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Abstract: The label-specific features learning avoids the same features prediction for all class labels, it is a kind
of framework for extracting the specific features of each label for classification, so it is widely used in multi-
label learning. For the problems of large label dimension and unbalanced label distribution density, the existing
multi-label learning algorithm based on label-specific features has larger time consumption and lower
classification accuracy. In order to improve the performance of classification, a Group-Label-Specific Features
Learning method based on Label-Density Classification Margin (GLSFL-LDCM) is proposed. Firstly, the cosine
similarity is used to construct the label correlation matrix, and the class labels are grouped by spectral
clustering to extract the label-specific features of each label group to reduce the time consumption for
calculating the label-specific features of all class labels. Then, the density of each label is calculated to update
the label space matrix, the label-density information is added to the original label space. The classification
margin between the positive and negative labels is expanded, thus the imbalance label distribution density
problem is effectively solved by the method of label-density classification margin. Finally, the final classification
model is obtained by inputting the group-label-specific features and the label-density matrix into the extreme
learning machine. The comparison experiment results verify fully the feasibility and stability of the proposed

algorithm.
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Training: training data set D

1) FR). QI EALAE, D AR ELO

(

(2) HA @)W REKIRE T G=[G),Gy, -, Gy

(3) H(5). (6) MK mm IR IERE S

(4) (7). RS THAFCAN, HIEFR IR R YD
(5) For k=1, 2, -, Kdo
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Prediction: testing data set D"
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= 3 SIFCHEmR

g AR R Peds ARicEEE MUK

Emotions" 593 72 6 1.869 MUSIC
Genbase! 662 1186 27 1.252  BIOLOGY
Medical? 978 1449 45 1.245 TEXT

Enron®) 1702 1001 53 4.275 TEXT
Image? 2000 294 5 1.236 IMAGE
Scene!) 2407 294 6 1.074 IMAGE
Yeast! 2417 103 14 4.237  BIOLOGY
Slashdot® 3782 1079 22 0.901 TEXT

P RIF e XS R HE K E, ML-kKNNIT <P
k=10, P &#s=1; LIFT, FRS-LIFTFIFRS-SS-
LIFTHREHRLE[0.1:0.1: 1) 6], FALLRr&HN
0.2; B TLLSF-DLA S EIEEM S EMH ZE R
K, WIS L BIE RN SHL TR0E, Kig
S BB S 3R F 53T 28 B uE iU i 2 8, Ho
S8, PRINIITEEI{47°, 47, - 41 4%}, pHt{0.1, 1,
10} AXEES R LB K=[1:1:10] 4],
e=0.01, a=1, pi{0.1, 1, 10}, T K FCH
RBFEZZH AL {1, 10, 100}.
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Yhttp://cse.seu.edu.cn/PersonalPage/zhangml/files/Im-
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Yhttp://waikato.github.io/meka/datasets
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* 4 WEEEIEER
ML-kNN LIFT FRS-LIFT FRS-SS-LIFT LLSF-DL GLSFL-LDCM
Kb HL
Emotions 0.1998+0.0167@ 0.18544-0.0260 @ 0.17984-0.0290 @ 0.1809+0.0310@ 0.2035+0.0082@ 0.17824-0.0154
Genbase 0.00434-0.0017@ 0.001140.0016 @ 0.00154-0.0009@ 0.001740.0011 @ 0.00084-0.0014 @ 0.00064-0.0005
Medical 0.015840.0015@ 0.011540.0013@ 0.008740.00140 0.0089+0.0013 0.009240.0004 0.0089+0.0021
Enron 0.04824-0.0043 @ 0.036540.00340 0.034140.00320 0.037240.00340 0.036940.00340 0.0468+0.0021
Image 0.170140.0141@ 0.1567+0.0136 @ 0.1479+0.0103 @ 0.1468+-0.0097@ 0.1828+0.0152@ 0.13974-0.0133
Scene 0.0852-+0.0060 @ 0.07724-0.0047@ 0.07404-0.0052@ 0.07514-0.0057 @ 0.10084-0.0059@ 0.06824-0.0084
Yeast 0.1934+0.0116 @ 0.1919+0.0083 @ 0.1875+0.0114@ 0.1869+0.0111@ 0.2019+0.0060 @ 0.18554-0.0079
Slashdot 0.02214-0.0010@ 0.01594-0.00090 0.01594-0.00110 0.01604-0.00110 0.01584-0.00120 0.0196+0.0010
win/tie/loss 8/0/0 6/0/2 5/0/3 5/1/2 5/1/2 -
ML-kNN LIFT FRS-LIFT FRS-SS-LIFT LLSF-DL GLSFL-LDCM
K e
OE {
Emotions 0.2798+0.0441@ 0.2291+0.0645@ 0.21554-0.0608 0.2223+0.0651 @ 0.25834-0.0201 @ 0.215740.0507
Genbase 0.01214-0.0139@ 0.0015+0.0047 0.0015+0.0047 0.00304-0.0094 @ 0.00004-0.00000 0.0015+0.0048
Medical 0.25464-0.0262@ 0.15354-0.0258 @ 0.11244-0.02790 0.118640.02310 0.128540.0271@ 0.1226+0.0383
Enron 0.51584-0.0417@ 0.427940.0456 @ 0.30844-0.0444@ 0.32564+0.0437@ 0.270440.0321 @ 0.22214-0.0227
Image 0.319540.0332@ 0.26804+0.0256 @ 0.25554-0.0334@ 0.249040.0226 @ 0.31804-0.0326 @ 0.23654-0.0224
Scene 0.21854+0.0313@ 0.192440.0136 @ 0.18414+0.0156 @ 0.1836+0.0195@ 0.2323+0.0267@ 0.15624-0.0316
Yeast 0.2251+0.0284@ 0.217740.0255@ 0.214740.0171@ 0.20854-0.0156 @ 0.226740.0239@ 0.20724-0.0250
Slashdot 0.0946+0.0143@ 0.0898+0.0134@ 0.08584-0.01620 0.0864+0.01380 0.0887+0.0123@ 0.0874+0.0107
win/tie/loss 8/0/0 7/1/0 4/2/2 6/0/2 7/0/1 -
ML-kNN LIFT FRS-LIFT FRS-SS-LIFT LLSF-DL GLSFL-LDCM
EVEIE S
RL
Emotions 0.1629+0.0177@ 0.142140.02441@ 0.14014-0.0299@ 0.1406-+0.0280@ 0.1819+0.0166 @ 0.13754-0.0226
Genbase 0.0062-+0.0082@ 0.0034+0.0065 @ 0.00434-0.0071 @ 0.00514-0.0077@ 0.007140.0031 @ 0.00174-0.0025
Medical 0.039740.0093 @ 0.02624-0.0072@ 0.02484-0.0108@ 0.02364-0.0074@ 0.02184-0.0080 @ 0.01484-0.0096
Enron 0.163840.0222@ 0.13524-0.0190 @ 0.09534+-0.0107@ 0.10464-0.0099@ 0.092740.0069@ 0.07354-0.0084
Image 0.17654+0.0202@ 0.14254-0.0169@ 0.13784+0.0149@ 0.132340.0171@ 0.16954-0.0162@ 0.12944-0.0127
Scene 0.07604+0.0100@ 0.0604+0.0047@ 0.06014+0.0061@ 0.05924-0.0072@ 0.080340.0133@ 0.05154-0.0093
Yeast 0.1666+0.0149@ 0.1648+0.0121@ 0.1588+-0.0150@ 0.1560+0.0133@ 0.17164+0.0145@ 0.15514-0.0100
Slashdot 0.0497+0.0072@ 0.04184-0.0062@ 0.02894-0.0038 @ 0.0311+0.0038@ 0.0307+0.0058 @ 0.01264-0.0018
win/tie/loss 8/0/0 8/0/0 8/0/0 8/0/0 8/0/0 -
ML-kNN LIFT FRS-LIFT FRS-SS-LIFT LLSF-DL GLSFL-LDCM
APt
Emotions 0.7980+0.0254@ 0.8236+0.0334@ 0.8280+0.0411@ 0.8268+0.0400@ 0.750440.0120@ 0.83164-0.0265
Genbase 0.9873+0.0121@ 0.99584-0.0078 @ 0.99444-0.0078 @ 0.9935-+0.0085 @ 0.9928+0.0024@ 0.99624-0.0057
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