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Abstract  The Traveling Salesman Problem (TSP) is one of the most classical problems in com-
binatorial optimization. Many heuristics, as well as efficient meta-heuristics that followed, have
been developed for the TSP. In this paper authors investigate the empirical run-time distributions
(RTDs) of Iterated Lin-Kernighan algorithm, one of the state-of-the-art meta-heuristics algo-
rithms for TSP, on a series of scalable TSP instances in TSPLIB. It has been shown that the re-
sulted run-time distributions can be well approximated by Weibull distributions. Moreover, au-
thors propose, for the first time, the solution performance distributions (SPDs) of iterated LK al-
gorithm. By analyzing the characteristics of SPDs, authors obtain some practical conclusions that

may give guidance to application design for the TSP.
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“good enough” solutions, which can meet the demand of
practical applications but are not always the global optimal
solutions. Since it is very important to obtain solutions in
reasonable computing time for most engineering applications,
the researches of algorithms mainly focus on heuristic algo-
rithms.

Authors investigated one of the best heuristic algorithms
the iterated LK algorithm to TSP. After a lot of experi-
ments, the running time distribution of the iterated LK algo-
rithm is obtained. Auhors prove this kind of distribution can
be well approximated by an important theoretical distribu-
tion, which comes from life-span distributions. At the same
time, authors propose, for the first time, the solution per-
formance distribution and obtain some practical conclusions

that may give guidance to solving these problems.



