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Abstract

The application of graph neural networks (GNNs) to learn
heuristic functions in classical planning is gaining traction.
Despite the variety of methods proposed in the literature to
encode classical planning tasks for GNNs, a comparative study
evaluating their relative performances has been lacking. More-
over, some encodings have been assessed solely for their ex-
pressiveness rather than practical effectiveness in planning.
This paper provides an extensive comparative analysis of exist-
ing encodings. Our results indicate that the smallest encoding
based on Gaifman graphs, not yet applied in planning, out-
performs the rest due to its fast evaluation times and the in-
formativeness of the resulting heuristic. The overall coverage
measured on the IPC almost reaches that of the state-of-the-
art planner LAMA while exhibiting rather complementary
strengths across different domains.

Code — https://github.com/pevnak/NeuroPlanner.jl

1 Introduction

The use of neural networks (NNs) to learn heuristic func-
tions in classical planning is on the rise. Initial efforts devel-
oped neural network architectures based on grounded rep-
resentations of planning tasks, such as ASNets (Toyer et al.
2018) and STRIPS-HGNSs (Shen, Trevizan, and Thiébaux
2020). However, these grounded representations are usu-
ally quite large, resulting in significantly large NNs. Conse-
quently, their evaluation time renders them less competitive
in typical search algorithms compared to classical planners
like LAMA (Richter and Westphal 2010). This has shifted
current research focus primarily towards the application of
Graph Neural Networks (GNNs) to lifted representations in-
stead (Chen, Thiébaux, and Trevizan 2024; Stahlberg, Bonet,
and Geffner 2022a,b, 2023). To effectively utilize GNNs as
heuristic functions for planning tasks, it is necessary to repre-
sent planning states as appropriate graph structures referred
to as state encodings, as illustrated in the general GNN-based
pipeline shown in Figure 1.

Existing studies typically fix a particular state encoding
and measure the performance of the resulting heuristic func-
tion represented by the pipeline. However, no comparative
study has investigated the performance effect of different
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Figure 1: A GNN-based pipeline in classical planning.

kinds of state encodings on the pipeline. The performance
measurement depends on the pipeline’s application mode.
The existing approaches work either in an offline or on-
line setting. The offline setting incorporates the pipeline’s
heuristic function into a standard heuristic search algorithm
like Greedy Best First Search (Chen, Thiébaux, and Tre-
vizan 2024). In constrast, the online setting employs the
pipeline’s heuristic to construct the corresponding greedy
policy (Stahlberg, Bonet, and Geffner 2022a,b, 2023). In the
offline setting, it is crucial to balance evaluation time with
informativeness, given the time constraints on the search.
Conversely, the online setting must optimize for informative-
ness and less for evaluation time.

The informativeness is tightly connected to the pipeline’s
expressiveness, determining the range of heuristic functions
that can be learned. This expressiveness was investigated
in (Hor¢&ik and Sir 2024) where the state encodings for GNNs
were compared based on their ability to differentiate between
states, as it is assumed that a network capable of distinguish-
ing more states is more powerful and ultimately leads to
stronger heuristics. While this is true, the computational com-
plexity is the other side of the problem, impacting the heuris-
tic’s overall effectiveness, especially in the offline setting.
Consequently, a less powerful but computationally cheaper
heuristic may be more advantageous.

This paper, therefore, discusses the computational aspects
of different state encodings and compares them across prob-
lems from the IPC 2023 learning track. In particular, we study
not only the obtained coverage for a given time limit but also
the size of the state encodings, evaluation time, the number
of expanded states during the search, and plan lengths. To
evaluate the state encodings, we apply them offline to simulta-
neously measure the evaluation time and the informativeness
via the number of expanded states. We leverage A* as the
search algorithm.

To construct the GNN-based pipeline, we consider all the
relevant state encodings from the literature, namely (Chen,
Thiébaux, and Trevizan 2024; Stahlberg, Bonet, and Geffner



2022a; Hor¢ik and Sir 2024). These encodings are reviewed
in Section 3. To train the pipeline, we use optimal plans
together with a loss function from (Chrestien et al. 2023), as
detailed in Section 4. This loss function penalizes deviations
from the optimal plan by the A* algorithm. Even though the
trained heuristic need not be admissible, we use A* as we
train the pipeline to behave optimally and expect to get close
to optimal plans. Section 5 summarizes our experimental
results. Finally, we discuss related work and present our
conclusions.

2 Background

This section introduces our notation and the necessary back-
ground. For a natural number m > 1, the set {1,...,m} is
denoted as [m]. To construct multisets, we use double curly
brackets {{...}}. Given a multiset M of vectors of the same
dimension, we define sum(M) as the sum of all vectors in
M and max(M) as their component-wise maximum.

Classical Lifted Planning

A relational language L consists of predicate symbols to-
gether with their respective arities and variables. For sim-
plicity, we assume that £ does not contain constants. For
our purposes, they can be simulated by unary predicates.
More precisely, for each constant ¢, one introduces a unary
predicate symbol P, such that P.(z) holds iff x = c.

An atomic formula is an expression of the form
R(xq,...,z,) where R is an n-ary predicate symbol and
each z; is a variable. A (ground) atom over a set of objects
O is an expression of the form R(by, ..., b,) where R is an
n-ary predicate symbol and each b; € O.

A classical planning task is a pair P = (D, I) where D is
a domain and T an instance. The domain is a pair D = (L, A)
where L is a relational language and A is a collection of
action schemata. Each action schema a(¥) € A has a tuple
of its variable parameters ¢ and consists of three sets of
atomic formulas built from the parameters " preconditions
pre, (¥), add effects add, (%), and delete effects del, (7). In
this paper, we assume that all actions have a unit cost.

The instance I is a triple (O, sg, ) where O is a set of
objects, sg and 1 are sets of ground atoms called initial
state and goal, respectively. A state is a set of ground atoms.
A goal state is a state s such that ¢ C s.

For an action schema a(%) and a tuple of objects b of the

-,

same length as ¥, the (ground) action a(b) is created from
a(¥) by substituting b for ¥. We say that a ground action a(b)

-,

is applicable in the state s if pre,(b) C s. The application of

-, -,

a(b) in s gives us a new state s’ = (s \ del, (b)) U add, (b).

A plan is a sequence of ground actions 7 =
a1(b1), ..., an(by) transforming the initial state sy into a
goal state. In other words, applying subsequently the actions
in  at so generates a sequence of states sg, 1, . . ., S, such
that v C s,. A plan is called optimal if it is shortest among
all plans.

One way to compute a plan is to apply a heuristic search
algorithm like A*. Recall that A* maintains a priority queue
Open consisting of states waiting to be expanded in each
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iteration. At a given iteration, A* selects for expansion the
state from Open based on its f-scores, i.e., f(s) = g(s) +
h(s) where g(s) is the currently known best cost of getting
from s to s and h(s) is a heuristic value that estimates the
cost of getting to a goal state.

Our GNN-based pipeline is employed in the A* algorithm,
where the GNN predicts the heuristic value h(s) based on
its parameters #, which we learn from optimal plans of the
training instances. To provide the GNN with information on
the goal, we integrate the goal v into states by expanding
the language £ as in (Stahlberg, Bonet, and Geffner 2022a).
We define an expansion L of L so that L5 contains each
n-ary predicate R from L together with its copy R¢. Given a
state s and a goal Y, its enriched state is s¢ = sU{Rg(?) |
R(¢) € Y¢}. From now on, when we refer to a state, we
mean the state enriched with the goal information.

Graph Structures

We employ several kinds of labeled graphs. All versions of
our graphs are undirected. In other words, an edge between
vertices u, v is an unordered pair of vertices {u, v}. A graph
is a pair G = (V, E) where V is a set of vertices and E is
a set of edges. A generalization of a graph having k types
of edges is called an edge-typed graph. It is a tuple G =
(V,E1,...,EL) where V is a set of vertices and each E; is
a set of edges of type i.

Graphs allowing parallel edges among nodes are called
multigraphs. Formally, a multigraph is a triple G = (V, E, r)
where V' is a set of nodes, F a set of edgesand r: E — 2V
a map assigning to every edge e € F its endpoints r(e) =
{u,v} C V. Note that edges in multigraphs are not identified
with 2-element sets of vertices as in (edge-typed) graphs.
Further, observe that any graph G = (V, E') can be viewed
as a special multigraph (V, E, r) where r is the identity map.

We call any of the above graph structures bipartite if V
can be partitioned into two disjoint subsets V7, V5 such that
the edges can only connect vertices from V; with vertices
from V5, i.e., there are no edges connecting two vertices from
the same subset V.

In the following text, we will label the vertices by real-
valued vectors. Given a vertex v € V, we denote its label by
v € R™. We assume that the dimension n of all vertex labels
is the same unless the underlying graph structure is bipartite.
In that case, each partition can have its own dimension.

Further, we define two conversions. The first converts an
edge-typed graph into a multigraph. The second converts the
resulting multigraph into a graph. Let G = (V| Ey, ..., E})
be an edge-typed graph. One can transform G into a multi-
graph G,,, by forgetting the edge types. Formally, G,, =
(V,E,r) where E = E1U- - - UF} is the disjoint union of all
typed edges. In other words, the elements of E are pairs (e, i)
fore € E; and i € [k]. Finally, we define r(e,i) = e. To
recover the type information, we label each edge by the one-
hot encoding of its type. More precisely, an edge (e, i) € F
of type i is labeled by the vector {0,...,1,...,0) consisting
of all zeros except the ¢-th component which is one.

The second conversion takes the multigraph G,, =
(V,E,r) and converts it into a graph G, = (V,r(FE)) by
deduplicating the parallel edges; formally r(E) = {r(e, ) |



(e,i) € E}. To recover the type information, we label each
resulting edge {u, v} by the vector whose i-th component is
one if there was an edge of type ¢ connecting v and v, and
zero otherwise. In machine learning terminology, the labeling
vector is the multi-hot encoding of the edge types.

Graph Neural Networks

We recall the message-passing architecture of GNNs for the
above graph structures; for an overview see (Zhou et al. 2020).
Let G be any of the above graph structures. Independently
of its type, a GNN consists of several layers /1, ..., {;. Each
layer ¢; for i < k takes GG and updates its vertex labeling.
More precisely, the layer ¢; computes "messages” for each
vertex v € V based on the vertex labels of its neighbors
and the labels of the corresponding edges. These messages
are aggregated and combined with the vertex label of v to
produce the updated vertex label for v. The last layer ¢y, is
called a read-out layer, and it aggregates all the vertex labels
into a single output; in our case, a real number.

Next, we explicitly define the layer ¢;, ¢ < k for particular
types of graph structures. Assume that G = (V, E,r) is a
multigraph or a graph. For a node v € V, we denote the
vector label computed by the i-th layer as v(*). Similarly, e
represents the vector labeling of the edge e € E. There is no
layer index because each layer’s edge labels remain the same.
We define a multiset of messages for each layer ¢ and vertex
v € V based on all its neighbors:

MO @) = fmsg(u~Y,e) | e € B, r(e) = {v,u}}

The function msg is represented by a multilayer perceptron
(MLP) with its parameters tuned by training. The messages
are aggregated and combined with the vertex label of v from
the previous layer as follows:

v = comb(v( ™), agg(M ) (v))).

Similarly, as for msg, the function comb is represented by an
MLP with tunable parameters. Moreover, both functions need
not be the same across the GNN layers, i.e., each layer has
its tuple of parameters. The function agg is an aggregation
function like sum or max applied over the multiset M () (v).

In case when G is bipartite, i.e., V = V; U Vo, we use
two message functions (MLPs) msg! and msg? for each part
since their labels can be of different dimensions. For instance,
if v € V5, we apply msg?! as neighbors of v can be only from
Vi

M (v) = {{msgl(u(i_l),e) le € E, r(e) ={v,u}}.

Now, assume that G = (V, Ey, ..., E,,) is an edge-typed
graph. In that case, the messages are created for each edge
type separately. Further, we do not use edge labels for edge-
typed graphs. Forv € V and j € {1,...,n} we define:

M} (v) = fmsg; (ul D) | {u,v} € E;}.
where msg; is an MLP corresponding to E;. All the multisets

M ]@ (v) are aggregated, and the results are combined with
the vertex label of v from the previous layer:

v® = comb(v" V), agg(M{” (v)),...,agg(M (v))),
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In case when G is bipartite, i.e., V = V; U V5, we use two
message functions msg} and msg? for each type j instead of
a single function msg;.

The final read-out layer ¢;, for any graph structure G takes
the multiset of all vertex labels from the layer /;_; and ag-
gregates them into a single output value ro(agg(M)) where
M = {v*=Y | v € V}. The function ro is again repre-
sented utilizing an MLP.

Further, we consider an encoding (denoted Rel) that con-
ceptually follows (Stahlberg, Bonet, and Geffner 2022a)
which defines the message-passing schema directly over a
state s of a planning task. Recall that s is a set of ground
atoms over a set of objects O. Suppose that P, ..., Py,
are the unary predicates in the corresponding relational lan-
guage.! For each object 0 € O, we introduce its 0-th vec-
tor label 0o(®) € R™ such that its j-th component is 1 if
P;(0) € s; and 0 otherwise. For each object o € O and an
n-ary predicate R of arity at least 2, we define the correspond-
ing message multiset:

M (0) = {{msgr(of ™Y, ..., 0"V |
R(o1,...,0,) € 8,0 €{01,...,0,}}},

where msgp is an MLP corresponding to the predicate R.
Let Ry,..., R, be the predicates of arity at least 2. The
combination of messages is defined as follows:

o) = comb(0 =), agg(MY)(0)), ..., agg(My (0))).

The read-out layer for this encoding is the same as for the
above graph structures. We simply aggregate all the object
labels by means of agg and ro.

3 State Encodings

We consider all the existing encodings of states applied in
learning for lifted planning. Each of them represents a state of
a planning task as an edge-typed graph G. In the experimental
section, we apply a corresponding type of GNN respectively
to G, G, and G 4. Throughout this section, we fix a planning
task P = (D, I) with a domain D = (L, A), an instance
I = (0O, s0,%¢), and s a state in P (i.e., a set of ground
atoms). As a running example illustrating each encoding, we
use the state s in Example 1 from (Horc¢ik and Sir 2024).

Example 1. Consider a language L consisting of a
nullary predicate symbol N, two unary predicates T, L,
a binary A, and ternary R. Recall that the language
L is the extension of £ by the goal copies of all
the predicates. The state s over the set of objects
O = {t,11,la} is the following set of ground atoms:
{N, T(t)7 L(ll)7 L(l2)7 A(t, ll), Ag(t, lg), R(t7 ll, lg)} The
example is a modified version of the IPC domain trans-
port where t is a truck and [y, [y are locations. The unary
predicates T', L represent types of objects. The ground atom
A(t,lq) expresses that ¢ is located at /1. The road connections
are captured by the predicate R. We consider R to be ternary
to show the encodings’ impact on predicates of higher arity.
For the same reason, we add a dummy nullary predicate N.

'We understand nullary predicates as unary ones that either hold
for all objects or none.
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Figure 2: The object edge-typed graph G(s) built from the
state s introduced in Example 1.

The first encoding is called object encoding as it uses
objects O as graph vertices and connects them by edges. It
was introduced in (Hor¢ik and Sir 2024) and constructs the
state encoding as a Gaifman graph (Libkin 2004, Chapter 4)
for the relational structure represented by the state s.

Definition 1. Let Ry, ..., R; € Lg be the predicates of arity
at least two. We define an object edge-typed graph of s as
G(s) = (V,Eq,...,Ey) where V = O and {c1,c2} € E;
iff ¢1, co occur in ¢ for some R;(¢) € s. Unary atoms in s are
encoded as vertex labels via the multi-hot encoding. More
precisely, let P, ..., P, € L be unary predicates. For each
v € V, we define its label v € R™ as a vector whose i-th
component is 1 if P;(v) € s; and 0 otherwise.

The object edge-typed graph G(s) for the state s defined
in Example 1 is shown in Fig. 2. The unary predicates are
depicted as node labels. If several edges of different types
connect two nodes, we list the types along a single edge.

The second encoding is called atom encoding as it uses
ground atoms as graph vertices and connects them by
edges (Hor&ik and Sir 2024).

Definition 2. Let m be the maximum arity of all the pred-
icates in £. We define an atom edge-typed graph of s as
G(s) = (V,(E;; | i,j € [m])) whose vertices are ground
atoms, i.e., V = s. For atoms «, 8 € V, we define

{a,B} € B, iff o« = R(b), # = R'(¢) and b; = ¢;.

In other words, we connect a and 3 via E; ; iff the i-th object
of the atom « is the same as the j-th object in the atom 3.
In addition, each vertex is labeled by one-hot encoding of its
predicate symbol.

The atom edge-typed graph for the running example is
depicted in Figure 3. Similarly to Figure 2, the edge types
connecting the same vertices are listed along a single edge.

Finally, the last state encoding is called object-atom en-
coding for its use of both objects and atoms as the graph
vertices (Chen, Thiébaux, and Trevizan 2024; Hor¢ik and Sir
2024). This encoding creates a bipartite graph. One partition
is formed by the objects and the other one by the atoms.

Definition 3. Let m be the maximum arity of all the predi-
cates in L. We define object-atom edge-typed graph G(s) =

To simplify the original encoding from (Hor&ik and Sir 2024),
we use undirected edges instead of directed ones. Further, we also
remove the edges that are defined based on the symmetric difference
of the objects occurring in the atoms « and £3.
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Figure 3: The atom edge-typed graph corresponding to the
state from Example 1.

zZe

Figure 4: The object-atom edge-typed graph corresponding
to the state from Example 1.

(V,Er,...,Ep) where V = OUs. For an object o € O and
an atom « € s we define

{o,a} € E; iff « = R(¢) and 0 = ¢;.

In other words, we relate the object o with the atom « via E;
iff 0 occurs at the ¢-th position within the atom «. The atoms
are labeled by the one-hot encoding of their respective predi-
cates, whereas objects are labeled by the multi-hot encoding
reflecting the unary predicates they satisfy.

The object-atom edge-typed graph for the state s from
Example 1 is shown in Figure 4. The object-atom encoding
was applied in (Chen, Thiébaux, and Trevizan 2024; Chen,
Trevizan, and Thiébaux 2024), with the difference that they
did not use the enriched language L¢ to represent the goal
¢ but encoded 1) into the vertex labels instead.

4 Loss Function

To train the GNN-based pipeline, we applied the ranking
loss function L* introduced in (Chrestien et al. 2023).3 It
does not optimize the GNN prediction to be close to the
perfect heuristic. Instead, L* penalizes if the learned heuristic
generates a suboptimal search by the A* algorithm. It is easier
for the GNN to learn which state from Open to expand next
than the perfect heuristic.

We assume that our GNN-based pipeline predicts a heuris-
tic value h(s, @) for each state s depending on the GNN’s

3 Ablation experiments with the more common regression (“cost-
to-go”) loss are provided in Appendix B.



Object Encoding Atom Encoding Object-Atom Encoding
Domain Gr MGr EGr Gr MGr EGr BipGr BipMGr BipEGr Rel ASNet HGN LAMA
blocksworld 58.5 31.1 274 36.3 20.7 185 26.3 26.3 25.6 252 259 263 49.5
ferry 65.9 44.1 40.7 619 333 363 40.4 40.4 39.6 393 526 519 66.7
floortile 304 200 319 248 07 56 33 33 7.8 23.7 — — 12.2
miconic 67.8 674 674 326 333 333 51.1 51.1 63.7  65.6 526  50.0 86.7
rovers 304 32.6 289 — — — — 25.9 29.3 29.3 — — S51.1
satellite 39.6 326 289 29.3 181 204 23.0 23.0 26.3 267 — — 722
sokoban 28.5 30.0 27.0 — — 219 21.9 222 263 300 — — 38.9
spanner 57.8 589 56.7 48.1 493 507 57.0 574 58.1 57.8 385 389 333
transport 385 207 174 31.5 119 122 13.0 13.7 18.1 16.7 — — 522
total 464 375 363 294 18.6 22.1 26.2 29.3 328 349 18.8 18.6 514

Table 1: The average coverage (in percent) on testing instances from three repetitions of the experiments. Each domain has 90
testing instances. Gr, MGr, EGr denote respectively graph G(s), multigraph G, (s), and edge-typed graph G(s). The prefix
Bip denotes bipartite graph structure. Rel stands for the message-passing architecture built directly over the set of ground atoms

(Section 2). The symbol "—" indicates that the training did not finish in 72 hours (due to excessive encoding size).
Object econding Atom encoding Object-Atom encoding Rel
Domain % Gr  MGI/EGr V Gr MGr/EGr V Gr/MGr/EGr (@] [s]
blocksworld 17.7  39.9 50.6 45.4 359.3 418.1 43.0 101.3 17.7  50.6
childsnack 265 16.7 16.7 28.1 107.3 113.8 349 33.5 265 16.7
ferry 23.8 369 48.9 26.4 132.2 166.9 48.3 97.7 23.8 489
floortile 340 2533 278.0 156.7 5065.3 5529.1 173.0 556.0 34.0 2780
miconic 298 401.8 401.8 217.8 14246.0 146204 230.7 803.7 29.8 401.8
rovers 35.0 3251 918.4 261.1 378155 43241.8 273.7 1175.3 35.0 587.6
satellite 42.0 193.6 204.9 1129 2688.0 2850.6 144.5 409.8 42.0 2049
sokoban 177.0 1135.1 1520.0 341.5 372744  39529.2 435.7 1536.0 177.0 768.0
spanner 28.0 54.0 54.0 46.3 2717.8 310.3 55.0 108.0 28.0 54.0
transport 252 1395 146.0 73.0 2579.2 2783.2 98.2 292.0 252 146.0

Table 2: The average number of vertices V' of G(s) for states from the optimal plans for the five largest training instances. The
average number of edges of G4(s), G..(s), and G(s) are denoted respectively Gr, MGr, and EGr. For Rel, O denotes the
average number of objects, and |s| is the number of ground atoms. We omit the sizes for ASNets and STRIPS-HGN, noting that

they are 1-2 orders of magnitude higher.

parameters 0. Let m = a; (51), el an(l_fn) be an optimal plan
with the corresponding sequence of states sg, s1, ..., S,. Sup-
pose that the A* algorithm expands only states sq, ..., Sp—1.

Let Oy = {so} and let O; be the set of states contained in
Open after expanding s;,—1. Thus s; € O; and s; ¢ O; for
all j < i. The loss function L* is evaluated for the whole
plan 7 as follows:

n

L(m0)=>_ > [olsit0) >0,

1=1t€O0;\{s;}

where o(s;,t,0) = g(s;)—g(t)+h(s;,0)—h(t,0) and [.. ]
denotes the Iverson bracket, that is 1 if its inner expression
is true and O otherwise. Thus L* penalizes if the f-scores
in Open at the i-iteration prefers ¢ rather than s;. To make
L* differentiable, we replace the Iverson bracket with the
function log(1 + exp(x)) that behaves like a smooth ReLU.
Thus, the resulting loss function is the following:

L(m0) =Y > log(l+exp(e(si,t,0))).

i=11€0;\{s:}

5 Experiments

In our experiments, we use the GNN architectures described
in Section 2. The concrete functions comb and msg are im-
plemented as a single linear layer followed by the ReLU
activation function. The read-out function ro is formed by
two linear layers interleaved with ReLU. For the aggrega-
tion function we use, based on our experience, both sum and
max, i.e., agg(M) = (sum(M), max(M)). Regarding the
hyperparameters, there is only a single hidden dimension of
vertex labels v(?) for i > 0 that is taken from {4, 16,32}.
The number of GNN layers ranges from 1 to 3.

The GNN-based pipeline was tested on the IPC 2023
learning track (Seipp and Segovia-Aguas 2023). To train the
GNNs, we used the optimal plans for the training instances
that we were able to solve by an optimal planner. To evaluate
the loss function L*, each optimal plan was "replayed” to
construct the content O; of the priority queue Open for each
iteration ¢ of the A* search.

The overall coverage (i.e., the amount of solved problems
for each planning domain) is shown in Table 1. Each domain
was evaluated on AMD EPYC 7543 using eight cores and
64GB of memory limit allocated by the Slurm scheduler. The
maximum running time was 72 hours. To assess the advan-
tages of lifted representation, we measured the coverage with
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Object encoding

Atom encoding

Object-Atom encoding

Domain Gr MGr EGr Gr MGr EGr BipGr BipMGr BipEGr Rel ASNet HGNN
blocksworld 285 279 293 1154  117.8 1156 53.2 48.0 46.2 29.8 588.3 567.7
childsnack 272 260 60.8 54.1 58.9 67.8 355 35.1 40.5 66.2 450.6 501.6
ferry 28.5 300 293 54.7 56.6 63.6 51.3 48.0 49.8 32.5 249.0 279.0
floortile 923 94.0 1785 12359 12714 7679 206.7 188.0 1749 2115 13666.0 13889.2
miconic 1193 106.5 103.6 2802.4 2776.0 15579 278.4 243.1 2169 1423 1238.1 13254
rovers 147.2 386.6 4929 7866.5 8623.5 5080.5 566.9 518.4 462.1 439.8 15888.2 15766.4
satellite 772 822 1478 746.6 7334 436.7 177.6 151.6 1346 1709 5857.7  5900.5
sokoban 379.2 453.8 3634 7022.8 7133.6 3893.3 644.6 559.4 479.6  325.0 — —
spanner 338 369 622 100.7 1044 1115 62.5 54.8 62.8 77.5 631.0 664.8
transport 579 54.6 100.9 639.5 646.0 339.0 114.0 110.9 96.6 122.0 44533 41754

Table 3: The average time of the heuristic computation, comprising of constructing the state encoding and the GNN inference, as
evaluated over states from the optimal plans for the five largest training instances. The times are reported in microseconds.
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Figure 5: Numbers of expanded states across the encodings’ best-performing variants, i.e., Gr for the object encoding, Gr for the
atom encoding, BipEGr for object-atom encoding, and the message-passing architecture Rel built directly from states.

a short time limit per instance, namely 30 seconds. Due to
the non-deterministic nature of the training procedure, we
repeated the evaluation experiment three times with seeds 1,
2, and 3 and reported the average coverage. The GNN-based
pipeline was trained for all combinations of the hyperparam-
eters. To identify the optimal setting, we employed a cross-
validation procedure. Testing instances were randomly split
into two parts: one part was used to select the best hyperpa-
rameters based on coverage, while the second part’s coverage
was measured. The roles of the parts were then swapped, and
coverage was measured for the first part instead.

For each state encoding (Section 3), we tested each vari-
ant of the graph structure, i.e., the edge-typed graph G(s),
the multigraph G,,,(s), and the graph G4(s). As shown in
Table 1, object encoding is the most performant state encod-
ing, especially its graph variant G4(s) that uses multi-hot
labeling to represent edge types. Note that the object encod-
ing is the smallest of all the discussed state encodings; see
Table 2 for the sizes of particular state encodings. Also, its
evaluation time is the fastest among all the tested approaches;
see Table 3. Apparently, the shorter evaluation time helps
the search algorithm explore more states within the given
time limit. However, object encoding also provides a more
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informative heuristic in most cases. Figure 5 compares the
numbers of expanded states across the encodings (their best-
performing variants). It shows that the object encoding gener-
ally expanded a fewer, or similar, number of states compared
to the other state encodings. It is worth noting that the atom
encoding generates more informative heuristic in some cases,
especially for the ferry domain.

We also compared the resulting coverage with neural
networks based on grounded representations, namely AS-
Nets (Toyer et al. 2018) and STRIPS-HGN (Shen, Trevizan,
and Thiébaux 2020) denoted in Table 1 respectively as ASNet
and HGN. Their evaluation times are 1-2 orders larger than
those of the state encodings using lifted representation; see
Table 3. Finally, we measured the coverage of the satisficing
planner LAMA (Richter and Westphal 2010). As shown in
Table 1, our best-performing state encoding solved nearly the
same amount of testing instances. However, the domain-wise
coverage of our best state encoding is, to a certain extent,
complementary to that of LAMA. Figure 6 compares the
lengths of plans generated by our best state encoding and
LAMA. It also shows how close we get to the lengths of
optimal plans found by the Fast Downward planner (Helmert
2006) using the LMCut heuristic (Helmert and Domshlak
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Object encoding Atom encoding Object-Atom encoding
Domain Gr MGr EGr Gr MGr EGr BipGr BipMGr BipEGr Rel ASNet HGN
blocksworld 16/2 16/3 32/2 4/2 16/2 16/2 32/3 32/3 32/3  4/3 1672 4/1
childsnack 4/1 4/1 4/1 4/3 473 32/1 16/1 16/1 4/2 4/1 4/2 4/3
ferry 4/1 32/3 16/2 4/3 16/3 16/3 16/3 16/3 16/3 32/2 4/1 4171
floortile 16/3 32/2 4/3 32/1 32/1 16/2 32/2 32/2 32/3  32/2 32/1 471
miconic 4/1 471 471 4/1 471 471 4/1 4/1 4/2 4/1 4/1 4171
rovers 4/1 472 4/1 32/1 4/1 16/1 4/3 4/3 4/1 32/2 4/1 4/3
satellite 16/2 16/2 16/2 4/1 472 472 16/2 16/2 16/3 32/2 4/1 16/3
sokoban 4/1 473 4/2 16/1 16/1 32/3 4/3 4/2 16/3 4/3 — —
spanner 4/1 16/2 4/1 4/1 471 471 4/1 4/1 4/1 4/1 4/1  4/2
transport 4/1 16/3 32/2 4/1 32/2 16/3 16/3 16/3 4/3  32/3 4/1 471

Table 4: The best hyperparameter values (hidden dimension/number of GNN layers) as measured by average coverage.

2009).

Finally, Table 4 reports a post-hoc analysis of the optimal
hyperparameter values, i.e., the hidden dimensionality of the
MLPs and the number of GNN layers, for each state encoding
and domain based on their average test coverage. Surprisingly,
a single message-passing layer and a hidden dimensionality
of 4 would often yield the best performance, confirming that
smaller models work better in the offline setting.

6 Related Work

The first applications of deep neural networks in classical
planning (Toyer et al. 2018; Shen, Trevizan, and Thiébaux
2020; Chrestien et al. 2023) were based on the grounded
representation of the planning task, i.e., either STRIPS (Fikes
and Nilsson 1971) or SAS+ (Bickstrom and Nebel 1995).
Recently, the research has shifted towards the lifted repre-
sentation based on first-order logic, as given by the PDDL
language (McDermott 2000). The first work based on lifted
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representation applied in the online setting was (Stahlberg,
Bonet, and Geffner 2022a), which introduced a message-
passing architecture Rel built directly on states; see Section 2.
A follow-up paper (Stahlberg, Bonet, and Geffner 2022b) us-
ing the same architecture changed the loss function to allow
the neural model to train without strict optimality constraints.
The same authors further applied reinforcement learning over
the same architecture (Stahlberg, Bonet, and Geffner 2023).
Another stream of research applied the lifted representation
to learn a heuristic for a search algorithm. The object-atom
encoding together with GNNs was investigated in (Chen,
Thiébaux, and Trevizan 2024). The same state encoding was
also applied in (Chen, Trevizan, and Thiébaux 2024). How-
ever, it did not use a GNN to process the underlying graph
structures but employed the Weisfeiler-Lehman graph ker-
nels (Shervashidze et al. 2011) together with a linear classifier.
Finally, (Horc¢ik and Sir 2024) introduced several state en-
codings (particularly the object and atom encodings) and
studied their expressiveness in combination with different



Object encoding Atom encoding

Object-Atom encoding

Domain Gr MGr EGr Gr MGr EGr BipGr BipMGr BipEGr Rel ASNet HGN
blocksworld 0.0 0.0 0.0 0.0 0.0 0.0 0.33 0.33 0.33 0.0 0.17 0.33
childsnack 159.0 159.0 159.0 150.33 150.33 150.33 159.0 159.0 159.0 3215 159.0 165.17
ferry 0.83 0.83 0.83 0.17 0.17 0.17 6.67 6.67 6.67 0.83 0.83 7.17
floortile 233 233 233 0.0 0.0 0.0 6.83 6.83 6.83 1.0 0.0 15.17
miconic 8.0 8.0 8.0 2.0 2.0 2.0 2.0 2.0 2.0 2.0 — —
rovers 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 135
satellite 0.0 0.0 0.0 0.0 0.0 0.0 0.33 0.33 0.33 0.0 0.0 67.67
sokoban 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 — —
spanner 52.83 52.83 52.83 26.0 26.0 26.0 55.83 55.83 55.83 52.83 52.83  54.17
transport 1.67 1.67 1.67 0.33 0.33 0.33 2.17 2.17 2.17 1.67 1.67 1.83

Table 5: The average number of problematic indistinguishable state pairs encountered during the A* search (states that are in O;

with one belonging to the optimal plan).

Object encoding Atom encoding Object-Atom encoding
Domain Gr MGr EGr Gr MGr EGr BipGr BipMGr BipEGr Rel ASNet HGN
blocksworld 144 13.0 133 144 96 126 11.9 11.9 126 152 14.1 11.1
childsnack 52 57 13 58 69 63 6.3 6.3 5.8 8.4 9.3 8.2
ferry 474 189 23.0 352 189 219 15.9 15.9 15.6 18.9 341 289
floortile 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
miconic 34.1 341 34.8 204 222 274 31.5 322 337 322 28.5 267
rovers 70 56 48 70 87 87 6.7 5.2 53 8.5 7.2 5.2
satellite 20.7 163 152 122 10.0 11.1 12.2 11.5 15.2 14.1 17.9 9.0
sokoban 26.7 204 204 250 215 173 21.1 20.7 24.1 24.1 — —
spanner 33.0 33.0 333 38.5 32,6 333 46.3 47.0 333 330 333 333
transport 152 115 100 107 86 938 9.3 9.3 10.0 104 140 13.0

Table 6: The same as Table 1 but for the loss function L.

GNN architectures. More precisely, the paper investigated
how many problematic pairs of states occur in planning do-
mains, i.e., pairs of states that cannot be distinguished by a
given GNN-based pipeline, no matter the choice of training
parameters.

7 Conclusions

We presented a comparative study of all existing state encod-
ings used in learning GNNs as heuristic functions for classical
planning. Our findings indicate that smaller representations
generally yield better performance in search, particularly the
object encoding that has not yet been tested in planning. The
object encoding naturally aligns with the binary predicates
most common in planning domains, effectively shortening
the distances between the object representations compared
to the more common object-atom encoding, which requires
more GNN passes through the atom node representations.

A Indistinguishable State Pairs

Following (Hor¢ik and Sir 2024), we have measured the num-
ber of pairs of states that our architectures (independently of
the learned/chosen parameters) could not distinguish even
though they need to be distinguished. Specifically, and a bit
differently from (Hor¢ik and Sir 2024), we have counted
how many times a state on the optimal path cannot be distin-
guished from other states in the priority queue Open main-
tained by A*, which is a good approximation of how many
times the actual search can be degraded. Table 5 shows the av-
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erage numbers over the five most difficult problem instances
from the training set for which there was an optimal plan.

As can be seen, the number of indistinguishable pairs is the
lowest for the atom encoding which is, however, expensive
to compute. The object encoding has only a slightly higher
number of indistinguishable pairs but is much cheaper to
compute, which might explain its best overall performance.
Surprisingly, HGN displays very high numbers despite the
large size of the graph encoding. These results also hint at
why ASNets tend to work better than HGNSs.

B Optimizing Cost-to-Goal

To demonstrate that the results are not an artifact of the L*
loss (Chrestien et al. 2023), we have repeated the experiment
while optimizing the heuristic model to estimate the cost-
to-goal, more commonly employed in the prior art. More
precisely, we considered the usual Ly loss function that mini-
mizes the sum of squares between predicted heuristic value
h(si, 0) and the perfect heuristic value h*(s;):

n

Ly(m,0) = "(h(s:,0) — h*(s:))*.

i=1

Table 6 presents the coverage across all the compared archi-
tectures. The results show a pattern similar to that observed
with the L* loss, although with a generally lower overall
coverage. Specifically, the object encoding is the best in 6 out
of 10 cases, with a significant performance drop occurring
merely on the spanner domain.
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