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Abdtract : Multi-ingtance learning (MIL) , which is regarded as the fourth learning framework , isfully introduced and ana
lyzed. MIL is described by usng mathematica formulae, and its main properties are summed up at the beginning. Then,
main dgorithmsfor slving MIL are surveyed, and the main idea of these dgorithmsis expounded. At the end, the future

developmentsof MIL are presented.
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oorrect % correct %
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