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Abstract

Multi-Agent Path Finding (MAPF) is the problem of finding
collision-free paths for multiple agents operating in the same
environment. In Lifelong MAPF (LMAPF), these agents con-
tinuously receive new destinations, and the task is to con-
stantly update their paths while optimizing for a high through-
put over time. Therefore, many MAPF sub-problems must be
solved over time in order to solve a single LMAPF prob-
lem. LMAPF problems manifest in real-world applications,
such as automated warehouses, where strict responsiveness
requirements limit the amount of time allocated to planning.
MAPF algorithms occasionally fail to produce a plan within
the allotted time. We propose a system design for LMAPF
that is robust to such planning failures. Then, we explore
different approaches to avoid planning failures, reduce their
severity, and handle them when they occur. In particular,
we describe and analyze different Fail Policies that are ap-
plied when planning failures occur and ensure collisions and
unnecessary degradation of throughput are avoided. To our
knowledge, while such Fail Policies are used in practice in
the industry, they have yet to be researched academically.

1 Introduction

Multi-agent Path Finding (MAPF) is the problem of finding
a set of non-conflicting paths for a set of agents on a graph.
MAPF has recently received significant interest in many re-
search works (Stern et al. 2019; Felner et al. 2017). MAPF is
relevant for several existing and emerging practical applica-
tions (Ma et al. 2017; Ho et al. 2019; Li et al. 2019; Dresner
and Stone 2008). In particular, automated warehouses have
recently become a primary use-case for MAPF, with inter-
est from both the industry and academia (Ma et al. 2017; Li
et al. 2021b). The type of MAPF problem that is most rele-
vant to automated warehouses is Lifelong MAPF (LMAPF).
LMAPF is a version of the MAPF problem in which a se-
quence of MAPF problems must be solved over time, where
an agent receives a new target to find a path to, whenever it
reaches its current target. Online LMAPF algorithms such as
the Rolling-Horizon Collision Resolution (RHCR) (Li et al.
2021b), solve LMAPF problems by repeatedly planning the
next sequence of actions to execute based on the agents’ cur-
rent locations and targets.
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In some cases, however, an online LMAPF algorithm may
fail to plan the next sequence of actions. We refer to such a
situation as a planning failure. A planning failure may hap-
pen because the current state is unsolvable, because the algo-
rithm itself is incomplete, or because the LMAPF algorithm
cannot find a solution within the time allocated to it. In this
paper, we consider the following question — how to design
a system for solving LMAPF problems that can handle such
planning failures? The first contribution of this work is a
design for such a robust system. Our system design includes
three main components: an agent selection policy, a planner,
and a fail policy. The agent selection policy defines which
agents should replan. The planner invokes a LMAPF algo-
rithm to replan and update the paths of the selected agents.
Importantly, the chosen LMAPF algorithm is modified such
that it may return a partial solution if it encounters a plan-
ning failure. In cases where a planning failure occurs, the
fail policy is responsible for quickly remedying the returned
partial solution to ensure the system continues to function
properly.

Our second contribution is an exploration of different
ways to implement each of these system components. For
the agent selection policy component, we consider selecting
to replan only agents whose current paths are expected to
conflict in the near future. This selection policy balances be-
tween the overhead of always replanning for all agents and
the undesirable myopic behavior of only replanning when
the next actions conflict. For the planner component, we
propose a simple method to bias RCHR (Li et al. 2021b)
towards returning higher quality partial solutions in cases
where a planning failure occurs. For the fail policy compo-
nent, we introduce two fast and simple fail policies, IStay
and IAvoid. IStay moves only the non-conflicting agents,
and has the conflicting agents stay in place. IAvoid allows
conflicting agents to make a single action to avoid conflicts.
Both policies are guaranteed to avoid collisions and run in
tractable time. To the best of our knowledge, while fail poli-
cies are used to some extent in real-world applications, they
have never been formally defined.

Our third contribution is a comprehensive experimental
evaluation on a standard benchmark of the proposed system
design using different implementations of its components.
This evaluation reveals the advantages and disadvantages of
using different implementations of our system components.



The evaluation revealed a specific configuration of agent se-
lection policy, planner, and fail policy that works best in
most problem instances. In some cases, using this configura-
tion can double the system throughput compared to a state-
of-the-art baseline.

2 Background and Problem Definition

In the Multi-Agent Path Finding (MAPF) problem, the in-
put is a graph G = (V, E), and a set A of agents, where
each agent a; is associated with a pair of source and tar-
get vertices, denoted s; and g; respectively. A path p =
(v1,...,)p) is a sequence of vertices such that each pair of
successive vertices in p are either the same vertex or are con-
nected by an edge. The former corresponds to a wait action
and the latter to a move action. A solution to a MAPF prob-
lem is a mapping of each agent a; € A to a path p; that starts
at its source and ends at its target, and no two paths have a
conflict. Several types of conflicts have been proposed for
classical MAPF (Stern et al. 2019). In this work, we con-
sider only vertex conflicts and swapping conflicts, that is, a
pair of paths is said to conflict if two agents following them
would occupy the same vertex at the same time, or swap
their vertices in one move. The length of a path is defined
as the number of vertices (non-unique) in the path, minus
one (len(p) = |p| — 1). A cost function maps a solution
to a numeric cost. Sum Of Costs (SOC) is a common cost
function for MAPF, defined as the sum of the lengths of
all paths in the solution (SOC(7w) = > (len(p)|p € =)).
Another well known cost function is Makespan, defined as
the maximum length amongst all paths in the the solution
(makespan(m) = max(len(p)|p € )). A solution 7 is
considered optimal by some cost function for a given MAPF
problem if it is has the minimum cost of all solutions to that
MAPF problem.

The Lifelong MAPF (LMAPF) problem (Ma et al. 2017,
Li et al. 2021b) extends MAPF by considering that after
agents reach their targets, they are given new targets to
reach, and this process continues indefinitely over time. Fol-
lowing Li et al. (2021b) and others (Svancara et al. 2019),
we consider the online version of LMAPF, where at ev-
ery time step each agent is associated with a single target,
and an agent receives a new target only when it reaches its
current target. A useful measure used to evaluate the per-
formance of LMAPF algorithms is throughput at X, which
is the number of times agents reached their targets after X
time steps. Note that we use the term “time step” to refer to
execution time steps, as opposed to CPU time that is used
for planning. Throughout this work, we assume agents’ ac-
tions are deterministic (i.e., move and wait actions always
reach their intended locations), which is a reasonable ab-
straction in some cases. Also, prior work showed how post-
processing of MAPF solutions allows them to be executed
even when these assumptions are not met in practice (Honig
et al. 2016).

2.1 Solving LMAPF Problems

Solving the online version of LMAPF requires interleaving
planning and execution, and consists of an alternating se-
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quence of planning and execution periods. Some prior works
plan only when an agent reaches its target and is assigned
a new target, and only plan for that agent (Svancara et al.
2019; Cép, Vokiinek, and Kleiner 2015), while others replan
for all agents every time step (Wan et al. 2018). Rolling-
Horizon Collision Resolution (RHCR) is a state-of-the-art
framework for LMAPF in which replanning occurs every
fixed number of time steps and every replanning only con-
siders conflicts between agents within a fixed time horizon,
allowing conflicts to occur afterwards. The sizes of the re-
planning frequency and the time horizon are input parame-
ters for RHCR. We assume an agent’s next target becomes
known only when it reaches its current target. Therefore,
when an agent reaches its target, it will stay there until the
next time that replanning occurs.

RHCR is a framework that allows different MAPF al-
gorithms to be plugged in while adapting them to ignore
conflicts beyond the RHCR horizon. In this work, we con-
sider RHCR when used with a Prioritised Planning (PrP)
algorithm (Latombe 1991; Silver 2005), which is arguably
the state of the art in practical applications of large-scale
LMAPF. In PrP, the agents are sorted by some (often ar-
bitrary) priority ordering. Then, individual paths are com-
puted for the agents in order of their priority, where each
agent avoids the paths of all higher priority agents. PrP is
incomplete and sub-optimal, but it is fast (polynomial in
the number of agents) and very simple to understand, im-
plement, and extend. A simple and effective improvement
to PrP is Prioritised Planning with Random Restarts (PrPr)
(Bennewitz, Burgard, and Thrun 2001). In PrPr, several it-
erations of PrP are performed. For each iteration, a different
random priority ordering is used. The best solution found
during those iterations is returned. This procedure increases
the running time linearly while improving the quality of the
solution and increasing the likelihood that a solution would
be found. In the rest of this paper, we will refer to PrPr sim-
ply as PrP.

2.2 Problem Setting

In this work, we consider the online version of LMAPF that
is solved within a system in which the time allowed for plan-
ning before every execution is bounded. That is, some solu-
tion must be produced within a given time limit. In more de-
tail, our system includes two main components: a controller
and a planner. The planner is called by the controller ev-
ery fixed number of time steps k to decide on the next steps
to perform. The planner must return for each agent at least
a path of length k, instructing each agent what to do until
the next planning period. The controller attempts to execute
the returned paths, monitoring the current state and detect-
ing if collisions are about to occur. This setting is based on
the real-world commercial autonomous warehouse system
of Get Fabric, Inc. A similar setting has already been de-
scribed in the context of Real-Time MAPF (Sigurdson et al.
2018).

Our main research question is how to design a robust
planner within this system that will maximize the system’s
throughput. A key challenge in using an existing LMAPF
solver such as RHCR for this purpose is that it may fail to



find a solution within the planning time limit. One reason for
such a planning failure is that the system has reached a state
in which no solution exists. Another reason is that while a
solution exists for the current time step’s state, the underly-
ing LMAPF solver could not find it either due to its inherent
incompleteness or due to the planning time limit. Existing
LMAPF algorithms avoided this problem by pausing execu-
tion and planning until a solution is found, and, if finding
a solution takes an excessive length of time, considering the
algorithm to have failed to solve the larger LMAPF problem.
Practical LMAPF applications must handle such planning
failures in some way, and most do so in an ad-hoc manner.
In the next section, we formalize such planning failure situ-
ations and define fail policies to handle them.

3 A System Design for Robust LMAPF

In this section, we describe our design for a robust LMAPF
system that can handle planning failures. We first introduce
several required definitions and notations.

3.1 Partial Solutions and Fail Policies

A partial solution to a MAPF problem is a mapping of
agents to paths such that each agent is either not mapped to
any path or mapped to a single path starting from its source
(but not necessarily ending at its target). Any solution to
a given MAPF problem is also a partial solution to it, and
an empty mapping in which no agent is mapped to a path
is also a partial solution. Many MAPF and LMAPF algo-
rithms, such as CBS (Sharon et al. 2015), BCP (Lam et al.
2022), PrP (Latombe 1991; Silver 2005), and PBS (Ma et al.
2019), work by iteratively updating a partial solution start-
ing from an empty mapping of agents to paths and continu-
ously adding paths and resolving conflicts between them. In
a planning failure situation, it may be beneficial to consider
the partial solution created so far by the LMAPF algorithm
being used.

Invalid agents and types of partial solutions. We say
that an agent a; is k-invalid in a partial solution 7 if either
it is not mapped to any path in 7 or the path it is mapped to
has a conflict with some other path in 7 in the first k steps.
A k-safe solution is a partial solution that includes a path for
every agent and must be free of conflicts within its first &
steps, that is, a partial solution in which all agents are not k-
invalid.! The RHCR algorithm is designed to return a k-safe
solution where k is its horizon parameter.

Definition 1 (Fail Policy) A fail policy is a function that ac-
cepts a MAPF problem 11, a partial solution to it 7, and a
planning frequency k, and outputs a k-safe solution.

Note that the agents’ sources in the MAPF problem II given
to the fail policy represent the current locations of the agents,
not their original sources. Also, it is possible to define a fail
policy that returns a k’-safe solution, where &’ is different
from the planning frequency k. If ' < k, we must also

!'The concept of a k-safe solution is similar to the partial routes
in the Windowed Hierarchical Cooperative A* algorithm (Silver
2005), except that paths in the partial routes are also required to
end at each agent’s target.
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Algorithm 1: Fail-Robust LMAPF

Input: (G, A), a MAPF problem
Input: £, the number time steps between planning periods
Input: T}, 4., planning time limit
1: 7 < A solution where all agents stay in place
2: loop
3:  Set new targets for agents that reached their targets
4 Aselect < SelectAgents(7, k)
5 T4 Plan(G, Aselect; ﬁ-a Tmawa k)
6:  if there exist k-invalid agents in 7 then
7: 7 < FailPolicy(7)
8.
9
0

end if
Execute the first &k steps in 7

10: end loop

check for collisions between planning periods. In our imple-
mentation, we set k = 3 and aimed for a 3-safe solution.

3.2 System Design

Algorithm 1 describes the proposed LMAPF system de-
sign, which is robust to planning failures and uses the pro-
posed fail policy mechanism. Throughout the search, we
maintain an active, possibly partial solution 7. Every iter-
ation of the loop in Algorithm 1 corresponds to a planning
period (lines 3-8) followed by an actual movement of the
agents (line 9). The main invariant is that at the end of a
planing period we ensure 7 is a k-safe solution. Then, the
first k steps of 7 are executed. First, any agents that reached
their current targets are given new targets. Then, we select
which agents require updating their paths in 7. These agents
are sent to a LMAPF planner, considering the paths of all
other agents as constraints. In the resulting partial solution
7, agents that were not sent to the planner retain their exist-
ing plans. If the returned partial solution 7 is not k-safe, i.e.,
there are k-invalid agents in 7, then we apply a fail policy
to update 7 to make it k-safe. Finally, all agents perform the
next k actions according to 7. This system design has three
main components: an agent selection policy, a planner, and a
fail policy. Next, we discuss several ways to implement each
of these components.

3.3 Agent Selection Policies

In every planning period, we are given an opportunity to up-
date the paths in 7 that are mapped to any subset of agents.
We explore two policies for selecting which subset of agents
to plan for in each planning period.

» AllAgents. Select to plan for all agents.

* Fail@LH(R). Select to plan for all R-invalid agents,
where R > k.2

The benefit of the AllAgents policy is that it is the most in-
formed approach, allowing updates to non-conflicting paths
that can potentially be improved. However, this policy may
be wasteful in terms of computational complexity, as the

R < K is also technically possible, since applying the fail
policy later would still guarantee a k-safe solution.



path already mapped to some agents in 7 may be suffi-
cient. Intuitively, Fail@LH(R) reduces the computational
complexity as fewer agents must be planned for. However,
the specific constraints imposed to avoid existing paths may
make the planning more difficult. For example, a constraint
created for the path of one of the unselected agents may
block a passage in the graph and force other agents to make
a large detour, which would increase the cost of their paths,
and possibly even cause them to impede the movement of
yet more agents. Thus tuning the R parameter, referred to as
the lookahead range, may have a great impact on the perfor-
mance of Fail@LH(R).

3.4 Planners

Most LMAPF algorithms are defined in a binary way: either
a solution (or in the case of RHCR, a k-safe solution) has
been found, or not. Thus, they do not specify what to re-
turn when a planning failure occurs. Our system requires a
planner that returns a partial solution in such cases. A base-
line implementation for such a planner, which we refer to
as Full, it to run a LMAPF algorithm and return an empty
partial solution when a planning failure occurs.

Next, we consider two other approaches for obtaining a
non-empty partial solution. We describe these approaches
specifically in the context of RHCR that uses the PrP frame-
work, but we believe these approaches can naturally gener-
alize to other LMAPF algorithms.

Recall that in PrP, a solution is generated incrementally
by creating a path for each agent according to some or-
der, having each agent constrained to avoid the previously
created paths. If such a path cannot be found, the current
PrP iteration is halted and the planner restarts with a new
agent priority ordering. A planning failure in PrP only oc-
curs when the planning time is exhausted. Thus, a natural
way to return a non-empty partial solution is to create one
from the paths generated for the agents in one of the PrP
iterations that were halted before the planning time was ex-
hausted. We refer to this policy as Restart. A different way to
obtain partial solutions involves slightly modifying the PrP
algorithm. When a path cannot be found for an agent, instead
of restarting the search, we ignore this agent in this PrP iter-
ation and continue creating paths for the next agents in the
ordering. Thus, a PrP iteration only ends after going over all
agents or when the planning time has been exhausted. This
method can result in partial solutions that have significantly
more agents with paths mapped to them, and consequently,
a more effective behavior of the chosen fail policy. We refer
to this method as Persist.

While Restart directs search efforts towards finding a full
solution, Persist aims to find a partial solution that covers
as many agents as possible. We also tried several hybrid
policies, e.g., perform one iteration with Persist and then
all other iterations with Restart, or switch between Persist
and Restart depending on how many agents we were unable
to find paths for. Their performance in our experiments was
similar or inferior to the simpler Restart and Persist policies,
so they are not included in the results that we present in this

paper.
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Algorithm 2: IStay & [Avoid
Input: 7, a partial solution
I: Ainvaiia < Identify all k-invalid agents in 7
2: while A;;,,q1:4 1S nOt empty do
a < Choose non-staying agent from A;y,4qlid
Update 7 so a stays in place for k time steps
+ if a is still k-invalid in 7 then
+ TryToAvoid(a, 7, 1)
+ end if
Ainvatia < Identify all k-invalid agents in 7
9: end while
10: return 7

AN

3.5 Simple Fail Policies

If the planner did not return a full k-safe solution then a
planning failure occurs and the fail policy is invoked. Fail
policies are not intended to replace the LMAPF planner, and
thus it is crucial that their runtime is limited. We propose the
following simple fail policies, which are easily computable:

» AllStay. All agents stay in their place for k time steps.

» IStay. k-invalid agents stay in their places for k time
steps. All other agents move along their paths in 7.

* TAvoid. k-invalid agents either stay in their places for &k
time steps or make a single move to avoid conflicts with
other agents, and then stay for the remaining k£ — 1 time
steps. All other agents move along their paths in 7.

The AllStay fail policy serves as a baseline: it is easy to
compute in constant time but it completely ignores the given
partial solutions 7. The other Fail Policies we propose —
IStay and IAvoid— consider 7 and aim to allow agents to
make progress towards their targets. Specifically, the IStay
fail policy, described in Algorithm 2 (excluding lines marked
with ”+”), iterates over every k-invalid agent and updates
their path in 7 to stay in place. The updated path may re-
solve some conflicts but also create others, so some agents
that were not initially k-invalid may become so. If this oc-
curs, their path in 7 is also updated to stay in place. This en-
sures IStay outputs a k-safe solution. In the worst case, this
iterative process results in all agents staying in their places
just like AllStay. In practice, however, after applying this fail
policy some agents still maintain their original paths and are
thus allowed to continue moving along these paths, poten-
tially getting closer to their targets.

The IAvoid fail policy extends IStay by also allowing k-
invalid agents to make a single move in order to reduce the
number of conflicts they create, hopefully allowing more
agents to continue moving along their paths in 7. Algorithm
2 (including lines marked with ”+”) contains the pseudo-
code for IAvoid. Just like IStay, the IAvoid fail policy iter-
ates over all k-invalid agents and considers updating their
path to stay in place. But, the IAvoid fail policy differs in
cases where planning for a k-invalid agent a to stay in place
creates a conflict with any other path in 7. In such cases, the
TAvoid fail policy considers the option that ¢ will make a
single move to avoid conflicting with other agents (the Try-
ToAvoid method). That is, for every location adjacent to the



Figure 1: An example where AllStay, IStay, and [Avoid
yield different behavior.

current location of a, IAvoid creates a path where a moves
to that location and stays there for the next k — 1 time steps.
If this new path does not conflict with any other path in 7, it
is adopted.

Similarly to the IStay fail policy, an agent may become k-
invalid because another k-invalid agent has decided to stay
in its place. Moreover, for IAvoid an agent may update its
path more than once: first deciding to make a move action
to avoid conflicts, and then becoming k-invalid again due
to a change of some other agent. Note that this may only
happen when another agent decides to stay in place, since the
alternative is for the other agent to make a move that does not
make any other path k-invalid. To avoid entering an infinite
loop, we do not allow an agent to update its path again once
it has decided to stay in place. In the worst case, [Avoid will
result in all agents staying in their place, like AllStay. Note
that each agent may choose to update its path with a move
action once per possible move action. Thus, IAvoid performs
at most the maximal degree in the graph plus one passes over
all agents, and thus its runtime is negligible. Generalizing
TAvoid to consider a sequence of more than one move to
avoid the other agents’ paths is left for future work, as it
is expected to increase the fail policy’s runtime complexity
with the length of the considered sequence.

Figure 1 demonstrates the behavior of the AllStay, IStay,
and IAvoid fail policies. Agents a1, a2, and ag are situated
in cells C2, B2, and D3, respectively. The current partial
solution 7 has a path for all agents, marked in the figure
by arrows going out of each agent. The paths in & mapped
for agents a; and ay have a conflict in the first time step
since they are planned to swap their vertices. Using AllStay
results in all agents staying in their places for the next k
time steps. Using IStay results in agents a; and ay staying
in their places, but agent ag is allowed to execute its path
unimpeded. Using TAvoid results in either a; or as moving
one cell up, allowing all other agents to continue executing
their paths.

4 Experiments
We implemented the proposed robust LMAPF system de-
sign® and conducted a set of experiments to evaluate the

30ur implementation is publicly available at: https:/github.
com/J-morag/MAPF/releases/tag/2023_SoCS _Lifelong
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Map Size  Open Dia- Avg.

Cells meter Dist.

Type

DAO2 It_gallowstemplar_n 180x251 10,021 287 112.0
Open empty-48-48 48x48 2,304 94 32.0
Random random-64-64-20 64x64 3,270 126 444
Maze maze-128-128-10 128x128 14,818 546 197.9
Room room-64-64-8 64x64 3,232 158 59.3
Warehouse warehouse-10-20-10-2-1 161x63 5,699 218 82.1
Warehouse warehouse-20-40-10-2-1 321x123 22,599 438 164.1
Warehouse warehouse-20-40-10-2-2 340x164 38,756 498 177.7

Table 1: Properties of the maps used in our experiments.

different choices for agent selection policies, planners, and
fail policies. We used maps and instances from a common
MAPF benchmark (Stern et al. 2019). This benchmark con-
tains a set of varied grid maps. Problem instances in this
benchmark contain lists of agents with unique start and tar-
get locations. We modified these instances by preserving
each agent’s start location and adding a queue of random
targets sampled uniformly from all locations in the instance.
We used a diverse set of 8 different maps from the bench-
mark, with a preference towards large maps, as those have
instances with a larger number of agents which is more
aligned with our intended use case of a large warehouse. Ta-
ble 1 details the properties of each map. Images of the maps
can be seen in figure 2. We varied the number of agents be-
tween 25 and 1000 (or the maximal number of agents avail-
able in the benchmark), increasing in increments of 25. All
experiments were run on a large CPU cluster of AMD EPYC
7702P processors, where each experiment was run with §GB
of available RAM and a single CPU core. To further avoid
any accidental bias, we fixed all experiment runs related to
a single problem instance of a single map, varying only the
solvers and the number of agents, to run sequentially on the
same processor core.

The underlying LMAPF planner used in all our experi-
ments is RHCR with PrP. We set the time horizon and plan-
ning frequency RHCR parameters to 10 and 3 time steps,
respectively, which we found to be effective in our exper-
iments. In each experiment, we set a maximum planning
time of one second at each time step, and a maximum of 200
time steps. After reaching 200 time steps the experiment is
terminated and throughput is measured. Each map had 25
unique instances, and the throughput we report is averaged
over these 25 instances. In addition, we also report the max-
imal throughput for each map, computed by examining the
different throughput values achieved by a single solver on
a single map but with varying numbers of agents, and tak-
ing the maximum of these values. Note that this is arguably
the most important metric by which to evaluate the perfor-
mance of a given solver. A system designer would want to
achieve the highest possible throughput in a given environ-
ment (map), for instance in the case of a given warehouse



we used. From
It_gallowstemplar_n,
maze-128-128-10,

Figure 2: The maps
top-to-bottom:

random-64-64-20,
warehouse-10-20-10-2-1,
warehouse-20-40-10-2-2.

left-to-right,
empty-48-48,
room-64-64-8,
warehouse-20-40-10-2-1,

facility. Adding more agents is desirable so long as adding
them increases the system’s throughput (Salzman and Stern
2020). All the presented plots conform to the following for-
mat: The y-axis shows throughput, and the z-axis shows the
number of agents. Different sub-plots show results for differ-
ent maps. The maximal throughput obtained for each config-
uration and map, i.e., the peak of each line, is labeled with
its throughput.

4.1 Selection Policies

Figure 3 compares the throughput obtained when using the
baseline AllAgents and Fail@ LH(R) selection policies with
different values of R, ranging from 3 to 10. We show a rep-
resentative subset of R values, namely 3, 5, 7, and 10, and
use the Persist planner and the [Avoid fail policy. Similar
trends were observed in other configurations.
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The results show that in all domains, either Fail @ LH(3)
or Fail@LH(5) yielded the highest, or nearly the highest
throughput, whereas further increasing R tended to produce
worse results. Fail@LH(5) usually achieved a higher maxi-
mal throughput than Fail@LH(3), whereas Fail @ LH(3) of-
ten had higher throughput for larger numbers of agents, be-
yond the number of agents where the maximal throughput
was achieved. For example, on map room-64-64-8, maximal
throughput was 268 for Fail@LH(5), 257 for Fail@LH(3),
258 for Fail@LH(7), and 245 for Fail@ LH(10). An explana-
tion for the poor performance of higher R values is that us-
ing an overly large R invalidates the plans of agents whose
conflicts are distant and may be resolved incidentally be-
fore their time comes, while also increasing the sizes of the
groups of agents we attempt to plan each time, reducing the
likelihood that a new path would be found for these agents.

The baseline AllAgents policy achieved comparatively
low throughput on most maps, especially at higher num-
bers of agents. For instance, on map warehouse-20-40-10-
2-1, it had a maximal throughput of only 276, whereas
Fail@LH(5) had a maximal throughput of 450. On maps
empty-48-48, random-64-64-20, and warehouse-10-20-10-
2-1, AllAgents had throughput similar to that of the solvers
that used Fail @ LH(R). Generally, is appears that AllAgents
performs worse when there are many agents and a large map
with many open cells. This is likely because under these con-
ditions AllAgents struggles to find paths for all agents before
running out of time, whereas Fail @ LH(R) better focuses the
search effort to where it is most needed.

4.2 Planning Policies

Figure 4 compares the results of using the Full, Restart,
and Persist policies for finding partial solutions. We used
Fail@LH(5) and IAvoid in these results, but similar trends
are observed in other configurations. The results clearly
show that Full achieves a significantly lower throughput than
Restart and Persist, especially for higher numbers of agents.
The only exception is random-64-64-20, where all methods
achieved nearly equivalent throughput. We believe this is
due to the limited maximal number of agents available for
this map (200), and that at higher numbers of agents Full
would perform worse than the other solvers. When com-
paring the Persist and Restart policies, we see that Persist
achieves higher or equivalent throughput on all maps. For
example, on map maze-128-128-10, Persist achieved a max-
imal throughput of 269, whereas Restart achieved a through-
put of 234, and Full only achieved 201.

4.3 Fail Policies

Table 2 summarizes the results comparing the different fail
policies, namely AllStay, IStay, and IAvoid, when using Per-
sist and Fail@LH(5). Each row corresponds to a different
map. The table contains the maximal throughput achieved
by each solver. The number of agents at which the maximal
throughput was achieved is written in parentheses. Within
each row, the highest maximal throughput value is written
in bold. The results clearly show that using a non-trivial fail
policy, i.e., either IStay or IAvoid, is much better than the
baseline AllStay. For instance, on map lt_gallowstemplar_n,
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Figure 4: Throughput achieved by using different methods for finding partial solutions, as a factor of the number of agents.

IAvoid achieved a maximal throughput of 317 with 300
agents, whereas IStay achieved 306 (3.4% less), also with
300 agents, and AllStay achieved only 211 (33.4% less than
IAvoid) with 175 agents. As expected, IAvoid achieves a
higher maximal throughput than IStay, but the observed dif-
ference is small. These results are reasonable, as IAvoid, de-
spite being more flexible than IStay, is still quite limited. We
think these results highlight fail policies as a possible avenue
for continued research.

4.4 Ablation Study

Figure 5 shows a comparison of the throughput achieved by
different combinations of agent selection policy and planner.
The fail policy here was set to IAvoid. For each component,
we considered the best option and the baseline option. That
is, for agent selection policies we considered Fail@LH(S)
and AllAgents, and for the planners we considered Per-
sist and Full. Generally, Fail@LH(5)+Persist had the high-
est throughput, followed by Persist and then Fail@LH(S),
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with AllAgents+Full having the lowest throughput. For ex-
ample, on map warehouse-10-20-10-2-1, maximal through-
put was 600 for Fail @ LH(5)+Persist, 536 for Persist, 355 for
Fail@LH(5), and 336 for AllAgents+Full. On maps random-
64-64-20, and empty-48-48, Fail @ LH(5)+Persist achieved
similar throughput to that of Persist, following the trends
observed in figure 3. AllAgents+Full always had the low-
est throughput, except for on random-64-64-20 where it
had equivalent throughput. This correlates with the trends
seen in Figures 3 and 4, and in Table 2. Persist usu-
ally achieved higher throughput than AllAgents+Full or
Fail@LH(5). Thus, our results suggest that combining the
best performing versions of our selection policies, planners,
and fail policies, yielded the most effective configuration for
solving LMAPF problems.

5 Related Work

Lifelong MAPD for Online Pickup and Delivery Tasks
(MAPD) (Ma et al. 2017) is a similar lifelong problem,
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1Avoid IStay  AllStay tion of navigation in video games. They suggested a more
decoupled approach in which each agent plans for itself.

1empt1)1/—48—48 | Zggg(g(z)g) 2282(;1(2)(5)) lgéﬁ(i‘gg) MAPF-LNS (Li et al. 2021a) is a recent framework for
t_gallowstemplar_n (300) (300) (175) solving classical MAPF problems. Similarly to our ap-
maze-128-128-10 269(525)  255(500)  172(325) proach, this algorithm considers selecting subsets of the
random-64-64-20 772(200) 769(200) 752(200) agents in the problem to plan for at any one time, in order
room-64-64-8 268(125) 267(125)  209(100) to increase the quality of a MAPF solution. MAPF-LNS2
warehouse-10-20-10-2-1 - 600(375)  598(400) 282(175) (Li et al. 2022) extends this approach further by focusing
Wareﬁousegg'jg'}ggé gjgggg g;ggg;g; ;g;gj%g; on reducing the number of conflicts in an invalid solution,
warehouse-20-40-10-2-

Table 2: The maximal throughput achieved by the different
fail policies, on each map.

where agents are always given paired tasks, where agents
must first perform a “pickup” at a certain location, and
then deliver it at another. These tasks are treated as a sin-
gle stream of tasks, from which tasks may be assigned to
idle agents, and they incorporate this problem of task as-
signment into their algorithm. That work does not consider
that the planning time per time step may be strictly limited,
and the failure that may happen as a result. Li et al. (2021b)
proposes to apply Bounded-Horizon Planing (Silver 2005)
when solving MAPD problems. Additionally, they consider
that it may be possible to know of some future tasks. They
show how their suggested approach may be implemented by
using several different MAPF algorithms, and demonstrate
the advantages of this approach in increasing the number
of agents that may participate. Xu et al. (2022) continues
this work by incorporating techniques from state-of-the-art
MAPF solvers to reduce run time and increase throughput.

Online MAPF (§Vancara et al. 2019; Morag et al. 2022) is
another online version of MAPF, where each agent receives
only one task to perform, but agents disappear after complet-
ing their task, and new agents appear over time.

Sigurdson et al. (2018) suggests an algorithm for real-time
search in the context of MAPF, with a focus on the applica-
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to quickly find a solution of any quality. They did not con-
sider planning failures, and have been proposed for classical
MAPEF as opposed to LMAPF.

6 Conclusions & Future Work

In this work, we consider the Lifelong Multi-Agent Path
Finding (LMAPF) problem in a system where planning is
done online, and the length of time for planning paths is
strictly limited. In such a system, planning may fail to find a
full solution, yet the agents must perform some actions. We
propose a system design for LMAPF algorithms in such sys-
tems, which is designed to handle planning failures. We ex-
plored different ways to implement key elements of this de-
sign, namely selecting which agents to plan for, how to plan
for them, and how to handle planning failures. To this end,
we introduced the concepts of a partial solution and a fail
policy, which provides a way to maintain safety (avoid colli-
sions) while advancing towards the targets. We compared
our methods experimentally on a varied benchmark, and
showed that using them dramatically increases the through-
put achieved. We intend to continue this line of research by
considering more advanced fail policies, particularly by op-
timizing the order in which they are applied to agents, by
combining them with methods from Real-Time Search and
procedural MAPF algorithms, and by considering longer se-
quences of actions that can be used to avoid conflicts.
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