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Abstract: Weak label learning is an important sub-branch of multi-label learning which has been widely studied and applied in
replenishing missing labels of partially labeled instances or classifying new instances. However, existing weak label learning methods are
generally vulnerable to noisy and redundant features in high-dimensional data where multiple labels and missing labels are more likely
present. To accurately classify high-dimensional multi-label instances, in this paper, an ensemble weak label classification method is
proposed by maximizing dependency between labels and features (EnWL for short). EnWL first repeatedly utilizes affinity propagation
clustering in the feature space of high-dimensional data to find cluster centers. Next, it uses the obtained cluster centers to construct
representative feature subsets and to reduce the impact of noisy and redundant features. Then, EnWL trains a semi-supervised multi-label
classifier by maximizing the dependency between labels and features on each feature subset. Finally, it combines these base classifiers
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into an ensemble classifier via majority vote. Experimental results on several high-dimensional datasets show that EnWL significantly

outperforms other related methods across various evaluation metrics.

Key words: weak label learning; high-dimensional data; feature subset; dependency maximization; ensemble classification
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CoverageJ

138.4374+0.466 218.707+2.983 151.389+0.618 192.442+1.651 149.152+0.304 158.493+4.008
138.491+0.205 214.558+2.576 152.281+0.790 193.025+1.663 150.904+0.497 157.947+1.662

156.111+0.312
157.241+0.572
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3.3
, 30% , 40%
) m , ,m=3 3
() m, , 1
, 10 , m
10 2~ 7 ESPGame,Reference,Eurlex,Arts,Core15k IAPRTC-12
( = ) 4 ,
(95% ) \
,EnWL 6
90 ,EnWL MLR-GL ProDM.EnWL 90
MLML,MMIB  Tram 73,13 : ,EnWL
Table 2 Experimental results of EnWL and compared methods on ESPGame
2 ESPGame EnWL
Metric m EnWL MLR-GL ProDM MLML MMIB Tram Lift
1 0.970+0.000  0.948+0.000  0.957+0.001  0.952+0.000  0.951+0.000  0.951+0.000  0.958+0.000
1-HammLoss 2 0.969+0.000  0.949+0.000  0.956+0.001  0.952+0.000  0.948+0.000  0.951+0.000  0.959+0.000
3 0.969+0.000  0.949+0.001  0.953+0.001  0.951+0.000  0.940+0.000  0.951+0.000  0.958+0.000
1 0.77240.001  0.684+0.016  0.769+0.002  0.643+0.024  0.768+0.003  0.675+0.049  0.768+0.000
1-RankLoss 2 0.7714#0.001  0.679+0.015  0.765+0.003  0.640+0.018  0.767+0.002  0.701+0.017  0.768+0.001
3 0.770£0.001  0.671+0.020  0.757+0.003  0.638+0.005  0.770+0.001  0.661+0.059  0.767+0.000
1 0.188+0.000  0.104+0.001  0.183+0.012  0.131+0.008  0.112+0.006  0.117+0.008  0.207+0.000
AvgPrec 2 0.169+0.010  0.1044+0.003  0.163+0.015  0.132+0.006  0.121+0.005  0.116+0.005  0.210+0.000
3 0.147+0.010  0.105+0.008  0.132+0.011  0.10440.004  0.127+0.004  0.120+0.009  0.2084+0.001
1 0.777+0.001  0.705+0.016  0.774+0.002  0.725+0.014  0.773+0.003  0.729+0.019  0.773+0.000
AUC 2 0.776+0.001  0.700+0.015  0.769+0.003  0.723+0.009  0.772+0.002  0.738+0.006  0.772+0.001
3  0.773£0.001  0.690+0.019  0.762+0.003  0.7184+0.002  0.772+0.001  0.722+0.024  0.771+0.000
1
2
3

139.2961+0.474 217.138+3.207 154.696+1.094 202.554+1.336 150.037+0.436 162.974+4.376

156.196+0.161

Table 3  Experimental results of EnWL and compared methods on Reference

3 Reference EnWL

Metric m EnWL MLR-GL ProDM MLML MMIB Tram Lift
1 0.8954+0.015 0.829+0.004 0.862+0.001 0.875+0.006 0.869+0.000 0.879+0.004 0.889+0.001
1-HammLoss 2  0.8874+0.002 0.818+0.005 0.863+0.001 0.876+0.000 0.870+0.001  0.881+0.006  0.884+0.001
3 0.885+0.001 0.825+0.005 0.863+0.000 0.871+0.005 0.869+0.000 0.868+0.005 0.856+0.001
1 0.78440.008 0.753+0.008 0.775+0.004 0.732+0.045 0.779+0.001 0.762+0.025 0.768+0.004
1-RankLoss 2 0.7864+0.001 0.748+0.037 0.768+0.004  0.728+0.003 0.785+0.002 0.760+0.042  0.762+0.002
3 0.78440.002 0.736+0.046 0.777+0.002 0.721+0.032 0.780+0.002 0.750+0.031  0.761+0.003
1 0.641+0.066 0.506+0.043 0.562+0.004 0.328+0.014 0.574+0.003 0.378+0.010  0.407+0.005
AvgPrec 2 0.64040.006 0.366+0.063 0.561+0.005 0.350+0.011 0.581+0.004  0.349+0.010  0.392+0.004
3 0.63940.005 0.426+0.067 0.563+0.001 0.328+0.012 0.574+0.001 0.343+0.004  0.348+0.003
1 0.823+0.027 0.769+0.005 0.780+0.003 0.764+0.012 0.792+0.001 0.811+0.004 0.818+0.004
AUC 2 0.815+0.041 0.773+0.034 0.779+0.003 0.785+0.002  0.797+0.003  0.804+0.010  0.809+0.003
3 0.81440.029 0.726+0.043 0.781+0.002 0.778+0.010 0.792+0.002 0.782+0.006  0.791+0.003
1 3.019+40.141 4.415+0.115 3.737+0.048 6.172+0.587 3.496+0.008 4.373+0.171  3.810+0.070
Coveragei 2 3.51240.174 5.094+0.576 3.854+0.060 5.178+0.061 3.432+0.145 4.966+0.467 4.348+0.036
3 3.56740.162 5.190+0.736 3.700+0.038 5.740+0.423 3.50440.142 5.376+0.301 4.348+0.061
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Table 4 Experimental results of EnWL and compared methods on Eurlex

4

Eurlex

EnWL

Metric

EnWL

MLR-GL

ProDM

MLML

MMIB

Tram

Lift

1-HammLoss

0.978+0.002
0.977+0.000
0.974+0.001

0.963+0.000
0.963+0.000
0.963+0.001

0.969+0.000
0.968+0.001
0.966+0.002

0.978+0.000
0.979+0.002
0.975+0.001

0.899+0.001
0.890+0.003
0.888+0.002

0.979+0.002
0.977£0.001
0.975+0.001

0.971+0.001
0.973+0.001
0.970+0.003

1-RankLoss

0.934+0.001
0.934+0.001
0.931+0.001

0.778+0.002
0.789+0.002
0.792+0.002

0.843+0.002
0.824+0.001
0.804+0.007

0.922+0.001
0.923+0.000
0.919+0.001

0.786+0.006
0.773+0.006
0.765+0.002

0.877+0.053
0.876+0.001
0.873+0.000

0.875+0.001
0.869+0.006
0.867+0.002

AvgPrec

0.594+0.056
0.591+0.002
0.585+0.000

0.144+0.006
0.148+0.002
0.152+0.007

0.322+0.002
0.271+0.002
0.242+0.003

0.569+0.006
0.583+0.000
0.569+0.003

0.209+0.002
0.145+0.004
0.139+0.012

0.574+0.012
0.569+0.009
0.564+0.003

0.457+0.002
0.455+0.036
0.450+0.079

AUC

0.931+0.003
0.924+0.007
0.923+0.006

0.792+0.001
0.797+0.001
0.797+0.003

0.862+0.002
0.835+0.002
0.813+0.006

0.931+0.001
0.925+0.000
0.928+0.001

0.811+0.003
0.799+0.005
0.792+0.003

0.927+0.019
0.917+0.001
0.904+0.000

0.876+0.000
0.862+0.005
0.862+0.001

Coveragel

15.774+0.461
17.619+0.882
18.124+0.756

40.755+0.285
39.350+0.206
39.341+0.200

30.117+0.318
34.486+0.293
38.622+1.095

14.91340.126
15.466+0.141
16.310+0.024

39.183+0.734
41.017+0.899
42.289+0.090

20.924+0.325
21.918+0.130
22.114+0.066

26.784+0.206
28.807+0.893
29.237+0.001

Table 5 Experimental results of EnWL and compared methods on Arts

5

Arts

EnWL

Metric

EnWL

MLR-GL

ProDM

MLML

MMIB

Tram

Lift

1-HammLoss

0.886+0.007
0.886+0.012
0.884+0.016

0.859+0.001
0.859+0.000
0.859+0.000

0.853+0.007
0.846+0.006
0.847+0.003

0.851+0.001
0.849+0.003
0.848+0.002

0.862+0.002
0.861+0.002
0.859+0.004

0.869+0.009
0.870+0.006
0.868+0.004

0.872+0.000
0.870+0.002
0.870+0.001

1-RankLoss

0.822+0.032
0.818+0.018
0.811+0.006

0.770+0.002
0.770+0.001
0.768+0.002

0.738+0.022
0.717+0.036
0.700+0.006

0.616+0.010
0.593+0.014
0.600+0.018

0.733+0.033
0.693+0.022
0.679+0.025

0.736+0.021
0.716+0.021
0.707+0.010

0.783+0.003
0.783+0.002
0.778+0.001

AvgPrec

0.600+0.044
0.601+0.061
0.580+0.081

0.437+0.006
0.440+0.005
0.431+0.006

0.396+0.039
0.361+0.042
0.352+0.023

0.374+0.009
0.349+0.003
0.387+0.017

0.320+0.026
0.282+0.019
0.293+0.030

0.384+0.009
0.410+0.017
0.350+0.009

0.539+0.003
0.541+0.008
0.525+0.006

AUC

0.806+0.027
0.795+0.021
0.795+0.025

0.765+0.002
0.763+0.002
0.761+0.001

0.733+0.020
0.725+0.030
0.703+0.005

0.751+0.006
0.736+0.012
0.730+0.012

0.779+0.026
0.759+0.018
0.748+0.022

0.735+0.013
0.734+0.015
0.727+0.010

0.761+0.002
0.757+0.001
0.755+0.003

Coveraged

m
1
2
3
1
2
3
1
2
3
d
2
3
1
2
3

4.683£0.430
4.810+0.480
4.90340.292

5.522+0.058
5.5635+0.024
5.575+0.042

6.107+0.405
6.438+0.631
6.783+0.062

6.294+0.129
6.594+0.142
6.458+0.286

6.301+0.560
7.192+0.311
7.380+0.517

6.429+0.159
6.443+0.285
7.058+0.279

5.484+0.038
5.434+0.020
5.559+0.041

Table 6 Experimental results of EnWL and compared methods on Corel5k

6

Corel5k

EnWL

Metric

EnWL

MLR-GL

ProDM

MLML

MMIB

Tram

Lift

1-HammLoss

0.953+0.000
0.953+0.000
0.952+0.000

0.946+0.001
0.949+0.000
0.949+0.000

0.950+0.000
0.950+0.000
0.950+0.000

0.953+0.000
0.953+0.000
0.953+0.000

0.949+0.000
0.941+0.000
0.935+0.000

0.952+0.000
0.951+0.000
0.951+0.000

0.952+0.000
0.951+0.000
0.951+0.000

1-RankLoss

0.835+0.002
0.835+0.004
0.828+0.000

0.749+0.002
0.745+0.001
0.749+0.002

0.779+0.002
0.742+0.002
0.747+0.001

0.801+0.005
0.813+0.003
0.789+0.003

0.789+0.004
0.777+0.006
0.758+0.002

0.818+0.002
0.815+0.001
0.810+0.001

0.817+0.002
0.801+0.002
0.788+0.001

AvgPrec

0.341+0.003
0.333+0.008
0.326+0.001

0.216+0.006
0.235+0.004
0.234+0.006

0.273+0.001
0.243+0.003
0.239+0.002

0.223+0.001
0.231+0.006
0.229+0.003

0.202+0.003
0.201+0.005
0.191+0.004

0.248+0.001
0.252+0.002
0.256+0.002

0.305+0.001
0.278+0.003
0.278+0.002

AUC

0.838+0.001
0.837+0.005
0.833+0.025

0.753+0.002
0.747+0.001
0.750+0.002

0.786+0.001
0.749+0.002
0.747+0.002

0.831+0.003
0.822+0.003
0.815+0.002

0.797+0.005
0.784+0.006
0.762+0.003

0.836+0.002
0.824+0.001
0.815+0.001

0.821+0.001
0.806+0.002
0.791+0.002

Coveragel

38.945+0.186
38.612+0.313
39.199+0.337

44.539+0.221
46.132+0.497
45.348+0.571

48.225+0.479
55.727+0.242
55.707+0.601

38.694+0.309
39.265+0.675
42.229+0.541

40.664+0.543
43.608+0.591
46.84+0.482

38.022+0.493
41.446+0.304
43.060+0.430

42.478+0.479
45.901+0.242
48.656+0.601
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7 1APRTC-12 EnWL
Metric m EnWL MLR-GL ProDM MLML MMIB Tram Lift
1 0.962+0.000  0.949+0.000  0.959+0.000  0.953+0.000  0.943+0.000  0.954+0.000  0.950+0.006
1-HammLoss 2 0.961+0.000  0.949+0.000  0.959+0.000  0.953+0.000  0.943+0.000  0.954+0.000  0.949+0.011
3 0.961+0.000 0.949+0.000  0.959+0.000  0.953+0.000  0.942+0.000  0.954+0.000  0.949+0.010
1 0.828+0.001  0.718+0.021  0.801+0.000  0.775+0.003  0.750+0.002  0.801+0.001  0.740+0.008
1-RankLoss 2 0.82240.001  0.690+0.013  0.796+0.002  0.767+0.073  0.735+0.005  0.802+0.001  0.713+0.017
3 0.816+0.001  0.679+0.016  0.798+0.001  0.688+0.001  0.727+0.004  0.800+0.000  0.682+0.014
1 0.280+0.001  0.044+0.004  0.226+0.000  0.175+0.001  0.070+0.001  0.180+0.001  0.098+0.008
AvgPrec 2 0.27440.001  0.042+0.002  0.224+0.001  0.175+0.004  0.068+0.003  0.180+0.002  0.090+0.018
3 0.270+0.001  0.043+0.001  0.224+0.001  0.171+0.001  0.066+0.002  0.179+0.002  0.088+0.017
1 0.829+0.001  0.716+0.019  0.805+0.000  0.792+0.002  0.754+0.002  0.814+0.001  0.737+0.008
AUC 2 0.823+0.001  0.700+0.013  0.801+0.001  0.787+0.027  0.738+0.004  0.811+0.001  0.725+0.014
3 0.817+0.001  0.686+0.016  0.802+0.000  0.758+0.001  0.719+0.003  0.808+0.001  0.715+0.011
1 146.557+0.637 235.846+4.019 160.751+0.402 154.262+1.074 167.82+0.514 145.111+0.519 226.33+0.594
Coveragel 2 151.064+0.58 239.031+3.462 162.523+0.167 156.474+1.066 201.014+1.116 148.99740.233 243.003+0.451
3 154.721+0.646 244.44+4.735 163.031+0.364 166.064+0.535 214.51+2.727 151.51940.408 245.394+0.446
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Fig.2 Experimental results of EnWL with respect to different number of base classifiers on ESPGame
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Fig.3 Performance of EnWL on Corel5k and IAPRTC-12 under different combinations of « and g

3 a p EnWL Corel5k  IAPRTC-12
3.7
, 3.4 '
(CPU i5-4590,16GB RAM,Win7,Matlab2013a) , 5
8
Tabel 8 Runtime cost of comparing methods (s)
8 ()
Dataset EnWL MLR-GL ProDM MLML MMIB Tram Lift
Core15k 23.83 19.99 148.34 104.84 7 296.57 99.77 363.83
ESPGame 148.39 151.66 2276.12 2010.85 13 479.49 1913.24 9 565.16
Eurlex 293.09 210.59 12 561.22 11 138.10 25 479.22 10 243.77 23188.76
IAPRTC-12 464.58 299.28 14 697.44 15 632.46 28 462.72 12 873.86 26 433.26
Arts 3530.50 68.98 6 296.79 5764.38 12 782.58 5238.92 4679.53
Reference 4 458.42 86.28 11 424.89 9789.79 13 294.03 8 946.48 4 476.05
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