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Abstract

A major difficulty in building Bayesian network models is the
size of conditional probability tables, which grow exponen-
tially in the number of parents. One way of dealing with this
problem is through parametric conditional probability distri-
butions that usually require only a linear number of param-
eters in the number of parents. In this paper we introduce a
new class of parametric models, the pICI models, that aim at
lowering the number of parameters required to specify local
probability distributions, but are still capable of modeling a
variety of interactions. A subset of the pICI models are de-
composable and this leads to significantly faster inference as
compared to models that cannot be decomposed. We also
show that the pICI models are especially useful for parameter
learning from small data sets and this leads to higher accuracy
than learning CPTs.

Introduction

Bayesian networks (BNs) (Pearl 1988) have become a
prominent modeling tool for problems involving uncertainty.
Some examples from a wide range of their practical applica-
tions are medical diagnosis, hardware troubleshooting, user
modeling, intrusion detection, and disease outbreak detec-

the JPD already heavily reduces the number of required pa-
rameters. However, the number of parameters required to
specify a CPT for a node grows exponentially in the num-
ber of its parents. Effectively, the size of CPTs is a major
bottleneck in building models and in reasoning with them.
For example, assuming that all variables are binary, a CPT
of a variable with 10 parents requires the specification of
210 = 1,024 probability distributions. If we introduce an-
other parent, the number of required distributions will grow
to 2, 048. This may be overwhelming for an expert if the dis-
tributions are elicited. If the distributions are learned from
a small data set, there might not be enough cases to learn
distributions for all the different parent configurations in a
node (Onisko, Druzdzel, & Wasyluk 2001).

In this paper, we introduce a new class of parametric mod-
els that require significantly fewer parameters to be specified
than CPTs. The new models are a generalization of the class
of Independence of Causal Influence (ICI) models (Hecker-
man & Breese 1996) (they call it the class of causal indepen-
dence models), and their unique feature is that the combina-
tion function does not need to be deterministic. The combi-
nation function takes as input the values of parent variables
and produces a value for the child variable. The most impor-


















