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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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O(n2P) total time.

⇒

Knapsack can be solved optimally in
pseudo-polynomial time O(n2P).

Theorem.

Knapsack is weakly NP-hard.Corollary.

n2P).

The running time O(n2P) is polynomial in n
if P is polynomial in n.

Observe.
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Approximation Schemes

Let Π be an optimization problem. An algorithm A is called a
polynomial-time approximation scheme (PTAS) for Π
if it outputs, for every input (I , ε) with I ∈ DΠ and ε > 0,
a solution s ∈ SΠ(I ) such that
∎ objΠ(I , s) ≤ (1 + ε) ⋅OPT if Π is a minimization problem,
∎ objΠ(I , s) ≥ (1 − ε) ⋅OPT if Π is a maximization problem,
and the runtime of A is polynomial in ∣I ∣ for every fixed ε > 0.
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