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Multi—Target Domain Adaptation Approach Based on Style Embedding
and Co-Learning

DING Meirong, LIU Qinglong, LANG Jicong, ZHUO Jinxin
(School of Software , South China Normal University, Foshan 528225, China)

Abstract: Multi objective domain adaptation aims to explore how to extract knowledge from a single source domain and apply it to multiple tar-
get domains, including how to ensure that the extracted domain invariant features have better category discriminability, and how to consider
the correlation between a single source domain and multiple target domains. Therefore, a multi-objective domain adaptive model (SECL)
based on style embedding and collaborative learning is proposed. Firstly, by changing the feature statistics of the samples, data diversity can
be enhanced; Secondly, through collaborative learning of dual classifiers, optimized pseudo labels are generated for model self training, and
large interval classification is used to adjust the distribution between different categories, thereby improving the model’s generalization ability ;
Finally, the training strategy of course learning is adopted to guide the model to adapt to simple domains first, and then gradually transition to
more complex domains, making the target domain adaptation process smoother. The experiment shows that the average classification accuracy
of this method on Office-Home, Office31 dataset, and ImageCLEF-DA dataset is improved by 2.9%, 1.1%, and 1% compared to D-CGCT.
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FI Adam fEAEZRS
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B — A4 . BRI, Office—31 £ dfa 42 1 24073 LA
T 34455 . @ Amazon (A) . Dsle (D) 1 Webcam (W) ; @O0f-
fice—Home %45 22 ] 4 & Art(Ar) . Clipart(Cl) . Product(Pr)
Hl Real-world (Rw) ; @ 4ImageCLEF-DA 5 #i& ££ ¥ 15 Bing
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Table 1 Statistical information of datasets

®1 BREESITER

EIS IS i FRAEYEE Bk AR 5 R Pl e
Office-31 A;D; W 2048(ResNet-50) 31 2817; 498; 795 4110
Office~Home Ar; Cl; Pr; Rw 2048(ResNet-50) 65 2427; 4 365; 4439; 4357 15588
ImageCLEF-DA B; C; ;P 2048(ResNet-50) 12 600; 600; 600; 600 2400

3.3 LR

1 AT PR BY M RE B 2 FEAYTE Office—31 £ 4
& Office—Home 045 45 T & X 5 B AR H & N IR A B
PRI 3 VA 22 H AR NS 3 AN S A AT SRR
SEAIR AR 2 PR . Horp, B E AR 38 0 S = A
B — Pl B — H AR T RS L R IR H AR A

o7 T K RN B — YR R T S B B 24 B AR A TR L
MR A, SR, ARG BAa A SN 5T, SECL
AL THLR CGCT 7E Office—Home | Office-31 344 45 43 51
2T 0.4% .0.3% ; 75 2 HAn3k A 16 N 50 T, SECLAHA T
1% D-CGCT 7E Office—Home . Office-31 F 4% 45 |43 ] 42
T+2.9% F11.1%.,

Table 2 Performance of various models in different scenarios

x2 ARGETHERMERE

i e Office—Home Office-31

Ar Cl Pr Rw Avg A W D Avg
DAN!? 56.1 542 51.7 63.0 56.3 79.5 80.3 81.2 80.4
HH BRI CDAN!2 64.2 62.9 59.9 68.1 63.8 91.4 84.1 84.0 86.6
35 1 DANN''®! 583 55.5 52.8 63.9 57.6 80.9 82.8 81.5 81.7
SECL 68.3 69.5 62.7 71.0 67.9 89.5 85.2 86.9 87.2
DAN'? 55.6 56.6 48.5 56.7 54.4 78.0 64.4 66.7 69.7
JAN! 58.3 60.5 522 57.5 57.1 84.2 74.4 72.0 76.9
A Hix CDAN'?Y 59.5 61.0 547 62.9 59.5 93.6 80.5 81.3 85.1
B G 35 AMEAN!?/ 64.3 65.5 59.5 66.7 64.0 90.1 77.0 734 80.2
cGeT! 67.4 68.1 61.6 68.7 66.5 93.9 85.1 85.6 88.2
SECL 67.1 68.4 62.4 69.6 66.9 94.1 85.5 86.0 88.5
MT-MTDA!'? 64.6 66.4 59.2 67.1 64.3 87.9 83.7 84.0 85.2
D-CGCT'®! 70.5 71.6 66.0 712 69.8 93.4 86.0 87.1 88.8

Z Hirik AMDA! 57.8 59.4 53.9 62.4 58.4 - - - -
38 DCMLH 72.1 742 69.3 722 72.0 94.2 86.5 87.4 89.4
MTDA-PDA'" 71.1 73.0 67.5 72.1 70.9 929 87.3 86.0 88.7
SECL 73.6 73.6 69.6 74.1 727 93.8 88.5 87.4 89.9

23 I, SECLAE AL B[] 75 5% AN [l 43 Afi 22 57 AAS [ 4T
S5 WA PERE AL , E— 2P AEW] 1 SECL HA 805 91z fL e
J1o BHM A SCHs SECL 5 HiAth MTDA #52 L /E Image CLEF-
DA B85 E#ATIRE, iR 3 PR .l AT, T S AR A
AABET HA MTDA B R AE PR R AP e — 8 R AT
D-CGCT .CDAN 43l 2 T+ 1% . 2.3% , #F— 2L S UE 1 4y
A RNE
Table 3 Comparison results of various models on the ImageCLEF-

DA dataset
%3 7 ImageCLEF-DA ¥iF& F &R LIHER

ImageCLEF-DA

Ykt i)

C I P Avg
CDAN'? 86.1 71.1 713 819  79.1
mMcc 862 760 786 82.6 80.8
% Hpnik .
E DAN'* 818 717 772 718 771
pENIVA

D-CGCT'® 857 761  788. 812 80.4

SECL 87.0 76.9 78.8 83.0 81.4

34 SEHEMEST

R T VEAS A — S SC B 2 RO R AR 1 BR A S ), X2
oy FEATHUBE DN, SR WME 2R . SR, Y
w =12,y = 0.06 [, SECL X} £ 4~ H br 8 508 1) - 34 432
TR 2 e = PR RE R A BB UAE oA H bRk - R 9
A, LETH X 224~ AR 3 Bk AR R A RO A 4 T
FEFTA B AR 072 0 e R MERE R . SECL Y
A SAN R 4 R .

Table 4 Settings of model hyperparameter
F4 HEBSHIEE

S HA PR HE
Batch Size 32
B ES le=3

FINGE Bk AR 200(Office=31 ., ImageCLEF-DA) ,500( Office=Home )

HAr Sl iy B Bt 3 000(Office—31 . ImageCLEF-DA ) .10 000( Office—
AL Home)
TR B B ARk B 15 000
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Fig. 2 Impact of different parameter values on the model on the Of-
fice—Home dataset
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B KT8] B 73 JE R B (9 A R, 78 Office—Home X4 45
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FR°F- 24 53 SR UER R4 T) 6.3% 3 KIAJ G 23 Fpbe kit — 2L 42T}
TREAIVERE V- 34 73 S UEW R AR T 1.2% 5 51 A MixStyle K,
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Table 5 Results of ablation experiments
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