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1 Introduction

Machine learning and problem solving have traditionally been two major driving
goals in arti�cial intelligence (AI) research.

Learning is a key human cognitive ability. Foundation models in machine
learning have successfully captured large amounts of general knowledge using
transformer architectures trained with self-supervision over massive datasets
[19]. Large language models (LLMs) in particular, are highly successful in natural
language processing (NLP) when trained on text datasets. Most models use an
intensive pre-training stage to learn representations that allow natural language
text generation. These are latter adapted (or transferred) to learn particular tasks
through a less computationally intensive second training stage of �ne-tuning.

Recent research claimed that such generative pre-trained transformers (GPTs)
can show improved performance without the �ne-tuning stage in NLP tasks (like
question answering or completing translations), when size and training are prop-
erly upscaled. This is known as zero-shot task transfer. Empirical performance
improved when the input query (or prompt) to the model included one or a few
examples of the task to be solved (typically between 10 and 100 input-output
pairs), limited by the model's input size (or context window). These are known as
one-shot or few-shot task transfer respectively [1]. This suggested GPTs could be
understood as exhibiting meta-learning, a term used in the literature to denote
the ability of �learning to learn� a new task from a few examples [3].

Other authors have hypothesized this emerging ability could be extended to
su�ciently large LLMs beyond NLP tasks and/or using di�erent techniques of
prompt engineering, like chain-of-thought (CoT) prompting [20], which aims at
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extending few-shot prompting to reasoning tasks. A chain of thought is a question
accompanied by a sequence of reasoning statements leading from question facts
to some conclusion. Results showed that eight-shot CoT prompts allowed LLMs
to improve empirical performance to produce CoT answers for some arithmetic,
commonsense, and symbolic reasoning tasks on multiple benchmarks.

This suggested CoT reasoning is also an emergent property of su�ciently
large scale LLMs. For symbolic reasoning tasks (concatenation of last letters of
names; determining the heads/tails state of a coin after a number of �ip/no �ip
actions), some generalization ability was observed (three or four words/actions)
over the lengths (two) of the provided exemplars in the CoT prompt. However,
authors acknowledged their research did not answer whether the neural network
was actually �reasoning�, a question currently under active debate [8][10][18].

Problem solving is another key human cognitive ability. This involves �nding
the appropriate means to achieve certain ends or goals, usually under constraints
and limited resources [11]. Di�erent strategies have been studied for problem
solving in AI, under the paradigm of the heuristic search hypothesis [12].

One relevant example is classical planning, which advocates logic-based for-
mal representation languages and domain independent inference mechanisms [4].
The above mentioned research on the reasoning capabilities of LLMs has nat-
urally posed the question whether LLMs exhibit general capabilities for plan
generation [15][18]. The work of [17] has suggested that, while the ability of
LLMs to generate executable plans is poor, �LLM-generated plans can improve
the search process for underlying sound planners�. This idea is now being ex-
tended and put to the test in di�erent problem solving tasks.

Path planning is one of such tasks that is generally e�ciently solved using
specialized representations and heuristic graph search algorithms [2]. The goal is
to �nd an adequate path from start to goal locations avoiding obstacles in a given
space. Square eight-neighbor grids are a frequent space representation formalism
[16], and A* search [7] is usually considered a baseline solving algorithm.

The recent work of [9] has proposed the use of an LLM with CoT prompting
to generate a sequence of intermediate waypoints in a 2D grid path planning
task. Then, A*-like search is run using a waypoint-guided heuristic to try to
avoid obstacles in path generation. This system received the name of LLM-A*.

This paper critically investigates the general architecture of LLM-A* in an
LLM agnostic way. More precisely, we analyze what could be expected if the LLM
were substituted with an oracle that generates obstacle-avoiding waypoints of
varying quality. We compare several path planning alternatives with and without
waypoints and address the following research questions: which algorithm is best?
how do waypoints, their quality, and placement, in�uence the result?

This paper is organized as follows. Section 2 brie�y describes grid-based path
planning state spaces and algorithms, and introduces relevant aspects of LLM-
A*. Section 3 describes our oracle for waypoint generation. Section 4 describes
our experimental setup and results. These are discussed in section 5. Finally,
conclusions are summarized and future lines of research are presented.



2 Antecedents

2.1 Grid-based path planning

Grid-based path planning consists of a grid environment where each cell is ei-
ther an obstacle or passable, possibly with di�erent degrees of cost. An adequate
obstacle-free path needs to be found between start and goal cells, moving be-
tween neighboring cells according to some de�nition of neighborhood. Standard
benchmark problem sets are available3 and frequently used for research in graph
search algorithms [16]. These are provided in di�erent map sizes, accompanied
by sets of randomly generated problem instances (origin and destination pairs).

In this paper we consider 2D grid maps where each square cell in the map is
either strictly passable or an obstacle. We de�ne the standard grid state space as
follows. Agents are allowed to move from their current cell to adjacent passable
cells using cardinal or diagonal moves (i.e. eight-neighbors). Diagonal moves
that pass between two obstacles or cut a corner are not allowed. This is done
to account for the fact that moving agents occupy some volume in space. These
are the benchmarks that most closely resemble the problems addressed by [9].

We will consider shortest path search using algorithm A* over the standard
grid state space as a baseline. This is the framework proposed by [9]. A* is an
e�cient general purpose heuristic graph search algorithm. It keeps a tree rooted
at the start state that records the shortest known paths to each visited state.
States where the tree can grow further are said to be open. The algorithm itera-
tively selects an open state until the goal is selected or no more open alternatives
remain. The successors of the selected state are generated and considered for in-
clusion in the tree and the open set. A* always selects an open state s with
minimum value of f(s) = g(s) + h(s), where g(s) is the cost of the path in the
tree to s and h(s) an heuristic estimate of the cost from s to the goal. Using
an optimistic h(s), A* always �nds an optimal solution path [13]. In 2D grid
search the octile heuristic, that estimates path costs assuming no obstacles and
cardinal and diagonal moves, is a usual choice.

We will also �nd interesting to consider weighted A* [14] (wA*), which is a
simple variant of A* that selects open alternatives that minimize f(s) = g(s) +
wh(s). When w > 1 the search becomes increasingly greedy, which can be faster
in domains like grid search [21] at the cost of sacri�cing path optimality.

Finally, we consider JPS (Jump Point Search) [5][6], a state-of-the-art spe-
cialized procedure for uniform-cost grid-based search. JPS re-de�nes the state
space to be searched, i.e. the way successor states are generated. For any given
state, only natural directions to neighbor cells that are not better reached by its
parent are considered. These are supplemented with forced directions, when grid
obstacles prevent direct paths to some neighbor cells from the parent. Addition-
ally, these natural and forced directions are explored until a cell is reached which
is a potential turning point or the goal. Only in such cases, that cell becomes a
successor state. We will call this the JPS state space. A* in the JPS state space
using the octile heuristic guarantees a minimum cost solution path.

3 https://movingai.com/benchmarks/



2.2 LLM-A*: path planning guided by LLM generated waypoints

LLM-A* [9] is a path planner that combines LLM prompting with A* search.
Given a pair of start and goal points in a 2D grid with obstacles, the LLM pro-
vides a sequence (p0 = start, p1, . . . , pn = goal) of passable waypoints (including
both start and goal) meant to avoid the obstacles. Then, A* searches for a solu-
tion path heuristically biasing the search towards the waypoints in the sequence
and, hopefully, around the obstacles. LLM-A* was tested on 50 × 30 grid envi-
ronments scaled from 1 to 10, each with two horizontal and one vertical barriers,
and randomly generated start and destination cells. Reported results show 90%
of optimal paths, and improved operations and storage performance[9].

Three prompting techniques were tested: few-shot promtpting, CoT prompt-
ing, and recursive path evaluation (RePE). This latter technique elaborates the
chain of thought, sequentially detailing the purpose of each waypoint and why
more waypoints may be needed to avoid further obstacles. More precisely, such
prompts included �standard 5-shot examples, chain of thought with 3-shot, and
recursive path evaluation with 3-shot"'. The system was evaluated with two
LLMs (GPT-3.5-TURBO and LLAMA3-8B-16bit), though the approach should
hopefully improve with larger models according to the meta-learning hypothesis.

LLM-A* uses a variant of A* with a modi�ed dynamic heuristic that takes
into account the waypoints, and changes as these are sequentially dicovered
during the search. Let hA∗(s) be the standard estimated distance from each state
s to the goal used by A*. LLM-A* adds to this heuristic a new term c(s, pi), that
estimates cost from state s to the current waypoint pi. When the search starts,
the current waypoint is set to p1. As soon as a path to the current waypoint pi is
added to the search tree, it is updated, i.e it is set to the next waypoint pi+1 in
the sequence. All heuristic values are then recalculated and updated, and search
proceeds with the updated heuristic until the new reference waypoint is again
reached. Therefore, LLM-A* uses in fact a sequence of heuristics as the search
progresses: hi(s) = hA∗(s) + c(s, pi), i = 1, . . . n.

We note that, in the �nal part of the search, when the current waypoint is
the goal, LLM-A* searches the grid using as evaluation function f(s) = g(s) +
2hA∗(s), i.e. it actually uses weighted A* with w = 2. The work of [9] compares
LLM-A* to A*, but in light of the above remark, we feel LLM-A* is better
understood as a preliminary exploratory search stage that biases the search
sequentially towards each waypoint, followed by a �nal search stage with wA*.

The original LLM-A* proposal runs the proposed search algorithm over the
standard grid state space [9]. The authors claim that their proposal �retains the
versatility of the original A*, making it suitable for a wide range of path�nding
tasks across various environments�, explicitly citing JPS. However, we note here
that most grid cells are not states in the JPS state space (see section 2.1).
Therefore, it is a really challenging task to accurately predict obstacle avoiding
waypoints that are as well jump point states for a given problem instance, unless
these are previously enumerated. The proposed updating mechanism for the
dynamic heuristic scheme relies on �nding paths to the waypoints, i.e. these
would need to be jump points, or the heuristic would never be updated.



One alternative would be to explicitly include the waypoint cells as jump
point states. However, jump point states may typically be quite far away from
their parents. This means a jump point may be generated when the search is
still active in a far away region of the state space, questioning the rationale of
the LLM-A* heuristic scheme. Thus, there does not seem to be a single straight-
forward way to e�ectively combine search in the JPS state space with LLM-A*.

3 Oracles for waypoint generation

In the context of this research, planning with waypoints assumes that a useful
sequence of waypoints is provided (by an LLM) in the right order. In order to
investigate the in�uence of such sequence in search e�ciency, we use an LLM-
agnostic oracle to generate candidate sequences of di�erent quality. We also
investigate possible di�erences in waypoint placement. In LLM-A* [9] one way-
point per avoided obstacle is presented in the CoT exemplars and expected in
the CoT result. These were intentionally located close to obstacle corners, where
turning points of the path should appear. We devise two waypoint generation
procedures. The �rst one is meant to emulate the behavior described by [9], and
the second one tries to generate waypoints between the corners of obstacles.

To rigorously evaluate di�erent search algorithms, we require a standardized
and reproducible method for generating waypoints. While the work of [9] used
LLMs to generate waypoints, we explicitly avoid this approach. LLM capabilities
evolve rapidly, and benchmarking algorithms against waypoints generated by a
speci�c model risks tying our results to a transient baseline. Instead, our goal is
to test the fundamental e�ciency of the path planning systems themselves.

We extract �ideal� waypoints for each problem instance directly from an op-
timal A*-generated path and systematically degrade them. This methodology
ensures that we are evaluating the heuristics' ability to leverage navigational
hints of varying quality, independent of the particular external generator's lin-
guistic or spatial reasoning �aws. Our extraction strategy is based on the spatial
relationship between the optimal path and the obstacles in the environment.
Rather than blindly sampling points along the path, we target critical naviga-
tional junctions by identifying obstacle boundaries.

First, an optimal path P is computed from start to goal node using A* over
the standard grid state space. Next, we identify cell clusters from obstacle's
bounding boxes across the grid map, which e�ectively outline the bounding ge-
ometries of the non-passable regions. Let C = {C1, C2, . . . , Ck} represent the
set of these obstacle clusters. For each cluster Cj ∈ C, we evaluate its distance
to every state si ∈ P . We de�ne the distance from a state to a cluster as the
minimum Chebyshev distance to any cell within that cluster. A waypoint is gen-
erated for each obstacle along the path. If the minimum distance falls within a
prede�ned obstacle radius threshold Robs, the state is considered a candidate.
To prevent waypoint crowding (e.g., choosing several waypoints for the same
obstacle), we enforce a minimum spacing constraint Smin between selected way-
points. The state that minimizes the distance to the cluster, while satisfying the



spacing constraint, is selected as the waypoint for that speci�c obstacle. Start
and goal states are explicitly added to the waypoint list, just like in [9].

To simulate the imperfect nature of externally generated or real-world way-
points, we apply a controlled perturbation strategy to the ideal waypoint set.
The process is governed by two parameters: a perturbation probability p and a
maximum octile radius r. For every waypoint w (excluding the protected start
and goal states), we sample a random variable q ∼ U(0, 1). If q ≤ p, the waypoint
is subjected to perturbation. A new location w′ is uniformly sampled from the
set of all valid grid cells within an octile distance r from w.

If the newly sampled location w′ lands on a non-passable (obstacle) cell, the
waypoint is discarded. This design choice replicates the one used in [9], allowing
us to evaluate how gracefully the heuristics handle missing or geometrically
invalid waypoints. Due to the nature of the waypoint generation algorithm, most
of this waypoints are located nearby a �corner� of one of the obstacles.

We additionally explore the possibility of using waypoints for each avoided
obstacle that are far from the corners. Therefore we calculate for each problem
instance an alternative set of midpoints. These are calculated as points in an
optimal path that lay between each of the waypoints returned by the previous
�corner� waypoint generation procedure, except for the last two (so we keep the
same ideal number of waypoints per instance). Midpoint and corner waypoints
calculated for a sample problem instance are shown in Figure 1.

4 Experimental evaluation

4.1 Benchmarks and algorithms

The experiments of [9] included custom maps with few simple longitudinal obsta-
cles. Our experiments are carried out over three di�erent 512×512 2D grid maps
[16] from the �real-world benchmarks� set: �Berlin_1_512�, �Boston_0_512� and
�Paris_1_512�. These are somewhat larger than the largest maps tested by [9],
and contain much richer and structured obstacles representing buildings among
city streets. Obstacles represent approximately rectangular areas, and are pos-
sibly the closest match to the longitudinal obstacles used in context prompting
by [9]. However, obstacles are not perfectly rectangular nor orthogonally aligned
with map coordinates. We introduced the Paris map, which contains curved ob-
stacles, anticipating it might be a qualitatively more challenging scenario for
LLM prompting and reasoning. For all maps we consider the standard problem
instance sets. Costs are 1414 for diagonal moves and 1000 for cardinal ones.

Fig. 1. Corner and midpoint waypoints with no perturbation for a sample path.



We consider A*, weighted A* (w = 2), LLM-A*, and a naive waypoint algo-
rithm we call A*Way. This latter algorithm carries out a sequence of A* searches
between waypoints, connecting them to build the �nal solution path. Note that
A*Way will provide a solution that forcibly passes through all waypoints. This
is in contrast to LLM-A*, which uses the waypoints only to force the exploration
of their vicinity, and may provide solutions that do not traverse (all of) them.
We test all algorithms in the standard grid and JPS state spaces, except LLM-
A* which is tested only on the grid state space as discussed in section 2.2. In
the following, we refer by LLM-A* to the combination of their proposed search
algorithm with our oracle-generated waypoints (not actually generated by any
particular LLM). Reported runtimes do not consider the time taken to generate
the waypoints in any case. For the waypoint-based algorithms (LLM-A* and
A*Way) we consider the same waypoints generated for each problem instance as
described in section 3 using no perturbation and low (p = 0.1, r = 2), medium
(p = 0.5, r = 2) and high (p = 0.9, r = 2) perturbation.

We use our own implementation of all the algorithms in Python sharing as
much code as possible between them4. We store search tree nodes in a 512×512
array for constant-time access and checking of duplicate states. We sort the
open set using a heapdict which allows e�cient key updates. This is particularly
important for LLM-A*, which needs to re-sort the open set each time the current
waypoint (and, in consequence, the heuristic) is updated during the search.

4.2 Results

We measure the time taken by each algorithm in each setting, as well as the
ratio of its solution cost to the optimal cost (i.e. the one found by A*). We label
each alternative combining the state space (Grid or JPS) with the base search
algorithm (A*, wA*, A*Way)5. LLM-A* always uses the grid state space.

Figure 2 plots averaged values for both measures for each alternative and
map for corner waypoints without perturbation (top). It also plots the e�ect of
waypoint perturbation on the cost ratio (center) and runtime (bottom). Figure
3 plots the same results for midpoint waypoints. Table 1 shows average runtime
and optimal cost-ratio with their standard deviation.

5 Discussion

The results in Figure 2 (top) show a recurrent pattern for all maps. As expected,
searching the JPS space is faster for all algorithms, except A*Way which obtains
almost identical results for both. This is likely due to the fact that searches in
A*Way are never very deep. The fastest search is wA*, but also the one that
deviates more from the optimal cost (over 8%, 6% and 9% respectively). JPS-A*
is the second fastest search, attaining also the optimal cost. The Pareto front is
formed by JPS-A* and JPS-wA*, leaving all other alternatives dominated.

4 Code available through https://riuma.uma.es
5 Grid-A* refers to the baseline A*, and JPS-A* to the standard JPS system.
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LLM-A*, the algorithm motivating this research, is always dominated by
JPS-A*, but also by A*Way. In the Boston map it is also dominated by the
baseline Grid-A*. As expected, Figure 2 (center) shows that the cost-ratio per-
formance of A*Way degrades with waypoint perturbation. However, results show
that such performance also degrades similarly for LLM-A* in spite of its more re-
laxed treatment of the waypoints. Figure 2 (bottom) shows the e�ect of waypoint
perturbation on runtime. The more perturbation, the more likely waypoints will
be found inside obstacles and discarded. The only signi�cant di�erence is found
for JPS-A*Way. We attribute the reduction in runtime to savings in the over-
head of data structure initialization due to the reduced number of searches. In
light of results, A*Way algorithms look better alternatives to LLM-A*.

Compared to Grid-wA*, LLM-A* does always improve on path cost-ratio.
This can be attributed to the more exploratory nature of the dynamic heuristic
in the latter. Also Grid-wA* was faster in the Berlin map, but slower in the
Boston and Paris ones, showcasing the variability of greedy search.

Figure 3 shows similar trends for midpoint waypoints. This means waypoint-
based searches do not change much with waypoint placement. In the case of
LLM-A* some improvements in runtime can be observed at the cost of somewhat
worse cost ratios in the Berlin and Boston maps.

Results show that LLM-A* does not provide an attractive performance trade-
o� between JPS-A* and JPS-wA*, even without taking into account the time
needed for the LLM query. Restricting results to the standard grid state space
showed A*Way to be a better alternative. In order to be an e�ective alternative,
LLM-A* should be improved to be a competitive trade-o� between JPS-A* and
JPS-wA* in terms of runtime and optimal cost ratio. This would require a drastic
improvement in runtime since the time for the LLM query should also be taken
into account. Current JPS-based planners seem hard to beat in this sense.

Table 1(a) shows that standard deviation is quite low for all tests with the
exception of Grid-wA* and LLM-A* for the Boston map. We attribute these to
their more greedy nature. In Table 1(b) standard deviation is very low. Thus,
the reported means are signi�cant.

6 Conclusion

This paper critically investigates LLM-A*, a recent proposal for the integration
of LLMs and A* for grid-based path �nding. We analyze what could be expected
if the LLM were substituted with an oracle that generates obstacle-avoiding
waypoints of varying quality. We compare search on standard grid and JPS state
spaces using A*, weighted A*, LLM-A* and A*Way (a naive concatenation of
sequential A* searches).

Our experiments show that the best algorithms are JPS-A* (optimal path
cost) and JPS-wA* (fastest search). They form a Pareto front that seems hard to
beat by other alternatives. Regarding waypoint strategies, both JPS-A*Way and
Grid-A*Way consistently beat LLM-A* in both cost ratio and runtime (except in
the Berlin map with the midpoints strategy for non-high perturbed waypoints).



Improving waypoint quality slightly improves the optimal cost ratio of solutions.
Highly perturbed waypoints also made JPS-A*Way slightly faster. Finally, re-
garding waypoint placement, LLM-A* runs faster with the midpoints but gives
a slightly worse path than with the corners waypoints. JPS-A*Way and Grid-
A*Way aren't signi�cantly a�ected by the change of waypoint location.

Our results are hopefully useful for future research on the integration of
heuristic search with LLMs, especially in the grid-based path planning domain.
In any case, the possible integration of LLM-A* waypoints in the JPS state space
for di�erent scenarios deserves attention as future work.
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