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Downwards Facing Bipartite Permutation (DFBP): reorder keys 
and chains to maximize score.
Score of an ordering: number of non-upwards edges.

Theorem: Reduction from DFBP to Order Selection.
NP-hardness of DFBP ⇒ NP-hardness of Order Selection.



Fix any ordering of keys and chains 𝜎0 , 𝜎# and its reverse 
−𝜎0 , −𝜎# . One of these two is a ½-approximation for the 
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playing the key).
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Fix any ordering of keys and chains 𝜎0 , 𝜎# and its reverse 
−𝜎0 , −𝜎# . Solving the Basic Keychain problem on one of these 

two is a ½-approximation for the optimal Order Selection policy.
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• What happens in settings with multiple correct keys?
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