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GAO Jun'?, HUANG Li-1i’
(1. Key Laboratory for Computer Information Processing Technology , Soochow University , Suzhou , Jiangsu 215006, China
2. School of Information Engineering , Yancheng Institute of Technology , Yancheng , Jiangsu 224001, China
3. School of Electrical and Information Engineering , Anhui University of Science and Technology , Huainan , Anhui 232001, China)

Abstract: MMDE, regarded as a MMD-based feature extraction method, has been successfully used. However, when the fea-
ture extraction problems of the original input space have been solved, the MMDE lacks the suitability to some extent. Therefore, we
propose Maximum Local Weighted Mean Discrepancy(MLMD) by integrating the theory and technique of local learning methods.
The measurement considers fully the internal local structure between domains; at the same time, the global distribution discrepancy
can be reflected by the local distribution discrepancy. We also, based on the above measurement, propose Maximum Local Weighted
Mean Discrepancy Embedding(MWME) , which not only fulfills transfer learning task but also has certain local learning capability .
The MWME can complete traditional feature extraction as well as domain adaptation learning in two domains whose distributions are
different but relative, thus indicating its better robustness and adaptation. Tests show the above-proposed advantages of the MLMD
criterion and the MWME method.
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MWME) . 5B 1715 OB A SO BAT IR

(DA T — o B i MIMD % B Bl THIA T
HA Jryalas: > e 1 04 Jm B A I F, o A 320 B2 7
W IR H AR 3580 22 5 6 RE 58 00 7% 18 P A XS 9 7
B JRI TR AT 22 S, [v) I 3 R 308 3 =) 78 0 A1 22 S 25 S ke
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SCPERATRE B SE s Bz S R IR 5 LMWME,
Il 1 23X A% AR 4 i Al 21 B X Ker-
MWME. 3 # 0 RT DL AE — 72 A 5 1 ol 4 i i 26 0L T
MMDE J5 i H (1 2 5 A 46 72 )7 ( Semi-Definite Program,
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MR QR A i LA SR B, o] IS5 X = QR , H P
Q€ " H—HIEH R, RE > ) 2 |
AR, r = rank(X) SR AR (7) Fe A oKk T =X

arg min diSt%inear-MI_MD( D; ’ D; )
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D7 AT LR U AR SO 1k Lk
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U285 B R A I 5 12 ) R B R 5 D e . ZEAS B Bt
H T IRRAS SR E ITMWME FIEZ A Ker-MWME J5 15
FESEBLE RS2 > B[R] I IR I 0] BR 9 PR FFAE A 1 ) 0 45
1, FRAMEH— 8 A 300 FEASHY two-moon EXTE£E/E
RS, ZEAE LT LAy N IE 2 2K R E R
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10 ¥, AT LAAS 1 10 A3 A A R A OC ) H A5 5. B 1
() E 1) R 1(d) 53 A FoRTies% 30° .60 Fi 80° 153
) B ARk AT DAL 2 B, 2 T0E e 1) Al B, BT A
() B Al 5 R 1 53 A 25 S R, DA TG 156 BH AR X 7 114 46
S 7 [ R B A 2% . O I, FRATT AR 1 3 aed A v £
PURh 25 MY 4 AR B2 B 7 5 LDAL PCA | LPP Fl LMMDE
(MMDE [ 4% sRBOE X)) 548 S0 4t 75 1 LTMWME
AT HL A . (] Bt ] KLDA . KPCA \KLPP 1 MMDE
AR SCAR LA I Ker-MWME HEF T FE 42
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2F ar 4t 2L
ok 2r 2| oL
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Ar af 4f 4
-6 3 5l & 6
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(@) VI R B4R (b) JiEHe30° 1 H Rk B (c) Tig#k60°1 H A Bt 4k (d) JiEs%80° 1 H ARk B 4k

1 #TFtwo-moonZ H3E £ 1 1 YR AN B AR

T SE 00 0 P T B A P P 3, TR G, AR 3
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(DZEMEK FL 5 IMWME J5 35 (3 # v, 3R A1 4 AR
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2070 e 20 02 eee 26 28 210 SEARKEARBBRL ky = ky
=[2,4,6,8].LDA.PCA #1 IMMDE i TR TI& F ik, A
T VE S, T LPP J7 2 1 HAZ S b AT SRR
AENSH ke 1 A B 55 [R] T 45 30 LMWME J5 3 H i)

(2)7EMR H A SC Y AR LR Ker-MWME J5 45 i 1
R A AR b v A v A ek, b
Wik R 58 o Go—10E RN AT B 50 7
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VLABREAR B &y, ko JKLPP J5 ¥ Y% 2 80 b FE
RREAREUS Bk Ve (A A5 6] F bl It e ik
1 AR R SR R Y

(3) %M S FE A A 5 Wk 10-47 38 LI IE , i A 7
PIRG BE Ny 2 W 98 XK 5 I3y vk PR BB A U
TR AR 1-NN 20288159 20 0 B . SE 06 25 2%

1.2 A 2.
4.2 KERSHH

R R SEgn2s A FRATTRT AR 2 an T 2548

(D)MFE 1 32 FlEl 2 o LAE Y, B2 ER: 1 fA B
BEH,5 T 7 3 0 IO 1 R AT 4 BRSO B 2 R AL, X
— AT A LR . R R B A R A R AR A, B AR
BN R SRR A AR T AR R fA BE R K, H bR
BRI o A 2 S R, DT 5 380 1GR3 N
PEAE 2 . [FIEFFRATTIA 7] LUE H, LDA PCA Fl LPP J5 1A AE
AL BB 2 SR B A S Bt 2% B HE A P R A B
% R Mx— 21 _EYE, b =Rl 8 1S A TR s RN
H AR AT [ 531 1 R RAE 2 I ] 7

Q) ARPE Lk 5, AT AT LA B 55 4 — A~ 45
W, BIVAE AL HLELAT B I )R 50 0 % 45 4 (R 5 s e, 24 H A
BORIE 3 A 22 % A K1 &0 T, LMMDE/MMDE 55
LPP/KLPP A b — & & B I %A B W A %, ek LPP
5 LMMDE A8 Lt , >4 J5 545 48 42 e % 200 LA N B, LPP fY
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MR OL T, BT LPP J5 3k B E T H AR B X s AR A
WAERRFRIRIE A4, T 151207 1 B A BT
AESR BOROR . R G, AT A B — A TR, 3R i 22 MMIDE
7 W S MR A 25 S W DR SORT AR R A 22

I, A B e 1 PR SERE AS F H BR SR A 22 ) 1 42 SR 4
M2 5 T — s R JE b A %5 I8 P~ Sk = 18] 14 J= R 245

Faa st %

1 STEMEHEXT 10 FARE D7 HT two-moon HIHE & B I bL 2 (mean = std)

MIESP UL T 4R A SO A B

Target Domai
areet Bomain |-y 15° 200 25° 30° 40 50° 60° 70° 80°
(rotation angle)
Algorithm Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
LDA 0.8625 + 0.8429 + 0.8385+ 0.7917 = 0.7728 + 0.7356 + 0.6871 + 0.6319 + 0.48381+ | 0.3538 %
0.03576 0.02853 0.04012 0.05172 0.04518 0.02368 0.01964 0.03027 0.04291 0.02651
PCA 0.8617 + 0.8310 0.8263 + 0.7901 + 0.7529 + 0.7120 £ 0.6733 0.6238 + 0.4679+ | 0.3201 =
0.01032 0.03271 0.0117 0.0132 0.0093 0.01002 0.01329 0.0082 0.01897 0.0172
LPP 0.9031 = 0.8772 0.8533 = 0.8393 + 0.8059 + 0.7858 + 0.7429 0.6987 + 0.5067 + | 0.4787 =
0.05824 0.04819 0.04624 0.06201 0.01327 0.03921 0.02804 0.04181 0.03104 0.05824
LMMDE 0.9023 + 0.8691 + 0.8521 + 0.8319 + 0.8217 + 0.8103 0.7881 + 0.7134 + 0.6537 £ 0.508 +
’ ’ 0.02067 0.03645 0.03892 0.06201 0.03182 0.00197 0.03923 0.0291 0.02018 0.02183
LMWME 0.9681 + 0.9542 + 0.9315+ 0.9057 = 0.8816 = 0.8672 = 0.8397 = 0.7865 = 0.6819+ | 0.5782 %
0.01749 0.02985 0.01258 0.02017 0.02636 0.03921 0.03182 0.02519 0.03104 0.03246
T2 S5HHIELMERET 10 AR S FHI two-moon EHEEE BY MK bb %R (mean = std)
Forget Domain |- 15° 2° 25° 300 400 50° 60° 70° 80°
(rotation angle)
Algorithm Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
KIDA 1+0 0.9867 + 0.9639 = 0.9368 + 0.9173 + 0.8605 = 0.7622 + 0.7109 = 0.6397+ | 0.6138 =
B 0.0028 0.02018 0.03819 0.03025 0.01406 0.0412 0.02945 0.04902 0.03209
KPCA 120 0.9751 = 0.9557 + 0.9140 = 0.9082 + 0.8230 £ 0.7369 + 0.7018 = 0.6385+ | 0.6001 =
B 0.0043 0.01982 0.02986 0.0201 0.0056 0.0129 0.0191 0.0063 0.0058
KLPP 140 140 0.9974 + 0.9767 + 0.9524 + 0.8784 + 0.8237 + 0.7643 + 0.7442+ | 0.6987 =
B B 0.0013 0.02118 0.01002 0.03928 0.02918 0.02874 0.04413 0.04738
0.9928 + 0.9857 0.9802 + 0.9789 0.9746 + 0.8559 + 0.7537+ | 0.7408 =
MMDE 1+0 1+0
0.0052 0.0089 0.02411 0.0109 0.0039 0.03957 0.02320 0.01805
0.9910 + 0.9847 + 0.9820 + 0.8701 = 0.799 + 0.7682 +
Ker-MWME ) 10 10 10 'O 0.0039 | 0.0181 | 0.0091 | 0.02989 | 0.02835 | 0.03976
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