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Abstract

In this paper, we investigate the application of heuristics
based on Graph Neural Networks (GNNs) to lifted numeric
planning problems, an area that is still relatively unexplored.
Building upon the GNN approach for learning general poli-
cies proposed by Stahlberg, Bonet, and Geffner (2022), we
propose an architecture sensitive to the numeric components
inherent in the planning problems we address. We achieve
this by observing that, although the state space of a numeric
planning problem is infinite, the finite subgoal structure of
the problem can be incorporated into the architecture, allow-
ing for the construction of only a finite structure. Instead of
learning general policies, we train our models to function as a
heuristic within a best-first search algorithm. We explore var-
ious configurations of this architecture and demonstrate that
the resulting heuristics are highly informative and, in certain
domains, offer a better trade-off between guidance and com-
putational cost compared to other heuristics.

Introduction

Deep learning techniques have increasingly been applied
to planning problems, with applications in heuristic learn-
ing and value-function approximation(Stahlberg, Bonet, and
Geffner 2022). However, while classical planning has seen
success with GNN-based policy and heuristics, numeric
planning is still under-explored. One of the challenges in this
context is the presence of an infinite state space together with
numeric structures that are still unclear how to handle. Our
work builds upon the GNN-based approach of Stahlberg,
Bonet, and Geffner (2022) for learning value functions and
adapts it for numeric planning by integrating numeric con-
ditions into the network. Other works have proposed neu-
ral architectures for numeric planning, i.e., ASNets Wang
and Thiébaux (2024) and graph-based heuristics Chen and
Thiébaux (2024). Our work is however different. Indeed,
with the idea to better reflect the numeric structure of the
problem in the GNN, we not only integrate the numeric in-
formation stored in the numeric fluents but also integrate nu-
meric (sub)goals (i.e., preconditions and goals) into the re-
lational structure of the GNN. We design the GNN in order
to use it as a heuristic in a state-space search planner. There-
fore, given a state s, the GNN will be used to estimate how
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far s is from the goal.

Methodology

Informally speaking, a numeric planning problem is the task
of finding a course of actions given some initial state, goal
and a formal specification of the actions. (More details in
Fox and Long (2003).) Numeric planning differs from clas-
sical planning in that action preconditions and goals can
have numeric constraints, and actions can assign and mod-
ify numeric state variables too. This makes it undecidable in
general (Helmert 2002). Our approach represents numeric
planning states as relational structures, therefore working at
a lifted level. A relational structure for a state s is defined
by the set of objects o € O, the set of domain predicates
p € P, and the atoms ¢ = p(o1, ..., 0., ), that are true in s.
Where objects serve as nodes, predicates as possible types
of arches, and atoms as the adjacency matrix.

Numeric Goals and Preconditions The most straightfor-
ward extension to the numeric case would be to fully spec-
ify each value of a numeric fluent as an atom. However, for
a given problem specification, there is an infinite number of
values and we won’t be able to distinguish them all. To ad-
dress this issue, we observed that where in classical planning
preconditions and goals are always represented by Boolean
atoms, in Numeric Planning those can be represented by nu-
meric conditions of the form exp{<, <}0 where exp is a
numeric expression of numeric fluents. We focus on captur-
ing numeric conditions of the problem; this lets us focus on
the truth of such conditions. Also they retain the interactions
between numeric fluents. Each numeric condition is encoded
as a new type of arc in the GNN architecture.

The main idea of our approach is to let the GNN compute
heuristic values by reasoning on which subgoal is achieved
and which is not. And we can do this on a state-by-state
basis. The weight of a subgoal will be a function of the ob-
jects it consists of, and of domain independent information
established through learning the “impact” of its lifted repre-
sentation.

Numeric Fluents Without a way to handle numeric flu-
ents, different states may be perceived as identical by the ar-
chitecture; this can happen, for instance, whenever a single
execution of action will not make true a numeric condition.
For example, let’s consider a problem with a single numeric



MLP(value(x) + ¢ — value(y) < 0)

value(c0),

value(x) + ¢ — value(y) < 0 (cO,c1)
value(cl)

Figure 1: GNN architecture example for the domain Coun-
ters. The yellow node transmits the numeric values of the
fluents value(c0), value(cl) to the purple node, which rep-
resents the atom. This node encodes them with the object
embedding of c0 and c1. The resulting vector is then passed
to the blue node, which represents the Multi-Layer Percep-
tron (MLP) for the numeric condition. Each condition is
handled by a specific MLP, allowing us to define fixed in-
put and output dimensions for each MLP.

Domain | REWEE | R he R
Counters 3 0 2 4
Fo-Counters 4 0 2 7
Sailing 5 0 0 1
Fo-Sailing 8 1 2 8
Mprime 15 7 9 8
Expedition 3 1 1 6

Table 1: Coverage analysis among three variants of our ar-
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chitecture (h”,h¢,h™) and hiS ="

condition in the form = > 5. Suppose the current state is
x = 1, and an action increments x by 1. The new state will
have z = 2, but the numeric condition remains false in both
states. As a result, our GNN will perceive these states as
identical. To address this issue, we complement the GNN
with state-dependent numeric values. We attach the numeric
values of our fluents directly to the atoms representing the
numeric subgoals of our problem (Figure 1).

Similarly to Stahlberg, Bonet, and Geffner (2022), our ar-
chitecture is constructed and trained for the lifted structure
of numeric planning problem. In order to become operative
for a specific instance, we add the objects of our problem.
The network takes a state of a planning problem as input,
and gives a heuristic value as output.

Experimental Evaluation

The heuristic function is learned via supervised training on
optimal plan datasets generated using an A* search with
the A" heuristic (Scala et al. 2020). The learned heuris-
tic is then employed within a greedy best-first search algo-
rithm. We compare the heuristic learned by our architec-
ture with one in which the numeric structure of the prob-
lem is completely ignored, namely h® — this corresponds
to Stahlberg, Bonet, and Geffner (2022) formulation, and
with h¢W L the Graph-based heuristic proposed by Chen
and Thiébaux (2024), the state of the art in learning-based
heuristics for numeric planning problems. To shed lights on
the effects of making the architecture sensitive to the nu-
meric structure of the problem, we experimented two vari-
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ants: h®, which is the version where numeric conditions
are abstracted as Boolean conditions, and A", which is our
more advanced solution where numeric values are provided
to the MLP associated with each numeric condition. As
numeric planning problems, we selected six domains from
the International Planning Competition (IPC) 2023 Numeric
Track (Taitler et al. 2024): Expedition, Fo—-Sailing,
Fo-Counters, Counters, Mprime, Sailing. Each
domain consists of 20 instances, with increasing difficulty
scaling from the first instance to the last. Table 1 reports re-
sults on the problem coverage obtained by all the considered
heuristics. From these results it emerges quite clearly that
our architecture benefits quite a lot from making it sensitive
to the numeric information in the problem.

Conclusion

We have proposed a new approach to tackle numeric plan-
ning problems using GNNs as heuristic functions. The
approach extends the architecture of (Stiahlberg, Bonet,
and Geffner 2022) to handle numeric problems, and uses
the learned heuristics inside a numeric planner written in
python. This work is a step in the direction of understanding
how deep learning tools can be used in a numeric planner,
and what are the main issues that must be overcome.
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