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* 2-approximation

Compute a minimum spanning tree (MST). Note that its cost must be less than or equal
to Optygpp because any Hamiltonian path is also a spanning tree. We can then walk from
s to t on the MST visiting all vertices using each edge at most twice. This gives us a
2-approximation.

To deal with duplicate edges, we can “shortcut” to the next vertex in the MST walk
that we haven’t yet visited. This will only improve our cost by our assumption that the
shortest-path distances are a metric.

It remains to argue that we visit each edge in this path at most once. Consider adding
a dummy edge with 0 cost from s to £. Then double each edge except for the dummy edge
and the edges on the s-t path in the MST, replacing each with two identical copies. Then

each vertex has even degree and the graph is Eulerian. In any Eulerian graph, there exists
an Eulerian tour, which is a cycle containing each edge exactly once. Dropping the dummy
s-t edge from the cycle gives an s-t path.
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* 5/3-approximation

— J.A. Hoogeveen.
Analysis of Christofides” heuristic: Some paths are

more difficult than cycles.
Operations Research Letters 10 (1991) 291-295.
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— anondeterministicalgorithm that has a probability distribution for

every nondeterministicchoice

— a deterministicalgorithm with an additionalinput that consists of a

sequence of random bits

— aset of deterministicalgorithms from which one algorithmiis

randomly chosen for the given input

+ PREEAN BIRIXEE A R S7 i fif R Rand om, (x) 1 7
+ 1 5Random,(x) B R4, R 47



o) i1 FEHLEE AN @

-%%ﬁ% X PR ) &2 2% B g oF B =0
ENT AT AT ? EA 2

Ezp-Times(x) = E[Time] = Z Prob g . (C) - Time(C)

Ezxzp-Time s(n) = max { Fzp-Timea(z) | z is an input of size n}

Time 4 () = max { Time(C) | C is a run of A on z}

Time 4(n) = max { Time4(z) |z is an input of size n}
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e Las VegasfllMonte CarloB& v 1 X 7l /244 ?

o PR fgELas VegasH VL HI P ME X 7 g ?

Prob(A(z) = F(z)) =1

Prob(A(z) = F(z)) > ~
1

Prob(A(z) = “?") =1 — Prob(A(z) = F(z)) < 3
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o PRAEHE Ef#ER:— T one-way communication protocol ' ?

e Choice s&2F—"1M1, BERIEME EtAa?
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s YREEMEREone/two-sided-error Monte Carlof& 41 2

(i) for every z € L, Prob(A(z) =1) > 1/2, and
(ii)) for every x ¢ L, Prob(A(z) =0) = 1.

Prob(A(z) = F(x)) > % +£.
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unbounded-flltwo-sided error Monte Carlo&VE ] X ] &4 2
1
Prob(A(z) = F(z)) > 5
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YR fZ randomized 8-approximation

Flrandomized §-expected approximation.yE T 1 ?

(i) Prob(A(z) € M(z)) =1, and (i) Prob(A(z) € M(z)) =1,
(ii) Prob(Ra(z) <6) > 1/2 () ElRa(z)] <6
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(1) Prob(A(z,d8) € M(z)) = 1 {for every random choice A computes a
solution of U},

and

feastble

(11) Prob(e 4(z,8) < 8) > 1/2 {a feasible solution, whose relative error is at

most 8, is produced with the probability at least 1/2}, and
(1it) Timea(z,07 ') < p(|z|,671) and p is a polynomial in |z|.
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o PREEFIX =ZRu B 77 gEARES 2 — 17
— Foilingan adversary

— Abundance of witnesses (& fingerprinting)
— Randomsampling (& relaxationand random rounding)



