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1 Introduction15

Optimal classical planning is the challenge of finding one of the shortest sequences of actions16

(called a plan) that transforms a given initial situation into one that satisfies a given goal17

description in a deterministic environment [7]. While the current strongest optimal classical18

planners are based on state-space search with admissible heuristics [8], we instead solve19

planning tasks using Constraint Programming (CP) which provides a flexible language for20

combining declarative information and global constraints [14].21

Our approach builds on recent automata-based representations of planning tasks [2].22

Starting from an input planning task, we automatically derive a factored set of deterministic23

finite automata and use them as the backbone of a CP model. Finding a plan is then24

reduced to finding a word accepted by all automata through Regular [12] constraints. With25

this framework in place, we can then extend the model with constraints from the planning26

literature that provide declarative information about the task. Concretely, we focus on two27

families of constraints from the operator-counting framework [13]: landmark constraints [9, 5]28

and net change constraints [4].29

2 Pipeline and CP Model Overview30

Figure 1 illustrates our pipeline. First, the planning task is translated from PDDL [10] to31

SAS+ [3], and preprocessed [1]. Then, the operator-counting constraints are extracted as32

well as the set of automata, one for each state variable of the SAS+. Next, we iteratively33

build and solve the CP model until a plan is found, starting from a lower bound given by an34

admissible heuristic on the initial state.35

Figure 1 Pipeline of our approach. Dotted lines depict optional components of the pipeline.
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GP-WCSP 11 13 32 28 22 7 5 7 3 3 32 7 231 401
BaseIPG 17 13 58 30 38 4 7 23 5 5 35 9 446 690
LMCIPG 15 28 102 34 38 6 9 25 5 5 50 11 443 771
NCCIPG 12 13 38 50 42 5 5 11 9 8 45 8 323 569

Table 1 Number of solved tasks per domain for GP-WCSP and our models BaseIPG , LMCIPG

and NCCIPG. Domain sizes are shown in parentheses. A domain is detailed in the table if the
absolute difference between LMCIPG and BaseIPG is at least 2 or if the difference between NCCIPG

and BaseIPG is more than 2. The remaining domains are compiled in the Other column.

For a given plan length, we start the construction of our base model by defining an array36

of variables for the actions of the plan. Then, we reduce each automaton by merging together37

its transitions that are equivalent. After that, for each automaton, we use a Regular38

constraint to enforce acceptance by the reduced automaton of an additional sequence of39

actions linked to the main plan with Table according to the reduction. Finally, we use the40

operator-counting constraints to enrich the model with additional variables and constraints.41

After an iterative refinement process over the variables counting the occurrences of each42

action, reducing the total number of variables, we add the resulting constraints to the model.43

3 Experimental Evaluation and Results44

We evaluate our approach on all IPC optimal track benchmarks (modified with unit action45

costs) using Intel Xeon Gold 6130 processors with a 30-minute cutoff and a memory limit46

of 8 GiB. We used Scorpion [15] for all planning-related components of the pipeline, and47

CP-SAT [11] to build and solve our CP models.48

Using the best empirical preprocessing, we compare the base model BaseIPG against49

models enriched with landmark constraints LMCIPG and net change constraints NCCIPG.50

We also compare our models against GP-WCSP [6] adapted to use CP-SAT.51

Table 1 shows that our base model BaseIPG outperforms GP-WCSP in almost all52

domains suggesting that the automata-based encoding is a strong baseline for optimal53

planning. Table 1 also shows that the landmark constraints are the most successful extension54

overall and improve the total number of solved tasks over BaseIPG, which suggests that they55

provide valuable information to the solver. Net change constraints also improve performance56

in a reduced number of domains, but they are less effective overall and can even hurt57

performance. Indeed, these constraints tend to add more computational overhead than58

landmark constraints, and their effectiveness heavily depends on the structure of the task.59

4 Conclusion60

We presented an end-to-end, automated CP framework for optimal classical planning, which61

leverages an automata-based representation of planning tasks and outperforms the state-62

of-the-art CP-based planner. We showed that our framework is extensible with redundant63

operator-counting constraints derived from the planning literature and that the resulting64

models can improve solver performance in a number of domains.65
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