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Strong NP-Hardness

An optimization problem is called strongly NP-hard if it
remains NP-hard under unary encoding.

An optimization problem is called weakly NP-hard if it is
NP-hard under binary encoding but has a
pseudo-polynomial algorithm.

Theorem. A strongly NP-hard problem has no
pseudo-polynomial algorithm unless P = NP.
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If all are known, then we

can compute
OPT =max{ p | <B}.
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(Corollary.

\

Let I be an NP-hard optimization problem
that fulfils the restrictions above. If I is

strongly NP-hard, then there is no FPTAS for I]
(unless P = NP).
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