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Table 2. Summary simulation results for the A network, n = 50.

Relevance Direct

I 188.23 344.83
o 63.26 16.57
Min 90.19 325.66
Median 180.85 342.16
Max 341.11 425.12
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Fig. 6. The total computing time for each of the 50 test cases. (a) Network Hailfinder with 57
nodes. (b) Network Imports with 15 nodes.

5. DISCUSSION

In this paper, we introduced an incremental belief updating technique based on rel-
evance reasoning that is applicable in systems in which model revision is interleaved
with computation or evidence is collected gradually in different phases of interac-
tion with the system and interleaved with belief updating. Our technique, called
relevance-based incremental updating, is based on invalidating the posterior beliefs
of those nodes that depend probabilistically on the changes of evidence. Subsequent
belief updating focuses on updating those target nodes whose beliefs are invalid. Our
algorithm identifies the smallest subnetwork that is relevant to those target nodes
that need updating, predicts the cost of inference on the identified subnetwork,
and then decides whether to perform inference on this subnetwork or to perform
incremental belief updating on the original junction tree. Since the complexity of
the relevance algorithms is linear in the number of arcs in the network,*%1! our
scheme can predict its speed at almost no cost. When applied, it obtains signifi-
cant gains by reducing the size and the connectivity of the network. In those cases
where no target nodes are influenced by the changes of evidence, the answer may
be available with no computation. Even in case the changes of evidence invalidate
all target nodes, the cost for predicting the efficiency of inference on the network is
negligible with a fast triangulation algorithm. It is always possible to switch back
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to the incremental updating on the original junction tree. The relevance-based
incremental belief updating improves system reactivity on average. But if all the
observations are available at the same time, it would not be more efficient to apply
them one by one using the proposed algorithm. Our scheme can also easily enhance
approximation algorithms, as the pruned network is almost always smaller than the
original one. Of course, all relevance-based schemes are sensitive to the topology of
networks and their performance can deteriorate in very densely connected networks.

All methods described in this paper have been implemented in SMILE (Strue-
tural Modeling, Inference, and Learning Environment) and its Windows user inter-
face, GeNle, both available free of charge for research, teaching, and personal use
at Decision Systems Laboratory’s WWW site at http://www2.sis.pitt.edu/~genie.
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