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[Abstract]

In this paper, we propose a feature selection technique for multi-label classification. Many existing
feature selection techniques have selected features by calculating the relation between features and labels
such as a mutual information scale. However, since the mutual information measure requires a joint
probability, it is difficult to calculate the joint probability from an actual premise feature set. Therefore,
it has the disadvantage that only a few features can be calculated and only local optimization is
possible. Away from this regional optimization problem, we propose a feature selection technique that
constructs a low-rank space in the entire given feature space and selects features with sparsity. To this
end, we designed a regression-based objective function using Nuclear norm, and proposed an algorithm
of gradient descent method to solve the optimization problem of this objective function. Based on the
results of multi-label classification experiments on four data and three multi-label classification
performance, the proposed methodology showed better performance than the existing feature selection
technique. In addition, it was showed by experimental results that the performance change is insensitive

even to the parameter value change of the proposed objective function.

» Key words: Multi-label learning, feature selection, low-rank approximation, sparsity,
optimization method
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I. Introduction
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II. Related Works
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Fig. 1. Category of multi-label feature selection method

III. The Proposed Method

1. Objective function
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Algorithm 1. Low-rank and sparsity based multi-label
feature selection

1: Input: Input data X €& ]R"Xd, Label data
YE ]Ran’ a, 5
5. [Initialization: t=0, W& R4 ¢ m(Maximum

iteration)
while £ < m do

U,V,2. - from SVD of W
5: We W—n 0J

from Equation (8)

ow
6: t— t+1
7:  end while
Output: Selected features corresponding to the

8: largest values of ||w,||2 which are sorted by
descending order

IV. Experimental Results
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Table 2. Experimental result of MLKNN on Emotions
data set

Algh Y82 Table 10f 7|45t
Table 1. Information about data sets
Data # Pattern # Feature # Label
Emotions 593 72 19
Birds 645 260 6
Scene 2407 294 6
Yeast 2417 103 14
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Rlossof| A= A9tsh= H}mol Vg E2 45 BRou
Hloss, MlAcco]A+= MDMRo] 713 £& Jg; S HY

Table 4= Birds tjo]g|, MLNB &&7

Zr}. Hloss, MIAccoA& A|Qtals vl ] g E2
L9 WA, RlossoAl= MLCFS7t 71 £2 AL8 |
T} Birds HlojE= 2 EAJo] ojit EAo g ATiA

o7 ASAPANLTE o]&sk= MDMRo|UY MLCFS7t £
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Hloss Rloss MIAcc
AMI 0.2171 0.2554 0.5178
MDMR 0.2172 0.2517 0.5131
MLCFS 0.2059 0.2438 0.5407
PPT+RF 0.2100 0.2471 0.5256
QPFS 0.2021 0.2406 0.5494
Proposed 0.1918t 0.2179t 0.56451
Table 3. Experimental result of MLNB on Emotions
data set
Hloss Rloss MIAcc
AMI 0.2654 0.1859 0.4894
MDMR 0.2602 0.1851 0.4893
MLCFS 0.2401 0.1757 0.5042
PPT+RF 0.2408 0.1888 0.4986
QPFS 0.2514 0.1840 0.4976
Proposed 0.2100 0.1583t 0.5417t
Table 4. Experimental result of MLKNN on Birds
data set
Hloss Rloss MIAcc
AMI 0.0481 0.2150 0.1801
MDMR 0.0468 0.2142 0.1802
MLCFS 0.0560 0.2270 0.1178
PPT+RF 0.0531 0.2452 0.1278
QPFS 0.0540 0.2393 0.1320
Proposed 0.0486 0.1868 0.1768
Table 5. Experimental result of MLNB on Birds
data set
Hloss Rloss MIAcc
AMI 0.2409 0.1063 0.1017
MDMR 0.2302 0.1005 0.1062
MLCFS 0.0622 0.0853 0.1355
PPT+RF 0.2108 0.1354 0.0946
QPFS 0.1085 0.0858 0.1451
Proposed 0.05741t 0.0930 0.15891
Table 6. Experimental result of MLKNN on Scene
data set
Hloss Rloss MIAcc
AMI 0.1448 0.2320 0.4867
MDMR 0.1271 0.2016 0.5610
MLCFS 0.1056 0.1674 0.6231
PPT+RF 0.1314 0.2266 0.5272
QPFS 0.1144 0.1824 0.5976
Proposed 0.0981 0.1493t 0.65101
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Table 7. Experimental result of MLNB on Scene

data set
Hloss Rloss MIAcc
AMI 0.2562 0.1651 0.4010
MDMR 0.2327 0.1244 0.4331
MLCFS 0.1764 0.0945 0.5285
PPT+RF 0.1985 0.1412 0.4694
QPFS 0.2171 0.1103 0.4580
Proposed 0.1510 0.0900t 0.5680t

Table 8. Experimental

result of MLKNN on Yeast

data set
Hloss Rloss MIAcc
AMI 0.2121 0.2461 0.4924
MDMR 0.2106 0.2442 0.4956
MLCFS 0.2231 0.2722 0.4651
PPT+RF 0.2101 0.2518 0.4994
QPFS 0.2092 0.2427 0.5002
Proposed 0.2010 0.2310t 0.52141t

Table 9. Experimental result of MLNB on Yeast

data set
Hloss Rloss MIAcc
AMI 0.2762 0.2491 0.4165
MDMR 0.2746 0.2483 0.4180
MLCFS 0.2194 0.1980 0.4301
PPT+RF 0.2357 0.2082 0.4397
QPFS 0.2473 0.2245 0.4420
Proposed 0.2126 0.1905t 0.45091
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Yeast data set

Multi-label accuracy

Fig. 5. Comparison of results according to
changes in « and (3 on Yeast data set

V. Conclusions
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