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Abstract

DeepXube is a free and open-source Python package and
command-line tool that seeks to automate the solution of
pathfinding problems by using machine learning to learn
heuristic functions that guide heuristic search algorithms tai-
lored to deep neural networks (DNNs). DeepXube is com-
prised of the latest advances in deep reinforcement learn-
ing, heuristic search, and formal logic for solving pathfind-
ing problems. This includes limited-horizon Bellman-based
learning, hindsight experience replay, batched heuristic
search, and specifying goals with answer-set programming.
A robust multiple-inheritance structure simplifies the defini-
tion of pathfinding domains and the generation of training
data. Training heuristic functions is made efficient through
the automatic parallelization of the generation of training data
across central processing units (CPUs) and reinforcement
learning updates across graphics processing units (GPUs).
Pathfinding algorithms that take advantage of the parallelism
of GPUs and DNN architectures, such as batch weighted A*
and Q* search and beam search are easily employed to solve
pathfinding problems through command-line arguments. Fi-
nally, several convenient features for visualization, code pro-
filing, and progress monitoring during training and solving
are available.

Introduction
Pathfinding problems are found throughout mathematics,
chemistry, robotics, and computing. Pathfinding algorithms
that solve such problems include those based on human-
designed algorithms, pattern databases (Korf 1997; Culber-
son and Schaeffer 1998), and heuristics derived from formal
representations of pathfinding domains (Helmert 2006). In
the past decade, it has been shown that representing heuris-
tic functions with deep neural networks (DNNs) (Schmidhu-
ber 2015; LeCun, Bengio, and Hinton 2015), training them
with machine learning, and combining them with heuristic
search can rival or outperform the aforementioned methods
while assuming a black-box representation of the pathfind-
ing domain and without relying on pre-existing solvers
(Agostinelli et al. 2019; Chen et al. 2020; Muppasani et al.
2024; Agostinelli, Panta, and Khandelwal 2024; Chervov
et al. 2025). These techniques have been applied to puzzle
solving (Agostinelli et al. 2019; Chervov et al. 2025), chem-
ical reaction mechanism pathfinding (Panta et al. 2024),
quantum algorithm compiling (Zhang et al. 2020; Bao and

Hartnett 2024; Qiuhao et al. 2024; Turner, Agostinelli, and
Fu 2025), cryptography (Jin and Kim 2020), and parking lot
optimization (Siddique, Gue, and Usher 2021).

DeepXube (pronounced “Deep Cube”) is a free and open-
source Python package that seeks to automate the solu-
tion of pathfinding problems given only a black-box im-
plementation of a pathfinding domain and a heuristic func-
tion represented as a DNN. DeepXube is comprised of
the latest advances in the combination of deep reinforce-
ment learning, supervised learning, and heuristic search for
pathfinding. These include batch weighted A* and Q* search
(Agostinelli et al. 2024), limited-horizon Bellman-based
learning (LHBL) (Hadar, Agostinelli, and Shperberg 2026),
hindsight experience replay (Andrychowicz et al. 2017), su-
pervised learning based on random walk path costs (Chervov
et al. 2025), and specifying goals with answer set program-
ming (Agostinelli, Panta, and Khandelwal 2024; Agostinelli
2025). Pathfinding domains are implemented with arbitrary
Python code and heuristic functions are implemented with
arbitrary PyTorch code (Paszke et al. 2019). Given an im-
plementation of a pathfinding domain and heuristic function,
DeepXube samples problem instances from the domain and
uses pathfinding to generate training data for the heuristic
function, as shown in Figure 1. Training is automatically
parallelized across a user-specified number of central pro-
cessing units (CPUs) and the DNN is parallelized across all
visible graphics processing units (GPUs). Several methods
to monitor progress are provided, including TensorBoard
(Abadi et al. 2015), a pathfinding-specific training summary,
periodic testing of solution quality on a test set, and a log
file. After training, given pathfinding problems, DeepXube
uses the trained heuristic function with heuristic search to
solve problems and produces a file summarizing the solu-
tions.

Preliminaries
Pathfinding
A pathfinding domain is defined as a weighted directed
graph (Pohl 1970), where nodes represent states, edges rep-
resent actions that transition between states, and weights on
the edges represent transition costs. The set of all possible
outgoing edges of a state, s, which corresponds to the ac-
tions that can be taken in s, is denoted Eo(s). The transi-
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Figure 1: An overview of how DeepXube trains heuristic
functions. The user implements the domain, along with its
states, actions, and goals, as well as a DNN architecture
that processes states, goals, and possibly actions. DeepXube
then samples problem instances from the domain and uses
the DNN to attempt to solve them with pathfinding, gener-
ating nodes and edges from the search tree. A reinforcement
learning update is then applied to either the nodes or edges
to compute targets. The DNN is then trained to match the
targets.

tion function is represented by T , where s′ = T (s, a) for
some a ∈ Eo(s). The transition cost function is represented
by c, where c(s, a) is the transition cost when taking ac-
tion a in state s. The set of all possible actions is denoted
A. A pathfinding problem instance is defined by a tuple
(D, s0, g), where D is the pathfinding domain, s0 is the start
state, and g is the set of states considered goal states. Given
a pathfinding problem, the objective is to find a path, which
is a sequence of actions, that transforms the start state into a
goal state while attempting to minimize the path cost, where
the path cost is the sum of transition costs. The cost-to-go is
the cost of a shortest path from a state, s, to a closest goal
state in a goal, g, which we will denote h∗(s, g).

Heuristic Search

Heuristic search is a widely used approach for solving
pathfinding problems and is guided by a heuristic function
that estimates the cost-to-go. Heuristic functions which op-
erate on the nodes of the pathfinding domain graph map a
state, s, and a goal, g, to an estimate h(s, g) ≈ h∗(s, g).
Heuristic functions which operate on the edges of the
pathfinding domain graph map a state, s, goal, g, and action,
a, to an estimate q(s, g, a) ≈ c(s, a) + h∗(T (s, a), g). We
will refer to heuristic functions which operate on nodes as
heuristic-v functions, since they are often trained with value
iteration (Bellman 1957), and heuristic functions which op-
erate on edges as heuristic-q functions, since they are often
trained with q-learning (Watkins and Dayan 1992). Heuristic
search algorithms create a search tree, where nodes represent
states and edges represent actions.

Graph Search Graph search algorithms in the context of
heuristic search maintain a closed dictionary that maps states
to their cheapest path cost observed so far, in that search. The
most notable graph search algorithm that uses a heuristic-
v function, A* search (Hart, Nilsson, and Raphael 1968),
iteratively selects nodes from the search tree for expansion
from a priority queue prioritized by the cost of the node,
which is the sum of its path cost from the start node (i.e.
cost-to-come computed by the sum of transition costs) and
its heuristic value (i.e. cost-to-go computed by h). A node
is expanded by applying every possible action to the state
associated with that node and creating child nodes from the
resulting states. The cost of each child node is computed
and the child node is added to the priority queue if the state
associated with the node is not in the closed dictionary or has
been reached via a cheaper path. A* search terminates when
a node associated with a goal state is selected for expansion
and returns the path to that node.

Q* search (Agostinelli et al. 2024) is a variant of A*
search that uses a heuristic-q function. Q* search iteratively
selects edges for expansion and, in doing so, only generates
nodes when removing an edge from the priority queue. As a
result, the number of nodes generated at each iteration is in-
dependent of the number of available actions. Furthermore,
some deep Q-network architectures can map a state, s, and
a goal, g, to q(s, g, a) for all possible actions, a (Mnih et al.
2015), thus computing the heuristic value for all edges with
a single forward pass through a DNN.

Both A* and Q* search have batched and weighted
variants referred to as batch weighted A* search (BWAS)
and batch weighted Q* search (BWQS), respectively. For
weighted search (Pohl 1970), the path cost is multiplied
by a scalar, λ ∈ [0, 1). This decreases the influence the
path cost has on the overall cost and exchanges potentially
faster search times for potentially greater solution costs. For
batched search, B > 1 nodes or edges are removed from the
priority queue each iteration. When heuristic functions are
represented as DNNs, this exploits the parallelism provided
by GPUs for DNNs.

Beam Search As opposed to graph search, beam search
neither maintains a closed dictionary nor uses a priority
queue. Beam search maintains a “beam” of nodes of a max-
imum size, B, starting with just the start node in the beam.
At each iteration, beam search selects the top B edges for
each node in the beam and transitions along those edges
to produce the nodes in the beam for the next iteration.
The metric to evaluate the edges could come from comput-
ing −(c(s, a) + h(T (s, a), g)) with a heuristic-v function,
computing −q(s, g, a) with a heuristic-q function, or com-
puting the probability density for each action with a policy
function, π(a|s, g). Stochasticity can be added to the beam
search by selecting edges according to a Boltzmann distri-
bution with some given temperature, τ , and/or randomly
selecting edges with some probability ϵ. One notable spe-
cial case is the ϵ-greedy policy, often used in reinforcement
learning, where B = 1 and the action taken is random with
probability ϵ and greedy, otherwise (i.e. τ = 0).



Learning Heuristic Functions
Reinforcement learning can be used to learn heuristic func-
tions based only on a definition of the domain and a way
to generate problem instances. A DNN used to represent a
heuristic-v function, hθ, with parameters, θ, can be trained
using approximate value iteration (Bellman 1957; Bertsekas
and Tsitsiklis 1996; Sutton and Barto 2018). The DNN is
trained with gradient descent to minimize the loss function
in Equation 1, where N denotes the batch size and θ denotes
the parameters of the DNN. The value iteration update in
the context of pathfinding is shown in Equation 2, where θ−
are the parameters of the target network (Mnih et al. 2015)
which are periodically updated to θ.

L(θ) =
1

N

N∑
i

(h′(si, gi)− hθ(si, gi))
2 (1)

h′(s, g) =

{
0, if s ∈ g,

min
a∈Eo(s)

c(s, a) + hθ−(T (s, a), g), ow.

(2)
A DNN used to represent a heuristic-q function, qθ, with
parameters, θ, can be trained using approximate Q-learning
(Watkins and Dayan 1992; Mnih et al. 2015). The DNN
is trained with gradient descent to minimize the loss func-
tion in Equation 3. The q-learning update in the context of
pathfinding is shown in Equation 4, where s′ = T (s, a).

L(θ) =
1

N

N∑
i

(q′(si, gi, ai)− qθ(si, gi, ai))
2 (3)

q′(s, g, a) =

{
0, if s ∈ g,

c(s, a) + min
a′∈Eo(s′)

qθ−(s′, g, a′), ow.

(4)

Defining Domains
To define a domain with DeepXube, the following meth-
ods must be implemented: sampling problem instances
(samp_prob_insts), sampling a valid action in a given
state (samp_state_act), the state transition and tran-
sition cost when taking a given action in a given state
(next_state), and a goal test given a state and goal
(is_solved). The benefit of assuming the domain defi-
nition is a black box is that its implementation can depend
on arbitrary Python packages, such as RDKit for chemistry
(Landrum et al. 2013), and goals can represent a set of states
without having to know of any state that is a member of
that set. For example, for chemical synthesis, states can be
molecules and goals can be properties that a molecule should
have, implicitly defining the set of molecules that have those
properties. For quantum circuit synthesis, states could be
quantum circuits and goals could be matrices representing
quantum algorithms, implicitly defining the set of circuits
that implement those algorithms (Turner, Agostinelli, and Fu
2025).

Mixins
DeepXube contains multiple subclasses of the Domain,
which we refer to as “mixin” classes, that define addi-
tional functionality. Depending on the pathfinding or train-
ing algorithm used, the domain may need to subclass cer-
tain mixins. For example, A* search in an enumerable ac-
tion space requires the domain to subclass the ActsEnum
mixin from which the result of applying all possible actions
to a state can be obtained with the expand method. Gen-
erating problem instances with random walks requires the
domain to subclass the GoalSampleableFromState
mixin from which goals can be obtained through the
samp_goal_from_state method. The mixin classes
also simplify domain definition by automatically imple-
menting methods based on the implementation of simpler
methods. For example, if the action space is enumerable
and fixed, the child class can implement a single method
that gets all possible actions and the mixin class implements
samp_state_act as well as expand. A domain can
inherit from multiple mixins and any automatically imple-
mented method can be overridden, if the user deems it nec-
essary.

While sampling problem instances may be implemented
in any manner, DeepXube adds mixin classes that define
ways of sampling problem instances that can work well in
practice. For actions that can be reversed, such as the Ru-
bik’s cube, sliding tile puzzles, and certain quantum cir-
cuit synthesis tasks, sampling a goal state and correspond-
ing goal and taking a random walk in reverse from the goal
state has worked well in practice (Agostinelli et al. 2019;
Zhang et al. 2020; Chervov et al. 2025). A reverse walk can
also be done for irreversible action spaces given an imple-
mentation of a reverse walk, such as Sokoban where boxes
are pulled instead of pushed. For action spaces that are not
easily reversed, such as many robotics tasks and chemical re-
action mechanisms, or domains where sampling a reachable
goal is difficult, sampling a start state, taking a random walk,
and sampling a goal from the terminal state has worked well
in practice (Agostinelli, Panta, and Khandelwal 2024; Panta
et al. 2024; Agostinelli and Soltani 2024). The mixin classes
are summarized in Figure 2. Visualizations of problem in-
stance generation mixins are shown in Figure 3.

Two mixins, StateGoalVizable and
StringToAct are provided to visualize problem in-
stances as well as use the terminal to apply actions to the
states and visualize the resulting next states. The visual-
ization is done via a matplotlib Figure object, so
visualizations can be interactive, if need be. For example,
a visualization for the Rubik’s cube could allow the user to
click and drag to rotate the cube.

Defining Neural Networks
DeepXube has strong integration with both heuristic-v and
heuristic-q functions and preliminary integration with pol-
icy functions for continuous action spaces, such as those
seen in robotics, or very large action spaces where enumer-
ation is impractical, such as multi-agent path finding. To en-
sure the implemented DNN accepts the appropriate input,
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Figure 2: The primary mixin classes used to construct domains. Methods in white are abstract and methods in black are imple-
mented by the class. Mixins inherit all functionality of their ancestors.
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Figure 3: A visualization of the problem instance generation
function along with two mixin classes for generating prob-
lem instances by either 1) sampling a start state, taking a
random walk, and sampling a goal from the terminal state of
that random walk; or 2) sampling a goal and a correspond-
ing goal state, taking a random walk in reverse, and using
the terminal state of that random walk as the start state.

the DNN class specifies what NNetInput class it requires.
The NNetInput class converts the anticipated Python ob-
jects to a representation suitable for the DNN.

Heuristic-v functions take a state and goal as an input.
Heuristic-q functions can either take a state, goal, and action
as an input, or take a state and goal as an input and output
the heuristic values for all possible edges with a single for-
ward pass. Currently, this is only supported for a fixed action
space; however, future updates plan to implement this for
domains whose action spaces are dynamic and can be repre-
sented with a structured output, such as graphs (You et al.
2018). For policy functions, during training, the DNN is
trained to match the distribution of edges seen during heuris-
tic search, with the intuition that successful searches will be

biased towards edges that lead to the goal (Mark et al. 2024).
During inference, the policy network samples actions from
its modeled distribution. However, the approach to learning
a policy for pathfinding is preliminary and may be signif-
icantly updated in the future. A visualization of the neural
networks that can be defined along with their inputs and out-
puts is shown in Figure 4.

There can be multiple NNetInput classes for different
kinds of DNN architectures for a single domain and sin-
gle kind of heuristic function. For example, a domain could
have a NNetInput for a heuristic-v function represented
as a convolutional neural network and a NNetInput for a
heuristic-v function represented as a transformer (Vaswani
et al. 2017). This allows architecture search for a single do-
main over multiple different kinds of architectures as well
as multiple domains to use the same DNN architecture pro-
vided the appropriate NNetInput class is defined.

Pathfinding Algorithms
DeepXube has pathfinding algorithms that search over both
nodes and edges, that operate on enumerable and infinite ac-
tion spaces, and that perform beam search or graph search.
Pathfinding algorithms specify what mixin class a domain
must subclass as well as what functions it uses. For pathfind-
ing algorithms that operate on enumerable action spaces, the
domain must subclass ActsEnum. Otherwise, the pathfind-
ing algorithms accept any subclass of Domain while also
requiring a policy function to sample actions. For beam
search, a temperature of 0 means that nodes are selected
greedily unless ϵ is greater than 0. Graph search is also given
an ϵ parameter where a random node or edge is popped
from the priority queue with probability ϵ. This is primar-
ily used for exploration during training. A summary of the
pathfinding algorithms is shown in Figure 5. Note that, while
the methods for training policy functions may change, the
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Figure 4: The interaction between states, goals, actions, neu-
ral network inputs, and heuristic/policy functions. Heuristic-
q functions take an action as an input or output the q-values
for all possible actions. A policy function takes an action as
an input during training and samples actions during infer-
ence.

pathfinding algorithms that expect policy functions only as-
sume the ability to sample actions from the policy function
and, therefore, are agnostic to how the policy function is
trained.

Learning Heuristic Functions
When learning heuristic functions, the generation of train-
ing data is parallelized across C CPUs and G GPUs and the
heuristic function training is parallelized across G GPUs.
CPUs sample problem instances, perform pathfinding, and
compute the target for the DNN using either value itera-
tion on the nodes or q-learning on the edges produced by
pathfinding. The target network can also be used to guide
the pathfinding algorithm; however, while this may work for
some domains, this can result in a shift in the distribution
of states seen when performing pathfinding with the trained
network versus the target network. Therefore, there is also
the option to use the network currently being trained to guide
pathfinding. However, this requires synchronizing between
the parallel processes and the main processes, which slows
both down. Furthermore, this requires double the DNN ap-
plications since, when guiding pathfinding with a target net-
work, the nodes and edges required for the reinforcement
learning update have already been evaluated with the target
network during pathfinding. An overview of the paralleliza-
tion of training is shown in Figure 6. There is a special case
of training where, instead of using reinforcement learning
to compute targets, supervised learning is performed on the
path costs of random walks. This has been shown to be ef-
fective at learning heuristic functions for puzzles such as the
Rubik’s cube (Chervov et al. 2025).

Reinforcement Learning
Problem instances are generated with a given parameter, K,
where each problem instance is generated with a value, k,
where k is uniformly distributed between 0 and K and k de-
notes the length of the random walk used to generate the
problem. However, user-defined implementations of sam-

pling problem instances can ignore k if deemed necessary.
Every U iterations, there is a check to see if the parameters
of the target network, θ−, should be updated to the current
parameters, θ. This check can always return true or be based
on a threshold for the training loss. During the first U train-
ing iterations, the target network is a function that returns
zero for all inputs.

Given a training batch size, N , U · N training data in-
stances are generated per update check. Search with a given
pathfinding algorithm is then performed for a maximum of
I iterations1. All nodes expanded (for heuristic-v functions)
or edges traversed (for heuristic-q functions) during search
are used for training. Therefore, U ·N

I problem instances are
generated and, if a problem instance, i, generated with ran-
dom walk length, ki, is solved, then a new problem instance
is generated in its place using the same ki. Since a good
value for K may not be known beforehand, DeepXube has
the option to automatically adapt K during training by start-
ing with K = 1 and doubling it when 50% of instances are
solved. This is done until K reaches some given Kmax.

After search, the corresponding reinforcement learning
update is performed on the expanded nodes (value itera-
tion), if training a heuristic-v function or traversed edges (q-
learning), if training a heuristic-q function. The user may
choose to use LHBL (Hadar, Agostinelli, and Shperberg
2026), which recursively backs up the entire search tree be-
fore computing the target. LHBL has been shown to help
learn heuristic functions that solve problems with fewer
search iterations and better avoid depression regions (Aine
et al. 2016). DeepXube has the ability to learn policy func-
tions by matching the distribution of edges traversed during
pathfinding. However, this is still in the preliminary stages
and may change significantly in the future.

The user may choose to use hindsight experience replay
(HER) (Andrychowicz et al. 2017) where, if the pathfind-
ing algorithm fails to solve the problem in I iterations,
HER selects a deepest node in the search tree to generate
a goal. This ensures that every search produces an exam-
ple of a reached goal, which can facilitate learning when
the generated problem instances are all difficult to solve.
This training method also requires the domain to subclass
GoalSampleableFromState. A visualization of train-
ing without and with HER is shown in Figure 7. Lastly,
a replay buffer may be used during training (Mnih et al.
2015), where the replay buffer stores the most recent nodes
or edges along with their training targets from the past R up-
date checks and samples from the replay buffer to generate
training data.

Supervised Learning from Random Walks
Supervised learning from the path costs of random walks
has also been shown capable of learning heuristic functions
that perform well with large beam searches (Chervov et al.
2025). DeepXube can learn heuristic-v or heuristic-q func-
tions with either random forward or reverse walks where the
target is set to be the path cost of the random walk. One ben-

1Currently, the batch or beam size of the pathfinding algorithm
used must be 1 during training.



GraphNodeActsEnum

ActsEnum HeurV

GraphEdgeActsEnum

ActsEnum HeurQ
GraphEdgeActsPolicy

Domain HeurQ Policy

GraphNodeActsPolicy

Domain HeurV Policy
BeamNodeActsEnum

ActsEnum HeurV

BeamEdgeActsEnum

ActsEnum HeurQ
BeamEdgeActsPolicy

Domain HeurQ Policy

BeamNodeActsPolicy

Domain HeurV Policy

BeamActsPolicy

Domain PolicySearch Params
beam size, temperature, epsilon

Search Params
batch size, weight, epsilon

Beam Search Graph Search

Special Cases
ϵ-greedy policy

Special Cases
A* search, Q* search

Figure 5: The available pathfinding algorithms. The mixin class that the domain must subclass is in blue and the functions used
are in green. If both a heuristic and policy function are used, then the pathfinding algorithm is guided by the heuristic function
and the policy function is used to sample actions.

CPU 0
• Sample problem instances
• Pathfinding
• Compute targets

CPU 1
• Sample problem instances
• Pathfinding
• Compute targets

CPU C-1
• Sample problem instances
• Pathfinding
• Compute targets

…

Target 
network 

G-1

Target 
network 

0
…

Target network 
queue

Figure 6: Training is parallelized across C CPUs and G
GPUs. CPUs sample problem instances, perform heuristic
search, and compute targets for training. When computing
targets, the CPU sends the corresponding input data and its
process ID to the target network queue, which sends the data
to the first available target network. The output of the target
network is obtained and sent to the correct CPU via the given
process ID.

efit to this approach is that no DNN is needed to compute tar-
gets and, therefore, targets can be obtained much faster. For
heuristic-q functions learned with reverse walks, the domain
must have reversible actions so, at the end of the reverse
walk, the final edge on the reverse random walk that pro-
duces the start state can be reversed and used to update the
heuristic-q function. DeepXube has the ability to learn pol-
icy functions by matching the distribution of edges traversed
during the random walk. To function with the overall Deep-
Xube architecture, these supervised learning approaches are
implemented as pathfinding algorithms. A summary of these
algorithms and their required mixin is shown in Figure 8.

Monitoring Progress
To monitor progress, TensorBoard can be used to plot the
mean, minimum, and maximum values of the training tar-
gets, the training loss, the path cost and search iterations
for solved problem instances and percentage of problem in-

samp_prob_insts

samp_goal_from_state

GoalSampleableFromState
Train RL with HERTrain RL

Beam/Graph Search

samp_prob_insts

Domain

Beam/Graph Search

Figure 7: The two RL training approaches. For both ap-
proaches, problem instances are generated and the selected
pathfinding algorithm is used to try to reach the goal from
the start state. When using HER, if a path to the goal is not
found, a goal is sampled from the state associated with a
deepest node in the search tree and is used in place of the
original goal.

stances solved when generating training data using pathfind-
ing as a function of training iteration. This pathfinding infor-
mation is also plotted for test data, if a test dataset is given.
DeepXube runs the given test pathfinding algorithms with
the trained DNNs on the test dataset every given number of
update checks.

Furthermore, a custom visualization can be accessed from
the command line during and after training. This visualiza-
tion shows the percentage of states solved, path costs, search
iterations, the target cost-to-go, and the number of instances
generated as a function of the random walk length used to
generate problem instances. The visualization also shows a
plot of the DNN predictions as a function of the target val-
ues. A slider can be used to see how these plots change as a
function of training iteration, as shown in Figure 9.
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Figure 8: Pathfinding algorithms for the special case of su-
pervised learning from path costs of random walks.

An output file is updated each update check that sum-
marizes data generation, pathfinding performance, training
performance, testing performance, and the time elapsed dur-
ing execution of components. A verbose option is available
that shows more detailed timing information for problem in-
stance generation and pathfinding.
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Figure 9: Visualization to monitor training progress.

Solving Pathfinding Problems
Given a trained heuristic and/or policy function, any of the
aforementioned pathfinding algorithms in Figure 5 can be
employed to solve problem instances. There is a verbose
option for all pathfinding algorithms that prints the statis-
tics of the path costs and heuristic values seen each it-
eration along with the frontier size (i.e. number of nodes
in the beam or priority queue). DeepXube logs solutions
found as well as important statistics such as the number
of nodes generated, search iterations, and total search time
in a Python pickle file. If the domain is a subclass of the
StateGoalVizable mixin, then the pickle file can be
used to visualize solutions found during pathfinding.

If the pathfinding algorithm expects a heuristic function
and is not given one, then it creates a heuristic function that
always returns zero. This can be a convenient way to obtain
a baseline using uniform cost search. If a policy function
is expected and not given, then it creates a policy function
that randomly samples actions with the samp_state_act
method.

Other Mixins
NumPy Mixins
For domains for which the next state method can be imple-
mented in NumPy, DeepXube provides a NextStateNP
mixin where the user defines how to convert states to
NumPy, compute the next states in NumPy, and convert
NumPy to states. Based on these methods, the mixin im-
plements the next state method and overrides the ran-
dom walk method so that this conversion problem only
happens once instead of every time the next state func-
tion is called. If the action space is enumerable, then
the NextStateNPActsEnum mixin overrides the expand
function so that the conversion process only happens once.

Answer Set Programming Mixin
When representing states as a complete assignment of val-
ues to a set of variables, a goal can then be represented as a
partial assignment of values to variables. Building on this, if
an assignment is represented as a ground atom in first-order
logic, then a goal can be represented with further abstraction
by deriving logical predicates from these atoms. DeepXube
provides the GoalGrndAtoms mixin where states are rep-
resented as complete assignments and goals are represented
as partial assignments. Derived predicates can then be de-
fined with this mixin to be used to create answer set pro-
grams (Brewka, Eiter, and Truszczyński 2011) that represent
more abstract goals. Answer set solvers (Gebser et al. 2014)
can then be used to find partial assignments that represent a
set of goal states. This has been shown to allow for expres-
sive goal specification (Agostinelli, Panta, and Khandelwal
2024) and allow for efficient goal reaching using answer set
solvers and exploiting negation as failure through methods
such as conflict-driven goal reaching (Agostinelli 2025).

PDDL Mixin
One may wish to compare solvers from DeepXube with
other solvers based on the planning domain definition lan-
guage (PDDL) (McDermott 2000), such as Fast Downward
(Helmert 2006). The SupportsPDDL mixin allows the
user to define how to convert the DeepXube domain to a
PDDL domain, a problem instance to a PDDL problem in-
stance, as well as convert a string representation of a PDDL
action to the DeepXube Python action representation.

Convenience Features
Timing
When implementing a domain, one may wish to time the
methods in the domain as well as set breakpoints for debug-
ging. DeepXube provides a tool that, given a domain, runs
basic functionality such as generating problem instances,
sampling actions, getting next states, and goal tests. It also
runs more specific functionality, such as expand, based on
what mixins the domain subclasses. If given a particular
heuristic or policy DNN, it generates data to give to the DNN
and times the execution. The user can set breakpoints any-
where in the domain or DNN code to help with debugging.



Problem Instance Generation
Given a domain, DeepXube can generate a given number
of problem instances using a given minimum and maximum
random walk length and save them to a file. If the domain al-
lows for visualization, one can visualize the generated prob-
lem instances. One can also run uniform cost search, which
requires no training, on the generated problem instances.

Command-Line Tool
Installing DeepXube also installs the deepxube command-
line tool. Given an implementation of a domain and DNN,
all the aforementioned functionality can be accessed us-
ing the command line. DeepXube uses a registry system
of domains, neural network inputs, and DNNs. Neural net-
work inputs are associated with a domain when registered
whereas DNNs are not, allowing a single DNN architec-
ture to be used across multiple domains. Using the regis-
tered name, domains and DNNs can be referenced using
the command line. Furthermore, a parser can be registered
for domains and DNNs to allow one to specify domain ar-
guments or DNN hyperparameters via the command line.
This can make for convenient hyperparameter search. Mul-
tiple neural network inputs can be defined and registered
for a single domain. When given a domain and DNN ar-
chitecture, DeepXube searches for its corresponding neural
network input for that domain using the registry and uses
the first one it finds. Pathfinding algorithms and their argu-
ments can also be given via the command line. For example,
graph_q.10B_0.5W performs BWQS with a batch size
of 10 and weight of 0.5.

The deepxube command-line tool expects
a positional argument that determines the kind
of functionality it will execute. For example,
deepxube viz --domain cube3 --steps 5
visualizes a Rubik’s cube that has been scrambled 5
times. All positional arguments can be accessed via
deepxube --help and all arguments for a particular
positional argument can be accessed with --help (e.g.
deepxube viz --help). The domain_info and
heuristic_info show the information for registered
domains and heuristic functions, respectively. time times
basic functionality and problem_inst generates prob-
lem instances. train trains DNNs, train_summary
shows the custom training progress visualization in Figure
9, and solve solves problem instances.

Future Work
Policy Networks
DeepXube currently supports the use of policy functions
from which actions can be sampled in its pathfinding algo-
rithms and has limited support for the training of such func-
tions. Future work will build on algorithms in reinforcement
learning for learning policies that can sample from arbitrary
distributions (Haarnoja et al. 2017; Tessler, Tennenholtz, and
Mannor 2019). The ability to do so will make DeepXube
more applicable to domains with continuous action spaces,
such as those seen in robotics, as well as those with very

large action spaces, such as when modeling multi-agent path
finding as a joint action space (Tang et al. 2025).

Learned Models

Hand-coding a transition function for pathfinding problems
can be impractical for real-world domains, such as robotic
manipulation. Model-based reinforcement learning (Sutton
1991) with deep learning has been shown to be capable of
learning transition functions based on observed transitions
(Oh et al. 2015; Tian et al. 2021). Furthermore, the inte-
gration of learned models with planning has been shown to
result in better performance than just using reinforcement
learning alone (Asai et al. 2022; Agostinelli and Soltani
2024). Future work will allow for training of a transition
function from observed transitions and using the trained
transition function in the definition of the domain.

Artificial Curiosity

Besides user-defined methods to sample problem instances,
DeepXube offers two mixins that both sample problem in-
stances from random walks. While this has been observed
to work well in practice (Agostinelli et al. 2019; Tian et al.
2021; Chervov et al. 2025), there are many domains for
which this will not produce useful problem instances. For
example, for domains with many dead-ends, most random
walks may end up in dead-ends and, therefore, not ade-
quately explore the state space. Methods based on artificial
curiosity or intrinsic motivation (Barto et al. 2004) explore
the state space based on some metric of novelty, such as
next state prediction or inverse dynamics error (Pathak et al.
2017). Related methods, such as learning to create a curricu-
lum could be used to better explore the state space (Narvekar
et al. 2020).

Conclusion

The integration of deep learning, reinforcement learning,
and heuristic search has proven capable of solving chal-
lenging problems, such as combinatorial puzzles and quan-
tum algorithm compilation, and offers the potential of learn-
ing powerful domain-specific heuristic functions in a largely
domain-independent fashion. DeepXube provides a package
that applies state-of-the-art heuristic learning and heuristic
search algorithms based on a user-provided definition of a
pathfinding domain and DNN architecture. DeepXube pro-
vides convenient visualization and progress monitoring tools
for implementing domains and DNNs, training DNNs, solv-
ing problems, and visualizing solutions. Pathfinding algo-
rithms integrate seamlessly with DNNs and can take advan-
tage of GPU parallelism with a large beam or batch size.
Time-consuming aspects of training are parallelized across
both CPUs and GPUs. DeepXube also provides functional-
ity to speed up domain methods with NumPy as well as for
expressive goal specification with answer set programming.
Finally, this functionality is conveniently accessible via the
deepxube command-line tool.
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