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3UCLouvain, Louvain-la-Neuve, Belgium
4Australian National University, Canberra, Australia

{hugo.barral,marie-jose.huguet}@laas.fr, quentin.cappart@polymtl.ca, sylvie.thiebaux@anu.edu.au

Abstract
Admissible heuristics are essential for optimal planning, yet
learning them remains challenging due to the risk of over-
estimation. Cost partitioning combines multiple abstraction
heuristics while preserving admissibility, but computing op-
timal partitions online is expensive. We propose a framework
that learns to infer admissible cost partitions by leveraging
the Lagrangian dual equivalence between cost partitioning
and multiplier prediction. Planning states and patterns are en-
coded as labelled graphs, and an action-centric variant of the
Weisfeiler–Leman algorithm extracts structural feature vec-
tors. A deep architecture with axial self-attention and a soft-
max output layer maps these features to cost weights that sat-
isfy the partition constraints by construction, ensuring admis-
sibility. Experiments demonstrate reduced node expansions
compared to suboptimal partitioning baselines while main-
taining strict admissibility. To our knowledge, this is the first
machine-learned heuristic guaranteed to be admissible.

1 Introduction
Recent advances in machine learning are starting to have
an impact on planning, in particular through learning search
guidance in the form of heuristic functions (Shen, Trevizan,
and Thiébaux 2020; Chen, Trevizan, and Thiébaux 2024;
Horcı́k et al. 2025; Corrêa, Pereira, and Seipp 2025), state
rankings (Garrett, Kaelbling, and Lozano-Pérez 2016; Hao
et al. 2025), policies (Toyer et al. 2020; Ståhlberg, Bonet,
and Geffner 2022a,b; Silver et al. 2024; Chen et al. 2025),
and action pruning (Musayev et al. 2025). However, the fo-
cus of these works has been on improving the scalability of
planning, rather than the quality of the solutions. In partic-
ular, learning admissible heuristics, able to guide the search
of optimal planners, remains an open problem. Some con-
tributions present models that achieve low residual errors or
relaxed probabilistic guarantees (Ernandes and Gori 2004;
Ofir Marom and Rosman 2020; Futuhi and Sturtevant 2026).
Yet, despite their accuracy, these learned estimators lack for-
mal admissibility guarantees. Since a single overestimation
of h∗ can cause A* to return a suboptimal plan, the land-
scape still lacks a robust method to learn admissible heuris-
tics for optimal planning.

To address this challenge, we explore a new research
direction. Instead of directly attempting to learn admissi-
ble heuristics from scratch, we learn to combine admissi-
ble heuristics via cost partitioning. Cost partitioning is a

well-established, rigorous method which distributes the cost
of actions amongst multiple admissible heuristics, to en-
sure that adding them remains admissible, thereby produc-
ing more informed admissible heuristics (Haslum, Bonet,
and Geffner 2005; Katz and Domshlak 2010; Pommerening,
Röger, and Helmert 2013; Pommerening et al. 2015; Seipp,
Keller, and Helmert 2020). For certain classes of admissible
heuristics such as abstraction heuristics, an optimal cost par-
titioning (OCP) maximizing the combined heuristic value
over all partitions can be computed in polynomial time via
linear programming (Katz and Domshlak 2010). However
the resulting linear program (LP) is too large to be solved at
every node of the search, which reduces the usage of OCP in
practice. This suggests that a learning-based approach could
be beneficial to speed up the process.

In this paper, we develop such an approach, taking inspi-
ration from two key results from the literature. The first is the
theoretical insight that OCP is equivalent to a Lagrangian
dual problem (Pommerening et al. 2019): the multipliers
that maximize a Lagrangian lower bound, and provide tight
bounds in branch-and-bound, directly correspond to cost
partition weights. In other words, each multiplier encodes
how much of an action’s original cost is allocated to a partic-
ular abstraction. The second result is the recent development
of machine learning models that can be trained to predict
tight Lagrangian multipliers for integer linear and constraint
programs (Abbas and Swoboda 2024; Parjadis et al. 2024;
Bessa et al. 2025). Taken together, these results suggest it
should be possible to develop similar machine learning ap-
proaches to infer valid cost partitions.

We introduce a novel framework that is based on this per-
spective. Rather than solving an optimization problem from
scratch for every evaluated state, we train a domain-specific
model capable of inferring valid cost partitions online. Our
framework constructs a graph representation of a planning
state and its abstractions, from which we extract Weisfeiler-
Leman (WL) feature vectors (Chen, Trevizan, and Thiébaux
2024). A deep learning architecture then contextualizes the
feature vectors via a self-attention mechanism (Vaswani
et al. 2017) and produces cost partition weights. A softmax
output layer enforces that the weights sum to 1, ensuring the
resulting heuristic remains admissible. The model is trained
on optimal cost partitions from various planning instances
from the given domain, in order to estimate a function that



compute optimal cost partitions from contextualized action
features. Once learned, this relationship allows the model to
infer effective cost partitions even on problems larger than
those encountered during training.

We empirically demonstrate through experiments on 6 do-
mains that these inferred partitions yield a strictly admissible
heuristic that can reduce search node expansions compared
to suboptimal cost partitioning baselines.

The remainder of this paper is structured as follows. Sec-
tion 2 provides the necessary background and notation for
our learning approach to planning. Section 3 details our
model architecture for inferring cost partition. Section 4
presents an empirical evaluation on 6 International Planning
Competition domains, with a focus on coverage, node ex-
pansions, and search time. Section 5 concludes with a dis-
cussion of limitations and directions for future work.

2 Background and Notation
2.1 Planning
Throughout this paper we assume that planning tasks are
provided in lifted form and internally grounded and trans-
formed into a finite domain representation (FDR) by the
planner prior to search (Helmert 2009). We define these two
representations below.

A lifted planning task is a tuple Πlifted = ⟨P,A, C, s0, G⟩,
where P is a set of predicates, A is a set of action schemas,
C is a set of object constants, s0 is the initial state and
G is the goal condition. A predicate p ∈ P of arity
np ∈ N0 has parameters {xi | 1 ≤ i ≤ np}. An action
schema a ∈ A of arity na ∈ N0 is defined by a tuple
⟨∆(a), pre(a), add(a), del(a)⟩, where ∆(a) is a set of pa-
rameters such that |∆(a)| = na, and pre(a), add(a) and
del(a) are sets of predicates from P instantiated with ei-
ther parameter variables or objects in ∆(a) ∪ C. A (ground)
atom (resp. action) is an instance of a predictate (resp. ac-
tion schema) obtained by substituting all its parameters with
objects from C. A state in the lifted representation is the set
of all atoms that are true in that state. The goal G is a set of
atoms and a state s is a goal state if G ⊆ s.

An FDR planning task is a tuple ΠFDR = ⟨V,O, s0, s∗⟩,
where V is a set of finite-domain state variables, O is a set
of actions, s0 is the initial state and s∗ is the goal condition.
Each v ∈ V has a finite domain Dv . A fact is a pair ⟨v, d⟩,
with v ∈ V, d ∈ Dv , and equates a ground atom of the
underlying lifted task. An assignment (resp. a partial assign-
ment) is a set of facts where each v ∈ V appears once (resp.
at most once). Each o ∈ O is defined by its precondition
pre(o) and effect eff(o), expressed as partial assignments on
V . Finally, s0 and s∗ are an assignment and partial assign-
ment, respectively.

An action o is applicable in state s if pre(o) ⊆ s, and
leads to the successor state succ(s, o) = s ⊕ eff(o) where
⊕ replaces (v, d) ∈ s with (v, d′) ∈ eff(o) if d ̸= d′. A
solution or a plan is a sequence of actions π = ⟨o1, . . . , on⟩,
that can be applied to s0 and to all the subsequent states to
achieve a goal state. That is, π induces a sequence of states
s0, . . . , sn such that pre(oi) ⊆ si−1 and si = succ(si−1, oi)
for i = 1, . . . , n, and s∗ ⊆ sn. An action cost is defined

by c(o) ∈ R+
0 . The cost of π is c(π) =

∑
oi∈π c(oi). A

planning task is solvable if there exists at least one plan. In
an optimal planning setting, we would like to find a plan π∗

of minimum cost, i.e. argminπ∗ c(π∗).

2.2 Abstraction Heuristics and Cost Partitioning
Abstraction heuristics map states to a smaller set of abstract
states, treating concrete states mapped to the same abstract
state as equivalent under the abstraction. This induces an
abstract transition system whose size is much smaller than
the original state space. In this abstract system, optimal goal
distances yield an admissible heuristic for the original task
and can be computed efficiently using uninformed search al-
gorithms. Abstractions are commonly generated by project-
ing tasks onto a small set of variables or pattern P ⊆ V .
We write ΠP = ⟨P,OP , sP0 , s

P
∗ ⟩ for the pattern projec-

tion of ΠFDR, where for a (partial) assignment s, the pro-
jection s|P is the restriction of s to the variables in P , and
for each o ∈ O, the projected action oP ∈ OP keeps
pre(oP ) = pre(o)|P and eff(oP ) = eff(o)|P .

To focus on multiple aspects of the task and obtain
a more informed heuristic estimate, multiple abstractions
P1, . . . , Pk are typically combined. However, these heuris-
tics are generally not additive, as the same action may be
applied redundantly across multiple abstractions. Cost par-
titioning addresses this by distributing the cost of each ac-
tion among the abstractions before computing their heuris-
tics, ensuring that the sum of the per-abstraction heuristic
estimates never exceeds the true cost (Katz and Domshlak
2010). Let us note cP , the cost function distributed to a pat-
tern abstraction P . For the distribution to ensure the additiv-
ity of a set of patterns S, the following constraint must be
satisfied: ∑

P∈S
cP (o) ≤ c(o),∀o ∈ O (1)

If each abstraction P is evaluated under its assigned cost
function cP , producing heuristic hP , then the additive
heuristic

hS(s, c) =
∑
P∈S

hP (s, cP ) (2)

is admissible at state s.
The informativeness of the resulting additive heuristic de-

pends on the chosen abstractions and partition, and also
on the current search state s. Optimal Cost Partitioning
(OCP) is the the problem of computing the cost partition-
ing that maximises the heuristic value hS(s, c). It can be
can be expressed as an LP that additively combines abstrac-
tion heuristics as in (2) by enforcing the cost partition con-
straint (1) (Pommerening et al. 2014). However, solving this
LP anew at each state is computationally prohibitive in prac-
tice. Existing approaches either settle for faster, suboptimal
partitioning (Karpas and Domshlak 2009; Seipp, Keller, and
Helmert 2017) and/or do not recompute the partition at every
state (Seipp 2021).

Furthermore, a theoretical result by Pommerening et al.
(2019) shows that the OCP problem, whose dual belongs
to the operator-counting framework (Pommerening et al.
2014), can be seen as maximizing a sum of independent



Algorithm 1: WL algorithm
Input: Graph G = ⟨N,E, κ, l⟩; number of iterations L.
Output: Set of colours.

1: κ0(v)← κ(v), ∀v ∈ V
2: for j = 1, . . . , L do for v ∈ V do
3: κj(v)← hash

(
κj−1(v), {(κj−1(u), ι) | ι ∈ ΣE , u ∈

Nι(v)}
)

4: end for
5: return

⋃
j=0,...,L{κj(v) | v ∈ V }

sub-problems, each parameterized by Lagrangian multipli-
ers. Consequently, any technique capable of producing La-
grangian multipliers also yields a valid cost partition, pro-
viding an alternative avenue to tackle the online computa-
tional challenge. In particular, Parjadis et al. (2024) showed
that machine learning can be used to obtain tight multipliers
in the context of Lagrangian relaxation applied to constraint
programming, while Abbas and Swoboda (2024); Bessa
et al. (2025) demonstrated similar results for Lagrangian de-
composition. Inspired by this work, we propose a related ap-
proach to learn Lagrangian multipliers that yield valid and
tight cost partitions.

2.3 Graph Representation of Planning States
A suitable learning approach must start with an encoding

of planning states. A graph representation is a natural choice
because a planning state fundamentally consists of entities
connected by structural relationships. A labelled graph is a
tuple G = ⟨N,E, κ, l⟩, where N is a set of nodes, E ⊆

(
N
2

)
is a set of undirected edges, κ : N → ΣN maps nodes to
a set of colours ΣN , and l : E → ΣE maps edges to a
set of colours ΣE . The neighbourhood of a node u under
edge colour ι is Nι(u) = {v | (u, v) ∈ E ∩ l(u, v) =
ι}. The neighbourhood of a node u in a graph is N (u) =⋃

ι∈ΣE
Nι(u).

We rely on the modified Weisfeiler–Leman (WL) algo-
rithm (Chen, Trevizan, and Thiébaux 2024) to extract struc-
tural features. The original WL algorithm is an incomplete
test to decide graph non-isomorphism. It has since evolved
into a reliable method for extracting a vector representation
of a graph’s structure (Shervashidze et al. 2011). Because
the WL procedure is entirely deterministic, it provide a con-
sistent and reproducible representation of each state-pattern
pair, suitable as input to a learned predictor.

Alg. 1 shows the WL algorithm that takes as input a la-
belled graph G and a number of iteration L. After initializ-
ing the nodes original colour, Line 3 iteratively updates the
colours of each node v. It aggregates the unions of node and
edge colours of its neighbours in a set and hash them with
v’s current colour into a colour for the next iteration. The
algorithm returns a set of colours seen over all iterations.
Those set of colours can be represented as histogram vector
v with a size d equal to the number of observed colours on
a training set of graphs. Let v[c] count how many times the
WL algorithm has encountered colour c throughout its iter-
ations. As there is no guarantee that all possible colours can

be observed from a limited training set of a given planning
domain, non-observed colours encountered after training are
purely ignored.

3 Learning to Infer Cost Partitions
In this section, we describe our methodology to avoid solv-
ing the optimal cost partitioning problem from scratch for
every evaluated state. We define a framework to learn a
domain-specific model that predicts a valid cost partition
for the current state and a set of abstractions. Figure 1
schematizes the full pipeline. First, the planner state and
each pattern are jointly encoded as a labelled graph. From
there, we leverage a variant of the WL algorithm to ex-
tract action-centric feature vectors; these are shaped into a
three-dimensional array whose axes correspond to abstrac-
tion, ground action, and feature dimension. Finally, a neu-
ral network equipped with self-attention contextualizes the
feature array and, via a softmax output layer, produces cost
partition weights that satisfy the sum constraint. Section 3.1
details the graph representations and our method to project
graph to abstraction patterns. Section 3.2 presents our WL
variant to extract action-centric features. Section 3.3 de-
scribes the attention-based predictor and how this model en-
forces admissibility.

3.1 Graph Representation of Abstractions
As described in Section 2.3, a planning state s must be en-
coded as a labelled graph G(s) that captures the entities and
structural relationships of the planning task. We adapt two
graph representations G(s) from the literature, the Action-
Object-Atom graph (AOAG) (Wang and Trevizan 2025) and
the FDR learning graph (FLG) (Chen, Thiébaux, and Tre-
vizan 2024), to capture the current task state and the con-
nections between actions and state components. The former
focuses on the lifted structure of objects and atoms, whereas
the latter encapsulates a grounded (FDR) view of the task.
We assume our original lifted task is grounded through a
translation process that allows us to keep information from
both representations. Let DΠ =

⋃
v∈V Dv be the set of all

domain values of a task Π. During grounding we retain the
mappings ρ : DΠ → P and sch : O → A that link grounded
values and actions to their lifted counterparts. We write an
example planning task ΠX with lifted and grounded ele-
ments in Table 1 to illustrate the graph representations.

Action-Object-Atom graph We use a particular case of
AOAG from Wang and Trevizan (2025) where the graph al-
ways represent all grounded actions in O. The graph’s nodes
represent the lifted task’s objects, actions, and atoms that
are true in the current state or in the goal. The action nodes
are labeled by their corresponding action schema, and the
atom nodes are labeled by their “goal status” which encodes
whether the atom is an achieved goal (ag), an unachieved
goal (ug) or a non-goal atom (ap for “achieved proposi-
tion” since it must then be true in the current state). The
graph edges connect object nodes to the nodes represent-
ing the proposition and actions that include this object in
their argument list at some position i, and are labeled by
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Figure 1: Three-stage pipeline for learning cost partitions. (Left) a state and its patterns are encoded as labelled graphs. (Center)
WL algorithm yields action-centric embeddings arranged in a 3D array. (Right) Model with self-attention mechanism predicts
admissible partition weights. k denotes the number of patterns, m the number of actions and d the number of features.

Lifted FDR

P = {p1, p2} V = {v1, v2}
C = {c1, c2} Dv1 = {F1, T1}

Dv2 = {F2, T2}
A = {a1(c1, c2), a2(c1)} O = {o1, o2}

pre(a1) = {¬p1(c1), p2(c2)} pre(o1) = {⟨v1, F1⟩,
pre(a2) = {¬p2(c2)} ⟨v2, T2⟩}
add(a1) = {p1(c1)} pre(o2) = {⟨v2, F2⟩}
add(a2) = {p2(c2)} eff(o1) = {⟨v1, T1⟩,
del(a1) = {¬p2(c2)} ⟨v2, F2⟩}

del(a2) = {} eff(o2) = {⟨v2, T2⟩}
G = {p1(c1), p2(c2)} s∗ = {⟨v1, T1⟩,

⟨v2, T2⟩}
s = {p1(c1)} s = {⟨v1, T1⟩,

⟨v2, F2⟩}

Table 1: Example task ΠX in lifted and FDR formalisms.
The facts ⟨v1, T1⟩, ⟨v2, T2⟩, ⟨v1, F1⟩, ⟨v2, F2⟩ in the FDR
representation encode the atoms p1(c1), p2(c2) and their re-
spective negation in the lifted representation.

the index i. Formally, the AOAG of a task Π is the graph
GAOAG(s) = ⟨N,E, κ, l⟩ with:

• N = C ∪ s ∪G ∪O

• E =
⋃

p(x1,...,xnp )∈s0∪G{⟨p, x1⟩, . . . , ⟨p, xnp
⟩} ∪⋃

∆(a)=(x1,...,xna )∈A{⟨a, x1⟩, . . . , ⟨a, xna⟩}
• κ : V → {ob} ∪ ({ap,ag,ug} × P) ∪ A defined by

u→



ob, if u ∈ C.
(ap, p), if u = p ∈ s \G.

(ag, p), if u = p ∈ s ∩G.

(ug, p), if u = p ∈ G \ s.
sch(u), if u ∈ O.

• l : E → N with l(e) = i for e = ⟨ , xi⟩
Fig. 2a illustrates the AOAG graph of the example task

defined in Table 1.

a1(c1, c2) a2(c2)

c1 c2

p1(c1) p2(c2)

(a) AOAG graph.

v1 v2

T1F1 F2 T2

o1 o2

(b) FLG graph.

Figure 2: Graph representations for ΠX in Table 1.

FDR learning graph We provide an alternative to the
original FLG from Chen, Thiébaux, and Trevizan (2024)
that is made compatible with the WL algorithm by inte-
grating predicate and action schema information as node
colours. The graph’s nodes represent the FDR task variables,
values, and actions. Action nodes are labeled by their corre-
sponding action schema, whereas the label of a value node
encodes the predicate it stems from (via the function ρ) and
its “goal status”, similarly as for the AOAG. Edges connect
variables with their possible values, and these values to the
actions that use them as preconditions or effects. Edges are
labelled with the type of edge they represent (i.e. variable-
value, precondition, or effect edge). Formally, the FLG of a
task Π is the graph GFLG(s) = ⟨N,E, κ, l⟩ with:
• N = V ∪ DΠ ∪O

• E = Evar:val ∪ Epre ∪ Eeff with
Evar:val =

⋃
v∈V {⟨v, d⟩var:val | d ∈ Dv},

Epre =
⋃

o∈O{⟨o, d⟩pre | ∃v⟨v, d⟩ ∈ pre(o)} and
Eeff =

⋃
o∈O{⟨o, d⟩eff | ∃v⟨v, d⟩ ∈ eff(o)}

• κ : V → {var} ∪ ({av,uv,ag,ug} × P) ∪A defined
by u→

var, if u ∈ V .

(av, ρ(d)), if u = d, ∃v ⟨v, d⟩ ∈ s \ s∗.
(uv, ρ(d)), if u = d, ∃v d ∈ Dv, ⟨v, d⟩ ̸∈ (s ∪ s∗).

(ag, ρ(d)), if u = d, ∃v ⟨v, d⟩ ∈ s ∩ s∗.

(ug, ρ(d)), if u = d, ∃v ⟨v, d⟩ ∈ s∗ \ s.
sch(u), if u ∈ O.



Algorithm 2: Action-centric WL algorithm
Input: Projected graph G(s)P = ⟨N,E, κ, l⟩; set of action
O; number of iterations L.
Output: List of set of colours.

1: κ0(v)← κ(v), ∀v ∈ V
2: for o ∈ O do
3: Ho ← {o} ∪ {u | u ∈ N (o)}
4: end for
5: for j = 1, . . . , L do for v ∈ V do
6: κj(v)← hash

(
κj−1(v), {(κj−1(u), ι) | ι ∈ ΣE , u ∈

Nι(v)}
)

7: end for
8: return

〈⋃
j=0,...,L{κj(u) | u ∈ Ho} | o ∈ O

〉

• l : E → {var:varl,pre,eff} with l(e) = α for
e ∈ Eα

Fig. 2b illustrates the FLG graph of the example task de-
fined in Table 1.

Project to pattern abstraction Now that a planning state
can be encoded as a labelled graph G(s), we can adapt this
same graph to a given pattern P to capture the information
specific to the state s in the projected task ΠP . We propose
a generic masking method that projects G(s) onto any cho-
sen pattern P . Starting from the graph construction for ei-
ther AOAG or FLG, we obtain the projected graph G(s)P by
masking (i.e., removing) all vertices and edges that are not
relevant to the variables in P . For FLG, masking is applied
to nodes that represent a variable v and their domain Dv such
that v ̸∈ P . Since AOAG is a lifted representation, we first
ground the task using the SAS+ translation (Helmert 2009),
which assigns each object and atom node to the correspond-
ing SAS+ variables. We then mask all nodes associated with
variables v ̸∈ P . Edges are also masked from the graph
whenever at least one of their incident nodes is masked.
However, action nodes are never masked, even when they
become disconnected. This is because the feature extraction
step must produce an embedding for every ground action
of the pattern abstraction, regardless of its connectivity in
the projected subproblem. Consequently, G(s)P may con-
tain isolated action nodes.

3.2 Action-centric Feature Extraction
To predict a cost partition for a set of patterns S and a state
s, our framework must extract informative features for every
action o ∈ O and every pattern P ∈ S from the G(s)P pro-
jection. Cost partitioning distributes the original cost of each
action across the abstractions, subject to the constraint (1)
and the quality of the resulting additive heuristic critically
depends on how the distribution is performed. An effective
partition allocates a larger share of an action’s cost to those
abstractions where the action is structurally important, i.e.,
where it contributes to a strong heuristic estimate. Therefore,
the features must capture the structural role of o within the
pattern projection ΠP , for P ∈ S at state s, enabling the
subsequent model to infer high-quality cost partitions.

To compute per-node embeddings, we introduce a new
Action-centric WL (AWL) in Alg. 2 based on WL proce-
dure from Section 2.3. A projected graph G(s)P and the
set of action O are taken as input along with the number
of iterations L. Line 3 collects a hop set Ho for each ac-
tion node o ∈ O that contains o together with its immediate
neighbours. This hop set helps to capture the local structural
context of an action. After the standard WL update on every
node at Line 6, the algorithm returns a set of colours that
appears in the hop set Ho of each action o across all L it-
erations. We can represent each of those sets as a histogram
feature vector described in Section 2.3.

For a state s, we apply this process to each P ∈ S and
arrange the resulting vectors into a three-dimensional fea-
ture array. Let m the number of actions such that m = |O|,
and k the number of patterns such that k = |S|. The array
X(s) ∈ Rk×m×d stacks the per-action feature vector for ev-
ery pattern-action pair in the order of the action and pattern
enumeration (see Fig. 1). We use the same set of actions O
for every P , thus the array has a consistent shape across pat-
terns. The first dimension indexes the abstraction, the second
ranges over the actions, and the third contains the AWL fea-
ture vector of the action node. This array is the input to the
learned partition predictor described next.

3.3 Axial Self-Attention to predict Cost Partitions
Now that we have defined how to extract action-centric fea-
tures into the tensor X(s), we present the model that trans-
forms these features into admissible cost partitions.

The feature array X(s) ∈ Rk×m×d produced by the
AWL-based extraction encodes, for each abstraction and
each ground action, a structural signature of how that action
appears within the pattern projection at state s. To turn this
information into a cost partition, we need a model that can
simultaneously reason about two types of context: the rela-
tive importance of actions inside a single abstraction, and the
role an action plays across different abstractions. Once the
reasoning is done, the model needs to compute a cost weight
for each action that reflects its significance across all abstrac-
tions. To enforce admissibility, those weights must respect
the cost partition constraint (1), i.e., for every action the
weights across abstractions must sum to at most its original
cost. We propose to achieve this with an axial self-attention
block (Ho et al. 2019) followed by a multi-layer perceptron
(MLP) and a softmax output layer.

Axial self-attention Self-attention (Vaswani et al. 2017)
computes, for each input embedding, a weighted sum
over all embeddings, where the weights are derived via
query–key similarity (e.g., softmax of scaled dot-products).
This operation is inherently agnostic to sequence length and
order because the attention pattern depends only on pairwise
relationships, not on absolute positions or a fixed receptive
field. This design allows a model trained on short sequences
to be deployed on longer ones without architectural modi-
fication, enabling length extrapolation. Axial self-attention
applies self-attention along distinct axes of the input array,
allowing the model to contextualize the action features from
two complementary perspectives.



1. Action self-attention. Along the action axis, for each
abstraction i ∈ {1, . . . , k} we treat the m action-node
embeddings X(s)i,·,· ∈ Rm×d as a sequence, and ap-
ply a standard self-attention mechanism. This allows the
model to compare actions within the same abstraction,
answering: which actions in this pattern should receive a
larger share of cost?

2. Abstraction self-attention. Along the abstraction axis,
for each action position j ∈ {1, . . . ,m} we slice the ar-
ray as X(s)·,j,· ∈ Rk×d, and again apply self-attention.
This contextualizes each action by looking at how it is
represented across different patterns, answering: in which
kinds of abstractions is this action structurally impor-
tant?

We apply action self-attention first and abstraction self-
attention on its output. The inputs of the two self-attention
is passed through layer normalization. Outputs goes through
a linear projection and a dropout layer before being fused
with their input by element-wise addition. Final output is a
contextualized array H with the same spatial dimensions as
X(s).

Score matrix The contextualized array H is passed
through then fed into a point-wise MLP applied indepen-
dently to every (i, j) position. This MLP consist of two hid-
den layers with ReLU activations, followed by a dropout
layer and a linear projection that reduces the feature dimen-
sion from d to 1. For each abstraction i and action j, the
MLP outputs a scalar score Si,j resulting in a score matrix
Sk×m. A higher score indicates that the action is particularly
salient for the abstraction, and therefore a larger portion of
the original action cost should be allocated.

Admissible cost partition Finally, we convert the scores
into valid cost-partition weights. For each action j, we in-
terpret the vector S·,j as the relative importance of the k
patterns for that action at state s. To turn these scores into
a proper allocation, we apply the softmax function over the
pattern dimension:

αi,j =
eSi,j∑k

i′=1 e
Si′,j

The softmax properties guarantee
∑k

i=1 αi,j = 1, ∀j ∈
1, . . . ,m which is essential for admissibility. These coeffi-
cients can be interpreted as the fraction of the original cost
of action oj ∈ O that should be assigned to pattern i. The
predicted cost is then obtained by multiplying the original
action cost by the coefficient Ci(oj) = αi,j · c(oj). Since
the coefficients sum to one, we immediately satisfies the cost
partition constraint (1) as an equality.

Loss function During training, we have access to the op-
timal cost partition for s, computed offline by solving OCP
LP. This gives a target allocation matrix α∗ ∈ [0, 1]k×m,
where α∗

i,j is the fraction of c(oj) that the optimal partition
assigns to pattern i.

We train the model to match this optimal behaviour by
minimising the Kullback–Leibler (KL) divergence (Kull-

back and Leibler 1951) between the target and predicted dis-
tributions, summed over all actions:

L(s) =
m∑
j=1

k∑
i=1

α∗
i,j log

α∗
i,j

αi,j

Minimising L(s) encourages the network to allocate cost in
the same proportion as the optimal partition.

Training loop overview We train the model offline on
synthetic planning tasks, using fixed training and validation
splits where the validation tasks are larger than those used
for training. For each instance, a sampler uses random walks
from the initial state to draw valid states and computes α∗

i,j
via LP. We implement a non-negative OCP LP (Pommeren-
ing et al. 2014) with a modified cost partition constraint (1):∑

P∈S
cP (o) = c(o),∀o ∈ O

to extract weights compatible with a softmax output. For
each mini-batch of states, we compute the loss and back-
propagate through the neural network. AWL feature extrac-
tion is not updated. After each epoch, we evaluate the loss
on the validation set.

4 Experiments
In this section, we empirically evaluate our framework for
learning domain-specific admissible cost partition heuristics
on a subset of the benchmarks from the optimal track of the
International Planning Competition (IPC). We train on opti-
mal cost weights from sampled states of synthetic tasks de-
scribed in Table 2. We generate samples for each split using
Scorpion (Seipp, Keller, and Helmert 2020) with 500 maxi-
mum samples per task and 30min cutoff time. We use the set
of all projections up to 2 variables and limited to interesting
patterns (Pommerening, Röger, and Helmert 2013) with at
least one goal variable.

We consider a combination of two hyperparameters in our
configurations: graph representation R ∈ {FLG, AOAG}
and AWL iterations L ∈ {1, 2}. We train our model
with batch size 4, initial learning rate of 10−5 and
AdamW (Loshchilov and Hutter 2019) optimizer with
weight decay of 0.01 for a maximum of 100 epochs. We
apply early stopping if the validation loss does not improve
by at least 10−4 for 15 epochs. The learning rate also de-
creases by a factor of 10 if the minimal validation loss did
not decrease in the last 5 epochs. Hidden layers in point-
wise MLP compress the embedding dimension d by a factor
of 0.4 before restoring the original size right before the lin-
ear projection. All other learning layers have a dimension
equal to d. The dropout rate is 0.1 for the scalar dot-product
attention mechanism in axial attention, 0.2 for dropout lay-
ers after both axial attention and 0.3 before the MLP. Models
are trained using PyTorch 2.11 on a cluster with 4 Intel Xeon
Gold 6448Y cores, 62Go RAM and 3

8 th of the computing
power of an NVidia H100 SXM5 with 40GB GPU memory.

For final evaluation, we build an additive heuristic
hLCP(s) on top of the predicted costs C such that hLCP(s) =∑

Pi∈S hPi(s, Ci). We write hLCP
R-L for the learned heuristic



Domain Train # Validation #
blocks [4, 9] 27 [10] 6
ferry [2, 8] 25 [9] 4
logistics [2, 6] 30 [7] 6
miconic [3, 11] 32 [12] 4
spanner [2, 9] 40 [10] 5
visitall [2, 7] 35 [8] 6

Table 2: Synthetic problem splits with corresponding num-
bers of tasks per domain.

blocks ferry logistics miconic spanner visitall Total
(35) (30) (63) (150) (30) (40) (348)

hGZOCP 28 13 27 70 30 30 198
hSCP+ 28 22 26 146 30 33 285
hOCP+ 17 11 33 50 30 16 157

hLCP
FLG-1 19 11 17 40 30 20 137

hLCP
FLG-2 18 11 18 40 30 20 137

hLCP
AOAG-1 17 12 15 41 30 18 133

hLCP
AOAG-2 18 12 18 42 28 16 134

Table 3: Coverage results per domain. Numbers in brackets
shows the total number of instances per column. Best results
among admissible configurations are highlighted in bold.

on graph representation R with L iterations. Our heuristic
predicts a new cost partition at every evaluated state and only
uses this new partition to compute the heuristic value. The
learned heuristic is integrated into the Fast Downward (FD)
planning system (Helmert 2006) as a separate heuristic eval-
uator using the LibTorch C++ CUDA library. We benchmark
on the standard IPC optimal track instances for the same do-
mains as training. Since Ferry and Spanner are not part of
the optimal track, we use the easy testing task from the 2023
IPC learning track. We use three cost partitioning heuris-
tics implemented in Scorpion as baselines: Greedy zero-one
(hGZOCP), Non-negative online saturated (hSCP+ ) and Non-
negative optimal (hOCP+ ). hGZOCP and hSCP+ both use a
greedy ordering of the patterns, hSCP+ computes a new cost
partition at every evaluated state. All methods are evaluated
using A* and a timeout of 1800 seconds. Baselines are run
on a cluster with single Intel Xeon Gold 6448Y core and
32Go RAM. Our learned heuristics also use 3

8 th of the com-
puting power of an NVidia H100 SXM5 with 40GB GPU
memory on the same cluster. In our current implementation,
the GPU is only used to speedup the learning model predic-
tion of our framework.

Table 3 reports the number of tasks solved within the re-
source limits and Figure 3 the number of nodes expanded by
hLCP

FLG-2 vs the baselines. In the remainder of this section, we
discuss our results and answer the following questions.

How well do our learned heuristics perform? Full cov-
erage results are given in Table 3. On every instance solved
by both a learned heuristic and an admissible baseline, the
resulting plan has the same cost, empirically confirming the

admissibility guarantee of Section 3.3. Our learned con-
figurations achieve competitive coverage with hOCP+ on
most domains; the exceptions are logistics and miconic,
where they fall behind. On all domains, however, the learned
heuristics are outperformed by the faster hSCP+ and hGZOCP

baselines because their higher per-state evaluation cost out-
weighs the gain in node expansions. We attribute the poor
performance on logistics and miconic, at least in part, to
the absence of static atoms from our graph representation,
as both domains rely heavily on such static relations. Our
graphs may therefore be insufficiently expressive in these
settings, preventing the model from inferring appropriate
cost partitions and leading to weak heuristic values on larger
problems.

Are our heuristics computationally efficient? Another
downside of our method is the evaluation time. For solved
tasks, an average of only 3.42% of the evaluation time is
spent on partition weight prediction thanks to our heavy
GPU parallelization. This places the evaluation speed bot-
tleneck on feature extraction and abstraction heuristic com-
putation. In our implementation, feature generation and ab-
straction heuristic computation do not benefit from the avail-
able GPU. This leads to a considerable amount of time being
dedicated to those steps before acquiring the heuristic value.

How informative is our learned heuristic compared to
suboptimal partitions? Figure 3 compare the number of
node expansions for the baselines and hLCP

FLG-2, our most ef-
fective learned configuration on this metric. The left-hand
plot shows that our method requires fewer expansions than
hGZOCP for the majority of commonly solved tasks, which
confirms that the learning is effective. Plots with hSCP+ and
hOCP+ show more mixed results. Nevertheless, a fair amount
of tasks show a number of expanded nodes on par with
hOCP+ .

5 Conclusion and Future Works
We introduced a learning framework that infers admissible
cost partitions for optimal planning. By exploiting the equiv-
alence between optimal cost partitioning and Lagrangian
duals, our method replaces the expensive per-state linear
program with a learning model that predicts state-aware
partition weights. The pipeline encodes a planning state
and its pattern abstractions as a labelled graph, extracts
action-centric WL features and uses axial self-attention with
a softmax output to produce weights that satisfy the sum
constraint by construction, guaranteeing admissibility.

Experiments on six IPC domains demonstrate that the
learned partitions can reduce node expansions compared to
the greedy zero-one and saturated suboptimal baselines. On
the four domains where the model succeeds, coverage is
competitive with the optimal cost partition. However, the
current implementation suffers from feature-extraction and
inference costs that make it slower than the suboptimal base-
lines and a lack of expressiveness on some domains, limiting
its overall advantages.

Several directions can address the current limitations and
extend our current work. A more expressive graph represen-
tation could help our model generalize to larger problems.
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Figure 3: Number of expanded nodes of hGZOCP, hSCP+ , hOCP+ and hLCP
FLG-2. On each plots, unsolved task by one planner has

their respective metric set to the axis limit. Points on the top left triangle favour hLCP
FLG-2 while points on the bottom right triangle

favour baselines.

Our architecture is currently trained on optimal cost parti-
tions, but an optimal partition is only one of many possible
ways to achieve an informative heuristic value. The training
pipeline could therefore be adjusted to incorporate the de-
sired heuristic value directly as an additional label alongside
the partition weights, so that the model learns to prefer par-
titions that not only mimic the optimal allocation but also
maximize the resulting bound. Another adjustment could be
made to our way of exploring the state-space of our training
instances to extract optimal partitions. When the space and
possible actions grows, the random walk might drift away
from the optimal plan toward less relevant states and hinder
training. As we have noted, most of the evaluation time is
not spent on model inference; speeding up feature extraction
and abstraction heuristic computation could thus alleviate
the main bottleneck. Both steps are currently implemented
on CPU, whereas they are heavily parallelizable. Moving
them to the GPU could substantially reduce their runtime.
Finally, other strategies such as interval-based online parti-
tioning (Seipp 2021) could further improve speed if the pre-
dicted cost partition is sufficiently robust.
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Pommerening, F.; Röger, G.; Helmert, M.; Cambazard, H.;
Rousseau, L.; and Salvagnin, D. 2019. Lagrangian Decom-
position for Optimal Cost Partitioning. In Proc. 29th Inter-
national Conference on Automated Planning and Schedul-
ing (ICAPS), 338–347.
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