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Abstract— In multi-agent path finding (MAPF), agents nav-
igate to their target positions without conflict within an envi-
ronment, typically represented as a graph. Traditionally, the
input graph is assumed to be accurate. We investigate MAPF
scenarios where the input graph may be inaccurate, containing
non-existent edges or missing edges present in the environment.
Agents can verify the existence or non-existence of an edge only
by moving close to it. To navigate such maps, we propose an
online approach where planning and execution are interleaved.
As agents gather new information about the environment over
time, they replan accordingly. To minimize replanning efforts,
we developed methods to identify and replan only for agents
affected by observed changes. To scale to larger problems, we
defer conflicts resolution expected only in the distant future and
adapt single-agent path-finding algorithms to account for map
inaccuracies. Experimental results show impressive scalability,
solving problems involving over 1000 agents in under 3 minutes.

I. INTRODUCTION

The task in multi-agent path finding (MAPF) is to find
conflict-free paths for a set of agents that must move from
their current position to some target position. MAPF real-
world applications from robotic arms, through robots in
automated warehouses [1], to autonomous cars [2]. Most
work on MAPF assumes the environment is known, i.e.,
the input specification (map) is accurate [3]. Yet, in many
practical applications the input map might be inaccurate. For
example, in an office building, the agents are well aware of
the walls, but many doors may be either open or closed. The
agents may have some prior information about which doors
are likely to be open or closed, but there is no certainty. When
the agents identify information that contradicts their early
assumptions, they can replan given the new information.

We focus on inaccuracies about the edges of the input
graph, i.e., some edges are believed to exist but are missing
and some edges exist but are believed to missing. Formally,
we define the MAPF with Imperfect Map (MAPF-IM), an
extension of MAPF in which the planner receives as input a
set of edges that are known to exist, a set of edges that are
known to be missing, and a set of uncertain edges along with
whether or not they are likely to exist. To identify the state
of an uncertain edge, we assume the agents are equipped
with sensing equipment that allows them to observe whether
a particular uncertain edge exists, under some constraint. For
example, it might be that the agents can only observe edges
within some distance, as would a laser-based ranging sensor
(LIDAR), or that agents can observe walls in front of them,
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as with image analysis. The agents can hence identify during
runtime inaccuracies, and modify their paths accordingly.

Finding offline solutions for MAPF-IM problems with a
relatively large number of uncertain edges results in huge
plan trees, branching repeatedly as new information concern-
ing the uncertain edges is revealed. Therefore, we suggest
an online approach interleaving planning and execution.
The agents start acting as if all uncertain edges follow the
input assumption, and whenever new information becomes
available, replan. This general replanning approach can have
several different implementations. One could use an off-the-
shelf classical MAPF (CMAPF) planner and replan for all
agents whenever a change in the assumed map is observed.
However, the observed new information may not be relevant
to many agents. Replanning for these agents can be wasteful,
both in terms of computation time as well as for system
stability. It is therefore desirable to reuse some computations
from the previous episode to the next one.

To this end, we propose a novel method for identifying
which subset of the agents should replan with the newly ob-
tained information about closed and open edges, and which
should continue following their current plan. In MAPF-IM,
knowledge of a closed edge may prevent the execution of
an existing plan, while knowing that an edge is open may
present an opportunity for faster plans to be found. For
both cases, our method identifies the set of agents that are
affected and should replan given the new information. This
allows us, in many cases, to limit replanning to a subset of
agents, thus reducing the computational burden. We call this
method Impact Detection (ImpD), as it was inspired by the
Intepdence Detection framework for CMAPF [4]. We show
how to incorporate ImpD method in two algorithms: Prior-
itized Planning (PP) [5] and Conflict-Based Search (CBS)
[6]. Experimental results on standard grid maps demonstrate
that ImpD method can greatly reduce computation time when
coupled with each of these solvers. Integrating the Rolling
Horizon Conflict Resolution (RHCR) framework [7] provides
an additional boost in performance by ignoring conflicts that
only may occur far in the future.

To further reduce the overhead incurred by replanning, we
modify the lower-level single-agent path-finding algorithm to
trade off optimality for certainty. This is done by penalizing
risky moves, i.e., moves that traverse uncertain edges and
may require replanning. We do this within the Explicit
Estimation Search (EES) [8] search algorithm, allowing us
to control the tradeoff between plan cost and risk.

We evaluate our algorithms and their different configura-
tions experimentally over standard MAPF benchmarks, vary-
ing the number of agents and the quantity of possible uncer-
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tain edges. Our findings demonstrate that using a suboptimal
MAPF algorithm with our ImpD method, RHCR, and the
risk-aware single-agent path-finding algorithm allows scaling
to many agents while maintaining a minimal reduction in
solution quality.

II. BACKGROUND

A classical MAPF (CMAPF) problem is defined by a tuple
⟨G,A⟩ where G = (V, E) is a connected graph, also referred
to as map, A = {a1, a2, . . . , ak} is a set of k agents. Agent
ai ∈ A has a unique start vertex si ∈ V and a unique goal
vertex gi ∈ V . At each discrete timestep, an agent is allowed
to perform a single action: either move to an adjacent vertex
or wait in his current vertex.

A single-agent plan for an agent ai is a sequence of
vertices πi = (v1 = si, v2, . . . , vm = gi), where vt is the
location of agent ai at timestep t. We denote by πi[t] the
vertex that agent ai intends to occupy at timestep t. A vertex
conflict occurs when two agents occupy the same vertex at
the same time, that is, πi[t] = πj [t]. An swapping conflict
occurs when two agents traverse the same edge in opposite
directions at the same time, i.e., πi[t] = πj [t+1]∧πi[t+1] =
πj [t]. A solution to a CMAPF problem is a set of classical
single-agent plan, Π = {π1, . . . , πk}, in which there is no
conflict between any pair of paths. We assume here that
agents wait at their goal vertices permanently. Sum of costs
(SOC) and makespan are common MAPF cost functions,
corresponding to the sum or the maximum of the lengths
of the agents’ paths, respectively. We focus here on SOC.

A. Classical MAPF Algorithms

Prioritized Planning (PP) [5] is a common approach for
solving CMAPF problems. In PP, the agents are ordered by
some priority function. Then, the agents plan sequentially in
order of decreasing priority. When an agent plans, it ignores
lower-priority agents while ensuring collisions with plans of
higher-priority agents are avoided.

Conflict Based Search (CBS) [6] is an optimal, two-level
search algorithm for solving CMAPF. The high-level search
of CBS is done over the constraint tree(CT). A node N in the
CT represents a set of constraints used to coordinate agents
to avoid conflicts and a set of single-agent plans that satisfy
these constraints. These plans may initially conflict. The cost
of a node is the sum of costs of these plans

The root of the CT represents an empty set of constraints
and a plan for each agent corresponding to following its
shortest path to its goal while ignoring all other agents. At
each iteration, CBS expands the lowest-cost node N in the
CT that has not been expanded yet. If N has no conflicts,
the plans in N form a valid MAPF solution, and the search
halts. Otherwise, CBS expands N by generating two CT
nodes. In each successor, we add a single constraint of the
form (a, x, t) representing that agent a at time t cannot
occupy vertex or edge x. The low-level search of CBS is
invoked to replan for agent a, ensuring its plan satisfies all
its constraints. CBS guarantees completeness by considering

both ways of resolving each conflict. It guarantees optimality
by performing best-first searches on either high or low levels.

Both PP and CBS require a low-level path-finding algo-
rithm for finding single-agent plans that satisfy a given set
of constraints (in PP the constraints are to avoid the plans of
higher-priority agents). The state of the art in MAPF research
is to use Safe Interval Path Planning (SIPP) [9] as the low-
level search [10].

Several suboptimal CBS-based algorithms have also used
a Focal Search algorithm as the low-level search algo-
rithm [11], [12]. In this work, we utilized a specific focal
search-based algorithm called EES [8]. EES is a bounded-
suboptimal search algorithm that accepts a parameter w ≥
1 and maintains three lists: cleanup, open, and focal.
cleanup is sorted according to f(v) = g(v) + h(v), where
h is an admissible heuristic. open is sorted according to
f̂(v) = g(v) + ĥ(v), where ĥ is an inadmissible heuristic.
Let bestf and bestf̂ denote the node in cleanup and open

with the minimal f and f̂ value, respectively, breaking
ties randomly. focal includes every node n in open where
f̂(n) ≤ w · bestf̂ . The nodes in focal are sorted by an
additional inadmissible heuristic d̂. Let bestd̂ be the node in
focal with the minimal d̂. In every iteration EES expands
bestd̂, if f(bestd̂) ≤ w · f(bestf ). Otherwise, it expands
bestf̂ if f(bestf̂ ) ≤ w · f(bestf ). Otherwise, it expands
bestf . EES offers great flexibility in the choice of f̂ and d̂,
and is guaranteed to return a bounded-suboptimal solution.

B. Related Works

Cooperative multi-agent planning under partial observabil-
ity is a well-studied problem. When communication between
the agents is free and fast, planning can be centralized,
modeling the problem as either a POMDP, in the stochastic
case [13], [14], and contingent planning, for non-stochastic
environments. Online approaches for solving these problems
have been proposed [15]. Our online algorithm is similar in
spirit, but leverages the particular settings of MAPF to scale
to much larger domains, orders of magnitude beyond the
ability of contingent planning solvers. Multi-agent planning
when communication is unavailable or costly can be modeled
as a Dec-POMDP [16], in the stochastic case, or multi-agent
contingent planning [17], for non-stochastic settings. This
setting is much harder than MAPF-IM, and we leave to future
work extensions of our work to such settings.

MAPF under different forms of uncertainty have been
studied before. In MAPF-TU [18], all edges are known but
there are lower and upper bounds on the time it takes to
traverse each edge. In MAPF-DP [19], [20], agents’ actions
may be delayed with some probability. In Online MAPF [21]
new agents appear over time. Queffelec et al. [22] dis-
cuss MAPF in partially known environments, while Levy
et a. [23] deal with agents that may stochastically move
in a different direction than intended. These papers tackle
different uncertainty than we do.

Closest to our MAPF-IM problem is recent work on
MAPF under Obstacle Uncertainty (MAPF-OU) [24], where
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(a) Maze (b) Rooms (c) Warehouse

Fig. 1: Illustrations of the domain types used in our experi-
ments. Green cells denote Eo? and red cells denote Eb?.

a bounded, relatively small, subset of edges may be blocked.
MAPF-IM extends this problem setting in two ways. First,
we assume some initial, possibly incorrect, knowledge about
the state of each edge. Second, we assume that the set of
uncertain edges is very large, and thus, that computing com-
plete offline plan trees for every contingency is intractable.
Third, the algorithms proposed for MAPF-OU where all
offline approaches, creating plan trees with branches for
every contingency. Consequently, their algorithms could not
scale to more than 10 agents. In contrast, the MAPF-IM
algorithms we propose in this work are online algorithms,
and scale to dozens and in some cases hundreds of agents.

Our problem is different from multi-agent Canadian Trav-
elers Problem [25], which do not consider conflicts between
agent, and from Multi-Robot SLAM (MR-SLAM) [26], [27]
where most of the environment is unknown and the objective
is to map the environment.

III. PROBLEM DEFINITION

In MAPF-IM, a set of agents must navigate in a graph
G = ⟨V,E,Eo, Eb⟩, where E is a set of edges, Eo is a set
of open edges, while Eb is a set of blocked edges, where
Eo ∪ Eb = E and Eo ∩ Eb = ∅. The agents are given as
input a graph specification Gs = ⟨V,Eko, Ekb, Eo?, Eb?⟩. G
denotes the true world graph, while Gs denotes the current
knowledge that the agents have about G, called the snapshot.
The set of vertices V is identical in G and Gs. Eko denotes
a set of edges that are known to be open (traversable), i.e.,
e ∈ Eko =⇒ e ∈ Eo. Ekb denotes a set of edges that
are known to be blocked (untraversable), i.e., e ∈ Ekb =⇒
e ∈ Eb. The sets of uncertain edges are denoted by Eo?

and Eb?. There may be some edges e ∈ Eo? ∩ Eb, i.e., an
edge the agents assume may be open, but may actually be
missing from the graph. Similarly, there may be some edge
e′ ∈ Eb?∩Eo, that is, an edge the agent assumes is blocked,
yet it may exists in the underlying graph.

Let O(v, e) be an observation relation between vertex
and edge, representing that when an agent is at vertex v,
it observes whether an edge e exists, i.e., e ∈ Eo ∨ e ∈
Eb. Consider the case where, given the current snapshot
Gs and the joint action, the agents arrive at the ver-
tices Vnew = ⟨v1, . . . , vk⟩. Let Enew = {e ∈ Eo? ∪
Eb?|∃v ∈ Vnew, O(v, e)} be the set of uncertain edges
that can be observed from any vertex in Vnew. After the
agents observe the edges in Enew, a new snapshot Gs′ =

(a) True graph G (b) First snapshot Gs

(c) Snapshot optimal plan (d) Second snapshot Gs′

Fig. 2: Example of a 4× 4 grid MAPF-IM problem. Bricks
represent walls, and crates represent goals. Blue and orange
lines denote plans. Erroneous edges are marked by red ovals.

⟨V,E′
ko, E

′
kb, E

′
o?, E

′
b?⟩ is obtained such that:

• E′
kb = Ekb ∪ (Enew ∩ Eb). The set of non-existingng

(blocked) edges that were detected from the new posi-
tions of the agents.

• E′
ko = Eko ∪ (Enew ∩ Eo). The set of existing (open)

edges detected from the new positions of the agents.
• E′

b? = Eb? \Enew. The set of all edges that the agents
assumed were missing but were detected to exist.

• E′
o? = Eo? \Enew. The set of all edges that the agents

assumed to exist but were detected to be missing.
It is desirable to reach the goal in a minimal amount of

steps. However, agents may not know initially which path
would yield the lower number of steps, as they have only
partial information about open and blocked edges. We hence
restrict our attention to snapshot optimality. A MAPF-IM
algorithm is snapshot optimal if, given a snapshot Gs, the
computed actions for the agents are a prefix of a minimal
cost conflict-free plan, assuming that Gs is accurate. That is,
assuming that the true graph is G′ = ⟨V,Eko ∪ Eo?⟩.

Example 1: Figure 2 presents a MAPF-IM problem on a
4-neighborhood grid. Vertices V correspond to grid cells,
while edges E connect adjacent cells in four cardinal di-
rections. Examining the true graph G (Figure 2a), edges
such as ⟨(1, 1), (2, 1)⟩ ∈ E link cells (1, 1) and (2, 1), and
⟨(1, 1), (1, 2)⟩ ∈ E link cells (1, 1) and (1, 2). Open edges
(Eo) indicate no wall between cells, while blocked edges
(Eb) indicate the presence of walls.

In the initial snapshot (Figure 2b), Eo? mirrors Eo except
for ⟨(1, 1), (1, 2)⟩ ∈ Eo? \ Eo where the agent incorrectly
assumes no wall. Conversely, Eb? includes Eb except for
⟨(3, 2), (3, 3)⟩ ∈ Eb? \ Eb where the agent erroneously
assumes a wall. These discrepancies are highlighted with red
ovals. The agents are unaware of these inaccuracies.

Figure 2c depicts the planned paths. To prevent a potential
conflict at (1, 2), agent 2 waits at (2, 2). After the first joint
action, no new information is revealed, so the snapshot re-
mains unchanged. However, after the second action, agent a1
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reaches (1, 1) and detects the wall blocking ⟨(1, 1), (2, 1)⟩,
confirming ⟨(1, 1), (2, 1)⟩ ∈ Eb. This results in a new
snapshot Gs′ (Figure 2d) where ⟨(1, 1), (2, 1)⟩ ∈ E′

kb∧ /∈
E′

o?. Future plans, hence, avoid traversing this edge.

IV. ONLINE PLANNING FRAMEWORK

We now describe our online replanning approach for
solving MAPF-IM problems. The agents act based on their
current knowledge of the world, assuming that the given
snapshot is accurate. Whenever new information becomes
available to one agent, it communicates the information
to all agents. Then, the agents may replan given the new
information. We use an online replanning approach because
an offline planner, that plans for all contingencies ahead
before acting, must, in our case, create huge plan trees,
branching at every step, given the multitude of possible
observations. Below, we describe our online algorithms. We
begin with a generic replanning algorithm, emphasizing the
main components of all replanning methods. The algorithm
begins with initializing the multi-agent plan. Then, the agents
start acting based on this plan. At each step the agents update
the current snapshot given the observation function O, that
is, all edges that are observable from the current positions
of the agents are observed. The agents communicate their
observations to form a centralized new snapshot. If the
snapshot is identical to the previous one, then the existing
plan is still valid, and the agents can continue to act. The
agents replan when the new snapshot is different, either
because an edge deemed to be open is observed to be blocked
or because an edge believed to be blocked is actually open.
This continues until all agents reach their goals.

The efficiency of this generic replanning algorithm greatly
depends on how to initialize the set of plans and how to
replan given new observations. A naive approach, which we
call AlwaysReplan, initializes the plans using any CMAPF
solver and replans using the same CMAPF solver from
scratch following every observation. If the CMAPF solver
is optimal, AlwaysReplan ensures snapshot optimality, as
the agents recompute their plans given the current snapshot.
However, this approach can be wasteful since not every
observation is relevant to all agents. In Section IV-A we
present a novel method that we call Impact Detection (ImpD),
for identifying which agents whose plan may be or should
be impacted by the new observation. Only these agents need
to replan. This method is described in Section IV-A.

Another source for potential inefficiency is that a CMAPF
solver resolves all conflicts before starting to act. However,
in MAPF-IM, we expect that new information would cause
the agents to alter their paths. Thus, possible conflicts that
would occur far from the current positions of the agents may
no longer be relevant, given the revised paths. Using this
intuition, we propose a second approach that defers conflict
resolution until a conflict is imminent, occurring within at
most r timesteps from the current positions of the agents.

Algorithm 1: ImpD + CBS
1 Replan(Gs,Π, A, t)

Input: : new snapshot Gs, current joint plan Π, set of
agents A, current timestep t

2 G← ⟨V,Eko ∪ Eo?⟩
3 C ← {c ∈ Cπ : t(c) > t}
4 groups← Partition(C)
5 foreach g ∈ groups do
6 if ∃ai ∈ g, affected(πi, Gs) then
7 C ← C \ Cg

8 Πg , Cg ← CBS(G, g)
9 Revise Π using Πg

10 C ← C ∪ Cg

11 while ∃gi, gj ∈ groups with conflicting paths do
12 g ← gi ∪ gj
13 groups← (groups ∪ g) \ gi, gj
14 C ← C \ Cg

15 Πg , Cg ← CBS(G, g)
16 Revise Π using Πg

17 C ← C ∪ Cg

18 Cπ ← C
19 return Π

A. Reducing Replanning Computations

We propose two methods that aim to replan for only a
subset of the agents: one based on Prioritized Planning (PP)
and one based on CBS. Both methods first identify an initial
set of agents that should consider modifying their plans. We
referred to such agents as affected agents.

1) Identifying affected agents: If an edge e1 considered
to be open (e1 ∈ Eo?) is now known to be blocked (e1 ∈
Ekb), then all agents that planned to traverse e1 are regarded
as affected agents, as they must now modify their paths.
Identifying these agents is trivial. If an edge e2 that was
considered to be blocked (e2 ∈ Eb?) is now known to be
open (e2 ∈ Eko), passing through e2 may help some agents
to shorten their paths.

Identifying which agent may gain from passing through
e2 = (u, v) is more challenging. We consider agent ai to
be affected by e2 only if the shortest path from its current
location, denoted si, to its goal, denoted gi, via e2 is less than
its incumbent path. That is, d∗(si, u) +w(e2) + d∗(v, gi) <
|πi| where d∗ is the minimum cost of traveling between
two vertices, πi is the agent’s incumbent path, and w(e2) is
the cost of traversing the newly discovered edge. To reduce
computations, as Eb? is known, we compute d∗(u, v) for
every e = (u, v) ∈ Eb? only once during preprocessing,
assuming all uncertain edges are passable. This reduces the
agent relevance identification time, at the cost of unsound-
ness — possibly identifying an agent as affected when it is
not. In our preliminary results, this tradeoff was justified.

2) ImpD+PP : starts by identifying the agents affected
by the new snapshot. It then plans for these agents using
PP, avoiding conflicts with unaffected agents by considering
them to be of higher priority. There are two reasons why
this call to PP may fail [28]: either all paths of one of the
agents to its goal are blocked by the unaffected agents, or
existing plans of the unaffected agents make collisions with
an affected agent unavoidable. To mitigate such failures,
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the algorithm includes a sample of interfering unaffected
agents in the set of affected agents. This adjustment enables
the algorithm to explore more flexible and feasible path
solutions that were previously unattainable due to rigid
priority constraints. Joint replanning allows for simultaneous
pathfinding for both affected and selected unaffected agents,
balancing their priorities and enhancing conflict resolution.
Consequently, this approach results in a higher success
rate by reducing instances of completely blocked paths and
unavoidable collisions. This is reminiscent of the Local
Neighborhood Search for MAPF [29].

3) ImpD+CBS: is based on CBS [6] and is designed
to be snapshot optimal. Thus, it may replanning for more
agents than the set of agents initially detected as affected.
Algorithm 1 describes ImpD+CBS in more details. First,
we identify a set of conflicts C that were computed for the
previous plan Π, and are still relevant, i.e., occur after the
current step t (line 3). Then, we partition the agents into
disjoint groups (line 4) given C, where a pair of agents ai, aj
are in the same group if there exists a conflict between them
in the set C. For every such group of agents g, we call CBS
on that group only if g includes an affected agent (lines 5-10).
In addition, we replace the conflicts relevant for g with the
new conflicts generated during replanning (lines 7,10). After
planning for each group g independently, we check whether
new plans for agents from different groups now conflict (line
11). As long as such two groups gi, gj exist, we join them
into a new group g (lines 12-13), we remove the conflicts
associated with the joint group g (line 14), and replan for g
(line 15). We then check again whether a new conflict exists
with another group.

4) Local Conflict Resolution (LCR): Limiting the horizon
in which conflicts are considered during planning is effec-
tive in different MAPF contexts [5], [7]. This technique is
expected to work especially well for MAPF-IM, since agents
are likely to change their paths due to new information, and
thus resolving conflicts that far in the future is wasteful.
Specifically, when replanning we only consider conflicts that
are at most r steps from the current state, where r is a
parameter. To ensure a safe execution, we monitor the agents’
location during execution and call for replanning if a conflict
is about to occur within the next r steps. We refer to this
approach as Local Conflict Resolution (LCR).

B. Uncertainty-Aware Low-Level Search Policies

The low-level search in MAPF algorithms such as PP and
CBS usually aims to find the lowest cost path of a given
agent to its goal subject to some constraints. SIPP [9] was
used for this purpose in our experiments. Next, we examine
three alternative uncertainty-aware low-level search policies,
which are based on EES [8].

The Risk-Averse policy attempts to avoid replannings
overheads by avoiding passing through edges that may be
blocked as much as possible. If we knew the probability that
each edge is open or blocked, we could quantify the risk
of a given path. Instead, we assume risk is correlated with
the amount of possible blocked edges in the plan and bias

the search towards paths to avoid such risks by adjusting the
ordering of nodes in EES’s focal. Technically, when a vertex
v is generated, we set d̂(v) = h(v)+penalty(p(v), v), where
p(v) is the immediate predecessor of v along the shortest
path. Thus, we can encourage the search to avoid different
types of edges.

The Explorative policy aims to gather more information
about the uncertain edges, potentially reducing the overall
solution cost. For this, we reward getting close to a possibly
blocked edge during the execution of the incumbent plan.
This is done by placing a negative penalty (=reward) over
edge (u, v) when computing d̂(v) as noted above.

The Hybrid policy integrates the two approaches by penal-
izing traversing possibly open edges and rewarding getting
adjacent to possibly blocked edges.

C. Theoretical Results

We say that an observation relation O is truthful if for
every vertex v and pair of vertices (u,w) it holds that
(v, (u,w)) ∈ O if and only if v = u and (v, w) is an edge in
the true graph G. That is, once an agent observes the state
of an edge, that state is indeed the state of the edge in the
true graph.

Theorem 1: Given a truthful observation function, the
Online Replanning framework demonstrates: (1) soundness,
ensuring that the executed plan avoids conflicts and obstacles,
contingent on the soundness of the CMAPF solver; and (2)
completeness, assuring that a solution will eventually be
found if one exists, provided the CMAPF solver is complete.

Proof: Soundness. Before taking any action, agents
observe their environment. If new information is obtained,
we adjust the plan using a sound CMAPF planner. Given
the truthfulness of O, only valid actions are considered for
the agents in the current iteration. Consequently, agents
execute only legal actions at each iteration.

Completeness. Each planning phase generates a plan
based on observed information. If the CMAPF fails to plan
with the current knowledge, meaning all edges e ∈ Eko∪Eo?

are exhausted, we include the edges assumed to be blocked,
i.e., we apply CMAPF search on a graph G = ⟨V,Eko ∪
Eo? ∪Eb⟩. Thus, we will eventually uncover the true graph.

By definition, Online Replanning is snapshot optimal
when using AlwaysReplan and an optimal CMAPF algo-
rithm such as CBS. Thus, using PP for replanning means
losing the snapshot optimality property. Next, we prove that
ImpD+CBS preserves this property.

Theorem 2: Online Replanning with ImpD+CBS is sound
and snapshot optimal.

Proof: Let Π be a snapshot optimal plan, and let
a1, a2 ∈ A and π1, π2 ∈ Π be a pair of agents and their
corresponding plans. Suppose that a1, a2 were detected to
conflict, either in a vertex conflict or in a swapping conflict,
i.e., ∃t′ : (π1[t

′] = π2[t
′]) ∨ ((π1[t

′] = π2[t
′ − 1]) ∧ (π1[t

′ −
1] = π2[t

′])). If t′ < t it follows that there are no conflicts
between π1, π2 from the current timestep. Therefore, the
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agents do not affect each other; If one of them vacates a
location, it will not affect the other, as it already follows
its shortest path. Yet, this is not the case when t′ > t,
since one of the agents was constrained to occupy some
vertex that perhaps coerced him to deviate from his shortest
path. It suffices to show that a group with no affected agent
may follow its members’ current plans. Let g be such a
group, i.e., no affected agent belongs to g. By negation,
we assume that the ongoing plan for g, denoted by Πg , is
either unsound or sub-snapshot-optimal. If Πg is unsound, it
implies that there exists an agent â ∈ g whose planned path
traverses a blocked edge. Hence, by definition, a is affected.
In contradiction to the initial assumption. If Πg is not a
snapshot-optimal plan w.r.t g, it follows that exists a plan
Π̂ such that SOC(Π̂) < SOC(Π). Thus, at least one agent
a ∈ g may shorten its current plan. Therefore, by definition,
a is affected. Contradiction. ■

V. EMPIRICAL EVALUATION

We implemented the proposed algorithms in
C++ 1 and compared them experimentally on five
diverse grid maps 2 taken from the standard grid
MAPF benchmark [3], namely maze-128-128-10
(Maze), warehouse-20-40-10-2-2 (Warehouse),
Paris-1-256 (Paris), den520d, and ost003d for
problems with up to 2000 agents. All experiments were
conducted on a Ubuntu 22.04.2 Intel Core i7, 2.8GHz,
16GB RAM machine.

A. Experimental Setup

The MAPF benchmark provides 25 scenario files for each
grid specifying start and goal locations for different numbers
of agents. To define MAPF-IM problems, we created the
true graph by adding and removing edges from a given grid.
For each grid G we created 50 different initial snapshots
Gi

s where i denotes the size of Eo?, Eb?. Each snapshot
was generated by randomly sampling edges for Eo?, and
Eb?. CBS-based planners were evaluated on four different
initial snapshots, where i ∈ 25, 50, 75, 100 and the number
of agents was limited to 100. PP based planners, that scale
better, were evaluated on more complex grids where i ranges
from 40 to 1000 and the number of agents was up to 2000.
In all experiments, we assume that Eko = ∅ initially, while
Ekb contains all non-neighbor pairs of positions in the grid.
That is, we assume that all edges are uncertain to begin with,
except for shortcuts between remote positions that we know
do not exist. The uncertain edges were strategically placed
to affect the agents’ paths to their goals. Figure 1 shows grid
examples where green and red cells denote possibly blocked
and traversable edges, respectively.

We evaluated every combinations of algorithms presented
in this paper 3, namely, using PP or CBS as the underlying
MAPF solver, with or without ImpD, Full conflict resolution
or LCR, and SIPP or EES. For EES, we experimented

1MAPF-IM GitHub Repository
2Moving AI Benchmarks
3All experiment results are available in the GitHub repository

with the three uncertainty-aware low-level search policies
we proposed — Risk-averse, Explorative, and Hybrid. The
main metrics we consider are (1) success rate, i.e., the ratio
of problems solved within the 3-minute time limit; and (2)
sum of costs (SOC).

B. Results

TABLE I: Evaluating the effects of LCR framework and
ImpD on ost00d(top), den520(middle), Paris(bottom) maps.

The plots presented in Table I (left) depict the relationship
between the number of solved problems (x-axis) and runtime
(y-axis) for each algorithm, showcasing several key trends
across different grid types. Most notably, our ImpD method
(dashed line), which efficiently identifies agents that do not
require replanning, consistently demonstrates a significant
performance advantage across all configurations. This en-
ables a greater number of problems to be solved within the
same runtime, highlighting the method’s effectiveness. The
impact of ImpD is particularly pronounced in the den520d
and Paris maps, where the Local+ImpD+CBS configuration
solved all instances approximately five times faster than
Local+CBS without ImpD. Furthermore, this performance
boost extends to PP-based planners, where the incorporation
of ImpD yields similarly substantial improvements.

PP-based solvers demonstrated superior performances by
sequentially handling agents, reducing search space and
computational time. In contrast, CBS-based algorithms face
exponential runtime growth with increasing conflicts, result-
ing in significant computational overhead.

Local conflict resolution is significantly more efficient
in terms of runtime compared to full conflict resolution.
However, its short-term focus might lead to more frequent
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Fig. 3: ∆ SOC results for ost003d (left), den520d (middle), and Maze (right).

replanning, consuming time and computational resources that
could otherwise be used to solve more problems under a full
replanning approach.

Example 2: Figure 4 illustrates a scenario where full
conflict resolution is better than local resolution. Two agents
aim to reach their respective treasure boxes, with their
intended paths shown as solid lines. Employing local conflict
resolution with a horizon of r = 1 leads to eight CT node
expansions, as one agent continually yields to the other to
achieve its goal. Conversely, full conflict resolution results in
merely one CT node expansion. Here, the potential conflict
at (3, 3) is anticipated and resolved early, prompting one
agent to take an alternative route (the dashed line).

Fig. 4: Full vs. local conflict resolution example

Next, we analyze the impact of the number of agents and
uncertain edges on algorithm performance. Table I(middle)
shows success rates as uncertain edges increase, and Ta-
ble II(middle) does the same for agents. In each snapshot, we
incrementally added uncertain edges or agents and tested the
algorithms. Each snapshot was built by strategically placing
uncertain edges in either Eo? or Eb? (Figure 1). The effect of
ImpD and Local is clear; both reduce runtime and increase
success rate.

Table II shows the benefits of using our modified EES as
the low-level search. All tested algorithms were integrated
with the LCR framework, PP and ImpD. Regardless of the
policy, all EES-SIPP low-level planners demonstrate at least
a twofold improvement in speed compared to the baseline
(red line). The ImpD-enhanced EES variants consistently
exhibit superior performance, not only in terms of computa-
tional efficiency but also in their ability to scale effectively
across various problem configurations. Overall, the risk-
averse policy consistently outperformed the other policies.
In the maps used for our experiments, avoiding uncertain

edges proved to be a more effective strategy, as it reduced
the need for replanning.

TABLE II: Evaluating the impact of various low-level search
algorithms’ policies on the Warehouse (top), den520 (mid-
dle), and Paris (bottom) maps.

We also analyze the cost (SOC) the solutions re-
turned by each algorithm. Preliminary results showed that,
as expected, the snapshot optimal algorithms (Full+CBS,
Full+ImpD+CBS) yield the lowest SOC. Thus, we report
the difference between the SOC they obtain and the SOC
of Full+CBS, normalized by the SOC of Full+CBS. We
denote this by ∆SOC. Figure 3 shows a Box and Whisker
plot of the ∆SOC for each grid and algorithm, where
F=full, L=local, C=CBS, P=PP, I=ImpD, E=EES, R=Risk-
Averse, e.g., FIER represents the Full+ImpD+EES+Risk-
Averse algorithm. We do not show results for Full+CBS
and Full+ImpD+CBS as they yield the reference snapshot
optimal SOC value (i.e., ∆SOC=0).

In all grids Local+CBS and Local+ImpD+CBS yield better
(i.e., lower) SOC than the PP-based algorithm. This is
because CBS is geared towards finding joint lowest-cost
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solutions, while in PP each agent aims to optimize its own
plan. Interestingly, the Local algorithm either matches or
surpasses the performance of the Full algorithm in terms
of solution quality. In the Local algorithm an agent alters its
path from the shortest one only upon detecting an imminent
collision within a predefined distance r. The Full algorithm
employs a proactive approach, whereby agents are initially
rerouted from their shortest paths to preemptively mitigate
potential collisions. However, given the dynamic nature of
route changes, this preemptive deviation from the shortest
paths in the Full algorithm appears to be superfluous.

Incorporating ImpD in most cases did not affect solution
cost, as expected, except for configurations of Full, PP
and EES, where using ImpD had a negative impact on the
solution cost. ImpD+PP implicitly assigns lower priorities to
affected agents by considering only their paths for replan-
ning. Consequently, these agents may choose long unnec-
essary detours, increasing the SOC. This could be mitigated
through alternative agent prioritization strategies, particularly
by incorporating all agents’ plans into the replanning process.

VI. CONCLUSION AND FUTURE WORK

This paper studies the MAPF-IM problem, where the prob-
lem solver has limited knowledge about the traversability of
certain edges. We proposed an online replanning framework
for solving MAPF-IM problems and explore several ways to
implement it. To reuse existing plans as much as possible
while adapting to observed changes, we propose a novel
method that identifies which agents should not replan as
they are likely unaffected by the observed changes. We
also proposed a way to consider the uncertainty in a lower-
level path planning procedure. We evaluate these methods
experimentally, showing that they greatly reduce runtime.
Our study paves the way for other research inquiries, such
as addressing the challenges of solving MAPF-IM in set-
tings characterized by communication delays or high costs,
exploration-exploitation tradeoff, and more. We propose a
specific approach for reusing information collected in pre-
vious replanning episodes by intelligently selecting which
agents should replan. Orthogonality, one may use incremen-
tal search methods such as D∗-lite [30] and LPA∗ [31] for
the individual planning. We leave the integration of these
ideas to future research.
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