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ABSTRACT : In this paper, we evaluate empirically the performance of two
algorithms developed from different frameworks in the same playground-acyclic
circuit multiple fault diagnosis problem.

MBD. a model based diagnosis algorithm which is a simplified variant of GDEY
uses constraint propagation and finds mininum set cover in conflict sets, known as
the most general treatment in multiple fault diagnosis.

SAB, born in much different framework of constraint network, was theoretically
proved being useful in diagnosis but never tested seriously. SAB, Structure-based
Abduction, exploits the structure of constraint network” and is most useful when the
problem contains no cycle.

We tested both on a family of parameterized acyclic conbinatorial circuits for the
task of finding all minimal cardinality diagnosis. The result shows that due to its
exponential complexity for large circuits, MBD is more sensitive to the variations in
the circuit types and input probabilities. However, for small circuits, two algorithms
are comparable in their performance.
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