 IR B A R AR 2 LU AR kA
SRR 1% 2040, DL S RRTEAE R AI LE, oo A AR SR S AR A T AR SO AR 5 AN

RESEPREL L WoA HEBATS A, Bl SRS 748 FH 0K 2 a A5 00 A0 5 5 bR 208 3 3L W) 4 4 Bk
AL (AR, FIAAAE T 0K 240 A LIRS 1 Sk Bk 3 245 D 284 %) s e T 288 i 200 Bk o T 0 52 & R T LL ).
B B 2SR W 3R R E A b Mok BRI (0 m] (5 B AR IS, 28 J5U 2 (R ol 236 0 28 LU AV — e R BT 345 .
T 2%—3%, 15N A8 I R RESR T E AR IO bR AN PR AL T, B S(e) R T e R RS
HRE 5 2 SR 3 B 1 23 R M R AR R A 4 v, i HSCR A R e

RO HE Rk 38: 3R 158 3 A8 Ja AT RS 148 R DRSO BE i A0 AS A i ASOGT Ll Jek 908 o gl 1. A
AU LG P8 I 7 VE AR R — AN TR AT 45 1 45 R A0 AR T A8 T InBOS Lo 98 10 5 v, 1 WSO L i 9
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