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Abstract

We study planning in a fragment of PDDL with qualitative
state-trajectory constraints, capturing safety requirements,
task ordering conditions, and intermediate sub-goals com-
monly found in real-world problems. A prominent approach
to tackle such problems is to compile their constraints away,
leading to a problem that is supported by state-of-the-art plan-
ners. Unfortunately, existing compilers do not scale on prob-
lems with a large number of objects and high-arity actions, as
they necessitate grounding the problem before compilation.
To address this issue, we propose two methods for compil-
ing away constraints without grounding, making them suit-
able for large-scale planning problems. We prove the correct-
ness of our compilers and outline their worst-case time com-
plexity. Moreover, we present a reproducible empirical evalu-
ation on the domains used in the latest International Planning
Competition. Our results demonstrate that our methods are
efficient and produce planning specifications that are orders
of magnitude more succinct than the ones produced by com-
pilers that ground the domain, while remaining competitive
when used for planning with a state-of-the-art planner.

1 Introduction

Planning involves identifying a sequence of actions that
brings about a desired goal state, and is vital in several real-
world tasks (Ropero et al. 2017; Shaik and van de Pol 2023).
In addition to final goals, a planning task may require the
satisfaction of certain temporal constraints throughout the
execution of the plan (Bacchus and Kabanza 1998). These
constraints may enforce, e.g., a set of conditions that must
be avoided (Steinmetz et al. 2022), or the ordered resolution
of certain tasks (Hoffmann et al. 2004), both of which are
common in planning problems (Huang et al. 2024; Jacker-
meier and Abate 2025). Many planning approaches support-
ing these types of specifications have been considered in the
literature (Bacchus and Kabanza 1998; Patrizi et al. 2011;
Micheli and Scala 2019; Camacho and Mcllraith 2019; Mal-
lett et al. 2021; Bonassi et al. 2022).

In this paper, we focus on the fragment of PDDL that
introduced and standardised constraints over trajectories of
states (Gerevini et al. 2009). Some approaches handle these
types of constraints directly in the search engine (Benton
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et al. 2012; Hsu et al. 2007; Edelkamp 2006), while others
remove the constraints using compilation approaches (Per-
cassi and Gerevini 2019; Bonassi et al. 2024). Alterna-
tively, these constraints can be translated into Linear Tem-
poral Logic (LTL) (Pnueli 1977), or one of its variants
(De Giacomo et al. 2020), and handled by existing com-
pilers (Baier and Mcllraith 2006; Torres and Baier 2015;
Bonassi et al. 2025). The compilation step yields an equiv-
alent constraint-free problem that can be solved by off-the-
shelf planners (Helmert 2006; Speck et al. 2020).

For PDDL qualitative state-trajectory constraints,
TCORE (Bonassi et al. 2021) constitutes the state-of-the-art
compilation approach. Specifically, TCORE employs a
so-called regression operator (Rintanen 2008) that ex-
presses the circumstances under which an action may affect
constraint satisfaction. However, TCORE’s regression op-
erator only works on ground actions, requiring compilation
over the fully grounded problem, which can be orders of
magnitude larger than the original (non-ground) problem.

Typically, the cost of grounding increases with the num-
ber of objects. This becomes a critical issue in domains with
high-arity actions, which have to be grounded once for each
valid combination of objects in their arguments. Consider,
e.g., the following variant of the BLOCKSWORLD domain.

Example 1 (BLOCKSWORLD2). BLOCKSWORLD involves
rearranging stacks of blocks on a table to reach a final con-
figuration by moving one block at a time. States are de-
scribed by atoms such as clear(b), expressing that there is
no block on top of block b, and on(b;, bz ), expressing that
block b; is on top of block bs. BLOCKSWORLD?2 extends
BLOCKSWORLD by allowing operations on towers consist-
ing of two blocks. Action pickup2, e.g., allows the agent to
pick up a two-block tower. Grounding a BLOCKSWORLD2
problem introduces one ground instance of the pickup?2 ac-
tion for each (ordered) pair of blocks in the problem. O

Although large instances of such domains can be han-
dled by lifted planners (Corréa and Giacomo 2024; Horcik
et al. 2025; Horcik and Fiser 2021, 2023; Fiser 2023; Chen
et al. 2024), these approaches do not consider constraints. In
BLOCKSWORLD?2, these constraints might be, for example,
that block b; must never be on the table, or that placing b
on top of by is only allowed after placing b3 on the table.

To address this issue, we propose two constraint com-



pilers that are lifted, in the sense that they avoid unneces-
sary grounding. We summarise our contributions as fol-
lows. First, we propose LiftedTCORE, a constraint com-
piler that employs a lifted variant of the regression opera-
tor used by TCORE in order to bypass grounding. Second,
we propose the Lifted Constraint Compiler (LCC) that com-
piles away constraints without grounding and without the
use of a regression operator. Third, we demonstrate the cor-
rectness of LiftedTCORE and LCC, and outline their worst-
case time complexity. Fourth, we present an empirical eval-
uation on challenging planning domains from the latest In-
ternational Planning Competition (Taitler et al. 2024). Our
results demonstrate that LiftedTCORE and LCC are effi-
cient and lead to compiled specifications that are signifi-
cantly more succinct than the ones produced by compilers
that ground the domain, while remaining competitive when
used for planning with a state-of-the-art planner.

The proofs of all propositions, along with details on the
benchmark we employed and additional experimental re-
sults can be found in the technical appendix (Mantenoglou
et al. 2025).

2 Background
2.1 Planning with Constraints in PDDL

A planning problem is a tuple II =(F, O, A, I, G, C),
where F' is a set of atoms, O is a set of objects, A is a
set of actions, / C F is an initial state, G is a formula
over F' denoting the goal of the problem, and C is a set of
constraints. Each action @ € A comprises a list of arguments
Arg(a), a precondition Pre(a), which is a formula over F,
and a set of conditional effects Eff(a). Each conditional
effect in Eff (a) is an expression VZ: ¢ > e, where ¢ is a
formula, e is a literal—both constructed based on the atoms
in F—and Z is a set of variables. VZz:c > e expresses that,
for each possible substitution @, of the variables in Z with
objects from O, if the condition c|g, is true, then effect e|g,
is brought about (McDermott 2000), where x|y denotes the
application of substitution # in formula z. We use Eff ™ (a)
(resp. Eff ~(a)) to denote the set of effects of an action a
where literal e is positive (negative), and a* to denote an
action whose arguments are grounded to objects in O, i.e.,
Arg(a*) does not contain variables. A state s C F contains
the atoms that are true in s. A ground action a~ is applicable
in state s if s |= Pre(a¥), and its application yields state

s[aﬁ] :(8 \ UcDeEEﬁ*(at):ﬂ:c 6) U UcDeEEﬁ*(a*):s':c €.

We focus on a fragment of PDDL that includes
Always, Sometime, AtMostOnce, SometimeBefore and
SometimeAfter constraints (Gerevini et al. 2009). Given a
sequence of states 0 =(sg, ..., s,) and first-order formulae
¢ and 1), these constraint types are defined as follows:

* 0 = Always(¢) (or A(¢)) iff Vi: 0 < i < n,s = ¢,
i.e., ¢ holds in every state of o.

* 0 |= Sometime(¢) (ST(¢)) iff Fi: 0 < i < n,s; = ¢,
i.e., ¢ holds in at least one state of 0.

* 0 = AtMostOnce(¢) (AO(¢)) iff Vi: 0 < i < n, if
s; = ¢, then 3j: j > i such that Vk: i < k < j, s F ¢
and Vk: j < k < n, s, = ¢, i.e., ¢ is true in at most
one continuous subsequence of o.

* 0 = SometimeBefore(¢, 1)) (SB(¢,v)) iff Vi: 0 < i <
n,if s; = ¢pthen3j: 0 < j < i,s; |= 9, 1e., if thereisa
state s; where ¢ holds, then there is a state that is before
s; in o where v holds.

* 0 = SometimeAfter(¢p, 1) (SA(¢,)) iff Vi: 0 < i <
n,if s; = ¢ then 3j: ¢ < j < n,s; = 9, ie., if there is
a state s; where ¢ holds, then v also holds at state s; or
there is a state that is after s; in o where v holds.

A plan 7 for problem I =(F,0,A,I,G,C) is a se-
quence of ground actions (aj,...,a;_,) from A and O.
Plan 7 is valid iff, for the sequence o =(sy,..., s,) such
that sp = I and s,y ; = s;[a}], Vi: 0 < i < n, we have s; =
Pre(af),Vi: 0 <i<mn,s, = G,andVqge C:0 = q.

2.2 Regression

The regression of a formula ¢ through an action a is the
weakest condition that must hold to guarantee the satisfac-
tion of ¢ after the application of a. Regression has been used
in different contexts, e.g., situation calculus (Levesque et al.
1998), numeric planning (Scala et al. 2020), non determinis-
tic planning (Rintanen 2008), and SAS™ planning (Alcdzar
et al. 2013). We focus on regression for classical planning as
defined by Rintanen (2008) for ground ¢ and a~.

Definition 1 (Regression Operator). Consider a ground for-
mula ¢ and a ground action a*. Regression R(¢, a¥) is the
formula obtained from ¢ by replacing every atom f in ¢ with
Iy (a*)V(f A—I'-p(a*¥)), where the gamma operator I';(a*)
for a literal [ is defined as: I'j(a¥) = Vesie g (a*) ¢ |

TCORE employs regression to compile away con-
straints (Bonassi et al. 2021). To do this, TCORE first
grounds the problem and then calculates R(¢, a*) for each
formula ¢ appearing in a constraint and each action a*.
Subsequently, TCORE introduces R(¢, a*) formulae and
‘monitoring atoms’—whose purpose is to track the status of
constraints—in action preconditions and effects, capturing
the semantics of the constraints in the compiled problem.

3 LiftedTCORE
3.1 Lifted Regression

The idea behind constructing LiftedTCORE is to generalize
the regression operator from the ground domain to the lifted
domain. Consequently, LiftedTCORE will need to compute
the lifted regression operator R%(¢, a) for each action a and
each formula ¢ appearing in an argument of a constraint. We
achieve this by constructing a lifted gamma operator I/ (a)
and adapting Definition 1 accordingly.

Similar to I;(a), I'F(a) expresses the weakest condition
that leads to the satisfaction of [ after applying action a, with
the difference of I'/*(a) operating on non-ground / and a.

We start with the case of a formula ¢ whose truth value
may be affected only by c > e effects of action a, i.e., the
only set to consider in VZ:c > e is the empty set (2 = (). For
each literal [ in ¢ and each effect ¢ > e of a, we compute
the most general unifier (1, e) between [ and e (if any) and
derive the weakest condition w;’( ¢>>e) under which an action
with effect ¢ > e may bring about {. We derive £(I, e) via
Robinson’s resolution algorithm (Robinson 1965) by using



the most general resolution, in the sense that variables are
grounded to constants only when required.

Definition 2 (Weakest Condition w{(c > ¢)). The weakest
condition w/(c > e) under which effect ¢ > e brings about
literal [ is:

wi(c>e)= {j_/\ /\(t"i“z)eé(l,e)(ti = ui) if3(L e)

if 4(1, )
where ¢; and u; denote the arguments of the literals / and e
respectively, and ¢; = u; denotes their unification. |

Example 2 (Weakest Condition w;(c > e)). Consider the
BLOCKSWORLD2 domain, and action putdown2, which al-
lows the agent to place a block or a two-block tower on the
table. putdown2 has one argument b and its effects are:
* handEmpty, i.e., the agent’s hand is empty,
* onTable(b), i.e., block b is on the table,
* —holding(b), i.e., the agent is not holding b,
* —towerBase(b)>clear(b), i.e., if b is not the base of a
block tower, then b is clear.
Consider literals onTable(b;) and clear(bs), where b;
and b; are ground. onTable(b;) can only be unified
with effect onTable(b) of putdown2 via b = b;, while
clear(bs) can only be unified with literal clear(b) of ef-
fect ~towerBase(b)>clear(b) via b = bs. Thus, we have:
wochable(bj)(onTable(b)) :(b =by )
Whear(b,) (TtowerBase(b) > clear(h)) =
—towerBase(b) A (b=10b5) ¢

Next, we extend Definition 2 to handle VZz:ci> e effects for
a non-empty set Z. In the case of such an effect, a variable
u appearing in an argument of e may be: (i) a parameter of
a, or (ii) a variable in Zz. Definition 2 handles case (i) by in-
troducing equalities between the action parameters in e and
the corresponding arguments of /. Case (ii), however, needs
a different type of treatment as the scope of a variable u € Z
is only within VZ:c b e, and thus, if we were to introduce an
equality between u and an argument of [ in RY(a), then u
would be a free variable in Rf(a).

To tackle this issue, we leverage the semantics of VZ:c>e,
according to which VZ:c > e is equivalent to introducing one
effect c|g, > e|g, for each possible substitution 8, of the vari-
ables in Z with domain objects (McDermott 2000). As a re-
sult, e can be unified with [ iff there is a substitution 6, (I, ¢)
such that e[y (; 0y can be unified with [. If there is such a
substitution, then, in order for effect VZ:c i e to bring about
[, there needs to be an assignment to the variables of Z that
appear in c but not in e, i.e., the variables in set 37 such that
clo,(1,) becomes true. In other words, formula 33 ¢ 0.(1,e)
needs to hold. Then, the weakest condition w;(VZ:c> €) un-
der which Vz: ¢ e brings about [ requires for 3/ clo.(1,e) to
hold under a variable assignment that unifies [ and 6‘92(1)6).

Definition 3 (z-substitution). Consider a literal [ and a con-
ditional effect VZ: ¢ > e, such that [ and e can be unified
and £(l, e) is their most general unifier. We define the z-
substitution 6, (I, e) of [ and e as:

0.l e) ={ui — t; | (t; = w;) € {(l, e) N, € 2}
where = — y denotes that term y substitutes term x. |

Definition 4 (Weakest Condition w;(VZ:ci>e)). The weakest
condition under which VZ:c > e brings about [ is:

3;f C|92(l,e) A\ /\(ti = ul) if Hf(l, 6)
(ti=u;)€E(l,e)Au; ¢z

1 if B¢ (1, )

where 7/ ={z € 2 | Bt; : (z = t;) €6,(l,¢)}. [ |

According to Definition 4, when Z is empty, w;(VZ:c> ¢e)
coincides with wf(c > e).

Example 3 (Weakest Condition w;(VZz:c> e)). Consider that
literal [ is clear(bs) and suppose that action putdown?2 ad-
ditionally has the following effect:

» V{topb}: on(topb, b)>clear(topb),i.e., any block topb

that is on top of block b is clear.

clear(bs) unifies with clear(topb) via topb = bs, and,
since topb is a Z variable of the effect, we have
0.(clear(bs), clear(topb)) ={topb + bs}, while 7/ is
empty. Therefore, we have:

w (V{topb}: on(topb, b) > clear(topb)) =on(bs,b) O

wi(VZie>e)=

Definition 5 (Lifted Gamma Operator I'/(a)). Given an ac-
tion @ and a literal /, the lifted gamma operator is defined as:

FZL(a):\/VE:CNGEﬁ(a) wy(VZ:c > e). [ ]
According to Definition 5, I' (a) is the weakest condition
under which action ¢ brings about [ via one of its effects.

Example 4 (Lifted Gamma Operator I'/(a)). Based on the
results in Examples 2 and 3, We have:

FLnTable(b,)(putdoan) =(b=by)

Féear(bs)(putdoan) =(—towerBase(b) A (b=1bs))
\Y on(b5, b) O

Definition 6 (Lifted Regression Operator R%(¢, a)). Con-
sider a first-order formula ¢ and an action a. The lifted re-
gression R (¢, a) is the formula obtained from ¢ by replac-
ing every atom f in ¢ with I'f*(a) V (f A ~T'%;(a)). [ |

According to Definition 6, R (¢, a) is the weakest con-
dition under which ¢ is true after the execution of action a.

Example 5 (Lifted Regression R%(¢, a)). Based on the re-

sults in Example 4, and since I'", ., | (putdown2) = L
and I't

Celear(p,) (Putdown2) = L, we have:

R%(onTable(b;), putdown2) =(b=b;) V onTable(b;)
R%(clear(bs), putdown2) = on(bs, b) V clear(bs)V
(—towerBase(b) A (b=1b5)) O

3.2 The LiftedTCORE Compiler

LiftedTCORE follows the same steps as the TCORE com-
piler (Bonassi et al. 2021), with the exception of using lifted
regression. As in TCORE, the main intuition behind LiftedT-
CORE is to foresee that an action a will affect the truth value
of a formula ¢ appearing in a constraint by checking whether
R%(¢, a) holds. If it does hold, then LiftedTCORE sets a so-
called ‘monitoring atom’, in order to express the status of ¢



after an execution of a. Contrary to TCORE, LiftedTCORE
introduces the necessary regression formulae and monitor-
ing atoms without grounding the problem, thus avoiding the
combinatorial explosion induced by grounding.

Algorithm 1 outlines the steps of LiftedTCORE. First, we
check if an A or SB constraint (c.f. Section 2.1) is violated in
the initial state (line 1). Since their violation is irrevocable,
we deem the problem unsolvable (line 2). Next, we intro-
duce the monitoring atoms required to track the constraints
of the problem (line 3). hold, expresses that constraint c is
satisfied based on the state trajectory induced so far. seeng
expresses that there is a state in the induced trajectory where
¢ holds. hold. atoms are used to monitor ST and SA con-
straints, while seeng atoms are required for SB and AO con-
straints. Constraints of type A do not demand monitoring
atoms. We augment the initial state / with the monitoring
atoms that are satisfied in I (line 4).

Afterwards, for each action a, we compute the precondi-
tions and the effects that need to be added in a in order to
capture the semantics of the constraints within the compiled
problem (lines 5-8). For a A(¢) constraint, we need to add
precondition R%(¢, a) in a, stating that ¢ needs to be true af-
ter the execution of a (line 13). In the case of ST(¢), we ac-
tivate monitoring atom holdst(4) if ¢ is true after executing
a (line 15). For AO(¢), we set seeng when a brings about ¢
(line 17) and forbid the execution of a when seeny holds, ¢
is false and @ would bring about ¢ (line 18), thus prohibit-
ing ¢ from occurring more than once. For SB(¢, 1), we set
seeny, when a brings about 1), and forbid the execution of
a when it would bring about ¢ while seeng does not hold.
For SA(¢,v), we set holdsa (s, if a brings about 1), and
—holdsa(g,q) if a brings about a state where ¢ A =) holds.
Lastly, we require that all hold,. monitoring atoms need to be
true in a goal state, reflecting that all ST and SA must have
been satisfied by the end of the plan (line 9).

Example 6 (LiftedTCORE). Consider a BLOCKSWORLD2
problem with the following constraints: ST(clear(bs)),
AO(onTable(b;)), SB(clear(bs),Itopd : on(topb, bs)).
To compile away these constraints, LiftedTCORE intro-
duces monitoring atoms holdsT (c1ear(bs))> S€€My and seeny,
where v is Jtopb : on(topb, bg) and ¢ is onTable(b; ), and
updates the initial state with these atoms according to line
4. Subsequently, LiftedTCORE introduces a set of action-
specific preconditions and effects. For action putdown2,
e.g., LiftedTCORE adds preconditions P and effects F, i.e.:

P ={R*(clear(bs), putdown2) — seen,,
—(seeny A ¢ A R*(onTable(b; ), putdown2)}
E ={R"(clear(bs), putdown2) > holdst (crear(bs))>
R*(onTable(b;), putdown2) > seeng }

where expressions R(onTable(b;),putdown2) and
R%(clear(bs), putdown2) were derived in Example 5. ¢

According to line 20 of Algorithm 1, set £ of Exam-
ple 6 should have included effect R% (1), putdown2)>seen.
The reason for its omission was based on the fact that
RE (3, putdown2) = 1, which implies that 1/ holds after the
execution of action putdown? in a state s iff ¢) holds at s.

Algorithm 1: LiftedTCORE

Require: Planning problem II = (F, 0, A, I, G,C).
Ensure: Planning problem IT’' = (F', O, A", I', G', D)
1: if IA(¢) €C: I = ~¢V ISB(6,4) € C: I |= ¢ then
2:  return Unsolvable Problem
3: F' + FU U{hold.} U U{seeny} U U{seene}

c:ST(¢p)EC V SB(¢,)€eC AO(¢)eC
c:SA(¢,p)eC
4 T'ITU Ufhold, | T = 6} U Ufhold. | I = v\v—g}
c:ST(¢)eC c:SA(p,p)eC
U Ufseeny | T 1=} U Ufseens | T = 6}
SB(¢,9)€C AO(¢)eC

5: forall a € Ado

6: P, E < COMPILECREGRESSION(a,C)

7: Pre(a) < Pre(a) AN\,cpp

8: Eff(a)+ Eff(a)UE

9: return (F', 0, A, I', G N\, 14, holde, 0)

10: function COMPILECREGRESSION(a, C)

1. P E={}{}

12: force Cdo

13: if ¢ is A(¢) then P «— P U {R"*(¢,a)}

14: else if ¢ is ST(¢) then

15: E < EU{R(¢,a)v {hold.}}

16: else if ¢ is AO(¢) then

17: E < EU{R(6, a) > {seeny}}

18: P < P U{—(seeny A =¢ A R*(¢, a))}
19: else if ¢ is SB(¢, 1) then

20: E < EU{R“(, a) > {seeny }}

21: P < PU{R"(¢,a) — seeny}

22: else if c is SA(¢, 1)) then

23: E < EU{R“(, a) > {hold.}}

U{RE(¢, a) A~R* (¢, a)>{—hold.}}
24:  return P, E

Therefore, if R” (1), putdown2) holds, then there is an ear-
lier action a, where R (v, a) # ), that made v true, and
thus set atom seeny,. Thus, it would be redundant to reinstate
seen,, when putdown2 is executed. By omitting regression
formulae such that R (¢, a) = ¢, Lifted TCORE compresses
the compiled specifications without sacrificing correctness.

3.3 Theoretical Properties.

We prove that LiftedTCORE is correct, i.e., a problem has
the same solutions as its compiled version produced by Lift-
edTCORE, and outline its complexity. Towards correctness,
we first demonstrate a property of lifted regression.

Lemma 1 (R” Correctness). Consider a state s, an action a,
a closed first-order formula ¢, and a ground incarnation a*
of a such that a* is applicable in s. 6 ,+ denotes the substi-
tution of the arguments of a with those of a*. We have:

sk R0, < sla*] o ’

Proposition 1 (Correctness of LiftedTCORE). If LiftedT-
CORE compiles a problem II into problem [1’, then a plan
7 is valid for [T iff 7 is valid for IT’. ¢

Proposition 2 (Complexity of LiftedTCORE). Assuming
that the nesting depth of quantifiers in constraint formu-
lae is bounded by constant b, the worst-case time com-



plexity of compiling a problem II with LiftedTCORE is
O(n. n}’—l—nancnf ny), where n., ns, n, and n; denote, re-
spectively, the number of constraints, the number of atoms,
the number of actions and the maximum atom arity in 7. 4

Allowing an unbounded quantifier nesting in constraint
formulae makes the step of checking whether the initial state
models such a formula (line 1) PSPACE-complete (Vardi
1982), dominating the complexity of LiftedTCORE. In prac-
tice, however, the quantifier nesting depth is shallow.

4 The Lifted Constraint Compiler

Next, we discuss the ‘Lifted Constraint Compiler’ (LCC).
LCC does not use lifted regression, and works by comput-
ing a set of preconditions P and a set of effects E that are
independent from actions. Effects E record the status of con-
straints: when an action a is executed in a state s, £ will in-
troduce in the next state s’ information regarding the status
of the constraints in s. The purpose of preconditions P is to
prevent the execution of further actions in a state s when a
constraint has been violated. These new preconditions and
effects are shared among all actions. In this way, LCC moni-
tors constraint violation without the need for regression, i.e.,
instead of foreseeing that an action a will affect a formula
¢ of a constraint via the regression of ¢ through a, LCC
allows the application of any executable action a but then
blocks subsequent state expansion if ¢ led to constraint vio-
lation. Following this schema, when a state s where the goal
is satisfied is reached, there has not been an earlier check
on whether the constraints are satisfied in s. To address this,
LCC introduces a new action fin whose purpose is to verify
that a state of the plan that satisfies the goal also satisfies the
constraints. To enforce that fin is the last action executed,
we use a new atom end that marks the end of the plan.

Algorithm 2 outlines the steps of LCC. Initially, the com-
pilation creates the necessary monitoring atoms to track the
status of the constraints (line 1). LCC requires the same
monitoring atoms used in LiftedTCORE, plus an additional
atom prevent, for every AO(¢). This atom express that ¢
is false after having been true, and thus should be prevented
from becoming true again in order to satisfy AO(¢).

Next, LCC determines the set of preconditions P and the
set of effects F to be added to every action (line 2) by iter-
ating over each constraint ¢ (lines 12-23). If ¢ is A(¢), LCC
adds precondition ¢ in all actions, ensuring that no progress
can be made when we have —¢ (line 13). If ¢ is ST(¢), LCC
captures the satisfaction of ¢ by making hold, true when ¢
holds (line 14). If ¢ is AO(¢), LCC brings about seeng when
¢ is true (line 16), and prevent, when ¢ is false after having
been true in the past (line 17). Then, LCC prevents the ex-
ecution of any action when both ¢ and prevent, are true, a
situation that violates AO(¢) (line 18). If ¢ is SB(¢, v), LCC
sets seen,, when 1) becomes true, and prevents further ac-
tions when ¢ is true and seeny, is false (lines 20-21). Lastly,
if ¢ is SA(¢, 1), LCC activates hold, when 1) is true, and
deactivates it when ¢ is true and 1 is false (line 23), thus ex-
pressing that SA(¢, 1) is violated only when ¢ held at some
point in the past and 1 has not become true since then.

Preconditions P and effects £ are added to every action of

Algorithm 2: LCC

Require: Planning Problem II =(F, 0, A,I, G, C).

Ensure: Planning Problem IT =(F’', O, A’, I', G, ().
1: F' «+ FU U{hold.} U J{seeny, prevent, }U

aST(S)EC vV AO($)EC
c:SA(¢,p)eC

U{seeny } U {end}
SB(¢,p)eC

2: P,E < COMPILEC(C)
3: foralla € Ado
4. Pre(a) + Pre(a)/\/\pepp/\—\end
5. Eff(a) « Eff(a)) UE
6: Pre(fin) < P A —end
7: Eff(fin) + E U {end}
8: A+ AU{fin}
9: return (F', 0, A', T UJ{hold.}, G A )\ hold. A end, )
SA(¢, ) EC e:ST($)eC v
c:SA(¢p,)eC
10: function COMPILEC(C)
11: P, E+ {},{}
12:  forall c € C do
13: if cis A(¢) then P < P U {¢}
14: else if ¢ is ST(¢) then E <— E U {¢ > hold.}
15: else if ¢ is AO(¢) then
16: E «+— EU{¢> seeny}
17: E +— EU{(—¢ A seeny) > preventy }
18: P <+ P U {—(¢ A preventy)}
19: else if ¢ is SB(¢, ) then
20: E «+— EU{y> seeny}
21: P+ PU{¢p — seeny}
22: else if ¢ is SA(¢, ¢) then
23: E +— EU{(¢ A —)>—hold.} U{yp> hold.}

24: return P, E

the problem, including the newly introduced fin action (lines
3-7). To ensure that no further action is executable after fin,
we add precondition —end to every action, and end as an
effect of fin. As a last step, LCC determines the new goal,
i.e., G augmented with the conjunction of all hold. atoms
and atom end, and the new initial state, where every hold,
atom for a SA(¢, ) constraint is set to true, maintaining
correctness in the case where both ¢ and 1 are always false.

Example 7 (LCC Compiler). LCC compiles the problem
in Example 6 using the monitoring atoms holdsT (crear(bs))s
seeny, seeng and preventy,, where b is dtopb
on(topb, bs) and ¢ is onTable(b; ), and then extends all
actions with the following preconditions P and effects E:

P ={clear(bs) — seeny, 7(onTable(b;) A preventy)}
E ={clear(bs) > hold.,, 3topb : on(topb, bg) > seeny,
onTable(b;) > seeny,
(—onTable(b;) A seeny) > preventy} ]

Proposition 3 (Correctness of LCC). If LCC complles a
problem [T into problem IT’, then plan (aj,...,a;_,) is
valid for [T iff plan (a}, ..., a;_,,fin) is valid for IT’, and
only plans ending with action fin are valid for IT’. ¢

Proposition 4 (Complexity of LCC). Suppose that n, and
n. denote, respectively, the number of actions and the num-
ber of constraint in some problem /. The worst-case time



complexity of compiling /7 with LCC is O(ny,+n.). ¢
5 Comparing LiftedTCORE and LCC

We highlight the main differences between our compilers.

Introduced Preconditions and Effects. Through the use
of regression, LiftedTCORE identifies action-specific pre-
conditions and effects that capture the constraints, while
LCC adds the required preconditions and effects in all ac-
tions in a uniform way. This action-specific compilation of
LiftedTCORE allows us to avoid redundant updates to ac-
tions that are irrelevant to a constraint, leading to succinct
compiled problems. In contrast, the action-agnostic compi-
lation of LCC does not permit such optimisations.

Constraint Evaluation Delay. LCC monitors constraints
with a 1-step delay, i.e., the status of constraint in a state s
can only be identified after an action a is applied in s. On
the other hand, LiftedTCORE does not delay the evaluation
of constraints, in the sense that the status of a constraint in
state s was calculated at the time of reaching s through the
evaluation of regression formulae.

Monitoring Atoms. LCC uses the same monitoring
atoms as LiftedTCORE, plus one prevent, atom for each
AO(¢). Unlike LiftedTCORE, LCC cannot foresee when an
action will cause ¢ to hold for a second time, and thus uses
preventy to block further actions once this occurs.

Initial State. In LiftedTCORE, to express the status of the
constraints in the initial state, we need to add to that state the
monitoring atoms that hold initially. This is not required in
LCC because of its delayed constraint evaluation, i.e., the
status of a constraint in the initial state is expressed by the
truth values of the monitoring atoms in its subsequent state.

Actions. LCC requires 1 additional action compared to
LiftedTCORE, i.e., action fin, which is required to check
whether the constraints are satisfied in a goal state, due to
the 1-step constraint evaluation delay in LCC.

Complexity. While both LiftedTCORE and LCC operate
in polynomial time to the size of the problem (see Proposi-
tions 2 and 4), LCC runs in time that is linear in the number
of constraints and the number of actions, as because it de-
termines all preconditions and effects required for the com-
pilation with one pass over the constraints. Instead, LiftedT-
CORE derives a set of preconditions and effects for each ac-
tion of the domain, which more computationally involved.

6 Experimental Evaluation

Our aim is to evaluate LiftedTCORE and LCC against state-
of-the-art approaches. To do this, we generated a new bench-
mark based on the 7 domains of the latest International Plan-
ning Competition (IPC) (Taitler et al. 2024), including prob-
lems with many objects and high-arity actions that are chal-
lenging for grounding-based compilations. Specifically, we
created two datasets, each with 20 tasks per domain: one
with ground constraints, denoted by “Ground”, and one with
constraints containing quantifiers (V, 3), denoted by “Non-
Ground”. These datasets contained 280 problems in total
and were generated as follows. First, we used the IPC gen-
erators to construct problem instances without constraints.
Second, we introduced ground constraints that complicate

Domain LCC LiftedTCORE TCORE LTL-C
Folding 20 20 20 20
Labyrinth 17 17 18 16
2 Quantum 19 19 18 17
2 Recharging 19 19 19 N.A.
O Ricochet 20 20 20 20
Rubik’s 20 20 20 N.A.
Slitherlink 18 18 17 18
Folding 18 18 18 18
=2 Labyrinth 16 15 18 15
2 Quantum 19 17 18 16
S Recharging 18 17 19 NA
g Ricochet 12 11 14 7
Z Rubik’s 16 17 14 N.A.
Slitherlink 14 10 12 11
Total 246 238 245 158

Table 1: Coverage achieved by all systems in all domains.

an optimal solution of the problem using a custom constraint
generator, yielding the Ground dataset. Third, we modified
the produced ground constraints by introducing quantifiers,
leading to our Non-Ground dataset. Additional details on
this benchmark are provided in (Mantenoglou et al. 2025).
We used TCORE as our baseline, as it has been proven
more effective (Bonassi et al. 2021) than other meth-
ods (Edelkamp 2006; Benton et al. 2012; Hsu et al. 2007;
Torres and Baier 2015) for handling PDDL constraints. We
also included LTL-C, a lifted compiler that supports quanti-
fied LTL constraints (Baier and Mcllraith 2006). Unlike our
encodings, LTL-C compiles the constraints by first translat-
ing them into finite-state automatons. All compiled instances
were solved using LAMA (Richter and Westphal 2010), a
state-of-the-art satisficing planner. We stopped LAMA af-
ter finding the first solution and disabled its invariant gen-
eration. All experiments were run on an Intel Xeon Gold
6140M 2.3 GHz, with runtime and memory limits of 1800s
and 8GB, respectively. LiftedTCORE! and LCC? were im-
plemented using the Unified Planning library (Micheli et al.
2025); their code and our benchmark?® are publicly available.

6.1 Experimental Results

Table 1 presents the coverage (number of solved problems)
per domain achieved by LAMA when planning over the
compiled specification of each system, We observe that
TCORE, LiftedTCORE, and LCC performed comparably.
Overall, LCC achieved the best performance, with TCORE
being a close runner-up—these IPC domains were designed
to be compatible with traditional grounding-based planners
like LAMA, and thus this grounding-based planner per-
formed well on tasks compiled by TCORE. Nonetheless,
both LCC and LiftedTCORE were competitive with TCORE
and outperformed LTL-C, the state of the art among lifted
compilation approaches. LTL-C failed in the ‘Recharging’

"https://github.com/Periklismant/Lifted TCORE
Zhttps://github.com/LBonassi95/NumericTCORE
*https://github.com/Periklismant/aaai26-pddI3-benchmark
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Figure 1: Runtime comparison between LiftedTCORE vs.
TCORE and between LiftedTCORE vs. LCC.

and ‘Rubik’s’ domains, as it does not support universally
quantified effects, which are present in these domains.

In terms of coverage, LCC outperformed LiftedTCORE,;
LiftedTCORE’s lifted regression operator introduced com-
plex precondition and effect formulas, especially in cases
with Non-Ground constraints, hindering LAMA’s perfor-
mance. On the other hand, this operator allows constraint
evaluation without the 1-step delay of LCC, allowing
LAMA to perform a more efficient search. Table 2 reports
the average number of nodes expanded by LAMA when
planning over the compiled specifications of LCC, LiftedT-
CORE and TCORE. On average, LiftedTCORE led to fewer
node expansions than LCC. TCORE and LiftedTCORE led
to a similar number of node expansions, as they both employ
regression to foresee redundant expansions.

The reduction in expansion nodes also affects runtime;
Figure 1 shows that LiftedTCORE led to more efficient plan-
ning than LCC in several instances. Specifically, constraint
compilation with LiftedTCORE led to more efficient plan-
ning than LCC compilation in 161 out of the 234 instances
that were solved by both approaches. LiftedTCORE per-
formed better on instances with Ground constraints, where
both approaches introduce formulas with comparable com-
plexity. In the Non-Ground case, the size of the largest for-
mula introduced by LiftedTCORE and LCC per instance
was, on average, 26 and 18 atoms, thus leading to slower
planning in the case of LiftedTCORE. Our results show
that LiftedTCORE compilation led to slower planning than
TCORE compilation, although there is complementarity.

We conclude with statistics on the size of the compiled
problems and their compilation times, reported in Table 3.
On average, TCORE produced problems with thousands of
actions and effects, reaching up to 411K actions and 1.8M
effects, while both LiftedTCORE and LCC produced prob-
lems that are more succinct by orders of magnitude. This not
only makes the compiled problems more understandable and
easier to debug, but also facilitates the use of planners that
do not need to perform grounding. Currently, the support of
complex preconditions and conditional effects is limited in
these planners (Horcik et al. 2022; Horcik and Fiser 2023;
Corréa and Giacomo 2024). We expect that the benefits of
our lifted compilers will become more prominent as more
expressive heuristics for lifted planning are developed.

Limitations: We observed that lifted constraint compil-
ers may not be beneficial for problems with a large number
of constraints. For each constraint, lifted methods update all

Domain LCC  LiftedTCORE TCORE
Folding 150.45 132.10 139.55
Labyrinth  769.69 1453.44 1464.94

2 Quantum 338.24 379.82 307.59

2 Recharging  9259.16 1629.53 1796.47

3 Ricochet  2412.70 2153.00 1956.75
Rubik’s  230268.65 180999.25 189079.45
Slitherlink  19483.47  13454.12  11437.53
Folding 43.89 37.61 40.33

2 Labyrinth  623.57 3028.00 3230.93

2 Quantum  408214.12  224.18 216.18

S Recharging  1305.18 459.24 673.18

£ Ricochet 327.73 121.27 156.73

Z Rubik’s  782161.29 316887.57 382046.86
Slitherlink ~ 478.40 964.00 780.40

Table 2: Average number of nodes expanded by LAMA on
tasks compiled by TCORE, LiftedTCORE, and LCC. Aver-
ages are computed among instances solved by all systems.

Ground Non-Ground
Lifted Lifted
TCORE LCC TCORE TCORE LCC TCORE
Actions 7 8 21K 7 8 21K
Effects 58 63 95K 60 67 96K

Comp. Time 0.023 0.003 4.518 0.081 0.003 5.956

Table 3: Average number of actions, effects and compilation
time (in seconds) on the problems in our dataset.

(lifted) actions that may affect it in a least one of their in-
stantiations, resulting in numerous new action preconditions
and effects that hinder the performance of modern planners
like LAMA. In contrast, TCORE updates ground actions
sparsely, as only few of them may affect each constraint.
We evaluated our compilers on a benchmark including prob-
lems with hundreds of constraints (Bonassi et al. 2021), and
TCORE proved to be the best performing compiler (Man-
tenoglou et al. 2025). We believe that further research on
lifted planning heuristics could alleviate this issue, while
preserving the benefits of lifted compilations, such as com-
pilation efficiency and compiled specification succinctness.

7 Summary and Further Work

We proposed two methods, LiftedTCORE and LCC, for
compiling away quantitative state-trajectory constraints
from a planning problem without grounding it. We studied
both compilers theoretically, proving their correctness and
deducing their worst-case time complexity, and qualitatively
compared their key features. Moreover, we presented an em-
pirical evaluation of our methods on the domains included in
the latest International Planning Competition, demonstrating
that our compilers are efficient and lead to significantly more
succinct compiled specifications compared to a state-of-the-
art compiler that grounds the domain, while yielding com-
petitive performance when used for planning with LAMA.
In the future, we aim to design lifted compilers for nu-
meric and metric time constraints (Bonassi et al. 2024).
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