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Euclidean Traveling Salesman Problem (Euclidean TSP): Given n points in R?,
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Euclidean TSP is NP-hard [Papadimitriou 1977]. We need to settle for approximation
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Our result: Simple 2°(Y/<)1og n time algorithm (joint work with Sandor
Kisfaludi-Bak and Jesper Nederlof)
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Arora’s algorithm

T A

Guess noncrossing matching on selected portals

Algorithm:

1. Add randomly shifted quadtree

2. Add g equispaced portals for each cell

3. Find min. length portal respecting tour with DP

Structure Theorem There is a portal respecting tour of
expected tour length < (14 ¢)OPT

Dynamic Programming For each cell find shortest path
cover for a given matching on portals

Total runtime: n®1) . 20(9) = pO1/¢)
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Our idea For every cell pick k < 1/e portals from the set of
g:= ﬁ equally spaced portals

In the Dynamic Programming consider states where k
portals from g(k) equally spaced portals are used (for every
ke{2,.

Runtime: (g(kk))nlogn < 290/e)plogn

Proof that this scheme works: Highly technical, check our
paper
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The point: This is the final improvement!
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Thank You!



