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Transformable operator-valued kernels driven by multi-label datasets

WANG Zhenxin', CHEN Degang?, CHE Xiaoya®
(1. North China Electric Power University, School of Control and Computer Engineering, Beijing 102200, China; 2. North China
Electric Power University, Department of Mathematics and Physics, Beijing 102200, China)

Abstract: An operator-valued kernel is a binary function that takes the value of an operator on Hilbert space, which in
the field of machine learning aims to better describe the correlation between different tasks in multi-task learning. Multi-
label learning is a special kind of multi-task learning, in this paper, we learn operator-valued kernels from multi-label
datasets based on the kernel alignment method and construct a prediction model for multi-label learning. Firstly, we use
kernel alignment method to learn the instance-level feature importance distribution; secondly, we construct operator-val-
ued kernel based on the instance-level feature importance distribution, and prove that it is not only partial trace kernel
but also transformable operator-valued kernel, and that each block of its corresponding kernel matrix depicts the interac-
tion information of label correlation among the samples; lastly, we design the multi-label learning algorithms based on
transformable operator-valued kernel, and conduct comparative experiments with four high-performance algorithms on
nine multi-label datasets, the results verify effectiveness of our proposed algorithm.

Keywords: multi-label learning; operator-valued kernel; transformable operator-valued kernel; partial trace kernel; la-

bel correlation; instance-level feature importance distribution; interaction information; kernel alignment
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fib 34 3k 4T L8 . ML-KNN .7 ( multi-label K-

nearest neighbors algorithm ) !"*! {1 %3 [f] & 4% i Ay
On-m+N)+n-N-k), o n HEEREE, m MEF
fiE 1) £ () 4R, N ARG, ko AH I SRR AR 2L
#, MDDM % 7% (multilabel dimensionality reduc-
tion via dependence maximization )" 25 [0] &2 Z% &
H O (N*+m*+mN +mp) , Hobvm 2y J5 05 R AE 4E 5L,
pRREAE S H bR e, N AR iDL i . RM-
FRS .7k (feature selection for multi-label learning
based on kernelized fuzzy rough sets ) > {45 [i] &2 2
FER O (n+mp), Horhm R FEAE ) 5 4655, nohFE
AECE, p A BEYE R A AR 4E 4. PMFS ik

( Pareto-based feature selection algorithm for multi-la-

bel classification )" {75 [A] 52 24 B )y O (n*N*+n?),
Hpn g REAR B R, NAFR O R .. A SO E %
1Y B R 25 W] 2 2% B2 2h O (N2 +m?) , Hirhin g AEAR
B, NRARCBUE, moA R E e & 4R, L
VR B A s () A 2% B el PR A AR 1) BB (ELA%
(73 8] B 24 BE A O (N?) 5 2) R 04 [l JA 7 32 1 25 1)
SARIE RO (nPN?) o I HLI S i B Ak s [|) 52 2
B A ML-KNN, MDDM . RMFRS %5 &, i T
PMFS 53k o 0B 9 25 () 52 2% B 4 v 2 A% U [l
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4 SEE I

A FERES 1 =P S BOEM AR AR, 4l
4 Fofr i 1 BB T PO SR AR SCHR Y VA TE 9 AR
R ERYBE SRR AR
41 SWRE

ZHRC R BN ZhRiC I gl 4
FE4E 15 B, M H AR sk E, SR FI0I A AT 0 A
Wil Z 4Eis St o S RIEZ R0 > Rk E 4y
FABNE, LRI T 9 NEAESE . 43 birds,
business. cal500. emotion. genbase. image. reuters,
scene. yeast, H:1, birds FUPEE A T HES,
cal500, emotion UK & /& P A A5 £E , genbase .,
image Fll scene f& EI4 5 B 41 09 £ 8 4 |, reu-
ters Fll business J& AN/ AEN P 4L, yeast E—Fh 5
ST RE R 43S O A B s 5 o B s 2
RS OLEZETER 1 b, iR Zh5icduiE
L0k H IR EYE 2 Mulan Library, A SCH OB
A T B 2 hRic 5 > G b, H A G H:
b5 5 T EAZA KR Z R0 5 2 Bk, Rtk
4 T HA RN Zhric 5 A JR 3T R,
#& ML-KNN™! MDDM!"* RMFRS!" J PMFS['%1,

AR SOR AR AL S50 T A : X TR 2Rl
Bys 4k, d i 0-1 1 — A 5 vk 0 A E i R AT L
FlER e 52 B d R g g TN E g S €7 S Bl
UCHE S S LSk 7 S 4 R AR E P o IS8l
B2 IR £ 4% 4:1 SEATREALA 43, b i L
9 80% YN ZRAEA F TR S5, F AR i HE 20%

I HT TP A BERIERE . B i, SE IR &S Rl
A5 20 Y S S IR R A B 4 SRR S R (R
PRFEZEFEAT BB, LR RS0 A5 e e Rl FETE

F1 SRicHIEE
Table 1 Multi-label data set

G RE R FHIEECE PRiCHCE
birds 645 260 20
business 5000 438 30
cal500 502 68 174
emotion 593 72 6
genbase 662 1185 27
image 2 000 135 5
reuters 2000 243 7
scene 2 407 294 6
yeast 2417 103 14

42 KWERSHH

M 2 A LI E H TRANS-OVK ( transformable
operator-valued Kernel ) 5. 3675 2B 45 LR &2
B 4 SV RE AL, U H 7E 8048 4 birds | busi-
ness. emotion, genbase, image . scene, yeast I, DA
AVP RPN bR, 20T HAL S ER . JF H
TRANS-OVK 5 % fll PMFS 574 78 £ 4 busi-
ness. emotion fll genbase |43 PERELE AR,
FERESE cal500 |, ML-KNN %01 i b TRANS-
OVK FE R HAth 3 4% L33 vE R B ML 5, If:
H. PMFS S 7E B0 P54 reuters [ RE B AOPERE &
T HAE LW

£2 EIEMIERR AVP()) T TRANS-OVK i 54 ML EAM LR ERILR
Table 2 Comparison between TRANS-OVK algorithm and four comparison algorithms on AVP(?)

G S MDDM ML-KNN RMFRS PMFS TRANS-OVK
birds 0.708 8+0.0213 0.5816+0.004 8 0.678 7+0.036 3 0.707 1£0.032 7 0.7237+0.0139
business 0.8716+0.007 1 0.8627+0.0003 0.8730+0.006 3 0.8756+0.0047 0.87710.004 2
cal500 0.48570.0049 0.498 1::0.003 0 0.4828+0.004 4 0.493 10.0039 0.4903+0.005 6
emotion 0.744 0+0.0172 0.5831+0.0123 0.7499+0.0509 0.7540+0.0166 0.7562+0.0358
genbase 0.7511+0.1520 0.7513+0.147 1 0.456 1+0.0553 0.9843+0.0313 0.9871+0.0295
image 0.6978+0.0424 0.518 1+0.008 8 0.6574+0.0547 0.6921+0.0558 0.6979+0.0357
reuters 0.8260+0.041 6 0.6012+0.0020 0.8145+0.0417 0.8420+0.0356 0.8254+0.0269
scene 0.7448+0.0796 0.318 10.0460 0.5897+0.1519 0.7416+0.093 0 0.7522+0.0242
yeast 0.7446+0.0141 0.7102+0.0012 0.7332+0.0159 0.7487+0.0106 0.7543+0.032 8

T RN A TIRAEA

M 3 7] LLE ) MDDM 359 75 3048 4 birds
F1 scene I+, VA RL A PFM 5 bR, Br 2 8L #9532
ORI T A A L Y, i PMEFS 83k 76 B0 4

emotion [ RIMERIFMT ., FHAEIESE I, &
T4 H B9 TRANS-OVK 553 B 58 48 T Hofth 4 4
X
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Table 3 Comparison between TRANS-OVK algorithm and four comparison algorithms on RL(])
VIS MDDM ML-KNN RMFRS PMFS TRANS-OVK
birds 0.1152+0.0079 0.186 1+0.003 8 0.1363+0.024 1 0.1217+0.0206 0.1153+0.0136
business 0.0427+0.002 9 0.048 7+0.000 3 0.041 8+0.003 0 0.0410+0.0024 0.0401+0.0013
cal500 0.1853+0.001 6 0.1813+0.0007 0.1860+0.001 8 0.1819+0.001 8 0.1810+0.001 4
emotion 0.2276+0.0184 0.4265+0.017 1 0.2229+0.064 0 0.2031+0.020 5 0.2173+0.0395
genbase 0.0617+0.037 1 0.058 0+0.033 7 0.1547+0.0187 0.008 3+0.006 8 0.007 80.004 4
image 0.2609+0.044 5 0.4622+0.009 6 0.301 6+0.056 0 0.268 1+0.0592 0.254 6:0.043 6
reuters 0.1155+0.0278 0.279 1+0.002 7 0.1238+0.0327 0.1059+0.026 1 0.1123+0.0239
scene 0.1399+0.067 4 0.6529+0.073 4 0.2856+0.1457 0.1542+0.0792 0.156 5+0.069 7
yeast 0.18040.009 5 0.2042:0.0010 0.1876+0.0119 0.1808+0.0084 0.1734+0.0114

e LR A TR A4
M 4 0] LLE H MDDM Bk 5 £ 7F birds R0 o 7 HAREE S I, AR ST iR TRANS-
fil scene |, UL CV iFMHEFR, I MBUR & OVK Bk B0t T HAL 4 MxF b8k

x4 EEMIER CV() T TRANS-OVK BiE 5 4 Mt BRI SRS RELE
Table 4 Comparison between TRANS-OVK algorithm and four comparison algorithms on CV(])

B MDDM ML-KNN RMFRS PMFS TRANS-OVK
birds 3.3770+0.1749 4.8792+0.079 8 3.8138+0.5010 3.5624+0.4262 3.5121£0.2160
business 2.3547+0.1105 2.5912+0.0134 2.3374+0.1073 2.3152+0.0869 2.249 1+0.050 2
cal500 132.1324+0.7145 128.9072+0.8342 132.4331£0.9138 127.594 6+0.8853 126.6102+0.9114
emotion 2.1899+0.093 6 3.2241+0.0920 2.1488+0.3141 2.0410+0.1136 2.0311£0.2382
genbase 2.3537+1.1237 1.943 5+0.9042 4.9291+0.5734 0.6510+0.1924 0.6383+0.2169
image 1.2885+0.1689 2.097 8+0.0394 1.4456+0.216 8 1.3359+0.224 8 1.2396+0.2005
reuters 0.8684+0.1638 1.8229+0.0168 0.9197+0.1958 0.8145+0.1564 0.8982+0.2319
scene 0.7333+0.3369 3.3339+0.3667 1.4602+0.728 1 0.8667+0.3958 0.8164+0.296 5
yeast 6.4695+0.143 3 6.7680+0.0313 6.5256+0.1443 6.5807+0.1168 6.2864+0.1498

TE: ISR A T iR L4

M# 5 AT LU H TRANS-OVK BIEFERESE  4E cal500 il yeast [, TRANS-OVK B %A
birds. business, genbase. image . reuters, scene |, PMFS &4 6]}, fEEE4E emotion |-, TRANS-
LI OE NP FE AR 20 T HAB A /Y . /e %l OVK H A I RMFRS 395
£S5 TEWMIEIR OE() T TRANS-OVK B 54 ML AN LW ERILE
Table 5 Comparison between TRANS-OVK algorithm and four comparison algorithms on OE(])

PGS MDDM ML-KNN RMFRS PMFS TRANS-OVK
birds 0.3688+0.0419 0.569 8+£0.006 1 0.3893+0.0409 0.3629+0.046 8 0.3397+0.0323
business 0.1265+0.007 1 0.133 6+0.0003 0.124 6+0.006 0 0.124 5+0.0052 0.1213+0.0045
cal500 0.1289+0.005 1 0.096 5+£0.004.0 0.128 6:0.005 2 0.090 0£0.0067 0.093 5+0.004 9
emotion 0.3445+0.029 1 0.549 5+0.0279 0.3391+0.0684 0.3739+0.0217 0.3434+0.0323
genbase 0.3358+0.2089 0.3446+0.2023 0.7122+0.069 8 0.0139+0.0433 0.0155+0.056 4
image 0.4705+0.0649 0.7153+0.0170 0.5285+0.0817 0.4701+0.0820 0.4605+0.079 9
reuters 0.2627+0.068 7 0.6224+0.003 0 0.2783+0.061 1 0.2329+0.0533 0.2279+0.059 0
scene 0.4376+0.112 1 0.9123+0.0420 0.6334+0.1914 0.4285+0.1260 0.4193+0.1203
yeast 0.2345+0.0152 0.2443+0.001 6 0.2482+0.0112 0.2340+0.0079 0.2345+0.0115

TE: ISR A T B L4



2 TEAREE, 25 ZhRic s ks iy nl A 658 T #

*373 -

M 6 1] LI H ML-KNN 27: 7554 cal500
PSR T HALE S . EEE S image I, PMFS
B e TRANS-OVK 55 A HAth 3 A% He 3 4%

R TEBHE S yeast [, MDDM Hik 45 L i
o FEH AR I, RSO H TRANS-OVK
(= JE TR = 1 ARG I = I

6 FEIFMIESR HL() T TRANS-OVK B 54 ML EEMN TR ERILR
Table 6 Comparison between TRANS-OVK algorithm and four comparison algorithms on HL(|)

EEIIE S MDDM ML-KNN RMFRS PMFS TRANS-OVK
birds 0.0608+0.003 3 0.0782+0.0020 0.058 5+0.0024 0.0602:0.005 4 0.05730.002 1
business 0.0277+0.000 8 0.028 4+0.0000 0.027 5+0.000 7 0.0275+0.000 5 0.0272+0.000 0
cal500 0.1371+0.0009 0.1299:0.000 8 0.1376+0.0012 0.1312:+0.001 1 0.13110.0012
emotion 0.2417+0.0128 0.3253+0.0078 0.2422+0.0294 0.2384+0.0144 0.2338+0.0207
genbase 0.0286+0.0158 0.0292+0.0155 0.0470+0.004 1 0.0062+0.002 5 0.004 6:0.004 1
image 0.2201+0.0172 0.2467+0.000 7 0.2278+0.0140 0.2102+0.0188 0.2121+0.0192
reuters 0.0852+0.0197 0.1665+0.001 0.090 1+0.0132 0.0768+0.0119 0.0721+0.0109
scene 0.1493+0.0207 0.1915+0.0198 0.1695+0.0242 0.1476+0.0218 0.1434+0.0216
yeast 0.2012+0.0097 0.229 1+0.000 8 0.2086+0.0110 0.204 5+0.0072 0.2039+0.001 6
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