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Abstract
Planning with actions parameterized by numeric values, also
called control variables, raises fundamental challenges to
cost-optimal decision making, as such values induce infi-
nite decision spaces. Existing approaches focus on feasibility
and reachability, usually assuming unitary action costs, and
provide no principled notion of plan optimality beyond plan
length. In this paper, we address this gap by introducing a
cost-aware formulation in which action costs depend on nu-
meric parameters. To reason about optimality, we build on
the Delayed Partial Expansions (DPEX) framework, which
performs sampling-based partial expansions while preserv-
ing probabilistic completeness. We identify a key limitation
of DPEX that precludes explicit control over solution quality.
To overcome this limitation, we propose an iterative deep-
ening strategy that also ensures completeness. This yields
a new algorithm, ID-DPEX, which provides strong and ex-
plicit optimality guarantees when combined with admissible
heuristics. Empirical results show that ID-DPEX efficiently
produces near-optimal solutions.

Introduction
Planning with control variables, originally introduced as
control parameters, has recently emerged as a power-
ful framework for modeling decision-making problems in
which actions are parameterized by values drawn from infi-
nite numeric domains. In this setting, a single action schema
gives rise to infinitely many decisions, each corresponding
to a particular valuation of numeric parameters.

Early planning frameworks based on control parameters
have primarily focused on feasibility and state reachability,
largely abstracting away execution cost and plan-level opti-
mality. In planners such as POPCORN (Savaş et al. 2016)
and NextFLAP (Sapena, Onaindia, and Marzal 2024), con-
trol parameters are not involved in the search process and
do not contribute to any notion of plan optimality. In both
approaches, plans defer their valuation until a concretization
step, where a weak notion of “optimality” is introduced, re-
stricted to the instantiation of control parameters for a fixed
plan. This concretization neither guides the search process
nor discriminates between competing plans; instead, it is a
necessary step to obtain a valid plan instantiation, typically
by optimizing a numeric objective.

This paper addresses the lack of a plan-level notion of
cost-optimality in planning frameworks with control param-

eters by introducing a cost-aware formulation that explic-
itly accounts for control valuations. Our contribution situ-
ates planning with control variables within a broader tax-
onomy of action cost models and provides the first explicit
notion of cost-optimality for this class of problems. Reason-
ing about optimality in this setting poses significant algorith-
mic challenges. Control variables induce infinite decision
spaces, rendering full successor expansion infeasible and
preventing the direct application of classical cost-optimal
search algorithms such as A∗, Weighted-A∗, or IDA∗ (Hart,
Nilsson, and Raphael 1968; Pohl 1970; Korf 1985). Other
partial-expansion techniques such as PEA and EPEA (Felner
et al. 2012; Goldenberg et al. 2014) mitigate large branching
factors by expanding only subsets of successors, but they
are not designed to handle infinite branching, nor cost-aware
metrics.

To address this issue, we build upon the Delayed Partial
Expansions (DPEX) framework (Aso-Mollar et al. 2025b),
which replaces full successor expansions with sampling-
based partial expansions and relies on rectification functions
to delay subsequent node expansions. We identify a funda-
mental limitation of these rectification functions that pre-
vents DPEX from guaranteeing optimal solutions. To over-
come this limitation, we impose a finite upper bound on the
rectification functions while decoupling the heuristic esti-
mation from the rectification growth. This results in a new
algorithm called ID-DPEX, which is inspired by threshold-
based search methods such as Iterative Deepening.

Our contributions are fourfold. First, we formalize
numeric planning with control variables under control-
dependent action costs, filling a gap in the existing taxonomy
of planning cost models. Second, we introduce ID-DPEX,
a cost-aware iterative search algorithm for infinite decision
spaces, and prove that it is probabilistically complete under
the same assumptions as DPEX. Third, we show that, when
equipped with admissible heuristics, ID-DPEX returns solu-
tions with explicit optimality guarantees. Finally, we pro-
pose an admissible heuristic tailored to numeric planning
with control variables and prove its admissibility within the
proposed framework.

Problem Formulation
We adopt the numeric planning with control variables for-
malization of (Aso-Mollar et al. 2025a). Let F be a finite



set of propositional state variables, X a finite set of numeric
state variables, and U a finite set of numeric control vari-
ables. All numeric variables range over subsets of Q, and
the control variables domains are bounded. We denote by
Expr(X∪U) the set of arithmetic expressions over state and
control variables. A numeric planning problem with control
variables is defined as follows.

Definition 1 (Numeric planning problem with control vari-
ables). A numeric planning problem with control variables
is a tuple P = (F,X,U,A, s0, G), where:

• A is a finite set of actions a = (Pre(a),Eff(a)). Precon-
ditions are given by Pre(a) = (PreB(a), PreQ(a)), where
PreB(a) is a Boolean formula over F , and PreQ(a) is a
conjunction of numeric constraints of the form (ξ ▷◁ 0)
with ξ ∈ Expr(X ∪ U) and ▷◁ ∈ {<,≤,=,≥, >}.
Effects are given by Eff(a) = (EffB(a),EffQ(a)),
where EffB(a) is a set of propositional assignments, and
EffQ(a) is a consistent set of numeric assignments of the
form (x := ξ), with x ∈ X and ξ ∈ Expr(X ∪ U);

• s0 is the initial state, assigning truth values to variables
in F and numeric values to variables in X;

• G = (GB, GQ) are the goal conditions, where GB is a
Boolean formula over F and GQ is a formula of numeric
constraints over X .

A plan in this setting is a finite sequence π =
(⟨ai, µi⟩)ki=1, where each µi assigns values to the control
variables in U . We define µi as control valuations, and we
denote the set of all control valuations as U . A plan is valid
if all action preconditions are satisfied after substituting con-
trol variables according to the control valuation µi, and it is
a solution if the resulting final state satisfies the goal condi-
tions.

A valid plan prefix π1:i induces a unique reached state
si obtained by sequentially applying the effects of the de-
cisions ⟨aj , µj⟩ for j = 1, . . . , i, after substituting control
variables according to µj . Each decision ⟨ai, µi⟩ that yields
a valid plan given a prefix and applied to its corresponding
reached state si is a decision for si and D(si) is the set of
all decisions for si. The set of all states is defined as S.

As discussed in the introduction, existing planning frame-
works with control variables have primarily focused on fea-
sibility and state reachability, abstracting away execution
cost and plan-level optimality (Savaş et al. 2016; Sapena,
Onaindia, and Marzal 2024; Aso-Mollar et al. 2025b). These
approaches assume unitary action costs and treat all applica-
ble decisions as equally expensive, which limits their ability
to capture domains in which control choices influence the
execution cost of actions. To overcome this limitation, we
introduce a control-aware cost function, associating a pos-
itive cost to each action-control pair. This allows modeling
scenarios where control decisions affect both the dynamics
and the accumulated cost of plans, yielding a more expres-
sive and realistic framework for numeric planning with con-
trol variables.

Definition 2 (Control-aware cost function). Given a nu-
meric planning problem with control variables P =
(F,X,U,A, s0, G), a control-aware cost function is a cost

function associated to P , i.e., λ : A× U → R+ that maps a
pair ⟨a, µ⟩ to a positive number denoting its cost.

With this, we have defined a cost function associated to
a numeric planning problem with control variables. Given
a control-aware cost function λ, the accumulated cost
of a reached state si induced by a plan prefix π1:i =
(⟨aj , µj⟩)ij=1 is defined as

g(si) =

i∑
j=1

λ(aj , µj)

For the initial state s0, we define g(s0) = 0. A solution plan
π is said to be optimal if the final state it reaches has mini-
mum accumulated cost g among all solution plans.

We can situate the proposed cost model within the land-
scape of action cost formulations in automated planning by
distinguishing four increasingly levels of expressivity.
1. Unitary action costs. In the simplest setting, all actions

are assumed to have unitary cost. As a result, the accu-
mulated cost of a plan coincides with its length. This as-
sumption is standard in classical planning and underlies
optimality notions such as shortest plans.

2. Constant action costs. A more general model assigns a
fixed numeric cost to each action. The cost of an action
is independent of the state in which it is applied and of
any additional parameters.

3. Controllable action costs. This work introduces a third
level, where the cost of an action depends on associated
control variables. The cost is no longer fixed per action
but does not depend on a state variable.

4. State-dependent action costs. The most expressive set-
ting allows action costs to depend on the current state,
typically through numeric fluents. This model can be fur-
ther extended to incorporate control variables, resulting
in costs of the form λ(s, a, µ).

Example 1. Control-aware cost functions allow modelling
levels 1 through 3. Consider a numeric planning problem
with control variables summarized as follows. We have a nu-
meric state variable x representing the position of an agent
on a line. The initial state is s0[x] = 0, and the goal is
x ≥ 10. We have a control variable u with domain [0, 5]∩Q.
The action set contains two actions modeling movement to
the right and to the left: ar = move right , aℓ = move left .
Both actions have no preconditions. Their numeric effects
differ only in the sign of the displacement: EffQ(ar) =
{x := x + u} and EffQ(aℓ) = {x := x − u}. We now
illustrate how different action cost models can be expressed
using control-aware cost functions.
• Unitary action costs. The cost function is defined as
λ(a, µ) = 1 for all a ∈ A and all µ ∈ U .

• Constant action costs. The cost function assigns fixed
costs to actions, for example λ(ar, µ) = 2 and
λ(aℓ, µ) = 1 for all µ ∈ U .

• Controllable action costs. The cost function depends on
the control valuation, for instance λ(a, µ) = µ[u]2 for
both a ∈ {ar, aℓ}. In this setting, the cost of a decision
is quadratic w.r.t. the magnitude of the displacement, i.e.,
the value of the control variable u, µ[u].



Algorithm 1: DPEXϕ,rh
1: Input: Decision space functionD(·), sampling function
ϕ, rectification function rh, NEC f , number of samples
K, initial state s0, goal condition G

2: Output: Goal reached
3: Open← {(f(s0), s0)}
4: while Open ̸= ∅ do
5: Extract node s with lowest f -value from Open
6: if s satisfies G then
7: return true
8: else
9: for i = 1 to K do

10: Sample a new decision in D(s) using ϕ(s)
11: Apply sampled decision to s and generate s′
12: Insert (f(s′), s′) into Open
13: end for
14: Rectify f(s) using rh
15: Insert (f(s), s) into Open
16: end if
17: end while
18: return false

In the remainder of this paper, we focus on the problem of
finding optimal plans under the third level of expressiveness,
namely controllable action costs.

Iterative Deepening Delayed Partial
Expansions

This section develops a search strategy tailored to decision
spaces induced by control variables, building on the objec-
tive of reasoning about optimality under controllable action
costs. We build upon the S-BFS algorithm from (Aso-Mollar
et al. 2025a), which enables forward search in infinite de-
cision spaces via Delayed Partial Expansions (DPEX), and
identify a limitation that prevents any meaningful control
over solution quality without compromising the complete-
ness of the algorithm. To reconcile these conflicting objec-
tives, we introduce Iterative Deepening DPEX (ID-DPEX),
an algorithm that progressively relaxes this limitation across
successive runs, and prove its probabilistic completeness. Fi-
nally, we show that, when admissible heuristics are used,
ID-DPEX provides explicit suboptimality guarantees.

Preliminaries: Delayed Partial EXpansions
The S-BFS algorithm (Aso-Mollar et al. 2025a) provides
a principled approach to search with infinite decisions by
combining selective exploration with mechanisms that en-
sure theoretically sound search behavior via the Delayed
Partial EXpansions (DPEX) scheme.

Nodes generated during the search are prioritized accord-
ing to a Node Evaluation Criterion (NEC). Given a sam-
pling function ϕ that samples decisions over the decision
space of a state s, D(s), and a rectification function rh :
Z+
0 × S → R defined over a heuristic h : S → R such that

rh(0, s) = h(s), specific instances of this family are denoted
as DPEXϕ, rh.

Algorithm 1 presents the pseudocode of DPEXϕ,rh . The
algorithm maintains a priority queue Open ordered by the
NEC value f , which is initialized with the initial state s0 and
its corresponding f -value (line 3). At each iteration, the al-
gorithm extracts the most promising state (i.e., the one with
the lowest f -value) (line 5). If the extracted state is a goal,
the search terminates successfully (lines 6-7). If the queue
becomes empty without reaching a goal, the algorithm re-
ports failure (line 18).

Partial expansion. Instead of fully expanding all applica-
ble decisions of a state s, K decisions are sampled from the
decision space D(s) using the sampling function ϕ(s) (lines
9-10). Each sampled decision is applied to s to generate a
successor state s′, which is then inserted into Open with its
corresponding f -value (lines 11-12).

Rectification and reinsertion. After a partial expansion,
DPEX applies the rectification function rh to update the
NEC value (line 14). The state is then reinserted into Open
for further consideration in subsequent iterations (line 15).

Probabilistic completeness Rectification plays a central
role in balancing exploration and exploitation, while main-
taining search completeness. In (Aso-Mollar et al. 2025a),
the authors proved that DPEX is probabilistically complete
if the rectification functions are defined as monotonically in-
creasing and tending to infinity, and if the sampling func-
tions assign a non-zero probability to every possible deci-
sion of D(s). That is, the probability of finding a solution is
1 as the number of iterations of the algorithm (line 4) tends
to infinity.

Bounding the Rectification in DPEX
DPEXϕ,rh equipped with an NEC f = g + rh that incorpo-
rates the accumulated cost g provides mild guarantees on the
cost of the solutions it returns, as established by the follow-
ing proposition, which follows from the properties of Open
as a priority-queue:

Proposition 1. Let ϕ be a sampling function that, given s ∈
S, assigns a non-zero probability to every s′ ∈ D(s), and rh
a monotonic rectification function that tends to infinity when
n→∞. Consider an open node s in the current search tree.
Whenever a node s′ in the subtree rooted at s is selected for
expansion, its f -value satisfies f(m, s′) ≤ f(n, s) where m
and n denote the current numbers of partial expansions of
s′ and s, respectively.

Proof. When s′ is selected for expansion at some iteration,
it must be the minimum f -value node in Open at that time.
In particular, since s is in Open at that iteration with current
value f(n, s), it follows that

f(m, s′) ≤ f(n, s).

Particularly, this means that, if the heuristic function is
goal-aware, i.e., h(sg) = 0 for every goal state, the cost
of the plan g(sg) is bounded by the f -value of any of the
sg’s ancestors from the root node s0 to sg’s parent node. In



practice, however, this notion is insufficient to guarantee any
optimal solution since the rectification function must tend
to infinity. Improving the theoretical guarantees of the al-
gorithm would appear to require bounding the rectification
functions in some way; however, doing so compromises the
probabilistic completeness of DPEX. Therefore, it is neces-
sary to devise a mechanism that balances both objectives.

For this reason, we propose a subset of rectification func-
tions, termed bounded additive rectification functions. This
subset is characterized by having a rectification term that is
independent of the heuristic term and by being monotonic
with a finite bound.

Definition 3 (Bounded additive rectification function).
Given a heuristic function h : S → R, a bounded addi-
tive rectification function is a function rh : Z+

0 × S → R
such that rh(n, s) = h(s) + ρ(n) and:

• ρ(0) = 0;
• ρ(n′) > ρ(n) for n′ > n, i.e., ρ is monotonically in-

creasing;
• There exists some C ∈ R such that ρ(n) ≤ C ∀n ∈ Z+.

Given an unbounded additive rectification function
rh(n, s) = h(s)+ρ(n), we can construct its boundification,
rCh , by collapsing every ρ(n) > C to ρ(n) = C. When a
bounded additive rectification function is used, the rectifica-
tion term has a finite upper limit. Consequently, solutions in
certain regions of the search space may never become suffi-
ciently competitive to be explored, as their combined heuris-
tic and rectification values remain less favorable than those
of alternative branches. When considering unitary costs, for
instance, this would mean that the search cannot reach nodes
of depth more than h(s0) + C. More generally:

Proposition 2. Given a bounded additive rectification func-
tion rh with bound C, every state selected for expansion by
DPEX has an f -value bounded by h(s0) +C, provided that
the sampling function ϕ satisfies the conditions of Proposi-
tion 1.

Proof. Follows directly from Proposition 1 by considering
the fact that rh(n, s0) = h(s0) + ρ(n) ≤ h(s0) + C.

This means that, if no solution state has cost of less than
h(s0) + C, DPEX will never find a solution to the problem.
What can be done, however, is to make this bound dynamic
over time. This approach allows, on the one hand, certain
guarantees on the rectification and, on the other hand, an it-
erative increase of the heuristic. Building on these ideas, we
introduce the Iterative Deepening DPEX (ID-DPEX) algo-
rithm.

Algorithm 2 presents the pseudocode of ID-DPEXϕ,rh .
The algorithm starts with an initial rectification bound C0

(line 3), constructs the corresponding boundification rCh
(line 5), and then executes DPEXϕ,rCh for at most M itera-
tions (line 6). This iteration limit corresponds to terminating
the main while loop of Algorithm 1-line 4 onceM iterations
have been reached. If a goal state is found, the algorithm re-
turns success (line 8); otherwise, the rectification bound is
increased by ∆ (line 10) and a new run is initiated (line 4).

Algorithm 2: ID-DPEXϕ,rh
1: Input: Rectification function rh, sampling function ϕ,

number of iterations per run M , initial rectification
bound C0, bound increment ∆

2: Output: Goal reached
3: C ← C0

4: while true do
5: Construct rCh boundification from rh
6: goal reached← run DPEXϕ,rCh for M iterations
7: if goal reached then
8: return true
9: else

10: Increase bound C by ∆
11: end if
12: end while

We refer to this method as Iterative Deepening DPEX be-
cause it follows the classical iterative deepening paradigm.
The algorithm executes a sequence of forward searches,
each constrained by a fixed rectification bound C, and pro-
gressively increases this bound across runs. The probabilis-
tic completeness of ID-DPEX relies on the convergence of
the probability of failure across independent runs.

Theorem 1 (Probabilistic completeness of ID-DPEX). Un-
der the assumptions of Proposition 1, and for a sufficiently
large per-run iteration budget M , ID-DPEX is probabilisti-
cally complete.

Proof. Let P be a numeric planning problem with control
variables. Assume that the planning problem is solvable. Let
π be any solution plan reaching a goal state sg , and consider
a sequence of states

s0, s1, . . . , sk = sg

explored by ID-DPEX during an iteration, where each state
si+1 is obtained from si by applying the decision ⟨ai, µi⟩.
Observe that, if m denotes the length of π, then k ≥ m, and
that a state si can be equal to some other state sj if that state
is resampled.

(1) We first show that there exists a finite clipping bound
under which the entire solution path remains reachable dur-
ing a suitable execution of DPEX. For each state si of
the sequence, Proposition 2 states that a node can be ex-
panded during a run with clipping bound C only if f(si) ≤
h(s0)+C. By definition of the clipped rectification function,

f(si) = g(si) + h(si) + min(ρ(ni), C) ≤ h(s0) + C

Therefore, a necessary condition for si to remain expandable
is

g(si) + h(si)− h(s0) ≤ C −min(ρ(ni), C).

Consider now a favorable execution of DPEX in which π
is generated with the minimum number of states. The best
case would be that k = m, i.e., that every state of the plan is
sampled immediately after expanding its predecessor, before
repeated rectifications accumulate. In this case, ρ(ni) = 0



for every node on the solution path, and the condition would
reduce to g(si) + h(si)− h(s0) ≤ C. In general, define

Cπ := max
si=s0,...,sk

{g(si) + h(si)− h(s0) + ρ(ni)} , .

where ni is the number of partial expansions of state si.
Since the explored sequence is always finite and all costs,
heuristic values, and rectification counts along it are finite,
Cπ is finite as well.

Hence, for every run such that C ≥ Cπ , all states along π
remain expandable during the favorable execution described
above. In other words, the clipping bound is sufficiently
large to allow the complete generation of π before accu-
mulated rectifications can exclude some prefix node from
further expansion.

(2) Next, because π contains a finite number m of de-
cisions, there exists a finite number of iterations Mπ suf-
ficient for ID-DPEX to generate the entire path and reach
sg . In fact, Mπ = k. Therefore, any run with M ≥ Mπ al-
lows enough node expansions to potentially generate π com-
pletely.

(3) By the assumptions on the sampling function ϕ, every
decision in D(si) has strictly positive sampling probability
whenever si is expanded. Hence,

ϕ(si)(⟨ai, µi⟩) > 0.

Considering the favorable execution, DPEX samples every
state of the sequence whenever the corresponding prefix
state is expanded, and thus:

pπ :=

k−1∏
i=0

ϕ(si)(⟨ai, µi⟩) > 0.

This quantity is strictly positive because it is a finite product
of strictly positive probabilities.

(4) Let pπ(C,M) denote the probability that a run of
DPEX with clipping boundC and iteration budgetM gener-
ates the solution plan π. The favorable execution described
above is one particular realization leading to success, there-
fore

pπ(C,M) ≥ pπ > 0

for every C ≥ Cπ and M ≥ Mπ , because pπ(C,M) is
obtained by summing the probabilities of all execution se-
quences that generate π, including the favorable execution.

(5) ID-DPEX performs infinitely many independent runs
while monotonically increasing the clipping bound C. Con-
sequently, there exists some iteration after which every run
satisfies C ≥ Cπ. Assuming M ≥ Mπ , every such run suc-
ceeds with probability at least pπ > 0.

Since runs are independent, the probability that none of
the first k runs satisfying C ≥ Cπ succeeds is at most

(1− pπ)k.
Because 0 < pπ ≤ 1,we obtain

lim
k→∞

(1− pπ)k = 0.

Equivalently, the probability that at least one run succeeds
converges to 1 as the number of runs tends to infinity. Since
the argument holds for any solvable problem and any solu-
tion plan π, ID-DPEX is probabilistically complete.

Optimality Guarantees of ID-DPEX
Now that rectification functions are bounded and we have
a probabilistically complete algorithm that allows us to use
them, some interesting properties emerge when considering
admissible heuristic functions. Recall that a heuristic func-
tion h is admissible if it never overestimates the optimal cost
h∗ to the path, i.e., h(s) ≤ h∗(s). If we consider bounded
additive rectification functions over an admissible heuristic,
then the rectification function has an interesting property:

Proposition 3. If h is an admissible heuristic and rh is a
bounded additive rectification function over h with bound
C, then rh(n, s) ≤ h∗(s)+C for every state s and n ∈ Z+

0 ,
where h∗ represents the optimal cost.

Proof. Since h is admissible, for every state s, h(s) ≤
h∗(s). And since rh is bounded additive, rh(n, s) = h(s) +
ρ(n), and then rh(n, s) ≤ h∗(s)+C since rh is bounded by
C.

With admissible functions, bounded additive rectification
functions satisfy that they never overestimate the optimal
cost by more than C. This also causes that ID-DPEX always
returns a solution that never overestimates the optimal cost
by more than C.

Theorem 2 (ID-DPEX optimality guarantees). Under the
assumptions of Proposition 1, let h be an admissible heuris-
tic. Given that a solution plan exists, if ID-DPEXϕ,rh returns
a solution during a run using the clipped rectification rCh ,
then the cost g(sg) of the returned solution sg satisfies

g(sg) ≤ h∗(s0) + C

where h∗(s0) denotes the optimal cost from the initial state
s0 to a goal state.

Proof. Consider the particular run of ID-DPEX in which a
goal state sg is returned; denote by C the rectification bound
used in that run (so the algorithm employed rCh ). We reason
within this run, which is exactly an execution of DPEX with
NEC f(s) = g(s) + rCh (s).

Since DPEX returned a solution, its cost must be bounded
by the f -value of the root node, and thus g(sg) ≤ f(s0) =
g(s0) + rCh (n, s0) = rCh (n, s0) for some n. But since rCh
is bounded additive and h is admissible, then rCh (n, s0) ≤
h∗(s0) + C and thus g(sg) ≤ h∗(s0) + C.

Overall, the theorem guarantees that, for any given run of
ID-DPEX, one can inspect the corresponding clipping con-
stant C and directly infer the quality threshold of the solu-
tion that the algorithm may return at that stage. If one wants
to give more effort to a certain quality cost of solution, one
must increase the number of iterations of that stage M .

On Admissible Heuristics for Numeric
Planning with Control Variables

In order to formulate an admissible heuristic for nu-
meric planning with control variables, we leverage a recent
compilation-based approach that enables the use of standard
informed heuristics despite the presence of infinite decision



spaces. In numeric planning with control variables, classi-
cal heuristics based on subgoaling relaxations (Scala et al.
2020a, 2016) cannot be directly applied. These heuristics
rely on reasoning over finite sets of possible achievers for
each condition, whereas with control variables even a single
condition may admit infinitely many achievers, since each
valuation of the control variables induces a distinct decision.

A recent paper (Aso-Mollar et al. 2025c) addresses
this limitation by proposing the signature compilation (Σ),
which identifies a subset of numeric planning problems with
control variables, termed controllable-simple numeric plan-
ning problems, and transforms control-dependent expres-
sions into simple numeric planning tasks. A simple nu-
meric planning task is a numeric planning problem with
simple (linear) conditions and additive effects. The com-
pilation abstracts control-dependent expressions into con-
stant effects and relaxed preconditions, yielding a finite
over-approximation of the original problem. In particular,
control-dependent effects are replaced by constant effects
obtained by taking either the lower or the upper bound of the
control expression, depending on the condition affected by
the effect. As a consequence, action costs λ(a, µ) are simi-
larly abstracted into one of their extreme values, depending
on the optimization metric, so that λ(aΣ) ≤ λ(a, µ), being
aΣ one of the compiled versions of a.

The compilation is safe under the subgoaling relaxation,
in the sense that any solution to the original problem im-
plies the existence of a solution in the compiled version. This
property allows existing numeric heuristics such as hadd and
hmax to be applied directly, via the compilation, to prob-
lems with infinite decision spaces. For completeness, hmax
is recursively defined as follows. Let ψ be a constraint and
ψr(a,m) its m-times regressor through action a (Scala et al.
2020a). Intuitively, the regressor captures the weakest con-
straint that must hold before applying a (possibly multiple
times) in order to ensure that ψ holds afterwards.

ĥmax(s, ψ) =

0 if s |= ψ

min
a∈ach(ψ)

(
λ(a) + ĥmax(s,PreB(a))

)
ψ ∈ PCs

min
a∈A,

s|=ψr(a,m̂),

∀m̂∈Q+

(
m̂ λ(a) + ĥmax(s,PreQ(a))

)
ψ ∈ SCs

max
c⊂ψ
|c|=1

ĥmax(s, c) |ψ| > 1

Where λ(a) denotes the cost of action a, PC is the set of
propositional conditions (ach(ψ) denotes the set of actions
that achieve ψ) and SC is the set of simple numeric condi-
tions. m̂ represents the continuous relaxation of the number
of repetitions. Interesting properties on admissibility can be
directly derived from the nature of the signature compilation
and the hmax definition.

Theorem 3. Let P be a controllable-simple numeric plan-
ning problem and let PΣ be its signature compilation. For
any state s, the heuristic ĥmax computed over PΣ, hmaxΣ ,

is admissible for P , that is, hmaxΣ (s, ψ) ≤ h∗(s, ψ), where
h∗(s, ψ) denotes the cost of an optimal plan from s to satisfy
condition ψ.

Proof. Assume an arbitrary condition ψ. Let s be an arbi-
trary state and let π∗ be an optimal plan from s that fulfills
ψ, with optimal cost h∗(s, ψ). We proceed by induction on
the structure of goal conditions.

Base case. If s |= ψ, then by definition hmaxΣ (s, ψ) = 0 ≤
h∗(s, ψ) = 0. The optimal plan is the empty plan.

Inductive hypothesis. The inductive hypothesis states
that for any atomic condition ϕ such that h∗(s, ϕ) <
h∗(s, ψ), the inequality hmaxΣ (s, ϕ) ≤ h∗(s, ϕ) holds. We
will apply this hypothesis both for propositional and nu-
meric conditions. Concretely:

• If ψ is a propositional condition (PC), let ⟨a, µ⟩ be
the decision that fulfills ψ in the optimal plan. Since
control variables do not affect propositional achieve-
ment, any of the compiled actions of a, namely aΣ,
also fulfills ψ in the relaxed problem. Since ⟨a, µ⟩ is
the decision that fulfills ψ optimally, this means that
it is the best achiever for that condition in the origi-
nal problem. But since aΣ also fulfills ψ in the com-
piled problem and its cost is, by definition of the com-
pilation, λ(aΣ) ≤ λ(a, µ), then we know that λ(aΣ) +
hmaxΣ (s, PreB(aΣ)) ≤ λ(a, µ) + h∗(s, PreB(aΣ)), using
the inductive hypothesis. Since the compilation relaxes
every condition, achieving PreB(aΣ) can only be “eas-
ier” than achieving PreB(a). For this reason, λ(aΣ) +
hmaxΣ (s, PreB(aΣ)) ≤ λ(a, µ) + h∗(s, PreB(a)) =
h∗(ψ). Since aΣ is an achiever of ψ, the minimum of
the second equation of hmaxΣ (see ĥmax definition) is, at
worst, that value, and at best even lower if there is a com-
piled achiever with lower overall cost.

• If ψ is a simple numeric condition (SC), let ⟨a, µ⟩ be the
decision that fulfills ψ. We can distinguish two cases:
1. The decision ⟨a, µ⟩ fulfillsψ with a control valuation µ

that assigns an extreme value of the control variables’
domain. In this case, the compiled action aΣ also ful-
fills ψ in the relaxed problem and we can apply the
same rationale as in the propositional condition case.
It already works for m̂ = 1, i.e., there is no need for
repetition on that compiled numeric achiever.

2. The decision ⟨a, µ⟩ fulfills ψ with µ being an inter-
mediate value of the control variables’ domain. This is
analogous to the previous case but now we can adjust
m̂ to fulfill the precondition.

Both of these cases state that, at least, there exists an ele-
ment in the minimum of the third equation of hmaxΣ that
already lowers the cost of the compiled plan, but there
could exist another different plan in the compilation that
(1) reduces the overall cost and (2) fulfills ψ maximizing
the net value of achieving that condition.

• If ψ is a conjunction, since each atomic condition ϕ satis-
fies hmaxΣ (s, ϕ) ≤ h∗(s, ϕ), it follows that hmaxΣ (s, ψ) =
max ϕ⊂ψ

|ϕ|=1

hmaxΣ (s, ϕ) ≤ h∗(s, ψ).



As a direct consequence of the previous theorem, ID-
DPEX retains its optimality guarantees when using hmaxΣ .

Experiments
In this section, we analyze the capability of ID-DPEX to
generate near-optimal plans for numeric planning problems
with control variables. To this end, we conduct a two-
fold experimentation: (1) an ablation study of the perfor-
mance of ID-DPEX under different heuristics, including
non-admissible ones (2) an evaluation against state of the
art methods, namely NextFLAP and DPEX, in domains with
unitary cost definitions; and (3) an assessment against theo-
retical optimal bounds for domains with controllable action
costs.

Setup Experiments were conducted with a 30-minute
timeout and an 8 GB memory limit, using uniform sam-
pling, logarithmic rectification, and K = 10 samples per
ID-DPEX and DPEX run. Node Evaluation Criterion is de-
fined to consider both heuristic information and cost, nat-
urally: f = g + rh. For ID-DPEX, we set the initial cost
bound to C0 = 1 and increased it additively by 1 at each it-
eration, ∆ = 1. The maximum number of iterations was set
to M = 106. ID-DPEX and DPEX are both implemented in
the ENHSP planner1.

Domains We used the same benchmark domains as in
(Aso-Mollar et al. 2025a): BLOCKGROUPING, CASHPOINT,
COUNTERS, DRONE, PROCUREMENT, SAILING, and TER-
RARIA. Problem instances are provided in the supplemen-
tary material. For each of these seven domains, we con-
sidered both continuous (C) and discrete (D) variants, cor-
responding to control variables with and without decimal
values, respectively. Although our approach is not limited
in terms of precision, in the continuous variants we delib-
erately restricted control variables to three decimal places
(0.001), matching NextFLAP’s representation for fairness.
All domains assume unitary action costs. Additionally,
we designed two domains with controllable action costs:
CASHPOINT-CAC and COUNTERS-CAC. All details about
these additional domains can be consulted in the supplemen-
tary material.

Analysis of the impact of heuristic choice
In this set of experiments, we consider ID-DPEX perfor-
mance under admissible heuristics: h0 and hmaxΣ . We also
evaluate ID-DPEX using non-admissible heuristics that pro-
vide more informative cost estimates, namely the goal-
counting heuristic hgc and the heuristic hmrpΣ from (Aso-
Mollar et al. 2025c), obtained via the signature compilation
of hmrp (Scala et al. 2020b).

By contrasting admissible and non-admissible heuristics,
we aim to assess how ID-DPEX behaves when admissibil-
ity is sacrificed in favor of more informative guidance and
whether this trade-off leads to improved performance. Ta-
ble 1 reports the results. Non-admissible heuristics consis-
tently yield higher coverage. We also observe an improve-
ment of hmaxΣ over the blind heuristic.

1https://github.com/hstairs/jpddlplus/tree/enhsp25-dpex

Domains (20) h0 hmax
Σ hgc hmrp

Σ

BLOCKGROUPING-C 0 0 20 13
BLOCKGROUPING-D 0 0 20 13
CASHPOINT-C 0 0 0 20
CASHPOINT-D 0 0 0 20
COUNTERS-C 3 3 11 11
COUNTERS-D 0 0 10 10
DRONE-C 0 0 5 10
DRONE-D 20 20 20 20
PROCUREMENT-C 4 8 6 11
PROCUREMENT-D 4 7 6 10
SAILING-C 1 2 4 14
SAILING-D 0 1 1 16
TERRARIA-C 4 6 5 20
TERRARIA-D 2 9 8 20
CASHPOINT-CAC 10 20 11 20
COUNTERS-CAC 15 14 12 20
Total (320) 63 90 139 249

Table 1: Coverage of ID-DPEX per heuristic. In bold, global
best; in grey background, setting best (admissible and inad-
missible).

Figure 1: Cost comparison between admissible and inadmis-
sible heuristics.

Although an increase in coverage is observed when using
non-admissible heuristics, it is important to assess whether
this improvement comes at the expense of solution cost qual-
ity. To this end, Figure 1 presents a comparison of the best
solutions obtained using admissible versus non-admissible
heuristics. It is worth noting that the theoretical bounds im-
posed byC correspond to upper bounds on the solution cost;
consequently, depending on the sampling strategy and on
how informative the heuristic is, the search may reach so-
lutions with lower cost of than the bound.

Notably, the solution costs when using admissible and in-
admissible heuristics in the search are nearly identical, dif-
fering by at most a single unit. This behavior can be ex-
plained by the cost bound C, which effectively limits the
depth of the search. As a result, even when using non-
admissible heuristics solutions remain nearly optimal.



Figure 2: Cost of ID-DPEX versus NextFLAP and DPEX in unitary (left) and controllable (right) action costs.

Evaluation against the state of the art
Once the inner workings of the approach have been ana-
lyzed, we proceed to compare the system against the state
of the art. The two existing baselines are NextFLAP and
DPEX; however, NextFLAP does not support controllable
action costs. Therefore, in the following we restrict our eval-
uation to domains with unitary cost actions. For both ID-
DPEX and DPEX, we select the run that produces the best
plan length, using the four heuristics defined in the previous
section.
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NextFLAP 20 19 20 18 20 12 0 0 18 13 20 18 8 10 196
DPEX 20 20 0 20 10 20 5 20 8 8 4 14 7 9 165
ID-DPEX 20 20 20 20 11 20 10 20 11 10 14 20 20 20 223

Table 2: Coverage of NextFLAP, DPEX and ID-DPEX.

Table 2 reports the number of problems solved by each
system across proposed domains. Overall, ID-DPEX outper-
forms both NextFLAP and DPEX. When examining indi-
vidual domains, we observe a decrease in performance in
PROCUREMENT, as well as in some (C) domains. This be-
havior is expected, as the search effort increases with the
cardinality of the control variable domains, making these
instances inherently more computationally demanding. In
contrast, NextFLAP is independent of the size of the con-
trol domains and is therefore unaffected by this factor. The
comparison between DPEX and ID-DPEX further indicates
that bounding the rectification with the iterative scheme fa-
vors an increase in coverage.

In Figure 2, we compare the plan lengths obtained by ID-
DPEX against those from NextFLAP and DPEX. Plans gen-
erated by ID-DPEX are either strictly shorter or differ from
those of NextFLAP by at most three actions (mostly one),
which aligns with the theoretical suboptimality guarantees.
NextFLAP is a best-effort planner with no guarantees, which
sometimes leads to significantly longer plans as observed in
the figure. Notably, ID-DPEX and DPEX runs achieve iden-
tical plan lengths along most instances.

For the two domains with controllable action costs
(CASHPOINT-CAC and COUNTERS-CAC), we additionally
compared the solution costs obtained by ID-DPEX against
analytically computable optimal costs. In CASHPOINT-CAC,
the optimal cost corresponds to the minimum amount of
withdrawn money together with the required navigation and
purchase actions, whereas in COUNTERS-CAC the optimum
can be formulated as a constrained optimization problem
over the increment and decrement control values. Figure 2
reports the deviation from the optimal cost for both ID-
DPEX and NextFLAP.

ID-DPEX reaches the optimum in 39 out of the 40 ana-
lyzed instances, with a deviation of one unit in the remaining
case. In contrast, although NextFLAP does not natively sup-
port controllable action costs, we nevertheless evaluated the
costs induced by the plans it generates. Under this setting,
only 30 out of 40 cases achieve optimal cost, with some in-
stances deviating substantially from the optimum. This be-
havior is expected, since NextFLAP optimizes plan length
before concretizing control values, whereas ID-DPEX di-
rectly incorporates control valuations into the search cost
function.

Conclusions and Future Work

In this work, we propose an approach for computing near-
optimal plans in planning with control variables. We extend
the notion of action cost to account for costs that depend
on control valuations, and we formally define the result-
ing problem setting. Building on this formulation, we intro-
duce a novel algorithm, ID-DPEX, together with admissi-
ble heuristics tailored to this framework. We show that ID-
DPEX is probabilistically complete and that it provides ex-
plicit optimality guarantees when combined with admissible
heuristics.

We empirically evaluate the algorithm on a diverse set of
problems using both admissible and non-admissible heuris-
tics. The results demonstrate not only the feasibility of the
proposed approach, but also its advantages over existing
methods in the literature. As future work, we plan to inves-
tigate more informative heuristics to further improve search
efficiency, as well as additional algorithmic optimizations.
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Aso-Mollar, Á.; Aineto, D.; Scala, E.; and Onaindia, E.
2025b. A Sampling Approach to Planning with Infinite
Domain Control Variables. In Proceedings of the Thirty-
Fifth International Conference on Automated Planning and
Scheduling, ICAPS-25, 149–153.
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