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Abstract This paper describes a system that integrates a probabilistic reasoning technique Bayesian networks and relational
stream processing. Bayesian networks are stored in the form of ADT in the object relational data model. Inputs to a Bayesian
network is event occurences. To obtain them, we propose an operator that converts an input relation to events, and refer it to
ASSOC. Next, we propose BN operator. The BN operator firstly conducts ASSOC and then probability propagation and then
it outputs probabilistic tuples with regard to a query. On the query, methods extract probabilistic tuples from graph structured
Bayesian networks. The BN operator is a stateful operator like aggregation and join operator, and it requires high computa-
tional cost since it may generate more tuples than inputs. And, we describe a syntex to describe ASSOC and query language.
Then finally we describe a Bayesian network consisted of 6 nodes.
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