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Greedy local search search methods have a long history in the area of com-
binatorial optimization. One of the earliest application of local search was
to find good solutions for the Traveling Salesman Problem (TSP). In this
problem, one is given a weighted graph and the goal is to find the shortest
closed path that visits each node exactly once. The TSP is prototypical
of the large class of NP-hard optimization problems, for which it is widely
believed that no efficient (polynomial time) algorithm exists (Cook 1971;
Garey and Johnson 1979; Papadimitriou and Steiglitz 1982). A local search
method for the TSP proceeds as follows. Start with a randomly generated
closed path. Subsequently, we make small (“local”) changes to the path
to try to find a shorter one. One example of such a local change is the
so-called k—change, in which we remove k edges from the path and replace
them with k other edges. A k—change is made whenever it improves the
current solution. If no more local improvement can be found, the procedure
terminates. Lin (1965) and Lin and Kernighan (1973) showed that this sim-
ple procedure, using £k = 3, leads to solutions that are surprisingly close to
the optimal solution.

The basic local search framework allows for several variations. For ex-
ample, there is the choice of the initial solution, the nature of the local
changes considered, and the manner in which the actual improvement of the
current solution is selected. Lin and Kernighan found that multiple runs
with different random initial paths would lead to the best solutions. Some-
what surprisingly, starting with “good” initial paths did not necessarily lead
to better final solutions. The reason for this appears to be that the local
search mechanism itself is powerful enough to improve upon the initial so-
lutions — often quickly giving better solutions than those generated using



other methods. As for the nature of the local changes considered, Lin and
Kernighan found that a 3—change approach is clearly better than consid-
ering only 2—changes, but the additional computational cost of considering
4-changes does not appear to pay off. In general, finding the right local
changes to consider requires an empirical evaluation of strategies. Another
issue is that of how to select the actual changes made to the current solu-
tion. The two extremes are: first-improvement (also called “hill-climbing”),
in which any favorable change is accepted, and steepest-descent, in which the
best possible local improvement is selected at each step. Steepest-decent is
sometimes referred to as greedy local search, but this term is also used to
refer to local search in general.

A local search method does not necessarily reach a global optimum be-
cause the algorithm terminates when it reaches a state where no further
improvement can be found. Such states are referred to as local optima. In
1983, Kirkpatrick et al. introduced a technique for escaping from such local
optima. The idea is to allow the algorithm to make occasional changes that
do not improve the current solution, i.e., changes that lead to equally good or
possibly inferior solutions. Intuitively speaking these non-improving moves
can be viewed as injecting noise into the local search process. Kirkpatrick et
aol. referred to their method as simulated annealing, as it was inspired by the
annealing technique used to reach low energy states in glasses and metals.
The amount of “noise” introduced is controlled with a parameter, called the
temperature 7. Higher values of T correspond to more noise. The search
starts off at a high temperature, which is slowly lowered during the search
in order to reach increasingly better solutions.

Another effective way of escaping from local minima is the tabu search
method (Glover 1989). During the search, the algorithm maintains a “tabu”
list containing the last L changes, where L is a constant. The local search
method is prevented from making a change that is currently on the tabu
list. With the appropriate choice of L, this methods often forces the search
to make upward (non-improving) changes, again introducing noise into the
search process.

GENETIC ALGORITHMS can also be viewed as performing a form
of local search (Holland 1975). In this case, the search process proceeds
in parallel. Solutions are selected based on their “fitness” (i.e., solution
quality) from an evolving population of candidates. Noise is introduced in
the search process via random mutations.

A recent new area of application of local search methods is in solving
NP-complete decision problems, such as the Boolean satisfiability (SAT)



problem. An instance of SAT is a Boolean formula consisting of a set of
clauses (constraints), where each clause is a disjunction of literals. A literal
is a Boolean variable or its negation. The goal is to determine whether a
given instance is satisfiable or not. That is, does there exist an assignment
to the Boolean variables such that all clauses are satisfied? The problem
is NP-complete for formulas with at least three variables per clause (Cook
1971). The best traditional methods for solving the SAT problem are based
on a systematic backtrack-style search procedure, called the Davis, Putnam,
and Loveland procedure (Davis and Putnam 1960; Davis et al. 1962). These
procedures can currently solve hard, randomly generated instances with up
to 400 variables (Mitchell et al. 1992; Crawford and Auton 1993; and Kirk-
patrick and Selman 1994). In 1992, Selman et al. showed that a greedy local
search methods, called GSAT, could solve instances with up to 700 hundred
variables. Recent improvements on the local search strategy enables us to
solve instances with up to 3000 variables (Selman et al. 1994). For closely
related work, in the area of scheduling, see Minton et al. (1992).

An important difference in applying local search to decision problems, as
opposed to optimization problems, is that near-solutions are of no particular
interest. For decision problems, the goal is to find a solution that satisfies all
constraints of the problem under consideration. (See also CONSTRAINT
SATISFACTION and HEURISTIC SEARCH.) In practice, this means that,
for example, GSAT and related local search procedures spend most of their
time satisfying the last few remaining constraints. Recent work has shown
that incorporating random walk style methods in the search process greatly
enhances the effectiveness of these procedures.

Since Lin and Kernighan’s successful application of local search to the
TSP, and the many subsequent enhancements to the local search method,
local search techniques have proved so powerful and general, that such pro-
cedures have become the approach of choice for solving large combinatorial
search problems.
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