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ABSTRACT

Multi-Agent Path Finding (MAPF) is the problem of path planning
for multiple agents while avoiding collisions. In MAPF, each agent
must reach a designated target location and stay there. We consider
a different objective: each agent must reach its target, but it may
move away afterwards. We call this MAPF with Reachability Ob-
jective (MAPF-RO). Despite compelling real-world use cases, few
prior works have explicitly studied MAPF-RO. We propose several
efficient and complete algorithms for MAPF-RO, based on state-
of-the-art MAPF algorithms. Experimental results show that using
MAPF-RO algorithms instead of classic MAPF algorithms yields
huge benefits in terms of runtime and solvability, solving in some
cases problems with 1,000 more agents than baseline approaches.
Then, we show a reduction that allows using our MAPF-RO to solve
MAPF with Unassigned Agents, a recent practical variant of MAPF
in which only a subset of the agents are assigned targets.

KEYWORDS
Multi-agent path finding; Reachability objective; Unassigned agents

ACM Reference Format:

Noy Gabay, Jonathan Morag, Ariel Felner, and Roni Stern. 2026. The Reach-
ability Objective in Multi-Agent Path Finding. In Proc. of the 25th Inter-
national Conference on Autonomous Agents and Multiagent Systems (AA-
MAS 2026), Paphos, Cyprus, May 25 — 29, 2026, IFAAMAS, 9 pages. https:
//doi.org/10.65109/O0LP5568

1 INTRODUCTION

Multi-Agent Path Finding (MAPF) is the problem of finding paths
for multiple agents from their start locations to specified target lo-
cations without conflicts. A conflict occurs when two agents occupy
the same location or traverse the same edge in opposite directions
at the same time. MAPF is computationally challenging: solving
MAPF is NP-hard on general graphs [15] and finding optimal so-
lutions for common cost functions is NP-hard even for undirected
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graphs [25, 30]. MAPF arises in a wide range of real-world ap-
plications, including automated warehouses, autonomous vehicle
routing, and multi-robot systems. Consequently, MAPF has been
extensively studied [1, 5, 6, 8, 18, 29].

In classic MAPF [24], the agents must end up at their targets.
In this work, we focus on a different objective, where each agent
needs to reach its target at some point, but it may then move and
end up at a different location. We call this problem MAPF with the
Reachability Objective (MAPF-RO).

MAPF-RO captures practical scenarios such as a search and rescue
mission, where a team of emergency vehicles — agents — must
navigate dangerous terrain to reach designated survivors and attend
to them. Mission control assigns agents to survivors, and then the
objective is to attend to the survivors as fast as possible, while
avoiding collisions between the emergency vehicles. Enforcing that
the agents reach the survivors at the same time is redundant, may
increase planning complexity, and yield highly inefficient solutions.
Similarly, in pickup and delivery [12], the agents have no reason to
remain at a location after picking up or delivering a package at a
target location. The distinction between MAPF and MAPF-RO is
critical in environments that are densely populated with agents,
where most locations are occupied. In such dense environments,
forcing the agents to reach a strict goal configuration resembles
solving a sliding-tile puzzle and significantly complicates planning.
Indeed, MAPF research rarely considers such dense problems.

The reachability objective is also natural in Lifelong MAPF
(LMAPF) [11], where an agent is assigned a new target once the
previous one has been reached. Recently, Morag et al. [14] explored
the MAPF-RO problem within the context of Lifelong MAPF (they
referred to this problem as MAPF4L). They proved it is NP-hard
to solve in directed graphs and NP-hard to optimize in undirected
graphs, under common solution cost functions. They also showed
how to adapt basic MAPF algorithms to solve MAPF-RO. However,
the resulting MAPF-RO algorithms could not scale to solve hard
MAPF-RO problems.

Our first contribution is complete, highly scalable, MAPF-RO
algorithms based on LaCAM [17], a state-of-the-art MAPF algo-
rithm. A key challenge when designing a MAPF-RO algorithm is
where to guide an agent after it has reached its target. We explore
several heuristics for addressing this challenge, and show a simple
and effective heuristic for setting dummy targets for such agents.
Then, we propose an anytime algorithm for solving MAPF-RO, that
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is inspired by the PIE framework for interleaving planning and
execution in MAPF [31].

Our second contribution is a comprehensive experimental
study showing that the proposed algorithms can solve extremely
difficult problems where the agents occupy almost every avail-
able space. These MAPF-RO algorithms outperform all previously
proposed MAPF-RO algorithms as well as their classic MAPF coun-
terparts in terms of coverage (# problems solved with a given time
limit) and solution cost, as agent density increases.!

An important feature of all MAPF-RO algorithms is that they
are allowed to move an agent after it has reached its assigned
target. Such unassigned agents also exists when solving the MAPF
with Unassigned Agents (MAPF-UA) problem — a generalization of
MAPF-RO where all agents can move, but only a subset of agents are
assigned targets and the rest are unassigned [2]. Practical use cases of
MAPF-UA include reconfigurable warehouses [28] and autonomous
parking lots [? ]. In autonomous parking lots, typical operations
involve only a handful of vehicles that are assigned targets (e.g.,
entering, exiting, or repositioning). The locations and movements
of the other vehicles (the vast majority) are of no concern, except in
the service of facilitating the movements of the active vehicles. Our
third contribution is to show how MAPF-RO algorithms can be
used to solve MAPF-UA problems under the reachability objective.
Our experiments reveal that using MAPF-RO-based algorithms
to solve MAPF-UA problems significantly improves runtime and
coverage when compared to baseline approaches.

2 DEFINITIONS AND BACKGROUND

A Multi-Agent Path Finding (MAPF) problem is defined by a graph
G = (V,E),aset of agents A, and for each agent a; € A, a designated
start vertex s; € V and target vertex t; € V. A solution & assigns
every agent a; € A a path 7; = (v?,v}, ...) that starts at s; and
ends at t;. Each consecutive pair (v}, 0;‘“) represents a valid move
at time step x, which can be either a move to an adjacent vertex
((of, v;“'l) € E), or a wait action at the current vertex (v} = v;""l).
The solution must be conflict-free, considering two standard conflict
types in MAPF [24]. A vertex conflict occurs if there exists a time step
x such that 7;[x] = 7j[x] for some pair of agents a; # a;, meaning
both occupy the same vertex simultaneously. A swapping conflict
occurs if there exists a time step x such that 7;[x] = 7j[x + 1] and
7i[x+1] = mj[x], meaning the agents attempt to traverse the same
edge in opposite directions at the same time. The cost of a path x;
is the number of time-steps required to execute it, i.e., |7;| — 1. Two
standard cost functions for MAPF solutions are Sum Of Costs (SOC):
the sum of individual path costs over all agents, and Makespan: the
maximum cost among all agents’ paths.

MAPF algorithms. Certain MAPF algorithms, such as Conflict-
Based Search (CBS) [22], are guaranteed to return optimal solutions
with respect to SOC or makespan. Other algorithms, such as La-
CAM [17], sacrifice optimality for runtime but are still complete,
i.e., are guaranteed to return a valid solution if one exists and iden-
tify if one does not exist in finite time. Other algorithms, such
as Prioritized Planning (PrP) [3], do not guarantee optimality or
completeness. Anytime MAPF algorithms, such as MAPF-LNS [9],

1Code, Supplementary Material: github.com/J-morag/MAPF/releases/26.AAMAS.RO
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Figure 1: A MAPF instance that is not solvable for classic
MAPF but solved with MAPF-RO [14].

LaCAM* [17], and PIE [31] return an initial solution quickly and
continuously improve its quality as more computation time is given.

3 MAPF WITH REACHABILITY

In this work, we focus on a relaxed variant of the classic MAPF
problem, which we refer to as MAPF with the Reachability Objective
(MAPF-RO). The input to MAPF-RO is identical to classic MAPF. A
solution in MAPF-RO maps each a; to a path 7; that starts at s; and
contains t;. That is, in MAPF-RO, each agent may reach its target
asynchronously from other agents, and agents do not need to reach
a configuration where all agents are at their targets simultaneously.
MAPF-RO aligns with applications such as automated warehouses,
where robots must complete tasks at certain locations, but do not
necessarily have to complete their tasks simultaneously. Other use
cases, such as search and rescue, were given in the introduction.

Figure 1 shows a scenario highlighting the difference between
classic MAPF and MAPF-RO. The green and orange agents aim to
move from s; to t; and sy to ty, respectively. As a classic MAPF
problem, this problem is unsolvable: both agents must reach and
remain at their targets, which requires them to swap locations,
causing a conflict. However, the same scenario can be easily solved
as a MAPF-RO problem: agent ay (orange) visits t; and then further
moves to v1, allowing agent a; (green) to reach t;.

The SOC and makespan cost function can also be used to measure
the quality of a MAPF-RO solution. However, SOC and makespan
do not optimize how quickly the agents reach their target. An
alternative cost function is the Sum of Service Times (SST) [14, 19].
SST directly considers the earliest time step when each agent visited
its target, ignoring subsequent steps. Formally:

4]
SST(m) = Y min{x | m[x] = t;}
i=1

For example, in Figure 1, the orange agent visits its target f, at
time step 1, but continues to v; (arriving at time step 3), while the
green agent reaches #; at time step 3. The SOC of this solution is
3+3 =6, but its SST is only 1 + 3 = 4, since it ignores the steps the
orange agent takes after reaching t,.

3.1 Baseline and Existing Approaches

Several baseline techniques that were proposed for LMAPF can be
used to adapt existing MAPF algorithms to solve MAPF-RO. One
technique is to remove agents from the environment once they
reach their targets [13, 26]. This simplifies planning, but may re-
quire online replanning to avoid collisions in applications where
the agents do not disappear from the environment. Another tech-
nique employs dummy targets to guide agents away from their
targets after they reach them [11]. Selecting effective dummy tar-
gets, however, is non-trivial, and poorly selected dummy targets
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Table 1: Approaches for MAPF-RO. (*) PIBT is complete for
bi-connected graphs. (**) CBSg( is solution-complete.

Approach Sound Complete Optimal
Disappear at target No Yes n/a
Dummy targets [31] Yes No No
RHCR [11] Yes No No
PIBT [19] Yes Partially (*) No
PrPro [14] Yes No No
LNSgro [14] Yes No No
CBSgo [14] Yes Yes (**) Yes
LaCAMgro Yes Yes No
PIEgo Yes Yes No

can introduce inefficiency and even lead to incompleteness. Rolling
Horizon Collision Resolution (RHCR) [11] is a well-known tech-
nique for LMAPF in which the agents plan every fixed number of
steps, ignoring conflicts that are planned to occur beyond a fixed
time window. RHCR may be used to solve MAPF-RO, but it is in-
complete because it is not known how to choose the window size,
and whether an appropriate window size exists.

Reachability (as we consider) was first introduced by Okumura
etal. [19] in their seminal work on the Priority Inheritance with Back-
tracking (PIBT) algorithm. PIBT is a rule-based MAPF algorithm
that plans one step at a time. If the environment is bi-connected, i.e.,
every pair of adjacent vertices belongs to a simple cycle, then PIBT
guarantees that every agent will reach its target in finite time. Thus,
under these conditions PIBT is complete for MAPF-RO. However,
PIBT is incomplete for MAPF-RO in environments that are not
bi-connected, nor does it provide any solution quality guarantees.
In general, all these baseline approaches risk overlooking longer-
term interactions, losing either soundness or completeness, and
potentially leading to deadlocks and inefficiencies.

Morag et al. [14] directly studied the MAPF-RO problem within
the context of LMAPF. They implemented several MAPF-RO algo-
rithms based on existing MAPF algorithms, namely PrP [4], LNS [9],
and CBS [22]. These MAPF algorithms rely on a low-level search
algorithm, e.g., A*, to find paths for individual agents subject to
specific constraints — actions and locations that must be avoided at
specific time steps. To adapt these algorithms to MAPF-RO, Morag
et al. modified their low-level search such that each state includes
a Boolean flag indicating whether the agent has already reached its
target. The low-level search halts when (1) the Boolean flag is True,
meaning the agent has reached its target at some point, and (2) the
agent can remain at its current location (which may be different
from its target) indefinitely without violating any constraints. They
also modified the cost function used by the low-level search (and for
CBS passed to the high-level) to optimize SST. To achieve this, the
cost of making additional moves after an agent reaches its target
is set to 0. That is, in a given branch of the low-level search tree,
all nodes with the flag set to True have the same cost. As a result,
once the low-level search finds the agent’s target, if some future
constraint prevents the search from terminating at the target, it will
then behave similarly to breadth-first search around the agent’s
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target, looking for a location with no future constraints. We refer to
Morag et al.’s version of PrP and LNS, and CBS as PrProp, LNSgo,
and CBSgo, respectively.

4 SCALABLE SOLUTIONS FOR MAPF-RO

The top seven rows in Table 1 list the aforementioned existing
approaches to solving MAPF-RO and their different properties. As
can be seen, only CBSgo is sound, complete, and optimal. A known
limitation of optimal algorithms solving NP-hard problems, such as
MAPF-RO, is their scalability. While Morag et al. did not evaluate
CBSRo empirically, our experimental results confirmed that indeed
CBSpo fails to scale to solve large MAPF-RO problems. In this work,
we focus on MAPF-RO algorithms that are complete and scale well,
at the cost of finding possibly suboptimal solutions.

4.1 LaCAM for MAPF-RO

The first MAPF-RO algorithm we present is an adaptation of the
Lazy Constraints Addition Search for MAPF (LaCAM) [17] algorithm.
LaCAM is a complete and highly scalable MAPF algorithm. Like
CBS, it also employs a two-level search. The high-level search is a
depth-first search over the configuration space, where a configura-
tion is a vector containing a location for each agent. The high-level
search continues until it reaches a node with the goal configura-
tion; i.e., each agent is at its target location. When expanding a
high-level node, LaCAM invokes a low-level search in the space
of possible next-step configurations (the Cartesian product of the
sets of legal moves for each agent), eventually choosing a single
configuration to generate next. The LaCAM low-level search starts
by prioritizing the agents, either arbitrarily or using some heuris-
tic. A commonly used heuristic for this is the distance from each
agent’s current location to its target location, with larger distances
receiving higher (better) priority. Then, a process akin to a one-step
PIBT is employed to generate the next configuration: each agent
tries to apply the action that moves it closest to its target while
avoiding conflicts with the actions applied by higher priority agents.
Priority inheritance and backtracking mechanisms from PIBT are
used to handle conflicting actions.

LaCAM may call the low-level search to generate a configuration
for the same high-level node multiple times. This occurs either when
the high-level depth-first search backtracks (when a dead-end is
reached by the search) or when the same configuration is reached
from different paths. LaCAM ensures that whenever this occurs,
a different configuration is generated by maintaining an internal
constraint tree in every high-level node. Consequently, LaCAM
is guaranteed to eventually visit all configurations in the worst
case, and is therefore a complete MAPF algorithm. LaCAM is not
complete for MAPF-RO since some MAPF-RO problems are not
solvable as a MAPF problem (e.g., Figure 1).

4.2 LaCAMRo

LaCAMpo modifies the LaCAM high-level search by adding a
Boolean array to each high-level node, denoted as Reached, with
one entry per agent. Reached[i] is True if agent a; has, at any point
along the current high-level search branch, reached its target. In
the root node of the search, all entries in Reached are set to False.
Whenever a high-level node is generated, it inherits the Reached
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values from its parent node. If an agent visits its target location in
the new node’s configuration, the corresponding entry (Reached[i])
is set to True. LaCAMpg( terminates successfully when it generates
a high-level node where all values in Reached are True. Impor-
tantly, two high-level nodes in LaCAMpg are considered duplicates
only if they have the same configuration and Reached values.

THEOREM 1. LaCAMRo is complete for MAPF-RO.

Proof outline: In a MAPF-RO solution, there is no need to revisit
the same configuration with the same subset of agents that have
reached their targets. Thus, a MAPF-RO solution can be represented
as a sequence of unique high-level MAPF-RO nodes. The LaCAMgo
search space is finite, including at most every possible configuration
of agents and boolean assignments to the Reached vector. Thus,
the DFS performed in the high-level search will eventually visit
every high-level node, since LaCAMpo detects duplicates. O

4.2.1 Enhancements to the LaCAMgo low-level search. We also
implemented several changes in the LaCAMpo low-level search
to better tune it for solving MAPF-RO efficiently. Recall that in
the LaCAM low-level search, we first prioritize by agents, and
then each agent prioritizes the actions it may take. LaCAMp( sets
the priority of agents that have already visited their target to the
lowest priority, causing them to make way for agents that have yet
to reach their targets. We also considered several ways in which
each agent could prioritize its actions after it has reached its target.
A basic approach would be for the agent to randomly choose its
next action (wait or move to some adjacent location) without any
preference. We call this variant LaCAMgo p) - Further, inspired by
Zhang et al. [31], we propose to prioritize actions by assigning
a “dummy” target an agent aims to reach after it has reached its
original target. Specifically, when solving LMAPF with PIE, Zhang
et al. [31] proposed to select a unique random dummy target for
each agent from the highest-degree vertices in the graph. An agent’s
actions are then prioritized based on how close they move the agent
towards its dummy target. We modified the dummy target selection
slightly by assigning each agent the closest highest-degree vertex
as its dummy target. We call this approach LaCCAMgo cq)- We also
suggest another baseline, LaCAMgo (rq), where dummy targets are
chosen completely at random.

Algorithm 1 describes how LaCAMgo cq) selects dummy targets.
First, we find all dummy location candidates, which are vertices
that have the highest degree in the graph (line 1). Then, we iterate
over the agents (lines 4), and greedily assign each agent with a
dummy that is closest to its original target (line 8-10). We make
sure that no two agents are assigned the same dummy target. If all
vertices with the highest degree are used, but agents without an
assigned dummy target remain, we start assigning vertices with
the next-highest degree in the graph (lines 5-7).

Importantly, the high-level search of the LaCAMg variants halts
when all agents have reached their original targets — agents need
not reach their dummy targets. Additionally, since no configura-
tions are eliminated (only prioritized), completeness is maintained.

4.3 An Anytime Algorithm for MAPF-RO

A known limitation of LaCAM is the quality of the solution it
generates. One approach to mitigate this is LaCAM*, an anytime
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Algorithm 1 CLoSEST-HIGHEST-DEGREE DUMMY TARGETS

Require: Graph G = (V,E); set of agents A ; distance heuristic
h:V—>N
Ensure: Dummy target function Dummy : A —» V
1: C « all vertices with maximal degree in V
2. Used < 0
3: Dummy < 0
4: for a; € Ado
5 if C\ Used = 0 then
C « all vertices with maximal degree in V' \ Used
end if
U — argminge o\ yseq h(ti 0)
Dummy U {{a,u)}
10: Used «— Used U {u}
11: end for
12: return Dummy

> candidates

v %

version of LaCAM in which the high-level search continues, even
after reaching a goal configuration, to search for lower cost so-
lutions [18]. A more effective design for an anytime algorithm,
inspired by the recently introduced Planning and Improving while
Executing (PIE) [31] algorithmic framework, is to combine LaCAM
and LNS, using the former to quickly find an initial plan and then
the latter to iteratively refine it. PIE was shown to be more effective
than LaCAM* [27], and thus we designed our anytime MAPF-RO
algorithm accordingly, and refer to it as PIEgp. One disadvantage
of this approach is that LaCAM™* guarantees to eventually return
an optimal solution, whereas PIE does not. PIEgo follows the same
structure as PIE but modifies both the initial and iterative planning
components: it uses LaCAMpo instead of LaCAM to find an initial
solution, and uses LNSgo instead of LNS to iteratively refine it.
Additionally, all components of PIEgp are modified to minimize
SST instead of SOC. While we use PIERp as an anytime MAPF-
RO algorithm, it can naturally also be used when planning and
execution are interleaved, as the intended use of the original PIE.

5 EXPERIMENTAL RESULTS

In this section, we present an experimental evaluation of MAPF-RO
algorithms in various environments. As baselines, we considered
the classic MAPF versions of these algorithms, namely LaCAM
and PIE, as well as the previously proposed MAPF-RO algorithms,
namely PrPro, LNSgo, and CBSgp. We selected a representative
set of grids from the standard grid-based MAPF benchmark [24],
featuring varied topological patterns, including empty grids with
and without random obstacles, game maps, mazes, and warehouses.
Each grid is associated with a set of scenario files. A scenario file
defines a list of potential agents, each with a specified start and
target location. For each instance, a subset of agents is selected
from this file based on the desired number of agents. The relaxation
provided by MAPF-RO compared to classic MAPF allows solving
significantly harder and denser problems than those provided by
the scenario files usually used for this benchmark. To challenge the
evaluated algorithms, we therefore generated 50 new scenario files
per map, where the maximum number of agents allowed equals the
number of free cells, meaning each map can be filled with agents
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Figure 2: Coverage achieved by different algorithms in different dense maps as a function of the number of agents.

to full capacity. In all scenario files, agents are assigned unique
start locations and unique target locations. We implemented all
algorithms using Java 18. We ran each instance with a time limit
of 60 seconds per solver on Linux virtual machines, in a cluster of
AMD EPYC 7763 CPUs, with 20GB of RAM and a single core each.

5.1 Coverage results

In the first set of experiments, we measured the ratio of MAPF-
RO problems solved by each algorithm within the 60-second time
limit. This is also known as coverage. Here, we show results only
for PrP, PrPro, LaCAM, and all versions of LaCAMpgo. PIE and
PIERo are omitted since they only improve the initial solution
generated by LaCAM and LaCAMp, respectively, so they provide
the same coverage. Similarly, LNS and LNSro only improve the
initial solution generated by PrP and PrPgo, respectively, and thus
their results are also omitted. We also implemented a version of
MAPF-LNS2 [10] for MAPF-RO, but it always yielded significantly
weaker performance than LaCAMRg(. These results are presented
in the supplementary material.

In this experiment, we varied the number of agents starting
from 100 and increasing in increments of 100 up to 5000 or un-
til there were no more empty cells for agents. Figure 2 presents
the coverage results for maze-128-128-2, random-64-64-20, 1t_-
gallowstemplar_n,and warehouse-10-20-10-2-1. Results for the
other grids are available in the supplementary material. The x-axis
displays the number of agents, and the y-axis displays the cov-
erage achieved by each algorithm. The general trend across all
maps shows that all versions of LaCAMpgp consistently outper-
form the original LaCAM, PrPro, and PrP in terms of coverage,
particularly when the number of agents increases. The only excep-
tion is LaACAMgo(,q), Which sometimes slightly underperforms
LaCAM, likely because in very dense scenarios, moving towards
a random location is not always better than staying in place. For
example, in warehouse-10-20-10-2-1, neither PrP nor LaCAM
were able to solve more than 400 agents, while LaCAMgo(,q) and
LaCAMgo(cq) maintained 100% coverage even up to 2,600 agents,
and partial coverage up to 2,900 agents. These results demonstrate
the advantage of using a solver specifically designed for MAPF-RO.
In addition, we show that our LaCAM-based MAPF-RO solvers
greatly outperform prior MAPF-RO algorithms.

Next, we consider the results of the different LaCAMgo vari-
ants (Section 4.2.1). In most maps, LaACAMp((cq4) matched or out-
performed LaCAMpgo(p) and LaCAMgo,q)- For example, in 1t_-
gallowstemplar_n, LaCAMp((cq) maintains above 90% coverage
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Figure 3: (left) Coverage results on the 48x48 dense instances,
and (right) an illustration of such an instance.

up to 2,300 agents, while LaCAMp( (p) dropped below 90% coverage
beyond 900 agents. Overall, LaCAMgocq) tends to be better and
more robust, with rare map-dependent deviations. Thus, we used
this variant hereinafter, and will simply refer to it as LaCAMpgo.

5.2 Coverage in extremely dense environments

The results above show that using MAPF-RO algorithms allows solv-
ing problems that are much denser with agents compared to classic
MAPF algorithms. To demonstrate this further, we performed an
additional set of experiments in which the agent density, i.e., the
ratio of grid cells occupied by agents, is extremely high. For these
experiments, we chose the grids empty-16-16, empty-32-32, and
empty-48-48 from the grid-based MAPF benchmark. For each grid,
we began with the maximum possible number of agents, where
every empty cell is occupied by an agent, and gradually reduced
the number of agents by one agent at a time, down to a pre-defined
constant. These constants, which were 220, 950, and 2,200, for
empty-16-16, empty-32-32, and empty-48-48, respectively, cor-
respond roughly to the number of agents, where all evaluated algo-
rithms achieved full coverage. Figure 3 (right) illustrates such dense
instances in the empty-48-48 map with 2,295 agents, i.e., where
only 9 cells remain unoccupied (marked in white). The results for
empty-48-48 are presented in Figure 3 (left). Similar trends were ob-
served in the other grids (available in the supplementary material).
The x-axis displays the number of agents, and the y-axis displays
coverage achieved by each algorithm. As can be seen, LaCAMpo
(implemented as LaACAMR( (¢q)) shows a clear, growing advantage
over standard LaCAM as the number of agents approaches the max-
imum capacity, while the coverage achieved by LaCAMpo remains
100% even in the maximum number of agents. This highlights how
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Figure 4: SST ratio (PIEgo/LaCAMpgp) as a function of the
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LaCAM struggles in high-density configurations, and the benefit
of using a dedicated MAPF-RO solver, namely LaCAMpg(.

5.3 Solution quality

Next, we investigated the benefit of using PIEgp in the MAPF-RO
setting to improve the cost, measured in SST, of the solution found
by LaCAMRgo. Figure 4 presents the ratio between the SST achieved
by PIEgo and by LaCAMp(, averaged over 50 instances for each
agent count. We denote the agent density by alr, i.e., the ratio
between the number of agents and the number of empty locations.
The x-axis represents alr and the y-axis shows the SST ratio, with
lower values representing more improvements made by PIEgp. The
results are averaged over different grids and numbers of agents,
ranging from 50 agents to either the maximum possible on each
map or 2,500 agents, after which all algorithms failed to solve.

As can be seen, PIERp can significantly improve the initial
LaCAMpo solution; most notably in maps such as warehouse-10-
20-10-2-1, random-32-32-10, and empty-16-16. A clear trend
emerges: for low values of alr, PIERp and LaCAMgo perform
similarly (ratio ~ 1); as density increases, PIEgp increasingly out-
performs LaCAMRo, reaching a point of maximum advantage. In
warehouse-10-20-10-2-1, for example, PIEgp reaches nearly 30%
improvement at 0.105 agent density (600 agents). Beyond that point,
the ratio gradually returns to 1. This trend can be explained as
follows: at low densities (low alr), LaCAMRo can produce near-
optimal solutions, leaving limited room for improvement by PIEgo.
As the density grows, LaCAMpgo ’s solution quality degrades due
to increased congestion, allowing PIEgo to make more significant
improvements. At very high densities (alr ~ 1, the approach used
by PIERo to improve its incumbent solution — applying LNS— is
ineffective. LNS works by replanning for a small subset of agents
at a time (the neighborhood), but as the environment becomes
more dense, such local improvements are either non-existent or
are harder to identify, leading to little gains. These results show
that MAPF-RO algorithms are effective even in anytime settings,
enabling PIER( to not only find solutions, but also quickly improve
their quality even in high agent densities.

Neither LaCAMRgo nor PIER( yields optimal solutions. To eval-
uate how suboptimal the solutions they return are, we compared
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Table 2: Suboptimality ratio of our MAPF-RO algorithms.

Agents LaCAM  LaCAMpgo PIE PIERo
10 1.008(0.32) 1.005(0.36) 1.000 (0.04) 1.000 (0.00)
20 1.014(0.88) 1.016 (0.88) 1.001 (0.20) 1.000 (0.00)
30 1.025(0.98) 1.026 (1.00) 1.001(0.32) 1.000 (0.00)
40 1.036(1.00) 1.034(1.00) 1.001(0.52) 1.000 (0.00)
50  1.046 (1.00) 1.043 (1.00) 1.001 (0.67) 1.000 (0.03)
60 1.055(1.00) 1.054(1.00) 1.002 (0.88) 1.000 (0.09)
70 1.061(1.00) 1.068 (1.00) 1.002(1.00) 1.000 (0.24)

80-100  1.081(1.00) 1.077 (1.00) 1.003 (1.00) 1.000 (0.41)

the cost of the solutions they return with that of CBSgp, which is
guaranteed to return an optimal solution. For reference, we also
used the MAPF counterparts of the above algorithms as baselines,
namely LaCAM and PIE. Due to space constraints, we only report
here results for warehouse-10-20-10-2-1 for problems with 10
to 100 agents that were solved by CBSgp. Problems with more
agents were not solvable by CBSgp within our time limit. Table 2
shows the average suboptimality ratio of each algorithm, which is
the ratio between its SST and the optimal SST values, which were
found by CBSgo (described in Section 3.1). That is, a suboptimality
ratio larger than one indicates a suboptimal solution. The values in
brackets are the ratio of problems where a solution with suboptimal
SST was returned. As can be seen, all algorithms return SST values
close to optimal, but the suboptimality grows as the problems get
harder, as expected. The advantage of PIEgp over LaCAMp( is
also very clear. For example, for problems with 70 agents PIEgo
obtained near-optimal SST, while LaCAMpo obtained a subopti-
mality ratio of 1.068. Interestingly, the SST of PIE was also close to
optimal, yet PIERo was still able to find optimal solutions in more
cases. For example, with 70 agents, PIE found suboptimal solutions
in all cases while PIEgo found optimal solutions in 76% of the cases.

6 MAPF WITH UNASSIGNED AGENTS

We next consider a new variant of MAPF, which can also be seen as
a special case of MAPF-RO, where only a subset of the agents are
assigned targets they must reach, while other agents are unassigned
and have no targets. This problem is called Multi-Agent Path Finding
with Unassigned Agents (MAPF-UA) [2]. Solving MAPF-UA intro-
duces new planning challenges: while unassigned agents are not
fixed obstacles, they still occupy space and may obstruct assigned
agents from moving. So both types of agents must coordinate their
paths to allow the assigned agents to quickly reach their targets.
A MAPF-UA problem instance is defined by a graph G = (V, E),
a set of agents A = {ay,...,an}, a start vertex s; € V for every
agent a; € A, a subset of agents A’ C A, and a target vertex t; € V
for every agent a; € A’. The agents in A’ are referred to as the
assigned agents. Agents not in A’, referred to as the unassigned
agents, have no targets to go to. A solution 7 to MAPF-UA maps
each agent (assigned or unassigned) to a path in G, where for each
assigned agent a; € A’, the path 7; starts at s; and contains t;. For
each unassigned agent a; € A, the path 7; only needs to start at
sj, but since they have no target, they can end up anywhere. The
paths of all agents, assigned or unassigned, must be conflict-free.
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Figure 5: Coverage results for solving MAPF-UA problems, varying the number of unassigned agents.

MAPF-UA is applicable for warehouses where some of the robots
do not have tasks, or for modern warehouses where packages them-
selves have moving abilities but only some of the packages have
targets assigned to them. Another example is a dense parking lot
where a few cars need to exit, but other cars are blocking them.
MAPF-UA is also highly applicable for a heterogeneous team of
robots, only some of which are needed at a time, depending on their
functions (e.g., construction site, airport, or mine). In this work, we
use the SST of the paths mapped to the assigned agents as the cost
of MAPF-UA. This quantifies how quickly the targets are visited.
Since unassigned agents do not have targets, their paths do not
contribute to the SST. Naturally, other cost functions may also be
considered for MAPF-UA. Examples include: (1) Adding the costs
of the unassigned agents. (2) Minimizing the number of unassigned
agents that are moved (e.g., unassigned cars in the parking lot). (3)
Minimizing only the move actions (Fuel) of all the agents or only
of the assigned agents (as was done by Pertzovsky et al. [21]).

Related Work. Recent work proposed optimal solutions for differ-
ent MAPF-UA variants using heuristic search [2] or Integer-Linear
Programming [16]. These techniques fail to scale to large MAPF-UA
problems. Sherma et al. [23] introduced the problem of controlling
a set of robots that need to move obstacles to achieve a target con-
figuration. By contrast, in MAPF-UA, there are no carrying robots
and all agents can move independently. Fu et al. [7] deal with the
Block Rearrangement Problem (BRaP). This problem differs from
MAPF-UA in that in BRaP (1) each agent is associated with multiple
possible target locations it can choose from, and (2) the assigned
agents must reach and stay at their target locations, (unlike the
reachability objective). In service of their objective, they focused
on adapting PIBT within LaCAM to pursue multiple targets.

6.1 Solving MAPF-UA

One approach to solving MAPF-UA is by treating the unassigned
agents as static obstacles. This forces the planner to avoid moving
any other agent via their start locations, which may lead to incom-
pleteness, as some MAPF-UA problems cannot be solved without
moving unassigned agents. Another approach to solve MAPF-UA
problems is to ignore unassigned agents entirely, assuming during
planning that they do not exist in the environment. This can lead to
unsound solutions, since the planner may generate paths in which
assigned agents traverse unassigned agents’ locations.

We propose to solve MAPF-UA using MAPF-RO algorithms via
the following reduction. For every unassigned agent, assign its start
location as its target. This means they will immediately reach their
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target (before the first move) and effectively become unassigned.
This reduction allows us to solve any MAPF-UA problem instance
with any MAPF-RO algorithm without needing any specialized
logic. It is easy to see that this reduction preserves soundness,
optimality, and completeness. That is, any solution to the resulting
MAPF-RO problem is a solution to the corresponding MAPF-UA
problem (soundness), any optimal solution to the MAPF-UA is an
optimal solution to MAPF-RO and vice versa, and a complete MAPF-
RO algorithm yields a complete MAPF-UA algorithm.

6.2 MAPF-UA Experimental Results

We evaluated various LaCAM algorithms running on MAPF-UA
instances on different maps. For each map, we chose a different
total number of agents, ensuring the problem is challenging, yet
reasonable for most algorithms. The exact number of agents used
is shown in Figure 5. Using this total number of agents, we then
varied the number of unassigned agents among them. For instance,
in 1t_gallowstemplar_n, we ran experiments with a total of 1,600
agents and varied the number of unassigned agents from 100 to
1,500. Results for each map were averaged over 50 randomized
instances. As baselines, we considered two versions of LaCAM: one
that requires all unassigned agents to return to their initial locations,
and one that considers unassigned agents as immovable obstacles.
We denote the former as LaCAM and the latter as LaCAM, . These
were compared to LaACAMpgo () and LaCAMRo (cq)-

Figure 5 plots our results for maze-128-128-2,
random-64-64-20, 1t_gallowstemplar_n, and warehouse-
10-20-10-2-1. Results for the other grids are available in
the supplementary material. The x-axis shows the number of
unassigned agents, and the y-axis shows coverage. Across all
grids, LaCAM, quickly fails as the number of unassigned
agents increases, highlighting its incompleteness (due to the
existence of static obstacles). LaCAM performs better than
LaCAM,s, but achieves lower coverage than the MAPF-RO
versions of LaCAM (LaCAMpgo(p) and LaCAMRg(cq)) in many
grids. For example, observe the results for maze-128-128-2,
random-64-64-20, and 1lt_gallowstemplar_n. Comparing
LaCAMgo(p) and LaCAMgo(cq), We see the same trend observed
in the MAPF-RO experiments, where LaCAMpp(cq) usually
achieves better coverage, especially in complex or congested maps.
Next, consider the impact of increasing the number of unassigned
agents. As expected, freeing more agents to be unassigned makes
the problem easier for all algorithms except LaCAM,,, which
results in increased coverage. LaCAM,¢ fails when the number of
unassigned agents increases, since the numerous static obstacles
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Figure 6: Varying the number of unassigned agents.

create bottlenecks, or even make problems unsolvable by separating
the graph into multiple connected components. These trends were
most evident in environments like warehouse-10-20-10-2-1,
1t_gallowstemplar_n, and random-64-64-20.

We also examined the SST achieved by these algorithms in the
same experiment. As expected, the SST decreases as the number of
unassigned agents increases, since it does not consider the cost of
their movement. We did not observe any significant advantage in
terms of SST between the algorithms. Relevant results are available
in the supplementary materials. Overall, our results confirm that
using our reduction allows MAPF-RO algorithms to solve large
MAPF-UA problems efficiently.

6.3 Coverage and SST of CBS for MAPF-UA

We next provide experiments on optimal solutions for MAPF-UA
by comparing relevant variants of CBS [22]. We evaluated three
policies for handling unassigned agents within CBS. (1) CBS,
treats unassigned agents as static obstacles that cannot be moved.
(2) CBS solves a classic MAPF problem, where the unassigned
agents are assigned their start locations as their targets. That is, they
are allowed to move away, but must return to their start locations.
(3) CBSRo solves a MAPF-RO problem as follows. The assigned
agents need to travel to their targets. Based on the reduction given in
section 6.1, the unassigned agents are assigned their start locations
as their targets. This immediately satisfies the requirement for them
to visit their targets at some point, and thus (unlike CBS in item 2),
they are free to move away without returning to their start/target.

Figure 6 (top) shows results where a total of 60 agents were
present in a 16 X 16 grid, and the number of unassigned agents
was varied. The x-axis shows the number of unassigned agents
(out of the 60 agents), and the y-axis shows coverage when given 1
minute per instance (left) or average SST (right). As can be seen,
the coverage of all CBS variants increases when more agents be-
come unassigned. This is reasonable because all three policies for
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unassigned agents have less planning to do than for regular as-
signed agents. In CBSgp (green), the unassigned agents have the
highest degree of freedom, and it has the best coverage among all
variants. Classic CBS (blue) allows unassigned agents to move but
forces them to return to their start locations later, while CBS,
(red) treats them as obstacles. Thus, in a sense, classic CBS gives
more freedom to the unassigned agents than CBS,;. But, the re-
sults show CBS, s has better coverage. This is probably because
CBS must create a non-conflicting path for each of these agents,
which demands computation time, whereas CBS,;; does not have
to plan anything for these agents, as they must stay in place. This
is especially helpful for CBS,;, on relatively sparse environments
such as our 16 X 16 grid with alr = 60/256 = 0.23. On this grid, it
was easy for CBS, to find bypasses around the unassigned agents
(obstacles). The average SST per agent (over only instances that
were solved by all policies) is given in Figure 6 (top-right). All vari-
ants have similar SST since the environment was relatively sparse.
Thus, all assigned agents found relatively similar cost paths, even
though some of them had more time-consuming computations.

Figure 6 (bottom) shows similar results, but for a denser grid.
15 agents were placed into a 5 X 5 grid where alr = 15/25
0.6. Coverage is shown in Figure 6 (bottom left). Here, since the
graph was dense, the presence of static obstacles made problems
more difficult (or impossible) for CBS,,, and thus CBS had better
coverage than CBS,s. Again, CBSgp had the best coverage. SST
is shown in Figure 6 (bottom right). CBSgo had the lowest SST.
CBS had a better SST than CBS, ;. The existence of static obstacles
caused longer paths for assigned agents. Moving away from these
obstacles and returning the agents to their start states resulted in a
better SST than keeping them static.

7 CONCLUSION AND FUTURE WORK

We proposed several complete and scalable solvers for MAPF-RO,
where agents are only required to reach their targets but are not
required to stay there. We adapted LaCAM to solve MAPF-RO,
explored several design choices in its implementation, and pro-
posed a scalable anytime MAPF-RO algorithm based on PIE. Our
results demonstrated that our MAPF-RO algorithms, LaCAMpgo,
and PIERo solve significantly harder problems than existing MAPF-
RO algorithms or MAPF baselines, including densely populated
problems where agents occupy almost all available locations. Then,
we consider the MAPF with Unassigned Agents (MAPF-UA) prob-
lem, which is a recently proposed MAPF problem where only a
subset of the agents is actively tasked with missions to complete [2].
We showed a reduction from MAPF-UA to MAPF-RO, which al-
lowed our MAPF-RO algorithms to solve hard MAPF-UA problems
with thousands of agents. Our exploration of MAPF-RO and MAPF-
UA opens many directions for future work. First, our LaCAMgo
could be augmented by including recent algorithmic improvements
to LaCAM [18, 20]. Another direction is to explore MAPF-UA under
different objectives and cost functions. This includes cost functions
that also consider the costs of the unassigned agents, and a goal
condition in which the assigned agents must stay at their targets,
like classic MAPF. In addition, other MAPF algorithms should be
modified to solve MAPF-UA, and original MAPF-UA algorithms
can also be developed.
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