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Improved Knowledge Characteristic-driven Task Decomposition Model
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Abstract Task decomposition is widely used to solve those large-scale and complex problems. Many researchers have
presented their task decompositions. Knowledge characteristic-driven task decomposition model can divide the original
problem into several smaller tasks without much prior experience. But this model forgets to treat the noisy point of sub-
task. Inserting a process of getting rid of noisy point and expanding the subtask,an improved knowledge characteristic-

driven task decomposition model was obtained. We carried some experiments on two-spiral problem, UCI abalone data

set and UCI yeast data set. The results show that our method can get a better accuracy.
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