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Chapter 1

Iterated Local Search: A Concise Review∗
Thomas Stützle1 and Rubén Ruiz2

Abstract
Iterated local search is a metaheuristic that embeds an improvement heuristic within an iterative process generating a chain of solutions. Often, the
improvement method is some kind of local search algorithm and, hence, the
name of the metaheuristic. The iterative process in iterated local search consists in a perturbation of the current solution, leading to some intermediate
solution that is used as a new starting solution for the improvement method.
An additional acceptance criterion decides which of the solutions to keep
for continuing this process. This simple idea has led to some very powerful
algorithms that have been successfully used to tackle hard combinatorial
optimization problems. In this article, we review the main ideas of iterated
local search, exemplify its application to combinatorial problems, discuss
historical aspects of the development of the method and give an overview of
some successful applications.
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1.1 Introduction
One important rationale of a large number of metheuristics is to overcome
the limitations of local optimality incurred by iterative improvement methods (Glover and Laguna, 1997). Several concepts for this task have been
considered in the prolific literature on metaheuristics that include the occasional acceptance of worsening moves within a local search process, an idea
underlying methods such as simulated annealing (Kirkpatrick et al, 1983;
Černý, 1985) or tabu search (Glover and Laguna, 1997), the usage of populations as a simple means for increasing the exploration of the search space as in
evolutionary algorithms (Bäck et al, 1997) or ant colony optimization (Dorigo
and Stützle, 2004), or the introduction of penalties in the search process as in
dynamic local search methods (Hoos and Stützle, 2005).
Certainly, one of the simplest ideas is to call iterative improvement methods
several times with new starting solutions to sample possibly new and better
local optima. Doing so by generating new starting solutions uniformly at
random from the search space is known to be an ineffective approach, especially
when instance size increases (Schreiber and Martin, 1999). Iterated local search
(ILS) instead exploits the idea of generating a chain of solutions by creating new
starting solutions from a perturbation of some of the previously found solutions;
in this way, it creates a biased sampling of starting solutions (Lourenço et al,
2002). An acceptance criterion determines whether the new locally optimal
solution is taken as the new incumbent or whether the previous solution
is maintained. This basic idea underlying ILS has been implemented in a
number of early papers on the method (Baum, 1986a,b; Martin et al, 1991,
1992; Johnson, 1990). The method has been extended in several directions in
follow-up research and a number of new variants and generalizations have been
considered. In fact, a first generalization is that the underlying improvement
heuristic need not be necessarily an iterative improvement algorithm but
can be any method that takes some solution as input and returns a possibly
improved solution. Other variants concern the introduction of rather elaborate
perturbation mechanisms or the consideration of different acceptance criteria.
Nevertheless, what characterizes an ILS algorithm is that a chain of solutions
is built through a process that involves as main sub-procedures some form
of solution perturbation, an improvement method of whatever type, and an
acceptance criterion.
In this article, we review the main ideas underlying ILS and illustrate its
main principles using some example applications to well-known combinatorial
optimization problems in Section 1.3. We then shortly highlight, in Section 1.4,
the main developments on the method from a historical perspective, which also
shows that ILS is among the oldest metaheuristic techniques. We discuss the
most relevant links ILS has to other metaheuristics in Section 1.5. We end with
an overview of various noteworthy applications of ILS, which complements
some earlier reviews on ILS (Lourenço et al, 2002, 2010), and some concluding
remarks in Section 1.7.
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1.2 Iterated local search
Here, we first introduce basic notions of local search and then elaborate on
the main mechanisms ILS uses to steer the search process.

1.2.1 Local search heuristics
Many heuristics for tackling hard optimization problems rely on (perturbative)
local search (Aarts and Lenstra, 1997; Hoos and Stützle, 2005). The idea
underlying local search is to replace the current candidate solution s within a
search space S of complete candidate solutions by some neighboring candidate
solution. The neighborhood N (s) of a candidate solution s ∈ S is defined by
all candidate solutions that can be obtained by applying specific modifications
or “movements” to s.
Neighborhoods are problem specific but for many problems standard neighborhood concepts can be applied. One of these standard neighborhood concepts
are the so-called k-exchange neighborhoods, where two candidate solutions are
neighbored if they differ in at most k solution components. For implementing
such neighborhoods, one needs to identify, for a given problem, appropriate
solution components. Intuitively, a solution component corresponds to an
atomic relationship, assignment or selection that characterizes a candidate
solution. For example, in the well-known traveling salesman problem (TSP),
solution components refer to the fact that a node j is visited directly after a
node i in a tour, that is, to an edge (i, j); in the quadratic assignment problem
(QAP), a solution component would correspond to the assignment of a facility
to a specific location, that is, an individual assignments. In a k-exchange
move for the TSP one would change a set of k edges by a different set of k
edges and for the QAP one would change at most k individual assignments of
facilities to locations.
Of critical importance is the size of neighborhoods: large neighborhoods
have the advantage that better quality candidate solutions may be reached in
one step of the algorithm, which comes, however, with the disadvantage of
increasing the time it takes to actually search for such candidate solutions
in large neighborhoods. To balance these two aspects, over the years a large
set of techniques have been proposed that try to either define special-purpose
neighborhood structures that allow to design algorithms for searching them
efficiently or to heuristically explore very large neighborhoods trying to identify
good candidate solutions there but without guarantee of finding the best one.
For an overview of very-large neighborhood search methods, we refer to Ahuja
et al (2002).
The widest spread perturbative local search method is probably iterative
improvement (also called iterated descent, hill-climbing etc. in the literature).
It replaces a current candidate solution by an improving neighboring one

4

Thomas Stützle and Rubén Ruiz

and repeats these steps until a locally optimal candidate solution has been
found, that is, a candidate solution without any improving neighbor. In the
following, we will indicate by s∗ ∈ S ∗ a locally optimal candidate solution
from the set of locally optimal candidate solutions S ∗ ; more in general, we
will refer to the set S ∗ as the possible output set of search methods that
are not necessarily iterative improvement methods. Various variants of this
basic algorithm exist differing in the order in which the neighborhood of a
candidate solution is searched, which neighboring candidate solution replaces
the current one, and so on. The most common mechanisms for these rules are
the so-called best- and first-improvement rules, which respectively replace the
current candidate solution by a most-improving candidate solution in N (s)
or by the first one encountered when scanning the neighborhood. The specific
choice for these pivoting rules can have a significant impact on the quality
of the local optima generated and the computational effort it takes to reach
local optima. Similarly, for local search algorithms speed-up techniques such
as incremental move evaluations are of crucial importance for their efficiency
(Aarts and Lenstra, 1997; Hoos and Stützle, 2005).
Local optima have an ambivalent importance in optimization. When compared to the candidate solutions in the full search space S, locally optimal
solutions are of, on average, much better quality and there are much less
candidate solutions in S ∗ than in S. Hence, identifying local optima by an
iterative improvement algorithm may seem a priori a good idea. However,
iterative improvement algorithms are stuck in local optima and even when
several candidate solutions in S ∗ are sampled independently, the so sampled
local optima may still be of rather poor quality (Schreiber and Martin, 1999).
Thus, other mechanisms than independent sampling in S ∗ are required to
allow a highly performant search process. The search for such mechanisms led
to a large number of proposals and studies of general mechanisms to pursue
the local search beyond the traps of local optimality (Glover and Laguna,
1997) or on the development and study of rather different search mechanisms,
such as populations, which try to focus on a more global search behavior.
These mechanisms are commonly referred to as metaheuristics (Glover, 1986;
Glover and Kochenberger, 2002) or general-purpose stochastic local search
methods (Hoos and Stützle, 2005). Within the context of ILS, of particular
relevance are trajectory-based metaheuristics that at each step modify a single
solution. This includes methods such as tabu search, simulated annealing or
guided local search. Such metaheuristics can be used in a straightforward way
as an improvement method in ILS algorithms.

1.2.2 Iterated local search framework
The main principle of ILS is to generate a sequence of candidate solutions
that is obtained by iterating through solution perturbations and subsequent
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procedure Iterated Local Search
s0 = GenerateInitialSolution
s∗ = LocalSearch(s0 )
% optional
repeat
s0 = Perturbation(s∗ )
s∗0 = LocalSearch(s0 )
s∗ = AcceptanceCriterion(s∗ , s∗0 )
until termination condition met
end
Fig. 1.1 Algorithmic outline of Iterated Local Search (ILS).

applications of a (local) improvement method. An additional acceptance
criterion decides from which candidate solution seen during the run of the
algorithm this sequence is continued. Typically, the improvement method
is an iterative improvement method or a trajectory-following metaheuristic
such as tabu search or simulated annealing. The goal of the perturbation is
to introduce a modification into the current candidate solution that is larger
than the modifications that are done in the local search phase, thus effectively
allowing the search to escape local optima or specific search space regions.
An algorithmic outline of ILS is given in Figure 1.1. After generating
an initial candidate solution and improving it by a local search, the main
loop is invoked. Within the main loop, first a (typically locally optimal)
candidate solution s∗ ∈ S ∗ is perturbed leading to a candidate solution
s0 ∈ S. After improving this solution and obtaining a new solution s∗0 ∈ S ∗ ,
an acceptance criterion decides whether to continue the search from s∗ or
s∗0 . It is also possible to consider in the perturbation and the acceptance
criterion aspects of the search history, for example, to adjust the perturbation
strength or the choice done in the acceptance criterion; in that case, one
would extend the corresponding procedures to Perturbation(s∗ , history) and
AcceptanceCriterion(s∗ , s∗0 , history).
An important advantage of ILS when compared to repeatedly starting
the LocalSearch method from random initial candidate solutions is that (i)
intermediate candidate solutions obtained through the perturbation are often
of better quality and can lead to better locally optimal solutions, and (ii) in
the case of iterative improvement methods, the subsequent local search may
terminate more quickly than when starting from random initial candidate
solutions, leading to the exploration of a larger number of local optima within
a given computation time. Hence, more local optima and local optima of a
better average quality may be generated in an ILS algorithm, increasing the
chance to find very high quality solutions.
A further advantage of ILS is its ease of a first implementation, especially if
an improvement method is already available. A first version of an ILS algorithm
can be obtained by adding perturbations in some higher-order neighborhoods
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than the ones used in the local search and a reasonable first choice is to
accept only better or equal quality solutions in the acceptance criterion.
Such a version can be obtained by adding few lines of code to an existing
improvement method and be the basis for an algorithm engineering effort to
generate a high-performing ILS algorithm. In fact, ILS is very malleable and
can range from very straightforward implementations to rather well-engineered
algorithms when problem-specific details are taken into account.
Generally speaking, ILS is a modular approach and the behavior of an
ILS algorithm is determined by the four procedures GenerateInitialSolution,
Perturbation, LocalSearch, and AcceptanceCriterion and their interaction. In
what follows, we discuss the main issues arising for these procedures.
GenerateInitialSolution. This procedure determines the starting point
of the search and it may have a significant impact during the initial search
phase. Generally, candidate solutions generated by a good constructive heuristic should be preferable as often the better the quality of the initial candidate
solution, the better is the quality of the local optima encountered. In addition,
an iterative improvement algorithm requires usually less steps to reach a local
optimum when starting from a better quality solution. However, if the other
procedures are well designed, the influence of the initial candidate solution is
expected to be little especially for longer run-times.
Perturbation. The perturbation transforms one complete candidate solution into another complete candidate solution. Its task is to modify a current
candidate solution and to generate a new, promising starting solution for the
next local search application. To allow an effective escape from local optima,
the perturbation should be larger than or at least different in nature from the
modifications that are applied in the local search algorithm.
An important factor is the size of the perturbation, which can be measured
by the number of solution components that are changed. If the perturbation is
too small, it may quickly be undone by the next local search. If the perturbation
is too strong, that is, too many solution components are modified, then much
of the quality and the structure of the current candidate solution may be lost;
in that case, the algorithm can become akin to a random restart algorithm,
which is known to be usually of poor performance. Unfortunately, it depends
typically on the problem and often on the specific problem instances how
strong perturbations should be (Lourenço et al, 2002). One possibility to
adapt the perturbation strength may be either to do a proper parameter
tuning, an adaptive scheme following ideas of reactive search (Battiti et al,
2008), or to adapt the perturbation strength using simple schemes such as
those of basic variable neighborhood search (Hansen and Mladenović, 2001).
The simplest way of perturbing a candidate solution is by applying random perturbation moves. A disadvantage of choosing the perturbing moves
uniformly at random is that one may lose significantly in solution quality. An
alternative is to use biased perturbations and to introduce problem knowledge
in this way. Biased perturbations may make use of heuristic information on
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the solution components that are changed. This can be done in various forms,
for example, by removing preferentially solution components that have a high
contribution to the cost of a candidate solution, or by introducing new solution
components that have a low cost contribution. Closely related to ILS is the
iterated greedy method that relies on a destruction and re-construction cycle
that is managed through constructive heuristics; in fact, this cycle may be
seen as a perturbation in the ILS sense. A different possibility is to introduce
more complex perturbations by re-optimizing parts of a candidate solution
(Lourenço, 1995) or applying data perturbations (Codenotti et al, 1996).
LocalSearch. The local search procedure is of crucial importance for the
performance of an ILS algorithm, which will benefit strongly from good choices
and implementations for this procedure. A first crucial issue is the quality
of the solutions that the local search algorithm produces. A priori, one may
expect that the better the quality of the solutions that are generated by
the local search, the better the results of the ILS algorithm. However, this
reasoning would not take into account the execution time of the local search.
In fact, a crucial aspect for the appropriate choice of a local search method
is the trade-off between the quality of the solutions it generates and the
computation time it takes to find these solutions. Given a fixed computation
time, a fast local search may be applied more often and, thus, generate a
larger number of candidate solutions that may be of less average quality
than candidate solutions obtained by a more time-consuming local search
procedure. Which choice is best, depends on the particular problem or type
of problem instances and has to be determined on an experimental basis.
Another important aspect is whether the local search is used as a black-box
or whether it is open and can be integrated in possibly more profitable ways
into an ILS algorithm. One example is the exploitation of the don’t look
bits technique (Bentley, 1992; Johnson and McGeoch, 1997); we refer to
Section 1.3.1 for more details on this technique and how to integrate it with
the perturbation. Another example requiring access to the local search is
the adoption of techniques of tabu search by declaring solution components
changed by the perturbation as tabu for a number of local search steps; this
may help to avoid immediately undoing the perturbation.
The local search in an ILS algorithm is not limited to an improvement
method, but any (even non-local-search) method that takes as input a complete
candidate solution and returns a potentially improved candidate solution upon
completion could be used. Common examples include the usage of tabu search,
simulated annealing or dynamic local search algorithms as the local search.
One can even think of using an ILS algorithm as the local search leading to a
hierarchy of ILS algorithms (Lourenço et al, 2002; Hussin and Stützle, 2009).
However, to allow a sufficient number of iterations of the ILS algorithm, one
needs to define a stopping criterion for the local search method, for example,
by limiting the number of local search steps that are applied or the number
of steps without improvement.
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Finally, an advantage of a strong local search is that the sensitivity of the
algorithm to the settings of numerical parameters is often reduced, making
in this way the algorithm itself more robust. In this sense, ILS also benefits
from the further development of local search techniques and the increased
availability of powerful implementations based on very large neighborhoods
(Ahuja et al, 2002).
AcceptanceCriterion. One interpretation of the search behavior of ILS is
that of a biased random walk in S ∗ , the space of local optima. The acceptance
criterion has a crucial impact on the nature of this walk and, thus, the tradeoff
between exploration and exploitation. As the two extremes one can have the
acceptance criterion that only accepts improved solutions, leading to a search
that can be characterized as a randomized iterative improvement algorithm
in S ∗ . On the other extreme is the acceptance criterion that accepts any
new solution independent of its quality, leading to a random walk in S ∗ .
Clearly, there are many intermediate choices between these extremes and
various have been explored in the literature. One example is the Metropolis
condition (Metropolis et al, 1953), which accepts a new, worse solution s∗0
with a probability exp{f ((s∗ ) − f (s∗0 ))/T }, where T is a parameter; a better
or equal quality solution is accepted always. The parameter T may be left
fixed throughout a run of ILS or be varied as done in simulated annealing.
Various other choices have been made such as combining short random
walks with occasional backtracks to the best candidate solution found so far
(Congram et al, 2002), resulting in a specific usage of the search history within
the acceptance criterion. Another simple example for the usage of the search
history in the acceptance criterion is the occasional restart of the search from
a new initial candidate solution, which can lead to much improved algorithm
behavior (Stützle, 1998b; Stützle and Hoos, 2001).
If one is to reach high performance with an ILS algorithm, the interactions
among the components need to be taken into account. The two main interactions are the following. First, the perturbation should complement the local
search and ideally introduce moves that cannot be easily done by the local
search. This results in two main advantages: (i) it is easier to avoid returning
to the previous locally optimal candidate solution, and (ii) the structure of the
candidate solution may be changed in a way that is not possible for the local
search to do. Second, the acceptance criterion and the perturbation should
be well balanced. In fact, both components can be biased towards a more
explorative or more exploitative search behavior: large vs. small perturbations or non-strict (random-walk) vs. strict (improvement) acceptance criteria.
Finding the right balance between intensification and diversification of the
search is one of the key issues in the design of any effective SLS algorithm
and one advantage of ILS is that the impact specific choices of the algorithm
components have on this balance is rather easy to grasp. Thus, ILS is a
method for which the SLS algorithm engineering process (Stützle et al, 2007)
can follow a well guided direction.
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1.3 Some examples of iterated local search algorithms
We introduce example applications of ILS algorithms to well-known combinatorial optimization problems, the traveling salesman problem (TSP), the
quadratic assignment problem (QAP), and the permutation flow-shop scheduling problem (PFSP). Example implementations for these ILS algorithms are
available from http://iridia.ulb.ac.be/~stuetzle/Code.

1.3.1 TSP example
Traveling salesman problem (TSP). The TSP is given as a graph G = (N, E)
where N is the set of n = |N | nodes and E is the set of edges that fully connects
the nodes. To each edge (i, j) is associated a distance dij . Here we assume that the
distance matrix is symmetric, that is, we have dij = dji for all (i, j) ∈ E; this type
of TSP instances are called symmetric and are among the most widely studied
types of TSP instances. The objective in the TSP is to determine a Hamiltonian
cycle of minimal length. Such a cycle can be represented by a permutation π =
hπ(1), . . . , π(n)i, where π(i) is the node index at position i. The objective function
to be minimized is
min dπ(n)π(1) +
π∈S

n−1
X

dπ(i)π(i+1)

(1.1)

i=1

where S is the search space consisting of the set of all permutations.

The TSP is one of the most famous examples of ILS applications, which
is due to the important role it plays in the historical development of the
method (Baum, 1986a,b; Martin et al, 1991; Johnson, 1990) and due to the
very high performance ILS algorithms have reached for the TSP (Johnson
and McGeoch, 1997; Applegate et al, 1999, 2003; Helsgaun, 2000, 2009).
A basic ILS algorithm for the TSP could be the following. The initial candidate solution is generated by a constructive heuristic such as the nearest neighbor heuristic or the greedy heuristic. For the local search a first-improvement
method in a k-edge-exchange neighborhood (typically, k equal two or three)
is used. The perturbation is implemented by the so-called double-bridge move,
which is illustrated in Figure 1.2; the double-bridge move removes four edges
and replaces them with four other edges so that in the schematic view of the
move, the characteristic double bridge is formed. The acceptance criterion
forces the cost to decrease, that is, only better quality candidate solutions are
accepted.
Such a basic ILS algorithm for the TSP reaches high-quality tours, but
its performance can be improved by alternative choices for the components.
ILS algorithms for the TSP usually benefit from a local search with better
performance. For example, by replacing the local search algorithm in the 2or 3-edge-exchange neighborhood with the Lin-Kernighan heuristic (Lin and
Kernighan, 1973), better performance is usually achieved. It is interesting to
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Fig. 1.2 Schematic view of the double-bridge move. Four edges (continuous, red lines)
are removed from the current tour and the four remaining tour segments are reconnected
as shown by the dashed line in the schematic view of the move.

note that the double-bridge move was considered within the Lin-Kernighan
heuristic, but many implementations of it did not implement it. It is a type
of move that cannot be easily achieved by a concatenation of moves in
smaller neighborhoods or by the way complex moves in the Lin-Kernighan
heuristic are generated and, thus, it is complementary to standard local search
implementations. A main advantage of the double-bridge move is that it only
leads to a small increase of the tour length as only four edges are replaced
and the subsequent local search typically needs only few improvement steps
to reach a new local optimum. In practice, the double-bridge move has found
to be rather effective even for very large-sized TSP instances with many
thousands or even millions of nodes (Johnson and McGeoch, 1997; Applegate
et al, 2003).
For speeding-up the search, direct access to the local search through the
usage of the well-known don’t look bits technique (Bentley, 1992) was found
to be useful. The don’t look bit technique associates one such bit to each node
in a TSP instance and starts a local search centered around a node for an
improving move only if the don’t look bit is set to one (turned on). If this
local search is not successful, the don’t look bit is turned off by setting it
to zero. If a move improves a candidate solution, all end points of the edges
involved will have set their don’t look bit to one again. This technique leads
to a particularly significant speed-up, when integrated with the perturbation
by re-setting only don’t look bits to one for nodes that are directly affected
by the perturbation (Johnson and McGeoch, 1997) or additionally to some
close-by ones (Stützle, 1998b).
An acceptance criterion that allows only moves to better or equal length
tours leads to a strong intensification behavior of the search. While this results
in very good performance for short and medium run-times, for longer ILS runs,
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a stronger diversification through, say, additional restarts improves algorithm
performance (Stützle, 1998b; Stützle and Hoos, 2001).

1.3.2 QAP example
Quadratic assignment problem (QAP). In the QAP we are given two matrices
F and D corresponding to some kind of flow exchanged between items and a
distance matrix between possible locations of the items, respectively. Let fij be the
flow exchanged between items i and j and dkl be the distance between locations k
and l. The task in the QAP is to assign items to locations so that the cost given
by the sum of flows times the associated distances is minimized. Assuming the
number of items is equal to the number of locations, a candidate solution to the
QAP can be represented by a permutation π, where π(i) gives the location to
which item i is assigned. The objective function to be minimized for the QAP can
then be written as
f (π) =

n
m
X
X
i=1 j=1

fij · dπ(i)π(j)

(1.2)

Similar to the TSP, the QAP has played a central role in combinatorial
optimization. Differently from the TSP, for which optimal solutions can be
found for very large instances (the largest being solved optimally having 85 900
nodes (Applegate et al, 2009)), QAP instances can only be solved optimally
for relatively small instances sizes of around 30; there are only few exceptions
for very particularly structured instances for which an instance of size 128
could be solved (Fischetti et al, 2012).
A basic ILS algorithm for the QAP can be implemented as follows. An
initial candidate solution for the QAP can be generated uniformly at random,
as no constructive algorithms generate generally very high quality candidate
solutions. As local search algorithm, an iterative improvement algorithm in
the two-exchange neighborhood, where at each step the locations of two
items are exchanged, is used. More formally, two candidate solutions π and
π 0 are neighbored if for exactly one index pair (i, j) we have π 0 (i) = π(j)
and π 0 (j) = π(i) and for all other indices l =
6 i, j we have π 0 (l) = π(l). As a
perturbation, a random move in a k-exchange neighborhood, k > 2, can be
chosen and, as acceptance criterion, one accepts only better quality candidate
solutions.
Such a straightforward ILS version was tested by Stützle (1998b) and
Lourenço et al (2002) and it was shown that its relative performance with
respect to other choices of the main ILS components depended on the specific
type of QAP instances. In fact, the specific structure of QAP instances as
identified by different distributions of the entries of the flow or the distance
matrices can induce widely different behavior (Taillard, 1995). For example,
the benchmark instances that have been generated randomly assuming uniform
distributions of the matrix entries, result in landscapes with many local optima
that are spread across the whole search space. Such a landscape requires strong
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search diversification, which can be achieved in ILS by using an acceptance
criterion that accepts every new local optimum independently of its quality
and helps to improve the performance on such instances even when using only
very small perturbations (Lourenço et al, 2002; Stützle, 2006). Differently, for
randomly generated instances that resemble real-life instances, which exchange
most flow among relatively few items, accepting only better quality candidate
solutions combined with some occasional restarts was found to result in high
performance (Lourenço et al, 2002; Stützle, 2006). Further studies on the
QAP have shown that plain ILS algorithms reach very high performance
for a variety of QAP instances and that population-based extensions of ILS
algorithms are state-of-the-art for tackling various classes of QAP instances
(Stützle, 2006).

1.3.3 Permutation flow-shop scheduling example
Permutation flow-shop scheduling problem (PFSP). The PFSP arises in
many practical situations as it is common to have production lines where machines
are disposed in series. In the PFSP are given n jobs J1 , J2 , . . . Jn , each consisting
of m operations that are to be executed on m distinct machines M1 , M2 , . . . , Mm .
Each job needs to be processed on every machine and all jobs pass through the
machines in the same machine order, that is, first on machine M1 , next on machine
M2 , and so on until machine Mm . The non-negative, known and deterministic
processing time of job Ji on machine Mj is denoted by pij . The PFSP enforces that
all jobs are processed on every machine in the same order; therefore, a permutation
of the job indices is enough to define the processing sequence. In the basic PFSP,
one assumes that jobs are available for processing at time zero, pre-emption is
not allowed, each machine can process only one job at a time and each job can
be processed by at most one machine at a time, and that the capacity of buffers
between machines is unlimited. A common objective is to minimize the completion
time of the last job in the permutation, also known as makespan (Cmax ).

The PFSP with the makespan objective is one of the most widely studied
scheduling problems with hundreds of papers published; for reviews on it see
(Framiñán et al, 2004; Hejazi and Saghafian, 2005; Ruiz and Maroto, 2005;
Fernandez-Viagas et al, 2017). Furthermore, it is the basis of many other
variants and extensions.
A first ILS algorithm for this problem has been proposed by Stützle (1998a).
It used the NEH heuristic (Nawaz et al, 1983) to generate an initial candidate
solution. The NEH heuristic is a state-of-the-art constructive method for the
PFSP with some recent variants being proposed only in 2014 (FernandezViagas and Framiñán, 2014). It is a heuristic that builds a schedule by inserting
at each step a next job in a position of the partial schedule where it least
increases the objective function value. Using the speed-up techniques proposed
by Taillard (1990), the NEH heuristic has a computational complexity of
O(n2 m). As an iterative improvement method in the ILS algorithm, the insert
neighborhood was used, which exploits the same speed-ups as implemented for
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NEH. The insert neighborhood consists of all sequences that can be obtained by
removing a job at position i and inserting it in all other possible positions; this
results in a neighborhood of size n · (n − 1). If one removes the job with index
π(i) from position i and inserts it at a position j, for i < j, one obtains π 0 =
(π(1), . . . π(i − 1), π(i + 1), . . . π(j), π(i), π(j + 1), . . . , π(n)) and for i > j one
obtains π 0 = (π(1), . . . π(j − 1), π(i), π(j), . . . π(i − 1), π(i + 1), . . . , π(n)). The
local search implemented in Stützle (1998a) used a kind of first-improvement
neighborhood scan. It removes a job Ji from the sequence and checks all
n − 1 possible other insertion positions; if several result in improvements,
the position is taken that leads to the largest reduction in the makespan.
One scan of the neighborhood consists in repetitions of this process for
all possible positions i. The neighborhood scans are then repeated until a
local optimum with respect to the insert neighborhood is found. As the
perturbation, a mix of two contiguous swap moves and one interchange move
was proposed. In a contiguous swap move, a permutation π = (π(1), . . . , π(i),
π(i + 1), . . . , π(n)) is modified to π 0 = (π(1), . . . , π(i + 1), π(i), . . . , π(n)); in
an interchange-move π = (π(1), . . . , π(i), . . . , π(j), . . . , π(n)) is modified to
π 0 = (π(1) , . . . , π(j), . . . , π(i), . . . , π(n)). A further restriction was imposed
on the positions involved in the interchange move by enforcing |i − j| ≤
max{n/5, 30} to avoid too strong disruptions. Finally, as the acceptance
criterion the Metropolis condition with a fixed temperature was suggested.
The performance of this ILS algorithm was found to be superior to the best
methods for the PFSP published until then. The excellent performance was
confirmed in the extensive study of heuristics for the PFSP under makespan
minimization by Ruiz and Maroto (2005), where it was found to be the top
performing heuristic.

1.4 Historical development of iterated local search
ILS has a long history and the ideas underlying the method can be traced
back to several approaches. The most influential have been the early developments for tackling the TSP. Baum (1986b,a) has proposed an algorithm he
called iterated descent, which used an iterative improvement method based
on two-exchanges as the local search, random three-exchanges as the perturbation, and forced the tour length to decrease. His results were, however, not
very impressive, but inspired Martin et al (1991) to propose their large-stop
Markov chains (LSMC) algorithm. The name of this algorithm stems from the
acceptance criterion, which corresponds to the Metropolis condition. In first
instantiations, LSMC used a three-exchange neighborhood in the local search
but was later extended to use the Lin-Kernighan heuristic. One contribution
of the LSMC algorithm was the introduction of the double-bridge move as the
perturbation, which is used in many other ILS algorithms for the TSP. The
results with the LSMC algorithm gave a major leap in the performance of TSP
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heuristics. Further refinements of this approach, in particular, by Johnson
(1990) and Johnson and McGeoch (1997) on one side and Applegate et al
(1999) on the other side have defined for a long time the state-of-the-art TSP
heuristics. Differences in these implementations concern, on the high-level ILS
side, mainly the choices for the acceptance criteria and different choices of the
perturbation operators, but decisive are also implementation details of the
local search and the data strcutures used for tackling large instances. Noteworthy is the experimental study by Applegate et al (2003) who performed
tests on very large TSP instances with up to 25 million cities and the more
recent work of Merz and Huhse (2008), which is particularly well suited for
very large TSP instances under severe time constraints.
In a number of papers, specific choices for ILS algorithms for the TSP
have been considered and analyzed. Codenotti et al (1996) study complex
perturbation schemes based on data perturbation. Hong et al (1997) examined
the impact the perturbation strength has on ILS performance, indicating that
for some instances larger perturbations than those introduced by the doublebridge move are beneficial; they also studied population-based extensions of
ILS algorithms for the TSP. Katayama and Narihisa (1999) proposed to use
candidate solutions different from the incumbent one to generate directed
perturbations and showed that this idea can lead to very competitive results
when compared to an iterated Lin-Kernighan algorithm. Stützle (1998b)
and Stützle and Hoos (2001) have analyzed the run-time behavior of ILS
algorithms for the TSP, showing that the most common implementations
show stagnation behavior for long runs. As a simple remedy to this behavior,
they have proposed occasional restarts of the ILS algorithm (Stützle, 1998b;
Stützle and Hoos, 2001). Finally, there are some approaches for TSP solving
that in their iterated version do not follow necessarily the main ILS steps but
are, say, inspired from it. The most notable example is probably Helsgaun’s
iterated version of his Lin-Kernighan implementation (Helsgaun, 2000). It
generates new starting candidate solution through a constructive mechanism,
which is strongly biased towards generating a candidate solution that is close
to the incumbent candidate solution.
The ILS principle has been discovered before its first applications to the
TSP. Baxter (1981) proposed an algorithm for a location problem that made
repeated use of a data perturbation technique to create new starting solutions
for a local search algorithm. However, it appears that these initial approaches
have not been the main inspiring source for other ILS approaches and that
this work has been overlooked for quite some time. In fact, most early ILS
adaptations to problems other than the TSP seem to have been inspired by
the proposals of ILS algorithms for the TSP.
Among the first problems other than the TSP tackled by ILS is graph
bi-partitioning. Martin and Otto (1995, 1996) reported for specific types
of graphs better performance with their ILS algorithm than for simulated
annealing heuristics. Many other early applications of ILS algorithms have
been for scheduling problems. Lourenço (1995) presented an innovative idea
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that combined ILS with exact algorithms for job-shop scheduling. In her
approach, the exact algorithm is used to solve exactly subproblems on one or
two machines, keeping the sequence on other machines fixed; the so modified
candidate solution is then used as the perturbed one.
It is important to stress that ILS algorithms have been published and
made popular under a variety of different names, ranging from problem or
algorithm specific names such as iterated Lin-Kernighan (Johnson, 1990;
Johnson and McGeoch, 1997) or chained Lin-Kernighan (Applegate et al,
2003), to generic names such as large-step Markov chains (Martin et al, 1991),
chained local optimization (Martin and Otto, 1996), iterated descent (Baum,
1986b,a), iterated hill-climbing (Mühlenbein, 1991), or others. In the local
search template proposed by Vaessens et al (1998), ILS was referred to as
a multi-level point-based local search. Even today, apparent variations of
the ideas underlying ILS are published under new names such as breakout
local search (Benlic and Hao, 2013), creating possibly confusion with the
earlier proposed breakout method (Morris, 1993), which relies on a different
mechanism for escaping from local optima. A review and unification of the
various papers published in the literature has been proposed by Lourenço
et al (2002) in their 2002 book chapter on ILS. This chapter has led to a
more coherent view of the method, has discussed the main ingredients of ILS
algorithms, and has shown trade-offs in the design of effective ILS algorithms.

1.5 Relationship of ILS to . . .
ILS, being a relatively old method, has a number of links to other well-known
methods, which we will shortly discuss in this section. We focus our discussion
on relationships to simple, hybrid, and population-based metaheuristics (or
stochastic local search methods), following the classification of Hoos and
Stützle (2005). Within this classification, ILS belongs to hybrid SLS methods,
which can be characterized as methods that interleave search steps in different
neighborhoods or that combine different types of procedures in an interleaved
fashion. As such, most links of ILS are within that group.

1.5.1 . . . simple SLS methods
Simple SLS methods typically move within one type of neighborhood. They
can be seen as direct extensions of perturbative local searches that avoid local
optima either by occasionally accepting moves to worse candidate solutions
or modifications of the evaluation function during the search. Well-known
examples for the former are simulated annealing (Černý, 1985; Kirkpatrick
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et al, 1983) and tabu search (Glover and Laguna, 1997), while a well-know
example for the latter is guided local search (Voudouris and Tsang, 2002).
A first relation is that any of these methods may play the local search part
within an ILS algorithms, replacing simpler iterative improvement methods.
While iterative improvement methods do have a natural stopping condition,
namely hitting a local optimum, for simple local search methods, in principle, arbitrary computation times can be invested. This leads to the task
of balancing the intensification obtained through the simple SLS method
and the diversification given through perturbation steps and the acceptance
criterion. A main task therefore for the algorithm designer is to determine an
appropriate computation time for the SLS method to obtain a good trade-off
between the computation time and solution quality.
Another relation is the usage of diversification measures in methods such
as tabu search. For example, the random shake-up ideas (Glover, 1986) are
directly linked to perturbations in ILS. The well-known reactive tabu search
algorithms invoke occasional sequences of random moves to provide a means
for search diversification (Battiti and Tecchiolli, 1994), which can directly
be seen as a random perturbation whose size is adjusted in dependence of
features of the search process. Several ideas from the area of tabu search and,
in particular, the memory usage explored there (Glover and Laguna, 1997)
may provide a source of inspiration of how to improve ILS algorithms or to
define schemes for adapting parameters at run-time (Battiti et al, 2008).

1.5.2 . . . hybrid SLS methods
Hybrid SLS methods combine more than one basic search strategy into an
overall method. For example, ILS combines typically one search strategy in
the local search with a different type of search strategy in the perturbation.
From a high-level perspective, one point ILS has in common with many other
hybrid SLS methods is that it combines a local optimization with search steps
oriented towards diversification. These diversifying steps may be based on
constructive or perturbative search steps.
Considering hybrid SLS methods that obtain diversification through constructive procedures, the closest to ILS is the iterated greedy algorithm, if the
latter uses a local search phase. In iterated greedy methods, a new candidate
solution is obtained by removing from a complete candidate solution s ∈ S
some solution components, obtaining a partial solution sp , from which in
turn a solution construction process is performed. While such iterated greedy
algorithms may result in reasonable performance without improving the newly
constructed candidate solution by a local search phase, in many cases an
additional perturbative local search improves performance. In that latter case,
the destruction–construction cycle may be seen as a (directed) perturbation
in the ILS sense. Another link between the two methods is to see both as
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creating an iterative process that in the ILS case iterates across local search
applications and in the iterated greedy case iterates across applications of
constructive algorithms. A different perspective on the mechanism of iterated greedy algorithms is taken by large neighborhood search techniques
(Shaw, 1998). They consider also the removal of solution components but
then the subsequent completion of the resulting partial solution may be either
done with exact techniques, originally taken from contraint programming, or
also constructive-type approaches. In any case, large neighborhood search
interprets the completion of a partial solution as the exploration of a large
neighborhood, hence the name of the method. In a sense, the application
of one iterations of LNS would correspond in ILS terms to one (complex)
perturbation that moves a solution s ∈ S (typically a local optimum) to
another complete candidate solution s0 ∈ S. More details on iterated greedy
and further related methods such as large neighborhood search can be found in
Stützle and Ruiz (2017). The use of constructive mechanisms to provide search
diversification also underlies greedy randomized adaptive search procedures
(GRASP) (Feo and Resende, 1995; Resende and Ribeiro, 2010), which in their
basic form create many independent starting points for a local search through
randomized greedy constructive searches. GRASP is clearly distinct from the
basic principle underlying ILS, as it does not create a biased walk in the space
of local optima. Later extensions of GRASP add various mechanisms with
the goal of making it more performing. In fact, some extensions re-use parts
of candidate solutions and, hence, move GRASP more towards mechanisms
that underlie ILS; see Resende and Ribeiro (2010) for an overview of GRASP.
The hybrid SLS method that shares most similarities with ILS is (basic)
variable neighborhood search (VNS) (Hansen and Mladenović, 2001; Mladenović and Hansen, 1997; Hansen et al, 2010). VNS is based on the principle
of changing the neighborhood during the search to avoid getting trapped in
local minima with respect to one specific neighborhood. While the rationale
of the main search mechanism underlying VNS and ILS is rather different,
many instantiations of VNS, in particular, those related to basic, skewed, or
general VNS can be seen directly as specific instantiations of ILS algorithms.
For example, in basic VNS, an iterative improvement process is performed in
the smallest neighborhood. Larger neighborhoods are explored randomly and
this random exploration is interleaved with the iterative improvement search
in the smallest neighborhood. This loop corresponds to the perturbation and
local search steps in ILS algorithms, where the main specificity of VNS is
to modify the strength of the perturbation following some fixed scheme in
which the neighborhoods are explored: the scheme could be in an increasing
or decreasing order and additionally taking into account step sizes. In early
instantiations of a basic VNS, only candidate solutions that improve on the
incumbent candidate solution after the local search phase are accepted, while
in skewed VNS worse candidate solutions are accepted depending on how far
the new candidate solution is from the incumbent one. Finally, general VNS

18

Thomas Stützle and Rubén Ruiz

is a variation of the basic VNS schemes, where the underlying local search
can itself be a variable neighborhood descent algorithm.

1.5.3 . . . population-based SLS methods
Population-based SLS methods are characterized by the use of a population
of candidate solutions to drive the search. As such, they are clearly distinct
from ILS, which is based on modifying a single search point. In addition,
several population-based search methods such as evolutionary algorithms
(Bäck et al, 1997) and ant colony optimization (Dorigo and Stützle, 2004)
do not necessarily make use of local search algorithms. However, several
links exist. In fact, many population-based algorithms can profit from the
introduction of a local search phase as it was clearly shown for ant colony
optimization (Dorigo and Stützle, 2004), scatter search (Glover et al, 2002),
and for many evolutionary algorithms resulting in methods such as genetic (or
evolutionary) local search (Ulder et al, 1991; Mühlenbein, 1991) or memetic
algorithms (Moscato, 1999). ILS as well as the population-based methods
can in that case be seen as sampling candidate solutions in the space of local
optima.
ILS and memetic algorithms are linked by taking extreme parameterizations
of the latter, in particular, memetic algorithms having a population size of one.
In that case, the mutation operator takes over the role of the perturbation
and the selection scheme used for the population replacement the role of
the acceptance criterion. The usage of only mutation to generate candidate
solutions has been called parthenogenetic algorithm (Johnson, 1990). In fact,
even when using a population size of more than one individual and excluding
recombination operations, in the context of memetic algorithms good performance results are reported for some problems (Merz and Freisleben, 2000);
mutation-only candidate solution modifications are often used in evolution
strategies.
Considering the usage of populations as a convenient means of providing
search space exploration, several authors have explored population-based
variants of ILS algorithms (Hong et al, 1997; Pan and Ruiz, 2012; Stützle, 2006, 1998b; Thierens, 2004). The approaches proposed by Hong et al
(1997) and Stützle (1998b) maintain the usual perturbation scheme, applying
perturbation at each iteration to a single candidate solution. The usage of
time-varying distance bounds among the candidate solutions in the population
as a specific diversity mechanism was explored by Stützle (2006), resulting in
high solution quality for the quadratic assignment problem. Thierens (2004)
uses the population to (i) perturb only solution components in which pairs of
candidate solutions differ, similar to what was done in the genetic transformations proposed by Katayama and Narihisa (1999), and (ii) to reduce the
neighborhood size during the local search.
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1.6 Applications
This section summarises some noteworthy applications of ILS in addition to
those mentioned in Sections 1.3 and 1.4. As the number of applications of ILS
has strongly increased over the recent years, we do not give here an exhaustive
list, but mainly refer to recent publications for illustrating the progress of
ILS. Here, we mention only papers where the authors have identified their
algorithms explicitly as ILS algorithms, even though, a larger number of
published algorithms would fit the framework of ILS without being made
explicit in the respective papers.

1.6.1 Iterated local search for routing problems
Among the first explicit ILS algorithms for vehicle routing problems (VRPs)
are those proposed by Ibaraki et al (2008) and Hashimoto et al (2008). In the
first paper, the authors tackle the VRP with time windows, where a dynamic
programming approach minimizes the penalties for time window violations.
The ILS algorithm, which used various neighborhoods in the local search, was
shown to reach high performance on instances with up to 1000 customers.
Hashimoto et al (2008) tackle a VRP with time windows and time-dependent
travel times and costs. They introduce various speed-ups and neighborhood
restrictions and show the effectiveness of their algorithm compared to previous
proposals in the literature. Vaz Penna et al (2013) consider a variant where
the fleet of vehicles is heterogeneous, that is, it consists of vehicles with
different characteristics such as capacities. Melo Silva et al (2015) consider a
VRP where split deliveries are allowed, that is, a customer’s demand may be
satisfied by splitting deliveries across various vehicles or tours; they report very
high performance for their algorithm improving a large number of benchmark
instances. Palhazi Cuervo et al (2014) tackle the vehicle routing problems
with backhauls, where in addition to the consumers who get delivered from
the depot, there are also suppliers that send goods to the depot. The authors
propose a structurally simple ILS algorithm, where the main ingredient is a
local search algorithm that uses multiple neighborhoods and allows oscillations
between feasible and infeasible candidate solutions. Michallet et al (2014)
consider a periodic VRP with time windows under the consideration of
malevolence acts, and the goal becomes spreading the repeated visits to
customers across their time windows. A VRP with multiple, incompatible
commodities and multiple trips per work day is considered by Cattaruzza
et al (2014). They propose an effective ILS algorithm for this problems, which
is shown to perform better than previous approaches. Nguyen et al (2012)
consider a two-echelon location-routing problem, where two types of trips
arise. One type of trips serves from a main depot a number of sub-ordinate
depots, which have to be located appropriately, and a second type of trips
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delivers goods to customers from the sub-ordinate depots. Vansteenwegen
and Mateo (2014) solve a cyclic inventory routing problem for a single vehicle.
The goal is to minimize the costs of the distribution and the inventory costs
at the customers. An efficient ILS algorithm for this problem was shown to
outperform previous approaches for this problem. Laurent and Hao (2009)
considered a multiple depot vehicle scheduling problem, which arises in public
transport. Related to routing problems is the team orienteering problem,
which arises commonly as a problem faced by tourists when planning their
trips. Vansteenwegen et al (2009) have tackled a variant of this problem, which
considers time windows, with an effective ILS algorithm that could reach high
solution quality in relatively short computation times and improve, for 31
benchmark instances, the best candidate solutions known at that time.

1.6.2 Iterated local search for scheduling problems
Scheduling problems have been among the first problems tackled by ILS
algorithms and by now a large number of high-performing ILS algorithms
have been proposed for many variants of scheduling problems including single
and parallel machine scheduling problems as well as scheduling problems of
flow- and job-shop type.
The first applications of ILS to single- and parallel machine scheduling problems are due to Brucker et al (1996, 1997); they have used two neighborhood
structures that are nested, where the outer neighborhood essentially is used
for perturbation. ILS algorithms have reached particularly excellent results for
the well-known single machine total weighted tardiness problem (SMTWTP),
for which the iterated dynasearch algorithms by Congram et al (2002) and
the extension thereof by Grosso et al (2004) are state-of-the-art algorithms.
den Besten et al (2001) have applied an ILS with a variable neighborhood
descent local search also to the SMTWTP. Later ILS algorithms have been
applied to the SMTWTP with additional sequence-dependent setup times in
two independent works, reaching high performance when compared to other
heuristics (Subramanian et al, 2014; Xu et al, 2014). A recent application
of ILS to the parallel machines total weighted tardiness problem has been
presented by Della Croce et al (2012). They use generalized interchange moves,
ideas from dynasearch and new large-scale machine-based neighborhoods for
the local search to improve over the current state-of-the-art.
ILS algorithms have been proposed to tackle a variety of flow-shop scheduling problems, starting with the best-known variant that considers the minimization of the makespan. The first ILS algorithm for this problem (Stützle,
1998a) has already been described in Section 1.3.3. Some issues in the design of ILS algorithms for the permutation flow-shop problem have been
considered by Juan et al (2014). ILS algorithm has been adapted by other
researchers to variants of the flow-shop scheduling problem and shown high
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performance for the flow-shop problem with flowtime objective (Dong et al,
2009). Later, the same authors improve their ILS algorithm by including a
multi-restart perturbation strategy, where the ILS is continued from the best
of a set of perturbations obtained from a local optimum (Dong et al, 2013).
State-of-the-art results for the same flowtime objective are obtained by (Pan
and Ruiz, 2012) with ILS variants, including versions that entail populations.
ILS has been used to solve more complex variants of the flow-shop problem.
Yang et al (2000) presented an ILS algorithm for a flow-shop variant with
several stages in series, where at each stage a number of machines is available
for processing the jobs. Ribas et al (2013) deal with the blocking flow-shop
problem and propose an ILS procedure where the local search combines moves
in different neighborhoods as does the perturbation step. M’Hallah (2014)
tackles the flow-shop scheduling problem with the objective of minimizing
the earliness and tardiness, where due dates are distinct. An ILS algorithm
is presented, which uses a variable neighborhood descent in the local search
phase. Geiger (2011) proposes the usage of an ILS algorithm for tackling the
multi-objective flow-shop scheduling problem, obtaining promising solution
quality despite the simplicity of the proposed approach. Finally, complex
hybrid flexible flowline problems are studied by Urlings et al (2010), where
ILS approaches are intermingled with other schemes to obtain high quality
candidate solutions for scheduling problems that are very close to real settings
found at production floors.
As mentioned before, the first scheduling problem tackled by ILS was the
well-known job-shop scheduling problem (Lourenço, 1995). The ILS algorithm
by Kreipl (2000) for the total weighted tardiness job shop scheduling problem
reached high performance, being surpassed only quite some time later by an
evolutionary algorithm that integrated an ILS algorithm as the local search
operator (Essafi et al, 2008). An ILS algorithm is underlying the generic
approach proposed by Mati et al (2011), which tackles job-shop problems
with regular objectives, that is, objectives whose values increase along with
an increase of the completion times of the jobs. The proposed ILS algorithm,
which uses a pertubation with a size chosen uniformly at random and an
acceptance criterion that accepts every new candidate solution, was shown
to reach very high performance for a number of criteria, including weighted
tardiness and weighted completion time.

1.6.3 Iterated local search for other problems
ILS algorithms have been applied to tackle many other problems, illustrating
the wide range of possible applications of the ILS principle. Corte and Sörensen
(2016) use an ILS algorithm for designing a water distribution network,
obtaining excellent computational results despite the fact that the proposed
algorithm has a much simpler structure than many of the other proposed
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methods for the same task. Grosso et al (2009) propose an ILS algorithms
for the maximin Latin hypercube design problem, which consists in assigning
positions to n points in a k-dimensional grid such that no two points have
a same coordinate and the distance between the closest pair of points is
maximized. A possibility to improve the state estimation for the monitoring of
power systems is to insert power measure units into the network at appropriate
positions. Hurtgen and Maun (2010) propose an ILS algorithm for minimizing
the size of the configuration to reach full observability of the network. While
virtually all ILS application have been to deterministic problems, Grasas et al
(2016) consider adaptations for ILS to integrate simulation in order to be able
to tackle stochastic combinatorial optimization problems. The approach is
illustrated with some example application of the proposed SimILS framework.
The integration of information from lower bounding techniques into an ILS
algorithm is considered by Buson et al (2014) for solving the fixed-charge
transportation problem, which extends the transportation problem by the
consideration of fixed costs for sending a flow from some origin to a destination.
The reduced costs from the lower bounding are used to guide a restart phase of
the algorithm. Lai and Hao (2016) apply ILS to obtain high quality candidate
solutions to the maximally diverse grouping problem, where the goal is to
partition the vertices of an edge-weighted and undirected complete graph
under some constraints on the group size. Wolf and Merz (2009) develop
an ILS algorithm to find a symmetric connectivity topology with minimum
power consumption in wireless ad-hoc networks. Benchmark results on large
instances with up to 1000 nodes show that their algorithm outperforms other
heuristics that were previously used to solve this problem. ILS has been
applied to image analysis tasks and Cordón and Damas (2006) applied it to
image registration, obtaining promising initial results. Imamichi et al (2009)
apply ILS as a method to improve the placement of irregular polygons in a
rectangular surface with the goal of minimizing, for a fixed width, the length
of the container so that no polygon overlaps with any other or protrudes
the container. The proposed approach allows overlaps but tries to minimize
them using nonlinear programming methods and swaps between polygons.
Few papers have considered the adoption of the ideas underlying ILS for
tackling continuous optimization problems. Kramer (2010) has explored a
simple continuous optimization algorithm, which embedded Powell’s methods
into an ILS for continuous optimization. Liao and Stützle (2013) use ILS as one
of the component algorithms in their hybrid, competition-based approach for
continuous optimization. This approach decides in a preliminary competition
phase which of two continuous optimizers, an ILS algorithm or IPOP-CMAES
(Auger and Hansen, 2005) to execute and then, in a second phase, continues
with the execution of the winning algorithm. This approach was a winner of
the CEC 2013 benchmark competition for real-parameter optimization.
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1.7 Conclusions
In the initial phases of metaheuristic research, many efforts were dedicated
towards developing and refining new metaheuristic methods and on studying
their performance and behavior. As such, the focus was on rather pure applications of the respective methods to tackle computationally hard problems.
Iterated local search contributed by relying on a clear principle that is easy to
identify and that leads usually to high-performing algorithms. In addition, ILS
algorithms are relatively intuitive to design and at the same time malleable.
Therefore, iterated local search served often as a basis for a larger algorithm
engineering effort if high performing heuristics are desired. This approach was
very successful, as shown by the various problems for which ILS algorithms
have been or still are state of the art. In later research efforts in the metaheuristics area, often hybrid methods were proposed that mix in one algorithm
concepts from different principles to derive effective algorithms (Blum et al,
2011; Maniezzo et al, 2009). Even if this trend somehow blurs the differences
behind the methods, it is nevertheless important to have methods that rely
on clear principles and to have knowledge of their particular strengths, which
can be exploited in the design of hybrid methods.
The research in heuristic search methodologies and metaheuristics, in
particular, has now reached a mature state and fundamentally new ideas
appear more and more rarely. Within this context, ILS has a clear role as
one of the main methods that offers an excellent trade-off between simplicity
and flexibility. As future trends we expect on one side that the number of
applications of ILS increases further, and that more complex problems, and
also non-combinatorial problems may be tackled by it. On the other side, as
the development of effective heuristic algorithms is becoming increasingly more
streamlined, we expect that the clear principles underlying ILS support well
a sound algorithm engineering effort. While traditionally, such an algorithm
engineering effort relied in part on the manuel configuration and tuning of
the algorithms, over the recent years the advent of automatic algorithm
configuration tools (Hoos, 2012; Stützle and López-Ibáñez, 2015) such as
ParamILS (Hutter et al, 2009), SMAC (Hutter et al, 2011), or irace (LópezIbáñez et al, 2011, 2016) has helped to alleviate the algorithm designer from
the manual algorithm design and parameter tuning tasks. In fact, we foresee
that in the future the development of effective ILS algorithms and, more in
general, of any other metaheuristic algorithms will be strongly based on the
exploitation of automatic algorithm configuration techniques.
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