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Abstract

PIBT is a rule-based Multi-Agent Path Finding (MAPF)
solver, widely used as a low-level planner or action sampler in
many state-of-the-art approaches. Its primary advantage lies
in its exceptional speed, enabling action selection for thou-
sands of agents within milliseconds by considering only the
immediate next timestep. However, this short-horizon design
leads to poor performance in scenarios where agents have ori-
entation and must perform time-consuming rotation actions.
In this work, we present an enhanced version of PIBT that
addresses this limitation by incorporating multi-action op-
erations. We detail the modifications introduced to improve
PIBT’s performance while preserving its hallmark efficiency.
Furthermore, we demonstrate how our method, when com-
bined with graph-guidance technique and large neighborhood
search optimization, achieves state-of-the-art performance in
the online LMAPF-T setting.

Project page — https://sites.google.com/view/epibt

Introduction
Multi-agent Pathfinding (MAPF) is a well-known and ex-
tensively studied problem in which a group of agents, start-
ing from their initial locations, must reach designated goal
locations while avoiding collisions. Numerous variations of
this problem exist (Stern et al. 2019). The search for an op-
timal solution to the classical MAPF problem is known to
be NP-hard (Geft and Halperin 2022). Consequently, exist-
ing MAPF solvers that guarantee finding an optimal solu-
tion – such as CBS (Sharon et al. 2015) and its variants (Li
et al. 2019; Boyarski et al. 2015), BCP (Lam et al. 2022),
ICTS (Sharon et al. 2013), and others – face significant chal-
lenges with runtime and scalability as the number/density
of agents increases. To address scalability problems, sub-
optimal variants (Barer et al. 2014; Huang, Dilkina, and
Koenig 2021; Li, Ruml, and Koenig 2021) and anytime ap-
proaches, such as MAPF-LNS (Li et al. 2022; Huang et al.
2022) and LaCAM* (Okumura 2023, 2024), have been de-
veloped. Anytime solvers often employ extremely fast rule-
based techniques, such as PIBT (Okumura et al. 2022) or
Push-and-Rotate (De Wilde, Ter Mors, and Witteveen 2014),
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Figure 1: Spider plot demonstrating the relative performance
of the evaluated approaches. Solid lines represent PIBT-like
approaches without additional components, dotted lines in-
dicate methods utilizing LNS, and dashed lines denote ap-
proaches that also incorporate GG. Related solvers are indi-
cated by the same color.

to quickly generate initial solutions, which are then itera-
tively improved within a given time budget.

However, the aforementioned solvers are tailored for the
classical MAPF scenario, in which all goal locations are
known in advance. Some algorithms explicitly leverage
this assumption; for instance, LaCAM employs depth-first
search to accelerate the search process. In contrast, there ex-
ists a variant of the MAPF problem where agents are as-
signed new goal locations each time they reach their cur-
rent goal. This variant is commonly referred to as Lifelong
MAPF (LMAPF). The absence of information about future
goals at the outset makes most traditional MAPF solvers
unsuitable for these scenarios, necessitating specific adap-
tations or entirely new approaches. One of the most com-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

29865



mon and effective strategies for addressing the challenge of
continuously updating goals is the use of windowed search-
planning only for a limited number of upcoming timesteps
rather than the entire planning horizon. Consequently, when
agents reach their current goals and receive new ones, the
algorithm can be relaunched to generate the next segment
of the plan, explicitly incorporating the new goals. The con-
cept of windowed search for MAPF/LMAPF problems was
first introduced in (Silver 2005) and has since been success-
fully adopted in approaches such as RHCR (Li et al. 2021b),
WPPL (Jiang et al. 2024), WinC-MAPF (Veerapaneni et al.
2025) among others.

Another advantage of windowed-based solvers is their
ability to quickly return the next actions, making them suit-
able for the online LMAPF problem. In this setting, the algo-
rithm operates concurrently with real agents as they execute
the planned actions. Consequently, the algorithm must pro-
vide the next set of actions within a strict time frame, often
as short as one second. This requirement is imposed by real-
world applications, such as autonomous warehouses (Dhali-
wal 2020), logistics (Ferreira and Reis 2023), and others.

Another practical constraint, frequently encountered in
real-world scenarios but often overlooked in MAPF/LMAPF
literature, is the presence of agent orientations and the asso-
ciated time required to change them. While most approaches
can be adapted to action models that include rotations with
relatively straightforward modifications, some methods re-
quire significant changes to maintain their performance and
efficiency when applied to such models.

In this work, we present a modification of the rule-based
iterative solver, Priority Inheritance with Back Tracking
(PIBT) (Okumura et al. 2022), which is known for its ex-
cellent scalability. However, due to its design, PIBT strug-
gles when applied to agents with a rotation action model,
as agents may require more than one timestep to vacate an
occupied cell if they must rotate first. The core idea of our
proposed modification is the introduction of multi-action op-
erations that combine all possible actions – rotations, moves,
and waits. We also demonstrate that this modification can
be beneficial not only for the rotation action model but also
for the classic omnidirectional action model. Furthermore,
our experimental evaluation shows that combining the mod-
ified PIBT with additional techniques, such as graph guid-
ance and large neighborhood search, enables it to outper-
form existing state-of-the-art approaches on the considered
problem statement: online LMAPF-T, i.e., Lifelong MAPF
with a limited time budget and a rotation action model.

Problem Statement
The environment is represented as a 4-connected grid of
cells, where each cell is identified by its coordinates (i, j).
Each cell can be either traversable or blocked (represent-
ing obstacles). The set of all traversable cells is denoted
by V ⊆ Z2, and the set of edges E consists of pairs
of adjacent traversable cells, i.e., E = {((i, j), (i′, j′)) |
|i− i′|+ |j − j′| = 1, (i, j) ∈ V, (i′, j′) ∈ V }.

We are given n agents, each with a unique start
location and orientation. The set of start locations is
{(i01, j01), . . . , (i0n, j0n)}, where (i0k, j

0
k) ∈ V for k =

1, . . . , n. Each agent also has an initial orientation o0k ∈
{north, east, south,west}. The state of each agent at time
t is thus defined by both its location and orientation, i.e.,
stk = ((itk, j

t
k), o

t
k).

An external task assignment module provides each agent
with a current goal location gk = (igk , jgk) ∈ V . Whenever
an agent reaches its current goal, it is immediately assigned
a new goal location by the task assignment module. We as-
sume that only the current goal location for each agent is
known at any given time; future goals are revealed dynami-
cally as agents reach their current goals.

We consider the rotation action model, in which each
agent can perform one of four actions at each discrete
timestep: F – move forward, R – rotate 90◦ clockwise, C
– rotate 90◦ counterclockwise, W – wait in place. All ac-
tions have unit duration.

A collision occurs if, at any timestep, either (i) two
agents occupy the same cell ((itk, j

t
k) = (itl , j

t
l ) for k ̸=

l), or (ii) two agents traverse the same edge in oppo-
site directions simultaneously (((it−1

k , jt−1
k ), (itk, j

t
k)) =

((itl , j
t
l ), (i

t−1
l , jt−1

l )) for k ̸= l).
The objective is to maximize the total number of goals

reached by all agents within a fixed timestep horizon T ,
while avoiding collisions. This objective, commonly re-
ferred to as throughput, is defined as the average number
of goals reached per timestep.

Additionally, we impose a strict time budget for the
solver to compute the next actions for all agents at each
timestep. This constraint is motivated by real-world applica-
tions, where the planner must react promptly to changes and
operate in an online regime. In our experiments, this time
limit is set to 1 second per timestep. If the solver exceeds
this limit, all agents are delayed by one timestep for each
additional second spent. The time budget is not cumulative:
even if the solver uses less than the allotted time in one step,
it cannot carry over the unused time to subsequent steps.

The problem statement considered in this work is iden-
tical to that of the League of Robot Runners (LoRR) (Chan
et al. 2024) – a competition sponsored by Amazon Robotics,
designed to bridge the gap between fundamental research
and industrial applications, including warehouse logistics,
transportation, and advanced manufacturing. Notably, the
most recent edition of the competition introduced new chal-
lenges, such as dynamic task assignment and sequences of
tasks. In this work, we focus exclusively on efficient agent
routing, assuming that task assignment is handled by an ex-
ternal module beyond our control.

Priority Inheritance with Backtracking
Before detailing the modifications introduced in the PIBT
approach, it is useful to briefly describe its core concept.
PIBT is a windowed solver with a single-step window,
meaning that it provides collision-free actions for all agents
for only one timestep. To achieve this, PIBT employs a pri-
oritized approach: each agent is assigned a priority based on
its distance to its goal, and agents plan their actions sequen-
tially, avoiding collisions with higher-priority agents and se-
lecting the most beneficial action – typically, the one that
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reduces their distance to the goal.
A key feature of PIBT is the use of priority inheritance

with backtracking. If an agent k encounters a collision with
a higher-priority agent l, it inherits the priority pl and at-
tempts to vacate the occupied cell, potentially pushing any
other agents with lower priority than pl. If such a push is un-
successful, the agent receives a signal via backtracking and
attempts to select an alternative action.

It was shown in (Okumura et al. 2022) that all agents will
eventually reach their goal locations. However, simultaneous
occupation of goal locations by all agents is not guaranteed.
Additionally, a condition on the graph structure must be sat-
isfied: for every pair of adjacent nodes, there must exist a
simple cycle C containing both nodes, with |C| ≥ 3. This
ensures that the agent with the highest priority can always
push other agents from the desired location, guaranteeing
that it will reach its goal within a bounded number of steps.
After reaching its goal, its priority is decreased, enabling the
next agent to reach its goal in a similarly bounded number
of steps.

The original PIBT approach assumes that, at each
timestep, at least one agent with the highest priority can
move closer to its goal, as it can always vacate the desired
location. However, under the rotation action model, this as-
sumption does not hold: the agent occupying the desired lo-
cation may first need to rotate before it can vacate the cell.
This issue can be partially addressed by the Causal PIBT
approach (Okumura, Tamura, and Défago 2021), which con-
siders event-based causal dependencies between agents’ ac-
tions. Causal PIBT was initially developed for a stochastic
setting, where each action may be delayed with some prob-
ability; in the present context, rotation actions can be inter-
preted as deterministic delays.

Another way to address delays caused by rotation actions
is to consider multiple timesteps, rather than just one. The
idea of planning over multiple steps was explored in (Oku-
mura, Tamura, and Défago 2019), where the winPIBT ap-
proach was introduced. Instead of planning only the next ac-
tion, agents plan a path for the next w steps. This algorithm
is designed for classical MAPF and aims to resolve block-
ages caused by agents that have already reached their goal
locations.

In contrast to winPIBT, which considers relatively long
windows (up to 30 steps in the original paper), the ap-
proach proposed here uses a much shorter window (up to 5
steps). Rather than launching a path-planning algorithm, our
method considers multi-action operations of limited length.

Enhanced PIBT
In this section, we describe the modifications made to the
original PIBT approach to efficiently support the rotation
action model. In addition to introducing multi-action oper-
ations, we allow agents to be revisited during a single step;
that is, an agent may change its chosen action even if a valid
collision-free action has already been found. We also em-
ploy inheritance of operations, enabling the reuse of actions
selected by agents in the previous step. The approach that
integrates all these modifications is referred to as Enhanced
PIBT, or simply EPIBT.

Figure 2: Cells and states reachable with different operation
length. Different cell colors indicate the minimum required
operation length to reach the corresponding cell. Arrows and
numbers near them indicate the actual state and number of
actions required to reach it.

Length 1 2 3 4 5
Cells 2 5 11 21 35
States 4 10 23 48 88

Cells sequences 2 6 17 48 136

Table 1: Number of possible reachable cells, reachable states
and unique sequences of occupied cells depending on oper-
ation length.

Multi-action Operations
A central aspect of EPIBT is the concept of operations. Each
operation consists of a sequence of actions performed by an
agent. Figure 2 illustrates all cells and states that are reach-
able with operations of different lengths. With an operation
length of 1, as in regular PIBT, only two cells (marked in
red) are reachable. This limited reachability significantly re-
stricts the ability to efficiently resolve collisions between
agents.

Although the maximum number of possible action combi-
nations is 4length, the actual number of operations that must
be considered is much smaller, as many operations can be
discarded. First, operations containing multiple redundant
rotation actions can be eliminated. Additionally, it is unnec-
essary to consider operations that end with rotations, since
rotations do not change the agent’s location. Instead, mul-
tiple operations such as FFW 1, FFR, and FFC can be

1The notation FFW means that the agent consequently exe-
cutes actions move forward, move forward and wait.
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merged into a single FFW operation, with the h-value (dis-
tance to the goal) of the successor state calculated based on
the best heading among the reachable ones. However, the
number of operations still exceeds the number of possible
reachable states. Due to the presence of other agents in the
workspace, it is necessary to consider the time dimension
and include wait actions in operations, allowing an agent to
reach a state at a later time if needed to avoid collisions. The
actual number of operations that must be considered corre-
sponds to the number of possible sequences of cells that the
agent occupies while executing the operation. Table 1 shows
how many different cells and states can be reached depend-
ing on the operation length, as well as the number of unique
cell sequences. For clarity, cells refer to locations with (i, j)
coordinates, states additionally include orientation (i.e., are
defined by the tuple ((i, j), o)), while cell sequences are se-
quences of locations with length corresponding to the oper-
ation length – e.g., {(i1, j1), (i2, j2), (i3, j3)} for length 3.

Another important aspect of operations is the order in
which they are considered. In regular PIBT, actions are pri-
oritized based on the distance to the goal. In EPIBT, this
approach must be extended, as multiple states may have
the same h-value. To address this, we implemented a tie-
breaking mechanism that favors forward movement over ro-
tation, and rotation over wait. Empirically, this mechanism
produced the best results.

Revisiting Agents

Multi-action operations provide agents with a significantly
greater set of options. While this is beneficial for perfor-
mance, it also introduces new challenges. The first challenge
is that considering multiple timesteps can lead to multi-agent
collisions, i.e., situations where a chosen operation results
in a collision with more than one agent. In such cases, re-
cursively invoking the operation selection for each colliding
agent leads to ambiguity, as these agents may mutually af-
fect each other and all inherit the same priority due to prior-
ity inheritance. To address this, the proposed approach does
not consider operations that would result in collisions with
more than one agent.

The second challenge arising from the increased variety of
options is the diversity of possible collisions between agents.
In the original PIBT, each agent may be visited only once per
timestep, and once its action is chosen, it cannot be changed.
This restriction significantly limits the options available to
agents. Moreover, if some agents fail to find collision-free
operations, they will remain stationary for at least the next
timestep. To overcome this limitation, we allow agents to
be revisited, i.e., to reselect their operations in order to bet-
ter resolve collisions and to find collision-free actions for at
least some agents that have already been visited but failed
to find valid operations. However, in high-density scenarios,
unlimited revisiting can lead to a substantial increase in the
algorithm’s runtime. To mitigate this, we introduce a limit L
on the number of times each agent can be revisited during a
single timestep.

Inheritance of Operations
Another important feature implemented in EPIBT is the in-
heritance of operations. Like regular PIBT, EPIBT is exe-
cuted at every timestep. When constructing operations from
scratch, we assume that all agents will occupy their current
locations for the next few steps. This assumption is neces-
sary to detect potential collisions at any considered timestep
and to allow EPIBT to recursively attempt to resolve them.
However, in the previous step, we may have already con-
structed collision-free operations for multiple timesteps, of
which only the first actions have been executed. Therefore,
we can reuse the operations built in the previous step by
removing the first action (as it has already been executed)
and appending a wait action at the end. This preserves the
operation length and ensures that these operations remain
collision-free.

It is important to note that operation inheritance is used
only for the initialization of operations. Agents are still free
to select any operation, and there is no requirement that the
newly chosen operation must match the previous one in its
initial actions. This initialization helps to reduce the number
of collisions among agents. Furthermore, if some agents fail
to find collision-free operations in the current step, they con-
tinue to execute the operations found in the previous step,
rather than simply waiting in place.

Pseudocode
The pseudocode for EPIBT is shown in Algorithm 1 (Main
Loop) and Algorithm 2 (Operation Selection Procedure),
which together capture all EPIBT enhancements. The main
loop takes as input the grid-graph G, current agent states
{s1, . . . , sn}, goal locations {g1, . . . , gn}, inherited opera-
tions {a′1, . . . , a′n}, and revisit limit L.

First, the chosen operations {a1, . . . , an} and agent paths
P (the states visited while executing actions) are initialized
(lines 2–4). Agents are then prioritized by their current dis-
tance to goal (lines 5–6). The main loop iterates over un-
visited agents, allowing each to select an operation. If no
collision-free operation is found, the agent reverts to its in-
herited operation (lines 8–12).

Algorithm 2 details the operation selection. Each agent
considers operations in order of wop = h(sk, op, gk) · α +

Algorithm 1: EPIBT - Main Loop

1: Input: G, {s1, . . . , sn}, {g1, . . . , gn}, {a′1, . . . , a′n}, L
2: ak ← a′k for k = 1, . . . , n
3: visitedk, hitk ← {0} for k = 1, . . . , n
4: P ← getPath(sk, ak) for k = 1, . . . , n
5: pk ← dist(sk, gk) for each agent k = 1, . . . , n
6: Agents← sort {1, . . . , n} by priorities pk
7: for k ∈ Agents do
8: if visitedk ̸= 0 then continue
9: P ← P \ getPath(sk, ak)

10: if EPIBT(k, pk) = failed then
11: P ← P ∪ getPath(sk, a′k)
12: return {a1, . . . , an}
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Algorithm 2: EPIBT - Operation Selection Procedure

1: Input: agent k, priority p
2: OP ← sort op ∈ Operations by weights wop

3: visitedk ← visitedk + 1; hitk ← 1
4: for op ∈ OP do
5: if getPath(sk, op) ̸⊂ G then continue
6: if getUsed(sk, op, P ) = ∅ then
7: ak ← op; hitk ← 0
8: P ← P ∪ getPath(sk, op)
9: return success

10: if |getUsed(sk, op, P )| > 1 then continue
11: l← getUsed(sk, op, P )
12: if hitl = 1 or visitedl ≥ L or pl ≤ p then
13: continue
14: P ← P \ getPath(sl, al) ∪ getPath(sk, op)
15: ak ← op
16: if EPIBT(l, p)= success then
17: hitk ← 0; return success
18: P ← P \ getPath(sk, op) ∪ getPath(sl, al)
19: ak ← a′k; hitk ← 0
20: return failed

βop, where h(sk, op, gk) is a function returning the distance
to goal gk after performing operation op from state sk, and
α and βop are weighting coefficients. In our implementa-
tion, α is set to a high value, making βop primarily a tie-
breaker when two states have the same h-value. The β values
are chosen such that movement actions are most preferred,
followed by rotations, and finally wait actions (line 2). The
agent is then marked as visited for this call, and a flag is set
to prevent multiple visits within the same recursion branch
(line 3).

For each viable operation, getPath(sk, op) returns the
sequence of states. Operations leading to obstacles or out-
side the grid are skipped (line 5). Valid operations are
checked for agent collisions using getUsed(sk, op, P ),
which returns IDs of agents that would collide with k.
Collision-free operations are adopted (lines 6–9). Opera-
tions causing collisions with two or more agents are skipped
(line 10). For a single-agent collision (l), the operation is
skipped if l was already visited in this recursion branch, ex-
ceeded its revisit limit, or has higher priority (lines 12–13).
Otherwise, the algorithm attempts to rebuild l’s actions, con-
sidering k’s operation. If successful, k adopts the operation
and returns success (lines 15–17); otherwise, P is reverted
(line 18) and the next operation is tried. If all options fail,
the agent is assigned its inherited operation a′k (line 19), and
failure is returned (line 20).

Large Neighborhood Search
EPIBT produces valid, collision-free actions within mil-
liseconds, but these are generated in a prioritized, order-
dependent manner. To further improve solution quality and
utilize the remaining computational time, we incorporate
a Large Neighborhood Search (LNS) optimization. Similar
approach, combining windowed PIBT with LNS, have been

used in WPPL (Jiang et al. 2024), and LNS-based meth-
ods have also been proposed for classical MAPF (Li et al.
2021a, 2022). Our goal is not to advance LNS itself, but
to show that combining EPIBT with LNS can substantially
boost performance, even surpassing state-of-the-art solvers
for online LMAPF-T.

At each LNS iteration, a random agent k is selected, its
operation and path are removed, and a the operation se-
lection procedure is performed. To enable diverse solutions
across runs, the agent k gets the highest priority, allowing
it to override the others. If a new solution is found, we ac-
cept it if it improves the LNS metric, defined as the sum
of wop · pk for all agents, where pk reflects proximity to
the goal. This metric encourages agents to complete tasks
quickly and move on to new ones. The optimization process
continues until the time budget is exhausted.

Theoretical Analysis
In this section, we demonstrate and prove that none of the
proposed modifications made in EPIBT violate the major
properties of the original PIBT algorithm. Note that the
properties of PIBT are valid only when all adjacent nodes
in the graph have a simple cycle C such that |C| ≥ 3. The
EPIBT approach requires this assumption as well.

First, we prove the following lemma, similar to Lemma 1
in (Okumura et al. 2022):

Lemma 1. Let k denote the agent with the highest prior-
ity at timestep t, and let (i, j) be the location nearest to gk
among the neighbors of sk. In the worst case, agent k will
reach location (i, j) within t+ 3 timesteps.

For simplicity, we consider only operations of length 3.
The logic of the proof can be adapted to the higher lengths
of operations by adding wait actions to the end of operations.

Proof. Consider the very first timestep or the case when
no operation inheritance enhancement is applied. All agents
have the initial operation WWW, which is guaranteed to be
collision-free. Agent k with the highest priority chooses its
operation first, while all other agents still have predefined
operations WWW.

The optimal operation might be FFF, FCF, or similar op-
erations that involve more than one movement action, poten-
tially causing collisions with multiple agents. Following the
logic of Algorithm 2 (line 10), such operations are skipped.
However, since location (i, j) is an adjacent cell near the
current state sk, it can be reached by one of the following op-
erations: WWF, CWF, RWF, or RRF. These four operations
cover all adjacent locations, one of which is guaranteed to
be closer to gk than state sk. Moreover, all these operations
have only one movement action performed as the final ac-
tion, which means that: (i) they may result in collision with
at most one agent, and (ii) the colliding agent has two extra
timesteps to change orientation before freeing the location.

If the desired location (i, j) is free, agent k can obtain
the corresponding operation (lines 6-9 of Algorithm 2) and
will not be forced to change the chosen operation since it has
the highest priority. Otherwise, a recursive call of the EPIBT
procedure for agent ℓ (currently occupying location (i, j)) is
made (line 16 of Algorithm 2).
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The only restriction for agent ℓ is that it cannot collide
with agent k. Since all locations have at least two traversable
adjacent cells (due to our assumption about simple cycles
with length ≥ 3), agent ℓ can move to some location (i′, j′)
that differs from both location (i, j) and the location of state
sk. Even if agent ℓ has a wrong orientation and cannot im-
mediately move to location (i′, j′), it has two extra timesteps
to change orientation before movement.

If location (i′, j′) is also occupied by some agent m, it
can be pushed by agent ℓ out of this location, considering
priority inheritance. Recursively applying the logic of proce-
dure EPIBT, agent m can free the occupied location within
at most 3 timesteps, and agent ℓ can wait in its current lo-
cation if necessary (by considering one of the four opera-
tions mentioned above). Thus, regardless of the number of
affected agents, each can move out of the occupied location
within 3 timesteps in the worst case. Therefore, agent k with
the highest priority will be able to occupy a location closer
to gk than the current state sk within at most 3 timesteps.

Applying operation inheritance leads to changes in the
initial operations that agents have. However, the inherited
operations remain collision-free, meaning that even in the
worst case, the agent with the highest priority can choose an
operation that replicates the inherited operation and changes
only the last action. Such operation may collide with at most
one agent. If such a collision exists, it occurs at the end of the
operation and involves a single agent ℓ. Thus, it can be suc-
cessfully resolved by pushing agent ℓ away. The same logic
applies to the operation choices of the remaining agents,
which can be recursively visited while freeing the cell for
agent k. In the worst case, they may all replicate the inher-
ited operations, changing only the last action. Therefore, op-
eration inheritance does not violate the property that agent k
with the highest priority needs at most 3 timesteps to get
closer to its goal location gk, even in the worst case. □

Second, we perform an analysis of the time complexity of
EPIBT.

Proposition 1. The time complexity of EPIBT in one
timestep is O(n(logn+ |OP | ·log|OP |+L · |OP | ·op len)),
where n stands for the number of agents, |OP | – the number
of operations considered, op len – operations length, and L
– revisit limit.

Proof. Here we assume (and made it in our implemen-
tation) that all distance matrices are precalculated. Thus,
the procedure of agents sorting in the main loop of EPIBT
costs O(n · logn), and the sorting of operations costs
O(|OP | · log|OP |). Procedures related to collision checks
and reservation updates depend on the operation length,
and thus cost Θ(op len). Each operation selection proce-
dure call examines at most |OP | operations that result in
O(|OP |·log|OP |+|OP |·op len). The sorting of operations
is performed once for each agent, while operation selection
is performed up to L times, since each agent is visited at
most L times per timestep. Therefore, the per-timestep com-
plexity is O(n(logn+ |OP | · log|OP |+L · |OP | ·op len)).
□

Lastly, in (Okumura et al. 2022), a theorem was proved
guaranteeing that all agents will reach their goal locations
in a finite number of steps. However, it is not guaranteed

random-32-32-20 brc202d

Paris-1-256
sortation

warehouse

Figure 3: Visualization of maps used for the empirical eval-
uation.

Map Size |V | Agents num
random-32-32-20 32x32 819 100, 200, . . . , 800

Paris-1-256 256x256 47240 1000, 2000, . . . , 10000
brc202d 481x530 43151 500, 1000, . . . , 5000
sortation 140x500 54320 1000, 2000, . . . , 10000

warehouse 140x500 38586 1000, 2000, . . . , 10000

Table 2: Detailed information about evaluated maps and in-
stances.

that all goal locations will be occupied by the correspond-
ing agents simultaneously, which is required by the classical
one-shot MAPF problem. This property is achieved by mod-
ifying priorities: each agent that reaches its goal location re-
ceives a lower priority than other agents that have not yet
reached their goals. Thus, the agent with the highest priority
is always one that has not yet reached its goal location, until
no such agent exists.

In case of LMAPF neither simultaneous nor eventual goal
reaching is required. Nevertheless, EPIBT can utilize the
same priority mechanism presented in the original PIBT ap-
proach and obtain the same property if required.

Empirical Evaluation
We evaluated our approach on the same set of five maps used
in the League of Robot Runners competition (Chan et al.
2024): random-32-32-20, brc202d, Paris-1-256,
sortation, and warehouse. Most maps originate from
the well-known MAPF benchmark (Stern et al. 2019). Fig-
ure 3 shows their layouts. For each map, we ran multiple
instances with varying agent counts, as detailed in Table 2.
Goal sequences and their order were taken directly from the
competition’s public archive.
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Figure 4: Ablation study of different enhancements incorporated into EPIBT and its evaluation with different operation lengths.

To eliminate any inter-agent influence caused by goal as-
signment, we used the following logic: agent k receives
tasks with indices k, k + total agents, k + 2 · total agents,
etc., cycling through the task pool as needed. The time bud-
get was set to 1 second per timestep for all experiments.
All methods were run single-threaded on an Intel Xeon
Gold 6338 CPU with 256 GB RAM. Timestep horizon T
for each experiment was set to 5,000 timesteps, except for
random-32-32-20, which used 1,000.

Ablation Study
We first evaluated several EPIBT variants to assess the im-
pact of each enhancement – multi-action operations (MAO),
revisiting, and inheritance of operations (IO) – as well as
the effect of operation length on runtime and performance.
EPIBT was tested with operation lengths of 3, 4, and 5.

Results are shown in Figure 4. Here, MAO(x) indicates
operation length x, and Revisit(y) denotes a revisit limit
L = y. Adding MAO alone to PIBT yields poor perfor-
mance, as agents cannot revise their choices. Introducing re-
visiting greatly improves results, but unlimited revisiting can
cause the algorithm to hit the time budget, degrading perfor-
mance. Limiting revisits stabilizes both throughput and run-
time. Incorporating IO further boosts performance, regard-
less of operation length.

Longer operations increase runtime and only occa-
sionally improve throughput (notably on large maps like
sortation or warehouse with 5,000 agents). In most
cases, length 3 yields the best throughput, likely because
longer operations lead to more multi-agent collisions, which
cannot be resolved by the current approach. Thus, agents
may be forced to select suboptimal actions to avoid such col-
lisions. Notably, even with 10,000 agents, EPIBT computes
the next action in under 100 ms, with potential for further
optimization.

In the next experiments, we use the fully enhanced ver-
sion, denoted as EPIBT(x), where x is the operation length.

EPIBT on LMAPF-T
We compared EPIBT to PIBT-like approaches applicable to
LMAPF-T. Since original PIBT cannot be directly used, we
adapted it to consider only five operations – FWW, RFW,
CFW, RRF, and WWW – mimicking the omnidirectional ac-
tion model, where moving to some adjacent cells requires
2–3 actions. Thus, we do not consider MAO with length
less than 3 on LMAPF-T, as shorter operations are insuf-
ficient. We also evaluated Causal PIBT, an event-based vari-
ant that handles multi-timestep actions. Aggregated through-
put results are shown in Figure 1. This spider plot aver-
ages normalized results across all instances for each map
and includes additional approaches discussed later. The re-
sults clearly show that EPIBT consistently outperforms both
PIBT and Causal PIBT across all maps.

EPIBT on LMAPF
We also evaluated EPIBT under the omnidirectional action
model. Here, the number of unique cell sequences is 5length

and cannot be reduced, as each action leads to a distinct
location. In this setting, EPIBT(1) and EPIBT(2) are fea-
sible, since all adjacent cells are reachable in one step. As
baselines, we tested original PIBT and winPIBT (Okumura,
Tamura, and Défago 2019), which plans for w steps ahead.
Following (Okumura, Tamura, and Défago 2019), we set
w = 10, as this window size yields better results without
runtime penalty.

Figure 6 presents the results. winPIBT performs well on
the random-32-32-20 map, but it reaches the time bud-
get limit on the rest of the maps and as a result demonstrates
poor performance. This likely occurs due to running A* for
each agent, making it impractical for online LMAPF with
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Figure 5: Comparison of EPIBT+LNS+GG with operation lengths 3, 4, and 5 with both winners of LoRR competition and
Causal PIBT+traffic flow on the online LMAPF-T setting.
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Figure 6: Comparison of EPIBT with original PIBT and win-
PIBT on the online LMAPF setting.

a 1-second time budget. The original PIBT approach under-
performs on random-32-32-20, but is able to compete
with EPIBT(1) on Paris-1-256. This is explained by the
fact that the random-32-32-20 map contains deadlocks,
i.e., some of the cells have no cycle of 3+ size. As a result,
some of the agents fail quite frequently and PIBT cannot re-
choose their actions, as revisiting is not allowed. Such dead-
locks are not present on large maps, which partially elimi-
nates the advantage that EPIBT(1) gains from revisits. Uti-
lizing operation length 2 for LMAPF is definitely benefi-
cial. However, further increments in operation length result
in a significant increase in runtime and do not always result
in improvement in terms of throughput. Due to space lim-
itations, the results on only 3 out of 5 maps are displayed.
However, the results on the remaining 2 maps are similar to
the ones obtained on Paris-1-256 map.

EPIBT+LNS
We finally compared EPIBT combined with LNS to state-
of-the-art approaches for online LMAPF-T. The first base-
line is WPPL (Jiang et al. 2024), the winning solution of
LoRR23. The second is Causal PIBT with traffic flow (Chen
et al. 2024), used as the default planner in LoRR24. The
third, which we refer to as LoRR24-Winner, is the winning

solution of LoRR24. The latter is a method created by us
for the competition. It is also based on an EPIBT variant,
but it has no operation inheritance and limits agent revisits
in a different way. Both WPPL and LoRR24-Winner em-
ploy Graph Guidance (GG), which reduces congestion by
weighting transition costs. We also incorporated GG into
EPIBT+LNS, using the same weights as LoRR24-Winner.
All methods were evaluated with and without GG.

Aggregated results are shown in Figure 1.
EPIBT(3)+LNS+GG achieves score 1.0 on 3 out of 5
maps, demonstrating that none of the competitors is able
to outperform it in those maps. On the remaining two
maps (random-32-32-20 and brc202d), other methods oc-
casionally achieve higher scores, particularly on low-agent
instances. However, EPIBT(3)+LNS+GG still outper-
forms others in most cases. Detailed results, including
EPIBT+LNS+GG with operation lengths 4 and 5, are
provided in Figure 5. No runtime plot is shown, as all
approaches used the full 1-second time budget per timestep.

Overall, these results demonstrate that EPIBT, when com-
bined with LNS and GG, can outperform current state-of-
the-art methods for online LMAPF-T.

Conclusion

We introduced EPIBT, a new modification of the PIBT ap-
proach tailored for the rotation action model. The key in-
novation is the use of multi-action operations, enabling the
algorithm to consider multiple timesteps at once without in-
voking a separate path-planning routine, unlike windowed
methods such as winPIBT. Additional enhancements, in-
cluding limited revisiting and operation inheritance, further
improve performance and efficiency.

Empirical results show that these enhancements signif-
icantly boost throughput while maintaining fast runtime.
Moreover, combining EPIBT with Large Neighborhood
Search and Graph Guidance yields performance surpassing
all existing methods, including both League of Robots Run-
ners competition winners, establishing a new state-of-the-
art for online LMAPF-T. Future work includes improving
multi-agent collision handling and further optimizing the in-
tegration with LNS and GG.
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