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Category-aware and reweighting-based multi-source domain
adaptation algorithm

Tan Mian'®  Li Zhiling"* Chen Wang'”® Zeng Taotao'” Feng Fujian'”
(1. School of Mathematical Sciences and Information Engineering,Guizhou Minzu University, Guiyang 550025, China;

2. Guizhou Minzu University, Key Laboratory of Pattern Recognition and Intelligent System,Guiyang 550025, China)

Abstract: Multi-source domain adaptation is an important branch of transfer learning. Category shift, a prominent
challenge in this field, stems from the mismatch between category distributions in the source and target domains. To
address this problem, a category-aware and reweighting-based multi-source domain adaptation algorithm is proposed.
The algorithm enhances positive transfer between similar categories through a category-aware strategy and introduces a
reweighting moment matching strategy to reduce distribution differences at various levels. Additionally, adaptive
weights are constructed using pseudo-labels to effectively mitigate the impact of category shift. Experimental results on
the Digits-Five and Office-Caltech10 datasets show that the proposed algorithm achieves classification accuracies of
94.11% and 97.18% , respectively. These results indicate that the proposed algorithm significantly improves accuracy
in scenarios with category shift compared to current typical multi-source domain adaptation algorithms.
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Fig. 1 TIllustration of the class shift problem in multi-source

domain adaptation
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Table 1 Comparative analysis of AWMD-MSDA and existing domain adaptation methods on Digits-Five %
i Hk mm mt up sv sy Avg
Li<RT§ Single Best 63.37 90. 50 88.71 63. 54 82. 44 77.71
JAN 65. 88 97.21 95.42 75.27 86. 55 84. 07
DCTN 70.53 96. 23 92. 81 77.61 86. 77 84.79
M3SD A 69. 76 98.58 95. 23 78.56 87.56 85.94
A8 ABMSDA 70.76 98. 98 94. 23 75.56 87.76 85. 46
CASR 89.99 98.70 98. 30 85.95 95. 80 93.75
TSCDA 89. 38 98. 32 96. 25 86.72 94. 30 92.99
AWMD-MSDA 90. 50 98. 02 97.82 88. 80 95. 40 94.11

# 1 B8 T TE Digit-Five £ % b #1719 L 30 245
Hob PR TR AR T B AL 45 R L “mm 7 F R LU MNIST-M
BB EANE R B ARG AT I A 8 R “me 7 R MNIST 048
SEAE R HARBGEAT I A 38 R L “up " Fean USPS B SE1E H
H ARt A7 48 58 1, “so” Fam SVHN Fdl 576 4 B hr i
PEAT I A 38 W L K “sy” F R Synthetic Digits 204 S A4E R
H ARk A7 38 1 38 1

SEHG 45 R B R, AWMD-MSDA 7E Digits-Five B &
FOPHE T A A E N Tk, — L A T
Single Best J5 ¥/ 77. 71% , AWMD-MSDA BISURIEE T
16. 40 % %25 TR, 2RI [ 38 N A 086 2% fig PR R Bk A 58
7 F AR AR R YR ) B — M N 2 B MRS R A W) L, BT LA
AP AR ) A AR . ) —J7 T, AWMD-MSDA 1%L
BT R 2 A E N RN R, W1 PR,
AWMD-MSDA [ BLA /Y £ W5 38 [ 3% Y 5 375 6.28%.
75 Digits-Five 504 4 7 . SVHN Cso) B8 4 75 0 0 b 8t
ATHR A TE R — A bR R, AnER 1 R g5 AR ETR B
AR A S R R AT 5 A RCR Y R . HR i
X FRAE B UG B FE A HE A7 28 RN 2 )5 T 6 AT H AR AR AR
4325 25 B 7R AR SCI T AE AT DL S 3 4 T AR 119 43 2k
Jo X2 E B T AR SO O IR AT LR i TR AT 55 1 05
3 N TR, PN, MINIST Gme ) 5088 55 46 0 B bR 38 51T
WA SR R A S W . A R B A 3 Nk
XFUEAE 55 R B AR I, AE 3K Fh 8] BRAE 55 b, AR SOOIk
IKORTT IS 5 B 85 1 . LL &5 3R WL AR SO 9k A
BTN 2% 1 38 A 38 AT 55 B 34 BE AR B A I A 8RR L
IR T Ak B 235 4 22 S B R B4l 4 (SVHIND B J 91 4
PO — S5 R IUE T TR 7 ik A A0 R B bR 5 TR R
LA B 2 I RRAE , 52 BT R AR R — B MR R L.

2 2 BIR THE Office-Caltech10 {245 I 47 1 3L 56
iR, Hh BRI MIE R, Hd, W HEKR
Webcam B45 £ VE 0 B bR B AT 8L A& B, “D” FoR
DSLR #5846 K B A #4738 A & ML, “C 7R R Caltech
B EAE N BT A & N, “A” RN Amazon $HE
SRR B ARG AT B E S

%2 AWMD-MSDA Z Office-Caltech10 F 5HF
BAENGEME SR
Table 2 Comparative analysis of AWMD-MSDA and

existing domain adaptation methods on

Office-Caltech10 %
F o J7 ik w D C A Avg
HUES  Single Best  99.10 98.20 85.40 88.70 92.85
JAN 99.40 99.40 91.20 91.80 95.45
DCTN 99.40 99.00 90.20 92.70 95.33
M3SDA 99.50 99.20 92.20 94.50 96. 35
EAS

CASR 99.80 99.80 93.20 94.80 96.90
TSCDA 98.42 99.04 93.85 95.37 96.67
AWMD-MSDA 99.40 99.50 94.30 95.50 97.18

S S5 B R , AWMD-MSDA 7E Office-Caltech10 %
PEAE T YR B v T A B R E S N k. — T, A
I F Single Best J ¥ 09 92. 85% , AWMD-MSDA % 1 11
R T 4.33% ., [FE, AWMD-MSDA 7£ Caltech(C)
BRAEAE R B ARG AT I8 A 58 B AT Amazon (A) #5045 1E
Sy ARG AT B A IE B X AT S B AR T IR A o 2
BOR . T3 — 5T AR SO 5 R H AL A Y £ R B A 38 B
Jr JAN F DCTN 4353855 T 1. 73 %1 1. 85% , JAN Al
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DCTN J5 B 7E #E 47 I 3 A R AT £ B 72 vp 34 5 45l XF
AR5 BT A VR 38K, % A TR S T AH [ A A SR 20 TR [ IR
W5 HARTE 55 1Y BTRRAE 76 25 52 A0 Il R, RN, A SCRY O ik
DU 28 530 B R0 R W 1 S Ak I, SR P SR AU DG T SR W S
TS R PR O AR 385 284 45 0 B STk, LA A4k
I 5T R B PE R AR . BT R B AWMD-MSDA 5 8
A 1 2 PRI A & 7 M3SDA LCASR. TSCDA V342 &
T 0.54% ik — R W] T A SCER Y F 0 A AR DG T 5K I
AT LA T A U5 S A0 B0 AR T AN S 7 S ) bkt
BEA TR AT A AT BE . NI 3E — 25 A8 255 i 2 3E 4008k 1
XF5F

M2 1 R 2 19 S 56 45 S W] H, AR SCIY T ¥R TE Digits-
Five $U4E 4 #l Office-Caltech10 $#E 4 I V- 34 43 2545 B 43
BIGEE] T 94. 11% A1 97. 18 % . 1E Digits-five FU 5 &4 L T
ABMSDA J7 4R T 8. 65% . i B T A 3 i1 07 i 1 M
WD R AR S B T 3 L A S R R g ) )2 TR T R 2k
SR ES T R 1 fT B AT 5 2 R T, 7 Digits-Five 3

P84 FAH LT CASR il TSCDA 7743 9l T 0. 36% #
1.12%; Office-Caltech10 %k 4% 4 I #H tk F CASR #I
TSCDA F #4351 T 0. 28 % A1 0. 51% s Wi Bl T AR SC 7
F4) SIS D T SR DN AS [] 9058 3 =2 1) 194 R i 3 A % 5
VRIS H AR ) 0 RR AT 4370 X 55 7 A4 A B L AN T 45K
A E BRI T SO0 5 B — R I S AR AR T
3.3 EFBMRBEHEHUIES W

S T BRI B G 2 0 B SR s A 22 VR 8 B A BT P AT
TEZE A RS I 5 T 3k T8 I 0 A st AR Y 6 H A A H 2
SIBMBL Y E AL # S B B 5 k(23] — 3. TR
# Digit-Five 8484 I8 MRS A 5 S M WA, B
PR 7 AR, S R P R B — A
15 B AR, HAb I AR oI5 R, e 64T 5 RS, A LI
3N 2 . — R R R B2 R SR ML O — 4 R 2
BRSNS, SRS T A 5 U LA SR 0 T L
TR0 R B, Bk 3k 3 iR, oL E R OR
e .

% 3 Digits-Five HIEE FR AN BN KBHIBRED

Table 3 Effectiveness analysis of the class-aware strategy on the Digits-Five dataset %
15 ik mm mt up sU sy Avg
P % SR FH IS S JRR e o 90. 00 96. 39 95. 70 87.50 95. 45 93. 00
e FH 28 0 IR R SR g 90. 50 98. 02 97. 82 88. 80 95. 40 94. 11

S SR R 7E AR FH 2R S 1 LT
BRI 93.00% . &4 B AR 1 (9 B AROR B 4 )
Hemm (90.00%) . mt (96.39%). up (95.70%). sv
(87.50%0) vsy (95.45%) . 7E K FH 25 51l 2% 41 3R W& 19 1% 150
TR R AR TR 94. 11% . &4 B AR b 5 BAk
KEHE 2 B o (90. 50 %) mit (98. 02%) vup (97. 82%) .
sv(88.80%) sy (95.40%) . MEHTTLLFE H , 2R H 251 &
HIRWE )T BARI WSO LT R AT
FTF BRI AE MNIST Gne) 1 USPSCup) 38, 43 Sl & T
1.63% M 2. 12% , 35 A2 B 3 W, 45 0 B #1% o 4
i TR G R E AR S 2 5 A A, IR R A A L X
2 B S 2B SRR R R W B 4% A TR SR B AR = ) B A AL
PEATRHE XS S5 A IRGERS . BARTE Synthetic Digits(sy) 3k
bR RS S R S R R . X2 T
Synthetic Digits j& SVHN #¥4E 19 & 5o bz 47 , H %
BF I 0 S RRAE BB IR S, S BOR M

RORA N FE A R, 3 3 AR 55 96 2 B, 28 531 B R SR W AE 2 TR
B E N B R ROR B S SR R B AR Y A 2K
RS RE B UE T HAEAPAE R Mm% 5 N A st . R
A s b g T B {H AN 28 R R SR 1 5 AR
PRIV B B A B DT .
3.4 EMNECERBEHERIED T

T B IR 0 T N ASURE DT C SR W AE 22 TR 38 N AT
TEZE 50 i 7% 37 55 T Sl I 3 I 1 A A8 S AR 6T B4 e S
BUEPEECA SR A ds S 80 B 5 k21 ] — 5, ek &
Office-Caltech10 Ft¥a4E I BANEEANA 10 MEAIHEA, B
PREANA 10 AR HEAS R B AT 28 3 HOH ) L (ARl
23 [ RANR Y, SR AR R TR AU S B AR,
PR Ay PR, S AT 5 ARSI AR SR 2 L — AR
SR FH EE IR VG TE 56 W, B3 — 20 Sy R P B 0 ASL R DG i, 5 6
BRI E S 5 WK LARR IR G5 R B T S8k, ORI 5 30 40 25K
B BARNER 4 s, R BT Ros

& 4 Office-Caltech10 $#7 £ L A 4E I B2 3% BE B9 B B0 55 47
Table 4 Effectiveness analysis of the re-weighted moment matching strategy on the Office-Caltech1( dataset %

Fe v VRES w D C A Avg
S K 2R FH =B 0 AU DG IR R 96. 70 99. 90 91. 70 93.51 95. 45
o K- FH T A DG i 5 99. 40 99. 50 94. 30 95. 50 97.17
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SIS ZE T 7R L 2R SR FH E AU UG I 5 s i A 10 T L, 3
SYHANGRE R 95. 45 %6 5 >R FH F JINAN A DG 0 3R W I 5 1 1 4 2 G
FERTH R 97. 17% . REBEHIREN /2805 A I o+,
BIE Webcam (W) F1 Caltech (C) 3, 4> Bl 42 & T 2. 70% F1
2.60% ., JETE DSLR(D)IE M43 2508 BEWS A T B, (R TR 42
FHO IR . RN R B T80 R 2 4 A 5 HA
WAAE 2R FECRMAEIZI L R T, 14h,
ASURe B ISR DTG i 55 I 7 5 40175 1 T T BT 20 4528 1 AL
T PAREAHERE v DT 52 0 B PR AICIR . 70 288 0 R A O s 3 et
T T AR 0 09 43 A, 420 T YRR 3 H ARSI 1E 1] 3 8
ST FE A 1, T I0ASURE D E SR W A 1 3 0 S T R
HUE B A TR [RIER IS H ARIBAG 5Tk, /0 T A R R R A iR
25, TR FH 43 FENE BE . 3 ah A 52 3 J 90 S 4 DG i 5 e
22 R A 38 R P LA R RS AT AU R B AR S 4y
FRERE  B0E T HAEE A2 MRS I 5 T A sk
3.5 AWMD-MSDA H & HGEMBERHES

J T HIE AWMD-MSDA H & 21 4 % 22 I 48k [ 1 17
TR SR B 3 5 T 8 A 38 L A R 5 AR SCAHE Office-
Caltechl0 4 4 i BT 45 S8 35 i AT 55 13647 1 TH Al S5 56
L rb s SR AR SR A 0 2 R AR Sk 22 ] — 3L

mFE 5 fim . AR A, £, T AR R
YRR SR 5 £, 2R R FH 1 28 50 I 0 5w 114 L 31
WA, £, %o SR FH NS S DG 2 5% % A4 388 2% & B % 55
Peo BER TR N T A 2 50 B R SR W 1 B, A L 5 A
IR 43 2 98 58 SUR B 2k B A0 I [ 5l AR R T
4. 08 %0 B FE B L X IR TIF 1 3 ok X VR 3 B0 B B R AR
HEAT IR R A% U0 4% R 8 b AN [) 288 31 A AR AR R J = i)
e O AR AR A3 BRI S H BR8] 28 0 A DG M
MRZE ) S IR 5 H bR Sl 2 8] 5 6 5 Rk
Yo A JOAS R DG i R s ) AR A L A LY 55 AR FE R 2
A8 SR B A A A SR Al N O AR B T 5. L0 I B
R, XA GG IE T AR I I g R R [ YR Sk E AR I
AT 45 09 B3k BE R (] L 37 R[] (9% B 5 A7 3k % 5%, mT LA
T SR 3 7 2 AR v ) 9T R T 4 T AR R 11 (A 5E N AR
WS, DL LS IRE ARSI AR 3 A8k fE
RN EE S XELNIEM. B m— 48,7
R BE S84 B3 Tt 36 0F T 4 A 410 %o 48 T 22 U R A 5 N
00 F S, 0 R A Ak B S R A ) B

& 5 Office-Caltech10 #{#E£ £ AWMD-MSDA
BAGHERES
Table 5 Effectiveness analysis of each component in
AWMD-MSDA on the Office-Caltech1( dataset

Ly, L, L ymd Avg /%
N 91. 37
N J 95. 45
N N 96. 47
J J 97.17

4 % it

A SCER X 22 IR S B 38 R A TR B9 2 Al B ) A 4R
T AWMD-MSDA 5 3 . 3% 58 138 a1 51 A 26 531 Jg 0 55 s
AR T &R B AR )0 8O 3 A AR L, A
M T R BGER . RIE, 51 A AU T i
SR, 38 St A 1 3 N R Y ST R A, AL T AR
BT B AR BAE BB S AT S5 P I ST R, SRR AN
A TR & B A fE BOHE 4 Digits-Five Fl Office-
Caltech10 Ei#f47, 45 R £ AWMD-MSDA 57 3 76 kb B A
F () 22 U550 A 38 I 1) R B 5t AR 3T IR 20 M B
P85 T BEAS = SR . 7E Digits-Five S 4
E R AWMD-MSDA 83 J5 £ A H AR 2 JEH B
Y47 B AR- TE L HR 92 AE MNIST Gne ) F USPS Cup) 38, 43 5l
% T 1. 63% M 2. 12% ;7€ Office-Caltech10 4R 4E I, 45
A H AR 2 20K B B R T, DL AE Webcam (W) Al
Caltech(C) 38, 73 BIFE S T 2. T0Y0 M1 2. 60 %, iX #E 50 5 45
SO IR B TRT B Ak AR AL 3 22 R B I N IR R A
Bt BR T HAE SRR A — 2T .

AR TAE R R AR T A 4 Ak B FRAE X 55 05 8%, DA
HE— 20 4@ T 4l 3d NV BE L iR R BE S 52 2 110 2 1) Al % 1) AL
e 22 5B S AR Y R
S % Lk
[1] GANIN Y, USTINOVA E, AJAKAN H. et al

Domain-adversarial training of neural networks[]].
Journal of Machine Learning Research, 2016, 17(1):
2096-2030.

[2] LI K, LU]J, ZUO H, et al. Multi-source contribution
learning for domain adaptation[J]. IEEE Transactions
on Neural Networks and Learning Systems, 2022,
33(10): 5293-5307.

[3] TZENG E, HOFFMAN ], SAENKO K, et al
Adversarial discriminative domain adaptation [ C J.
2017 IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2017. 7167-7176.

(4] B, K, EHE. BP0 S H &S A fr
KANLT] IR 2020, 22(43): 45-49.
ZHAO W C, XU CH K, WANG CH X. Domain-
adversarial domain adaptation for object detection[]].
Electronic Measurement Technology, 2020, 22(43):
45-49.

(5] =¥, M4, B, 5. 27 R B X 0 X bt
PETC B BGE N B s ). BT EEREOR L 2023,
46(14): 95-101.

ZONG Z Y, HE J, HUAN H, et al. Learning on the
Euclidean discrepancy dual for unsupervised domain

adaptation[ J]. Electronic Measurement Technology,
2023, 46(14) . 95-101.

o« 87



5 AT & v F o

T # K

[6]

7]

[8]

[9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

AR, \ITTAR, Az, % METBEINEL
T RE o A O kL] BT & R, 2023,
46(6) . 23-30.

ZHAI Y J, HU ZH D, BAI Y SH, et al. Integrating
transfer learning for insulator defect grading detection[ ] ].
Electronic Measurement Technology, 2023, 46(6):
23-30.

XUR]J, CHEN Z L, ZUO W M, et al. Deep cocktail
network : Multi-source unsupervised domain
adaptation with category shift[C]. 2018 IEEE/CVF
Conference on Computer Vision and Pattern
Recognition, 2018: 3964-3973.

PENG X CH, BAI Q X, XIA X D, et al. Moment
matching for multi-source domain adaptation[ CJ. 17th
International Conference on Computer Vision, 2019:
1406-1415.

ZHU D H, CHEN N. Multi-source domain adaptation
and fusion for speaker verification[ J]. TEEE/ACM
Transactions on Audio, Speech, and Language
Processing, 2022, 30.: 2103-2116.

SUN SH L. SHI H L, WU Y B. A survey of multi-
source domain adaptation [ J]. Information Fusion,
2015, 24. 84-92.

YOSINSKI J, CLUNE J, BENGIO Y, et al. How
transferable are features in deep neural networks[]].
Advances in Neural Information Processing Systems,
2014, 2. 3320-3328.

LONG M SH, ZHU H, WANG ] M, et al. Deep
transfer learning with joint adaptation networks[ C].
International Conference on Machine Learning, 2017
2208-2217.

WANG ] D, FENG W J, CHEN Y Q, et al. Visual
domain  adaptation  with  manifold  embedded
distribution alignment [ C]. 26th ACM International
Conference on Multimedia, 2018: 402-410.

SUN B CH. FENG J SH., SAENKO K. Return of
frustratingly easy domain adaptation[ CJ]. 13th AAAI
Conference on Artificial Intelligence, 2016: 2058-2065.
ZHANG ZH. WANG M ZH, HUANG Y. et al.
Aligning infinite-dimensional covariance matrices in
reproducing kernel Hilbert spaces for domain
adaptation[ C]. TEEE Conference on Computer Vision
and Pattern Recognition, 2018 3437-3445.
HOFFMAN J, TZENG E, PARK T, et al
CyCADA:; Cycle-consistent  adversarial = domain
adaptation [ CJ]. 35th International Conference on
Machine Learning, 2018. 1989-1998.

KUMAR A, SATTIGERI P, WADHAWAN K,

et al. Co-regularized alignment for unsupervised domain

88

adaptation[ J]. Advances in Neural Information Processing
Systems, 2018, 13;: 9345-9356.

[18] ZHAO H, ZHANG SH H, WU G H, et al
Adversarial multiple source domain adaptation [ ] ].
Advances in Neural Information Processing Systems,
2018, 27. 8559-8570.

[19] ZHU Y CH, ZHUANG F ZH, WANG D Q.
Aligning domain-specific distribution and classifier for
cross-domain classification from multiple sources[ CJ.
2019 AAAI Conference on Artificial Intelligence,
2019: 5989-5996.

[20] ZHANG J, ZHOU W, CHEN X Q, et al. Multisource
selective transfer framework in multiobjective optimization
problems [ J ]. IEEE Transactions on Evolutionary
Computation, 2019, 24(3): 424-438.

[21] ZUO Y K, YAO H T, XU CH SH. Attention-based
multi-source domain adaptationJ]. IEEE Transactions on
Image Processing, 2021, 30: 3793-3803.

[22] WANG SH SH, WANG B L, ZHANG ZH, et al.
Class-aware sample reweighting optimal transport for
multi-source domain adaptation[ J]. Neurocomputing,
2023, 523 213-223.

[23] ERFRLL, ARGEAR. JE T[] 14 4l Do > 20 26 45 09 3 23 180

FOE R 7 36 LT A SHLR A 5 4 pF. 2024, 41(D) .
168-176.
QIU CH H, SHAO X G. Partial domain adaptation
method based on peer-assisted learning classifier[ ] ].
Computer Applications and Software, 2024, 41(1):
168-176.

[24] GANIN Y, LEMPITSKY V. Unsupervised domain
adaptation by backpropagation[CJ. 32nd International
Conference on Machine Learning, 2015: 1180-1189.

[25] GAUTHERON L, REDKO I, LARTIZIEN C.
Feature selection for unsupervised domain adaptation
using optimal transport[J]. Machine Learning, 2022,
111¢9) . 4285-4312.

EZ &I

AR, R EL, EEBG T 0 AR BRI B RO

E-mail: tanmian@ gzmu. edu. cn

EERDEMRA, FEMRRF I HEBRS¥T A
&
E-mail:lizhiling2022(@163. com

FREE 0 W58 A0 . EEWE ST [ /MR R 43 26
E-mail:2267202170@qq. com

BiEE. O LA RO 13 R E 4,
E-mail:15185762043@163. com

LR GEFIER) B, FEFIT5 1 8 Ge i3
TR

E-mail ; fujian_feng@gzmu. edu. cn



