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Abstract

Count Downward is a planner for cost-optimal, satisficing,
and agile numeric planning built on top of the Numeric Fast
Downward framework. Its main contribution is to bring ab-
straction heuristics, which are among the strongest admis-
sible heuristics in classical planning, to numeric planning
tasks. An abstraction maps the concrete state space onto a
smaller, abstract one, where optimal goal distances yield ad-
missible estimates. The central obstacle is that projecting a
task with numeric variables generally induces an infinite ab-
stract state space, which cannot be explored exhaustively.
Count Downward builds on two recent and complementary
families of numeric abstraction heuristics that address this
in different ways: numeric pattern-database (PDB) heuristics,
which explore only a finite, goal-directed fragment of each
abstraction and back it up with admissible estimates on the
fringe, and numeric domain-abstraction heuristics, which use
counterexample-guided abstraction refinement (CEGAR) to
represent the entire infinite concrete state space by partition-
ing variable domains into intervals. In the optimal track we
combine several such abstractions admissibly via the canoni-
cal heuristic; in the satisficing and agile tracks we run greedy
best-first search guided by an interval-relaxed hFF heuristic.

General Overview
Numeric planning extends classical planning with state vari-
ables that take numerical values, allowing one to naturally
model resources, capacities, and spatial quantities. This ex-
pressiveness comes at a price: numeric tasks induce gen-
erally infinite state spaces, and the plan-existence problem
becomes undecidable, even for highly restricted fragments
(Helmert 2002; Gnad et al. 2023). We focus on simple nu-
meric planning (SNP), where numeric variables are modi-
fied by constant increments/decrements and conditions are
linear (in)equalities (Hoffmann 2003; Scala, Haslum, and
Thiébaux 2016). Following common practice, our heuristics
operate on the equivalent restricted task (RT) representation.

In classical planning, abstraction heuristics — most
prominently pattern databases (PDBs) and their generaliza-
tions — are among the strongest known admissible heuris-
tics (Culberson and Schaeffer 1998; Haslum et al. 2007). An
abstraction maps the (concrete) state space onto a smaller,
abstract one; optimal goal distances in the abstraction yield
an admissible heuristic for the original task. The key diffi-
culty in transferring this idea to numeric planning is that an

abstraction that retains even a single numeric variable typi-
cally has an infinite abstract state space, so it cannot be ex-
plored exhaustively as in the finite-domain case.

Count Downward builds on two recent, complementary
families of numeric abstraction heuristics that resolve this
difficulty in different ways, which we use for the optimal
track. Numeric PDB heuristics project the task onto a pat-
tern, a subset of the variables (Gnad et al. 2025; Fritzsche
et al. 2026a). Since the resulting abstraction may be infi-
nite, only a finite, reachable fragment around the abstract
initial state is generated, and admissible goal-distance esti-
mates are attached to the fringe of the explored region. Us-
ing a blind backup on the fringe, however, often yields un-
informative heuristics, in particular when no abstract goal
is reached. We therefore use the improved framework of
Fritzsche et al. (2026a), which (i) explores the abstraction
with a targeted A∗ search guided by an admissible heuris-
tic so that abstract goal states are actually found, (ii) refines
fringe estimates with that same heuristic instead of the mini-
mal action cost, and (iii) provides an admissible fallback for
concrete states whose abstract counterpart was never gener-
ated (a failed lookup). Multiple small PDBs are generated by
a hill-climbing procedure (iPDB) (Haslum et al. 2007) and
combined admissibly with the canonical heuristic hC .

Numeric domain-abstraction heuristics take a different
route to the same infiniteness problem (Fritzsche et al.
2026b). A domain abstraction partitions the domain of each
variable into blocks; for numeric variables these blocks are
integer intervals that may be unbounded, so a single ab-
straction can represent the entire infinite concrete state space
without enumerating it. The abstractions are built incremen-
tally by counterexample-guided abstraction refinement (CE-
GAR) (Clarke et al. 2000; Seipp and Helmert 2018; Kreft
et al. 2023): an optimal abstract plan is repeatedly checked
against the concrete task, and the discovered precondition,
goal, or deviation flaws are eliminated by splitting an inter-
val at a concrete value. As for PDBs, multiple abstractions
are combined admissibly using the canonical heuristic hC .

These two heuristic families are complementary in their
search guidance, and each is somewhat competitive with
the strongest admissible numeric heuristics, such as numeric
LM-cut (Kuroiwa et al. 2022), on a substantial fraction of
common SNP benchmarks.

For the satisficing and agile tracks, where admissibility is



Track Search Heuristic
Optimal (a) A∗ numeric PDBs (iPDB, hC )
Optimal (b) A∗ domain abstractions (CEGAR, hC )
Satisficing GBFS / WA* interval-relaxed hFF

Agile GBFS interval-relaxed hFF

Table 1: Configurations used in the three tracks. We submit
two configurations to the optimal track, (a) and (b).

not required, we instead use an interval-based relaxation of
the FF heuristic (hFF) (Hoffmann and Nebel 2001; Aldinger
and Nebel 2017) to guide greedy best-first search.

Implementation & Configurations
Count Downward is implemented as an extension of the
Numeric Fast Downward (NFD) framework (Aldinger and
Nebel 2017), an extension of Fast Downward (Helmert
2006) to numeric state variables. We use NFD’s translator to
obtain a finite-domain encoding of the numeric task, which
our abstraction heuristics transform into the restricted-task
(RT) formalism that they operate on (Gnad et al. 2025). Ta-
ble 1 summarizes the configuration we use in each track; all
searches are run with a single heuristic (no portfolio).

Optimal Track. Both optimal configurations run A∗ with
an admissible abstraction heuristic and target the SNP frag-
ment. The first configuration uses numeric PDB heuristics
(Gnad et al. 2025; Fritzsche et al. 2026a). The pattern col-
lection is generated by hill climbing (iPDB) (Haslum et al.
2007) for up to 900 seconds, and the individual PDBs are
combined with the canonical heuristic hC . For every pat-
tern we generate up to 104 abstract states, bound the es-
timated size of a single PDB and the whole collection by
106 abstract states. We use the numeric LM-cut heuristic
(Kuroiwa et al. 2022) both to guide the goal-directed ex-
ploration of each abstraction and to estimate goal distances
on its fringe. Concrete states whose abstract counterpart was
not generated fall back to a blind estimate. In the terminol-
ogy of Fritzsche et al. (2026a), this is the LLB instantiation,
the best-performing PDB variant that does not refine the ab-
straction during search.

The second configuration uses numeric domain-
abstraction heuristics generated by CEGAR (Fritzsche
et al. 2026b), again combined admissibly with the canonical
heuristic hC . We refine abstractions for up to 700 seconds,
bound a single abstraction by 5 · 105 and the collection by
5 · 106 abstract states, and split numeric intervals with the
best splitting strategy reported by Fritzsche et al. (2026b).
As more abstractions can be formed than there are patterns,
we diversify the collection through a blacklisting mecha-
nism (Rovner, Sievers, and Helmert 2019; Kreft et al. 2023)
that excludes a random subset of variables from refinement
once 60% of the time limit has elapsed.

Satisficing Track. In the satisficing track, plan quality
matters, so we run an anytime configuration that keeps im-
proving the incumbent plan. We use NFD’s interval relax-
ation of the FF heuristic, hFF (Hoffmann and Nebel 2001;
Aldinger and Nebel 2017), with preferred operators. The

search first runs lazy greedy best-first search to find a plan
quickly, and then a sequence of lazy weighted-A∗ searches
with decreasing weights (w ∈ {5, 3, 2, 1}), repeating the last
one, to progressively reduce plan cost until the time limit is
reached, similar to LAMA (Richter and Westphal 2010).

Agile Track. In the agile track, only the time to find any
plan is scored. We therefore run a single lazy greedy best-
first search with the interval-relaxed hFF heuristic and pre-
ferred operators, without any anytime improvement.
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