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MUEIE] B AR WA 50T . A SFDA Jiik KZ R H I ik 2] Sk, (B 5) 32 M 7S D bR 28 (145 ), 65 780 e
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Prototype guidance and dual-level contrastive learning for

source-free domain adaptation

YANG Liran'**, ZHANG Xiaolong?, ZHAO Zhenbing'*, ZHAI Yongjie'?, SU Pan**
(1. Yanzhao Electric Power Laboratory, North China Electric Power University, Baoding 071003, China; 2. School of Control and
Computer Engineering, North China Electric Power University, Baoding 071003, China; 3. Engineering Research Center of Intelli-
gent Computing for Complex Energy Systems of Ministry of Education, North China Electric Power University, Baoding 071003,
China; 4. School of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China; 5. Hebei
Key Laboratory of Knowledge Computing for Energy and Power, North China Electric Power University, Baoding 071003, China)

Abstract: Source-free domain adaptation (SFDA) aims to enable effective knowledge transfer of pre-trained models
from the source domain to the target domain when the source samples are inaccessible. Most SFDA methods adopt self-
training learning, but they are susceptible to noisy pseudo-labels, making it difficult for models to accurately capture in-
trinsic features and leading to performance degradation. To address this issue, we propose a novel SFDA method named
prototype guidance and dual-level contrastive learning (PDCL). Specifically, PDCL first extracts features from the
source domain using the pre-trained source model to construct initial class-level prototype representations for the target
domain. Subsequently, it aligns the features of source and target samples via a feature fusion strategy, thereby generat-
ing pseudo-labels for the target domain. Secondly, it introduces a prototype orthogonality loss to enhance discriminabil-
ity by maximizing the orthogonality between class prototypes. Finally, PDCL employs a dual-level contrastive learning
strategy, where instance-level contrast is conducted in the decision space to pull near neighbors closer and push outliers
away, while prototype-level contrast is conducted in the feature space to enhance structural consistency. Experimental
results on Office-31, Office-Home, and DomainNet-126 datasets show that PDCL outperforms state-of-the-art methods,
which validates its effectiveness.

Keywords: source-free domain adaptation; prototype guidance; contrastive learning; pseudo-label; feature fusion; proto-
type orthogonality; self-training; feature alignment
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SEAES . BRI E, M/ E P BAREEA X,
FIE A 5 I 9 # 5 RO BEAS K IR SAREASE N o AR S 1K
55 38 3 e KA I B R A et 5 G 7R A 4R 4
W A 2

Lo (x) = p(x)" - p(x!) ()

AH S P A 2 55 R R 468 2 2 ] ) it S 4510 56T B
FAK Loon » VAALAC AR R 75 TN BR 25 25 10 B 12
LKk N

Leon = Egep [ L (X)) + Lyis(x))]
24 EFEEIG|&EET
241 RAEERME

SRS 5 D bR 25 R T 2% i 1) 22
S, I 38 5 S b A 2 0 A H AR SR A 1 JRy
FROEZR N o SR, ol fiws B8 0 OO A 25 1Y) [ A I 75 1
WAL RE S BUR BRI 5 . HARRI R, A
3 ] 1 i AR ) B AR R AR 25 R) rh ok B R AR BTk
I PR DE MIASORI e A, e A F ALY
FIRNGE Ty, 77 2R AR 2, T R B e
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Wisr R, A5 BT R A5 S 5 U X e A 2] B TR PR A 3

% 53]

FREE T B R GPEIG IR o BT XS IZERT, S 1 PR ASE Y
T3 W AR P AR A R DX 119 2 S 45 44 R
W, A EAEAC T R 5T — A7 W2 T B 25
WAL R XA C BARTE T2 51 AT
T IO 38k (7] Ao 4 45 28000 1 1y X 0 5 . M I,
ARSCHR Y R AE SR Ok o AR RN

Ly =) o' () ©)

AP ' Ml 7350 78 55 i 2R FIER 200 I Y ] 2
> JE A ) o E A AR B R] A9 R X, AR
RURE % 7 >) B H R PE YRR IE R 7R, INTTZE H bR
b S R R T e
242 RBRA TR

A SRR IE S 40 R A 2 WL B AR EE T 28 i) i Y
3 B, (HR 2 sC 2 A F RS RE AR 5 X0 0 S L A
XF 5%, HxH bR A5 BRI A 2 . Sk, A0F5E
555 ARORLIE R AR AE S5 HURL B S 0 SRR, R —
Foft SRS 0 LA 2k o s A AR R AR 5 RURE A O
B, AERAE A5 8] A 2R 2 P B R 1k 5 2 ) ml gy
PEo ZBURAEN TR AR |, AR TAER] T —
S, RS T XS MR RS p T T RE ) .

HARTIE, 3T HAREEAS x;, RIS L 45 2 )
R AREEAS (8 D bn 25 9,5 Rl & R A w, 51 5 %8 HE
7o Hat s on

Leo(x)) =

exp(sim{w*, w*)/7)

exp(sim (W, w*) /7) + Z exp(sim(w’, w’)/7)

(7
Krfr: sim(, YRR RIZAHBE . o N GHEAR IR
25 9O I 2 1] A S AR [ i, wHAR R R E T AR AR AR
FVERFIE I REARRRIE . o/ 5w/ 43 il s HiAv s
B SRS RE . o hIREBSE, AT
AEABLEE o3 A AR B FE B
25 MRALBRREH
PR R REUCRE G, PR H bR R AR
Lua = @ X L +BX Lgig + ¥ X Loy + Lo (8)
K . By HOT N T )T R K
H bR 3 8 AR I 2R W AN 83 1 s o FEAE 4R
HAR 5 7 25 8% S 800 B UG AR P AR 4 2 A B T
B, HRIEL
BA1 PDCL HARBUERII S5
WO\ PRI AL S AR TORRZS ) B b AL
O mKINGIWRE; #t & K/NB; S Ha . B.
y5U;
W ISR B AR fRR

—log

1) IR B 2400 b6 Ak H AR BUREAY, JF 44
i HAR AR IEE M SRS

2) for BRI R e=1,2,--- E;

3) MRAEC (1) A (2) ¥ HFs AR IR S B 26
1 OR BR ARRPEAFE HE AT Rl 5 75 3 Rl 5 4P E

4) M50 (3) HEFAEA flG R A 5 B A7 i Y
Z I AR Z AR EE, AR B AR 2S5

5) for X HIHL K b=1,2,---,B;

6) £ M5 SThAREL B FRFEAS 1Y U A 5 i 4B A
ZNERRIILE e

7) MR (4) THE HARFEA 5 X R U AN IR
B Z ] B ARARLPE 451 2K 5

8) MR 45 (5) M hin 1T 5 TUFEA X A4
SRR

9) M4 X (6) 115 i B 2z ] ) Ji A8 TE A8 4 2K

10) ARG (7) HHEAEAR 5 JE A Z 18] Y A
FoABi 2R 5

11) il i SGD(stochastic gradient descent) 5 =
(8) My BV Rk H AR BB AY R R

12) 4 3) ~ 1) EWK;

13) end,

3 L HE R AT

3.1 HIEERIJ LR

R VPARAS SO ¥ B PERE, A SCHE 3 AN
O R v A BT R T S ER, f 4% Office-3114),
Office-Home™! Fl DomainNet-1262%, H .77, Office-
31 J&/NHUBL A B3 4 5 Office-Home J2 45 B AR
A 85 4 5 1 DomainNet-126 J& K R0 (1 5 45
£ NPRIE S5 U AR, % GPUE(guiding
pseudo-labels with uncertainty estimation)®” f41% &,
FH DomainNet "1 19 4 M8, BN 126 12851,

% iiE PDCL WA &0k, #H 5 ol B 8 A
T N Y 5 DA R T IR N VA AT R L
Jo W B B A & N U7 5 F% CDAN, MDD(margin
disparity discrepancy)i?®! 1 MCC(minimum class con-
fusion)1, H F U BH 76 To IR B & = T A 4
UDA Jrikmy Jm BR M . Joli Bk B 3 0 7 ik A 48
) 5% B il4: ). SHOT. C-SFDA(a curriculum
learning aided self-training framework)™” I RST(rec-
tifying self-training)®'; 2) F& FXJ Ho 2z > 19 A Y11 25
J7 ¥ AaD il Ada(adacontrast)B?; 3) AN 5 PEAR T
#9777 ¥ . GOAL(global self-sustaining and local inher-
itance)**! #1 GPUE,,
32 ZWigE

v SE 5 4 7E PyTorch TR B % S HE4R 5 RTX
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4090 GPU B {25 F T 92 o g0 L, ™A% 2
6 SCHR [6] B SE3, AR SCHT U S iy L s Rk ok
HI ResNet-5004 /A 5 1 M 4% . AL ALK H] Im-
ageNet- 1K S ZRALE W) 454k, VI ki R il 22
SRR RS B bR 2T SRS AT AL

H bRl B 38 D7 B Bz, 578 S 50 % i 7 Y ff
WA A S ATV a6 1k o N2 R BEALAR B2 F
% SGD fLfb 851, & LI — R B ol KA H
09, FEFEMRETCH1x1073, Office-Home 5 Office-
31 £ A1 epoch $41% E 4 50, batch size 1% &
& 64; DomainNet-126 Y epoch 1% & A 20, batch size
BWE N 128, RIEAPBEBMS B UBE RN 4, Fm
FEAR 2 Al B v, B H R AR R R R AE

o SR AR 4 N IESSHEARNE R . PR
(7] 53 2 30 %] A AU I 25 1) S ], %o 3 AN A -1 S
oo, Myt T TR A2, aofE Office-Home
F1 Office-31 i H 1.8, £ DomainNet-126 H1i5%
‘B M 2.6; BTE Office-31, Office-Home M Domain-
Net-126 43 5l 1% & 4 0.9, 1.8, 0.6; y7£ 3 MEE 4
B E R 0.4, ASCRHIA I iz
FIB 73 JEMER R (Accuracy) /5 R PEBEPEAN 48 5 o
33 XBERKSH

AN 25 PDCL DA R b A8 05 35 43 il € Of-
fice-31. Office-Home Fll DomainNet-126 [ #J432&
TP, I LI A5 R AT TIRA M 43 HT . i
RN 1~3 iR

F 1 Office-31 HTWE LW HLKEME

Table 1 Classification accuracy on the Office-31 dataset

%

Jrik: SF A—D AW D—A D—W W—A W—D T
Source X 80.4 76.5 60.2 95.6 63.4 98.6 79.1
MDD x 90.4 90.4 75.0 98.7 73.7 99.9 88.0
CDAN X 92.9 94.1 71.0 98.6 69.3 100.0 87.7
SHOT vy 94.0 90.1 74.7 98.4 74.3 99.9 88.6

AaD v 96.4 92.1 75.0 99.1 76.5 100.0 89.9
GOAL v 95.0 92.6 76.8 98.8 76.9 99.8 90.0

C-SFDA V 96.2 93.9 77.9 99.7 77.3 98.8 90.5
PDCL v 96.4 94.2 77.0 98.6 77.5 99.4 90.5
TE: M ZR BRI 2BV RE, SFRIRTEIE I i rh IS A AT 3R
Fz 2 Office-Home £ #E5E FH S EHETRE
Table 2 Classification accuracy on the Office-Home dataset %
Jitk SF A-»C A—P A-R C—A C—»P C—R P-A P-C P-R R—-A R—C R—P V8
Source x 34.9 50.0 58.0 374 419 462 38.5 312 604 53.9 41.2 59.9  46.1
CDAN x 50.7 70.6 76.0 57.6 70.0  70.0 574 509 773 70.9 56.7 81.6 658
MDD x 54.9 73.7 77.8 60.0 71.4 71.8 612 536 78.1 72.5 60.2 823 68.1
SHOT Y 57.1 78.1 81.5 68.0 782  78.1 674 549 822 73.3 58.8 843 71.8
AaD Y 59.3 79.3 82.1 68.9 79.8 79.5 672 574 831 72.1 58.5 854 727
C-SFDA 60.3 80.2 82.9 69.3 80.1 78.8 67.3 58.1 83.4 73.6 61.3 863 735
RST Y 60.9 80.4 83.8 70.5 79.8 79.5 673 59.6 845 73.7 60.5 87.6 74.0
GOAL Y 59.2 814 82.7 70.8 82.1 79.9 69.3 594 828 73.2 61.2 86.8 74.1
PDCL Y 56.7 79.4 84.2 72.1 81.0 833 74.1 577  85.4 74.5 59.0 87.8 74.6
TE: M ZR RSP 2B MERE, SFRIRTEIE I e rh PRI A AT 3R
% 3 DomainNet-126 #{#F5E DL HERE
Table 3 Classification accuracy on the DomainNet-126 dataset %
Jrik SF R—C R—P P—C C—S S—P R—S P—R FE
Source X 55.5 62.7 53.0 46.9 50.1 46.3 75.0 55.6
MCC X 44.8 65.7 41.9 349 473 353 72.4 48.9
CDAN X 65.0 64.9 63.7 53.1 63.4 54.5 73.2 62.5
SHOT N 67.7 68.4 66.9 60.1 66.1 59.9 80.8 67.1
Ada \ 70.2 69.8 68.6 58.0 65.9 61.5 80.5 67.8




« 1137 ¢ ¥par gk, S5 T IRAN S| 5 5 XX H2e > i Jo ek [ 18 b %51
k3
ik SF R—C R—P P—C C—S S—P R—S P—R T3
C-SFDA \ 70.8 71.1 68.5 62.1 67.4 62.7 80.4 69.0
GPUE \ 74.2 70.4 68.8 64.0 67.5 65.7 76.5 69.6
RST V 72.1 72.0 71.5 64.6 68.6 62.8 81.5 70.4
PDCL v 68.9 73.5 70.6 64.8 72.3 61.9 85.8 71.1

T I ZR SR MR, SFRREIE N e P IS AN Al 3R

MRS EE R, v LOEE R I T 4518 .

1)PDCL J7 i 7E Office-31 B4 (%) L4
Rk 1 ion. PDCL 7E 6 MEFS T H 3 AMME 5%
FakB m Ao vERE, JF 5 YA & ) C-SFDA #f
-, e[k B 0 90.5% I ER %, HAE A
D. A-W., WA T 55 LA J B AR SE B v BE | 0450
%6, BUE T PDCL 75/ B 4 1 A bk .

2) r# it 1) PDCL J7 L 7E Office-Home %4
R 12 A B LG %5 A 6 AL T HAh
XF H i, Jo HAE C—R F1 P—A T 55 b HY A
BT A R TE. PDCL £ 12 MES &
() 381 40 S ME A e B fmi, h 74.6%, LIRS T Ik
SHOT #£/& T 2.8 A/,

3) Mt — B UE PDCL J7 ik A 2Lk, AR5t
IR B P8 M Y DomainNet-126 2048 42
rPEAl . 3% 3 Ji7s, PDCL P 71.1% F4 5734 vE
FRA 5T AT 7 i, B8 SHOT Hik$ETt T 4.0
By e 187 AT S P 4 TiE S5 L3k
AR, FR0 2 7E S—P Fl P—R T 45 I #2 7 B
i, FHET SHOT 433l &5 T 6.2 F15.0 H 43 4o
34 HELSCIE

S BIAH & A E, A SCRT Y PD-
CL 51 A T A S PER Ly, - A RIVER K Ly, o S5
XoF A3 2R Lo R TS TE B8R Ly o 0 B 0E AT K
PR, A/NTHE 3 A B AR BTt T — SR Al 5,
SIS EERANGE 4 FiR

R4 HEXEER

Table 4 Ablation experiment results %
1% Ly Ly, L Ly, Office-31 Office-Home DomainNet-126
0 79.1 46.1 55.6
1 \ 79.7 61.4 572
2 d 84.1 63.2 61.6
3 \ d 88.8 728 68.2
4 \ d \ 89.5 73.7 70.3
5 \ d \ 90.1 742 70.8
6 v v Y \ 90.5 74.6 71.1

TE: IR 7R e e e R RE

I 2 4 LA 72 051U 5k
HMHRERRE (R 45 11T 55 217 R),
SRR IEALRL (55 0 17) AH L, B RMERE R SR AS —
TEFETE o R K A S8 B A S X AR R
J&, BER 3 AT AL, A e A B o JE HE R Y
B 2 P T, S U WS % A K RE A Ak [
REEARFFAE IR | 97 K5 AR 22 52, i
S5 R B AR B R o PE— 2P M, TR SR L
PG FEA 1230 5 AR BIR LA R (5 4 47) FE
RUTESSR (5 547) I, BB RE RO T f )
S G RS B0 o 3k — 25 SRR, PR SIS
RE Bp [R] 400 ) B LR AL BLR, [R] IR 39 56 8 PN R AIE 19
E e R e (1 S (IR I = O B Dl
4~6 1T LI AE R A B AT IR RN Fe AR Ok, Fh
I JEURY TE A2 45 2% 2l o 1 M RE 4R T B K5 25 [m] s

SRR B, AR B B PE R . X — B4
Ui B, DR I B2 K BE A AL Ak R L oy B 4R T
PRbR 2 0T o D ZRNT BE A 2 DU g J R ] et 2 2
PROETEOR 0 B A5 T, A U L R R SR
TE Ry B AR AL . LA b 7 20 % b 52 36 25 3R 7 40 1
HE PDCL J7 3 4t 1 4 N30 A 350k
3.5 SHEHBRMESHN

AN S HON BT 4 1 1 PDCL 14 RE Y 52
M, PDCL FZALE 4 S5, 4 e ¥ il A 4
PEHUR 0 o AH 3 PR B i 2 6 e 4 % 1)
yUI RSB FREE U o A/NTKIBTE B3k 3 43
Bl AT E b, Hrh S8 e e A (1.0,
1.4,1.8,2.2,2.6,3.0y WEUH, BTESE S {0.3,0.6, 0.9,
1.2, 1.5, 1.8} WHULE, y#E4E A {0.1,0.2, 0.3, 0.4,
0.5} NHUE, UTEE S {2,3,4, 5, 6} INHUE .
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TS 8 e, B HALS B E N A,
SR 5 ¥ B2 2 Y PR AR B LA, SR 45 R A 2(a)
JF7s . TEE 2(a) 1, PDCL J7 B 43 K vE e 5
oG R 2L LA TR B, Motk [1.8,
2.6] YL HE N, PDCL 1] DL #J A5 AH X o e 19 43 28 1
e o X BT BT e 15 2, Y add /AT,
[Fi] 288 A 114 SR AR S5O AN A2, BURRAE 0 9 1 B
IG5 7 24 e B, A 3 B G SR SR AR AE A AL,
AT ) 55 4 Jey 45+ 14 1 1) B
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R3¢ 7090 71.10 70790
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&K
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70 1 1 1 ]
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Y
(c) JEHIXS HeAR P 24
B2 «.pfy5 PDCL IS EKMREZEMNXER

Fig.2 Classification performance with respect to o, 8
and y

XTFSHp, el L e s, ek S
Bk BN M, SR 5 e IR 4G 3 AR g A,
SE AR AN 2(b) AR . WEEIE 2(b) AT LLR BE,
Ay R WENG R TE Office-Home 5 DomainNet-126 %%
PdE LR SR AL R IR, X AR
J& M T Office-Home 48 82 2 M) 400k 22 5 Wl 2% (AN
Art 385 Product 35), #4558 AH 5 P45 K 0T A B0 B
Sy IR E L, i 2 5 & & /™ H# Y DomainNet-126
B A R AR S B0, SR B 4 B 3 3K
IR SORH G2 ] 1) AR 3 22 1

XS 8y, KRIB4E IR 1w 1) 77 =X, B ek
SO E R E AR, SR 5 He B 45 2 Y I A2 gl
H, S g5 R 2(c) Fron . Bl 2(c) AT,
TR Y 5 1) % B L IR Ak T 0.5% LAY, R
PDCL %ty WU AR, B B i Aa e M o

Kl 3 25 T AS [ 4B J8 4l U 18 0T A P fiE 1Y)
SR PRSI 2 AT, 3 N B R E U 4 1)
PR RE IR B I (E, R IATE 205 Y5 BN, 4 2 e mi ) )
PSS BENREME. YUuid/er, RIS
B, FECHE RIS TC 1 7873 % 1 R BB 4544 .
Uit Rif, 25 AJE[FIZEME R FEAS, B2 N i 5t .

95
90.50
ool 89.60 89.80 £9.90
< 8710
85t
:‘% —e— Office-Home
%{ 80 | —e— DomainNet-126
R —e— Office-31
4.
Bl sy 7460 9390 1370
7050 7080 L0 g9960 7939
70 : .
2 3 4 5 6
U

B3 USPDCLEISEMEZEEX R
Fig.3 Classification performance with respect to U

g5 LIRS TR A B BRI N A2 3l
i, B4 1) PDCL 1Y 7p R HER R IEA PR FFRUE,
It H BB Nl B 4R
3.6 FHES AT

Sk 1L b J R BT £ 1 PDCL J7 125 i f B 1k
A /N5 FI| I t-SNE(t-distributed stochastic neighbor
embedding) $ AW 7 45 KR 1E L K SHOT il PDCL
2 2] B B 5 I RRAE E AT AT AL . BT 4 R
T Office-Home (45 % Pr—Ar /L 45 I HArdk )
2 Y fix ARFAE, Ferp AR B EACERA R 2R 5] .
Pl 4 AT, 5 HAB T A e, PDCL 523 1 5298 M
AR AIE 2 78 FISF- 3 19 320 5L, 36 W] PDCL RE % 4 B
BRI ER AR
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(a) Source-only

(b) SHOT
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Fig. 4 Feature visualization

3.7 BIEIEZESH

AR X B ) Tk DA RN B T i 4 B ] 2
FREEEAT AT o FER AR IS (R B S S A — 3K
AIRTHE R, SEASTE 5 B4 Office-Home K046 4 11
YNGR () R o3 R A R AT T XL, S5 R R 5
Fiw o it 5 v LIE H, AaD 19 Il ki ] i
fa, (H 2 H A R ERR R KA, AT RST, PDCL
FE DR IE 53 25 E i 1R B2 FE 0y R B, A3 o T 2
10% YN ZRif [ R4 . Bk, PDCL 7E PR FRH /NG
AN TR R, SCEL T B 0 A 2R e R

®5 AAFEHENSHEE

Table 5 Performance and runtime of different methods

itk YN LR ) /min OYAER 1%
SHOT 572 71.8
AaD 524 72.7
RST 672 74.0
PDCL 750 74.6

4 HERIE

AT JCUR I A 35 N TR 2 R A I ZR2E )
W, Sy 3% W 7S PR bR 25 1) 52 T BE A A R 1 B
I, A SCHR Y —Fh 2 G SR 5 ) A ) B JC R
B, 1138 % 7 B PDCL, i 2 14 1 5 28 1F 38 461 2% oy
B, b B A XA B A S I R R, S A A S N
HERTSE A W RS 5 o R, B S 4 i 750 A
X 2 2T SREm, b S A 2R A B A AL 45
PRNAA SR ER G o ARARUE 0 2% 3 2 v ks 5 30 A R
AR B BE BT, B S P SO 5 A S 4 U
W AN R EREAC R B S, 4R R e X A i, AR
X B4 2R DU) 3 3 249 oA A 5 JHLOXE iy 28 i) i A g AH
eI, T) Ao e A1 5 At 288 ) D 7R %) AR AL ok i Ak
FRAE A 4 R 2 I 25 0 o WU X He 2y 2T SR e I 5
o B R B RV IE SRR S . RJE,
3ANEMEEE R LT T R E X SE G, S5 R

IEB] T PDCL B4 5Pk .

R4 PDCL fE 24 SRR 4 L HUS T R 4f
HIPERE, HAE D bR & A il B b R 25 RS 0 5
SR, ] B S (AR AR A e P K Y 3 S i e
B TREAG . A B BIF 98 TARB IR R AE D bn 25 4 i
i B P HERR SR SR ROR W, DT B T TR A
B FRERE . BLAh, JCURIE A E N A
AR I2 W . Tl SRS A VR 3 K A7 B A i
s RIEREIEM . BT, KR %I E
PR 280 52 BR 3 1 B 2 B2 )7 45

£ % SRk

[1] DONG Shi, WANG Ping, ABBAS K. A survey on deep
learning and its applications[J]. Computer science review,
2021, 40: 100379.

[2] LIU Xiaofeng, YOO C, XING Fangxu, et al. Deep unsu-
pervised domain adaptation: a review of recent advances
and perspectives[J]. APSIPA transactions on signal and
information processing, 2022, 11(1): 1-51.

(3] ZPKH, %, kL. 2T 00228 5 S5 BRXT BT

TG M B W 0], B RE R G, 2021, 16(6):
999—-1006.
LI Qingyong, HE Jun, ZHANG Chunxiao. Unsupervised
domain adaptation algorithm based on classification dis-
crepancy and information entropy[J]. CAAI transactions
on intelligent systems, 2021, 16(6): 999—-1006.

[4] LI Jingjing, YU Zhiqi, DU Zhekai, et al. A comprehens-
ive survey on source-free domain adaptation[J]. IEEE
transactions on pattern analysis and machine intelligence,
2024, 46(8): 5743-5762.

[5] LIRui, JIAO Qianfen, CAO Wenming, et al. Model ad-
aptation: unsupervised domain adaptation without source
data[C]//2020 IEEE/CVF Conference on Computer Vis-
ion and Pattern Recognition. Seattle: IEEE, 2020: 9638—
9647.

[6] LIANG Jian, HU Dapeng, FENG Jiashi. Do we really

need to access the source data? source hypothesis transfer


https://doi.org/10.1016/j.cosrev.2021.100379
https://doi.org/10.1109/TPAMI.2024.3370978
https://doi.org/10.1109/TPAMI.2024.3370978

21 % i

#

&b
He

4t

2y

I <1140 »

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

for unsupervised domain adaptation[C]// Proceedings of
International Conference on Machine Learning. New
York: PMLR, 2020: 6028—6039.

LONG Mingsheng, CAO Zhangjie, WANG Jianmin, et
al. Conditional adversarial domain adaptation[C]//Pro-
ceedings of the 32nd International Conference on Neural
Information Processing Systems. Montréal: ACM, 2018:
1647-1657.

LONG Mingsheng, CAO Yue, CAO Zhangjie, et al.
Transferable representation learning with deep adaptation
networks[J]. IEEE transactions on pattern analysis and
machine intelligence, 2019, 41(12): 3071-3085.

2 B, AR T Bl RO B T B
7). A2, 2025, 36(7): 3253-3270.

CAO Yi, GUO Maozu, WU Weining. Unsupervised do-
main adaptation method with augmentation technology
[J]. Journal of software, 2025, 36(7): 3253—3270.

HOU Yunzhong, ZHENG Liang. Visualizing adapted
knowledge in domain transfer[C]//2021 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition.
Nashville: IEEE, 2021: 13819-13828.

DING Yuhe, SHENG Lijun, LIANG Jian, et al. Proxy-
Mix: proxy-based mixup training with label refinery for
source-free domain adaptation[J]. Neural networks, 2023,
167: 92—-103.

FWL, A8 S T SO, PR AN E PR TR G
KB pRi B IE R[] BF2ER, 2022, 33(4): 1183-1199.

WANG Fan, HAN Zhongyi, YIN Yilong. Source free ro-
bust domain adaptation based on pseudo label uncer-
tainty estimation[J]. Journal of software, 2022, 33(4):
1183—-1199.

ZHOU Lihua, LI Nianxin, YE Mao, et al. Source-free do-
main adaptation with class prototype discovery[J]. Pat-
tern recognition, 2024, 145: 109974.

JUI S, VAN DE WEIJER J, WANG Kai, et al. Attracting
and dispersing: a simple approach for source-free domain
adaptation[C]//Advances in Neural Information Pro-
cessing Systems 35. New Orleans: NeurIPS, 2022:
5802-5815.

WANG Rui, WU Zuxuan, WENG Zejia, et al. Cross-do-
main contrastive learning for unsupervised domain adapt-
ation[J]. IEEE transactions on multimedia, 2023, 25:
1665—-1673.

CHHABRA S, VENKATESWARA H, LI Baoxin. Gener-
ative alignment of posterior probabilities for source-free
domain adaptation[C]//2023 IEEE/CVF Winter Confer-
ence on Applications of Computer Vision. Waikoloa:
IEEE, 2023: 4114—4123.

A, TR, TR TL, S BT A ARG X L2~ 1R

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

B WU R B (D). TSR HLIE T 5 R TR, 2023, 60(4):
930-946.

ZHAO Lei, ZHANG Huiming, XING Wei, et al. Image
cross-domain translation algorithm based on self-similar-
ity and contrastive learning[J]. Journal of computer re-
search and development, 2023, 60(4): 930—-946.

QIU Zhen, ZHANG Yifan, LIN Hongbin, et al. Source-
free domain adaptation via avatar prototype generation
and adaptation[C]//Proceedings of the Thirtieth Interna-
tional Joint Conference on Artificial Intelligence. Mon-
treal: IJCAI, 2021: 2921-2927.

HUANG lJiaxing, GUAN Dayan, XIAO Aoran, et al.
Model adaptation: historical contrastive learning for unsu-
pervised domain adaptation without source data[C]//Pro-
ceedings of the 35th International Conference on Neural
Information Processing Systems. Vancouver: Curran As-
sociates Inc. , 2021: 3635-3649.

ZHAO Xuejun, STANISLAWSKI R, GARDONI P, et al.
Adaptive contrastive learning with label consistency for
source data free unsupervised domain adaptation[J].
Sensors, 2022, 22(11): 4238.

XIA Haifeng, ZHAO Handong, DING Zhengming. Ad-
aptive adversarial network for source-free domain adapta-
tion[C]//2021 IEEE/CVF International Conference on
Computer Vision. Montreal: IEEE, 2022: 8990—8999.
MULLER R, KORNBLITH S, HINTON G. When does
label smoothing help? [EB/OL]. (2019-06—06)[2025—08—
28]. https://arxiv.org/abs/1906.02629.

ZHANG Yixin, WANG Zilei, HE Weinan. Class relation-
ship embedded learning for source-free unsupervised do-
main adaptation[C]//2023 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Vancouver:
IEEE, 2023: 7619-7629.

SAENKO K, KULIS B, FRITZ M, et al. Adapting visual
category models to new domains[C]//Computer Vision —
ECCV 2010. Berlin: Springer, 2010: 213—-226.
VENKATESWARA H, EUSEBIO J, CHAKRABORTY
S, et al. Deep hashing network for unsupervised domain
adaptation[C]//2017 IEEE Conference on Computer Vis-
ion and Pattern Recognition. Honolulu: IEEE, 2017:
5385-5394.

PENG Xingchao, BAI Qinxun, XIA Xide, et al. Moment
matching for multi-source domain adaptation[C]//2019
IEEE/CVF International Conference on Computer Vision.
Seoul: IEEE, 2019: 1406—1415.

LITRICO M, DEL BUE A, MORERIO P. Guiding
pseudo-labels with uncertainty estimation for source-free
unsupervised domain adaptation[C]//2023 IEEE/CVF

Conference on Computer Vision and Pattern Recognition.


https://doi.org/10.1109/TPAMI.2018.2868685
https://doi.org/10.1109/TPAMI.2018.2868685
https://doi.org/10.1016/j.neunet.2023.08.005
https://doi.org/10.13328/j.cnki.jos.006467
https://doi.org/10.13328/j.cnki.jos.006467
https://doi.org/10.1016/j.patcog.2023.109974
https://doi.org/10.1016/j.patcog.2023.109974
https://doi.org/10.1109/TMM.2022.3146744
https://doi.org/10.7544/issn1000-1239.202220039
https://doi.org/10.7544/issn1000-1239.202220039
https://doi.org/10.7544/issn1000-1239.202220039
https://doi.org/10.7544/issn1000-1239.202220039
https://doi.org/10.3390/s22114238
https://arxiv.org/abs/1906.02629

e 1141 -

B8R, A5 BT IR 5] S 5 0 X L 2 2] B TS IR B 3 R 555

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Vancouver: IEEE, 2023: 7640—7650.

ZHANG Yuchen, LIU Tianle, LONG Mingsheng, et al.
Bridging theory and algorithm for domain adaptation[C]//
Proceedings of the 36th International Conference on Ma-
chine Learning. Long Beach: PMLR, 2019: 7404—7413.
JIN Ying, WANG Ximei, LONG Mingsheng, et al. Min-
imum class confusion for versatile domain adaptation[C]//
Computer Vision—-ECCV 2020. Cham: Springer, 2020:
464—480.

KARIM N, MITHUN N C, RAJVANSHI A, et al. C-SF-
DA: a curriculum learning aided self-training framework
for efficient source free domain adaptation[C]//2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Vancouver: IEEE, 2023: 24120-24131.
XING Bowei, YING Xianghua, WANG Ruibin. Rectify-
ing self-training with neighborhood consistency and prox-
imity for source-free domain adaptation[J]. Neurocomput-
ing, 2024, 606: 128425.

CHEN Dian, WANG Dequan, DARRELL T, et al. Con-
trastive test-time adaptation[C]//2022 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. New
Orleans: IEEE, 2022: 295-305.

PENG Lin, HE Yuhang, WANG Shaokun, et al. Global
self-sustaining and local inheritance for source-free unsu-
pervised domain adaptation[J]. Pattern recognition, 2024,
155: 110679.

HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al.
Deep residual learning for image recognition[C]//2016

IEEE Conference on Computer Vision and Pattern Recog-

[35]

[36]

=

nition. Las Vegas: IEEE, 2016: 770—778.

DENG Jia, DONG Wei, SOCHER R, et al. ImageNet: a
large-scale hierarchical image database[C]//2009 IEEE
Conference on Computer Vision and Pattern Recognition.
Miami: IEEE, 2009: 248-255.

BOTTOU L. Stochastic gradient descent tricks|M]//Neur-
al Networks: Tricks of the Trade. Berlin: Springer, 2012:
421-436.

f&ar:

WLk, R, 14, EEEE D5
] A AL FIE RS 2% 2], F R
Jbd HARFL AR I 1 50, ok
1 BE ARl 55 2 & T 5% 4 0 H
20, RFR¥ARIBIC10 KK, E-mail:
yangliran@ncepu.edu.cn,

sk e, WA, FEFTETT
6] Sy i 78 2 2] FOJC IR A 3 N .

E-mail: zhangxiaolong@ncepu.edu.cn,

SRR, R, ST ) R
LR B RS B, R
K ARBIFIGTH T R A
B 2025 HALIAEMH . KEFA
B 50 A% . E-mail: supan@ncepu.

edu.cn,


https://doi.org/10.1016/j.neucom.2024.128425
https://doi.org/10.1016/j.neucom.2024.128425
https://doi.org/10.1016/j.patcog.2024.110679
mailto:yangliran@ncepu.edu.cn
mailto:zhangxiaolong@ncepu.edu.cn
mailto:supan@ncepu.edu.cn
mailto:supan@ncepu.edu.cn

