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Domain Adaptation Algorithm with Feature Center Alignment for Few-shot Learning
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Abstract: Domain adaptation is a transfer learning algorithm used when the training and test sets do not satisfy the
independent homogeneous distribution condition. When the distribution difference between two démaﬁns is large, the
intra-domain transferability will be reduced, and the existing domain adaptation algorithms need te obtain a large amount
of target domain data, which cannot be achieved in some practical applications. In viewrof the shortcomings of existing
domain adaptation methods, the convolutional neural network modeliis used, and a domain adaptation algorithm based on
feature center alignment for few-shot learning is proposed to find domain invariant features, improve the distinguishability
of target domain features, and strengthen the classification accuracy. Simulation and experimental results for office-31
public dataset recognition and radar working pattern recognition under small sample conditions show that the proposed
method improves the average {ecogl‘iitian accuracy of the office-31 dataset by 12.9% compared with the maximum mean
discrepancy method, and the radar working pattern recognition accuracy reaches 91%, which is 10% better than the
maximum mean discrepancy method.
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C-MMD 09856 0.8741 0.8309 0.9852 0.7831 0.9815

£ office-31 HIFEITHAT %+, C-MMD J5 %35
U T B ks . 3 Fhislad B SVETE D S W T
FoAE 55 R AT 1 de i 7 RS FE, X2 RN EAT 13 N
TG S R B 1 UG, 50 v AL RE P 50 40 A7 4 45 A
S 6] BE B 4 Hh ik AT IEAS . C-MMD HIETE 6 NMER
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5, TEIRINFIZRRFERE B R, B0 1A [ ZRRRMIE 2 Al PR
B, 1B N AN RISRHE 2 [R) B TR A X 2.
233 HAREON SR AR S SR )8R 1 5

B AUE /N EAR S AT T 1) 7 I8 TARRR IR A C-
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I ELA R RE R, 4 F bR AN 2K B e A MR K
T 20 T, R4 Deep Coral HiEA MMD Sk a4k
KSR, (FRAET MTT DU TAS (549 5k e 40

TRAG; 24 H AR KB SRR AR T 5 AN,

3 FHEREXT T MTT LUK TAS 43 FSHE 1 M.
L

12
* Deep Coral
.~ MMD
LO i ccmvp @ *
o
0.8 | &
N
5 06
R
04
02
0.0

MTT STT TAS TWS
B TR
(a) FRRSEIN 2R A5 50

RO A B A AR LIS SR

S AR
5 10 20 50
Deep Coral 0.7141 0.7906 0.8172 0.8316
MMD 0.6297 0.7609 0.8172 0.8309
C-MMD 0.8156 0.8781 0.8984 0.9172

3 SinHESE

ERRPATURIT A AT 5K S T IR 4P S5
S 87 KR (1% 25 K0 IR, S04 T 2T
D (C-MMD) BB RS, C-MMD S 75 4
SRR office-31 1% BT, Wi T A SCHEHEM0IE
FIE. T REA A P T3 T A AR U3, S0
o 5 LS TR i T SR e s, U 255 1
o 28 9 01y LIRS, A SR 14018 1
BEAE o0, PR PG S B 5 1 T K K S0
FHGE Ok AT B R 5, T T ISk 7
FERPE. 7 1056 5 % W14 SCH Hh 1) C-MMD 3%
Deep Coral HiEA MMD 53k, 7E/MEARZAF T ik
IPRKERERE R T 10% e

12
* Deep Coral
Lo |~ MMD
YTocMMp  ® o
08 | R 5 *
%
1%% 0.6 | *
&
=04
02 |
0.0

MTT  STT  TAS TWS
Ik T AR
(b) BFRIRIIZRREAECN 20

5 EUARIRA I ZRAE A B T RS 00 R 70 S0 FE XS

Software TechniquesAlgorithm X fFHi A F%: 171

© HEBEERIR I

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


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

I WA

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

2023 4F #5324 6

1.2
s Deep Coral
10 | MMD

YT ocMMD @ Q
08 ¥
0.6 |
04

02

0.0

MIT  STT  TAS TWS
A TR
() HARRINZFEARN 10

1.2
s Deep Coral

Lo L - MMD

: © C-MMD ® o
08t
ix o
4
o 0.6 e}
B *
® 04 | *

02

0.0

MTT  STT  TAS TWS
I AR .
(d) BFRNZRREASN 5

-

Bl 5 B FREAS RN SRR A SO TSR0 40 S0 FEXT HE ()

Stk RN, EARBEE F AR ke A SR 1D,
C-MMD 535 5 1 53 006 J8 (45 7E 3 B KT, {EL
MTT A1 TAS B F SR 1 5 28 18 10 2B F e
2 I (U 5 R T B A S R 7T /DR
RAAET, SR T R R 10 VBT 30 14/ 2%
043 Sk 1, DA AR S b

S 30k
1 Ganin Y, Lempitsky V. Unsupervised domain adaptation by
backpropagation. Proceedings of the 32nd International
Conference on International Conference on Machine
Learning. Lille: IMLR.org, 2015. 1180-1189.
Ma A, Li JJ, Lu K, et al. Adversarial entropy optimization

[\S)

for unsupervised domain adaptation. IEEE Transactions on
Neural Networks and Learning Systems, 2022, 33(11):
6263-6274. [doi: 10.1109/TNNLS.2021.3073119]

Zhang Y, Wang NB, Cai SB, et al. Unsupervised domain
adaptation by mapped correlation alignment. IEEE Access,
2001, 8, 6: 44698-44706.

w

4 Long MS, Cao Y, Wang JM, et al. Learning transferable

features with deep adaptation networks. Proceedings of the
32nd International Conference on International Conference
on Machine Learning. Lille: JMLR.org, 2015.97-105.

5 Sun BC, Saenko K. Deep CORAL: Correlation alignment for
deep domain adaptation. f’roceedings of the 2016 ECCV
Workshops. Cham: Springer, 2016. 443-450.

6 Li JJ, Chen EP, Ding ZM, et al. Maximum density
divergence for domain adaptation. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2021, 43(11):
3918-3930. [doi: 10.1109/TPAMI.2020.2991050]

7 Kang GL, Jiang L, Wei YC, ef al. Contrastive adaptation
network for single- and multi-source domain adaptation.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2022, 44(4): 1793—1804. [doi: 10.1109/TPAMI.
2020.3029948]

8 Luo YW, Liu P, Zheng L, et al. Category-level adversarial
adaptation for semantic segmentation using purified features.

172 A4 AR 5% Software TechniquesAlgorithm

IEEE Transactions on pattern Analysis and Machine
Intelligence, 2022, 44(8): 3940-3956.

9 Luo YW, Ren CX. Conditional bures metric for domain
adaptation. Proceedings of the 2021 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Nashville:
IEEE, 2021. 13984-13993.

10 Sharma A, Kalluri T, Chandraker M. Instance level affinity-
based transfer for unsupervised domain adaptation.
Proceedings of the 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nashville: IEEE, 2021.
5357-5367.

11 Zhang FH, Qi XJ, Yang RG, ef al. Domain-invariant stereo
matching networks. Proceedings of the 16th European
Conference on Computer Vision. Glasgow: Springer, 2020.
420-439.

12 Ghifary M, Kleijn WB, Zhang MJ. Domain adaptive neural
networks for object recognition. Proccedings of the 13th
Pacific Rim International Conference” on Artificial
Intelligence. Golg Coast: Springer,2014. 898-904.

13 Krizhevsky A, ' Sutskever I, Hinton GE.
classification with deep convolutional neural networks.
Communications of the ACM, 2017, 60(6): 84-90. [doi: 10.
1145/3065386]

14 Wen YD, Zhang KP, Li ZF, et al. A discriminative feature
learning approach for deep face recognition. Proceedings of

ImageNet

the 14th European Conference on Computer Vision.
Amsterdam: Springer, 2016. 499-515.

15 Guo YH, Li YD, Wang LQ, et al. AdaFilter: Adaptive filter
fine-tuning for deep transfer learning. Proceedings of the
AAAI Conference on Artificial Intelligence, 2020, 34(4):
4060-4066. [doi: 10.1609/aaai.v34i04.5824]

16 Jang Y, Lee H, Hwang SJ, et al. Learning what and where to
transfer. Proceedings of the 36th International Conference on
Machine Learning. Long Beach: PMLR, 2019. 3030-3039.

17 Saenko K, Kulis B, Fritz M, et al. Adapting visual category
models to new domains. Proceedings of the 11th European
Conference on Computer Vision. Heraklion: Springer, 2010.
213-226.

(B e FhEHE)

© ERERBATHRT

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


http://dx.doi.org/10.1109/TNNLS.2021.3073119
http://dx.doi.org/10.1109/TPAMI.2020.2991050
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1609/aaai.v34i04.5824
http://dx.doi.org/10.1109/TNNLS.2021.3073119
http://dx.doi.org/10.1109/TPAMI.2020.2991050
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1109/TNNLS.2021.3073119
http://dx.doi.org/10.1109/TPAMI.2020.2991050
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1109/TPAMI.2020.3029948
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1609/aaai.v34i04.5824
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1609/aaai.v34i04.5824
http://www.c-s-a.org.cn

	1 基于特征中心对齐的域适应
	1.1 特征提取
	1.2 特征中心对齐
	1.3 联合损失函数

	2 实验
	2.1 实验数据
	2.2 实验设置
	2.3 实验结果分析
	2.3.1 office-31数据集实验结果
	2.3.2 增强特征性能
	2.3.3 目标域训练样本数量对识别效果的影响


	3 结论与展望
	参考文献

