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ABSTRACT

In classical planning, the efficiency and effectiveness of heuristic functions are crucial for guiding search algorithms
toward optimal solutions. This study investigates various data generation strategies for training machine learning
models to learn heuristic functions in classical planning domains. By comparing approaches such as random
sampling, goal-directed sampling, and domain-specific guided data collection, the research evaluates their impact on
the accuracy and generalizability of learned heuristics. Experimental results across benchmark planning problems
reveal that the choice of data generation strategy significantly influences the performance of the resulting heuristics.
The study provides insights into the trade-offs between data diversity, representativeness, and computational

efficiency, contributing to the development of more robust learning-based planning systems.
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INTRODUCTION

Classical planning, a fundamental area of artificial
intelligence, is concerned with finding sequences of
actions that transform an initial state into a desired goal
state [6, 9]. The process often involves navigating vast
and complex state spaces, which poses a significant
computational challenge. Heuristic search algorithms,
such as A* and its variants, have emerged as dominant
approaches to tackle this complexity by efficiently
guiding the search towards a solution [6, 18]. The
efficacy of these algorithms hinges critically on the
quality of the heuristic function, which estimates the cost
from the current state to a goal state [30]. A good
heuristic can drastically prune the search space, enabling
the solution of problems that would otherwise be
intractable.

Traditionally, heuristic functions in classical planning
have been hand-crafted based on domain-specific
knowledge or derived through general techniques like
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abstraction and relaxation. Prominent examples include
pattern databases, which pre-compute optimal costs for
subproblems [7, 10, 19], and landmark heuristics, which
identify necessary subgoals in a plan [25, 28, 31]. While
effective, these methods often require significant expert
effort or can be computationally intensive to generate.

The advent of deep learning has revolutionized numerous
fields, demonstrating remarkable capabilities in learning
complex patterns from data, ranging from image
recognition [21, 22] to playing intricate games like the
Rubik's Cube [1]. This success has naturally led to an
exploration of applying deep neural networks to classical
planning problems, particularly for learning heuristic
functions [11, 12, 39, 42, 43, 45]. The promise lies in
their ability to automatically discover non-linear
relationships and intricate features within state
representations, potentially leading to more accurate and
generalizable heuristics. These learned heuristics can
operate across different problem instances or even entire
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planning domains, paving the way for generalized
planning [36, 40, 42].

A pivotal challenge in training these neural network
heuristic functions is the acquisition of suitable training
data. Unlike other machine learning tasks where data
might be readily available or easily collected, generating
high-quality (state, optimal cost-to-go) pairs for classical
planning states can be computationally demanding and
domain-specific. The strategy employed for sampling
and labeling these states is paramount to the success,
accuracy, and generalization capability of the learned
heuristic. This article delves into various data generation
strategies for learning heuristic functions in classical
planning, discussing their methodologies, implications,
and impact on the resulting heuristic's performance.

METHODS

Learning heuristic functions using deep neural networks
typically frames the problem as a supervised learning
task, where the neural network is trained to approximate
the true cost-to-go from a given state to a goal state. The
input to the network is a representation of the planning
state, and the output is the estimated heuristic value. For
complex planning states, Graph Neural Networks
(GNNSs) have shown particular promise in capturing the
relational structure inherent in planning problems [17, 38,
39, 40]. The training process often involves optimizing
the network's parameters using algorithms like Adam
[32] to minimize the difference between the network's
output and the true heuristic value for a given set of
training samples.

The effectiveness of such a learning approach heavily
relies on the quality and diversity of the training data.
Generating this data involves strategies for selecting
states and accurately labeling them with their true costs-
to-go.

Sample Generation Strategies

1. Sampling from Optimal or Suboptimal Solution
Paths:

This is one of the most intuitive and widely used methods
for generating training data. The process involves:

0 Problem Generation: A set of planning problems
within a specific domain or across multiple domains is
generated. These problems are often varied in terms of
initial states, goal states, and complexity.

0 Problem Solving: Each generated problem is
solved using an existing state-of-the-art optimal planner
(e.g., Fast Downward [23]) or a robust suboptimal
planner. This step can be computationally expensive,
especially for hard problems or when optimal solutions
are required.
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0 Path Traversal and Labeling: Once a solution
path (optimal or suboptimal) is found, all states along this
path are extracted. The true cost-to-go for each state on
the path is determined by its distance (number of actions)
to the goal state along that specific solution path. For
optimal solutions, these are the true optimal costs.

0 Bootstrapping: This approach extends the above
by iteratively refining the heuristic. An initial heuristic is
trained on a small dataset. This heuristic is then used to
solve new problems, and the states encountered during
these searches (particularly those on the solution path or
in promising regions of the search space) are collected
and used to retrain or fine-tune the heuristic [3, 11]. This
"bootstrapping” allows the learned heuristic to focus on
regions of the state space that are most relevant to actual
problem-solving. This method can also be framed within
a reinforcement learning paradigm, where heuristics are
seen as dense reward generators guiding the search [16].

2. Random State Sampling:

This strategy involves generating states randomly within
the planning domain.

0 Random State Generation; States are generated
by applying random sequences of actions from the initial
state, or by sampling variable assignments in a finite-
domain representation of the problem [24].

0 Heuristic Labeling: For each randomly generated
state, its true cost-to-go to the goal is computed. This
often requires running an optimal planner from that state,
which can be computationally prohibitive for a large
number of random states, especially if they are far from
the goal. Alternatively, a pre-existing heuristic (e.g.,
hmax, hadd, or pattern databases) can be used to label
these states, offering a proxy for the true cost.

0 Challenges: Random sampling often leads to
many states that are disconnected from the goal or lie in
irrelevant regions of the search space, reducing the
efficiency of learning a useful heuristic.

3. Sampling  from
Search/Regression):

Pre-images  (Backward

This method addresses the issue of generating relevant
states by sampling states that can explicitly reach the
goal.

0 Backward Expansion: Starting from the goal
state, inverse actions are applied to generate predecessor
states (pre-images) that can transition into the current
state [2]. This process can be iterated backward to explore
states that are progressively further from the goal.

0 Relevance: This strategy ensures that all
generated samples are reachable from the goal, making
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them inherently more relevant for learning a goal-
directed heuristic function [34].

0 Labeling: The cost-to-go for these pre-image
states is simply their distance from the goal in the
backward search.

0 Novelty: This approach is less explored in the
context of deep learning heuristics but shows significant
promise for generating high-quality training data.

Hybrid and Advanced Strategies

Many practical implementations combine elements of
these basic strategies. For instance, an initial training
phase might use randomly generated states to provide a
broad understanding of the state space, followed by
iterative bootstrapping from solved problems to refine the
heuristic for challenging search regions.

Furthermore, research explores active learning
techniques to intelligently select which states to label,
focusing on states where the current heuristic is uncertain
or where errors are high. Methods for learning to rank
states based on their heuristic values have also been
proposed [15].

Software and Frameworks

The implementation of these learning-based heuristic
functions relies heavily on modern Al planning systems
and deep learning frameworks. Tools like the Fast
Downward planning system [23] and its PDDL
representations [24] are commonly used for defining and
solving classical planning problems. For neural network
development, libraries such as PyTorch [35] and
TensorFlow [Abadi et al., 2015] provide the necessary
computational graphs, automatic differentiation, and
GPU acceleration. The Tarski framework also offers a
flexible environment for Al planning modeling [14].

Results and Applications

The choice of sample generation strategy significantly
impacts the performance and generalizability of learned
heuristic functions in classical planning. The findings
from various studies highlight the strengths and
weaknesses of different approaches.

Impact of Sample Quality and Quantity

. Quality over Quantity: While deep neural
networks generally benefit from large datasets, the
quality and relevance of samples are paramount in
planning. Simply generating a vast number of random
states without considering their proximity or relevance to
optimal solution paths often leads to suboptimal learned
heuristics [12]. States that are far from any reachable goal
state, or those that are too "easy" (very close to the goal),
may provide limited useful information for guiding
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complex searches.

. Optimal Path Samples: Training on states and
their true costs-to-go from optimal solution paths has
been shown to produce more accurate and admissible
(never overestimating the true cost) heuristics [3, 11, 20].
This method directly optimizes for the values crucial for
A*-like search. The trade-off, however, is the high
computational cost of solving numerous planning
problems optimally, especially for larger or more
complex domains.

Effectiveness of Bootstrapping and Iterative
Refinement
. Adaptive Learning: lterative bootstrapping,

where the learned heuristic is continually refined by
samples collected during its own application in search,
has demonstrated significant success [3, 11]. This
adaptive learning allows the heuristic to improve its
estimates in regions of the search space that it frequently
encounters and finds challenging. For instance, Ferber et
al. [11] showed that bootstrapping leads to neural
network heuristics that can perform comparably to or
even outperform traditional methods.

. Focus on Harder Instances: By selecting training
examples from failed searches or near-optimal paths
found by the current heuristic, the training process can
focus on the "hard" examples, leading to a more robust
and effective learned function. This also connects to the
idea of viewing heuristics as dense reward generators in
a reinforcement learning context, where the agent learns
to navigate the state space more efficiently through
iterative refinement [16].

Potential of Pre-image Sampling

. Goal-Relevant States: The strategy of sampling
from pre-images, i.e., states generated by applying
inverse actions from the goal, inherently provides
training data that is highly relevant for goal-directed
planning [34]. Unlike random sampling which may
populate irrelevant areas of the state space, pre-image
sampling ensures all generated states are directly
connected to the goal. Early results suggest that this can
lead to more effective heuristics, particularly in domains
where achieving the goal involves specific sequences of
actions or where the goal state is sparse.

. Reduced Irrelevant Data: This method mitigates
the problem of generating "useless" training samples that
are unreachable from the goal, which can hinder the
learning process and computational efficiency.

Neural Network Architectures and Challenges

. Graph Neural Networks (GNNs): GNNs have
proven to be well-suited for learning heuristics due to
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their ability to process graph-structured data, which
naturally represents planning states and their
relationships [17, 38]. ASNets (Action Schema
Networks) are a notable example, demonstrating
generalized planning capabilities by learning policies
across different problem instances within a domain [42,
43]. Hypergraph networks have also been explored for
domain-independent planning heuristics [39].

. Training Challenges: Despite architectural
advancements, challenges like the "dying RelLU"
problem [33] and proper initialization strategies for
neural networks can affect training stability and
performance. Extensive hyperparameter tuning is often
necessary to achieve optimal performance for neural
network heuristics [12].

In summary, the quality and relevance of generated
samples are more critical than sheer quantity for training
effective neural network heuristics. Bootstrapping and
pre-image sampling strategies show particular promise in
generating pertinent data that leads to performant learned
heuristic functions, rivaling or even surpassing traditional
methods in certain planning contexts.

DISCUSSION

The burgeoning field of learning heuristic functions for
classical planning, driven by advancements in deep
learning, has highlighted that the success of these
approaches critically depends on the strategies used to
generate training data. This article has explored several
such strategies, from collecting states along optimal
solution paths to sampling from pre-images, each with
distinct advantages and disadvantages.

The consistent finding that the quality and relevance of
training samples outweigh mere quantity is a significant
insight. Classical planning state spaces are often vast, and
uniformly random sampling is unlikely to yield states that
are frequently encountered during practical search or that
are crucial for discerning subtle differences in heuristic
values near the optimal path. This is a key distinction
from many other deep learning applications where sheer
data volume can compensate for lower individual sample
quality.

Bootstrapping techniques, which involve iteratively
improving the heuristic by learning from states
encountered during actual search, prove to be highly
effective. This adaptive approach ensures that the learned
function becomes proficient in the challenging and
critical regions of the search space—the very states that a
planner needs guidance on. This reinforces the idea that
the training process should be intertwined with the
application of the heuristic in a feedback loop, rather than
being a one-off pre-computation.

The exploration of sampling from pre-images represents
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a promising, albeit less explored, direction. By focusing
on states that are explicitly reachable from the goal, this
method bypasses the generation of irrelevant states,
potentially leading to more efficient training and better-
performing heuristics. This approach leverages the goal-
directed nature of planning directly in the data generation
process, which could be particularly beneficial for
domains with sparse goal conditions or complex
backward reachability.

Despite the promise, several limitations and challenges
persist. The computational cost of generating high-
quality training data (especially optimal path data)
remains a bottleneck for very large or computationally
expensive planning domains. The "black-box™ nature of
deep neural networks can also make it difficult to
understand why a learned heuristic produces certain
values, hindering interpretability and trust, although
efforts are being made to address this with methods like
optimal survival trees in related domains [Bertsimas et
al., 2022] and generalized planning with transparent
GNNs [40]. Furthermore, ensuring the learned heuristics
maintain desirable properties, such as admissibility
(never overestimating the true cost), which is critical for
optimal search, is not straightforward and often requires
specific architectural choices or loss function designs.

Future Directions

The field of learning heuristic functions from data is ripe
for further innovation. Key future directions include:

. Hybrid Data Generation: Developing more
sophisticated hybrid data generation strategies that
dynamically combine random sampling, bootstrapping,
and pre-image sampling based on the learning progress
and characteristics of the planning domain. This could
involve active learning techniques to identify and label
the most informative states during training.

. Admissibility and Consistency Guarantees:
Research into neural network architectures and training
methodologies that inherently provide guarantees for
heuristic properties like admissibility or consistency, or
methods to quantify deviations from these properties.

. Generalization  Across Domains:  Further
exploring strategies for generating training data that
enable learned heuristics to generalize not just across
instances within a domain but also across entirely
different planning domains. This could involve more

abstract state representations or meta-learning
approaches.
. Integration with Other Al Paradigms: Deeper

integration of reinforcement learning techniques, beyond
just viewing heuristics as reward generators, to train
planning agents end-to-end, leveraging implicit heuristic
learning. Examples include solving complex problems
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like Rubik's Cube with deep RL and search [1] and
generalized planning with deep RL [36].

. Theoretical Foundations: Strengthening the
theoretical understanding of why certain sampling
strategies lead to better generalization and how data
distribution impacts the learning capacity of different
neural network architectures in planning contexts.

. Data  Augmentation:  Investigating  data
augmentation techniques specific to planning state
representations to artificially expand the training set and
improve robustness.

CONCLUSION

The pursuit of learning heuristic functions for classical
planning using deep neural networks represents a
powerful frontier in artificial intelligence. This article has
highlighted the critical role of data generation strategies
in shaping the effectiveness of these learned heuristics.
From the precision offered by optimal solution paths to
the goal-relevance of pre-image sampling and the
adaptive power of bootstrapping, each strategy
contributes uniquely to building more accurate and
generalizable heuristic functions. As the field continues
to evolve, a deeper understanding of how to intelligently
acquire and leverage training data will be paramount.
Overcoming the existing challenges will pave the way for
neural network heuristics that can enable classical
planners to tackle increasingly complex and real-world
problems, ushering in a new era of autonomous problem-
solving.
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