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Abstract
In classical planning and conformant planning, it is assumed
that there are finitely many named objects given in advance,
and that only they can participate in actions and in fluents.
This is the Domain Closure Assumption (DCA). However,
there are realistic open-world deterministic planning prob-
lems where the set of initially given objects changes as plan-
ning proceeds: new objects are created, and old objects cease
to exist. These problems are particularly challenging when
knowledge is incomplete. To address this challenge, we for-
mulate the bounded proper planning (BPP) problem in first-
order logic as follows: assume an initial incomplete theory
is a finite consistent set of fluent literals, consider a special
form of weakly context free action theories, impose an inte-
ger upper bound on the length of the plan, and propose to
organize search for a plan over sequences of actions that are
grounded at planning time. In contrast to numeric or general-
ized planning problems, where each state is a finite set, in the
BPP each state is associated with infinitely many countable
first order models. We show a proof-of-the-concept planner
can sometimes solve the BPP problem by using a domain-
independent heuristic that guides search over sequences of
actions. We discuss the differences between BPP and the pre-
viously explored formulations of the planning problem.

1 Introduction
Instead of solving an existing problem, we propose a new
interesting planning problem formulated in a practical frag-
ment of first order logic, show it can be solved sometimes
with a minor adaptation of an existing heuristic, and argue
a new domain independent heuristic is needed to solve effi-
ciently other planning instances from a broad class of bench-
marks. To simplify presentation our focus is on informal ex-
planations and on providing preliminary experimental data
to illustrate our approach.

We study deterministic planning problems when there are
numerical variables, when knowledge is incomplete, and
when the actions can create new objects (not mentioned ini-
tially) or possibly destroy objects that participated at the pre-
vious steps of planning. To the best of our knowledge this di-
rection has not been explored before. We formulate a plan-
ning problem in a first order (FO) language, since this al-
lows us to leave unmentioned the specific details that are not
known. For simplicity, we do not consider sensing actions
but they can be included as in (Soutchanski 2000, 2001).

As an example, consider a variation of Logistic bench-
mark without DCA. Let predicate at(x, l) mean that object
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x is at location l, The objects can be boxes or trucks. Let
predicate in(b, t) mean that box b is inside truck t. If a box
is inside a truck located at L, then the box itself is not at
that location L, but it can be unloaded from the truck, and
then it will be at the same location L. Suppose an initial state
is only partially known. Constants start with an upper-case
letter, the lower-case letters x, y are variables.

• Truck T1 contains only box B1 and nothing else:
∀x∀y. x=B1 ∧ y=T1 → in(x, y)
∀x∀y. x=B1 ∧ y ≠T1 → ¬in(x, y)
∀x∀y. x≠B1 ∧ y=T1 → ¬in(x, y)

• Truck T2 contains box B2 and possibly other boxes.
∀x∀y. x=B2 ∧ y=T2 → in(x, y)
∀x∀y. x=B2 ∧ y ≠T2 → ¬in(x, y)

• Box B3 is not inside any of the trucks
∀x∀y. x=B3 → ¬in(x, y)

• Only box B4 and B5 can be inside truck T3
∀x∀y. x≠B4 ∧ x≠B5 ∧ y=T3 → ¬in(x, y).

• Truck T2 is initially at location L7

∀x∀y. x=T2 ∧ y=L7 → at(x, y).
• Unique Name Assumption: B1, B2, B3, B4, T1, T2, T3,
L7 are distinct, e.g., B1 ≠L7 ∧ T1 ≠T2, etc.

There are actions that load and unload boxes from trucks,
and trucks can drive between different locations. If the goal
formula is that boxB2 must be at the same location L7, then
there is an obvious one-step plan that unloads box B2 from
truck T2, and thereby solves this planning instance despite
incomplete knowledge about boxes and trucks. In our sim-
ple example, finitely many implications may have infinite
models, since there are no axioms saying that there are no
other unnamed boxes and trucks except of those mentioned
above. This example illustrates that an instance of the plan-
ning problem can be specified incompletely, but neverthe-
less, it may have a simple solution. Subsequently, we as-
sume that the readers know basics of first order logic, e.g.,
from one of the textbooks (Ben-Ari 2012; Enderton 2001;
Schöning 2008; Shoenfield 2018).

This paper is structured as follows. In Section 2 we re-
view briefly the situation calculus and Reiter’s basic action
theories. In Section 3 we consider a special case of an ac-
tion theory that is suitable for defining the class of planning
problems (with incomplete knowledge) that we would like
to solve. In the next Section 4 we consider our planner and
experimental data collected from our preliminary implemen-
tation. Finally, in Section 5 we discuss the previous related
work and then conclude.



2 The Situation Calculus
The readers who are familiar with the situation calculus
can skip this section. The situation calculus (SC) is a log-
ical approach to representation and reasoning about actions
and their effects. It was introduced in (McCarthy 1963; Mc-
Carthy and Hayes 1969) to capture common sense reasoning
about the actions and events and it was subsequently refined
by Reiter (Reiter 2001) who introduced the basic action
theories (BATs). Unlike the notion of state that is common in
model-based planning, SC is based on the situation, namely
a sequence of actions, which is a concise symbolic repre-
sentation and a convenient proxy for the state in the cases
where all actions are deterministic (Levesque, Pirri, and Re-
iter 1998; Lin 2008).

We use variables s, s′, s1, s2 for situations, variables a, a′
for actions, and x̄, ȳ for tuples of object variables. The
constant S0 represents the initial situation, and the suc-
cessor function do : action × situation 7→ situation,
e.g., do(a, s), denotes situation that results from doing
action a in previous situation s. The terms σ, σ′ de-
note situation terms and Ai(x̄), or α, α1, α2, α

′, repre-
sent action functions and action terms, respectively. The
shorthand do([α1, · · · , αn], S0)) represents the situation
do(αn, do(· · · , do(α1, S0) · · · ) resulting from the execution
of actions α1, · · · , αn in S0. The relation σ ⊏ σ′ between
situations terms σ and σ′ means that σ is an initial subse-
quence of σ′. Any predicate symbol F (x̄, s) with exactly
one situation argument s and possibly a tuple of object argu-
ments x̄ is called a (relational) fluent. Without loss of gen-
erality, we consider only relational fluents. There is a spe-
cial predicate poss(a, s); it means that it is possible to exe-
cute action a in situation s. A first-order logic formula ψ(s)
composed of fluents, equalities, and situation-independent
predicates is called uniform in s if all fluents in ψ mention
only situation s as their situation argument, and ψ(s) has no
quantifiers over the situation variables.

The basic action theory D (Reiter 1991, 2001) is the
conjunction of the following classes of axioms D = Σ ∧
Dss ∧ Dap ∧ Duna ∧ DS0 , where Σ are foundational ax-
ioms characterizing situations as sequences of actions, Dss

describe effects and non-effects of actions (one axiom per
fluent), Dap specify action preconditions (using predicate
poss(a, s), i.e., action a is possible in situation s, one axiom
per action), DS0

include an incomplete logical theory about
what is true initially in the situation S0, and Duna are the
unique name axioms (UNA) saying that differently named
actions and objects are actually different.

In the case of deterministic planning, it helps compare the
differences how a planning domain can be represented in the
Planning Domain Definition Language (PDDL) (Fox and
Long 2003; Gerevini et al. 2009; Haslum et al. 2019) vs how
it is represented in a BAT. For example, consider the well
known Blocks World. It can be formulated in PDDL with a
single actionmove(x, y, z), or with the following 3 different
actions: move-b-to-b(x,y,z) move block x from the block y
to another block z, move-t-to-b(x, y) move block x from the
table to the block y, move-b-to-t(x, y) move block x from
the block y to the table. As usual, clear(x, s) means that
there is nothing on the top of block x, and on(x, y, s) means

that block x is immediately on the top of another block y.
To illustrate the syntactic differences consider the following.

(: action move-b-to-b
: parameters (?bX ?bY ?bZ)

: precondition (and (clear ?bX) (clear ?bZ)
(on ?bX ?bY ) (not (= ?bY ?bZ)))

: effect (and (not (clear ?bZ)) (not (on ?bX ?bY ))
(on ?bX ?bZ) (clear ?bY ))

)

In SC, there is a successor state axiom (SSA) that specifies
all the effects of actions on a fluent on(x, z, s) and an addi-
tional precondition axiom for action move-b-to-b(x,y,z).
∀x, y, z, s. poss(move-b-to-b(x,y,z), s) ↔

clear(x,s) ∧ clear(z,s) ∧ on(x, y, s) ∧ x ̸= z

/* SSA for fluent on(x, z, s) */
∀x, z, a, s. on(x, z, do(a, s)) ↔

∃y(a=move-b-to-b(x, y, z))∨ a=move-t-to-b(x, z)∨
on(x, z, s) ∧ ¬∃y(a=move-b-to-b(x, z, y) ) ∧

¬(a=move-b-to-t(x, z) ).

This SSA says that block x is on block z in situation
do(a, s) that results from doing action a in previous situ-
ation s iff the last action a is either move-b-to-b(x, y, z),
or move-t-to-b(x, z), otherwise, if block x was already on
block z in situation s, and the last action a did not move x
to another block y and did not move x to the table.

As we see, PDDL is action-centered while Situation Cal-
culus is fluent-centered and this leads to syntactic differ-
ences. It turns out that declarative semantics of STRIPS
(Fikes and Nilsson 1971) fragment of PDDL can be spec-
ified in the situation calculus (Lin and Reiter 1997). For our
illustrative purposes here, it is sufficient to say that PDDL
and SC are based on similar underlying intuitions about ac-
tions and their effects. Therefore, it is easy to write computer
programs that translate between PDDL and SC representa-
tions. From a more formal perspective, using a compilation
schemes technique introduced in (Nebel 2000), it was shown
that there is an exact translation between the ADL (Pednault
1994) fragment of PDDL, known as PDDL 2.1 (Level 1),
and restricted BATs, where the initial theory is a complete
logical theory (data-base), so that for each fluent there is a
finite set of tuples, where it is initially true, and there are a
few other syntactic restrictions on BATs (Eyerich et al. 2006;
Röger, Helmert, and Nebel 2008).

However, there is an important difference between the two
languages. Namely, in SC one can consider a more general
class of action theories where the number of participating
objects can be left unspecified and initial knowledge DS0

can be left incomplete because DS0
can be formulated in

a simple fragment of first order logic, and therefore some
(unknown) details can be left unmentioned. This is not al-
lowed in PDDL (Fox and Long 2003; Röger, Helmert, and
Nebel 2008). This important distinction implies that one can
formulate a new interesting planning problem in a practical
fragment of first order logic, as explained in the next section.



3 Proper Basic Action Theories (BATs)
As an example, we consider a new variation of the planning
problem proposed by Fuentetaja and De La Rosa (2016).
There are trays with pizza slices. There are people who want
pizza. The problem is how to cut some of the available slices
and serve pizza to some people so that they will get equally
sized slices. It is realistic to solve this problem even if the
total number of people, and the number of trays and slices
are not given. For simplicity, assume that the diameters of
all pizzas are the same. Each continuous pizza piece ⟨l, r⟩ is
characterized with the two angles: the left angle l wrt a fixed
chosen axis, and the right angle r which is always greater
than the left angle. To say that in situation s on trayx there
is a pizza slice with the angles pair ⟨l, r⟩, we use logical
fluent available(trayx, l, r, s). The angles can be any (ra-
tional) numbers in the range from 0 to 360. There are sit-
uation independent predicates person(p) and tray(t), but
there are no upper bounds on the number of people and trays,
and for simplicity, it is assumed that each tray holds initially
only one slice. In addition, there are fluents served(p, s),
a person p was served pizza in s or in a previous situa-
tion, and angleSize(p, n, s) meaning that a person p has a
slice with size n in situation s, where n is the difference
between the right and left angles. There are two actions:
serve(t, p, l, r), serve a person p a slice ⟨l, r⟩ from a tray
t, and cutHalf(t, l, r), on a tray t cut a slice ⟨l, r⟩ into two
equal halves that remain on the same tray t. The first half has
its angles from l to 0.5·(l+r); in the second half angles vary
between 0.5 · (l+r) and r. This action destroys a previously
available slice, and produces two smaller slices.

We consider a special, restricted, but useful form of the
basic action theory D (Reiter 2001). We illustrate all classes
of axioms with our example. (For brevity, variables x̄, a,s
are implicitly ∀-quantified).

3.1 Initial Axioms
DS0

is a set of first-order (FO) sentences whose only situ-
ation term is the initial situation S0. The syntactic form of
DS0 is motivated by a proper KB introduced in (Levesque
1998). More specifically, we assume that DS0 is a consistent
finite set of ground fluent literals, i.e., there are some facts
that are true initially and there are some other facts that are
initially false. DS0

generalizes databases (and ABox in de-
scription logics) by allowing incomplete knowledge about
some of the elements of the application domain: if some
fluent literal is not mentioned, then the closed world as-
sumption (CWA) does not apply, and this literal is treated as
unknown. In addition, DS0 includes usual equality axioms
E (reflexivity, symmetry, transitivity, substitution of equals
for equals), and therefore the following well-known Equal-
ity Theorem holds.

Theorem. (Cook and Pitassi 2022) Let Φ be any set of for-
mulas in a first order logic language that includes =. Then Φ
is satisfiable (in a structure that interprets = as true equal-
ity) iff Φ ∪ E is weakly satisfiable,

that is Φ ∪ E is satisfied by some weak structure (that treats
= as any binary predicate symbol) under some object assign-
ment function. Equality Theorem is true for models of any

cardinality, e.g., it holds for countable models. Note that it
holds no matter whether a language includes any constants.

Moreover, following (Levesque 1998), DS0
is formulated

in a standard first order logic language with a countably in-
finite set of (object) constants {C1, C2, . . .}, and no other
function symbols. Recall that the names starting with cap-
ital letters denote constants. These constants satisfy a set
of equality axioms E and the set of unique name axioms
(UNA): formulas {Ci ̸= Cj | i ̸= j}. Informally speaking,
the purpose of these (extra) constants is to supply enough en-
tities to answer correctly quantified queries, since as proved
in (Levesque 1998) it is not sufficient to consider only con-
stants mentioned in a query or in a given set of fluent literals
(knowledge base). These constants stand for the objects that
are not named in the initial theory and in the query; we can
informally call them unnamed objects. Intuitively, countably
many constants are needed to answer correctly queries with
arbitrary many quantifiers.

However, from Theorem 4 in (Levesque 1998) follows
that the constants mentioned neither in the initial theory, nor
in a query are indistinguishable for reasoning purposes, and
one can pickup any one extra constant as a representative
when answering a query with single quantifier, or any m
constants to answer correctly a query with m quantifiers.
This is based on simple intuition that all those constants
which occur neither in DS0

nor in a query behave identically
wrt queries. Consequently, if there are only n queries that
include at most q quantifiers, then answering these queries
correctly wrt the current knowledge base requires at most
n · q extra constants. Since actions can change fluents, after
doing an action, answering the same precondition query cor-
rectly at run time may need new extra constants. But if we
impose a bound on the plan length, then only finitely many
unnamed objects may need be considered.

Therefore, if there is an integer bound on the plan length,
every action can create at most finitely many objects, and, as
usual, the BAT D includes only finitely many axioms, then
only finitely many queries about finitely many objects may
ever occur in the process of planning, and the planning al-
gorithm may ever need only finitely many constants. This
observation is important for implementation purposes. No-
tice the subtle detail about unnamed objects. They cannot
be identified before a plan has been computed. Thus, they
cannot be found in advance before search for a plan starts.

Using the logically equivalent transformations, our proper
DS0

can be written as a finite set of implications e → ρ,
where e is a quantifier-free formula (with ∧, ∨, ¬) whose
only predicate is equality, and ρ is a fluent literal whose
arguments are distinct variables. Recall that the domain
closure assumption (DCA) for objects (Reiter 1980) means
that the domain of interest is finite, the names of all ob-
jects in DS0

are explicitly given as a finite set of constants
C1, C2, . . . , CK , and for any object variable x, ∀x is under-
stood as ∀x(x=C1 ∨ x=C2 ∨ . . . ∨ x=CK). We do not
include DCA. In contrast, PDDL has a built-in DCA.

For example, we consider the following proper initial the-
ory where the constants start with an upper-case letter; we
use them instead of symbols Ci, Cj to improve readability.



∀p
(
(p=Ken ∨ p=Bob ∨ p=Sue) → person(p)

)
∀t
(
(t=T1 ∨ t=T2 ∨ t=T3) → tray(t)

)
∀t
(
(t=T1 ∨ t=T2 ∨ t=T3) → ¬person(t)

)
∀p

(
(p=Ken ∨ p=Bob ∨ p=Sue) → ¬tray(p)

)
∀p

(
(p=Ken ∨ p=Bob ∨ p=Sue) → ¬served(p,S0)

)
∀t, l, r

(
(t=T1 ∧ l=0 ∧ r=100) → available(t, l, r,S0)

)
∀t, l, r

(
(t=T2 ∧ l=10 ∧ r=40) → ¬available(t, l, r,S0)

)
.

Since we do not include DCA for objects, there might be
infinitely many different infinitely-sized models of DS0

where the pizza slices have different angles. According to
DS0

, it is known that the tray T1 holds the specific slice with
the angles between 0 and 100, the tray T2 does not have
a slice with a size between 10 and 40, but it is not known
if T2 has any other slices, and nothing is known about the
pizza slices on the tray T3, or on other trays, if any. For
people mentioned in DS0

, it is known they were not initially
served, but nothing is known about other people not named
in DS0 . Thus, every logical model of DS0 includes facts
mentioned above, and a combination of other facts.

Notice that the problem whether DS0
∪ E |= ϕ is unde-

cidable even if DS0
is empty, if ϕ is an arbitrary first order

formula (that can only mention S0), since the validity prob-
lem is undecidable in first order logic. Therefore, Levesque
(Levesque 1998) proposed a specialized reasoning proce-
dure V [Γ, ϕ] that returns one of three values 0 (known false),
1 (known true), or 1

2 (unknown) depending on the query ϕ
and a proper Γ. Subsequently, we assume that reasoning is
done using his procedure V . In addition, he proved that V is
sound wrt |=, and it is complete for a broad class of queries
in a so-called normal form NF : if Γ is proper, then for every
ϕ in NF , Γ ∪ E |= ϕ iff V [Γ, ϕ] = 1; and Γ ∪ E |= ¬ϕ iff
V [Γ, ϕ] = 0. For example, V is complete if a query formula
has no negations, or has limited occurrences of negations.
This is important for our purposes, since we consider pre-
condition formulas for which V is both sound and complete.
Note when searching for what specific instantiated action to
execute next, it should be possible wrt all first order models.

3.2 Precondition Axioms
Dap is a set of action precondition axioms

poss(A(x̄), s) ↔ ΠA(x̄, s),
where poss(a, s) is a new predicate symbol that means
an action a is possible in situation s, ΠA(x̄, s) is a for-
mula uniform in s, and A is an action function. In this
paper, we consider a special case, when ΠA(x̄, s) is an
extended conjunctive query, e.g., see (Chandra and Merlin
1977; Abiteboul, Hull, and Vianu 1995). An extended
conjunctive query (ECQ) is of the form ∃x⃗ϕ(x⃗, y⃗), where
ϕ is a conjunction of positive literals, safe dis-equalities,
that is, dis-equalities (̸=) between variables or variables
and constants, and safe comparisons, that is, arithmetical
comparisons (≤, ≥) between two variables or variables and
constants, such that each dis-equality variable, and each
comparison variable appears in at least one positive literal in
ϕ. The following are precondition axioms for our example.

poss(serve(t, p, l, r), s) ↔ tray(t) ∧ person(p) ∧
available(t, l, r, s),

i.e., action serve(t, p, l, r) is possible in s, if t is a tray, p is

a person and on a tray t there is a slice available such that
its angles are between l and r.

poss(cutHalf(t, l, r), s) ↔ available(t, l, r, s) ∧ r > l,
i.e., action cutHalf(t, l, r) is possible in situation s, if there
is a slice ⟨l, r⟩ available on a tray t in s and its right angle
r is greater than its left angle l. As mentioned in a formal
version of this paper (Soutchanski and Liu 2025), ECQ
queries can retrieve at most finitely many distinct tuples in
any situation s, and therefore each ground situation has at
most finitely many successors. This is important for our
implementation: see below.

It is easy to see that the actions [cutHalf(T1, 0, 100),
serve(T1, Bob, 0, 50.0), serve(T1, Sue, 50.0, 100.0)] are
consecutively possible wrt all models, including those
infinite models which have countably many trays and
slices. They result in ground situation σ where the goal
formula ∃p1, p2, n(served(p1, σ) ∧ served(p2, σ) ∧ p1 ̸=
p2 ∧ angleSize(p1, n, σ) ∧ angleSize(p2, n, σ)) holds.
However, if DS0

does not include any statements about
fluent available(t, l, r, S0), or if it includes only the fact
that there is no available slice with the angles between 10
and 40 on the tray T2, then this subtle modification has
significant consequences. Namely, there is no sequence
of actions possible in all models that leads to a ground
situation σ, where the goal formula holds. Notice the goal
formula is an extended conjunctive query.

3.3 Foundational Axioms
We are ready to discuss Reiter’s foundational axioms Σ:
∀a1∀a2∀s1∀s2.do(a1, s1)=do(a2, s2) → a1=a2∧ s1=s2
¬(s ⊏ S0),
∀a∀s∀s′. s ⊏ do(a, s′) ↔ (s ⊏ s′ ∨ s=s′),
∀P.

(
P (S0) ∧ ∀a∀s(P (s) → P (do(a, s)))

)
→ ∀s(P (s)).

The last second-order axiom limits the sort situation to the
smallest set containing S0 that is closed under the applica-
tion of do to an action and a situation. These axioms say
that the set of situations is really a tree; there are no cycles,
and no merging. These axioms Σ are domain independent.
They are not actually needed in any reasonable implementa-
tion that maintains situations as lists or as sequences, since
it will naturally satisfy these foundational axioms.

3.4 Successor State Axioms (SSA)
Let Dss be a set of successor state axioms (SSA): one
axiom per fluent. We formulate them using generic notation:
γ+F (x̄, a,s) for the case when fluent F becomes true (the
“+” superscript), and γ−F (x̄, a,s) when the fluent that was
previously true becomes false (hence, the “−” superscript).

F (x̄, do(a,s)) ↔ γ+F (x̄, a,s) ∨ F (x̄, s) ∧ ¬γ−F (x̄, a,s),

where x̄ is a tuple of object arguments of the fluent F ,
and each of the γF ’s is a disjunction of uniform formulas
[∃z̄].a = A(ū) ∧ ϕ(x̄, z̄, s),where A(ū) is an action with
a tuple ū of object arguments, ϕ(x̄, z̄, s) is a context
condition, and z̄ ⊆ ū are optional object arguments. If ū in
an action function A(ū) does not include any z variables,
then there is no optional ∃z̄ quantifier.

We introduce weakly context free (WCF) successor state
axioms in this paper; a rigorous definition is provided in



(Soutchanski and Liu 2025). Intuition is that they may have
only special situation independent contexts ϕ(x̄, z̄). Their
purpose is different from local effect actions where the
action arguments ū include fluent’s object arguments x̄,
x̄ ⊆ ū, e.g., see (Liu and Lakemeyer 2009). In contrast, in
WCF axioms, some of the fluent arguments are not directly
determined from the action itself, but are computed using
situation independent functions with fixed interpretation.
We allow both context-free local effect and weakly context
free SSAs. The SSAs in our example are the following:
served(t, p, do(a, s)) ↔ ∃l∃r( a=serve(t, p, l, r)) ∨

served(t, p, s),
angleSize(p, n, do(a, s)) ↔ ∃l∃r

(
a=serve(t, p, l, r)∧

n=(l + r)
)
∨ angleSize(p, n, s),

available(t, l′, r′, do(a, s)) ↔
∃l∃r

(
a=cutHalf(t, l, r) ∧ l′= l ∧ r′=0.5 · (l + r)

)
∨

∃l∃r
(
a=cutHalf(t, l, r) ∧ l′=0.5 · (l + r) ∧ r′=r

)
∨

available(t, l, r, s) ∧
a ̸= cutHalf(t, l, r) ∧ ¬∃p(a=serve(t, p, l, r),

where n= (l + r) is a function (semantic attachment as in
(Weyhrauch 1980)) that computes the new value n for fluent
angleSize in the next situation that results from performing
action serve(t, p, l, r) in situation s. Similarly, 0.5 · (l + r)
is a situation-independent function that computes the new
left angle (right angle, respectively) when an action cuts an
available slice in half. We say that cutHalf(t, l, r) actions
destroy a previously available object, that is a slice with the
angles between l and r, and also create two new objects,
namely, a new slice with the angles between l and 0.5(l+r),
and another slice with the angles between 0.5(l + r) and r.

In the pizza example, the functions used to compute new
objects are numeric, but they can be any situation indepen-
dent computable functions. For example, attaching a binary
tree to a leaf node of another binary tree produces a new tree,
while an action that concatenates two strings produces a new
string that includes all symbols from the input strings.

3.5 Progression for Weekly Context Free SSAs
There are two main reasoning mechanisms in SC. One of
them relies on the regression operator (Waldinger 1977; Re-
iter 1991), and another mechanism called progression is re-
sponsible for reasoning forward, where after each ground
action α the initial theory DS0 is updated to a new theory
DSα (Lin and Reiter 1997). We focus on progression

Let α be a ground action, and let Sα denote the situation
term do(α, S0). A progression DSα

of DS0
in response to

α is a set of sentences uniform in Sα that accounts for an
update due to α. Thus, computing progression requires for-
getting all facts that are no longer true, and computing new
values to fluents that changed after executing α. DSα

is de-
fined up to logical equivalence in model-theoretical terms,
see (Lin and Reiter 1997) for formal details. It turns out that
queries about Sα can be answered from DSα alone, i.e., Σ
and other axioms from D are not needed:

Theorem. (Lin and Reiter 1997) If DSα
is a progression of

the initial theory to Sα, then for any sentence ϕ uniform in
Sα, D |= ϕ iff DSα

|= ϕ.

As explained in (Lin and Reiter 1997), this “theorem in-

forms us that DSα is a strongest postcondition of the precon-
dition DS0 wrt the action α”. Our queries ϕ can be precon-
dition formulas and a goal formula.

In general, progression DSα
is defined in second-order

logic (Lin and Reiter 1997). However, in this paper, we con-
sider a special case of proper DS0

in the form of a finite set of
ground fluent literals, which we call a finite grounded proper
initial theory (FGP) DS0

. In our special case of weakly con-
text free SSAs and local effect context free SSAs (call them
both WCF, for short), generalizing the results from (Liu and
Levesque 2005; Liu and Lakemeyer 2009) one can show
that the progression of DS0 wrt α, P(DS0 , α), remains in
first order logic. More specifically, it remains a FGP the-
ory, and moreover, it can be efficiently computed. We intro-
duce convenient abbreviations motivated by notation from
(Petrick and Bacchus 2004). Let C⃗ be a tuple of constants
taken from {C1, C2, . . .}. For any fluent P , let KP denote
{C⃗ | P (C⃗, S0) ∈ DS0

}, the set of tuples where P is known
to be true and K¬P denote {C⃗ | ¬P (C⃗, S0) ∈ DS0

}, the
set of tuples where P is false.
Theorem. (Soutchanski and Liu 2025) Let D be weakly
context-free, DS0 be FGP, and α be a ground action. Then
the progression of DS0 wrt α, P(DS0 , α) can be computed
for each fluent F as follows:

KF := KF − γ−F (α) ∪ γ+F (α),
K¬F := K¬F − γ+F (α) ∪ γ−F (α).

Note the set γ+F (α) includes tuples for which fluent be-
comes true thanks to α, γ−F (α) are tuples for which fluent
becomes false due to α. P(Γ, α) remains a FO formula.

Informally speaking, for those new constants (not men-
tioned in DS0

) which are arguments of a fluent literal that
enters P(DS0

, α), one can say that they represent created
objects, while for the constants that previously occurred in
DS0 , but are no longer mentioned in progression, one can
say that they represent objects destroyed by α.

If the goal formula is ECQ, then BAT provides the pre-
requisites for open-world planning without DCA. We say a
BAT is proper, if it satisfies all the conditions in this section.

We address the conceptual limitations of the previous def-
initions of what is planning by introducing a new bounded
proper planning (BPP) problem that (1) requires to find a
ground situation σ such that the goal formula at σ is true
wrt all models for a given problem instance and (2) includes
an upper bound N on the plan length, i.e., the number of
actions in situations.
Definition. (Soutchanski and Liu 2025) A bounded proper
planning (BPP) problem is a triple P = ⟨D, G(s), N⟩,
where D is a proper BAT, G(s) is a goal formula, which
is an extended conjunctive query uniform in s and without
other free variables, and N ≥ 0 is a bound. A solution to P
is a ground σ with length ≤ N s.t.

D ∪ E |= executable(σ) ∧G(σ),
where executable(σ) means that ground actions in σ are
consecutively possible.

Note that one might wish to consider a similar but un-
bounded proper planning (UPP) problem using a proper
BAT introduced above and without the upper bound N .



4 Solving Bounded Proper Planning (BPP)
Problem

The BPP problem differs from previously explored planning
problems since there are infinitely many countable models
of DSα

due to incomplete knowledge. After each step of
progression, new constants can appear in DSα

that never ap-
peared there before (objects were created), and some of the
constants that were mentioned previously in DS0

may no
longer occur in DSα (objects were destroyed).

It turns out that the BPP problem can sometimes be solved
using an improved version of the well-known domain in-
dependent heuristic developed for the Fast Forward planner
(FF) (Hoffmann and Nebel 2001; Bryce and Kambhampati
2007). Our algorithms and implementation are variation of
the usual heuristic search with our improved version of FF
adapted to the case when search is done over situations (se-
quences of actions). The interested readers can find our al-
gorithms in pseudo-code and other implementation details in
(Soutchanski and Young 2023; Soutchanski and Liu 2025).
In contrast to the usual FF heuristic that operates on the
grounded transition system, our adaptation computes each
action layer at run-time from the precondition ECQ queries.
Consecutively, it computes each fluent layer using progres-
sion to find which new fluents become true. As usual, due
to delete-relaxation, there is no need to compute which flu-
ents become false. After computing the heuristic value for
an evaluated action the planning graph is discarded and re-
moved from memory including all fluent and action layers.

The key idea of the planning algorithm is that search
is actually organized over situations (sequences of actions)
that serve as convenient symbolic proxies for FGP theo-
ries and their infinite models. Our planner keeps in mem-
ory situations only, and recomputes progressions at run time
from the initial theory DS0

. An alternative implementation
could also keep progressions in a priority queue. The pro-
posed algorithm is sound and complete; it terminates be-
cause there are only finitely many ground situations with
bounded length. It relies on the fact that for each situation
there are finitely many actions possible. The planning al-
gorithm is lifted, since possible actions are determined at
run-time when expanding the current situation to compute
its successors. Similarly, inside heuristic, preconditions for
actions are evaluated at run-time, as mentioned above. In all
experiments below, we set the upper bound N to 100.

Our planner calls a random number generator to choose
between the two priority queues: the queue “all” includes
all successors of explored situations, and the queue “useful”
includes only situations deemed to be useful at the stage
of counting relevant easiest actions in a planning graph
when our reachability algorithm back-chains from the
final layer with the goal atoms to the first fluent layer that
represents a state produced by an evaluated action. The
easiest relevant actions from the 1st fluent layer together
with situation leading to the 1st fluent layer form situations
that are inserted into the “useful” queue with an heuristic
value computed for an evaluated action. This is inspired
by intuitions similar to the favored actions proposed in
(McDermott 1996, 1999), the helpful actions proposed in
(Hoffmann and Nebel 2001) and generalized to preferred

operators in the Fast Downward planner (Helmert 2006;
Helmert et. al. 2022). As demonstrated experimentally in
(Richter and Helmert 2009), an additional priority queue
for preferred operators is beneficial. We chose 50% : 50%.
Note that “useful” situations can be misleading due to delete
relaxation inside heuristic.

p1G p1A p2G p2A p3G p3A p4G p4A p5G p5A
5 151 9317 5 5 60 3 3 − 249
14.6 89.7 66.0 13.1 14.8 22.4 14.5 14.5 − 59.8

p6G p6A p7G p7A p8G p8A p9G p9A p10G p10A
5 67 5 9 9317 5 9317 5 10147 5
12.0 20.9 9.1 64.7 69.2 16.2 65.8 13.3 425.4 11.2

Table 1: Addition problems p1-p5, p6-p10: Number of situ-
ations expanded and time (sec) rounded to 1 digit after ”.”.

p1G p1A p2G p2A p3G p3A p4G p4A p5G p5A
5 5 5 5 5 5 5 5 5 5
14.5 14.6 12.0 12.0 14.8 15.0 14.9 14.8 14.9 15.0

p6G p6A p7G p7A p8G p8A p9G p9A p10G p10A
5 5 5 6 5 5 5 5 5 6
12.0 12.5 9.1 30.8 15.0 15.0 12.1 12.1 10.4 39.7

Table 2: Multiplication problems p1-p5, p6-p10 solved using
Greedy (G) or A∗ search (A).

We have collected data for the generalized Countdown
benchmark, a variation of the well-known competition from
the British TV show (Soutchanski 2025; Soutchanski and
Liu 2025). There are at least 6 counters that can hold any
nonnegative integers, but the total number of counters is not
fixed (no DCA). Initially, our program assigns a randomly
generated integer from 0 to 100 to each counter. There are
2 possible actions: either addition or multiplication, for sim-
plicity. Each action stores the result in one of the partici-
pating counters, but another counter becomes unavailable.
The goal is to produce the target integer in any of the ini-
tially available counters. We randomly generated 10 Addi-
tion problems, where the target number can be produced
by adding the initially available numbers, and 10 Multi-
plication problems, where the target number is the product
of the initial numbers. We run our planner implemented in
PROLOG on a desktop computer with an 11th Gen Intel(R)
Core(TM) i7-11700K CPU 3.60GHz, single thread, under
the ECLiPSe System version 7.0#63 (April 24, 2022), using
a 75 MB memory limit. The results are presented in Tables 1
and 2 with averages over 5 runs. The planner can run either
Greedy Best First Search (G) or A∗ search (A). For some
reason, multiplication problems are easier than the addition
problem, e.g., the addition problem 5 was not solved (out
of memory). Greedy search usually expanded more situa-
tions than A∗ (see the 1st row). However, greedy search was
usually faster than A∗ (see the 2nd row). Surprisingly, the
number of expanded states was close to optimal. Our ran-
dom planning instances and the domain encoding are pub-
licly available as (Soutchanski 2025).



5 Discussion and Related Work
There is little work on planning without DCA. The previous
research on generalized planning focused on iterative plans
with sensing actions, programs or learning algorithms that
support the search for a policy (a mapping from states to
actions) that works at once for a set of planning instances.
We are interested in computing a sequential plan for a single
problem instance under the open world assumption without
DCA. We do not consider generalized planning in this paper.
Recall we consider only deterministic actions.

Moreover, we solve the single planning problem for goals
that are conjunctive queries with ∃-quantifiers over ob-
ject variables, but except for (Francès and Geffner 2016;
Funkquist, Ståhlberg, and Geffner 2024), previous work
considered mostly conjunctions of ground fluents as goals.

It is instructive to compare our BPP with the definition
of correctness of a generalized FSA plan given in (Hu and
Levesque 2010). A plan axiomatized by FSA is correct iff
D ∪ FSA |= ∃s.T ∗(Q0, S0, QF , s) ∧ G[s], where Q0, QF

are constants that denote the initial and the final states of
a FSA plan, G(s) is a goal formula, and T ∗ is the reflex-
ive transitive closure of the one-step transitions in the FSA
plan. Recall that in (Hu and Levesque 2010) there is DCA
for all objects except that there is a special numeric fluent
that varies over integers, and a finite set of actions can af-
fect this one fluent. Their initial theory (that is not proper)
does not specify an initial value of this numeric fluent in
S0, and therefore a plan must be produced for any of its
infinitely many values. Notice that, in contrast to BPP, for
every model of their D ∪ FSA there is situation s that en-
codes a plan, while we search for a ground situation σ that
serves as a plan for all models of a single given planning
instance specified in the BAT D that includes proper DS0

.
(Hu and Levesque 2010) prove that plans generated in their
restricted setting are actually correct. Our planner is sound,
and it is complete thanks to an upper bound N .

(Savelli 2006) discussed Reiter’s formulation of the plan-
ning problem (Reiter 1991) wrt an incomplete initial theory
and provided a proof based on the properties of goal regres-
sion in SC (Pirri and Reiter 1999) and on the compactness
theorem for first order logic. His work is interesting from a
theoretical perspective, but it cannot serve as a foundation
for an efficiently implementable planner.

Helmert (Helmert 2002) provides a comprehensive clas-
sification of the numeric planning formalisms, demonstrates
the cases where the planning problem is undecidable, and
explores the reductions between numeric planning for-
malisms. The numeric planning problems where the range
of values is finite can be reduced to classical planning with
DCA; see, e.g. (Gigante and Scala 2023; Bonassi, Percassi,
and Scala 2025). In a general case, numeric planning goes
beyond DCA. Our proposal is different since we consider
a BPP problem with incomplete knowledge, without DCA,
and each FO model of progression in BPP is infinite in con-
trast to numeric planning, where each state is a finite set.

It is well-known that FF-inspired heuristics based on
delete relaxation and value accumulation are inadequate for
realistic numeric planning benchmarks related to resources
and exchange, e.g., see (Coles et al. 2013). For this rea-

son, recent research on numeric planning explores other
heuristics, alternative reductions and approaches, e.g., see
(Cardellini and Giunchiglia 2025; Chen and Thiébaux 2024;
Illanes and McIlraith 2017; Kuroiwa et al. 2022; Piacentini
et al. 2018; Scala et al. 2020a,b; Scala and Bonassi 2025).
Similarly, a challenge of how to develop informative heuris-
tics that guide search for a solution to BPP problem is impor-
tant for us. This research direction remains important future
work.

To our knowledge, there are no other heuristic planners
that can solve problems without the DCA given incomplete
initial theory. The conformant planners previously devel-
oped require DCA (Hoffmann and Brafman 2006; Palacios
and Geffner 2009; Grastien and Scala 2020). The planner
in (Hoffmann and Brafman 2006) was actually inspired by
situation calculus, and it does search over sequences of ac-
tions, but it works only at a propositional level. (Finzi, Pirri,
and Reiter 2000) does open-world planning, but they require
DCA, see details in (Reiter 2001).

As mentioned before, (Röger, Helmert, and Nebel 2008)
proved that there are easy exact translations between the
ADL fragment of PDDL and the restricted BATs. One of
the restrictions requires that an initial theory DS0 must enu-
merate for each fluent finitely many object tuples, where the
fluent is initially true. This is needed to develop an easy com-
pilation scheme (Nebel 2000) that maps DS0 to an instance
of ADL classical planning in PDDL 2.1 (Level 1). The au-
thors show that if instead of a complete initial database, DS0

would be incomplete about at least one unary fluent or sit-
uation independent predicate, then this modification would
lead to a significant jump in the computational complex-
ity of the planning problem. Also, they show that leaving
out DCA, while keeping the initial theory DS0

a complete
database, does not affect the planning problem, since in the
presence of a complete initial theory DS0 , all unnamed ob-
jects are identical. Therefore, it is possible to take finitely
many extra constants to account for the longest finite quanti-
fier prefix in a BAT that ranges over arbitrary many objects.
The detailed proofs and discussion are provided in (Röger
2014). Their analysis is purely theoretical. They did not con-
sider the task how to design and implement a planner that
can use a domain independent heuristic to search for a plan
without DCA, when an initial theory DS0

is incomplete.
(Petrick and Bacchus 2002, 2004; Petrick 2006) pre-

sented a knowledge-level approach to conditional planning
with sensing actions under incomplete information (without
CWA). Their approach is based on a first-order language of
the situation calculus. They did not discuss planning without
DCA. Our work is different since we rely on progression, we
require DS0

be a proper theory, we consider planning when
objects can be destroyed or created, and we control search
for a plan with a domain-independent heuristic.

(Corrêa et al. 2024) considers planning with object cre-
ation as an extension of classical planning (the universe of
objects is finite), with complete knowledge, but their seman-
tics is based on an unusual object assignment to variables
that can take values outside of the universe. We define cre-
ated/destroyed objects syntactically, while they are defined
semantically in (Corrêa et al. 2024). Our BPP problem is



more general, since each state has a model with an infinite
universe: we consider incomplete knowledge. Our semantics
is standard for FO logic (Enderton 2001; Shoenfield 2018).

Note that in contrast to (De Giacomo, Lespérance, and
Patrizi 2016), we do not require that the number of objects
where fluent holds must be bounded for all s. Informally,
boundedness of the set of objects that may ever be consid-
ered by our planner becomes the consequence of working
with a proper BAT and imposing the upper bound on the
number of actions.

(Soutchanski and Young 2023) proposed a lifted deduc-
tive planner based on the situation calculus (SC), but their
implementation required both DCA and CWA. Their plan-
ner was competitive with Fast Downward (Helmert 2006;
Helmert et. al. 2022) in terms of IPC scores based on the
number of visited states and the length of the plan. They fo-
cused on classical planning benchmarks with a small num-
ber of objects. Their paper includes a detailed review of pre-
vious work on deductive planning.

Several publications discuss when progression can be for-
mulated in FO logic, e.g., see (Liu and Lakemeyer 2009;
Vassos, Sardina, and Levesque 2009; Vassos and Patrizi
2013). They did not consider DS0

as a proper theory, and did
not attempt planning. (Liu and Levesque 2005; Liu 2005)
considered DS0 as a proper theory in SC and used progres-
sion for a simple case of local effect SSAs, but they did not
consider planning.

Jan Plaza proposed to extend the Herbrand universe with
countably many new individual constants and consider ω-
Herbrand interpretation to provide a purely declarative se-
mantics for logic programming (Plaza 1990, 1992). His pro-
posal is different from Levesque’s who focused on proper
theories in his (1998) paper.

The case of open-world planning is explored in (Borg-
wardt et al. 2021, 2022). They work with state constraints
that are not explored in our approach. However, they restrict
the arities of fluents to use description logics ontologies, but
in our approach fluents and actions can have any finite arity.

Future work may consider the case where the identity of
some objects is not known, and for this reason DS0 may in-
clude ∃-quantifiers over objects; they can be replaced with
Skolem constants. This case was discussed for proper KBs
in (De Giacomo, Lespérance, and Levesque 2011). Addi-
tionally, it is interesting to consider acyclic state constraints,
since they are realistic and important (McIlraith 2000).

6 Conclusion
The main contribution of this paper is a new interesting plan-
ning problem formulated in a restricted but useful fragment
of first order logic that has a light-weight implementation.
We discussed a few examples that show why this problem is
actually interesting. The main constituents of our approach
are the following: (1) proper initial theory, (2) preconditions
for actions and goal are ECQ formulas, (3) there are syn-
tactic restrictions on SSAs to guarantee that progression re-
mains a FO proper theory, (4) heuristic search can be used
sometimes to compute a plan. Our planner has a proof-of-
the-concept implementation that demonstrates feasibility.
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Röger, G. 2014. Planning Techniques and the Action
Language Golog, Dissertation. Ph.D. thesis, Technische
Fakultät Albert-Ludwigs-Universität, Freiburg, Germany.
Savelli, F. 2006. Existential assertions and quantum levels
on the tree of the situation calculus. Artif. Intell., 170(6-7):
643–652.

Scala, E.; and Bonassi, L. 2025. On Using Lazy Greedy
Best-First Search with Subgoaling Relaxation in Numeric
Planning Problems. In Proc. of the 35th Intern. Conf. on
Autom. Planning and Sched. (ICAPS-2025), 245–249.
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