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Multi-label AdaBoost Algorithm Based on Label Correlations
WANG Lili'? ,FU Zhongliang'”
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2. Univ. of Chinese Academy of Sciences,Beijing 100049, China)

Abstract:In order to improve classification performance and exploit label correlations, AdaBoost. MLR algorithm was proposed. Cosine

similarity was adopted to capture the complex correlations among labels in AdaBoost. MLR algorithm,a supplementary label matrix was

incorporated , which augments the incomplete original label matrix by exploiting the label correlations,label space was divided into three

parts of label set,relevant label set and irrelevant label set,weight-update rule was modified according to correlations among labels and

the results of weak learner. AdaBoost. MLR algorithm was able to solve multi-class classification problem specially, label similarity ma-

trix, instead of cosine similarity, was constructed by the classification results of temporary strong learner combined by previous trained

weak learners. The experimental results illustrated that the proposed algorithm was superior to existing algorithms, and the classification

performance was improved significantly on datasets had complex correlations among labels.
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Tab.2 Comparison results of multi-label classification

Bk MLR MH MLKNN RSVM

HL 0.2146 0.2325 0.2597 0.263 1

One-err  0.2954  0.3184  0.3814  0.4107

Emotions C 1.8510 1.9229 2.3423 2.3552
RL 0.1787 0.1930 0.2683  0.2676

Ave_pre  0.7820 0.7682  0.7029  0.698 4

HL 0.0906 0.1103 0.0940 0.097 9

One-err  0.2591 0.2851 0.2416  0.259 0
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Tab.4 Comparison results of multi-class classification

Bk MLR MH MLKNN RSVM
Usps 0.058 0 0.064 0 0.081 0 0.077 0
Mnist 0.091 9 0.101 7 NaN NaN

Pendigits 0.020 1 0.032 1 0.026 6 0.035 4
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Tab.5 Detailed classification error

Usps Mnist Pendigits
MH  MLR MH  MLR MH  MLR

0 0.0170 0.0114 0.0327 0.0318 0.0140 0.0137
1 0.0099 0.0099 0.0247 0.0291 0.0463 0.0437
2 0.0617 0.0764 0.1541 0.1315 0.007 4 0.007 6
3 0.0759 0.0786 0.1109 0.0941  0.0053 0.006 2
4 0.0519 0.0390 0.0815 0.1100 0.018 1 0.0160
5 0.2909 0.2545 0.1805 0.1637  0.036 4 0.034 2
6 0.0484 0.0323 0.0695 0.0689 0.008 6 0.008 9
7 0.0654 0.0654 0.0953 0.1002  0.0250 0.024 2
8 0.1333 0.1167 0.1540 0.1437  0.0121 0.0123
9 0.0900 0.1000 0.1388 0.1298  0.0282 0.027 9
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