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Abstract

which applys to the multistate nodes in the inaccurate model under the condition of insufficient sample information, U-

To learn parameters for conditional probability distribution of multi-father nodes, a method was proposed

sing the assumption of independence of causal interaction, the conditional probability distribution is decomposed and the
size of conditional probability table is linear in the numbers of the parent nodes and their states. Using Leaky Noisy-
MAX model, the influence of factors not included in the multistate system mode! can be quantified on the parameters
learning. The model parameters extracted from small sample can create conditional probability tables. The results show
that the method can improve the efficiency and precision of parameter learning.
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