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Improved MIMLSVM Algorithm Based on Global and Local Label Correlations

LI Cun-He, ZHANG Zhen-Kai
(School of Computer & Communication Engineering, China University of Petroleum, Qingdao 266580, China)

Abstract: Multi-Instance Multi-Label (MIML) learning is new machine learning framework where an example is
described by multiple instances and associated with multiple classes of labels. A method of designing MIML algorithm is
to identify its equivalence in the traditional supervised learning framework, using multi-instance learning or multi-label
learning as the bridge, then using an algorithm for training and modeling. But in the degradation process, there will be the
loss of information, then affecting the classification accuracy..This ét-udy improves the MIMLSVM algorithm by using a
multi-label algorithm GLOCAL that considers both global and local correlations. The experimental results show that the
improved algorithm has achieved sound classification results.
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For, 2 =(dp(X* M) dy (X* M), dy(X* M), U,V,W,2).
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one-error] 0.5210+0.0197 0.3215+0.0508 0.1851+0.0644 ~_ 0.0831+0.0332
coverage| 1.7891+0.1532 1.2162+0.2566 0.6121+0.0514 - 0.4891+0.0921
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