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Abstract

Multi-Agent Path Finding (MAPF) seeks collision-free paths
for multiple agents from their respective start locations to
their respective goal locations while minimizing path costs.
Many MAPF studies rely on a common assumption of syn-
chronized actions, where the actions of all agents start at the
same time and always take a time unit, which may limit the
applicability of MAPF planners in practice. To bypass this
assumption, various algorithms have been developed to han-
dle asynchronous, non-unit-time actions, ranging from op-
timal to unbounded sub-optimal algorithms. This paper fo-
cuses on bounded sub-optimal algorithms for MAPF with
asynchronous actions (MAPF-AA) due to their ability to bal-
ance solution quality and runtime efficiency. For MAPF, the
recent bounded sub-optimal algorithms can intelligently dis-
tribute the sub-optimality bound among the agents based
on agent-agent collision to achieve fast planning even with
tight bounds. We find that directly adapting these techniques
to MAPF-AA can degrade their performance due to asyn-
chronous actions. This paper thus develops new techniques
to consider asynchronous actions when distributing the sub-
optimality bound among the agents and when selecting nodes
for expansion during planning. Results show that our ap-
proach achieves up to 60% higher success rates and reduces
the number of expansions during planning by up to an order
of magnitude compared to existing methods.

1 Introduction

Multi-Agent Path Finding (MAPF) plans collision-free
paths for a set of agents moving in a shared environment,
which is typically represented as a graph, while minimiz-
ing path costs (Stern et al. 2019; Sharon et al. 2015). MAPF
has been studied extensively due to its broad applications
in logistics, and various MAPF planners were developed.
Among them, many planners leverage a “synchronized” as-
sumption that all agents start their next actions at the same
time and each action has the same unit-time duration. In
real-world deployment, however, agents can have different
speeds, edge traversal times can vary, and actions are exe-
cuted asynchronously, which violates this synchronized as-
sumption. Without this assumption, many planners lose their

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Agent 1 [N
1

Agent 2-: Asynchronous, oo
= Speed Agent 1| |
Agent 3 [ 17771 Agent2 4L |

Conflict Intensity

(b) Flexible Bound Distribution (C) Prioritization

B Continue Time
B Heterogeneous Agent
B Asynchronous Action

Figure 1: Overview of our method. (a) MAPF-AA exhibits
three key characteristics: continuous time, heterogeneous
agents, and asynchronous actions. (b) To speed up finding
a bounded sub-optimal solution, we design a flexible bound
distribution that accounts for asynchronous action and agent
speeds. (c) We further introduce conflict intensity to charac-
terize the temporal overlap of conflicts and use it for node
prioritization during planning.

runtime efficiency or solution quality guarantees, which mo-
tivates the research on MAPF variants such as Continuous-
Time MAPF (Andreychuk et al. 2022), MAPF with Asyn-
chronous Actions (MAPF-AA) (Ren, Rathinam, and Choset
2021), MAPF with Time Uncertainty (Shahar et al. 2021),
and MAPFR (Walker, Sturtevant, and Felner 2018). The key
idea in those variants is: the actions of agents can take differ-
ent amounts of time, where action durations are continuous
and can be any non-negative real value, and as a result, the
agents may not start and end each of their actions at the same
discrete time steps (as shown in Fig. 1(a)).

This paper focuses on MAPF-AA, which describes agent-
agent collision using duration conflicts (Ren, Rathinam, and
Choset 2021; Okumura, Tamura, and Défago 2021): when
an agent traverses an edge over a time interval, it occu-
pies both end vertices of that edge during that time interval,
and no two agents can occupy the same vertex at the same
time. Various planners for MAPF-AA have been developed,
including optimal planners such as CBS-AA (Wu, Zhao,
and Ren 2026), and unbounded sub-optimal planners (Zhou,
Zhao, and Ren 2025a,b). However, these optimal planners
find optimal solutions yet suffer from limited scalability, and



the unbounded sub-optimal planner handles many agents yet
finds highly sub-optimal solutions. This paper is thus inter-
ested in developing bounded sub-optimal planners.

To our knowledge, there is no bounded sub-optimal al-
gorithm for MAPF-AA yet. In contrast, for MAPF, various
bounded sub-optimal methods have been developed to im-
prove scalability while still providing solution-quality guar-
antees (Barer et al. 2014; Li, Ruml, and Koenig 2021; Chan
et al. 2022, 2025). Most of them follow the Conflict-Based
Search (CBS) (Sharon et al. 2015) framework, a two-level
search for MAPF, where the high-level detects and resolves
agent-agent conflicts by adding constraints to each agent
involved in the conflict, and the low-level replans agent’s
path to satisfy the added constraints by the high-level. These
CBS-based bounded sub-optimal methods typically allow a
user-specified sub-optimality bound w > 1 and maintain a
lower bound on the optimal solution cost. During the search,
they use FOCAL search (Pearl and Kim 1982) to collect all
high-level nodes whose costs are within w times this lower
bound into a FOCAL list, and expand nodes from this list by
prioritizing those with conflict heuristics (e.g., the number
of conflicts along the current paths). Beyond conflict heuris-
tics, prior CBS work also reduces search effort by priori-
tizing which conflicts to resolve (Boyarski et al. 2015) and
by using high-level heuristics to guide the search (Li et al.
2019; Felner et al. 2018).

The recent bounded sub-optimal MAPF planners (Chan
et al. 2022, 2025) make the bound flexible and can intel-
ligently distribute the bound among the agents based on
agent-agent collision to achieve fast planning even when the
bound is tight. Properly distributing the bounds among the
agents can help keep the newly generated high-level nodes
remain in the FOCAL list, so that these new nodes remain
eligible for further expansion in subsequent iterations and
enable the search to reach a conflict-free solution faster. To
distribute the bounds, existing methods (Chan et al. 2025)
often count the number of conflicts along the paths and esti-
mate the extra delay needed to satisfy constraints.

Directly transferring these techniques of flexible bound
distribution and node prioritization from classical MAPF to
MAPF-AA is ineffective because MAPF-AA introduces ad-
ditional “temporal coupling”:

* In MAPF-AA, resolving a conflict often induces a con-
tinuous waiting interval whose length depends on both
agents’ speeds and asynchronous action. The existing
methods for MAPF that count the number of conflicts or
estimate the delay can lead to inappropriate bound distri-
bution, causing generated high-level nodes to fall outside
the FOCAL list, which slows down the search.

* With heterogeneous speeds, the same amount of flexible
bound distribution can have very different effects: a fast
agent may detour around many conflicts with a small cost
increase, while a slow agent may gain little benefit from
the same flexible bound distribution.

» For the prioritization of FOCAL, two nodes with the
same number of conflicts can differ substantially in how
much waiting is needed to resolve them, which impacts
whether high-level nodes remain within the FOCAL list.

These challenges make existing flexible bound distribution
and FOCAL prioritization rules ineffective for MAPF-AA.
We incorporate MAPF-AA characteristics by designing new
flexible bound distribution and prioritization methods and
fuse them into CBS-AA. We propose BCBS-AA (Bounded
CBS-AA), which includes:

* Asynchronous Bound Distribution (ABD), which esti-
mates delay using the time-interval lengths of CBS-AA
constraints and distributes the bound accordingly.

* Speed Bound Distribution (SBD), which distributes more
bound to faster agents, leveraging their higher detour ef-
ficiency under a small cost increase.

e Mixed Bound Distribution (MBD), which combines
ABD and SBD and adjusts the maximum allowed bound
to avoid generating high-level nodes outside the FOCAL
list (as shown in Fig. 1(b)).

* We propose Conflict-Intensity Prioritization (CIP),
which introduces conflict intensity measures for node
prioritization, based on temporal overlap durations rather
than conflict numbers (as shown in Fig. 1(c)).

We evaluate on the MAPF benchmark maps (Stern
et al. 2019) under different sub-optimal bounds with ab-
lation studies. Results show that our approach, BCBS-AA
(Bounded CBS-AA), achieves up to 60% higher success
rates and reduces the number of expansions during planning
by up to an order of magnitude than naively adaption of the
existing flexible bound distribution methods to MAPF-AA.

2 Problem Formulation

Let I = {1,2,..., N} be the index set of N agents, where
each 7 € I denote a specific agent. The workspace is rep-
resented by an undirected graph G = (V, E), where V
is the set of vertices representing reachable locations by
the agents, and £ C V x V represents the actions that
move an agent from one vertex to another adjacent vertex.
The travel time of each edge may vary for each agent. Let
7%(u,v) € Rx>( denote the travel time for agent i to move
from u to v. All agents can wait at a vertex for an arbitrary
amount of time.

Let s* = (v,t) denote the space-time state of agent i, and
let A® = (si,s4) denote a state transition from s} to sj.
Given A = ((vi,t}), (v}, %)), let T(A") denote the dura-
tion of A’. For any action, ty = t} + T(Al) For a move
action, v} is adjacent to v?, and T(Al) =7 (vl, v4) is given
by input. For a wait action, we have v} = v}, and the dura-
tion 7(A?) € Rx is determined by the planner.

We use the same conflict model from existing work (Ren,
Rathinam, and Choset 2021; Okumura, Tamura, and Défago
2021), as illustrated below.

Definition 1 (Duration Occupancy). When agent i performs
an action ((vi,t}), (vi,t)), both vi and vy are occupied
by i during the action, which is called Duration Occupancy
(DO). Specifically, v} is occupied at time th, vd is occupied
at time tb, and both vi,vi are occupied during (t},t%). At
any time point, a vertex can only be occupied by at most one
agent. Multiple agents are in conflict if they both occupy the



Algorithm 1: CBS-AA

1: Q.+ 0,7, g < LowLevelPlan(£2.)
2: Add Proot.1 = (7,9, Q) to OPEN
3. while OPEN # {) do

4: P = (m,g,9Q:) + OPEN.pop()

5: cft < DetectConflict(r)

6: if cft = NULL then return 7

7 Q < GenerateConstraints(c ft)

8: forallw" € Q1 do

9: Q' =Q.u{w'}

10: 7', g' < LowLevelPlan(Y)
11: Add P’ = (', g', ') to OPEN
12: end for

13: end while
14: return failure

same vertex for a non-empty time interval, which is referred
to as Duration Conflict (DC).

Let Vi, V, denote the set of start and goal locations of
all agents, and v’ € V;,v! € V denote the start and goal

8 g . . . .
location of agent i respectively. Let T (vg,vg) = ‘(56 =
(v5,0), 81, ..., 8, = (vg,t;,)) denote a path from vg to v,.

The cost of 7 is ¢}, denoted as g(7’), which is the time
point it reaches vf] and can permanently stay after ¢} with-
out conflict. Multi-Agent Path Finding with Asynchronous
Action (MAPF-AA) P = (V, E,V;, V,) seeks to find a set
of conflict-free paths such that (1) each agent ¢ € I starts at
vé and ends at v;; and (2) minimize the sum of costs (SoC)

of all agents’ paths, i.e., min ., g(7").

Remark 1 (Duration Settings). We consider two settings
for obtaining 7' (u,v) later when presenting our methods.
(i) Speed-driven: Each agent has a known speed, and each
edge has a length value. The duration 7¢(u,v) is the ratio of
the length over the agent’s speed. In this case, a faster agent
has a shorter duration for all edges than a slower agent. (ii)
General: 7% (u,v) are directly provided as input, and can
take any positive value for any agents.

3 Preliminaries
3.1 CBS with Asynchronous Action (CBS-AA)

CBS-AA (Wu, Zhao, and Ren 2026) is a two-level search al-
gorithm that finds an optimal solution for MAPF-AA. Like
CBS, CBS-AA (Alg. 1) builds a Constraint Tree (CT), where
each CT node maintains a set of paths. The root node con-
tains individually optimal paths computed ignoring other
agents. CBS-AA then repeatedly selects and expands the
CT node, detects duration conflicts, and branches by adding
time-interval constraints. At the low level, CBS-AA replans
only the constrained agent with a continuous-time single-
agent planner SIPPS-WC (Wu, Zhao, and Ren 2026). CBS-
AA returns an optimal solution for any solvable instance.
For a vertex v, CBS-AA defines three action types:
IN(w) = {A" | vi = v}, oUT(v) = {A? | v} = v},
and WATT(v) = {A" | v} = vi = wv}. If agent i goes
through v, it performs A% € IN(v), Ay, € WAIT(v), and
A%, € oUT(v) in order (where wait time is zero if there is

no waiting). Conflicts are classified into three types accord-
ing to the involved actions: IN-IN, OUT—-IN, WAIT-IN.
Each type induces different constraints, defined over time
intervals rather than discrete time steps. To efficiently re-
solve these conflicts, CBS-AA introduces Constraints on
Multiple Actions (CMA), a method for resolving conflicts
by propagating constraints to multiple actions using DO.
For example, consider an TN—IN conflict (A%, A7, v); be-
tween agents 4 and j, where A" = ((vi, 1), (v, t})), AT =
((v1,19), (v3,5)) and v = v = v}. Let 7/,, 7%, (resp.,
7,72, denote the minimum IN and OUT travel times at v
for agent i (resp., j), i.e., 7/, (v) = mine_(y, »)ep (7" (v, v))
and 7}, (v) = min,_(y u)e (7' (v, u)). To permit agent j’s
current action, CMA adds a time-interval constraint (i, * —
v, [ty ] + 72, + T2u1))m to agent i for forbidding it from
starting any IN action (—) from any vertex () into the
conflict vertex v} within the interval [t}, t] + 77 + 72,,).
On the other hand, to permit agent ¢’s current action, CMA
adds another time-interval constraint (j, * — v3, [t], | +
i 471 ))m to agent j. These interval constraints explicitly
incorporate the agents’ asynchronous action when entering
and leaving the conflict vertex.

At the low-level, CBS-AA introduces SIPPS-WC, a
single-agent planner that explicitly accounts for soft con-
flicts (when the time interval of the agent’s action overlaps
with another agent’s time interval), which may occur during
waiting inside a safe interval. To briefly summarize, a state is
s = (v,t,tp, c?), where ¢ counts the soft conflicts incurred
by waiting at v from ¢ to ¢5,, and each state also maintains
¢(s), the number of soft conflicts accumulated along the path
to s. Because soft constraints can split a safe interval, mul-
tiple states may be generated for the same safe interval with
different ¢ and c;;. Duplicate detection uses dominance on
states with the same (v, tp, c?): s dominates s’ if s.t < §'.¢
and ¢(s) < ¢(s); dominated states are pruned, and a better
(non-dominated) partial path for a previously expanded state
is reinserted into OPEN for possible re-expansion.

3.2 Bounded Sub-Optimal Variants of CBS

Bounded sub-optimal variants of CBS, such as ECBS (Barer
et al. 2014) and EECBS (Li, Ruml, and Koenig 2021), trade
off optimality for efficiency and guarantee a solution within
a sub-optimality bound w > 1. For each CT node N, the
low-level search for agent ¢ maintains the minimum f-value
in its OPENy, list, denoted f . (), which is a lower bound
on the optimal path cost of agent 7 subject to constraints. The
low-level uses FOCAL search and forms FOCALy, = {n €
OPENy, | f(n) < w- fi. (N)}, and selects a node from
FOCALy using a conflict heuristic (e.g., number of conflicts)
to guide the search. Let [b°(N) = fi. (N) denote the (best-
known) lower bound on the minimum cost of the path that
satisfies constraints of agent 7. The lower bound of CT node
N isthen LB(N) = Y., Ib'(N). Let N denote the set of
all currently maintained CT nodes. The global lower bound
is LB = minyen LB(N), which is a lower bound on the
optimal solution cost of the entire problem.

Definition 2 (Globally bounded sub-optimal frontier). A CT



node N is globally bounded sub-optimal iff COSE(N) <w,

where cost(N) is the cost of node N. The set of globally
bounded sub-optimal CT nodes is referred to as the globally
bounded sub-optimal frontier.

Accordingly, the high-level FOCAL list is FOCALy =
{N € N | cost(N) < w - LB}, ie., the globally
bounded sub-optimal frontier, and nodes in FOCALy are
prioritized by a conflict heuristic (e.g., number of conflicts).
By combining the FOCAL framework with conflict heuris-
tics, bounded sub-optimal CBS variants significantly im-
prove scalability while guaranteeing that the returned solu-
tion cost is at most w times the optimal cost.

3.3 Flexible Bound (Flex) Distribution

Flex Distribution (Chan et al. 2022, 2025) is a bounded sub-
optimal method for CBS solvers that relaxes per-agent low-
level thresholds by redistributing the flexible bound across
agents. When branching a CT node N to a child node N
and replanning a specific agent ¢, the low-level threshold is
increased using the bound contributed by other agents, while
preserving the overall sub-optimality bound. The threshold
of the low-level search for agent ¢ is

0" = w - max{ fi, (N), Ib'(N)} + A’ (1)

where A’ is the bound contributed by other agents. Intu-
itively, A’ gives agent 7 more flexibility during replanning
to take detours and avoid conflicts, while the overall solu-
tion is still kept within the bounded sub-optimal guarantee.
To distribute the bound, several strategies were proposed:

Greedy-based Flex Distribution (GFD) lets A%, de-
note the maximum allowed flexible bound for agent ¢

Al = Y (w10 (N) = I (N)) ©)
J#i

where ¢/ (V) is the path cost of agent j in CT node N. GFD
distributes the maximum allowed flexible bound to agent 7,
i.e., A" = Al . Prior work (Chan et al. 2025) observed that
this greedy rule may spend the entire flexible bound when
replanning, making the generated child nodes no longer lie
on the globally bounded sub-optimal frontier. This motivates
more conservative and structured bound distribution rules.

Conflict-based Flex Distribution (CFD) distributes the
flexible bound proportionally to the number of conflicts an
agent is involved in. If A? > 0, the distributed bound is
Al = pi - Al where the conflict ratio p! = &, X7 is
the number of conflicts involving agent ¢ and X is the total
number of conflicts in the current CT node. If AL, < 0,
the method falls back to GFD.

Delay-based Flex Distribution (DFD) distributes part of
the bound according to the estimated delay caused by the
constraints on the replanned agent. The delay-based bound

is A% = min {Afnax, D pewi(n) dw}, where dy, is the esti-
mated delay required to satisfy constraint 1. DFD assumes
that satisfying one constraint incurs a delay of one timestep.
The remaining bound is then distributed proportionally to
the conflict ratio p’, resulting in A* = A+ p*(A? . — AD).

K2
max

Mixed-strategy Flex Distribution (MFD) combines
CFD and DFD while ensuring bounded sub-optimality.
MFD first computes the flexible bound A’ using DFD. The
bound is accepted only if the resulting node remains globally
bounded sub-optimal, i.e., w - Ib*(N) + Ai + > C(N) <
w - LB. If the condition is violated, MFD falls back to
CFD. If the condition still does not hold, MFD reduces the
bound by recomputing A’ . using the CT node N with
LB(Nfr) = LB or setting A* = 0, ensuring that the gener-
ated CT node remains globally bounded sub-optimal.

Overall, these flexible bound distribution rules bias the
distribution to keep the high-level nodes on the globally
bounded sub-optimal frontier whenever possible, so they re-
main eligible for further branching in subsequent iterations
and enable the search to reach a conflict-free solution faster.

4 Method

Similar to extending CBS to ECBS, we extend CBS-AA by
introducing focal search at both high- and low-levels, yield-
ing ECBS-AA. We incorporate the characteristics of MAPF-
AA into bounded sub-optimal CBS techniques, and then
modify Alg. 1 at three key points. First, the flexible bound
distribution (Secs. 4.1-4.3) is inserted right before each re-
planning call (Line 10). Second, the high-level node selec-
tion (Line 4) is replaced with bounded sub-optimal focal
search, prioritizing CT nodes inside the focal list by conflict
intensity (Sec. 4.4). Third, we replace the low-level planner
in LowLevelPlan (Line 10) with bounded sub-optimal focal
search, prioritized by conflict intensity (Sec. 4.5).

4.1 Asynchronous Bound Distribution (ABD)

The CMA method in CBS-AA (Sec. 3.1) captures tempo-
ral interactions between asynchronous actions. When two
agents execute actions that overlap in time and cause a con-
flict, CBS-AA generates constraints that forbid an agent
from executing specific actions within a time interval.

Formally, a CMA constraint for agent 7 can be written as
(i, A, [ts,t.)), which forbids agent i from starting action
A® within the interval [t,, t.). The interval encodes the time
window in which executing the action would cause a col-
lision due to the temporal overlap between the actions of
two agents. Such intervals naturally incorporate the speeds
of agents, action durations, and asynchronous execution.

We leverage the CMA intervals to estimate the delay
caused by constraints when replanning an agent. For a CT
node N that replans agent ¢, we collect all CMA constraints
¥ € U'(N) and compute

A= I { A Epewimn | Tul} Afax > 0,
Aj otherwise.

max?

I, denotes the forbidden time interval of constraint 1.

The existing DFD for MAPF estimates delay using sim-
ple heuristics, where the delay for satisfying a constraint
is approximated as one timestep. In contrast, MAPF-AA
involves asynchronous actions, where conflicts arise from
temporal overlaps between actions with different durations.
CMA constraints explicitly encode this information. By in-
corporating the interval information of CMA constraints,
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Figure 2: The waiting time required for agent j to yield to
agent ¢ varies with agent 4’s travel time 7; and its execution
process (moving in or moving out of the conflict vertex).
(a)-(b) When agent ¢ is fast (r; = 0.6), if 4 is moving in to
the conflict vertex, j needs to wait 1.2; if ¢ is moving out, j
needs to wait 0.6. (c)-(d) When agent ¢ is slower (1; = 1.0),
the corresponding waiting times increase to 2.0 for moving
in and 1.0 for moving out.

ABD distributes the bound that better reflects the actual tem-
poral impact of conflicts.

For example, in Fig. 2, when yielding to a slower agent,
the resulting interval is longer and more bound should be
distributed. Similarly, when an agent has just entered the
conflicting vertex, resolving the conflict may require a larger
delay. These temporal effects are captured by CMA in-
tervals. By estimating delays using CMA constraint inter-
vals, ABD explicitly considers the temporal coupling among
the agents and distributes the bound accordingly. Moreover,
since CMA intervals are determined by the actual travel
times, ABD can be applied to both the speed-driven setting
and the general setting described in Remark 1.

4.2 Speed Bound Distribution (SBD)

In MAPF-AA, for the speed-driven setting as mentioned in
Remark 1, when agents’ speeds are very different, the costs
of individually optimal paths can vary significantly across
agents even on the same map. This makes the effect of dis-
tributing the same amount of bound highly uneven: a given
amount of bound may be negligible for a slow agent but suf-
ficient for a fast agent to take meaningful detours and avoid
multiple conflicts.

As shown in Fig. 3, consider two agents ¢ (slow) and j
(fast) with individually optimal costs ¢! = 6 and ¢/ = 0.6,
respectively, and bound sub-optimal factor w = 1.5. Dis-
tributing the maximum allowed bound to the slow agent ¢
may still be insufficient to enable a detour that resolves con-
flicts. In contrast, distributing the bound to the fast agent
7 can allow it to detour substantially with its own speed,
bypass the conflict, and yield a conflict-free solution while
staying within the sub-optimal bound.

Motivated by this observation, we propose SBD, which
biases the flexible bound distribution toward faster agents.
Let " denote the speed of agent 4, and let v, = max{v" |
k € I} be the maximum speed among all agents. Given the
maximum allowed bound A¢ ., SFD distributes

max?

Az’ — Unv]ax ’ Aznax’ ALlax Z 0, (4)
Al otherwise.

max?

t/ = 0.1
¢/ =06

Figure 3: Agent i is slow with 7¢ = 1.0 and current path cost
¢! = 6.0, while agent j is fast with 77 = 0.1 and current
path cost ¢/ = 0.6. The sub-optimal bound is w = 1.5.
According to Eq. (1) and (2), the maximum allowed bound
foriis Al = 0.3, yielding a low-level cost threshold §° =
9.3; however, a detour path for ¢ has cost cél = 10.0 and
thus cannot be accepted. In contrast, the maximum allowed
bound for j is AJ . = 3.0 with threshold #/ = 3.9, and
a detour path of cost ¢/, = 1.0 is feasible, enabling the fast
agent to detour and avoid conflicts under the same bound.

Our scaling rule never increases the bound beyond the
maximum allowed amount: when Ap,x; > 0, we have
U“K’i € (0,1] and thus A; < Ayax,;. Therefore, any
bounded sub-optimality guarantee that relies on A; being
upper-bounded by A« ; remains valid. When Ap,,x ; < 0,
we follow the standard fallback and set A; = Apax,i to

maintain feasibility of the bound along the CT branch.

4.3 Mixed Bound Distribution (MBD)

A key challenge of flexible bound distribution is that over-
distributing the bound may increase the cost of a child CT
node so that it becomes no more globally bounded sub-
optimal and falls outside the globally bounded sub-optimal
frontier, making it unlikely to be expanded. Therefore, like
MFD, MBD explicitly targets the globally bounded sub-
optimal frontier and reduces the bound when necessary,
while still distributing the bound effectively to resolve con-
flicts under MAPF-AA.

Given a parent CT node N and a child CT node N that re-
plans agent i, we first compute a candidate bound A’ and test
whether using it would keep the child node globally bounded
sub-optimal. If not, we reduce the bound by tightening the
maximum allowed bound A¢ . before re-computing A®.

We compute two candidates, ABD Ag (Eq. (3)) and
SBD Ag (Eq. (4)). The two candidates provide comple-
mentary information. SBD depends only on the speed, so

the scaling ratio ;*— is static during the search, while
ABD depends on the CMA constraints and thus changes
with the temporal conflict along the CT branch. We select
Al = max{A%, AL}. Intuitively, we start by distributing
the bound according to speed. If the estimated asynchronous
delay exceeds the speed-based distribution, it indicates that
the agent is involved in substantial temporal coupling, and
we thus distribute more bound using ABD.



We accept A only if using it keeps the child node glob-
ally bounded sub-optimal. Using the same sufficient check
as in MFD, we require w - [b°(N) + Al; + D d(N) <
w - LB. If the condition holds, we use Afv[ to relax the low-
level threshold of agent i. Otherwise, like MFD, we reduce
the bound by tightening the maximum allowed bound and
recompute Al

Specifically, we replace A’ . with a tighter value com-
puted using the CT node N that attains the global lower
bound, i.e., LB(Np) = LB: Al = WY, 4,0 (Np) —
> j£:¢ (V). If the recomputed maximum allowed bound
is positive and smaller than the previous one (i.e., 0 <
Al < AL, we replace AY L with AY - and recom-
pute Al ; otherwise, we set A; = 0. This hierarchical reduc-
tion aims to keep child nodes on the globally bounded sub-
optimal frontier and eligible for expansion as much as pos-
sible, while still leveraging the bound to resolve conflicts.

By combining (i) a static speed-based prior and (ii) a
dynamic asynchronous delay estimate from CMA, MBD
distributes the bound in a way that is both speed-aware
and conflict-aware under MAPF-AA. Moreover, the glob-
ally bounded sub-optimal check prevents over-distribution
that would push CT nodes beyond the globally bounded sub-
optimal frontier, improving search focus and efficiency.

4.4 CIP for High-Level

In bounded sub-optimal CBS solvers, the high-level typi-
cally orders CT nodes inside FOCAL using conflict-based
heuristics such as the number of conflicts, where a conflict-
ing pair contributes 1 and a non-conflicting pair contributes
0. However, in MAPF-AA, conflicts differ not only in num-
ber but also in intensity. We define the infensity of a con-
flict as the estimated waiting time needed to resolve it. Intu-
itively, nodes with smaller conflict intensities are more likely
to remain within the globally bounded sub-optimal frontier
after branching. Consider a high-level node N with paths
7(N). For any pair of agents (i, 7), let ¢/ (IV') denote the ear-
liest conflict along their paths, and let Q% (N) = {w’ w’}
be the two CMA constraints generated for resolving ¢/ (N),
where w’ : (i, A [ti %)) and w’ : (j, A7, [t],])). We use
the interval length as an estimate of the waiting time induced
by the constraint, i.e., §* (™) = 1 — %, §7(c¥) = t] — tI.
Since resolving a conflict can be achieved by constraining
either agent, we take the smaller of the two as the estimated
waiting time for conflict ¢/:

A(c) = min{§*(c"), 67(cY)}. Q)

We call it “estimated” because an agent may alternatively
resolve the conflict by detouring instead of waiting ex-
actly A(c); nevertheless, the CMA intervals provide a
continuous-time measure of the temporal coupling between
the two asynchronous actions.

For a CT node N, we compute its conflict intensity score
by summing up the estimated waiting times over all earliest
pairwise conflicts:

Hin(N) =Y A(c7(N)). (©6)
i#j

( CT node N, Y4 CT node N, )
V1 5 Y .
t} =5.0 ti =65 t} =43 tj=48
saen+ (] saen> (I
soon: ([ — |
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Figure 4: Two CT nodes N; and N5 have an IN—-IN conflict
at vertices v; and vy, respectively. By Eqgs. (5) and (6), the
conflict intensity are Hi, (V1) = 2.4, and Hip(N3) = 0.7.
Our CIP expands N, before Nj.

Intuitively, Hi, () captures not only how many conflicts
the node has, but also the expected cost impact of resolving
these conflicts via CMA intervals.

As shown in Fig. 4, we prioritize CT nodes in FOCAL
based on Hiy () from the minimum to the maximum. By
doing so, the search favors CT nodes with fewer conflicts
and smaller conflict intensity, which are more likely to stay
on the globally bounded sub-optimal frontier after branching
and thus reach a bounded sub-optimal solution faster.

4.5 CIP for Low-Level

The low-level planner is based on the SIPPS-WC in CBS-
AA (Wu, Zhao, and Ren 2026). We notice that, under the
same number of soft conflicts, the impact can differ: a path
that conflicts with a fast agent often requires less additional
delay to become conflict-free than a path that conflicts with a
slow agent. Therefore, treating every overlap as an identical
“+41” can be too coarse for prioritizing low-level states in
MAPF-AA.

We introduce an intensity measure for soft conflicts that
reflects the continuous-time overlap length. Let the agent ¢’s
partial path from the start to state s occupy vertex v over an
interval I*(v) = [t%, '] (under DO), and let another agent j
occupy the same vertex v over interval 17 (v) = [t tJ]. We
define the overlap time as

ov(I'(v), 7 (v)) = I'(v) N [P (v). (7)

For a state s, we define its soft-conflict intensity as the cu-
mulative overlap time along the path from the start to s:

I(s) = > > ov(I'(w), P (v)).  (8)

vertices v on the pathto s j#1i

This quantity captures both (i) how many overlaps exist and
(ii) how long these overlaps last in continuous time.

As shown in Fig. 5, instead of selecting the state with the
smallest number of soft conflicts, we select the state with
the smallest soft-conflict intensity Z(s), by replacing the
soft-conflict counter n(s) in SIPP-WC with Z(s). This en-
courages bounded sub-optimal low-level plans whose tem-
poral overlaps with other agents are smaller. In subsequent
high-level iterations, resolving such low-intensity overlaps
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Figure 5: When replanning agent 1, two candidate paths
have the same cost but incur different soft-conflict intensities
due to different overlap durations with other agents. Using
Egs. (7) and (8), overlap at vertex A for I*(A) N I%(A) =
0.6, and overlap at vertex B for I'(B) N I3(B) = 1.5. Our
CIP selects the path with smaller intensity, i.e., the one that
conflicts with agent 2.

typically requires a smaller cost increase, making the re-
sulting child CT nodes more likely to remain on the glob-
ally bounded sub-optimal frontier and enabling the search to
reach a conflict-free solution faster.

4.6 Analysis

Theorem 1. ECBS-AA with ABD and/or SBD (and their
mixed strategy, MBD) is complete and bounded sub-optimal.

Proof. If Apax,; < 0holds, we follow the proof as in (Chan
et al. 2025), since the rule falls back to A; = Ap,ax ;. Thus,
we focus on the case where A, ; > 0. For ABD, we
distribute A = min{A? ., A%}, where AY is the delay
estimate computed from CMA constraint intervals. Hence
A" < Al holds trivially. For SBD, we distribute A? =

U A6 . Since v8 < Uk, we have —2— € (0,1], and

VUmax max

therefore A® < A? . . For MBD, we first compute a can-
didate bound distribution from ABD and SBD and choose
A" = max{A%, AL}. Because both candidates are individ-
ually upper-bounded by A? . for Af > 0, their maxi-
mum also satisfies A® < A? If the globally bounded sub-
optimal check fails, the algorithm reduces the effective max-
imum allowed bound and recomputes A’, or sets A? = 0,
which again ensures A* < AL .

Therefore, in all cases, the distributed bound never ex-
ceeds the maximum allowed bound. By Theorem 2 in
(Chan et al. 2025), each generated CT node N satisfies
cost(N) = 3, ¢'(N) < w3,/ '(N) = w-
LB(N), and the high-level expands only globally bounded
sub-optimal CT nodes. Hence, the search is complete and
the returned solution is bounded sub-optimal. O

5 Experimental Results

We evaluate our methods on four benchmark
maps (Stern et al. 2019): warehouse-10-20-10-2-1,
room-64-64-8, maze—-128-128-10, and brc202d.
For each map, we test 25 available random cases (starts and
goals). The runtime limit is set to 120 seconds per instance.
We adopt the speed-driven setting (Remark 1): agent speeds

are randomized between 1 and 20, and the travel time is
determined by the edge length (a unit) and the speed of
agent 9.

Our baseline is ECBS-AA, which extends CBS-AA to
the bounded sub-optimal setting in the same spirit as ECBS
extends CBS. On top of ECBS-AA, we compare differ-
ent bound distribution methods under focal weights w &
{1.02,1.05}. Besides, we look into the internal running sta-
tus of algorithms in brc202d map with w = 1.05 to better
understand the search.

To validate the effectiveness of CIP, we run ablations on
brc202d with w = 1.05. Specifically, we test MBD with:
(i) CIP enabled only in the low-level, and (ii) enabled in both
the low-level and the high-level. We report the success rate
and the number of expanded nodes to quantify the impact on
search efficiency.

5.1 Comparison for Bound Distribution

Fig. 6 compares the success rates of ECBS-AA (Baseline)
and ECBS-AA equipped with different flexible bound distri-
bution strategies under w = 1.02 and w = 1.05. Overall, the
flexible bound distribution substantially improves the suc-
cess rate across all maps and agent numbers, with the largest
gains observed on maze-128-128-10 and brc202d,
where the baseline degrades quickly as the number of agents
increases. The largest gain in success rate is observed on
maze—-128-128-10 with w = 1.05. Compared to the ex-
isting method, MBD achieves up to an improvement of 64%
in success rate (MBD: 80% vs. GFD: 16%).

Among all strategies, our proposed ABD and SBD con-
sistently outperform GFD, indicating that directly distribut-
ing the full bound is less effective in MAPF-AA. Compared
to CFD and DFD (originally designed for classical MAPF),
ABD and SBD further increase the success rate on MAPF-
AA instances, showing the benefit of incorporating MAPF-
AA specific properties into the flexible bound distribution.

The advantage of ABD and SBD comes from explic-
itly accounting for asynchronous actions. By distributing
the bound in a way that better matches the temporal cou-
pling of conflicts (ABD) and the detour efficiency of fast
agents (SBD), the algorithm finds solutions faster under the
given bound. Moreover, by combining ABD and SBD, MBD
achieves the highest success rates and consistently outper-
forms all other flexible bound distribution methods across
maps and agent numbers.

Fig. 7(a) and (c) report, on brc202d with w = 1.05, the
GB ratio! and the number of expanded high-level nodes for
different flexible bound distribution strategies. Compared to
GFD, ABD expands substantially fewer CT nodes, because
it distributes the bound based on CMA constraint intervals
rather than spending the entire bound. This yields a more ap-
propriate bound for resolving conflicts while keeping child
nodes on the globally bounded sub-optimal frontier, so they

"Following (Chan et al. 2025), a generated child node N is
counted iff cost (N) < w- LB, where LB = miny/epn LB(N')
is the current global lower bound; the GB ratio is the fraction of
generated child nodes that satisfy this test.
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Figure 7: (a), (c): GB ratio and number of expanded high-
level nodes for different methods on brc202d with w =
1.05. (b), (d): Success rate and the number of expanded high-
level nodes for CIP on brc202d with w = 1.05. N is the
number of agents.

remain eligible for further branching and the search reaches
a conflict-free solution with fewer high-level expansions.

SBD achieves a higher GB ratio than ABD. By distribut-
ing more bound to faster agents, SBD enables detours with
a smaller cost increase, so generated child nodes are more
likely to stay on the globally bounded sub-optimal frontier
while conflicts are reduced quickly. In congested instances,
detouring only fast agents becomes insufficient; this is re-
flected by more high-level expansions at N = 75, where
slow agents also need detours.

MBD combines ABD and SBD. By adjusting the maxi-
mum allowed bound when necessary, it achieves the high-
est GB ratio, so its child nodes are more likely to stay on
the globally bounded sub-optimal frontier and remain eligi-
ble for further expansion. MBD behaves like SBD early in
the search (few constraints), distributing more bound to fast
agents for detours; as CMA constraints accumulate and de-

lay estimates grow, it shifts toward ABD, distributing bound
to agents with larger delays. This avoids over-focusing on
fast agents in dense instances and reduces high-level expan-
sions overall.

5.2 Comparison for Prioritization

Fig. 7(b) and (d) evaluate, on brc202d with w = 1.05, the
impact of CIP on the success rate and number of expanded
high-level nodes. We compare (i) MBD without CIP, (ii)
MBD-L, which enables CIP only in the low-level, and (iii)
MBD-LH, which enables it in the low-level and high-level.
Adding CIP at the low level improves success rates
and slightly reduces high-level expansions by preferring
bounded sub-optimal paths with smaller soft-conflict inten-
sity. Enabling CIP at both levels yields further gains: MBD-
LH achieves the highest success rate and reduces the number
of expanded high-level nodes more significantly (about an
order of magnitude vs. existing methods). This is because
the high level prioritizes nodes with smaller total conflict
intensity within the same FOCAL bound, and together with
the low-level prioritization it distinguishes cases with similar
conflict counts by their overlap durations, keeping more gen-
erated nodes on the globally bounded-suboptimal frontier
and finding conflict-free solutions with fewer expansions.

6 Conclusion and Future Work

We proposed new flexible bound distributions and node pri-
oritization methods for MAPF-AA to find bounded sub-
optimal solutions. Experiments show our approach, BCBS-
AA (Bounded CBS-AA), can achieve higher success rates
and fewer high-level expansions under tight bounds than ex-
isting methods. Future work will exploit CBS-AA’s different
conflict types induced by asynchronous actions, since their
resolutions can incur different cost increases and thus call
for conflict-type-aware flexible bound distribution.
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