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Abstract: Reformulating Artificial Intelligence Planning problems as Constraint Satisfaction Problems
(CSPs) brings a number of benefits. In this reformulation process however, the structure of the original plan-
ning problem is lost. Therefore, no planning problem specific guidance may be used during the assignment
of values to the CSP variables. Extending work, in which we implemented a planning-specific CSP variable
and value selection heuristic, the work described here aims to make better use of the propagation inherent in a
given CSP solver by using CSP meta variables. Such meta variables are used here for goal-locking and for the
assignment of resources to tasks within the problem solution process, with the aim being to reduce the search
space, and to better guide the search within it.

1 Introduction

AI planning problems are generally described using the
Planning Domain Definition Language (PDDL) [9]. Prob-
lems described in this way are then fed in to an application
called a planner in order to find a solution. Planners are
complex, often requiring much time and effort to build.

Instead of building a specialised application, it is possible
to use the constraint programming paradigm, reformulat-
ing the original planning problem as a Constraint Satisfac-
tion Problem (CSP) [2]. By doing this, it is possible to use
generic CSP solution methods to solve the planning prob-
lem, and then convert the CSP solution back into a form
that is a useful solution to the original problem.

Whilst generic CSP heuristics do aid the process of
choosing values for each of the CSP variables (labelling),
they fail to capitalise on the inherent structural information
found in the planning problem. In previous work [8], the
author presented a planning-specific CSP variable and value
selection heuristic. This current work builds on that foun-
dation by making use of CSP meta variables.

CSP meta variables are used both for goal-locking and
for resource-to-task assignment. In the former case, ad-
ditional inferences may be made as a result of the goal-
locking meta variables being assigned values, which leads
to reduced run time and less backtracking in the solution
process for certain problems. In the latter case, preliminary
work has shown that, by using meta variables to represent
a given resource to task allocation, more efficient solutions
are possible.

2 Background

The AI planning considered in this project is known as
STRIPS planning [3], in which it is assumed that only spec-
ified actions can change a state and that they do so instan-
taneously, with the resulting state being predictable. The
state space is required to be finite and fully observable.

A STRIPS planning problem, P = (O,I,G), where O is a
set of operators, I is a conjunction of fact literals describing
the initial state, and G another conjuction of facts describ-

ing a partially specified goal state.
In order to construct a CSP representation, the original

planning problem (described in PDDL) was converted into
a representation based on SAS+ [1]. The SAS+ approach
may be considered more concise than STRIPS since a given
planning problem can be encoded with many fewer vari-
ables, each with a larger range of possible values. This is
helpful [2] when considering reformulation of a planning
problem as a CSP.

Instead of labelling each of the CSP variables using a
generic CSP variable and / or value selection heuristic, use
is made of the problem’s causal graph (CG) [6], which cap-
tures the causal dependencies between the SAS+ variables.
With this approach, the goal-state variables may be used in
a planning specific heuristic algorithm [7] to better guide
the variable and value selection process.

The result of using such a goal centric heuristic is a plan
comprising a series of sub plans, each of which satisfies one
of the goal-state goals. Figure 1 gives an example of this for
a small logistics problem, showing the first sub plan.
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Figure 1: Partial solution matrix with 1st subplan.

3 CSP Meta Variables for AI Planning

The solution of a CSP requires that a value is found for
each of the variables, and that such values are taken from
the respective domains of those variables. Additionally, the



set of values assigned must simultaneously satisfy all of the
declared constraints. However, certain values for a given
variable may be interchangeable [4] with no impact on the
solution(s). A value, b, for a CSP variable, V, is fully in-
terchangeable with a value, c, for V iff: 1. Every solution
to the CSP which contains b remains a solution when c is
substituted for b, and 2. Every solution to the CSP which
contains c remains a solution when b is substituted for c.
Where it is possible to eliminate interchangeable values in
CSPs, a clustering of subsets of the original CSP variables
may be achieved, with a set of meta-variables created.

A meta-CSP of a ground CSP, X, consists of variables
that correspond to subsets of the variables in X. The values
of the meta-variables are the solutions of the problems in-
duced by the subsets of variables. The constraints between
the meta-variables are satisfied when all of the constraints
from the original CSP are satisfied. Applying this concept
to a CSP encoded planning problem [5] allows a meta-CSP
to be constructed, the variables of which represent the goals
of the original planning problem. For a planning problem,
P = (O,I,G), the meta-CSP is a CSP where |X| = |G| and
Di = { a | gi ∈ add(a)}. Each variable represents a goal,
gi ∈ G, with the associated domain containing only the ac-
tions that achieve gi. Such actions have gi in the add list of
their effects. With a variable assigned a value in this repre-
sentation, 〈xi, a〉, the meaning is that a is the final achiever
of gi. This means that it is not possible for any action ap-
pearing later in the plan than a to delete gi. This is shown in
the partial solution matrix below (Figure 2) for the example
in Section 2.

It is clear from Figure 2 that the domain (search space) of
each the action variables, Ac8 to Ac23, has been reduced,
giving the heuristic algorithm even less choice than before,
leading to more efficient solving (Figures 3 and 4).

The second use of meta variables allows a meta variable
to be assigned a value depending on which of the avail-
able resources are allocated to each of a problem’s tasks.
By labelling these meta variables, and using this to direct
the search for actions to form a plan to satisfy the prob-
lem’s goals (tasks), it is possible to show that such plans
can be built faster, often with fewer backtracks, and some-
times with fewer actions. Although this part of the project
is ongoing, results look promising.
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Figure 2: Partial solution matrix with goal locking applied.
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Figure 3: Runtime with & without meta-variables.
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Figure 4: Backtracks with & without meta-variables.

4 Conclusion
Depending on the structure of a particular problem, action
pruning resulting from the increased inferences (due to the
use of meta variables) may lead to a reduction in the amount
of both runtime and backtracking required to find a solution
to the given problem. However, whilst such propagation
may aid faster solution, the increased number of constraints
and associated processing may be an overhead. Further,
the overall impact will depend on the causal dependencies
between as yet unassigned CSP variables and those recently
locked.
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