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Knowledge Reduction Algorithms in Cloud Computing
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Abstract Knowledge reduction is one of the important research issues in rough set theory. Clas-
sical knowledge reduction algorithms assume all the datasets can be loaded into the main memory.
which are infeasible for large-scale datasets. Massive data with high dimensions makes attribute
reduction a challenging task. To this end, the concepts and properties of discernibility and indis-
cernibility object pairs are given in terms of the discernibility and indiscernibility of the attribute(s).
The relationship between discernibility matrix and them is illustrated in detail. Then, an algo-
rithm of computing equivalence classes is designed for large-scale data in data parallel, and the
corresponding knowledge reduction algorithms are proposed in cloud computing. Finally, three
parallelism strategies are implemented and discussed. The experimental results demonstrate that
knowledge reduction algorithms in cloud computing can scale well and efficiently process massive

datasets on commodity computers.

Keywords cloud computing; rough set; knowledge reduction; data parallel; MapReduce
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reduction a challenging task. In such case., developing an ef-
fective and fast search algorithm for attribute reduction is be-
coming increasingly important.

To address this issue, we first introduce the concepts
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attribute(s). Then we discuss the relationship between dis-
cernibility matrix and discernibility/indiscernibility object
pairs and parallel/serial computing parts. Moreover, we de-
sign an algorithm of computing equivalence classes for large-
scale data in data parallel., and propose the corresponding
knowledge reduction algorithms in cloud computing. Finally,
we illustrate three parallelism strategies in detail and imple-
ment their algorithms. The experimental results demonstrate
that knowledge reduction algorithms in cloud computing can
scale well and efficiently process large-scale datasets on com-
modity computers.
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