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Abstract Recent progress in the applications of propositional
planning systems has led to an impressive speed-up of solution
time and an increase in tractable problem size. In part, this
improvement stems from the use of domain-dependent knowl-
edge in form of state constraints. In this paper we introduce a
different class of constraints: action constraints. They express
domain-dependent knowledge about the use of actions in solu-
tion plans and can express strategies which are used by human
planners. The use of action constraints results in a tendency to
better plans. We explain how to calculate and apply action con-
straints in the framework of parallel total-order planning, which
is the design of the most powerful planners at the moment. We
present two classes of action constraints and demonstrate their
capabilities in the planner PROBAPLA.

1 Introduction

Recent progress in the applications of propositional planning systems has led
to an impressive speed-up of solution time and an increase in tractable prob-
lem size. In part, this improvement stems from the use of domain-dependent
knowledge [BK96, KS96]. This knowledge can be formalized as axioms about
properties of plans and many planning formalisms can incorporate them easily.
A domain-independent planning system has to generate these domain-dependent
axioms automatically via preprocessing of the planning problem. By now, these
preprocessing methods have concentrated on the generation of state constraints
[GSb98, FLI8] which are very successful. Their expressiveness does not cover the
whole space of domain-dependent knowledge, which gives rise to the hope that
other types of constraints can advance planning in a similar way.

Human planners take a different approach for using domain-dependent knowl-
edge: They try to avoid actions and action sequences without useful effect or to
try the best combination of actions for solving a subproblem. Similar to state
constraints, this knowledge can be formulated as action constraints. These elim-
inate some preliminary plans and solutions from the search space which allows
to solve larger problems in shorter time. An additional effect is a tendency to
better plans.



Current planner use action constraints as heuristic [KS98] or as post-pro-
cessing technique for specific domains [AK97] in a domain-dependent way. Our
approach is different: We present action constraints for domain-independent plan-
ning. This requires to consider several issues which depend on each other: (1)
What class of action constraints do we want to use? (2) How does the corre-
sponding constraint look like for the used planning formalism? (3) How can we
calculate the domain-dependent knowledge for a given planning problem? (4)
How do we use the action constraint once it is calculated, and finally (5) what
are the expected improvements of its use? The designer of a planning system has
to weigh up these issues. This paper presents some points in her decision space
and explains their interconnections.

The paper is organized as follows: In the next section we introduce action
constraints and action patterns (1,2). The following section explains how to find
and use action constraints based on patterns for a parallel total-order planner
and for a given planning problem (2,3,4). Then we present two constraints (1):
The rsa constraint deals with the subsumption of action sequences of the length
two. The top constraint allows total-order planners to have a similar search space
as partial-order ones. The final part of the paper demonstrates these constraints
(5) and gives concluding remarks.

2 Action Constraints

The quality of a planning method is measured by three criteria: planning speed,
the class of planning problems it can handle, and the quality of its solutions.
State constraints are a successful method to improve the first two criteria, but
unfortunately they are not helpful in regard of the third. Rating the quality
of plans and searching for good solutions requires to discern between different
solutions and to discard unwanted ones but state constraints hold for all plans.
Furthermore, the common definition of a good plan is to be short and to contain
few actions. These criteria do not involve properties of states. For this reason we
introduce constraints about actions which are axioms that hold for all actions in
a wanted solution.

Practical planning requires the use of fast and secure techniques. For this
reason we introduce a restricted class of action constraints which are based on
patterns of actions. Their use is similar to a keyhole technique used by human
planners, which examine actions in adjacent time steps. In case that they find a
suboptimal pattern of actions they remove it or replace it with a more optimal
one. An example is the representation of a door. A human planner does not
open and close a door without an action inbetween. Such a sequence of actions
is suboptimal in any case and she detects them by examining a small part of a
plan.

An action pattern is a set of actions together with their mapping to time steps,
which is part of a plan. An action constraint is based on a set of patterns P iff it
eliminates all plans which contain a pattern of P and holds for all other plans.
Replacing an action pattern A with A’ in a plan means to remove exactly the



actions of A and to insert exactly the actions of A’. An action pattern does not
depend on other properties of plan, like the activity of facts or the time step it
is placed at. This simplifies the calculation and application of the corresponding
action constraint.

In this paper we use a compact way to write action patterns: Actions on the
same time step are given as a set and adjacent time steps are connected by o. In
case that we assign a single action to a time step, we drop the brackets. For the
above example of representing a door, the action constraint can be formulated as
Ya. name(a, ‘open door’) — fa’. aca’ Aname(a’, ‘close door’). The replacement
operation removes this action pattern by replacing it with the empty pattern.

The elimination of solutions from the plan space can make a planning problem
unsolvable for a planning system, as it is the case with bounding the length of
the considered plans. On the other hand we expect planning systems to compute
a single solution and loosing some solutions can be an advantage. If a technique
guarantees to preserve at least one solution of a solvable planning problem, it
is safe to apply this technique. We call planning methods with that property
solution-safe.

Some planning systems, like CNF-based ones, search for arbitrary solutions
and stop after they find the first one. Action constraints which eliminate plans
other than the optimal ones improve the solution quality of these planners. An
action pattern A is called suboptimal according to an objective function o iff (1)
every solution plan P which contains A can be transformed into a solution P’ not
containing A by replacing A with another action pattern, and (2) P’ is better
or at least of equal quality as P according to o. Action constraints based on
suboptimal patterns are always solution-safe: The better plan does not contain
the pattern, so that it complies with the constraint.

The elimination of suboptimal solutions and the general reduction of search
space size has an effect on the planning speed and the size of tractable problems.
Often it is harder to find an optimal solution than finding an arbitrary one, e. g.
it is possible to find a solution to a blocksworld problem in polynomial time but
finding an optimal solution is NP-complete [Byl94]. On the other hand, reducing
the search space can result in a faster search, even if the solution set is not
changed.

3 Generation and Use

The idea of action constraints is useful for planning in general. For example it
seems to be helpful for any planning system and any planning problem to avoid
action patterns without effect. Nevertheless, an action constraint for a specific
planning problem is domain-dependent knowledge, so domain-independent plan-
ners have to calculate them from the problem description. Planning systems
use various formalisms, representations, and search methods. Action constraints
form one small wheel in this machinery and have to adopt its characteristics.
For example consider the definition of conflict: Parallel planners cannot assign
actions to the same time step which add and delete the same fact. With linear



ai: pre az: pre fi as: pre fi aq: pre
add fi add f2 add 0 add fa2
del 0 del f1 del f1 del f1

Figure 1. Example of simple action patterns. An action a annuls an action a’ iff
del(a) is a superset of add(a’) and patterns of annulling actions can be suboptimal.
The following three anulling action patterns are different in respect to their optimality
and replacement operation: a;o az is not suboptimal as fa can be necessary for a
solution and a2 depends on a;. The patterns a;o as and ajo as are suboptimal but
require different replacement operations. The first one has no combined effect and can
be removed. The second pattern has the combined effect of adding f2. Action a4 does
not depend on an effect of a1, so that a; can be removed.

planning methods these add/del conflicts cannot occur. Action patterns which
are suboptimal for a linear planner can be optimal for a parallel one, if all its
replacements result in an add/del conflict. Some action constraints are based
completely on a characteristic of a planning formalism, so they are not usable
for planners with different design. For example the patterns for the top constraint,
explained in Sect. 5, are usable only for total-order planners.

A generic way to find a pattern-based action axiom for a planning problem is
to enumerate and examine all patterns of the considered size. For many classes
of constraints there are more efficient algorithms: The actions of a pattern are
related, so that enumerating the facts required or changed by an action and the
actions which require or change a fact cuts the search space. The same holds
for finding a replacement pattern. After calculating all patterns it is easy to find
the corresponding axiom: It has to be violated for every plan which contains a
suboptimal pattern and not violated otherwise.

Even for simple classes of patterns it can be hard to specify a set of replace-
able action patterns and their replacements. Figure 1 presents annulling pairs of
actions. The patterns of this class are devided into three subclasses which have
to be handled differently.

Planning systems use action constraints in various ways. The action axiom
can be encoded into a plan space representation so that it does no longer include
the corresponding suboptimal plans or it can be used to prune the search tree
directly. In case that a planner calculates the corresponding replacement opera-
tion, it can perform the replacements during its search phase. If the replacement
operation just eliminates an action, the planner can remove this action from the
planning domain in advance. Ambite and Knoblock [AK97] perform the replace-
ments as post-processing. They introduce a planning method which attempts to
find an initial solution quickly. Then, they rewrite this possibly suboptimal plan
by applying the action constraints as rewriting rules.

In this paper we assume a parallel total-order planning formalism. An action
a consists of preconditions, added effects, and deleted effects, abbreviated by
pre(a), add(a), and del(a), respectively. Preconditions and effects are sets of posi-
tive facts without quantification, and actions are not allowed to add one of their



ﬁrst time step is safe both are not safe

Figure 2. Examples for replaceable action sequences in the blocksworld domain. In
Fig.2(a) the sequence move(A, B, C')omove(A, C, Table) can be replaced in a solution-
safe way by move(A, B, Table) on the time step of the first action. The table is always
clear, so that this fact cannot be the cause of a conflict. In Fig. 2(b) we cannot replace
any sequence if we want to find a plan with optimal length because it is not possible
to insert the replacing action into the first or the second time step: Blocks A and C
mutually occupy the target location of each other.

preconditions. An action in a plan has a conflict in case that one of its precondi-
tions is inactive. In addition, two actions on the same time step have a conflict
if one deletes a precondition or an added effect of the other. Several successful
planning systems use this design for their internal representation: GRAPHPLAN
as well as BLACKBOX and other planners of the AIPS’98 planning competition.
In the following we present two action constraints, rsa and top.

4 Replaceable Sequences of Actions

In many planning domains there are sequences of actions which have the same
effects than a single action.! Examples are planning domains with locations:
Instead of moving the same object in subsequent time steps it is often possible
to place it in its final location right away. Eliminating these replaceable sequences
of actions rsa leads to more optimal plans. Due to the computational complexity
we will examine only sequences of the length two which are not suboptimal
otherwise.

A sequence a0 as is replaceable by an action a but a cannot replace a; or as
directly if both a; and as have weaker preconditions, more added effects, or less
deleted effects than a. Their sequence is replaceable by a, so that each of a; and
as has to have the missing preconditions or deleted effects, and delete or require
the extra added effects of the other. According to these cases, replaceable action
sequences are defined as follows:

Definition 1. The action sequence a1 as is called replaceable by an action a
in case that a fulfills

pre(a) C pre(ay) U pre(az)\add(aq) A

add(a) 2 (add(a;i)\del(az)) U (add(az)\pre(a)) A

del(a) C (del(ay)\add(az)) U del(az)

! The same is true for single actions. Due to the limited space we will not exemplify
this case.



If no action is in parallel to a replaceable action sequence aj0as, the sequence
is suboptimal and its replacement reduces the plan length by one time step. This
is always the case for linear plans. Actions in parallel to the sequence can conflict
with the replacing action. Placing a replacement in a time step is solution-safe
if such a conflict cannot occur. Figure 2(a) exemplifies this case. If the replacing
action can cause a conflict in both time steps, the replacement operation has
to insert it into an additional time step. Figure 2(b) shows that this can result
in plans with suboptimal length. Besides the mentioned add/del problem, these
conflicts occur if a; adds a fact which is required at the next time step or as
deletes a fact which is required at the preceding time step. The replacing action
can add these facts too late or delete them too early, respectively.

5 Searching a Total-Order Representation in
Partial-Order Style

Beginning with the view of planning as satisfiability problem [KS92] and the
introduction of planning graphs [BF95], the most powerful planners are based
on a total-order plan representation. Despite this fact, it is well known that total-
order planners can have an exponentially larger search space than partial-order
ones [MBD94]. Moreover, the search space of a parallel total-order representation
can be even larger.

The reason for the large number of totally ordered plans compared to partially
ordered ones is their commitment to a specific order of unrelated actions. Parallel
total-order representations have even more possible orderings than linear ones:
They have ‘parallel’ as a third ordering relation. The search space of a partial-
order and a total-order planner are related. A totalization of a partially ordered
plan is a total order over the plan’s actions that is consistent with the existing
partial order.?

In order to construct a totally ordered search space which is similar in size
than the corresponding partial one, we partition the set of totally ordered plans
such that its representative set is similar to the set of partially ordered plans. The
top action constraint allows a total-order planner to eliminate all plans besides
the representative set. It is related to the orderings introduced by a partial-order
planning algorithm.

According to [BW94], a simple partial-order planner inserts an action a;
together with the ordering constraint a; <as into a plan P if a; adds an unsup-
ported precondition f of as. In addition, one of az <a; or as <as is added if an
action ag of P deletes f and could be ordered between a; and as. All other action
remain unordered. The planner starts with a plan containing ag, ad., and ag <o,
where ag adds all initial facts and a., has the goal facts in its preconditions. A
plan is a solution if it supports all preconditions of all of its actions.

We expect actions which are unordered in the partially ordered plan to be
in parallel in its totally ordered counterpart. Unfortunately, actions which have

2 This definition is similar to linearization in [MBD94], but the word linear in combi-
nation with parallel actions seems to be awkward.
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Figure 3. Example for the relation between a total-order and a partial-order search
space. Flipping the right tower requires at least three time steps. The two actions for
the left tower are a1 = move(A, B,Table) and a2 = move(B,Table, A), and there are
three different ways to assign them to the three time steps. Action a; adds the fact
on(A, T'able) which is required by a2, so that a partial-order planner orders them with
a1 < az. The corresponding top constraints require a; in the first time step and a2 in
the second, so that they eliminate the other two solutions.

an add/del conflict caused by unnecessary facts can remain unordered. For this
reason we have to extend the above algorithm by the following operation: As part
of the introduction of actions, the planner adds one of the ordering constraint
a<a' or @’ <aif a and a’ are not ordered otherwise and they have an add/del
conflict. A total-order planner using top action constraints has a solution space
similar to the one of this extended planner. Figure 3 gives an example.

Theorem 1. For every partially ordered plan Pp, found by the extended algo-
rithm there is exactly one totally ordered plan P, which fulfills the following
conditions:

1. In case that two actions a,a’ in Py, are ordered with a constraint a<a’, a
is placed in an earlier time step of P, than a’.

2. For all actions a’ of Py, (except the ones in the first time step) we have: If
a' is in time step t, there is an action a in the time step directly preceding t
such that the constraint a<a' is in Pp,.

It is obvious that every partially ordered plan has a totalization which fulfills
these conditions and vice versa. Also there can be no partially ordered plan which
has two different totalizations of this kind. This would require an action a to have
two possible time steps but a would have to observe the same ordering relations
for both totalizations. This would violate condition two. The corresponding ac-
tion constraint is Va' € P. (fa. a is before o/ in P)V(Ja. aca’ € PAa—2sa'), where
a2 a' is defined as pre(a)Ndel(a’) # 0 V del(a)Nadd(a’) £ 0 V add(a) Ndel(a’) £
(v add(a)Npre(a’) # (. The relation %, holds for all pairs of actions which are
ordered by the partial-order planner.

Planners can use a subset of top-relations for an action constraint. An ex-
ample is the domain-dependent heuristic ‘simplifying’ presented by Kauts and
Selman [KS98]. The set of constraints resulting from this heuristic is subsumed
by the set of top constraints.

Similar to the parallel case, top-style constraints can be used to eliminate
unnecessary orderings in linear plans. Here, actions have at most one direct



domain instance |nb actions nb facts optimal length optimal size
blocksworld bw_large.a 648 90 4 10
bw_large.c| 3150 240 8 18
logistics logistics.d | 7180 378 14 73*
logistics.e | 14244 538 14 87"
D"s*™ sfacts40 81 122 81 81

Table 1. Problem domains and instances used in this paper. The blocksworld domain
does not have a robot arm. The instances bw_large.a and bw_large.c are well known
from the literature. logistics.d is an instance of the logistics-typed-length domain, taken
from the BLACKBOX distribution and logistics.e is an extension of it. The D"8** domain
is designed by Barret and Weld. The table lists the number of actions and facts of these
domains, the minimal length of a parallel solution, and the minimal number of actions
of that solution. Note that numbers marked with a ‘*’ are the best of our knowledge.

predecessor, so that the second condition of Theorem 1 does not apply. Instead,
we assign an index to actions and disallow pairs of actions a,a’ for which the

following holds: (1) a is on an earlier time step than a’, (2) there are no actions

. top top top top
ai,...,a, witha<a; < -+ <a, <a and a —a; — ... — a, — a’, and

(3) index(a) > index(a’). A linear planner using forward search, like TLPLAN
[BK96], can use linear top constraints easily by maintaining a list of actions
which can still meet condition (2) according to the definition of the top relation.

6 Results and Conclusions

We demonstrate the presented action constraints as part of the planner PROBA-
PrLA on several large instances of the blocksworld, logistics, and D*S** do-
main, as explained in Tab. 1. PROBAPLA is a parallel total-order planner which
analyzes a planning domain to generate state and action constraints, [Sch97] de-
scribes an early version. PROBAPLA builds a bounded plan space representation
which is searched via an encoding into CNF. The current version of PROBAPLA
requires the specification of the desired plan length together with the planning
problem. For this reason we cannot exemplify the effect of the action constraints
on the solution length. In addition to top and rsa, PROBAPLA uses the simple
action constraint const to eliminate inapplicable actions and generates SMF state
constraints, as described in [Sch98].

Table2 gives the time required for the calculation of the constraints and
the number of patterns they find in the planning problems. The blocksworld
domain has a high interconnection: Every block can be on top of each other and
each action affects three blocks. This results in a high number of top relations
and replaceable sequences together with a high calculation time of the patterns.
As explained in Fig. 2(b), the replacement by moves from blocks to blocks is not
safe, so that the fraction of solution-safe rsa is small.

The actions of the logistics domain are much less coupled, eg. airplanes
can land on airports only but not on trucks. This results in a small number of



instance | t #top ‘ t  #rsa #safe
bw_large.a|0.3 128664| 4.3 8568 1008
bw_large.c|9.0 1.2-10°]177.9 79170 5460
logistics.d | 0 4620 | 0.3 150 150

logistics.e | 0 7680 | 0.7 276 276

sfacts40 0 4840 0 0 0

Table 2. Table presenting the time to generate the action constraints for the problem
instances and the number of the corresponding patterns. Time is given in seconds,
measured on a SUN Ultra 10 with 300 MHz and 196 MB. Columns labeled #top, #rsa,
and #safe give the number of top-relations, replaceable sequences, and replaceable
sequences which are solution-safe, respectively.

ProBaPrLaA with top and with rsa| BLACKBOX
instance t size succ| t size t size t  size succ
bw_large.a| 1.0 10.9 1.3 10.6| 5.1 10 2.2 10
bw_large.c| 6.4 30.5 16.2 30.1 |185.4 29.7 — 0%
logistics.d | 9.6 105.5 7.3 102.4| 7.2 77.3 |44.6 98.0 95%
logistics.e | 27.7 125.0 70.1 123.2|54.0 97.6 |104.7 116 56%
sfacts40 |218.4 81 99%|142.8 81 |142.8 81 — 0%

Table 3. Performance of PROBAPLA and BLACKBOX version 3.4. Times for PROBA-
PLA combine the time to generate the CNF formula and the time to solve this formula
with satz-rand version 2.0. Both planners have the optimal plan length as input and
the numbers are averaged over 100 runs. Columns labeled size give the total number
of actions. In case a planner did not find a solution in every attempt, the column succ
gives the percentage of successful runs. PROBAPLA is tested three times: without top
and rsa, with top, and with both. The largest D"S** instance solvable by BLACKBOX is
sfacts13 taking 38.1 seconds. PROBAPLA solves this instance with 27 actions and 41
facts in 1.7 seconds.

top relations and replaceable sequences and their calculation takes much less
time. Note that all rsa of the logistics domain are solution-safe. For the D®S?*
domain the number of top relations is high compared to the number of actions.
It is a hard domain and PROBAPLA can solve only small problem instances, for
which the calculation of the top relations is fast. This domain does not have
replaceable action sequences and the search for rsa fails quickly.

Table 3 shows the trade-off between the time required to find a plan and
the use of the action constraints rsa and top. In addition, it compares PROBA-
PLA to the planner BLACKBOX. The high interconnection in the blocksworld
domain and the small number of solution-safe replaceable action sequences makes
these actions constraints a bad choice for its instances: The increase in quality
is minimal compared to the increase in planning time. This is different for the
logistics domain. For the longer instance both top and rsa reduced the size
of the solutions by 22% while the total run time was less than doubled. For
problems of the D®S?* domain, a solution with optimal length has optimal size,
too. The top constraint reduces the run time by one third.



These results show that the application of action constraints is not favorable
for all planning domains: The designer of a planning system has to trade their
potential effects against their time requirements. The rsa constraint shows the
difficulties of finding the right choice: It results in little improvement for the
blocksworld domain but performs much better for logistics. Nevertheless the
replacement of action sequences is favorable if optimal plans are of high value or
the computational effort of computing the constraints is small. The latter can
be the case after the application of preprocessing techniques which reduce the
number of actions, like the RIFO method [NDK97]. Furthermore Ambite and
Knoblock [AK97] showed that rsa performs well as post-processing method for
blocksworld.

In this paper we presented pattern-based action constraints as a mean to
improve the quality to reduce the run time of planning systems. We explained
the connections between the use of action constraints and the optimality of plans,
showed that action constraints can be based solely on the specifics of a planning
formalism, and gave examples how to calculate and use them. We presented two
action constraints in detail and demonstrated their potential for improvements
in planning speed and plan quality with the parallel total-order planner PROBA-
PLA. For both constraints we explained their use with linear total-order planners.
Finally we showed that the effects of an action constraint varies for different
planning domains.
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