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Abstract

Pathfinding makes up an important sub-component of a broad
range of complex tasks in AI, such as robot path planning,
transport routing, and game playing. While classical al-
gorithms can efficiently compute shortest paths, neural net-
works with learned weights could be better suited to adapt-
ing these sub-routines to more complex and intractable tasks.
Neural Cellular Automata (NCAs) are a particularly promis-
ing candidate for learning to solve pathfinding problems
given that their purely convolutional architecture amounts to
a series of distributed, recursive computations over a grid.
This kind of computation is aligned with classical approaches
to pathfinding such as Dijkstra’s algorithm. NCAs can also
be seen as modeling morphogenetic processes, and by this
token exhibit robustness against spatially local perturbations
and can scale naturally to variable grid-sizes. We train NCAs
to solve pathfinding problems using supervised learning and
introduce an adversarial training scheme in which data points
are mutated during training in order to bias the dataset toward
more challengine problems. We find that this approach leads
to pathfinding NCAs capable of increased generalization on
larger grid-sizes. Our work opens the door to scaling NCAs to
more complex problems by automatically evolving curricula
during training. 1

Motivation
Pathfinding is a crucial sub-routine in many important ap-
plications. On a 2D grid, the shortest path problem is use-
ful for robot path planning [Wang et al., 2011] or in trans-
portation routing [Fu et al., 2006]. Long paths (and quanti-
ties such as the diameter) are relevant for estimating photo-
voltaic properties of procedurally-generated microstructures
for solar panels [Stenzel et al., 2016, Lee et al., 2021], or the
complexity of grid-based video game levels [Khalifa et al.,
2020].

Classical algorithms to solve pathfinding and related
problems include the Bellman-Ford algorithm [Bellman,
1958, Ford Jr, 1956] for finding the shortest path from a sin-
gle source node to other nodes, and Breadth-First Search
(BFS) [Moore, 1959, Merrill et al., 2012], which models

1Code is available at https://github.com/smearle/pathfinding-
nca

the connected nodes using a Dijkstra map [Dijkstra et al.,
1959]. Often, these algorithms involve “flooding” values
across space (in a potentially distributed manner) in order
to measure distance and connectivity.

Neural networks are increasingly used to solve com-
plex problems involving pathfinding subroutines. Therefore,
modeling classical pathfinding algorithms in “neurally plau-
sible” ways could be advantageous for holistically solving
these more complex problems.

Meanwhile, Neural Cellular Automata (NCAs), which in-
volve recursive, distributed computations over a grid (or
graph) structure, have gained a cult following among the
Artificial Life community thanks to their simplicity (often
involving a relatively minuscule number of learned param-
eters) and the intuitive, interpretable way in which they
model the morphogenesis or “growth” of artifacts across
space and time. Such artifacts include images [Mordvint-
sev et al., 2020], textures [Mordvintsev et al., 2021], ware-
houses [Zhang et al., 2023], video game levels [Earle et al.,
2021], player actions [Variengien et al., 2021] and even neu-
ral network controllers [Najarro et al., 2022].

The distributed nature of NCAs make them a natural fit for
pathfinding problems. We use such problems as a testbed,
and show that NCAs can indeed be trained to solve such
problems with high degrees of accuracy. More generally, we
ask how we might further improve the robustness of NCAs
when solving problems over grids. We propose adversar-
ially evolving environments (here, binary mazes), treating
the NCA’s loss on a given environment as the environment’s
fitness. We show that this approach leads to substantially im-
proved performance on held-out test environments including
larger grid-sizes, suggesting that online adversarial environ-
ment evolution pushes NCAs to learn more robust policies.

Pathfinding NCAs
Our implementation of Neural Cellular Automata (NCAs)
follows that of Mordvintsev et al. [2021]. The NCA consists
of one convolutional layer with a 3 × 3 kernel and padding
of 1, followed by a ReLU activation. In our dataset, mazes
are represented as 2D one-hot arrays (with separate chan-



train test
16x16 16x16 32x32

n. params sol. length pct. complete accuracies pct. complete accuracies

task
env.

evolution
n. hid
chan

Shortest
path

False 96 86,400 9.02 ± 0.00 78.53 ± 43.92 77.09 ± 43.10 76.84 ± 42.97 65.99 ± 37.70
128 152,064 9.02 ± 0.00 99.37 ± 0.24 97.44 ± 0.13 97.61 ± 0.20 90.06 ± 2.93

True 96 86,400 21.39 ± 6.99 74.06 ± 41.44 79.18 ± 44.26 79.21 ± 44.28 78.12 ± 43.67
128 152,064 23.75 ± 1.36 92.92 ± 3.79 98.88 ± 0.36 99.34 ± 0.11 97.17 ± 2.15

Diameter
False 96 84,672 24.09 ± 0.00 71.58 ± 40.13 66.15 ± 36.99 55.66 ± 31.15 -5.20 ± 41.28

128 149,760 24.09 ± 0.00 74.04 ± 41.39 67.20 ± 37.57 58.32 ± 32.60 27.47 ± 52.59

True 96 84,672 26.06 ± 1.11 33.94 ± 19.12 70.47 ± 39.40 52.90 ± 29.61 60.01 ± 33.55
128 149,760 27.43 ± 0.15 49.85 ± 4.07 90.02 ± 0.44 75.79 ± 1.57 30.02 ± 64.80

Table 1: Online adversarial data evolution: Adversarial evolution of mazes during training increases NCAs’ generalization
ability (particularly to larger 32× 32 grids), as well as the mean shortest-path/diameter length of mazes in the dataset.

(a) (b)

Figure 1: Learned pathfinding behavior. a) An example
maze with shortest path, where blue, green, dark blue, and
black respectively represent source, target, path, and wall
tiles. b) A learned model computes the shortest path on an
out-of-distribution example. It first activates all traversable
tiles, then strengthens activations between source and target,
while gradually pruning away the rest.

nels for empty tiles, walls, and sources and targets where
applicable). These mazes are concatenated with a number
of 0-initialized hidden channels, and the NCA is repeatedly
applied to these grids 64 times, evolving hidden activations,
after which point the first hidden channel is taken as the
model’s prediction of a path over the grid. Cross-entropy
loss is then computed between this prediction and a target
path represented as a binary array.

The training dataset comprises 10, 000 16 × 16 mazes,
which are generated by randomly placing empty, wall,
source, and target tiles until the target is reachable by the
source. The resulting paths are relatively short, ≈ 9 tiles
on average. We additionally test models on 32 × 32 mazes,
which are generated as above, with a mean path length of
≈ 13 tiles. To generate target paths in the shortest path prob-
lem, we compute the shortest path between source and tar-
get nodes using BFS. For the diameter problem, we compute
shortest paths between all pairs of empty tiles and take the
greatest such path as the diameter of the grid.

For the sake of evaluation, accuracy (inverse loss) is nor-
malized against all-zero output, which would achieve ≈
97% accuracy on the dataset. Accuracy can thus be negative

when, e.g., a model predicts a path comprising a majority of
non-overlapping tiles relative to the true path. Finally, we
record whether, after rounding, the output perfectly matches
the target path, i.e. the percentage of target paths perfectly
completed, denoted as pct. complete in tables. The behavior
of a learned pathfinding NCA is pictured in 1.

Adversarial Environment Evolution
During training, we evolve grids to maximize a fitness value
corresonding to the learned models’ loss relative to the tar-
get path. When the model’s loss falls below a certain thresh-
old, we randomly select among the fittest environments, ran-
domly flip empty/wall tiles with 10% probability, and (in the
shortest path domain) randomly select a new source tile with
5%, and move the target tile to a random empty cell within
the connected region occupied by the source tile.

We evaluate the model’s performance on these new mazes
and use them to replace any less-fit environments in the cur-
rent training set. In Table 1, we see that such adversarial
environment evolution leads to increased generalization on
held out test mazes, particularly when these mazes are larger
(32 × 32) than those in the training set (16 × 16). Addi-
tionally, this process tends to increase the complexity of the
target paths in the training set.

Conclusion
Neural Cellular Automata can be trained to solve pathfind-
ing problems over grids, modeling solutions via morphogen-
esis. But generating a balanced dataset with full coverage of
the problem space is challenging. We show that this dataset
can be evolved during training, adversarially with respect
to the learned model, leading to NCAs that generalize bet-
ter to out-of-distribution environments. Future work may
extend our approach to other more complex problems over
grids such as puzzle game playing, generating curricula of
increasingly complex level layouts and solutions for train-
ing robust NCA-based player controllers.
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