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Introduction
Optimal classical planning is the challenge of finding the
shortest sequence of actions (called a plan) that transforms
a given initial situation into one that satisfies a given goal
description in a deterministic environment (Ghallab, Nau,
and Traverso 2004). Most of today’s strongest optimal clas-
sical planners are based on state-space search with admissi-
ble heuristics (Helmert and Domshlak 2009).

In this work, we look beyond the state-space search
paradigm and instead solve planning tasks using Con-
straint Programming (CP). Constraint programming pro-
vides a flexible language for combining declarative infor-
mation and global constraints (Rossi, Van Beek, and Walsh
2006), which makes it easy to enrich a planning encoding
with additional constraints that strengthen propagation with-
out changing the set of valid plans.

Our approach builds on recent automata-based represen-
tations of planning tasks. Starting from an input planning
task, we automatically derive a factored set of deterministic
finite automata and use them as the backbone of a CP model.
Finding a plan is then reduced to finding a word accepted by
all automata through REGULAR (Pesant 2004) constraints.
Unlike previous automata-based CP approaches, which rely
on manually engineered automata, our framework derives
the atomic automata automatically from the planning model
itself. This turns automata-based CP planning into a general
pipeline rather than a domain-specific modeling task.

The dominance of heuristic search in optimal classi-
cal planning is largely due to the wide array of admissi-
ble heuristics available. Since CP provides a rich model-
ing language, we show how to encode information under-
lying such heuristics from the planning literature directly
into our framework, in the form of redundant constraints
that strengthen propagation. Concretely, we focus on two
families of constraints from the operator-counting frame-
work (Pommerening et al. 2014): landmark constraints and
net change constraints.

Our experimental evaluation on benchmarks from the In-
ternational Planning Competition shows that our framework
outperforms CP-based baselines in almost all domains. Our
results also reveal that the additional constraints can sig-
nificantly strengthen propagation and improve solver per-
formance, which suggests that our approach is a promising
framework for optimal classical planning.

Figure 1: Example automata of two state variables of a plan-
ning task describing the problem of transporting passengers
of an elevator to their destination floors.

Background
Classical Planning We follow standard definitions and
only recall notations here. A SAS+ planning task is a tuple
Π = ⟨V ,A, sI , 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) → ∪v∈V dom(v), where V (s) ⊆ V
and s[v] ∈ dom(v) for all v ∈ V (s).

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. Applying a in s yields the state s[[a]]. State
sI is the initial state and the partial state G is the goal.

Deterministic Finite Automata We use the standard def-
initions for automata (Hopcroft, Motwani, and Ullman
2007). An automaton is a tuple A = ⟨Σ,Q, δ, q0, F ⟩, where
Σ is a finite alphabet, Q is a finite set of states, δ : Q×Σ →
Q is the transition function, q0 ∈ Q is the initial state, and
F ⊆ Q is the set of final states.

Automata-Based Planning Models A planning task Π in-
duces a state-space automaton AΠ with alphabet Σ = A,
states Q = S ∪ {qi}, initial state q0 = sI , and final states
F = {s ∈ S | G ⊆ s}. Its transition function satisfies
δ(s, a) = s[[a]] iff a is applicable in state s.

A factored representation of the state space of Π is a set
of automata S = {A1, . . . ,An} over the common alphabet
A. The atomic representation of Π is the factored represen-
tation S = {Av1 , . . . ,Av|V |}, where each automaton Avi

is induced by the projection of the planning task on vi. Fig-
ure 1 shows two such automata for an example task where
an elevator has to transport people to their destination floor.



Figure 2: Pipeline of our approach. Optional components of
the pipeline are associated with dotted lines, and are enabled
or disabled in our experiments to evaluate their impact.

Constraint Programming A constraint satisfaction prob-
lem (CSP) is a triple ⟨X ,D, C⟩, where X is a finite set of
variables, D is a finite set of values, C is a finite set of con-
straints over the variables, and each variable x ∈ X has a
finite domain D(x) ⊆ D.

We describe the constraints used in our CP model.
REGULAR(⟨x1, x2, . . . , xn⟩,A) holds if the values taken
by the sequence of finite-domain variables ⟨x1, x2, . . . , xn⟩
form a word in the regular language recognized by A.
TABLE(⟨x1, x2, . . . , xn⟩, T ) is satisfied if the tuple of val-
ues taken by the variables belongs to the relation T
given in extension. AMONG(o, {x1, x2, . . . , xn},V) en-
forces that variable o is equal to the number of variables
in {x1, x2, . . . , xn} taking on a value belonging to V .
SUM(s, {x1, x2, . . . , xn}) enforces that s = x1 + · · ·+ xn.

Planning as CP with Automata
Our approach reformulates a planning task as a collection
of automata and then compiles this representation into a CP
model. We describe our contribution in this section, inspired
by the CP model of Babaki et al. (2020).

Algorithm Outline Figure 2 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 ℓmin on the optimal plan length by evaluating an ad-
missible heuristic in the initial state.

The SAS+ task is then preprocessed using an off-the-shelf
tool (Alcázar and Torralba 2015). Next, we convert the pre-
processed task into its atomic factored representation, that
is, the set of automata S = {Av1 , . . . ,Av|V |} introduced in
the previous section. From the same representation, we also
derive the operator-counting constraints discussed later.

Finally, the automata and the additional constraints are
compiled into a CP model for a fixed plan horizon ℓ. We
solve these models in an iterative-deepening scheme, start-
ing from ℓmin and increasing ℓ by one until a solution is
found. Since every model of horizon smaller than ℓmin is in-
feasible and horizons are considered in increasing order, the
first solution found is optimal in plan length.

Preprocessing The preprocessing phase modifies the
SAS+ task before the automata are generated. It uses an off-
the-shelf preprocessor (Alcázar and Torralba 2015) to prune
irrelevant atoms and actions, and enrich the task with im-
plied atoms.

The first enrichment adds implied atoms to action precon-
ditions. These implied preconditions remove transitions that
are actually inapplicable, making explicit that some actions

Figure 3: Constraints added for the rightmost automaton of
Figure 1 for a plan of length ℓ = 6. This illustrates the re-
duction to the reduced alphabet, and the posting of the con-
straints.

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.
For additional details about the computation of these implied
atoms, we refer to Alcázar et al. (2013).

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 components can have more
ambiguous effects on CP performance, so we evaluate them
separately and jointly.

Base CP Model Our base CP model encodes the bounded
planning problem for a fixed horizon ℓ. Following Babaki
et al. (2020), 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
Ak = ⟨Σk

r ,Qk, δk, qk0 , F
k⟩. Each automaton has a reduced

alphabet Σk
r , together with a substitution function σk that

maps equivalent actions of A to symbols of Σk
r . The model

uses the following variables:

• A sequence plan = ⟨x1, . . . , xℓ⟩, such that D(xi) ⊆ A;

• For each automaton Ak, a sequence plank =
⟨xk

1 , . . . , x
k
ℓ ⟩ such that D(xk

i ) ⊆ Σk
r .

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

REGULAR(⟨xk
1 , . . . , x

k
ℓ ⟩,Ak) ∀k, 1 ≤ k ≤ n

We also link each action variable xk
i to the corresponding

global variable xi according to Σk
r , through the following

TABLE constraints,

TABLE(⟨xi, x
k
i ⟩, T k) ∀k, 1 ≤ k ≤ n, ∀i, 1 ≤ i ≤ ℓ,

where T k =
{
⟨a, σk(a)⟩ | a ∈ A

}
. Figure 3 summarizes,

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 Σk
r is

that the associated REGULAR constraints become cheaper
to propagate. This comes at the cost of introducing the aux-
iliary variables plank 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.



Counting Actions
While factored representations enable efficient propaga-
tion via REGULAR constraints, they localize information
that could provide additional pruning when combined
across variables. We address this by incorporating operator-
counting constraints (Pommerening et al. 2014), which are
linear inequalities over action occurrence counts αa that
strengthen our BASE model with global information. We
present landmark and net change constraints, then show how
to compile them compactly by grouping action counts.

Landmark Constraints A disjunctive action land-
mark (Helmert and Domshlak 2009) is a set L ⊆ A such
that at least one action in L must appear in every plan. We
use an off-the-shelf tool to compute landmarks (Helmert
and Domshlak 2009), and each landmark L ⊆ A is included
in our model through the following landmark constraint:∑

a∈L

αa ≥ 1

Net Change Constraints Net change constraints (Pom-
merening et al. 2014) track the number of changes of indi-
vidual atoms. The net change of an atom ⟨v, d⟩ is δ⟨v,d⟩ ∈
{−1, 0, 1}, and represents the difference between the num-
ber of times the atom must be established and the number of
times it must be strictly deleted.

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⟨v,d⟩ = {a ∈ A | eff(a)[v] = d and pre(a)[v] ̸= d}
Similarly, the consider the sets of actions PA⟨v,d⟩ that re-
spectively possibly add atom ⟨v, d⟩, and SD⟨v,d⟩ that surely
delete atom ⟨v, d⟩. We then obtain constraints of the follow-
ing form:∑

a∈SA⟨v,d⟩

αa +
∑

a∈PA⟨v,d⟩

αa −
∑

a∈SD⟨v,d⟩

αa ≥ δ⟨v,d⟩

Grouping Action Occurrences
The two families of constraints above are particularly con-
venient because all coefficients of action counts αa be-
long to {−1, 0, 1}. This property lets us track action counts
jointly across operator-counting constraints using AMONG
constraints. It therefore factorizes the information into a con-
nected 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 αa and αb always appear
with the same coefficient in every constraint under consider-
ation. We start from the coarsest partition P = {A} and re-
fine it sequentially over the constraints. Whenever a set con-
tains actions that occur with different coefficients in the cur-
rent constraint, we split that set accordingly. For each con-
straint, actions in the current partition are regrouped based
on their coefficients (−1, 0, or 1), splitting any set that con-
tains actions with different coefficients. Actions absent from

a constraint are treated as having coefficient 0. The result-
ing partition is given by P = {D1, . . . , Dm} such that⊔

i≤m Di = A, where each Di is a disjoint subset of actions
that can be counted together.

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

AMONG(ϑi, {x1, x2, . . . , xℓ}, Di) ∀i, 1 ≤ i ≤ m.

We also add the following constraint to ensure that the total
number of occurrences is exactly ℓ:

SUM(ℓ, {ϑ1, ϑ2, . . . , ϑm})
We now show how landmark and net change constraints

are compiled once such a partition has been computed.

Grouped Landmark Constraints Observe that, after par-
tition refinement, we obtain a partition P in which each set
contains actions that either always belong to the same dis-
junctive landmark or never appear in it. For each disjunctive
action landmark L, we introduce an associated occurrence
variable ϑL with domain {1, . . . , ℓ}, and the constraint is
posted as

SUM(ϑL,
⊔

1≤i≤m s.t.
Di⊆L

{ϑi}). (1)

Grouped Net Change Constraints The partitions in-
duced 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, λp, and
one for negative coefficients, λn. After refinement, for each
constraint we introduce variables ϑλp and ϑλn with domain
{0, . . . , ℓ} representing the corresponding sums, defined as
follows for λ ∈ {λp, λn}:

SUM(ϑλ,
⊔

1≤i≤m s.t.
Di⊆λ

{ϑi})

We then post the grouped net change constraint. For an atom
⟨v, d⟩, we post the inequality ϑλp − ϑλn ≥ δ⟨v,d⟩.

Experiment Setup
Starting from PDDL tasks, we use Scorpion (Seipp, Keller,
and Helmert 2020) to generate SAS+ representations and
compute the lower bound ℓmin using the LM-Cut heuris-
tic (Helmert and Domshlak 2009). Preprocessing optionally
adds implied atoms, followed by the computation of atomic
representations and operator-counting constraints.

We build our CP models using CP-SAT (Perron and Di-
dier 2025), then iteratively solve for increasing plan lengths
ℓ ≥ ℓmin until finding a solution.

We evaluate our approach on all IPC optimal track bench-
marks (47 domains adapted to have unit costs) using Intel
Xeon Gold 6130 processors with a 30-minute cutoff and a
memory limit of 8 GiB.

We compare against three baselines: CP-based GP-
WCSP (Cooper, de Roquemaurel, and Régnier 2011)
adapted to use CP-SAT, (2) manual automata from Babaki et
al. (2020) integrated into our model, and (3) heuristic-search
baselines from IPC: blind search (BLIND) and A∗ with LM-
Cut (LM-CUT) (Helmert and Domshlak 2009).
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Figure 4: Comparison of overall runtime for BASEIPG

against LMCIPG and NCCIPG. BASEIPG is our base model,
LMCIPG is our model with landmark constraints, and
NCCIPG is with net change constraints. All models are en-
riched with implied preconditions and goals. Points on the
“uns.” axes indicate runs that hit the time or memory limit.

Experiment Results
Impact of Task Preprocessing We evaluate preprocess-
ing effects on the base model BASE using three variants:
BASEIP (implied preconditions), BASEIG (implied goals),
and BASEIPG (both). The combined variant BASEIPG per-
forms best, solving 690 tasks and outperforming the base
model in 7 domains while never losing. The two preprocess-
ing techniques are complementary, as their combined effect
strictly dominates each individual technique.

Impact of Redundant Constraints We evaluate the ef-
fect of adding two families of redundant constraints to
the strongest preprocessed model BASEIPG: landmark con-
straints LMCIPG and net change constraints NCCIPG.

Landmark constraints are the most successful extension
(Table 1). While these constraints increase runtime for some
instances (Figure 4), they often provide sufficient pruning to
compensate for this overhead.

Net change constraints perform substantially worse over-
all, as they induce finer action set partitions that increase oc-
currence variables and memory usage (876 tasks hit memory
limits vs. 454 for the base model). However, they outperform
other approaches in four domains characterized by highly in-
terdependent actions that must be applied in specific orders.

Comparison with Baselines Table 1 shows LMCIPG

clearly outperforms the CP-based baseline GP-WCSP, sup-
porting the effectiveness of automata-based CP. Note how-
ever that GP-WCSP was designed for arbitrary action costs
while we focus on unit-cost planning.

As a second CP-based reference point, we compare
against the manually designed automata of Babaki et al.
(2020). These automata were proposed for three domains:
Floortile, Miconic and Scanalyzer. When we replace our
automatically generated automata with theirs, the number
of solved tasks decreases overall, although both approaches
perform similarly in Floortile. Babaki et al. solve 51 in-
stances in Miconic, 21 in Scanalyzer, and 6 in Floortile. By
comparison, LMCIPG solves 102 Miconic instances, 25 Sc-
analyzer instances, and 5 Floortile instances. This compari-
son should again be read carefully: the solver used by Babaki
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Total (1786)

GP-WCSP – 3 2 3 1 401
BASEIPG 39 – 7 13 7 690
LMCIPG 40 11 – 15 10 771
BLIND 41 26 23 – 15 784
LM-CUT 44 32 30 26 – 965

Table 1: Per-domain comparison of our models (BASEIPG

and LMCIPG) 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 indi-
cate that the approach in the row outperformed the one in the
column on more domains than the reverse comparison.

et al. relies on branching heuristics that explicitly exploit the
structure of their automata, whereas we run them here on
CP-SAT with its default search.

Our approach does not yet match the overall performance
of the heuristic-search baselines BLIND and LM-CUT. Nev-
ertheless, it remains competitive in a meaningful subset of
domains, which points to complementary strengths rather
than a simple domination relation.

While both LM-CUT and LMCIPG rely heavily on land-
mark information, LM-CUT performs substantially better
overall, solving 965 tasks compared to 771 for our approach.
Still, LMCIPG solves more instances in 10 of the 47 do-
mains. One notable example is Woodworking, where our ap-
proach solves all 50 instances within a few seconds, while
LM-CUT solves only 39. This advantage appears to stem
from a favorable combination of factors. First, the lower
bound ℓmin that we compute is often very close to the op-
timal plan length ℓ∗, which means that our algorithm rarely
has to prove infeasibility for many horizons below ℓ∗. Sec-
ond, the landmark constraints identify many actions that
must occur in a valid plan. Finally, a Woodworking instance
often decomposes into many smaller and relatively indepen-
dent subproblems, which makes the ordering between ac-
tions highly flexible. This turns the domain into a loosely
constrained scheduling problem, a setting in which CP is of-
ten particularly effective.

Conclusions
We presented an end-to-end, automated CP framework for
optimal classical planning, which leverages an automata-
based representation of the planning task.

We showed that our 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 do-
mains. Extensive experiments show that our best configu-
ration outperforms the state-of-the-art CP-based planner, is
competitive with blind heuristic-search planners, and estab-
lishes end-to-end automata-based CP as a viable direction
for optimal planning.
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