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—— Abstract

In large neighbourhood search (LNS), an incumbent initial solution is incrementally improved by
selecting a subset of the variables, called the freeze set, and fixing them to their values in the
incumbent solution, while a value for each remaining variable is found and assigned via solving
(such as constraint programming-style propagation and search). Much research has been performed
on finding generic and problem-specific LNS selection heuristics that select freeze sets that lead to
high-quality solutions. In constraint-based local search (CBLS), the relations between the variables
via the constraints are fundamental and well-studied, as they capture dependencies of the variables.
In this paper, we apply these ideas from CBLS to the LNS context, presenting the novel dependency
curation scheme, which exploits them to find a low-cardinality set of variables that the freeze set of
any selection heuristic should be a subset of. The scheme often improves the overall performance of
generic selection heuristics. Even when the scheme is used with a naive generic selection heuristic
that selects random freeze sets, the performance is competitive with more elaborate generic selection
heuristics.
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1 Introduction

Large neighbourhood search (LNS) [12, 9] is a method that combines systematic search with
local search to improve the scalability of the former on constrained optimisation problems
using heuristics of the latter. LNS starts from an incumbent solution that is iteratively
improved by fixing a subset of the variables to their values in the incumbent solution and
a value for each remaining variable is found and assigned via solving (such as constraint
programming-style propagation and search). This method has been very successful on a wide
variety of problems, such as vehicle routing [12, 1], bin packing [16], and scheduling [2, 13].
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Traditionally, a modeller has to construct a problem-specific selection heuristic for the
determination of the subset of variables to fix [2, 11]. However, there are now many variants
of LNS that automatically determine that subset with good search performance, such as (but
not limited to) (reverse) propagation guided LNS [8], cost impact guided LNS [4], explanation-
based LNS [10], self-adaptive LNS [14], and variable-relationship guided LNS [13].

In most combinatorial optimisation solvers, such as for mixed integer linear programming,
constraint programming (CP), Boolean satisfiability (SAT), and constraint-based local search
(CBLS), when some variable  becomes fixed, the values of some other variables can be found
and assigned via search-free unique solving (via inference such as CP propagation, SAT unit
propagation, and CBLS invariant propagation). Therefore, the relations between x and the
assigned variables are functional dependencies. In CBLS, these functional dependencies are
fundamental and heavily studied [6, 7, 15, 3]. We have not found generic LNS selection
heuristics or CP branching heuristics that automatically exploit these functional dependencies
that are exploited in CBLS. However, they are often exploited manually by the modeller
when for example creating a problem-specific CP branching heuristic that guides search.

Our contributions are:

applying from CBLS to a CP context (and hence to CP-based LNS) the idea of a directed

possibly cyclic graph that is induced by the functional dependencies between variables

via the constraints of the model;

designing a scheme that exploits the induced directed graph to remove variables from the

LNS space that are functionally defined by others;

describing how our scheme can be automated;

showing that state-of-the-art generic LNS selection heuristics are easily extended to make

use of our scheme;

showing that our scheme often improves the overall performance when used with state-of-

the-art generic selection heuristics; and

showing that our scheme, when used with a naive generic LNS selection heuristic that

fixes a set of variables selected at random inside each LNS iteration, is competitive with

more elaborate state-of-the-art generic LNS selection heuristics, even when they also use
our scheme.

We first present how to apply the idea of a dependecy graph to a CP context (and hence
to CP-based LNS) in Section 2. We give the background to our scheme in Section 3. Finally,
we conclude in Section 4.

2 The Dependency Graph of a CP Model

In a CP model, some constraints are dependency constraints, where a dependency constraint c
on the variables X = ZUQO determines the values of the variables in O when the variables in 7
become fixed. We can view c as a function that determines the values of output variables O
when the input variables Z become fixed. We say that c is a dependency constraint and that Z
functionally defines O via ¢, denoted by T == O, or simply that Z functionally defines O.
For example, consider the integer variables y and i, the array P of integers, and the
constraint ELEMENT(P,4,y), which constrains y to be equal to the integer in P at index i.
When ¢ becomes fixed to some value v, the value of y becomes assigned to the integer in P
at index v. The constraint is a dependency constraint, via which ¢ functionally defines y
For a CP model, the dependency constraints and the variables induce a directed graph,
called the dependency graph [5], where for each set Z of variables that functionally defines a
set O of variables via some dependency constraint c, there is a vertex d, an arc x — d for
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each vertex x € Z, and an arc d — y for each vertex y € O. Note that the dependency graph
is possibly cyclic. Also note that all the variables and all the dependency constraints are in
the dependency graph, while the other (non-dependency) constraints are not.

For any acyclic dependency graph, the source variables transitively functionally define all
remaining variables. Therefore, for any acyclic dependency graph, the minimum-cardinality
set of such variables is the set of source variables. However, this does not always hold for a
cyclic dependency graph. In Section 3, we present a greedy scheme that, given a CP model
(inducing a cyclic or acyclic dependency graph), finds a low-cardinality set of such variables,
which can be exploited to guide LNS.

3 Dependency Curation for LNS

Typically, in generic selection heuristics, the freeze set is gradually updated inside each
LNS iteration to include variables such that many other variables are assigned values via
CP-style propagation [8, 13]. For these selection heuristics, such variables are found either
experimentally or heuristically during search.

We call any set of variables that transitively functionally define all remaining variables a
set of search variables, as only their values must be found via search.

Consider a CP model with the set V of variables. Finding a set S C V of search variables
is trivial as V itself is a set of search variables, though of maximum cardinality. Our idea is
that the smaller the set S is, the more CP-style propagation will occur, as the value of each
variable in V' \ § is found and assigned via only propagation (as S transitively functionally
defines V' \ §). Additionally, for any (generic or problem-specific) selection heuristic, if the
freeze set is forced to become a subset of S, then the LNS space is reduced, no data has to
be stored, and no operations have to be performed on any variable in V \ S by the selection
heuristic, potentially improving its memory footprint and running time.

Note that if the dependency graph is acyclic, then the minimum-cardinality set of search
variables is the set of source variables. Otherwise, the dependency graph contains at least one
strongly connected component (SCC) with two or more vertices, and finding a low-cardinality
set of search variables is a subtle issue, as discussed next.

As the variables and dependency constraints are known up-front, a low-cardinality set
of search variables can be constructed before search starts. A (generic or problem-specific)
selection heuristic can use the constructed set of search variables throughout search by forcing
the freeze set to be a subset of that set.

Our scheme, called the dependency curation scheme (DCS), finds a low-cardinality set of
search variables given the variables, vertices, and arcs of a dependency graph.

4 Conclusion and Future Work

We have presented our dependency curation scheme (DCS), which can be used with any
(generic or problem-specific) LNS selection heuristic. We have compared the performance of
a naive generic randomised selection heuristic and more elaborate state-of-the-art generic
selection heuristics from the literature both with and without DCS, revealing overall improved
performance when using DCS. Our experiments show that the performance of using DCS with
the naive randomised selection heuristic is competitive with the more elaborate state-of-the-art
generic selection heuristics, even when they use DCS.
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