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DCOP is a tuple:
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Solution field

Incomplete

Agents exchanging assignments and gains; only

the highest gain results in replacement.

Agent sends and collects its
neighbors' value assignment.
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2) Distance From Bound

(DB)
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If an agent's assignment is near the UB,
paying may not be worthwhile.
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Pre-process count amount of unknown
costs throughout the solution space
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Prioritize subtrees where you have more
knowledge.
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Is there less than 50% uncertainty in the
examined value?
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Compare the best-known cost with the
cost of the examined value and see if the
difference exceeds a defined threshold.

conditions
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flx) = (1 == ) * g(constraint costs)
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Novel Approach

Introduced a new method for solving I-DCOPs, considering elicitation costs before hand.
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Conclusions

Realistic and Efficient

The approach is more realistic and finds higher quality solutions with reduced runtime.
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Conclusions

Comprehensive Improvement
Outperforms previous methods across practicality, solution quality, and runtime.
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