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Regularized Semi-Supervised Multi-Label Learning

Li Yu-Feng, Huang Sheng-Jun, Zhou Zhi-Hua
National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210093

Abstract In this paper, we study the semi-supervised multi-label problem where each training example could be associated with multi-
ple class labels while most of training examples are unlabeled. This scenario occurs in many real-world multi-label applications while
most previous studies on multi-label learning typically work on traditional supervised learning setting. To address this problem, we pro-
pose a regularized Multi-lIAbel Semi-Supervised learning (MASS) method which exploits both the abundant unlabeled examples and the
label relationships simultaneously to help improve the performance. Specifically, besides the empirical risk minimization, MASS em-
ploys two regularizers to characterize the commonness among multiple labels and enforce similar instances share with similar structural
multi-label outputs. Moreover, we use an efficient alternative method to obtain the optimal solution for the overall convex optimization
problem. Experimental results on web page categorization and gene functional analysis demonstrate the effectiveness of our method.

Keywords multi-label learning; semi-supervised learning
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1 WU REEE 15%bRid WIAREARIZE R, YN R e baE N () BT
TR Fe bR MASS BOOSTTEXTER ~ADTBOOST.MH RANK-SVM  CNMF MLKNN BSVM
Hamming Loss { 0.044+0.014 0.0504-0.017 0.050+0.015 0.047+0.015 N/A 0.045+0.014 0.042+0.014
One-Error + 0.460+£0.139  0.5244-0.158 0.579+0.180 0.5354+0.173 0.6464-0.121  0.501+0.161 0.453+0.141
Coverage + 4.392+£1.357 5.6994-1.698 5.6781+1.688 5.724+1.774 10.3134:2.498 4.540+£1.393 7.658+2.031
Ranking Loss 1 0.107+£0.042  0.1454-0.050 N/A 0.1504+0.063 0.2804-0.085  0.115+0.045 0.194+0.056
Average Precision T 0.631+0.106 0.568+0.120 0.532+0.136 0.568+0.128 0.4424-0.103  0.598+0.120 0.607+0.110
F 2 WA R 10%pRic I ZRAE AR I 45
TR Fe bR MASS BOOSTTEXTER ~ADTBOOST.MH RANK-SVM  CNMF MLKNN BSVM
Hamming Loss 1 0.045+0.015 0.051+0.017 0.054+0.017 0.0474+0.015 N/A 0.046+0.015 0.044+0.014
One-Error + 0.483+0.145 0.54840.165 0.607+0.183 0.56240.183 0.652+0.111  0.518+0.166 0.478+0.147
Coverage + 4581+1.415 5.988+1.766 6.202+1.822 5.82241.664 11.455+2.715 4.767+1.467 7.752+2.137
Ranking Loss 1 0.113+0.044 0.15540.052 N/A 0.153+0.061 0.3154+0.081  0.122+0.046 0.198+0.059
Average Precision T 061440111 0.547+0.126 0.507+0.140 0.550+0.133  0.4234+0.093  0.584+0.125 0.590+0.115
3 W T A R H s 5% bR I ZRFE AR 1) 5
AR =y v MASS BOOSTTEXTER ADTBOOST.MH  RANK-SVM CNMF MLKNN BSVM
Hamming Loss + 0.046+0.015 0.0534+0.018 0.059+0.019 0.049+0.016 N/A 0.046+0.015 0.045+0.014
One-Error + 0.518+0.160 0.588+0.178 0.637+0.188 0.586+0.190 0.690+0.107  0.541+£0.176 0.512+0.162
Coverage + 4.941+1.451 6.301+1.874 7.043+2.034 6.32241.949 13.372+2.941 5.182+1.541 7.737+2.121
Ranking Loss 1 0.124+0.045 0.16940.055 N/A 0.167+0.072 0.381+0.077  0.137+£0.047 0.203+0.060
Average Precision T 05874+0.120 0.51840.135 0.479+0.143 0.533+£0.139 0.3684+0.091  0.564+0.131 0.568+0.124
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F 4 FEFTBE T EEE 15% bR ic I ZAEAR R 45 1
TR Fe bR MASS BOOSTTEXTER ADTBOOST.MH RANK-SVM CNMF MLKNN BSVM
Hamming Loss 0.206+0.003 0.246:£0.006  0.263+0.006  0.2094+0.003 N/A 0.216+0.004 0.227+0.005
One-Error + 0.251+0.008 0.3174:0.022 0.347+0.020 0.245+£0.005 0.67140.022  0.264+0.019 0.244+0.020
Coverage + 6.599+0.113 7.12040.092 7.3441+0.109 6.632+0.156 10.77740.061 6.836+0.119 7.298+0.217
Ranking Loss + 0.184+0.005 0.2224-0.007 N/A 0.1844-0.004 0.47640.006 0.196+0.004 0.211+0.010
Average Precision | 0.744+0.005 0.6984+0.009  0.674+0.009  0.74440.004 0.431+0.007  0.729+0.005 0.728+0.013
F 5 FEHTEE I EHE 10% bR ic I ZRAEAR IR 45 31
TR Fe bR MASS BOOSTTEXTER ADTBOOST.MH RANK-SVM CNMF MLKNN BSVM
Hamming Loss + 0.211+0.004 0.251+0.005 0.275+0.009 0.2154-0.003 N/A 0.2214+0.005 0.231+0.004
One-Error + 0.255+0.012 0.325+0.024  0.357+0.024  0.24740.004 0.72240.017  0.264+0.011 0.255+0.016
Coverage + 6.68440.141 7.2624-0.146 7.568+0.168 6.6331+0.141 10.842+0.073 6.953+0.148 7.332+0.194
Ranking Loss + 0.189+0.006 0.22840.009 N/A 0.188+0.005 0.493+0.006  0.202+0.005 0.218+0.009
Average Precision T 0.7384:0.007 0.691+0.011 0.663+0.011 0.7374+0.005 0.41840.005  0.722+0.005 0.719+0.010
6 FEDIRe 7 i 8 5%br1C YISRFEA ) 25
AR =y v MASS BOOSTTEXTER ADTBOOST.MH  RANK-SVM CNMF MLKNN BSVM
Hamming Loss 0.218+0.004 0.25840.007 0.283+0.009 0.2314+0.020 N/A 0.234+0.008 0.234+0.005
One-Error * 0.265+0.018 0.345+0.026 0.388=+0.027 0.2524-0.003 0.725+0.013  0.277+£0.022 0.257+0.018
Coverage + 6.807+0.157 7.47040.153 7.872+0.156 6.75940.211 10.855+0.063 7.255+0.271 7.522+0.219
Ranking Loss + 0.200+0.006  0.242+0.011 N/A 0.2004:0.007 0.501+0.006  0.218+0.010 0.224+0.010
Average Precision T 0.72540.007 0.676+0.012  0.645+0.012  0.725:0.005 0.4174£0.004  0.704+0.010 0.711+0.009
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