


not necessarily the shortest. We learn PAF by joint learning
unary and higher-order priors in a best-first search manner,
simultaneous with PPM learning to reduce search space.
To evaluate the effectiveness and generalization of our
method, we use 7 datasets, including binary maze, video-
game, and drone-view maps. We demonstrate the supe-
riority of DAA™ in enhancing path imitation during learn-
ing, ensuring that the predicted path is closely aligned with
the reference while maintaining a high path shortening rate
when applicable. Furthermore, our DAA* outperforms
the baselines and state-of-the-art TransPath [29], achieving
overall higher path optimality with considerably small cost
of search efficiency. Our contributions are summarised as

* We investigate the inferiority of the popular A* and neu-
ral A* in imitating reference path which has arbitrary path
smoothness and is not necessarily the shortest. Our in-
sight and comprehensive study underscore the importance
of learning path smoothness to improve the imitation ca-
pability from expert demonstrations.

* We propose PAF with min-max path angle optimization
to adapt path smoothness in each search step. Unlike
conventional any-angle algorithms that require every two
waypoints at obstacle corners to form linear path seg-
ments, we directly impose path angle in the search step.
This greatly reduces search space and improves its gen-
eralization to real scenarios without explicitly finding ob-
stacle corners. To the best of our knowledge, this work
is the first to comprehensively validate the effect of path
angle on deep path imitation learning.

* The effectiveness of our DAA™ in joint learning with and
without PPM loss highlights the significance of learning
with binary reference paths. It notably surpasses the state-
of-the-art TransPath that uses computationally expensive
PPM as a reference for supervised learning.

2. Related Work

Conventional Path Planning. Conventional pathfinding
encompasses search-based and sampling-based algorithms.
Search-based algorithms include Dijkstra’s algorithm [18],
A* [24], best-first search [17], and breadth-first search [42].
Sampling-based algorithms, such as rapidly exploring ran-
dom trees [33], probabilistic roadmap [28], fast marching
trees [25], and their variants [27, 32] are also prominent.
Sampling-based algorithms are typically employed in
high-dimensional and dynamic environments by construct-
ing probabilistic roadmaps or trees. In contrast, search-
based algorithms operate with a discrete graph representa-
tion, traversing active nodes under specific constraints to
ensure path completeness. Among these, A* [24] serves
as a bridge between Dijkstra’s algorithm [18] and greedy
best-first search [17], employing deterministic heuristic to
find the shortest path. Admissible heuristic estimates the
cost from the current node to the target, known as h-value,

thereby facilitating efficient node expansion to increase
search speed. However, its search efficiency and path op-
timality are heavily reliant on the heuristic admissibility.

Deep Path Planning. Unlike the deterministic yet im-
perfectly selected heuristics, learning-based path planning
with adaptive priors has garnered attention for its abil-
ity to enhance the path imitation learning. Several stud-
ies have focused on learning such heuristics from ex-
pert demonstrations using neural networks for 2D planar
maps [2, 10, 11, 29, 51] and 3D space, particularly with
robotic arms [21]. Our work specifically concentrates on
pathfinding for image-based maps.

To alleviate the limitations of imperfect heuristic in A*,
neural A* [1, 57] differentiates a reformulated objective
function with a discretized activation paradigm [13], allow-
ing for learning on arbitrary maps. Despite this advance-
ment, however, discontinuous low-cost areas in cost map
necessitate massive searches. Although primarily aiming to
find the shortest path, it may not be applied to imitate hand-
crafted paths which are not always the shortest.

The state-of-the-art method, TransPath [29], enhances
the map continuity of PPM by using autoencoder [4]
and Transformer [50], followed by focal search [40] on
learned PPM to find the optimal path. However, this fully-
supervised approach requires high-quality PPM as a refer-
ence for model training. This is more costly due to the com-
plexity of obtaining pixel-wise priors compared to binary
path labelling. Also, TransPath uses pathfinding as post-
processing, limiting its imitation capability without back-
propagating through node priors during training.

Meanwhile, although angular constraints have been em-
ployed in pathfinding [22, 55], their adoption and adapta-
tion in end-to-end imitation learning are rarely explored.
Traditional angle-aware pathfinding algorithms find the
smoothest path [55] or the true shortest path [15] by accu-
mulating linear path segments by choosing the angle from
an obstacle corner to another that can lead to the short-
est Euclidean distance. However, when learning from ex-
pert demonstrations, particularly human-labelled trajecto-
ries, the path angle is not always small enough to maintain
its smoothness and no distinct obstacle corners are available
in cases such as a roundabout. Under these circumstances,
the path smoothness becomes dynamic and agnostic to the
admissible heuristic. We learn the degree of path smooth-
ness through PAF to enhance path imitation capability using
joint optimization of path shortening and smoothing.

3. Preliminaries

3.1. Path Planning as Binary Labelling

Path planning usually refers to the problem of finding the
optimal route that connects the source and target while
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