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Neural Logic Network-based Fuzzy Inference
Network and its Search Strategy

Heon-Joo Lee' - Jae-ho Kim '

ABSTRACT

Fuzzy logic ignores some informations in the reasoning process. Neural networks are powerful tools for the
patlern processing. However, to model human knowledges, besides pattern processing capability, the logical
reasoning capability is equally important. Another new neural network called neural logic network is able to do
the logical reasoning. Because the fuzzy inference is a [uzzy logical reasoning, we construct [uzzy infercnce net-
work based on the neural logic network, extending the existing rule-inferencing network. And the lraditional
propagation rule is modified. For the search strategics to find out the belief value of a conclusion jn the fuzzy in-
ference network, we conduct a simulation to evaluate the search cost [or searching scquentially and searching by
means of priorities.
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