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Abstract

We describe a new method for inferring state constraints from PDDL-style planning problems.
Planning systems can use state constraints as valuable domain-dependent knowledge to cut the search
space and to speed up planning. A large and important class of state constraints are c-constraints
which are prevalent among the constraints inferred by current techniques. These techniques are
restricted to c-constraints of a certain structure. The described method finds many of the c-constraints
which are found by other methods as well as complex c-constraints which cannot be inferred by current
techniques. The presented method takes PDDL input, is domain-independent, and does not use the
initial state of a planning problem.

1 Introduction

State constraints, also called state axioms or action invariants, are a valuable part of domain-dependent
knowledge for solving planning problems. Such a state constraint is a formula F' over states, such that:
If F holds for a state s, then F holds for any state reachable from s. For propositional, STRIPS-like
planning, several authors demonstrate the usefulness of state constraints by applying them in clausal form.
They extract those constraints from the planning problem [BF95, FNP197, Rin98], from the planning
domain [Sch98], or add them as domain-dependent knowledge [KS96].

Currently, the planning community moves away from STRIPS towards PDDL [MGH™T98], a language
whose syntax has features of first order logic. PDDL allows to describe complex planning problems in
a compact way. For example, PDDL allows parameterized operators with quantification and context-
dependent effects. The description of a planning domain in such a way helps to avoid unnecessary
repetitions and clarifies its structure.

A corresponding representation of state constraints uses predicates with quantified variables instead of
propositional clauses. In this paper we present an algorithm to infer quantified c-constraints. Constraints
of this class result from operators which simultaneously require and delete a predicate with the same
parameter vector, in which case we say they consume that predicate. State constraints of this kind are
the most prevalent among the ones which are currently automatically inferred and used. c-Constraints
assert that a domain object can only have exactly one property from a set of possible ones at a time,
e.g. that a block is on at most one location. Constraints of this type are present in well known planning
domains, like blocksworld and logistics.

The algorithm presented in this paper allows to find c-constraints of higher complexity than those
inferable with other methods known from literature. The following sections introduce c-constraints,
explain the mechanics of a domain which leads to c-constraints, and give an the algorithm for inferring
them. The final section shows directions for further work and gives concluding remarks.



2 c-Constraints

The method described in this paper allows to infer c-constraints, a class of state constraints, from PDDL
planning domains. In propositional planning domains, a c-constraint is a result of a set M of facts with
the following properties: If exactly one fact of M is active in a state s, at most one will be active in any
state reachable from s. If no fact of M is active, they stay inactive for all times. Formally, a formula
Frr(s)=|MnNs| <1 over states s is a c-constraint of a domain D, iff M is a set of facts with the following
properties: M has a size of two or more, every ground operator of D which adds a fact of M consumes
another element of M, and no ground operator of D adds two or more facts of M. It is obvious that
a c-constraint is a state constraint. A c-constraint F'p; depends only on the set M so we use the term
c-constraint for M, too.

It has several disadvantages to represent a c-constraint as set of facts: It is often the case that many
c-constraints of a domain have the same structure. For example in blocksworld, blocks can only be on
one location and for each block there is a corresponding c-constraint which asserts this property. The
representation of c-constraints by sets of facts does not reveal that they are related. Furthermore, the
number of facts in such sets can be large. If we represent such sets of facts by sets of predicates with
quantified variables, these properties of blocksworld can be stated with a single c-constraint consisting
of two predicates. To distinguish a predicate symbol from a specific predicate together with its (possibly
substituted) parameter vector, we call the first predicate and the second atom.

Corresponding to parameterized operators in PDDL, we describe the set of facts which represent a c-con-
straint with a set of atoms whose parameters are domain objects or quantified variables. The variables
of such sets can be restricted by inequality relations. Such a set of atoms M is just another represen-
tation for a set of ground facts if the variables in M are instantiated in all possible ways. For example, the
swap-n-replace domain which is given below has a c-constraint {(P A A), (P AB),(P B A),...,(Q B B)},
if A and B are the only domain objects. We write this set as {L | L=(Pzy)VL=(Qyz)}.

(define (domain swap_n_replace)

(:action swap (:action replace
:parameters (7pl 7p2) :parameters (?pl ?p2 7p3)
:precondition (P ?pl 7p2) :precondition (Q 7pl ?7p2)

;effect (and (not (P 7pl 7p2)) (Q ?7p2 7pl))) ;effect (and (not (Q 7pl 7p2)) (P ?7p3 7p2))))

3 Iterative Construction of c-Constraints

The c-constraints of a domain are a result of the consumption of atoms in operators. We use this property
of operators to find c-constraints with a fixpoint computation. The computation starts with a set M
consisting of a single fact. Each set M; corresponds to the hypothesis that the atoms in M; are a subset
of a c-constraint. In step 7 of the computation we calculate M; by adding new atoms to the set M; 4
which are consumed by operators that add an atom of M; ;. We repeat this process until we cannot
further extend M; and we have reached a fixpoint. In the following we describe how to extend and reject
hypotheses such that all conditions of the definition of c-constraints are met and the hypothesis in a
fixpoint is a c-constraint.

Let us assume that the set M, ; is a subset of a c-constraint M. Every operator that adds an atom of
M;_; has to consume an atom of M in turn. We extend a hypothesis by choosing an atom Ly of M; 1,
where +y is the substitution of the parameter vector of L. For each operator o which adds L we compute
the most general substitution o for the parameter vector of o such that oo adds at most Ly. We know
from the definition of c-constraints that oo has to consume an atom of M, so we extend the hypothesis
M; 1 with a consumed atom of oo. That way, each hypothesis is larger or of equal size than its preceding
one. For the initial hypothesis we use a single atom Loy where L is a predicate and o substitutes every
parameter of L with an arbitrary but fixed domain object.



We find the most general substitution ¢ for an operator o by using the substitution « for the parameter
vector of the added atom. The other parameters of o are substituted with new variables. With such a
substitution, all consistent ground instances of operator oo add a ground instance of Lvy. We can restrict
the substitution o further if some of the instantiations of oo are inconsistent in an unambiguous way:
If oo has the same predicate in both its added and deleted effects and their parameter vectors differ in
exactly one position, the substitution of these two parameters has to be distinct. The size of a hypothesis
is not allowed to decrease, so we do not set these parameters unequal if both are part of substitution ~.
Otherwise we add the corresponding inequality to substitution o.

Let us give an example how this works in the blocksworld domain as given below. As our initial
hypothesis My, we choose the atom (on X Y') where X and Y are arbitrary objects. The fact (on X Y) is
added by operator 01 = move-from-table(?pg ?p;) with the substitution o3 ={?po\ X, ?7p1\Y }. Operator
0101 consumes (on-table X) which extends My and results in M; = {(on X Y), (on-table X)}. Atom
(on-table X) is in the added effects of operator 0y = move-onto-table(?pg ?p;) with the substitution
o2 ={?po\ X, ?p1\ 2z}, where z is a new variable. Operator o205 consumes (on X z) which extends Mj.
This results in hypothesis My ={L | L =(on X z)V L = (on-table X)} which is a fixpoint. Therefore,
Mo is a c-constraint of the blocksworld domain for every block X. Note that the current version of our
algorithm does not use explicit inequalities between parameters of operators. In a blocksworld domain
without inequalities it is possible to move a block onto itself.

(define (domain blocksworld)

(:action move (:action move-onto (:action move-from
:parameters (7pl 7p2 7p3) :parameters (7pl 7p2) :parameters (7pl 7p2)
:precondition (and (clear 7pl) :precondition (and :precondition (and (clear 7pl)
(on 7pl 7p2) (clear 7p3)) (on 7pl 7p2) (clear 7pl)) (on-table 7pl) (clear 7p2))
:effect (and (on 7pl 7p3) :effect (and (on-table 7pl) :effect (and (on 7pl ?7p2)
(clear 7p2) (not (on 7pl 7p2)) (clear ?7p2) (not (clear 7p2))
(not (clear ?7p3)))) (not (on 7pl 7p2)))) (not (on-table 7p1)))))

How do we reject a hypothesis which does not lead to a c-constraint? If a set of atoms M is not a
c-constraint of a domain, this domain contains an operator o which either adds an atom of M but does
not consume any, or o adds two or more atoms of M. The first case is covered in the following way: If
we have to consider an operator which does not consume an atom and therefore violates the definition
of c-constraint, we reject the current hypothesis. To cover the second cause for rejection, we construct a
set M; for each hypothesis M;. We know that all added effects of an operator o, besides the element of
M;, cannot be element of the hypothesis. We collect these atoms in M; and refuse any extension of M;
with atoms that have an instantiation which is also element of M;.

We use M; to collect further atoms which enables us to detect inconsistencies more early. A c-constraint
holds for a state iff exactly one of its elements is active. Operators which consume two or more atoms
of a c-constraint are not applicable in such states. If we choose a consumed atom of an operator o to
extend a hypothesis M;, we add all other consumed atoms of o to M;. Note that with this mechanism
the algorithm does not find some c-constraints which it could find otherwise but we are not aware of any
domain for which this is the case.

Let us show an example of rejecting a hypothesis. Reconsider the blocksworld example given above.
Again we start with (on XY) and our hypothesis M; is {(on X Y), (on-table X)}. Now we choose
atom (on X Y') again, which is also in the added effects of 03 = move(?py ?p1 ?p2) under the substitution
o3 ={"po\X, ?p1\u, ?p2\Y,u#Y }. Note that instantiating the second and third parameter of move with
the same object makes this operator inconsistent. We choose (clearY’) as extension, which results in
My={(onXY), (on-table X), (clear Y)} and My={L | L=(clearu)V L= (on X u),u#Y}. We now
consider (on-table X) and the operator move-onto-table(X v). This operator consumes only (on X v).
This atom collides with My and we reject hypothesis M. If we choose (on X z) from the consumed atoms
of o303, we reach the same fixpoint as above.



1 proc extend M (L, H) where H=(M, M,X)

2 if ( Ly conflicts with M ) return;
8 if ( Ly extends M )
4 M = M extended by L~
5 foreach operator o do
6 foreach L in the added effects of o, where L is the ith occurence of L do
7 o is the substitution for o such that L~y is added by L’ of oo
8 if (oo is not consistent ) continue
9 E := (X, X) where
10 X = consumed atoms of oo
11 X = added atoms of oo without Lo
12 X :=XU{E}
13 od
14 od
15  if ( the set of extension tuples X is empty )
16 if ( there are two or more ground facts in M )
17 accept M as c-constraint
18 return
19 choose and delete an E from X, where E= (X, X)
20  if ( X conflicts with M ) return
21 M := M extended by all atoms in X
22 foreach atom P§ in X do
23 X' := X without P§
24 if ( X’ conflicts with M ) continue
25 M’ := M extended by X’
26 extend M ( P§, (M, M’ X))
27  od
28 .

Table 1: The algorithm to infer c-constraints from PDDL-like domains. If the current hypothesis M results in a
conflict, it is rejected (lines 2, 20 and 24). If the current extension L~ is not already included in M, the algorithm
computes all possible extension tuples E and adds them to X (lines 3 to 14). If there are no more extension tuples,
M is a c-constraint (line 17). If not, the algorithm chooses an extension tuple and updates the set M of atoms
which cannot be part of the hypothesis (lines 19 to 21). Then the algorithm recurses by trying each element of
X as new extension under the refined hypothesis (lines 22 to 27).

4 The Algorithm

In the previous section we explained a method for inferring c-constraints from PDDL planning domains.
In this section we outline an algorithm which implements this method. The algorithm, as given in Table 1,
is a recursive procedure which takes an atom and a triple (M, M, X) and either accepts M as c-constraint,
refines the triple and recurses, or rejects it. M is a set of atoms which cannot be element of M and X is a
set of extension tuples. Such an extension tuple (X, X) consists of two sets of atoms, where the atoms in
X are possible extensions of M and the atoms in X extend M. The algorithm tries every atom of X as
possible extension. As explained in the previous section, we do not allow operators which consume two
or more atoms of a c-constraint, so the other elements of X extend M.

Conflict and extension are defined as follows. Recall that a set of atoms M is a set of facts, which
results from instantiating the atoms of M in all possible ways. An atom P can extend a set M iff there is
a ground instantiation of P which is not element of M. An atom P resp. an set of atoms X can conflict
with M iff there is a ground instantiation of P which is element of M resp. X and M have a common
fact. To extent M by P, we add P to M. If there is an atom P’ in M and all ground instances of P’ are
also ground instances of P, we remove P’ from M. A substitution is found as explained in the previous
section.

The algorithm is correct. Let us assume the opposite. Then the algorithm computes a set M for a



domain D and M is not a c-constraint for D. Either this implies that M contains less than two facts,
which is excluded in line 16, or there has to be a state s in which one fact of M is active, an operator o
of D, applicable in s, and the application of o results in state s’ where two or more facts of M are active.
There can be two reasons for this: (1) o adds two or more facts of M, and (2) o adds a fact of M without
consuming any. In case (1), the algorithm chooses one added atom of o (line 22) and excludes the others
(line 25). We assumed that two added effects of o are in M. Therefore M has a conflict with M and the
hypothesis is rejected in lines 2 or 20. Case (2) leads to a contradiction, too. All consumed predicates
(line 10) are tried as extension (line 22) and therefore extend the hypothesis (line 4). According to the
assumption, none of them becomes part of M, so no recursive call in line 26 succeeds and the algorithm
does not find a state constraint. Both cases fail so the assumptions is false and the algorithm is correct.

This algorithm does not find all c-constraints because it uses simplifications to cut the search space. We
mentioned earlier that it does not handle operators which consume two or more atoms of a c-constraint.
Another restriction is the use of atoms instead of ground facts. The presented algorithm considers the
same consumed effect for all ground instantiations of an operator. Although c-constraints of this kind
are the most prevalent, there are domains like the explode domain below where different instantiations
of an operator consume different facts of a c-constraint. For this domain, the given algorithm finds only
the two c-constraints {L | L = (onexz)V L = (center)} and {L | L = (twox)V L = (center)} where all
instantiations of out resp. in consume the same atom.

(define (domain explode)

(:action out (:action in
:parameters (7pl) :parameters (7pl)
:precondition (and (one 7pl) (two 7pl)) :precondition (center)
reffect (and :effect (and
(not (one 7p1)) (not (two ?pl)) (center))) (not (center)) (one 7pl) (two 7pl))))

The presented method infers the variables of c-constraints from the parameters which are used to
define a domain in PDDL. If a PDDL domain is defined with ground operators, the algorithm will find
c-constraints which consist of sets of ground facts. Ground operators do not have inequalities and cannot
be instantiated in different ways, so some restrictions of the method do not apply to them. For a domain
like explode, the algorithm infers more c-constraints for the version with ground operators than for the
parameterized version. This can result in exponential runtime if the number of c-constraints is exponential
in the size of the domain, like it is the case in the explode domain.

Let us give a preliminary complexity result for propositional domains. Procedure extend M can be
invoked once for every consumed effect of an operator o and the number of times o is considered is
bounded by the number of facts in the added effects of 0. The recursion is started with every ground fact,
o this is the minimum number of invocations. In its given version, the algorithm can find a c-constraint
several times, once for each initial hypothesis. With a small enhancement, a c-constraint is found at most
once. Let max,qq and max.yns be the maximum number of added and consumed facts of an operator,
respectively, and nbgps and nbg,ts be the number of operators and facts of the domain, respectively. Then
the worst case complexity of the enhanced version is O( (max,qqMaXcons ) PP +Nbgacts ) for propositional
domains.

In its current version, the algorithm does not use some major features of PDDL like inequalities and
types. For this reason we use simplified test domains. The algorithm finds the c-constraints of the
simplified blocksworld domain as well as the c-constraint {L | L=(atzY)VL=(inxz Z)} for arbitrary
domain objects Y and Z of the rocket and the logistics domain.

5 Discussion and Conclusion

We have provided a correct algorithm for inferring a large part of the class of c-constraints, an important
class of state constraints. Some of these c-constraints could not be found before. They are derived
from domain descriptions, without the use of the initial state of a planning problem. The algorithm uses



operators that have a predicate together with its parameter vector both in the preconditions as well in the
deleted effects. The algorithm does not pose further requirements on the parameter vector of operators
and predicates.

There are other systems which generate state constraints of this kind: DI1SCOPLAN [GSb98] covers
sv-constraints and implicative constraints. The first are inferred for predicates which are always consumed
and added simultaneously and whose parameters differ in exactly one place. DISCOPLAN cannot infer
sv-constraints with more than one predicate, so they correspond to a subset of the constraints found by
the presented method. The implicative constraints found by DISCOPLAN can include predicates which
do not appear in the effects of operators. It finds some inequalities between the parameters of state
constraints, e. g. that the predicate on of blocksworld is irreflexive. Such constraints are not covered by
the presented method. On the other hand, DISCOPLAN cannot find all implicative constraints based on
consumption, for example that in blocksworld all blocks can only be on one surface.

Another system is TIM [FL98]. It extracts from a domain the possible transitions of predicates and
their parameters during the execution of a plan. These transitions are further analyzed and result in a
variety of different state constraints, of which some are also found by the presented method. TiM does
not find inequalities between the parameters of state constraints. Similar to DISCOPLAN, TIM uses the
position of arguments and it cannot handle state constraints with predicates whose parameters are not
independent. As a result, TIM does not infer the state constraint of the swap_n_replace domain.

This is work in progress. The current version of the algorithm can have an exponential runtime in
terms of input size. Planning domains with such a behavior seem to have a regular structure and we hope
to cover them as a special case. The algorithm does not cover mayor features of PDDL. It is straight
forward to include types and explicit inequality relations. Our future work will consist of extending the
algorithm to a system which handles and analyzes full PDDL.
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