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Abstract : The problem of estimation from group probabilities (Q—-GP) is to find the actual labels of the individual samples given the la-
bel proportions in each group,which has a wide application, but lacking of the existing study. The Q—GP solution is critical to use the
known information of group probabilities to obtain the classification information for single sample. In this paper, present a fuzzy classifica-
tion method based on fuzzy support vector machine (SVM) to solve this problem by comparing the binary Q—GP with the supervised and
semi—supervised binary classification in difference. Firstly,introduce the fuzzy hierarchical classification to find the relationships between
objects in a group,so as to decompose the binary Q—-GP into supervised sub—problems with fuzzy memberships. Then A fuzzy SVM is
trained for each sub—problem. At last combine multiple sub—classifiers to get the final labels of all individual samples.
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