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Multi-label Learning of Kernel Extreme Learning
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Abstract. At present, many researchers usually directly add the label confidence matrix as a priori knowledge to the
classification model,,and do not consider the influence of non-equilibrium prior knowledge on the quality of the label set.
Based on this,the method of non-equilibrium parameters is introduced, and the basis confidence matrix obtained from the
prior knowledge is non-equilibrium. Therefore ,a multi-label learning algorithm is proposed, which uses kernel extreme learn-
ing machine with non-equilibrium label completion ( KELM-NeLC). Firstly, information entropy is used to measure the cor-
relation between labels which gets the basic label confidence matrix. Secondly, the basic label confidence matrix is improved
to construct non-equilibrium label completion matrix by the non-equilibrium parameter. Finally,in order to learn to obtain a
more accurate label confidence matrix, the non-equilibrium label completion matrix is introduced with the kernel extreme
learning machine to solve the multi-label classification problem. The experimental results of the proposed algorithm in the o-
pening benchmark multi-label datasets show that the KELM-NeLC algorithm has some advantages over other comparative
multi-label learning algorithms and the statistical hypothesis test further illustrates the effectiveness of the proposed algo-
rithm.
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eI Exs MalsE bR %L JE 1% - BB bR ST 4
Emotions 391 202 6 72 1. 868 0.311 Music
Natural Scene 1000 1000 5 294 1.236 0.247 Images
Arts 2000 3000 26 462 1. 636 0.063 Text
Business 2000 3000 30 438 1.588 0.053 Text
Computers 2000 3000 33 681 1. 508 0. 046 Text
Education 2000 3000 33 550 1. 461 0. 044 Text
Entertainment 2000 3000 21 640 1.420 0. 068 Text
Health 2000 3000 32 612 1. 663 0.052 Text
Recreation 2000 3000 22 606 1.423 0. 065 Text
Reference 2000 3000 33 793 1. 169 0.035 Text
Science 2000 3000 40 743 1.451 0.036 Text
Social 2000 3000 39 1047 1.283 0.033 Text
Society 2000 3000 26 462 1. 692 0.063 Text
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KELM-NeLC 0.7026 +0. 0859 3. 5388 +1. 0891 0. 0378 +0. 0130 0. 3656 +0. 1127 0. 0809 +0. 0330
RELM 0. 6904 +0. 0889 4.4938 +1.3178 0.0387 0. 0130 0.3768 +0. 1150 0. 1023 +0. 0366
ML-KNN 0. 6248 +0. 1166 4.0975 +1.2372 0.0432 0. 0144 0.4714 0. 1574 0.1024 +0. 0453
LIFT 0.6917 0. 0910 3.6260 1. 1644 0.0385 +0.0128 0.3809 +0. 1192 0.0841 +0. 0340
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KELM-NeLC 0. 8008 0 1. 8465 £0 0.2079 =0 0.2772 0 0.1599 =0
RELM 0.7640 +0. 0162 2.0965 +0. 0733 0.2381 +0. 0069 0. 3287 +0. 0308 0.2020 +0. 0143
ML-KNN 0. 7808 =0 1.9158 =0 0.2137 0 0.3317 =0 0.1729 =0
LIFT 0.7430 0. 0075 2. 1881 +0.0329 0.2404 +0. 0079 0.3639 +0. 0170 0.2292 +0. 0082
RankSVM 0.7503 +0 2.2426 =0 0.2946 =0 0.3168 =0 0.2244 +0
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ML-KNN 0.7615 0 1. 0680 =0 0. 1836 =0 0.3670 =0 0.1982 +0
LIFT 0. 8071 +0. 0037 0. 8927 +0. 0143 0. 1654 +0. 0017 0. 3002 +0. 0059 0. 1551 0. 0031
RankSVM 0.7689 =0 1. 0550 +0 0. 1854 =0 0.3500 =0 0. 1965 =0
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RELM-NeLC 0. 8687 +0. 0023 2.4053 +0. 0362 0. 0275 £0. 0002 0.1277 0. 0031 0. 0409 +0. 0009
RELM 0. 8674 +0. 0013 2. 8599 +0. 0798 0. 0278 +0. 0002 0.1316 0. 0015 0. 0505 +0. 0019
KNN-NeLC 0.8719 0 2.3957 £0 0. 0300 0 0.1233 +0 0. 0408 =0
KNN 0. 8627 £0 3.9267 £0 0.0297 £0 0.1187 0 0. 1005 0
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RELM-NeLC 0.7672 0. 0136 2.0129 £0. 0917 0.2407 0. 0137 0.3351 £0.0175 0.1926 0. 0156
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