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Abstract

Smart home is one of the ubiquitous environment platforms with various complex sensor-and-control network. In this
paper, a new learning methodology for learning user's behavior preference pattern is proposed in the sense of
reducing user’s cognitive load to access complex interfaces and providing personalized services. We propose a fuzzy
inductive learning methodology based on life-long learning paradigm for knowledge discovery, which tries to
construct efficient fuzzy partition for each input space and to extract fuzzy association rules from the numerical data
pattern.
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