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Multi-label Specific Features Learning Algorithm Based on Label Correlation

LI Hua', WANG Zhijie
(Department of Mathematics and Physics, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract: Bilabel-specific features for multi-label classification algorithm (BILAS) is a representative multi-label learning algorithm.
However, it only considers samples with different values for the label pair, and ignores samples with the same value, so that the gen-
erated label-specific features could not comprehensively and accurately characterize the label information. To weaken this shortcom-
ing, based on the second-order correlation of labels, label-specific features are generated for all types of samples of the label pair,
and a multi-label specific features learning algorithm based on label correlation is proposed. Firstly, the distance-based prototype
learning method is used to select prototypes of all label pairs, and then the corresponding label-specific features are generated; fur-
thermore, using the idea of label powerset, a multi-label classifier is constructed. Experimental results on five publicly available test
datasets from MULAN (a Java library for multi-label learning) show that the proposed algorithm, compared to BILAS and multila-
bel classification algorithm via calibrated label ranking (CLR), ranks first in terms of the comprehensive average ranking on the five
multi-label evaluation metrics. Furthermore, it achieves improvements of 20.4 % and 37.1 % compared to BILAS and CLR, respec-
tively, demonstrating the effectiveness of the proposed algorithm.
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Table 1 Brief description of multi-label datasets
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Table 2 Average Precision results of different algorithms on 5 datasets (mean =+ std)
Average Precision 4
PONEACRES ; ; R kil
scene music flags yeast recreation
LSF_LC 0.819 240.000 1 0.742 3+0.000 7 0.566 7+0.018 7 0.464 5+0.0001  0.273 3+0.000 0 1.2
BILAS 0.693 9+0.001 8 0.538 3+0.002 4 0.550 7+0.001 4 0.6443+0.0009  0.224 240.000 1 1.8
CLR 0.430 8=£0.005 2 0.535 540.009 2 0.479 8+0.009 9 0.413140.0023  0.180 0+0.002 3 3.0
R3 BHEESAMIELE Loy Coverage &R (T3t £)
Table 3 Coverage results of different algorithms on 5 datasets (mean =+ std)
Coverage v
X B A : FEHEA
scene music flags yeast recreation
LSF _LC 0.105 4=0.000 0 0.346 5+0.001 1 0.779 1+0.001 3 0.7247+0.0001  0.472 1£0.000 0 1.0
BILAS 0.2333£0.001 1 0.610 9+0.002 5 0.794 4-£0.000 6 0.7304+0.0028  0.650 8+0.000 6 2.4
CLR 0.414 0+0.006 6 0.540 740.010 9 0.808 7£0.007 8 0.774140.0022  0.643 140.003 8 2.6
T4 B RS ANHAELE L6 Hamming Loss 45 R (F 39 1i+0 £ )
Table 4 Hamming Loss results of different algorithms on 5 datasets (mean + std)
Hamming Loss ¥
PO a=R7S ‘ : XS
scene music flags yeast recreation
LSF _LC 0.222 840.000 0 0.243 6+-0.000 4 0.562 740.001 5 0.464 940.0002  0.399 740.000 2 2.6
BILAS 0.163 20.000 2 0.328 6:£0.001 3 0.532 1£0.002 1 0.250 5+0.0003  0.0654=+0.000 0 1.4
CLR 0.221 3+0.002 6 0.699 1+0.0150 0.4852+0.011 2 0.303540.0029  0.318 540.035 6 2.0
RS Bk S AHIEE 69 macro-averaging AUC 45 R (-F ¥ {i+0r £)
Table 5 Macro-averaging AUC results of different algorithms on 5 datasets (mean =+ std)
macro—averaging AUC 4
XA : : FEES
scene music flags yeast recreation
LSF _LC 0.888 44-0.000 0 0.780 940.000 7 0.545 61-0.004 2 0.650 74+0.0003  0.706 2+0.000 1 1.0
BILAS 0.779 4=£0.001 0 0.523 7£0.001 2 0.495 0=£0.003 0 0.5113£0.0012  0.453440.001 0 2.0
CLR 0.520 6£0.007 7 0.506 9£0.010 9 0.299 7£0.010 9 0.472940.0037  0.403 6+0.002 7 3.0
FT6 B kA S AHIEE L6 Ranking Loss 45 R (F ¥ {i+5 £ )
Table 6 Ranking Loss results of different algorithms on 5 datasets (mean + std)
S . Ranking Loss ¥ ' TS,
scene music flags yeast recreation
LSF _LC 0.147 9+0.000 0 0.271 6+0.000 9 0.692 8=£0.004 2 0.55134+0.0001  0.455 340.000 0 2.0
BILAS 0.258 1£0.001 6 0.527 84+0.004 8 0.621 8=£0.003 2 0.361 64+0.0018  0.604 540.000 6 2.2
CLR 0.520 6£0.007 7 0.506 9£0.014 1 0.304 6+0.012 4 0.472940.0039  0.403 6+0.002 7 1.8
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Table 7 Friedman statistics I on 5 evaluation measures

PRI Fr I S (e = 0.05)
Average Precision 7.1111
Coverage 12.666 7
Hamming Loss —0.491 2 2.239
macro-averaging AUC Inf(eo)
Ranking Loss 0.166 7
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