S A ki o B =

CAAI TRANSACTIONS ONJINTELUIGENT] S"ﬁSTEM.

4

H TRz R 5 BB HUR BB SE M A

ZRE, FE, kKR

SIFHASL:

ZRERH, 4, sk . FET 40228 5 5105 BB A% JC W B el R[], B HE R G4, 2021, 16(6): 999-1006.

LI Qingyong, HE Jun, ZHANG Chunxiao. Unsupervised domain adaptation algorithm based on classification discrepancy and
information entropy[J]. CAAI Transactions on Intelligent Systems, 2021, 16(6): 999-1006.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202010020

L] RERGBR A HAN SO
] REPEDEBC R AR SRR SRR 1

Possibility—matching based knowledge transfer prototype clustering algorithm
BHER G AR, 2020, 15(5): 978-989  hitps://dx.doi.org/10.11992/tis.201810028

A IO 28458 Bl T B A AR 40Ul
Fine—grained inshore ship recognition assisted by deep—learning generative adversarial networks

BB R Gi244]. 2020, 15(2): 296-301  https://dx.doi.org/10.11992/tis.201901004
SUCE: R T RISE R B~ d ik

SUCE: semi-supervised binary classification based on clustering ensemble

BIHERG2FR. 2018, 13(6): 974-980  hitps:/dx.doi.org/10.11992/tis.201711027
T L TR AT P R TR I 1 2 T ik

A discernibility matrix—based attribute reduction for continuous data

BIRER G M. 2017, 12(3): 371-376  https://dx.doi.org/10.11992/ti5.201704032
JIVASS RETU L ONIGE BN RN E R e Ll T IR S BIVARE

A maximum entropy clustering algorithm based on knowledge transfer and its application to texture image segmentation

BB RS 244]. 2017, 12(2): 179-187  https://dx.doi.org/10.11992/tis.201603005
FEF e/ N RERM LIRS 25 2] 43 Ak

Transfer learning classification algorithms based on minimax probability machine

FREFR S 2= 2016, 11(1): 84-92  https://dx.doi.org/10.11992/is.201505024



http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202010020
https://dx.doi.org/10.11992/tis.201810028
https://dx.doi.org/10.11992/tis.201901004
https://dx.doi.org/10.11992/tis.201711027
https://dx.doi.org/10.11992/tis.201704032
https://dx.doi.org/10.11992/tis.201603005
https://dx.doi.org/10.11992/tis.201505024

5516 B4 6 W B OoRE R & % it Vol.16 No.6
2021 11 H CAAI Transactions on Intelligent Systems Nov. 2021

DOI: 10.11992/4is.202010020
[ £& H AR b 3E - https:/kns.cnki.net/kems/detail/23.1538.TP.20210831.1640.008.html

ETHXERSEREN N T EEBENEE

ER B ATEY kAR
(1. AFREIARRF CTERL ISR, LH @F 2100442 O FZLIRRF AIFRTR, LH &
T 210044 )

O R BN I 2 S I A Y SR, 8 0 A 2 AR VR BN AR R A A R S, SR
[ 8 2 6] )RR R 0 A 28 S o LR, A A Sl 17 D7 V6 SR AN ) JURSCHE =2 1) A R 8 4 /0, T A 2% 08 1 s R
I35 R I Z 8] AR, X 2 RRAR E AR s N AN () 28 500 R AR A8 0N T XA o TR I T s R, B2
— R LT 2K 25 5 55 BRI G W B B 1E A vk (adversarial training on classification discrepancy and informa-
tion entropy for unsupervised domain adaptation, ACDIE), %553 | FH Wi~ 43 28 88 22 0] 09 A8 — B0 0 55 4 ) 22 5,
[ s 0] ] i /N A LR 1) 5 R AT AN A S A, ol I AR BRI i 8 R SR L, 3 17 R TR 203 i ] X7 . TR
FAR B 5 I Office-31 B & 1 A S0 45 R W, ACDIE Bk 0 L)~ ) B 0 A0 A R AE 28 7R, 338 10 3 2 ofe
WA B AR

SRR WS N 5 X HUIUN SR P P4 TR B2 2] TR T s i s R BV DRSRI R

HESES . TP39] XEREED: A XEHS . 1673-4785(2021)06-0999—08

RS AR FERE, AR, KER. ETHXEREEREANANT R EEHERE X J]. ERAFKFIR, 2021, 16(6):
999-1006.

#32 5| A#&3K: 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.

Unsupervised domain adaptation algorithm based on classification
discrepancy and information entropy

LI Qingyong', HE Jun'’, ZHANG Chunxiao'

(1. School of Electronics and Information Engineering, Nanjing University of Information Science and Technology, Nanjing 210044,
China; 2. School of Artificial Intelligence, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: The adversarial training method has become the mainstream of the domain adaptation algorithm. The feature
distributions of the source and target domains are aligned by a domain classifier to reduce the feature distribution dis-
crepancy among different domains. However, existing domain adaptation methods only reduce the distance between dif-
ferent domain data without considering the relationship between the data distribution of the target domain and decision
boundaries, thus decreasing the intradomain distinguishability of different categories in the target domain. Considering
the shortcomings of the existing methods, an unsupervised domain adaptation algorithm based on classification discrep-
ancy and information entropy confrontation (ACDIE) is proposed in this study. The algorithm uses the discrepancy and
the domain aligning discrepancy between two classifiers and minimizes the information entropy to reduce uncertainty.
Consequently, the proposed method makes the target domain feature far away from the decision boundaries and im-
proves the distinguishability of different categories. The experimental results of the digital identification and Office-31
datasets show that the ACDIE algorithm can learn better feature representation. Moreover, the accuracy of the domain
adaptation classification is considerably improved.

Keywords: domain adaptation; confrontation training; neural network; unsupervised learning; transfer learning; classi-

fication discrepancy; information entropy; decision boundary
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Fig.1 Comparison of the feature distribution of different
methods
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Fig. 5 Digital ID dataset example
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Table1 Comparison of the domain adaptation ac-

curacies of digital ID datasets %
i SVHN— SYNSIG— MNIST— MNIST— USPS—
MNIST GTSRB  USPS  USPS* MNIST
Source 67.1 85.1 76.7 79.4 63.4
Only
MMD 711 91.1 — 81.1 —
DANN  76.0 88.7 77.1 85.1 73.2
DSN 82.7 93.1 91.3 — —
ADDA  76.0 — 89.4 — 90.1
CoGAN — — 91.2 — 89.1
GTA 92.4 — 92.8 95.3 90.8
MCD 96.2 94.4 94.2 96.5 94.1
ACDIE 98.8 96.7 97.4 98.6 96.2
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Fig. 6 Office-31 dataset example
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fifi F mini-batch FEHLES BT AL 281,
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, momentum {ELiX &5 0.9,
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TIEHE B 45, % e 7 35 4 4% DANN'Y . GTAM Fin
16 4 14 XU 4G 7 B9 CDANY ) 262 JBR TR
] J5 VR 7E 6 Ffr 52 50 15 7 100 T ) 3 I o 1 R
H. it ResNet-50 75 i FH ResNet-50 15 A RFAE 2B
P S B AT 5 T N AT R

&2 Office-31 R HRITIE M AT LL

Table 2 Comparison of the domain adaptation ac-
curacies of Office-31 dataset %

By A—D AW DA DHW W—A WD FH{E

ResNet-50 68.9 684 625 96.7 607 993 76.1

DANN 79.7 820 682 969 674 99.1 822

GTA 87.7 895 728 979 714 998 86.5
CDAN 89.8 93.1 70.1 982 68.0 999 86.5
ACDIE 89.2 93.1

73.0 98.6 717 100.0 87.6
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Fig. 7 t-SNE diagram of SVHN—MNIST
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Fig. 8 t-SNE diagram of USPS—MNIST
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Table3 Comparative experiment of information en-

tropy loss %
% SVHN—  MNIST—  MNIST—  USPS—
WHE  MNIST USPS USPS(p)  MNIST
1 96.3 94.5 96.6 943
2 96.7 94.8 95.7 92.4
3 97.9 96.6 98.2 95.5
4 98.8 97.4 98.6 96.2
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