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—— Abstract
Recent work has shown that classical planning tasks can be compactly factored into deterministic
finite automata and solved optimally with constraint programming (CP). In this setting, finding
a plan reduces to finding a word accepted by all automata through REGULAR constraints. So far,
however, these automata have had to be carefully handcrafted from PDDL tasks. In this paper, we
show that they can instead be generated automatically and used as the basis of CP models. We also
show that the resulting framework is easily extensible with additional constraints from the planning
literature that strengthen propagation. Our approach solves more tasks than the state of the art in
end-to-end CP for classical planning in almost all domains.
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1 Introduction

Classical planning is the challenge of finding a sequence of actions (called a plan) that
transforms a given initial situation into one that satisfies a given goal description in a fully
observable, deterministic environment [13]. In this paper, we consider optimal classical
planning, where the goal is to find a plan with the fewest actions. Most of today’s strongest
optimal classical planners are based on state-space search with lower-bounding distance
estimators, called admissible heuristics [17, 20, 36]. These heuristics guide the search through
state spaces that are too large to enumerate explicitly.

In this work, we look beyond the state-space search paradigm and instead solve planning
tasks using constraint programming (CP). Constraint programming provides a flexible
language for combining declarative information and global constraints [35], which makes
it attractive for planning models that need to integrate multiple sources of structure. In
particular, CP makes it comparatively easy to enrich a planning encoding with additional
constraints that strengthen propagation without changing the set of valid plans.

Our approach builds on recent automata-based representations of planning tasks. Starting
from an input planning task, we automatically derive a set of deterministic finite automata
that represent the dynamics of the task at the level of individual state variables, and use
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them as the backbone of a CP model. Finding a plan is then reduced to finding a word
accepted by all automata, which we encode through REGULAR [28] constraints. Unlike
previous automata-based CP approaches, which rely on manually engineered automata, our
framework derives the atomic automata automatically from standard planning inputs such
as PDDL [18]. This turns automata-based CP planning into a general pipeline rather than a
domain-specific modeling task, and makes it possible to study preprocessing choices, model
enhancements and redundant constraints systematically across a large benchmark set.

The dominance of heuristic search in optimal classical planning is largely due to the wide
array of admissible heuristics that can be extracted from the planning model. Since CP
provides a rich modeling language, we show how to directly encode the information underlying
such heuristics in our framework as redundant constraints that strengthen propagation.
Concretely, we focus on two families of constraints from the operator-counting framework [30]:
landmark constraints and net change constraints.

Our experimental evaluation on benchmarks from the Optimal Tracks of the International
Planning Competition shows that our framework outperforms CP-based baselines in almost
all domains. Our results also show that the additional constraints can substantially strengthen
propagation and improve solver performance, demonstrating that our approach is a promising
framework for optimal classical planning.

The remainder of the paper is organized as follows. Section 2 discusses related work on
compilation-based and CP-based approaches to planning. Section 3 reviews the planning
setting and the automata-based factored representations that we build upon. Section 4
presents our automata-based CP encoding and overall solution procedure. Section 5 shows
how we strengthen our model with operator-counting constraints. Section 6 details our
experimental setup and Section 7 reports results. Section 8 discusses limitations and
extensions, and Section 9 concludes.

2 Related Work

Optimal classical planning has been studied through several paradigms besides heuristic state-
space search. The work most closely related to ours falls into three groups: compilation-based
methods, constraint-based methods and approaches based on factored transition systems.

2.1 Compilation-Based Approaches

One influential line of work reduces bounded planning problems to other reasoning formalisms.
Starting from the seminal planning-as-satisfiability formulation of Kautz and Selman [24], later
SAT-based planners refined the encodings used to represent bounded plans, for example with
propositional encodings [23], abstract CNF encodings [11], and encodings based directly on
SAS™T tasks [21]. This direction remains practically relevant, as illustrated by the Madagascar
planner [32, 34] and by the broader study of planning-as-satisfiability branching heuristics [33].
Related compilation-based approaches include integer-optimization encodings [25], answer
set programming (ASP) [40], and planning-modulo-theories models [16]. Like most of these
approaches, our framework solves a sequence of bounded planning problems; unlike them, it
targets CP and uses automata together with global constraints as its primary modeling layer.

2.2 Constraint-Based Planning

Constraint-based planning is a special case of compilation-based planning, where bounded
planning problems are compiled into constraint satisfaction or optimization models. Early CP
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approaches focused on parallel plans and used mainly elementary logical constraints [41, 10].
Many later CP models follow the same fixed-horizon pattern, but differ in how they encode
transitions and in the degree to which they exploit solver-specific propagation and branching.
Zanarini et al. [43] were among the first to model planning objects as finite-state machines
and enforce sequential plans with REGULAR constraints. Later, Bartdk and Toropila [5],
Dvotdk et al. [12], and Ghooshchi et al. [14] proposed increasingly compact encodings based
on TABLE constraints.

Other related approaches include constraint-based representations built from composable
substate graphs [15], and GP-WCSP, which leverages weighted-CSP models for cost-optimal
planning [8]. GP-WCSP compiles planning instances into a weighted-CSP encoding of the
planning graph, together with soft constraints that track plan quality and thereby support
settings with non-unit action costs.

The closest prior work to ours is that of Babaki et al. [3], who also use automata through
REGULAR and COSTREGULAR [9] constraints, together with counting-based search, but
rely on manually derived automata and consequently only report experiments on three
planning domains. Our contribution differs in that we derive the automata automatically
from standard planning inputs and integrate additional redundant constraints from the
planning literature into the resulting CP model.

2.3 Factored Transition Systems and Automata-Based Search

Our work is also closely related to factored state-space representations used in state-space
search. Torralba and Sievers [39] show how planning tasks can be reformulated into sets
of automata, yielding flexible factored representations that support model reformulation
and direct search on the resulting transition systems. We build on the same general idea of
representing planning tasks as collections of automata, but use these automata as the basis
of a CP encoding rather than as the direct representation on which heuristic search operates.
This shift gives access to CP’s expressive modeling language, making it comparatively easy
to inject global constraints and additional task knowledge into the model.

3 Background

We introduce the planning, automata, and constraint-programming notions used in the paper.

3.1 Classical Planning

Classical planning tasks are typically specified in PDDL [26], the standard input language
of the International Planning Competition. Modern planners such as Fast Downward [19]
translate PDDL tasks into the ground SAS™ formalism [4] in a preprocessing step. Figure 1
shows an example of a planning task expressed in SAS™.

A SAS™ planning task is a tuple Il = (V, A, s;, G), where V is a finite set of state variables.
Each variable v € V has a finite domain dom(v). An atom is a pair (v,d) with v € V and
d € dom(v). A partial state is a function s : V(s) = Uyey dom(v), where V(s) C V and
s[v] € dom(v) for all v € V(s). When V(s) =V, we call s a state. We often identify partial
states with sets of atoms, so that (v,d) € s is equivalent to s[v] = d. We write S for the set
of all states. If r and s are partial states, then updating » with s yields the partial state
t = r®s such that V(t) = V(r)UV(s), and for every v € V (¢) we have t[v] = s[v] if v € V(s),
and t[v] = r[v] otherwise.
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Figure 1 Example SAS™ planning task from the Miconic domain, modeling an elevator that
serves two passengers on three floors. The task has five state variables, one of which has
a domain of size three and the others take Boolean values (T, F). The task defines ten ac-
tions. Actions up(fs, f;) and down(f;, f;) have (lift-at, f;) as precondition and (lift-at, f;) as ef-
fect. Actions board(f;, ps) are defined by ({(lift-at, f;)}, {(boarded-p,,T)}), and depart(f;, p=) by
({(lift-at, f;), (boarded-py, T), (served-ps, F') }, { (boarded-ps, F), (served-pz, T') }). Note that passen-
gers can only board and depart at their respective starting and destination floors. All other boarding
and departing actions are removed during the translation from PDDL to SAS™. Initial state s; and
goal G are given as shown in the figure.

Each action a € A is a pair a = (pre(a), eff(a)), where pre(a) and eff(a) are partial states
called the precondition and effect of a. Action a is applicable in a state s if pre(a) C s.
Applying a in s yields the state s[a] = s @ eff(a).

State sy is the initial state and the partial state G is the goal. Given a state s € S,
a sequence of actions (ai,...,a,) is applicable in s if there exists a trajectory of states
(s0,81,---,8n) such that sg = s and, for every i € {1,...,n}, action a; is applicable in s;_;
and s; = s;—1[a;]. An s-plan for II is a sequence of actions that is applicable in s and whose
final state satisfies the goal, that is, such that G C s,,. When s = sy, an s-plan is simply
called a plan for II. Solving II optimally means finding a shortest plan.

Finally, we use projections of planning tasks onto subsets of variables. For a pattern
P C V, the projection of a partial state s onto P is sjp = {(v,d) € s | v € P}. This
extends componentwise to actions, with ajp = (pre(a) p, eff(a) p), and to planning tasks,
with H|p = <P, {a|p | a € A},S[‘p,G|p>.

3.2 Deterministic Finite Automata

An automaton is a tuple A = (X, 9,4, qo, F'), where ¥ is a finite alphabet, Q is a finite set
of states, 0 : Q@ X ¥ — Q is the transition function, qo € Q is the initial state, and F' C Q

is the set of final states. A word w = (a1, ...,as) over ¥ is accepted by A if there exists a
sequence of states (sg, s1,...,s¢) such that so = qo, s¢ € F, and 0(s;—1,a;) = s; for every
ie{l,...,0}.

Two symbols a,b € ¥ are equivalent if they induce the same transition from every state,
that is, if §(q,a) = 6(q,b) for all ¢ € Q. We write a ~ b in this case. We also assume that
every automaton has a distinguished infeasible state ¢; € Q \ F such that §(¢;,a) = ¢; for
every symbol a € 3.

Equivalence of symbols induces a reduced alphabet X, together with a surjective substitution
function o : ¥ — X, that maps equivalent symbols of ¥ to the same reduced symbol. This in
turn induces a reduced transition function ¢, : @ x ¥,, — Q such that ¢,.(¢,0(a)) = (g, a) for
every state ¢ € @ and symbol a € 3. Since only equivalent symbols are merged, passing to
the reduced alphabet preserves language acceptance: a word w = {(ay, ..., ay) is accepted by
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board( fo, p1)
Other

— served-p; 1O

{

depart(f2,p1) } depart(f2,p1)

served-p; )® Other

down( f1, fo) down( f2, f1)

dOVVIl(fQ7 f())

Figure 2 Example automata of two state variables of the SAS™ task from Figure 1. On the
left, the automaton A"™?* is shown with its reduced alphabet Z1%2* of size |3 — 1, where the
actions board(f2, po) and depart(fz,p1) are mapped to a single symbol. On the right, A%°™vedP1 ig
shown with an alphabet 25°7V°4P1 of size 3, where the only distinct actions of 3 are board(fo, p1)
and depart(f2, p1), while all the remaining actions are mapped to the single symbol Other.

A if and only if (o(a1),...,0(ar)) is accepted by the reduced automaton (X, 9,46, qo, F').

3.3 Automata-Based Planning Models

A planning task II induces a state-space automaton Ap with alphabet ¥ = A, states
Q = SU{q;}, initial state ¢y = sy, and final states F = {s € S | G C s}. Its transition
function satisfies (s, a) = s[a] if a is applicable in s, and d(s,a) = ¢; otherwise, for every
state s € S. In the automata setting, we say that an action is applicable in a state whenever
its transition does not lead to the infeasible state.

A factored representation of the state space of II is a set of automata S = {A',..., A"}
over the common alphabet A. The representation is exact if a sequence of actions p =
{ay,...,ag) is a plan for II if and only if p is accepted by every automaton in S, and the
product of these automata yields the full state-space automaton A [37].

The atomic representation of II is the exact factored representation S = {A",..., A"IVI},
where each automaton A" is induced by the projected planning task IIj(,,;. Figure 2 shows
two such automata for the example task of Figure 1.

3.4 Constraint Programming

A constraint satisfaction problem (CSP) is a triple (X, D,C), where X is a finite set of
variables, D is a finite set of values, and each variable x € X’ has a finite domain D(z) C D.
Each constraint ¢ € C is a relation on a subset of the variables in X. Solving a CSP amounts
to finding an assignment of the variables in X that satisfies all constraints simultaneously.

We next describe the constraints used in our CP model. REGULAR({x1, Z3,...,Zy),.A)
holds if the values taken by the sequence of finite-domain variables (z1, 2, ..., 2,) form
a word in the regular language recognized by A. TABLE((%1,Za,...,Z,),T) is satisfied if
the tuple of values taken by the variables belongs to the relation 7 given in extension.
AMONG(o, {21, x2,...,2Tn}, V) enforces that variable o is equal to the number of variables
in {x1,22,...,z,} taking on a value belonging to V. SuM(s, {z1,x2,...,2,}) enforces that
S=x1+To+ -+ Ty



An Automata-Based CP Framework for Optimal Classical Planning

Broprocessing -
PDDL |—»|{SAS* > Preglz);issed »| Atomic automata » CP Model|—»{ Plan
) Operator-cqunting
h(s0) m constraints u—: o

L1

Figure 3 Pipeline of our approach. The planning task is first translated from PDDL to SAS™,
and then preprocessed [2]. Redundant constraints are extracted from this representation, which is
then translated into a set of automata, one for each state variable. Next, we build a CP model that
is solved iteratively, starting from a lower bound extracted from the SAS* model, until a plan is
found. Optional components of the pipeline are shown with dotted lines and are enabled or disabled
in our experiments to evaluate their impact.

4 Planning as CP with Automata

Our approach reformulates a planning task as a collection of automata that capture its
dynamics and then compiles this representation into a CP model. Starting from a planning
problem specified in PDDL, we automatically generate the automata, post the corresponding
REGULAR constraints, and solve the resulting model. This section first describes the overall
pipeline and then presents our base CP model, inspired by the encoding of Babaki et al. [3].

4.1 Algorithm Outline

Figure 3 summarizes the main stages of our approach. We begin by translating the input
task from first-order PDDL into a ground finite-domain SAS™ task. From this representation,
we compute an admissible lower bound ¢,,;, on the optimal plan length by evaluating an
admissible heuristic in the initial state.!

The SAS™ task is then preprocessed using an off-the-shelf tool [2]. Afterwards, we convert
the preprocessed task into its atomic factored representation, that is, the set of automata
S ={A", ..., A1} introduced in Section 3.3. From the same representation, we also derive
the operator-counting constraints discussed in Section 5, which capture global properties of
the task and are added to the model as redundant constraints.

Finally, the automata and the additional constraints are compiled into a CP model for a
fixed plan horizon ¢. We solve these models in an iterative-deepening scheme, starting from
lrmin and increasing ¢ by one until a solution is found. Since every model with horizon smaller
than £, is infeasible and horizons are considered in increasing order, the first solution found
has the optimal plan length.

4.2 Preprocessing

The preprocessing phase modifies the SAS™ task before the automata are generated. It uses
an off-the-shelf preprocessor [2] to prune irrelevant atoms and actions, and it can also enrich
the task with implied atoms in action preconditions and in the goal description. Although
preprocessing does not change the set of state variables and therefore does not affect the
number of automata, it can make the resulting automata more informative.

! We compute the lower bound min on the initial model, before preprocessing. This ensures a fair
comparison between preprocessing configurations, since the heuristic value may otherwise change
because of the preprocessing itself.
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The first enrichment adds implied atoms to action preconditions. These implied precondi-
tions remove transitions that are actually inapplicable, making explicit that some actions can
never be taken from certain partial states in the projected automata. The second enrichment
adds implied atoms to the goal. These implied goals reduce the set of accepting states.?

In our experiments, pruning irrelevant atoms and actions is always enabled since this
can only help the CP solver. In contrast, the two implied-atom enrichments can have more
variable effects on CP performance, so we evaluate them separately and jointly.

4.3 Base CP Model

Our base CP model encodes the bounded planning problem for a fixed horizon ¢. Follow-
ing Babaki et al. [3], it uses REGULAR constraints to enforce the dynamics of the automata
in the atomic representation. For each k € {1,...,n}, we define the reduced automaton
AF = (ZF QF 6% gk, F*). Each automaton has a reduced alphabet ¥, together with a
substitution function o* that maps equivalent actions of A to symbols of ¥*. The model
uses the following variables:

A sequence plan = (x1,...,x,), such that D(z;) C A4;
For each automaton A¥, a sequence plan® = (z%, ... %) such that D(z¥) C ¥k

Over these variables, the model contains two kinds of constraints. First, for each
automaton AF, we post the following REGULAR constraint over the sequence plank:

REGULAR((zh, ..., 25), A¥) VE, 1<k<n

We also link each action variable z¥ to the corresponding global variable x; according to X¥,
through the following TABLE constraints,

TABLE((zs, ), T%) VE, 1<k <n, Vi, 1 <i</,

where T% = {(a,0"(a)) | a € A}. Note that, in the special case where £¥ = A and o is
the identity function, the TABLE constraints are not necessary, and we directly post the
REGULAR constraint on the global variables of plan. Figure 4 shows, through an example,
the interactions between the variables and the constraints that we define in our base model.

The main benefit of using the reduced alphabets XF is that the associated REGULAR
constraints become cheaper to propagate. This comes at the cost of introducing the auxiliary
variables plcm’c and the linking TABLE constraints, but preliminary experiments showed that
the trade-off is often beneficial. The reason is that each automaton captures only a restricted
aspect of the planning task, so many actions have identical behaviour in that automaton and
can be merged into a single reduced symbol.

5 Counting Actions

Factored representations decompose the enormous state space of a planning task into a
collection of compact automata, which pair well with REGULAR constraints and can therefore
be propagated efficiently. However, this factoring also localizes information that could enable

2 The implied atoms are inferred by a forward analysis of the relaxed state space that considers pairs of
atoms to compute mutexes (mutually exclusive atoms). Action preconditions are then disambiguated by
solving a CSP that enforces consistency between the values taken by atoms in the preconditions and
the mutex information [1].
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board(fo,p1) | board(fo, p1) | board(fo, pr) | board(fo, pr) | board(fo, p1) | board(o, 1)
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Figure 4 Constraints added for the automaton A4%°™V°4P1 of Figure 2 for a plan of length £ = 6.
served-P1 are reduced to the symbols of X5°°V°4P1 and the REGULAR

i
constraint is posted on these variables. The TABLE constraints link each variable 25"**¥"! to the
served-p1

The domains of the variables

corresponding global variable z; according to the mapping given by o

additional pruning if combined across automata. In particular, some interactions between
actions become visible only when several variables are considered jointly.

In the planning literature, such global information is often inferred by analyzing the
planning task in its SAS™ representation. Here, we focus on operator-counting constraints [30],
that is, linear inequalities over the number of occurrences «, of action a in a candidate plan.

These constraints strengthen our BASE model with information that would otherwise
remain implicit in the individual automata, allowing the solver to prune the search space more
effectively. We consider two types of operator-counting constraints: landmark constraints [22,
7] and net change constraints [6]. We first present these constraints in their standard form,
and then show how to compile them more compactly by grouping action counts.

5.1 Landmark Constraints

A disjunctive action landmark [20] is a set L C A such that at least one action in L must
appear in every plan. Deciding whether a set L of actions is a landmark is as hard as solving
the planning problem itself [31], and planners therefore identify landmarks by analyzing
relaxations of the task. We use such an off-the-shelf tool to compute landmarks [20], and
each landmark L C A is included in our model through the following landmark constraint:

Zaazl

acL

5.2 Net Change Constraints

Net change constraints generalize the following simple observation: if an atom (v, d) belongs
to the goal but not to the initial state, then any plan must establish it one more time than it
deletes it. We present only the subset of net change constraints needed in our model and
refer to the literature for a more exhaustive description [30]. Formally, the net change of an
atom (v, d) is d(, 4y, which represents, for any plan, the difference between the number of
times the atom must be established and the number of times it must be deleted.

1 if Glv] =d and s;[v] #d
O,y = —1 if Glv] # d and s;[v] =d

0 otherwise.

Some actions always establish an atom, i.e., make that atom true while it was false before
the application of the action. These actions surely add atom (v, d):

SA,aq) = {a € Al eff(a)[v] = d and pre(a)[v] # d}
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Similarly, the following sets of actions respectively possibly add and surely delete atom (v, d):
PA, gy = {a € A| eff(a)[v] = d and pre(a)[v] undefined}
SDy.ay = {a € A| effla)[v] # d and pre(a)[v] = d}

We then obtain constraints of the following form:

Z g + Z Qg — Z Qg 2 6(v,d)

a€SA(y,a) a€PA (4, a) a€SDy . ay

The left-hand side of the inequality represents an upper bound on the difference between the
number of times an atom is established and the number of times it is deleted. This quantity
is therefore itself lower-bounded by the net change of the atom.

5.3 Grouping Action Occurrences

The two families of constraints above are particularly convenient because all coefficients of
action counts «, belong to {—1,0,1}. This property lets us track action counts jointly across
operator-counting constraints using AMONG constraints. It therefore factors the information
into a connected network of variables and constraints that gives the solver more opportunities
to prune the search space.

To this end, we first determine a suitable partition P of the action set, which we do
automatically from the operator-counting constraints. Intuitively, two actions a and b can
be grouped together if their counts a, and «; always appear with the same coefficient in
every constraint under consideration. We start from the coarsest partition P = {A} and
refine it sequentially over the constraints, as described in Algorithm 1. Whenever a set
contains actions that occur with different coefficients in the current constraint, we split that
set accordingly. Actions absent from a constraint are treated as having coefficient 0. The
resulting partition is given by P = {D;, ..., D,,} such that | | D; = A, where each D; is
a disjoint subset of actions that can be counted together.

i<m

Algorithm 1 Partition refinement for grouping action counts.

1: P+ {A}

2: for all constraints ¢ € C in the model do
3 P 0

4 for all sets D € P do
5: for all ¢ € {—1,0,1} do
6

7

8

9

D, < {a € D | g is the coefficient of ¢, in ¢}
if D, # 0 then
P« P U{D,}
PP
10: return P

For each set D;, we introduce a variable ¢; with domain D(;) = {0, ..., £}, where ¢ is
the plan length. It is linked to the plan through the constraint

AMONG(’[?Z',{x1,$27...,$£},D¢) VZ, 1< <m.
We also add the following constraint to ensure that the total number of occurrences equals ¢:
SUM(f7 {191, 192, . 7197"})

We now show how landmark and net change constraints are compiled once such a partition
has been computed.
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5.3.1 Grouped Landmark Constraints

Observe that, after partition refinement, we obtain a partition P in which each set contains
actions that either always belong to the same disjunctive landmark or never appear in it.
For each disjunctive action landmark L, we introduce an associated occurrence variable 9%

with domain {1,...,¢}, and the constraint is posted as
SUM(0L7 |_|1§i§m s.t. {791}) (1)
D;CL

» Example 1. Suppose that we have the landmarks Ly = {a1, as,as, a4}, L2 = {az, a3}, and
L3 = {ai1,a4,as5}. For notational convenience, we associate action count «; to action a;, for
all i € {1,...,5}, and obtain the following landmark constraints:

a1 +ast+as+ay>1
Ot2+0[321
a1 +ag+as>1

This system induces the partition P = {{a1,a4}, {az, as}, {as}}, with associated variables
Y1,4, V2,3, and U5, in respective order. The left-hand sides of the equations are then
respectively replaced by variables ¥*t, ¥¥2, and 9%, which must satisfy the following
constraints:

Sum(9, {91,4,02,3})
Sum(9E2, {9, 3})
Sum(9Ee {9y 4,95})

5.3.2 Grouped Net Change Constraints

The partitions induced by these constraints must account for the fact that not all action
occurrences appear with positive coefficients. This is why our partition-refinement procedure
yields two disjoint sets of occurrences: one for positive coefficients, A, and one for negative
coefficients, \,,. After refinement, for each constraint we introduce variables ¥*» and 9 with
domain {0, ..., ¢} representing the corresponding sums, defined as follows for A € {\,, A, }:

SUM(ﬁ/\?Lllgigm st. 19i})
D, CA

We then post the grouped net change constraint. For an atom (v,d) with net change
S(v,a) € {—1,0,1}, the inequality 9*» — 9*» > &, 4 is encoded as

GREATEROREQUAL(9, 9" + 3¢, a)).- (2)

6 Experiment Setup

Our experimental pipeline mirrors the one described in Section 4.1. Starting from a planning
task in PDDL, we use Scorpion [36], an extension of the Fast Downward planning system [19],
to generate a finite-domain SAS™ task. On this initial task, we compute the lower bound £,
on plan length as the value of the admissible LM-Cut heuristic [20] in the initial state. We
then pass the task to Scorpion again for preprocessing [2], adding implied atoms. Depending
on the configuration, preprocessing additionally introduces implied preconditions (—F),
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Base Base™ Basg!® Basg™¢ Total (1786)
BASE - 2 5 0 675
Basge'™® 2 - 6 0 676
Basg'® 6 7 - 1 683
Basg®¢ 7 7 7 - 690

Table 1 Comparison of different preprocessing techniques. We compare our BASE model to
models enriched with implied preconditions (—'F), implied goals (—'¢), or both (—F%). The first
four columns compare the different preprocessing techniques on a per-domain basis, where each cell
holds the number of domains for which the approach in the row performed better than the approach
in the column. The last column reports the number of tasks solved.

implied goals (—!¢), or both (—!F¢). Finally, we call Scorpion once more to compute the
atomic representation and, when needed, the operator-counting constraints.

For a fixed plan length ¢, we build the model BASE from Section 4.3 using the CP-SAT
solver [27]. When available, we also add the landmark constraints (LMC) from Equation 1
or the net change constraints (NCC) from Equation 2. Starting with £ = £y,;,, we iteratively
solve the model for increasing values of ¢ until a solution is found.

We evaluate our approach on benchmarks from the Optimal Tracks of the International
Planning Competition (IPC) 1998-2023, modified to use unit action costs. Our benchmark
set is composed of 1786 instances, divided into 47 planning domains. All experiments are
run on Intel Xeon Gold 6130 processors with a time limit of 30 minutes and a memory limit
of 8 GiB per run. Our implementation is available online [42].

We compare our models against three types of baselines. As a CP-based baseline, we
use GP-WCSP [8], a weighted-CSP approach that is, to our knowledge, the state of the art
among CP-based optimal classical planners. We adapted it to use CP-SAT as the solver,
ensuring a fair comparison. We also compare against the automata-based CP approach of
Babaki et al. [3]. To isolate the effect of the automata themselves, we evaluate their approach
by replacing the automata in our base model with their manually designed ones.

Finally, we include the heuristic-search baselines used in the latest IPC, namely blind
search (BLIND) and A* with the LM-Cut heuristic (LM-CuT) [20]. The latter represents a
strong optimal-planning baseline.

7 Experiment Results

In this section, we present the results of our experimental evaluation. We first examine the
effect of task preprocessing by comparing our different configurations. We then evaluate the
impact of the redundant constraints and, finally, compare our strongest models with the
state of the art in CP-based and heuristic-search planning.

7.1 Impact of Task Preprocessing

We begin by evaluating the effect of preprocessing on the base model BASE. We consider
three variants: BASE'® with implied preconditions, BASE!® with implied goals, and BASE'TG
with both. Table 1 shows that preprocessing has a measurable but uneven impact. Across
the 47 domains, the preprocessing step often identifies additional preconditions and goals
and therefore yields more informative automata, but this does not always translate into a
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Figure 5 Comparison of overall runtime for Base'™¢ against LMCY® and NCC'W¢, Basg!P¢
is our base model, LMC'¢ is our model with landmark constraints, and NCC'® is our model
with net change constraints. All models are enriched with implied preconditions and goals. Points
on the “uns.” axes indicate runs that hit the time or memory limit.

higher number of solved instances. When applied individually, implied preconditions and
implied goals each increase the total number of solved tasks, yet both yield mixed results
at the per-domain level. The combined variant is clearly the strongest: BASE''S has the
largest overall number of solved tasks and outperforms the base model in 7 domains, while
the base model never outperforms it on any domain. These 7 domains are precisely the union
of the domains on which BASE'™ and BASE'® outperform BASE individually. This suggests
that the two preprocessing techniques are complementary and that combining them yields a
strictly more informative model.

7.2 Impact of Redundant Constraints

We now take the strongest preprocessed model, BASE'PG | and study the effect of adding the
two families of redundant constraints introduced earlier: the landmark constraints LMCPG
and the net change constraints NCCIFG,

The landmark constraints are the most successful extension overall. As shown in Table 2,
LMC™E improves the total number of solved tasks over BASE''C and is particularly effective
in domains such as Logistics, Miconic, Satellite, Scanalyzer, Woodworking and Zenotravel.
Figure 5 shows that these additional constraints come at a cost, as they increase runtime
for some instances. Overall, however, the extra information they provide is often beneficial
enough to compensate for that overhead and to solve tasks that remain out of reach for the
base model. The domains for which these constraints are most effective share properties
that make the constraints particularly informative for our model. One of these properties
is that the constraints often contain many disjunctive action landmarks whose action sets
overlap little. In that case, the occurrence variables ©; get tighter domains, which rules
out candidate actions earlier in the search. If the number of such constraints reaches the
length of the optimal plan, which is often the case in the Miconic domain, then they nearly
determine the actions that must occur in the plan and leave only their ordering to be decided
by the solver, thereby greatly reducing the search space.
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Base™® 17 13 58 30 38 4 7 23 5 5 35 9 446 690
LMC™E 15 28 102 34 38 6 9 25 5 5 50 11 443 771
NCC™P¢ 12 13 38 50 42 5 5 11 9 8 45 8 323 569

Table 2 Number of solved tasks per domain for BASE'Y® and its two extensions with additional
operator-counting constraints, LMC™ and NCC'Y®¢. Domain sizes (number of tasks) are shown
in parentheses. A domain is detailed in the table if the absolute difference between LMCTS and
Base'TC is at least 2 or if the difference between NCCY'® and Base'™'¢ is more than 2. The
remaining domains are compiled in the Other column.

The picture is different for the net change constraints. Table 2 shows that NCCIPG
performs substantially worse overall than both BASE'PG and LMC'PG . This is consistent
with Figure 5, where the corresponding runs are typically slower. One possible explanation
is that these constraints induce a finer partition of the action set, which increases the
number of occurrence variables ¥; and constraints, raising both the runtime and the memory
consumption of the model. Indeed, out of the 1786 benchmark tasks, 876 reached the memory
limit for NCC™G | compared to 454 for BASE'YS. Of these, 518 and 85 cases, respectively,
occurred during model construction, while the remaining cases occurred during solving. For
comparison, LMC™& had 524 out-of-memory runs, including 98 during model construction.

Despite this overall drop, the net change constraints are not uniformly ineffective. They
outperform both BASE''G and LMCPG on four domains, as shown in Table 2. These
domains are characterized by actions that can be grouped into small clusters within which
actions are highly interdependent and must be applied in a certain order. This appears to
be especially true in the ParcPrinter domain, where the NCC constraints induce cascading
requirements on which actions must occur. Propagating these requirements can greatly
reduce the search space.

7.3 Comparison with Baselines

We now compare our strongest configurations with the baselines. Table 3 shows that the
best-performing version of our approach, LMCPG  clearly improves over the state-of-the-
art CP-based baseline GP-WCSP. This confirms the effectiveness of automata-based CP
encodings. That said, the comparison should be interpreted with some care because GP-
WCSP was designed primarily for cost-optimal planning with arbitrary action costs, whereas
our experiments focus on unit-cost optimal planning.

As a second CP-based reference point, we compare against the manually designed
automata of Babaki et al. [3], who consider three domains: Floortile, Miconic and Scanalyzer.
We evaluate their automata definitions on an instance set of 150 Miconic, 41 Scanalyzer,
and 34 Floortile tasks. Substituting these automata into our pipeline and running it on
these instances, leads to solving 51 Miconic, 21 Scanalyzer, and 6 Floortile instances, while
LMC™E solves 102, 25, and 5, respectively. This comparison should again be read carefully:
the solver used by Babaki et al. relies on branching heuristics that explicitly exploit the
structure of their automata, whereas we use CP-SAT with its default search. Still, the results

13
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GP-WCSP Base'™¢ LMC™¢ Brinp LM-Cur Total (1786)
GP-WCSP - 3 2 3 1 401
Basg'F¢ 39 - 7 13 7 690
LMC'FC 40 11 - 15 10 771
BrinD 41 26 23 - 15 784
LM-Cur 44 32 30 26 - 965

Table 3 Per-domain comparison of our models (BASE'™™® and LMC'™) and the baselines. Each
cell holds the number of domains for which the approach in the row solved more tasks than the
approach in the column. Bold numbers indicate that the approach in the row outperformed the one
in the column on more domains than the reverse comparison.

n LM-CuTt

N BLIND

| |——LMCPE

—o— Basg'F¢
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Figure 6 Accumulated number of solved tasks over time for our models (—"F¢) and the baselines.

suggest that manual automaton design alone is not enough. To be effective, it likely needs to
be paired with a search strategy that can exploit the resulting higher-level structure.

Our approach does not yet match the overall performance of the heuristic-search baselines
BrIND and LM-CuT. Nevertheless, it remains competitive on a meaningful subset of domains,
which points to complementary strengths rather than outright dominance. Figure 6 reinforces
this view: while the heuristic-search baselines retain the lead, the cumulative coverage curves
of our strongest configurations continue to rise even close to the time limit, suggesting
that part of the remaining gap is due to runtime rather than to a lack of pruning power.
More generally, these results make portfolio combinations of CP-based and heuristic-search
techniques a natural direction for future work.

While both LM-Cut and LMC'& rely heavily on landmark information, LM-CuT
performs substantially better overall, solving 965 tasks compared to 771 for our approach.
Still, LMC™G solves more instances in 10 of the 47 domains. One notable example is
Woodworking, where our approach solves all 50 instances within a few seconds, while LM-CuT
solves only 39. This advantage appears to stem from a favourable combination of factors.
First, the lower bound /,,;;, that we compute is often very close to the optimal plan length
£*, so our algorithm has to prove infeasibility for only a few horizons below £*. Second,
the landmark constraints identify many actions that must occur in a valid plan. Finally,
a Woodworking instance often decomposes into many smaller and relatively independent
subproblems, which makes the ordering between actions highly flexible. This turns the domain
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into a loosely constrained scheduling problem, a setting in which CP is often particularly

CIPG

effective. A similar phenomenon occurs in the Visitall domain, where LM solves 22

instances and LM-CuT only 16.

8 Discussion

Our results show that automatically generated automata can support competitive CP models
for optimal planning, especially when combined with suitable redundant constraints. At
the same time, they also highlight the current limits of the approach: some classes of
constraints help only on specific domains, the present search procedure is tailored to unit-cost
planning, and the automata representation remains less expressive than richer factored
planning formalisms. We discuss these three directions below.

8.1 Additional Constraints

The results of Section 7 suggest that redundant constraints should not be treated as universally
beneficial add-ons. Landmark constraints improve performance overall, whereas net change
constraints help only on a smaller subset of domains and can substantially increase the size of
the model. This points to a more selective use of redundant constraints, where the modeling
pipeline decides automatically which families of constraints are worth instantiating for a
given task.

One possible direction is to predict the usefulness of a constraint family from lightweight
structural features of the compiled task, such as the size of the automata, the amount of
overlap between landmark action sets, the granularity of the action partition induced by the
constraints, or the expected increase in variables and propagators. Another possibility is to
use a short probing phase: one could build several candidate models, solve them only briefly,
and then continue with the variant that exhibits the best early progress.

More generally, the planning literature offers additional types of operator-counting
constraints [30]. For example, post-hoc optimization constraints [29] use an admissible
heuristic estimate together with action costs to prune candidate plans whose total cost would
violate the heuristic lower bound. Because such constraints depend closely on the chosen
heuristic, we leave their integration into our framework for future work.

8.2 Extension to General Costs

Our current solution procedure targets unit-cost planning and can therefore conduct search
by increasing plan length. Extending the approach to general action costs would require
reasoning about plan cost directly rather than using horizon alone as the optimization
criterion. At a high level, the existing compilation pipeline could be preserved, but the
resulting CP model would need to incorporate a cost variable or cost-aware global constraints
such as COSTREGULAR. This suggests two natural solution strategies. One is to keep the
current iterative scheme and replace horizon bounds with admissible cost bounds. The other
is to build a single optimization model and let the solver minimize total cost directly. Which
option is preferable depends on how well the CP solver can exploit cost structure in the
presence of the automata constraints.

8.3 Automata Reformulations

An interesting direction for extending our framework is to support richer factored representa-
tions and automaton reformulations. Many transformations from the planning literature,
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such as merge-based methods [38], construct larger automata through non-deterministic
intermediate objects. This does not fit naturally with our current encoding, which is designed
for a factored collection of deterministic automata enforced through REGULAR constraints.
Supporting such transformations would therefore require either richer CP constraints that
can reason over non-deterministic transitions or new compilation techniques that preserve
the benefits of factored determinism while gaining some of the expressive power of richer
factored representations.

9 Conclusions

We presented an end-to-end, automated CP framework for optimal classical planning. Starting
from a PDDL task, our pipeline translates it into SAST, computes an atomic factored
representation as a set of DFAs, and constructs a CP model based on REGULAR constraints
that is solved by iterative deepening over the plan horizon. Unlike prior automata-based CP
approaches, no manual engineering of automata is required.

We also showed that the framework is easily extensible: redundant operator-counting
constraints derived from the planning literature, such as landmark constraints and net change
constraints, can be integrated directly into the CP model and improve search performance in
a number of domains. Extensive experiments show that our best configuration outperforms
the state-of-the-art CP-based planner, is competitive with blind heuristic-search planners,
and establishes end-to-end automata-based CP as a viable direction for optimal planning.
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