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Abstract

Due to the different distribution of features between the source and target domains in a multi-label trans-
fer learning problem, source domain data cannot exert any effect. To resolve this problem, here we propose
novel multi-label transfer learning via the maximum mean discrepancy. The proposed algorithm decomposes a

relational matrix to learn a common subspace. Furthermore, we incorporate the empirical maximum mean dis-
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crepancy into the objective function of matrix factorization to minimize the probability distance between differ-

ent domains. Experimental results from multi-label classification demonstrate that the proposed approach a-

chieves better performance than other similar algorithms in terms of accuracy and efficiency.
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4 AR TR HE BREL rank BURR, Average Precision
{BLBR R 7 BRI rank [ TIERGS, AR 3 44845 (Rank-
ing Loss, One Error, Coverage ) (B #8/N B HE R BRAEL rank )
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HIFRICERE R /mpRic (8] € & ;3 S-MLTL ( Multi-Label Transfer
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A M ZARICIE B A ok, AR T S-
MLTL #f — 252518 T IR 5 B bR U o0 i 28 555 A T
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AR SLEG o M-MLTL 532 9 28w BUE R 30, Hg xS sk
150 E PR T IS i BRI E.
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5 MZARCHIE IRy RES R NG 2 Fs, WSS
AR A RIS 3R 2 WA, 7ERE SR CorelSk vs
ESPGame” |-, #E ) Ranking Loss, One Error, Coverage
Average Precision PU/P PR 18 B #8 LS T B dF RO RCR, (H
Hamming Loss f§#5 I M-MLTL 5 MLTL, LIFT 1 BL 2 :AH
HeBA B AL (EEE 4R ESPGame vs CorelSk™ |,
B4 Hamming Loss . Ranking Loss, Coverage = PMPEM 845
BAS T B0, (B S-MLTL B 7E One Error FlI Average
Precision IR 4845 %L F M-MLTL.

2 HIENREER AT )

Tabh.2 Experimental results of the algorithms ( mean =+ std)

(RN
Bl g TEM AR
M-MLTL MLTL S-MLTL LIFT BL
Hamming Loss | 0.110 +0.000 0.110 +0.000 0.198 +0.035 0.110 +0.000 0.115 +0.000
Corel5k Ranking Loss | 0.449 +0.005 0.480 £0.018 0.545 +0.000 0.534 £0.020 0.576 +0.000
Vs One Error | 0.873 +0.004 0.903 +0.018 0.941 +0.000 0.927 +0.008 0.940 +0.000
ESPGame Coverage | 4.218 £0.046 4.506 +0.161 5.118 +0.000 4.946 +0.171 5.351 +0.000
Average Precision 0.326 +0.003 0.319 +0.003 0.270 +0.000 0.266 +0.005 0.240 +0.000
Hamming Loss | 0.103 +0.000 0.107 +0.001 0.179 +0.000 0.107 +0.006 0.107 +0.000
ESPGame Ranking Loss | 0.602 +0.009 0.613 £0.006 0.677 £0.018 0.657 £0.026 0.679 +0.000
vs One Error | 0.950 +0.006 0.958 +0.000 0.884 +0.018 0.951 £0.015 0.971 +0.000
CorelSk Coverage | 5.459 +0.078 5.557 +0.055 6.130 +0.161 5.945 +0.246 6.149 +0.000
Average Precision | 0.227 +0.005 0.218 +0.000 0.242 +0.003 0.203 +0.018 0.186 +0.000
#3 AR
Tab.3  Experimental results order of the algorithms
LCLES R A, M-MLTL, A,: MLTL, i %S-MLTL, A, LIFT, A5:BL
Hamming Loss A=A, =A, =A5 > A,
Corel5k Ranking Loss A >A,>Ay>Ay > As
Vs One Error A >Ay > Ay >As > Ay
ESPGame Coverage Ay >Ay > Ay > A3 > As
Average Precision Ay >Ay, >A5 >A, > Ay
Hamming Loss A >As>A, >A, > A,
ESPGame Ranking Loss Ay >A, >Ay > Ay > As
Vs One Error Ay >A; >Ay>A) > As
CorelSk Coverage Ay >Ay > Ay > A3 > As

Average Precision

Ay >A; >A, >A, > Ay

Ea I

A, (38) >4, (27) >4, (19) = A, (17) >4, (8)
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Tab.4 Typical examples of classification results

TR GRAEA

sand, sea

sand

house, light

H b U U A<
sand, sea house, sea
M-MLTL sand, sea house, sea
MLTL sand, sea —
S-MLTL sand, sea —
LIFT sand —
BL sand —
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YENZER NI, HIP &R 3. Bk A RU
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AN R GUSE EAE 25 ) P R A A 25 5, T DA 23R
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e 4 PRALT PIAL LIS ARG a5 BRIy RS R A
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IR SRS 2 SRUNGRAEAAIL, 5508 1 sk ZRbEAR 22
SEBOR. I, LIFT Al BL A5 33l 2 bRic i 2 > 5k AL
YOI 7555 2 SRIIZREEA A R A9 ARIC  sand”™ 5 T M-MLTL
MLTL 1 S-MLTL =F Z briciE B~ > S0k AR T 0 i
CHFAE—ARIC” R AR TS M T i, T L X
A 1 IRINZRFEA 22 2 JHOR ™ sand ™ F1* sea” £ 25 6] 19
KRIRFFAE, BE—2 R sea” HRic. TEATI—ZLREGH, I
GRREA i BRI , AR AS B 5, SR A il A
P25 T BOBAT 75 B R GUBAF AR 404 22 57 1 MLTL 255303
ARBEFBUEMTARIC, T M-MLTL 5] A MMD fE y$5 45, i
LA/ GRAEAS G IR AL 525 (8] R AE 23 A1 22 5%
B BT A AR T, A 2 S A ] B
CHFAE—HRIC” % AR AR S8 1 23 6] 19 07 1 RE S K i b i
(A SRS AL 5 3@ 5| A MMD 1E W5/ I A A 5 0
IREATE T2 ) P 20 Al 25 5, BB A R M TR I 5



468 E RS IRE

AP SAEEE. MMD VRSN HE4R , i 4/ NI ZReEAs 5 i
FEAAE T2 [ B RRAE 23 AT 25 5%, RN A Al b
RPTLE SEIAE BT : 8 SRR AE—RIC” OC R AL
TS (B Y J5 s BB A R IR AR IC A A OCERRRAE s a5 A
MMD iF NS/ AT A 55 IR ASTE 725 6] v i 23 A
25, REMEARUR =LA ST R I A SR B
45 B u WHELRNI
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PRI 1. o, 250 BUE B2 AT B 1855 244 A TR
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1) Mu <25, BiE p WG RA IR EA 4T, X
ABr B w BUER /N, MMD 1E NI 3 A 58 4 R VR

2) M u>30 W, BEH w R RPA SRR ARASIET T B,
AP w WAELE R, 7S H AR s B MMD I D 55
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gik, RS L, Hue (25, 30 A MR
fE LA FHIBATTMAEIR , A SCSg h A w =30.

0.109 8
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(a) Hamming Loss
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0.4 > : . - - 3 : :
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(b) Ranking Loss
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One Error
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(c) One Error

0 5

45 %
4.8
4.6
o
50
g
g 44}
o
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42¢
4 " " " " " " " " "
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(d) Coverage
0.33
= 0321
.2
8 031}
=
-9
S 03}
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>
< 0291
0.28 e
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u
(e) Average Precision
Bl L 28 X BRI
Fig.1 Influence on the classification results with different parameter u

4.6 RGUSIIFEEAREERT 5 EH RN

TR TR AR R T B8 2 2 SR ROR 1) 1 25 i [
F, PSR S AR N, 50 RPCR AR 4.
S K ¢ CorelSk vs ESPGame” 24, BEHLHHHL 500 ~
1 200 PR 4B AS 4 I 25 B 4R I 5 E3AR B 5 R 245
WHE, PN AE B ARG TSR B 5 I
WM bR RE A S M Z AL B O 2. B R, W&
TRSUSREAZ I, BL, LIFT H1 S-MLTL 4% B4 b1 A
FHE 2 ANMARERE; MLTL (25038 47 %A W 51
34K, {H One Error A3 RAYIEH:, 1X I K B FEAECR
M, VRS B AR SUSRRAE 0 23 A 25 S TR s, YR SRR
FYARFIE B R SO 38 T T H AR 9 dk; M-MLTL 1) Hamming
Loss 3&A B AR, B ERRAE ARRBE R, X
VLI IR IR Y5 S 48 5 T HAR S B aCR. (8
HEERE, MYIZRAEA%CA 500 I MLTL 539k 1 & 345
FRESULT M-MLTL, 32 B T4 3CH 1 MMD IE 35 5%
MR R AL, BIRATE SR S B AR R 1
SMAHZ 2PN A A 26 5, T/ NECE AR AS P RE A7 AL L%
PR 22 (sample selection bias) , A REA 34 AN 5 45 38 18 73
ATIELL, BEIE AT O P 2580w Y BERR R LA T30k 1Y
SYSNEEL. HFEAKORT 1 000 i, M-MLTL f 4 il f 4R #S
ELE MLTL. R, M-MLTL B RFEARE LT BEA L3
47 HEFR

R4 25 [V FRE B PN 2R A A B 2 i Sk
AITFEERS ). 525K F CorelSk vs ESPGame” $4f5 45, Il
AR VAL 725 MIFFAE BRI R AN B0 ) T 3 Fh
g ARG AR R
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