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Solving the Multi-Agent Path Finding Problem
Using a Hierarchical Multi-Resolution Planner
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Abstract - Multi-Agent Path Finding (MAPF) studies
how to compute collision-free routes for multiple robots
moving simultaneously on a shared map, a setting in
which naive shortest-path behavior often leads to
bottlenecks, deadlocks, and costly replanning. This paper
proposes a hierarchical, reservation-based, multi-
resolution planner for discrete-time grid environments.
This paper extends CREDAR, our previously published
algorithm [3], along the hierarchical direction that was
proposed there as a future work. Each robot plans in a
time-expanded state space ((x, y, t)) using A* while
coordinating through a shared reservation table that
prevents both vertex conflicts and edge-swap collisions.
To improve guidance beyond Manhattan distance in
maps with large obstacles and dead ends, the method
builds a block-level abstraction of the grid. It computes a
goal-rooted “true distance” estimate by running Reverse
Dijkstra on the abstract graph. The resulting abstract
distance map is cached per goal location and reused
across agents and timesteps, enabling fast heuristic
lookups during repeated replans. Several robustness
mechanisms are included to stabilize execution in dense
traffic, including deadline-aware priority guidelines to
resolve  reservation  contention,  boundary-based
validation of abstract connectivity to avoid phantom
links, and a wait-and-retry fallback when planning
temporarily fails.
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To reduce agent convergence in narrow corridors
without explicit communication, the planner adds a small
congestion penalty derived from historical reservations,
thereby biasing the search toward underutilized routes
whilst preserving feasibility.
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1. Introduction

Multi-Agent Path Finding (MAPF) is the problem
of optimizing the simultaneous movement of multiple
agents/robots, each with a starting and destination
point within a shared environment, while avoiding
collisions. From a general perspective, MAPF is an
optimization problem for each agent in turn, a
generalization of pathfinding and shortest-path
problems in graph theory. As it is well known, the
optimal solution for MAPF is NP-hard.

Formally, an instance consists of a set of agents, a
graph whose vertices are the admissible positions and
whose edges are the transitions between them, a start
and a goal vertex for each agent [1]. Depending on the
real problems to be solved, additional elements
necessary to customize the objective function can be
incorporated, such as agent velocity, orientation, and
shape. The prioritized planning family of algorithms
orders the agents and plans them one at a time, each
treating the trajectories that are already committed by
its predecessors as moving obstacles. Cooperative
A*[2] is its canonical member. Those algorithms are
fast and simple to implement, but it is incomplete.
Whether a solution is found depends on the ordering
chosen, and it offers no guarantee on solution quality.
CREDAR [3], the direct predecessor of the present
work, extends CA* with deadline-aware priorities that
are recomputed at every time step and with reactive,
local replanning: a robot whose reserved trajectory has
been invalidated re-plans against the shared table
instead of the whole schedule being restarted. Its low-
level search, however, is still guided by Manhattan
distance, and it is precisely this that the current paper
replaces.

SAR Journal — Volume 9 / Number 3 / 2026.


https://doi.org/10.18421/SAR93-05
mailto:liviu.mafteiu@e-uvt.ro
https://www.sarjournal.com/

SAR Journal. Volume 9, Issue 3, Pages 192-200, ISSN 2619-9955, DOI: 10.18421/SAR93-05, September 2026.

Other MAPF algorithms,  with  different
implementations and purposes, are described and
reviewed in papers [4], [5], [6], [7].

There are many applications of MAPF in solving
real-world problems, such as autonomous mobile
service robots [8], airport operations [9], pipe routing
[10], video games [11], job distribution [12], 3D
warehouse management [13], etc.

2. The Proposed Method

HMRP is built directly on top of CREDAR [3],
which is itself a prioritised planner in the CA* family

The environment model, the reservation table, the
priority function, the simulation loop, and the per-robot
step procedure are taken over from [3] without
semantic change and are only summarised here. What
HMRP changes is the guidance and the cost model of
the low-level search, and this is what the remainder of
Section 2 describes. Table 1 summarises the
differences. We identify four problems in those
approaches and describe how to address them using the
HMRP algorithm in the following subsections.

2.

Table 1. What HMRP adopts from CREDAR [3] and what is new in this paper

Adopted from [3] without semantic change

Environment and robot model

2D four-connected grid G = (V, E), discrete time; robot Ri = (si, gi, ri, di, idi) with release time and
optional deadline. [3, Sec. 2.2.1]

Reservation table and conflict
rules

Shared table R: V x NO —Robot U {None}; vertex and edge (swap) conflicts; goal held until the
horizon. [3, Sec. 2.2.2]

Dynamic priority

Tuple (feasibility code, deadline value, distance to goal). [3, Sec. 2.2.3]

Simulation loop and step
procedure

Per-timestep sequential execution with reactive replanning. [3, Sub-Algorithms 1 and 3]

Evaluation protocol

Metric set (success, runtime, makespan, optimality) and hardware/software configuration. [3, Sec. 3]

Adopted and modified

Low-level search

The time-expanded A* over (X, v, t) is kept; its f-score is redefined (heuristic and g-cost) and a
search horizon is added.

Benchmark set

The two maze families of [3] are re- used; Berlin_1_256 is added; team
sizes k [0 {10, ..., 80} instead of {10, ..., 110}; the baselines are extended
from {CA*} to {CA*, CREDAR}.

New in this paper

Block abstraction Gabs

Grid down-sampled into B x B blocks (B = 4), fully blocked blocks removed. Announced as future
work in [3, Sec. 5b], not implemented there.

Abstract-edge validation

An abstract edge exists only if a boundary scan finds at least one pair of free adjacent cells on the
shared border of the two blocks, which suppresses phantom connections.

True-distance heuristic

Reverse Dijkstra from the goal block on Gabs, combined as h(x, y) = max(Dabs-B, Manhattan),
replacing the pure Manhattan heuristic of [3].

Two-level heuristic cache

Block costs cached per (map, B); abstract distance maps cached per (map, B, goal block) and shared
across robots and across replans.

Congestion penalty

The g-cost is augmented by a-C(x, y) with a = 0.01, where C is the per-cell reservation histogram.

Failure handling

Dynamic fail-fast horizon plus a bounded wait-and-retry policy, replacing the immediate failure
marking of [3].
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2.1. True Distance Heuristic and Reverse Dijkstra

To calculate the cost of a move, in the Cooperative
path algorithm [2], the Manhattan Distance heuristic
[14] was used to compute the cost:

h(n) = [Xgoal — Xa| + [Ygoat — Yn| 1)
and signifies the distance between two coordinate
points, (Xgoal,Ygoa) and (Xn, Yn).

In our opinion, in maze environments, this heuristic
is often misleading because it can lead the search into
dead ends. Although in such cases, from a geometric
point of view, we are in positions close to the goal,
from a topological point of view, we are in a deadlock.
The solver has to expand the entire dead end before
backtracking, which results in massive runtime spikes.

To solve such situations, we implemented a True
Distance Heuristic (TDH) [15] based on a coarse
abstraction of the grid:

— the grid is down-sampled into 4 x 4 blocks;

— The reverse Dijkstra algorithm was run on this
abstract graph, starting from the goal block.
Basically, the Reverse Dijkstra algorithm adapts the
classic algorithm by changing the search direction
or graph structure.

Let Gans = (Vabs, Eans) be the abstract graph where
each node v & Vaps represents a 4x4 region.
The heuristic hass(n) for a node , at position (x, y) is:

habs(N) = Doijkstra(block(n),block(goal)) x BLOCK SIZE  (2)

where Dpijkstra IS the pre-computed path cost on the
abstract graph.
—thus, the true shortest path distance from every
block to the goal is calculated, accounting for all
static obstacles.

As a result, the low-level A* search becomes
“globally aware.” It will never enter a dead end unless
it is the only viable path, because the heuristic value
inside the dead end correctly reflects the high cost of
exiting it.

This causes a major computational bottleneck
within high-density instances or in dynamic settings,
where agents repeatedly encounter collisions or timing
disruptions,  demanding  frequent  replanning.
Recomputing global paths and heuristics for each robot
at every replanning step is both computationally
expensive and computationally heavy.

To address this issue, the algorithm adopts a static
abstraction combined with in-memory caching. Rather
than reconstructing the abstract grid costs and the
Abstract Distance Map for each new path request,
these structures are computed once per distinct goal
location and stored.
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Subsequent planning requests, whether from the
same robot or another robot targeting the same goal
block, use the cached precomputed values, thereby
avoiding unnecessary computations.

This approach transforms replanning from a
repeated graph-search and heuristic-construction
workload into a lightweight lookup operation, where
the robot accesses cached heuristic values during the
A* search.

2.2. Robustness Improvements

A persistent problem in hierarchical pathfinding is
the mismatch between how the planner sees the map at
the abstract level and what actually happens in the
more detailed map, creating a “phantom connection”:
edges that look valid in the abstract graph but are
physically impossible to traverse in the underlying grid
because of walls and obstacles.

These false links are more than a minor modeling
error. Once they exist, the Abstract Distance Heuristic
can become misleading in a very confident way: it
creates a “downhill” direction toward the goal that
does not correspond to any real passage. The low-level
A* search then wastes time following that gradient
until it hits a wall, at which point it has to unwind,
explore alternatives, and recover through backtracking.
In cluttered environments or within multi-agent
settings where replanning is already frequent, such
misguidance  quickly =~ becomes a  significant
performance penalty.

To prevent this kind of mismatch, the planner does
not assume that neighboring blocks are connected.
Instead, it checks the cells between two adjacent
blocks. It scans along the shared border and identifies
at least one valid crossing point. Only if such a “gate”
exists does the algorithm allow an abstract edge
between those blocks. This sustains the abstract layer
grounded in the real grid topology: every high-level
connection corresponds to a concrete move a robot can
execute. As a result, the abstract distance map stops
suggesting impossible shortcuts, and the low-level A*
is much less likely to waste time following misleading
guidance into blocked seams.

The second robustness mechanism bounds the
search itself. Each call to the low-level planner is given
a horizon of Manhattan(R) + 5(rows + cols) timesteps;
if the search exhausts that horizon without reaching the
goal, the robot does not fail immediately but holds its
current cell for a few timesteps and retries, and it is
declared failed only after ten consecutive unsuccessful
attempts. This dynamic fail-fast policy prevents
unbounded searches on large maps while keeping
temporarily blocked robots in the simulation.
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2.3. Congestion Penalty

A common challenge in MAPF is agent
convergence, where independently planning robots
tend to utilize the same short corridors. This “everyone
takes the highway” behavior rapidly creates
bottlenecks, which, as the map becomes crowded, can
escalate into repeated conflicts and occasional
deadlocks. The objective is to reduce crowding without
requiring constant negotiation among robots.

The algorithm handles this issue by introducing a
lightweight congestion penalty into the low-level A*
cost. Before planning, each robot constructs a
congestion map from the global reservation table by
counting the frequency of reservations for each cell by
previous robots, resulting in a heatmap that highlights
areas of concentrated traffic. This process identifies the
primary crowded routes that are more likely to cause
future conflicts.

During the time-expanded A* search, an additional
cost proportional to each cell’s congestion count,
scaled by 0.01, is added when evaluating moves into
neighboring cells. This value is sufficiently small to
avoid overriding the distance-to-goal metric or causing
unnecessary detours. Instead, it functions primarily as a
tie-breaker, encouraging traffic distribution. When two
options are of similar length, the search favours the
less congested path, while still selecting the crowded
corridor if it is the single feasible route.

2.4. Algorithm Descriptions

As noted in the previous subsections, the method
proposed in this paper differs from the algorithms in
[2] and [3], as shown in the pseudocode below.

The key elements of these algorithms are:

— the environment is represented as a 2D grid G =
(V, E), where in graph G, V is the set of grid cells
(locations), and E contains edges connecting
adjacent, non-obstacle cells that typically have
four-connectivity: North, South, East, West.

— an agent/robot R; is defined by a tuple (si, gi, i,
di, id;), where s;j and gi € V are start and goal
locations, ri € Ng is the release time i.e. the
earliest time step robot | can leave s;, di € Ng U
{0} is the deadline i.e. the latest time step robot
| must arrive at g; (if di = oo, there is no deadline)
and an unique identifier id;. Also, a robot R; is
characterized at a given time t by its current
location (xi(t), yi(t)) and two internal flags
indicating whether it has reached its goal
(at_goal_flag) or failed its goal
(deadline_missed).
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2.4.1. Abstract Heuristic Computation Algorithm

One of the main enhancements over the versions
proposed in [2] and [3] is the replacement of
Manhattan distance with a heuristic, namely the True
Distance Heuristic, computed via the Reverse Dijkstra
method on a 4 x 4 coarse block abstraction. This
provides globally aware guidance, preventing the
search from entering dead ends in maze environments.

We down-sample the grid into BxB blocks and run
Reverse Dijkstra from the goal block to compute true
distances. These are stored in memory for each goal
location.

Algorithm 1: compute abstract heuristic(R, G)

Input: Robot R with goal (gx, gy), grid G, block size B
=4
Output: Abstract distance map Dabs
goalas < (|gx/B], |gy/B])
if Daos cached for goalass then return cached map
costs «—compute block costs (density-weighted)
dist < {goalaps : 0}; PQ «—[(0, goalans)]
while PQ # @ do
(d, curr) <pop min from PQ
foreach neighbor block n adjacent to curr do
if n fully blocked v no free boundary cells
then continue
w <—costs[n]
if d + w < dist[n] then
distin] < d + w; push (d + w, n) to PQ
cache and return dist

The heuristic function becomes:

h(x,y) = max(Daps[[x/B], ly/Bl]] X B, |x — g« + 1y — g, 1) (3)
2.4.2. Simulation Loop aAgorithm

The simulation loop is that of CREDAR [3, Sub-
Algorithm 1] and is unchanged: at each timestep the
robots that have neither reached their goal nor missed
their deadline are sorted by the dynamic priority tuple,
and each executes one step in that order, and the loop
terminates early when no robot is active. HMRP does
not modify this schedule, which is what makes the
comparison in Section 4 a controlled one: CREDAR
and HMRP differ only in how a single robot plans, not
in how the robots are sequenced.

2.4.3. Hierarchical Path Planning Algorithm

In this algorithm, the search explores (x, y, t) states,
prunes those that collide with static obstacles, and
reserves the resulting path.
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Unlike the methods proposed in [2] and [3] that use
the Manhattan distance, this algorithm uses the habs
heuristic (explained in subsection 2.1), guiding it
around obstacles globally.

It is worth mentioning that the abstract heuristic is
calculated before the A* search.

In summary, the abstract heuristic map is computed
lazily (once per robot, cached per goal block), and the
f-score uses haps instead of Manhattan distance.

Additionally, a small congestion penalty is applied
to the g-score based on the number of reservations at
each cell. This acts as a tie-breaker, guiding robots
away from heavily congested areas when multiple
paths have similar costs.

Algorithm 3 retains the structure of the time-
expanded A* search of [3, Sub-Algorithm 2]: the same
state space (X, y, t), the same successor set, the same
vertex- and edge-conflict tests, and the same goal-
holding construction. Three lines are new, and they
carry the contribution of this paper: the abstract
heuristic is computed once and cached before the
search starts, the g-cost is augmented by the congestion
term, and the search is bounded by a map-dependent
horizon whose exhaustion triggers the wait-and-retry
policy rather than an immediate failure.

Algorithm 3: plan_path(R, G, t) the time-expanded A*
of [3, Sub-Algorithm 2]; the lines marked P are new
in HMRP.

Input: Robot R, grid G, current time t, penalty factor o
=0.01
Output: Reserves and stores a new path or marks
failure
R.remove_reservations()
» compute_abstract_heuristic(R, G)
goals blocked «—positions of robots at their goal
» C «—congestion map: count reservations per cell
» horizon < t + Manhattan(R) + 5(rows + cols)
I/l dynamic fail-fast
OPEN «—{(R.x, R.y, t)} with g =0, f=h(R.x, R.y)
while OPEN # @ and expansions < limit do
pop (X, y,t) with smallest f
if (x, y) = R.goal and no reservation conflict
ahead then
goto construct_path
if Tt >horizon then continue
foreach (dx, dy) € {1, |, «5 — wait} do
x,y,1)—Ex+dx,y+dy,t+1)
if off-grid v blocked vt '>di v in
goals_blocked then continue
if vertex/edge conflict at (x', y’, T ') then
continue
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o' —gt+lt+a - C(x,y")
/Icongestion penalty
if g’ <g[(x',y', t")] then update and
push to OPEN
return R.handle_planning_failure(t)
construct_path: backtrace, append goal-holds, reserve;
if R.reserve path(path) then
store and return success
else return failure

2.4.4. Step Method Algorithm

The per-robot step procedure is likewise taken
unchanged from [3, Sub-Algorithm 3]: a robot
validates its plan, replans through plan_path when the
plan is empty, desynchronised from the current
timestep, or invalidated by a reservation conflict, and
otherwise advances one cell and, on arrival, records its
arrival time. The only HMRP-specific behaviour
reachable from this procedure is the failure path
described in Section 2.2.

3. Implementation

All three algorithms were implemented in Python
3.12.10 and run on the same machine and software
configuration as [3] (Intel Core Ultra 7 155H, 16 GB
RAM, Windows 11;

4. Experimental results

The evaluation comprises 1020 benchmark
instances per algorithm, that is 3060 solver runs: 350
on maze-32-32-2, 350 on maze-32-32-4 and 320 on
Berlin_1 256. Each instance is obtained by crossing a
MovingAl even scenario of the map with one of the
eight team sizes and taking the first k agents of that
scenario, which makes every instance reproducible.
The maps and scenarios are taken from the public 2D
Pathfinding Benchmarks  set  available  at
https://www.movingai.com/benchmarks/mapf/index.ht
ml.

Figure 1, Figure 2, Figure 3, and Figure 4 present
the comparative experimental results for the maze-32-
32-2, maze-32-32-4, and Berlin_1_256.map map
families, obtained for the three algorithms: CA¥*,
CREDAR, and HMDP.

For each map, we sample robot team sizes k € {10,
20, ..., 80} in steps of ten. The robots are randomly
selected from a list of robots provided by the
benchmark.

SAR Journal — Volume 9 / Number 3 / 2026.
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For comparison, we used four metrics: No experimental result reported here is taken from
[3]: all runs, for all three algorithms, were executed
afresh for this paper on the machine described in
Section 3, and every runtime reported below is a new
measurement.

—success: ratio of resolved instances, higher is
better;

— runtime: wall-clock time (s), lower is better;

— make-span: steps until the last robot arrives, lower
is better;

— optimality: ¥ path-length /X shortest-path (only
for successful robots), lower is better
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Figure 1. Comparison CA*, CREDAR and HMRP algorithms
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Figure 4. Comparison CREDAR vs HMRP algorithms

5. Conclusions and Future Work

In this paper we proposed HMRP, an extension of
the CREDAR algorithm [3] in which the Manhattan
heuristic of the low-level search is replaced by a
cached true-distance estimate computed on a validated
block abstraction. We evaluated experimentally the
four mechanisms that this requires:

— Abstract Distance Heuristic: provides globally-
aware guidance that avoids dead ends and local

— Minima;

— Hierarchical ~ Caching:  reduces  repeated
computation through intelligent memorization of
abstract distance maps;

— Dynamic Fail-Fast: prevents infinite search loops
while scaling appropriately to larger maps;

— Congestion penalty: to further improve multi-
agent coordination.

From Figures 1-4, HMRP attains a small but
statistically significant gain in success rate over both
CA* and CREDAR, at the cost of longer paths and, on
the small maze maps, of higher planning time.

SAR Journal —Volume 9 / Number 3 / 2026.

Its runtime advantage appears where the abstraction
was designed to pay off: on the large Berlin_1 256
map, HMRP needs 38.1 s on average against 157.9 s
for CA*, a speed-up of 4.1x, whereas on the maze
families it remains slower than CREDAR.

As a future research direction, to improve runtimes,
we propose a parallelization of all three algorithms
(CA*, CREDAR, and HMRP), i.e., a division of parts
of these algorithms into smaller subtasks to be
executed concurrently on multiple processors.

Another future research direction, as one way to
speed up the algorithm, would be to plan paths in
parallel for robots that are far apart. If two robots
cannot cross paths given their positions and time
constraints, there is no reason to plan them
sequentially.They could run on separate threads with
their own reservation tables and merge the results at
the end. The abstract grid we already computed could
help identify which robots are truly independent. This
would help most in large maps where robots tend to
stay in their own areas.
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