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Abstract

As planning is computationally hard, the performance of au-
tomated planners varies greatly across planning tasks. Thus,
the ability to predict planner performance on a given task is of
great importance. While various learning methods have been
applied in cost-optimal planning, Graph Neural Networks
(GNNs) were found to perform well. However, existing work
only explores a limited range of homogeneous GNN archi-
tectures and focuses primarily on the model perspective. We
address these limitations by approaching the problem from
both data and model perspectives. From the data perspec-
tive, we analyze the planners’ performance data in terms of
Shapley values to assess the potential contribution of individ-
ual planners to a portfolio. Our insights enable us to effec-
tively reduce the portfolio from 17 to 6 planners, improving
practicality and performance. From the model perspective,
our work extends previous investigations of homogeneous
graphs by modeling planning tasks as heterogeneous graphs
and applying the heterogeneous Relational Graph Convolu-
tional Network (RGCN) and Relational Graph Attention Net-
work (RGAT) models. To analyze the problem in more depth,
we thoroughly investigate the impact of GNN model, graph
representation, node features, and prediction task. Going fur-
ther, we propose a hybrid approach in which graph repre-
sentations obtained by GNNs are used as input to a clas-
sical machine learning model (XGBoost), resulting in both
a more resource-efficient and accurate approach. Our best
model (RGCN+XGBoost) achieves 91.7% accuracy, a sub-
stantial improvement over previous methods with 87%, while
requiring fewer computational resources. Overall, we demon-
strate the effectiveness of heterogeneous GNN-based online
planner selection methods, opening up new exciting avenues
for future research.

Introduction

Given the inherent complexity of classical planning, as de-
scribed by (Bylander 1994), no single planning algorithm
is likely to perform well across all planning tasks. Over
the years, a variety of planners have been developed, each
tackling different aspects that make planning problems chal-
lenging. This observation has motivated the development of
portfolio-based approaches (Seipp et al. 2012; Vallati 2012;
Cenamor, De La Rosa, and Fernandez 2013; Seipp et al.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

351

2015), that attempt to exploit the strengths of a collection of
planners either by choosing a single planner or by compos-
ing a schedule of planners. Portfolio-based planning can be
divided into offline and online methods. While offfine meth-
ods (Helmert, Roger, and Karpas 2011; Seipp et al. 2012;
Biichner et al. 2023) construct a single invocation schedule
ahead of time to be used across many domains, onl/ine meth-
ods (Cenamor, De La Rosa, and Fernandez 2013; Katz et al.
2018) adapt by learning to select the most suitable single
planner or a schedule for each specific planning task.

Among the online methods, a variety of deep learning
based approaches were developed (Katz et al. 2018; Siev-
ers et al. 2019). Subsequently, a first attempt was made to
use homogeneous Graph Neural Networks (GNNs) to di-
rectly learn on planning graphs (Ma et al. 2020). However,
this previous work has primarily explored a limited range
of homogeneous graphs and corresponding GNN architec-
tures, focusing mainly on the model perspective. In contrast,
we argue that planning graphs are inherently heterogeneous:
a node can represent a constant, an action, or an effect. Het-
erogeneous graphs explicitly model multiple types of nodes,
and each edge type captures the relation between two node
types. In this way, heterogeneous graphs provide a more ex-
pressive representation of the portfolio-based planning set-
ting that aligns naturally with the structure of planning prob-
lems themselves. In addition, we adopt both data-centric and
model-centric perspectives. From the data perspective, we
analyze planner performance using Shapley values, which
provide insights into the potential contribution of individ-
ual planners within a portfolio. We find that some planners
contribute minimally to overall performance. We show that
Shapley values can be used to effectively optimize the port-
folio by reducing the size from 17 to 6 planners, making
portfolio-based planning more practical while maintaining
competitive performance. From the model perspective, we
systematically study the impact of GNN architecture (homo-
geneous and heterogeneous), graph representation, node fea-
tures, and prediction task. Going beyond pure GNN-based
methods, we propose a simple hybrid between a GNN and a
standard classical machine learning classifier, the Extreme
Gradient Boosting (XGBoost) (Chen and Guestrin 2016)
model, allowing us to switch from predicting planner per-
formance to directly predicting the planner to choose in a



resource-efficient manner.

Our main contributions are as follows:

(1) We go beyond prior work on GNN-based planner
selection by modeling planning tasks as heterogeneous
graphs and applying two heterogeneous GNN architectures
(RGCN, RGAT) to this task. We conduct a comprehensive
comparison against four homogeneous GNN architectures
(GCN, GGNN, GAT, GIN), demonstrating that heteroge-
neous GNNs better capture the structural characteristics rel-
evant to automatic planner selection.

(2) We explore two graph representations, lifted and
grounded, in combination with enriched node features and
explore different ways to pick a planner, including predict-
ing the planner probability to solve a task or its run time. Our
experiments show that the time-based objective consistently
outperforms the probability-based one, and that incorporat-
ing node degrees as features can provide valuable structural
information.

(3) We propose a hybrid GNN-XGBoost pipeline where
the graph representations obtained by GNNs are used as in-
put for other ML-based methods like XGBoost, resulting in
a resource-efficient solution. We improve the accuracy of
previous approaches up to 91.7% (from 87%) with the het-
erogeneous RGCN+XGBoost approach.

(4) We provide a data perspective on portfolio-based plan-
ning by performing a Shapley value analysis to provide
deeper insights into the experimental results. In addition, we
demonstrate that it is possible to reduce the planner portfo-
lio from 17 to 6 planners based on Shapley values, making
portfolio-based planning more practical.

Related Work

Cenamor, De La Rosa, and Ferndndez (2016) proposed one
of the first online planner selection methods. Their solution
is based on feature representation and uses classical ma-
chine learning methods to create a sequential portfolio for
non-optimal planning. The corresponding planner /BaCoP
(Cenamor, De La Rosa, and Fernandez 2016) won the Inter-
national Planning Competition (IPC) 2014 track, showing
generalization to previously unseen domains. Sievers et al.
(2019) instead makes use of graphical representations of a
planning task in combination with deep learning techniques.
A planning task is converted to an image, and a CNN is used
to make predictions about planner abilities to find optimal
plans. The corresponding planner Delfi (Katz et al. 2018)
won the cost-optimal track of IPC 2018. Their work ana-
lyzes the shortcomings of existing CNN-based methods and
presents possible solutions. The authors identify the need for
methods working well with non-IID (independent and iden-
tically distributed) data and explore alternative network ar-
chitectures. In contrast to CNN-based approaches, we lever-
age homogeneous and heterogeneous GNNs in combination
with a classical machine learning method to solve the auto-
matic planner selection task.

The work most similar to ours is by Ma et al. (2020)
using GCN (Graph Convolutional Network) and GGNN
(Gated Graph Neural Network) for automatic planner se-
lection. Their experiments with the IPC dataset show that
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their graph-based approach outperforms previous image-
based ones by effectively capturing structural information
in planning graphs and addressing the lack of node-level de-
tails. The authors show that the lifted representation is fa-
vored over the grounded one as it produces more consistent
results. We distinguish ourselves by not only including two
GNN architectures, but a set of four representative homoge-
neous architectures and two heterogeneous architectures. In
addition, we explore the use of node features for GNN train-
ing and combine GNNs with a classical ML-based method
to achieve a more resource-efficient approach.

Ferber and Seipp (2022) explore graph features for simple
machine learning models such as linear regression or ran-
dom forests, analyzing their importance for the training pro-
cess. We specifically explore the impact of node features on
GNN model prediction accuracy.

Chen, Trevizan, and Thiébaux (2023) use the Weisfeiler-
Lehman test for learning heuristics for planning, showing
better performance in terms of coverage and evaluation time
than of GNN-based methods. Our objective differs as we
predict the end-to-end performance of a planner.

Chen, Thiébaux, and Trevizan (2024) propose augmented
graph representations to address limitations of existing
grounded and lifted representations. Our work is tangential
to the work on new representations.

Overview of Models and Methods

We cover key models and methods, including GNN archi-
tectures, Extreme Gradient Boosting, and Shapley values.

Graph Neural Networks

Graph Neural Networks are used in numerous domains
and capture a given graph structure. The graphs can
be homogeneous (one node and edge type) or heteroge-
neous (multiple node and edge types). Node-level, edge-
level, or graph-level tasks can be solved. The forward
pass during training incorporates two main steps, namely
aggregate and update. First, the node representa-
tions of all neighboring nodes are aggregated according to
al"™V = AGGREGATE®V(h: : u € N,) with the
node representations at the t-th layer h!, and the set of
neighbors A, of target node v. Thereafter, each node’s rep-
resentation is updated by combining its previous embed-
ding with the aggregated representations of its neighbor-
ing nodes using RITY — UPDATE(tH)(hg),agﬂrl)).
This is followed by a backward pass to update the GNN
parameters. The main difference between different GNN
architectures is the choice of AGGREGATE®+1)(.) and
UPDATE+1(.) (Hamilton 2020). We cover four of the
existing methods for homogeneous graphs and two for het-
erogeneous graphs.

Homogeneous GNNs In the following, we give an
overview of the homogeneous GNN architectures.

GCN: One commonly used GNN architecture is the
Graph Convolutional Network (Kipf and Welling 2016). In-
spired by convolutions used for images, GCN use convolu-
tion filters that operate directly on the graph structure. In



contrast to images, the neighborhood size of a node within
a graph varies. Therefore, a parameter matrix transforms
the node representations obtained from the previous layer.
The transformed representations are weighted according to
the graph adjacency matrix (Kipf and Welling 2016; Ma
et al. 2020). When using GCN, an update step is defined
as HOD = o(AH®OW®) where H(*+1) denotes the ma-
trix with stacked node representations hf, v is a node and
t stands for the current layer. o is an activation function
(e.g., ReLU), the adjacency matrix A is normalized to A and
W is the parameter matrix. GCN uses a shared weight for
all edges, making the model relatively simple. For complex
graph structures, this approach might be less expressive.
GGNN: Gated Graph Neural Networks (Li et al. 2016)
distinguish themselves from other architectures by incorpo-
rating gated recurrent units (GRUs) (Cho et al. 2014) in their
update function. The current state of the nodes is updated by
the GRU viewing the nodes and their representations as a
dynamic system. The node representation is updated as fol-

lows: The message mq(,tﬂ) is aggregated to update the state

of the node and updated via th*” = GRU(hg,t), m(fﬂ)).
This helps to not only capture local information, but also
long-range dependencies within the graph.

GAT: Instead of graph convolutions, Graph Atten-
tion Networks (Velickovié et al. 2018) use masked self-
attentional layers. Different weights are assigned to dif-
ferent neighbors when aggregating the neighboring fea-
tures. This enables the nodes to focus on the more relevant
neighbors and helps the model to capture complex relation-
ships in the graph. Another advantage of this approach is
that the importance of the neighboring nodes is determined
without knowing the graph structure beforehand. The up-
dated node representations can be obtained with th*” =
(L 0 Y e, ol WV with the normalized at-
tention coefficient a*, for the k-th attention head and the
weight matrix W. Attention is shown particularly effective
for detecting local dependencies.

GIN: Another variant is the Graph Isomorphism Network
(Xu et al. 2018) which makes use of multi-layer perceptrons
(MLPs) to learn the parameters of the update function. It
is inspired by the Weisfeiler-Lehman (WL) graph isomor-
phism test (Lehman and Weisfeiler 1968) which determines
how similar two graphs are. A node update is defined by
h£t+1) _ MLP(tJrl)((l + €(t+1)) « hff) + Zuex\/@ hff))
where ¢ is a learnable parameter. GIN uses a simple sum
operator to aggregate the features which makes it highly ex-
pressive and computationally efficient. Through the learn-
able parameter, it is able to adapt well to various graph struc-
tures and can effectively capture graph-level features making
it a common choice for solving graph-level tasks.

Heterogeneous GNNs Heterogeneous GNNs not only
capture the graph structure, but also different node and rela-
tion types. We present the foundations of RGCN and RGAT.

RGCN: Relational Graph Convolutional Networks
(RGCNs) (Schlichtkrull et al. 2018) extend GNNs to het-
erogeneous graphs containing multiple node and edge types.
While homogeneous GNNs apply uniform transformations
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across all edges, RGCNs learn distinct weight matrices for
each relation type. The update step is adapted as follows:

t+1 ) (¢ ), (t
W = 0 (S Sueny o WORY + WORY)
where » € R is a relation, neighbors of v connected via
relation r are denoted as N]j , and ¢, , is a constant. Wﬁ) is

the weight matrix of the relation and Wo(t) for a self-loop.
RGAT: Similarly to RGCNs, Relational Graph At-
tention Networks (RGATs) (Wang et al. 2019) oper-
ate on heterogeneous graphs. In contrast to GAT, atten-
tion weights are not only assigned to different neigh-
bors, but relation-specific attention weights are used.
For each relation type, separate attention weights are

learned. The node update can be expressed as hffﬂ) =
g (% Zszl DoreR 2aueNT aﬁz(t) W,:(t)hg)) wherer € R

denotes a relation type, NV, represents neighbors connected

via relation r, and afp" W,E:) is the attention coefficient

computed for the k-th attention head and relation type 7.
This mechanism enables the model to learn distinct feature
transformations for different semantic relationships while
dynamically determining neighbor importance.

Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost), is a machine learn-
ing technique combining multiple decision trees to create a
strong model (Chen and Guestrin 2016). It uses gradient-
based optimization to minimize an objective function com-
prising a loss term and a regularization term, allowing for ac-
curate yet simple models. At iteration ¢, the objective func-
tion is L) = > =) Wys, i Y + fu(a:) + Q(f:) where
the loss is calculated according to a loss function [ based on
the prediction y; and the target y; at the ¢-th task. The tree
structure f; which gains the most improvement of the model
is added. The regularization term €2(f;) ensures the model
is kept as simple as possible. In general, XGBoost combines
the strengths of decision trees with an optimization process
to efficiently and effectively handle complex datasets.

Shapley values

Shapley values provide insights into individual components’
contributions to a portfolio. Comparing model predictions
with Shapley values of individual planners can help to gain
more detailed explanations on how and why the different
models perform the way they do. The Shapley value of ¢ €
N where N is the set of n components is an average of
average marginal contributions over the possible coalitions
of each size (Fréchette et al. 2016). It is given through
1
1

n—1
c=0 ("; ) CCN\{i}:|C|=c
with v(CU{i})—v(C) being the marginal contribution to a

coalition C C N The standalone contribution of % to a set of
planners A on a planning task x € X is denoted by

o =

(v(CU{i}) —v(C))

S|

0 task x not solved by i,

contrs(i, A) = { otherwise.

c—t
L+ [ X [xex[A]+1
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Figure 1: Graph sizes of various representations

The standalone performance, marginal contribution, and
Shapley value measures differ in how the planners are re-
warded or penalized. The standalone performance only re-
gards the planner itself and does not consider the relation
to other planners in the portfolio. Planners with a small, but
strong expertise usually are penalized. The marginal con-
tribution takes the overall portfolio into account and puts
the planner in perspective. However, correlated planners are
now penalized which could lead to certain planners falsely
regarded as unimportant. The Shapley value combines both
the standalone performance and the marginal contribution.

Experiments
Methodology

Dataset and features We use the publicly available
dataset consisting of homogeneous graph representations
and planner-performance data covering tasks from various
IPCs (Ferber et al. 2019). The dataset consists of 2,439 data
points and provides predefined splits for 10-fold cross vali-
dation (2,294/145 training+validation/testing). Splits can be
either random or domain-preserving, ensuring that planning
tasks from the same domain are not split. In the portfolio,
there are 17 planners with the target value being the time
required to solve each task. In case a planner exceeds the
timeout limit of 1,800 seconds, its target value is set to
10,000. Two graph representations are provided: grounded
and lifted. The grounded representation, Problem Descrip-
tion Graphs (PDG) (Pochter, Zohar, and Rosenschein 2011),
is based on SAS+ (Bickstrom and Nebel 1995), whereas
the lifted representation, directed acyclic Abstract Structure
Graphs (ASG) (Sievers et al. 2017) is based on the Planning
Domain Definition Language (PDDL) (McDermott 2000).
Grounded graphs consist of up to 100K nodes and 800K
edges, while lifted graphs contain up to 250K nodes and
300K edges, meaning generally more nodes, but fewer edges
(Figure 1). This is also reflected by the average node de-
gree which is 12.26 for the grounded graphs and 2.92 for the
lifted ones. We additionally introduce aggregated graphs, in
which certain node types and sequences are combined, re-
ducing the graph size to typically up to 10K nodes and 100K
edges with an average degree of 9.69.

In homogeneous graphs, node type information is en-
coded as one-hot vectors and used as node features. The
lifted graphs contain 15 node types, and the grounded graphs
contain 6. Node types include, for example, constant,
action, or effect. We analyze the average node degree
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per node type. In both grounded and lifted graphs, some
node types exhibit high average degrees (up to 70), but most
lie between 3-8 in the grounded graphs and 1-17 in the lifted
graphs. In the grounded graphs, around 77% of nodes are of
type 3, followed by around 8% each for types 1 and 5. In
lifted graphs, type 1 dominates (63%) followed by type 6
and 8 with 12% and 10%, respectively. Due to these vari-
ations, we enhance the initial node features with the node
degree. Because the types of neighboring nodes provide crit-
ical contextual information in planning tasks, we also exper-
iment with incorporating the types of neighboring nodes as
node features. In contrast to homogeneous graphs, hetero-
geneous graphs inherently encode multiple node types. The
type is represented directly by the node category itself, rather
than needing to be encoded within the node features.

Prediction tasks and configurations We investigate three
methods for planner selection. The first predicts the time re-
quired for each planner to solve a given task and selects the
planner with the lowest predicted runtime, henceforth de-
noted by time. The second predicts whether a planner will
solve the task within the overall time limit of 1,800 sec-
onds and selects the planner with the highest probability,
henceforth denoted by binary. Both approaches were pre-
viously explored using CNNs (Sievers et al. 2019). We eval-
uate four homogeneous GNN architectures (GCN, GGNN,
GAT, GIN) and two heterogeneous ones (RGCN, RGAT).
We also explore additional node features, such as node de-
gree and neighboring node types, to capture structural and
semantic context. A third method, not previously explored
for online planner selection, is inspired by Loreggia et al.
(2016). We use the graph representations from the final GNN
layer as input to an XGBoost classifier (Chen and Guestrin
2016). We additionally include graph-level statistics such as
average node degree, clustering coefficient, and density. The
clustering coefficient indicates how clustered a graph is, the
density depicts the number of edges in relation to the maxi-
mum number of possible edges.

Training details The Deep Graph Library (DGL) (Wang
2019) is built on PyTorch (Paszke et al. 2019) and serves
as the framework for our experiments. Our configurations
follow Ma et al. (2020) with an additional grid-search to
find the best parameters (learning rates [0.01,0.001,0.0001],
layers [2,3], hidden dimensions [64,100,128,256]). To en-
sure fair comparison across architectures, we select a shared
configuration competitive across models rather than tuning
each independently. While this may affect absolute perfor-
mance, we do not expect it to alter our qualitative conclu-
sions. For training, we employ the Adam optimizer (Kingma
and Ba 2015) with learning rate 0.001. The final configura-
tion based on hyperparameter search uses 2 layers, a hid-
den dimension of 100, and 100 training epochs. MSE loss
is used for time-based objectives and binary cross entropy
loss for binary objectives. Training uses early stopping af-
ter 10 epochs. Experiments are run on Nvidia P100 GPU
and Nvidia RTX A600 with two Intel(R) Xeon(R) CPU E5-
2640 v4 or two AMD EPYC 7282 CPU nodes, respectively.
Training time ranges from 10 to 60 min depending on the
model. For GNN+XGBoost approach, the graph representa-
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Figure 2: Accuracy results for the base experiments and enhancing the node features (in- and out-degree); a: aggregated, 1:
lifted, g: grounded, d: domain, r: random
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ing both lifted and grounded representations under random
and domain-preserving splits. Subsequently, node feature
correlation and the effect of enhanced node features is ex-
amined, such as node degree and neighboring node types.
We then evaluate the performance of heterogeneous GNN
architectures and study how results change when combin-
ing GNNs with XGBoost. Finally, the portfolio and model
behavior is analyzed using Shapley values. We repeat each
experiment 10 times and present the average accuracy with
the standard deviation. In our figures, random choice refers
to selecting a planner at random, whereas single best denotes
the planner that solves the largest number of planning tasks.

Figure 3: Feature correlation matrix for the time- and binary-
based objective for the grounded and lifted representation

the top-k predicted planners and refine their predictions by
using standard ML methods.

In general, GCN and GGNN show similar performance
with an accuracy slightly higher than 70% for the time-
based objective. GIN and GAT obtain an even higher accu-
racy around 77%, again for the time-based objective. As sup-
ported by our experiments, GIN performs particularly well
on graph-level tasks by incorporating ideas from the WL
graph isomorphism test. GAT emphasizes more important
nodes by applying its attention mechanism, while GGNN
tries to incorporate distant neighbors. The results illustrate
that GGNN is not as effective as GAT in capturing plan-
ning tasks. A possible explanation is that distant neighbors
are not as relevant as direct neighbors for graph-level pre-
dictions. To obtain the graph-level predictions, we apply a
pooling layer. As the output vector of the pooling operation
typically is smaller than the number of nodes, information
is lost. This makes it essential that GNN’s intermediate lay-
ers already encode long-range relationships (Rampasek et al.

Base experiments For all four homogeneous GNN ar-
chitectures, we plot the accuracy for the lifted and
grounded representations as well as the random and domain-
preserving splits (Figure 2a). Overall, the time-based objec-
tive outperforms the binary one, as shown by the top results
across all datasets and architectures (Figure 2). The time
objective is more informative than the binary classification
task, resulting in more accurate GNN updates.

For most architectures, the grounded graphs outperform
the lifted ones, especially with domain-preserving splits.
Due to the higher abstraction of the lifted graphs (Fig-

ure 1), valuable information i§ not captured as well as in the 2022; Alon and Yahav 2021).

grounded representation, leading to a performance decrease.

To support this hypothesis, we perform the base experiments Node feature correlation Figure 3 provides an overview
with the aggregated graphs, which are compressed grounded of the correlation between various node features (node type,
graphs. Here, the accuracy is similar to that obtained with the average degree, incoming/outgoing neighbor types) and the
lifted representation. One aspect to note is that the standard target labels (time- or binary-based). These correlations help
deviation is quite high. To reduce variance, one could select explain the performance differences observed in the base ex-
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periments, where the time-based objective consistently out-
performed the binary-based objective. For the grounded rep-
resentation, there is a higher negative correlation between
node type and the time-based labels (-0.39) than the binary-
based labels (-0.19) (Figure 3a). Similarly, in lifted represen-
tation time-based labels show higher correlation than binary-
based labels (Figure 3b). Overall, the correlation between
node type and labels is consistently higher for grounded
graphs than for lifted ones across both label types.

We observe that the average degree has a correlation of
-0.19 for the lifted representation, while nearly no corre-
lation is detected in the grounded representation. The type
of neighboring nodes has a correlation of up to -0.32 for
the grounded representation, whereas the correlation in the
lifted dataset is relatively low due to the different charac-
teristics and focus of each representation. These correlation
patterns suggest that node degree and neighbor type infor-
mation could be valuable additions to the basic node fea-
tures, motivating our investigation of enhanced feature sets.

Enhancing the node features Based on the correlation
analysis, we enhance the dataset with hand-crafted features
to investigate how they influence model performance.

First, we add the in-degree, out-degree, and both to the
node type feature. Including the in-degree improves GCN
accuracy to up to 81% on the grounded representation (Fig-
ure 2b). Interestingly, GAT accuracy slightly decreases com-
pared to using only the node type as a feature (Figure 2a).
As GAT already captures local information well, adding re-
dundant information (node degree) leads to a performance
decrease. GGNN and GIN do not show remarkable changes.
Looking at the results with in- and out-degree as node fea-
ture (Figure 2c), the most outstanding result is the increase
in accuracy for the GCN, rising up to 87% with the grounded
representation. Local node characteristics can influence sur-
rounding and distant nodes, and in a planning task, a tran-
sition not only influences subsequent steps, but also those
further in the future. Thus, GGNN can capture sequences,
while node degree emphasizes local structural information.

In typed graphs, knowing what type of node follows or
precedes another one is important. Therefore, the type of
neighboring nodes is included as node feature (Table 1).
Although there are some changes compared to the results
of the base experiments, the improvements are not as high
as with adding the node degree. This is because GNNs in-
herently propagate node information, including node type,
during message passing. Thus, explicitly including neighbor
types emphasizes, but does not significantly expand, the in-
formation or insights for model training.

These results suggest that richer features reduce architec-
tural differences, as explicit structural signals diminish the
need for complex aggregation. Performance is thus a joint
effect of representation, architecture, and feature design.

Heterogeneous GNNs Table 1 provides an overview of
the results with heterogeneous RGCN and RGAT and com-
pares them to the homogeneous architectures. The results
with RGCN are particularly promising. Using RGCN leads
to similar results for the lifted representation as observed
with homogeneous GNNs. Heterogeneous graphs are less
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Figure 4: Results for (a) RGCN and (b) combining RGCN
with XGBoost (avg. node degree as graph feature)

model mode grounded lifted
domain[random|domain|random

basic 72.2 66.9 68.9 66.5

GCN degree 87.2 834 66.3 62.8
neighbor 80.7 74.3 70.4 66.4

xghboost (best)| 76.6 76.8 70.8 69.6

basic 68.0 64.9 71.5 68.5

degree 66.6 78.7 65.7 64.6

GGNN— Ciohbor | 639 | 651 | 683 | 684
xgboost (best)| 71.3 74.1 74.4 75.7

basic 76.4 77.9 66.9 65.5

GIN degree 72.7 71.1 66.3 66.1
neighbor 71.9 77.8 69.1 66.8

xgboost (best)| 69.8 71.6 68.2 67.4

basic 76.9 73.9 66.0 75.3

GAT degree 63.0 62.6 64.7 68.1
neighbor 77.1 75.0 68.2 73.4

xghboost (best)| 74.8 79.2 74.6 75.7

basic 83.7 83.6 61.1 69.1

degree 76.6 72.5 64.6 72.6

RGCN neighbor 76.6 77.6 61.1 71.6
xghboost (best)| 75.2 75.2 84.8 91.7
basic 63.44 | 69.6 | 64.37 | 65.56

degree 61.1 67.9 61.0 61.1

RGAT neighbor 61.0 70.6 61.1 61.0
xgboost (best)| 75.2 76.1 79.5 78.4

Table 1: Accuracy of our approaches with different node fea-
tures and best XGBoost-based results

abstract and exploit the graph structure better compared to
homogeneous ones, leading to a more detailed representa-
tion of the tasks. In addition, heterogeneous GNN5s are able
to distinguish between different relation types, which helps
to better capture the essence of the different planning graphs.
This shows that heterogeneous graphs can and should be
leveraged for solving tasks in the planning domain.

Combining GNNs with XGBoost We propose combining
the strengths of GNNss and gradient boosting. A GNN is used
to obtain a 100-dimensional graph representation which then
serves as input for training an expressive XGBoost model.
We explore three use cases: (a) the binary objective, (b)
the time-based objective, and (c) directly picking one of the
17 planners through multi-class classification. Node features
include the default ones, the in- and out-degree, and the in-
and out-going neighbor types. After obtaining the graph rep-
resentation from the GNN, another set of experiments ap-



pends hand-crafted graph features, including the average out
degree, the average clustering coefficient, and the density.
This extended representation is then fed into the XGBoost
model. Table 1 shows the best performing XGBoost-based
result per architecture.

Experiments with only using a GNN for direct classifi-
cation could not produce satisfactory results with accura-
cies below 50%. For this reason, our GNN only experiments
focus on binary- and time-based objectives. However, the
combination of GNNs and XGBoost shows much better per-
formance for direct classification and is similar to the re-
sults with GNNs only and the time-based objective (Figure
2). The heterogeneous RGCN obtains the highest accuracy
91.7% with the lifted representation, random split, classi-
fication task, basic node features, and out-degree as graph
feature (Figure 4, Table 1). RGCN is specialized in captur-
ing different node and relation types which benefits the lifted
representation with a larger variety of node types (15) com-
pared to the grounded representation (6). The average node
degree as a graph feature further provides valuable graph-
level information that benefits the XGBoost model. This
illustrates the effectiveness of RGCN and its combination
with XGBoost for direct classification, while also demon-
strating the value of hybrid approaches for planner selection.

Another benefit of combining GNNs with XGBoost is re-
source utilization. While we have to train the GNN-only ex-
periments on GPUs, we do not need GPU-training for XG-
Boost. Training the GNN plus XGBoost method on our CPU
takes a similar amount of time on the CPU as the GNN-only
experiments on our GPU.

Contrary to our observations above, the performance on
the lifted graphs is generally better than the grounded ones
when using classification and three graph features alone
without appending them to a representation obtained by a
GNN (grounded: 75.9%, lifted: 79.3%). Due to the large
graph sizes in the grounded dataset, describing a graph with
only three features is not sufficient. The bigger the graphs
become, the more variations exist, even when the values for
clustering coefficient, out degree, and density remain the
same. While graph-level statistics capture important infor-
mation, they are most effective when combined with rep-
resentations learned by GNNs. This highlights the strength
of GNNs being able to extract meaningful graph representa-
tions of large graphs.

Analysis of Planner Portfolio using Shapley values Fig-
ure 5 illustrates the standalone performance, Shapley value,
and marginal contribution of the IPC Graphs dataset (Ferber
et al. 2019). The best performing planner is SymBA for both
Shapley and marginal categories. The values for marginal
contribution are extremely small, except for SymBA. This
indicates that many planners are regarded as similar and
thus penalized. However, the Shapley values highlight that
the planners are still important for the portfolio and their
contribution should not be neglected. Looking at, for ex-
ample, h2-DKS-LMcut, the standalone performance and
marginal contribution are lower than the Shapley value. With
the Shapley value, we can see that its importance is much
higher than previously anticipated. As a model-independent
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Figure 5: Per-planner contributions to the portfolio

attribution method, Shapley values are not limited to this
planner portfolio and can generalize to other portfolios or
similar planning task distributions.

To obtain deeper insights how the different models per-
form, we analyze the performance of the planners by es-
tablishing connections between the model predictions and
Shapley values. Most of the lower performing models usu-
ally predict the same one or two planners for the different
planning tasks. In the training set, each planner on its own
solves 64%-83% of tasks. However, in the test set, perfor-
mance varies considerably, with some planners only solv-
ing 34% of tasks while others solve up to 83%. This dis-
crepancy means that choosing one planner for all tasks is
much more penalized in the test set than the training set.
Consequently, some models fail to learn to choose different
planners for different tasks, but only choose one or two for
all tasks. In such cases, it can happen that a planner solves
70% of tasks in the training set but only 34% of tasks in the
test set, leading to a performance decrease. When analyzing
the best-performing models, we observe that they choose a
variety of planners, their predictions are not limited to one
or two. Additionally, the most frequently chosen planners
typically reflect the highest-performing planners in terms of
Shapley values (Figure 5), meaning they are able to assess
both the standalone performance and marginal contribution
to the overall portfolio. Table 2 shows the performance of
three individual models trained with the in- and out-degree
as node feature with the GCN on the grounded graphs using
the domain-preserving split. Some models only predict plan-
ners with a high marginal contribution, leading to poor per-
formance on the test set as the marginal contribution tends
to penalize correlated but important planners.

Shapley values can also be used to optimize the portfo-
lio. Figure 5 shows that the marginal contribution of the first
6 planners is higher compared to the other ones. Based on
this observation, we experiment with restricting the portfo-
lio to only the top 6 planners instead of all 17. We evalu-
ate both the basic GCN-only setup and the GCN+XGBoost
approach, comparing the full portfolio with the top 6 plan-
ners based on Shapley values and marginal contribution.



h2-DKS-LMcut|h2-DKS-PDB1|SymBA [h2-OSS-PDB1{h2-OSS-LMcut||accuracy
3 47 65 29 1 90.6
28 41 65 11 0 86.6
23 42 64 16 0 89.1

Table 2: Predictions of three selected models (inoutdegree,
GCN, grounded, domain) on 5 most freq. selected planners.

| \ \

| all [shapley | marginal |

grounded domain |72.2| 77.1 81.1

GCN random [ 66.9| 69.9 70.4

lifted domain [68.9| 62.1 75.3

random | 66.5| 62.1 75.4

rounded domain | 76.4| 79.3 75.2

GCN + |Brounded ondom [76.3| 87.6 80.7
XGBoost lifted domain | 70.8| 73.8 73.1
random |68.9| 74.5 75.2

Table 3: Accuracy for the portfolio with all 17 planners, and
top 6 planners based on Shapley and marginal values

The results in Table 3 show that for the GCN-only setup,
the marginal-based top 6 planners lead to improved perfor-
mance. The largest improvement occurs with the grounded
representation and domain split, where the accuracy im-
proves from 72.2 to 81.1. For the XGBoost-based experi-
ments, the Shapley-based top 6 planners usually outperform
the other configurations.

Comparison to Related Approaches We quantitatively
compare the performance of the different approaches with
related methods, namely the CNN-based approach of (Katz
et al. 2018) and (Sievers et al. 2019) as well as the GNN-
based approach of (Ma et al. 2020). Due to the unavailabil-
ity of the original code, we re-implemented the system based
on the descriptions in (Ma et al. 2020), which correspond to
the GCN and GGNN. The results in Table 1 are the out-
come of our implementation and do not match the reported
in the literature (85.6% (domain) and 87.2% (random) with
GCN). The CNN-based method reported accuracy is 82.1%
(domain) and 86.1% (random) on the lifted set. We surpass
these results with a top accuracy of 91.7% when using our
heterogeneous RGCN+XGBoost approach with out-degree
as graph feature.

Conclusions

Automatic planner selection can be tackled using differ-
ent ML-based approaches, including GNNs. In our work,
we introduce heterogeneous GNNs to the selection task,
demonstrating that respecting the typed structure of plan-
ning graphs significantly improves performance. We pro-
vide a data and model view on the challenge of choosing
a single planner for a given planning task. In addition to
the portfolio analysis using Shapley values, we investigate
the use of different GNNs for choosing a planner. We ex-
plore four homogeneous and two heterogeneous GNN ar-
chitectures, two graph representations, various node features
and different ways to pick a planner. Overall, the grounded
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dataset shows a better performance than the lifted one be-
cause of a higher feature correlation. In addition, predicting
run time and choosing a planner based on the best predicted
run time led to an accuracy of up to 87% when using a GCN
model. We analyze the characteristics of the four models to
understand what is important for improving automatic plan-
ner selection. Furthermore, we investigate the influence of
different node features. We show that adding the node de-
gree can improve the prediction accuracy. Combining GNNs
with ML models such as XGBoost allows to effectively train
a classification task where a planner is directly chosen with-
out the need to first predict its run time. The heterogeneous
RGCN+XGBoost method achieves a top accuracy of 91.7%.
Unlike prior GNN-only methods that require GPU training,
our GNN with XGBoost pipeline achieves similar accuracy
while enabling CPU-based training and fast run times. Fi-
nally, using this method allows us to combine multiple graph
representations obtained from multiple GNNs to improve
the results of XGBoost. To conclude, automatic planner se-
lection with GNNs shows a promising performance and al-
lows for a wide variety of approaches. We obtain the best
results with the accuracy of up to 91.7% with the heteroge-
neous RGCN model followed by XGBoost, the lifted repre-
sentation and the average node degree as graph feature.

Our work opens up many possible directions for future
work, here, we elaborate on four possible directions.

Graph features: We used simple graph features for train-
ing: node type, node degree, clustering coefficient, and den-
sity, showing prediction improvement. To further improve
the prediction accuracy, more complex features might be
needed. Examples of such features include the node central-
ity, information about clusters or learned node embeddings
with methods like node2vec (Grover and Leskovec 2016).

Mixture of experts: Another direction could be to use a
mixture of experts model (Shazeer et al. 2017) or to train a
separate GNN for each of the portfolio component planners,
predicting whether a planner should be considered for the
task at all. Selecting a planner could be divided into two
phases: first, a subset of planners are chosen based on the
first prediction, then the selection is refined by focusing only
on this subset instead of the entire set of planner candidates.

Specialized architectures: We use standard GNN archi-
tectures for our experiments working on a variety of tasks.
However, they are not adapted to automatic planner selec-
tion. Our experiment with XGBoost shows the benefit of
being able to directly predict the planner to choose instead
of predicting planner performance and choosing based on
that prediction. Further, these ideas can be combined with
specialized architectures constructed for planning tasks, as
these have a specific structure, e.g., PDGs are bi-partite
graphs, ASGs are cyclic.

Planners space exploration: Shapley values analysis
presents us with interesting opportunities. Armed with a tool
that can evaluate the relative contribution of a planner to
the portfolio, we can attempt at automatically enrich the set
of planners in a portfolio. We can explore large spaces of
planning algorithms, much like the offline portfolio meth-
ods (Biichner et al. 2023) and find the meaningful subsets.
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