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Bounded Suboptimal Search
A Direct Approach Using Inadmissible Estimates orcan ever

How do we get fast search without Improving Heuristics Explicit Estimation Search
abandoning guarantees on quality?

Observe behavior of heuristics  ppoct . node with minimum f our

during search and make I best estimate of optimal cost
improved estimators.
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Aggregate error as search progresses.
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Then, divide by the depth of the node. e i



