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Efficient Multi-Robot Motion Planning for
Manifold-Constrained Manipulators by Randomized

Scheduling and Informed Path Generation
Weihang Guo , Zachary Kingston , Member, IEEE, Kaiyu Hang , and Lydia E. Kavraki , Fellow, IEEE

Abstract—Multi-robot motion planning for high degree-of-
freedom manipulators in shared, constrained, and narrow spaces
is a complex problem and essential for many scenarios such as
construction, surgery, and more. Traditional coupled methods plan
directly in the composite configuration space, which scales poorly;
decoupled methods, on the other hand, plan separately for each
robot but lack completeness. Hybrid methods that obtain paths
from individual robots together require the enumeration of many
paths before they can find valid composite solutions. This paper
introduces Scheduling to Avoid Collisions (StAC), a hybrid ap-
proach that more effectively composes paths from individual robots
by scheduling (adding stops and coordination motion along all
paths) and generates paths that are likely to be feasible by using
bidirectional feedback between the scheduler and motion planner
for informed sampling. StAC uses 10 to 100 times fewer paths
from the low-level planner than state-of-the-art hybrid baselines
on challenging problems in manipulator cases.

Index Terms—Multi-robot systems, constrained motion
planning, motion and path planning, collision avoidance.

I. INTRODUCTION

MULTI-ROBOT systems are essential for solving tasks
beyond the capabilities of a single robot [1]. Multi-Robot

Motion Planning (MRMP) finds continuous, collision-free paths
for multiple robots, considering collisions not just with obstacles
but also between moving robots. In MRMP, the approaches
can be categorized into three main types: decoupled, coupled,
and hybrid methods. Decoupled methods, such as those based
on velocity obstacles [2] or priority-based planning [3], are
primarily applied to mobile and aerial robots. However, they are
ill-suited for high-DoF manipulators operating in constrained,
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Fig. 1. We extend the classic planar doorway problem to high-DoF manipula-
tors. The end effectors of the two arms are constrained to a manifold on the same
plane. In this scenario, two robots must swap positions of their end effector by
navigating a narrow passage, which forces one to wait. As shown in Section IV-A,
the StAC algorithm solves this challenge in an average of 5 seconds, whereas
the state-of-the-art hybrid method fails to find a solution within 60 seconds.

cluttered environments, where the mapping from workspace
to configuration space is high-dimensional and complex, and
the configuration space contains many narrow passages. Conse-
quently, they often face deadlocks and are inefficient in capturing
the required coordination. This paper focuses on the constrained
and cluttered scenarios, and we consider robotic arms with
manifold constraints, which limit their motion to a surface, such
as a planar work surface (see Fig. 1). In such complex cases,
coupled and hybrid methods are more widely used due to their
ability to handle the intricate coordination required.

Coupled methods plan directly in the composite configuration
space by modeling the multi-robot system as a single entity.
Algorithms such as dRRT [4] extend the principles of classic
RRT [5], sampling composite configurations that jointly encode
the states of all robots. dRRT often scales poorly, making it
unsuitable for complex scenarios involving high-DoF manipula-
tors in confined spaces (see Section IV). Hybrid approaches [6],
[7] combine the strengths of coupled and decoupled methods
by using a low-level planner to generate paths individually and
a high-level planner to schedule them. The process typically
involves two main components. The first component is planning:
each robot plans a path from its start to its goal, avoiding
obstacles and ignoring other robots. The second component is
scheduling: based on these planned trajectories, the execution is
scheduled by adjusting velocities or introducing pauses to ensure
that no inter-robot collisions occur during motion.

A less-explored aspect of hybrid approaches is effective
scheduling. Methods such as CBSMP [7] emphasize enumer-
ating paths over exploring alternative schedules. CBSMP, for
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Fig. 2. An illustration of SCHEDULE(P). Robots a and b are in the environment
with their start as, bs and goal ag , bg . Paths returned by the low-level planners
are obtained from the PRM (see Remark 1). SCHEDULE(P) uses a set of individual
robot paths to generate a candidate solution. The candidate solution uses the
same set of vertices as the original paths, but may repeat certain configurations
to represent stops. To transition from composite state i to i+ 1, each robot will
either move or stop. If all robots stop, then state i+ 1 is trivial and will be
removed.

example, checks collisions only under a fixed schedule (typically
simultaneous motion) and, upon conflict, immediately regener-
ates paths. This neglects many viable schedules, such as allowing
one robot to move first, which could resolve conflicts without
re-planning the individual robot trajectory. In constrained set-
tings like Fig. 1, where only one arm can pass through a narrow
doorway at a time, simultaneous motion forces long detours that
may be infeasible. By contrast, effective scheduling increases
the likelihood of finding solutions and offers richer feedback to
low-level planners.

To this end, we introduce the Scheduling to Avoid Collisions
(StAC) algorithm, a probabilistically complete hybrid approach
designed to emphasize and explore the importance of scheduling
in MRMP. This method is specifically tailored to high-DoF
robots operating in manifold-constrained, narrow, cluttered, and
shared workspaces. StAC’s high-level scheduler generates ran-
domized schedules that coordinate the robot’s motions to avoid
collisions for paths generated by individual path planners. If the
high-level planner cannot schedule a valid solution, collision
information from all schedules is given to the low-level planners,
who use this feedback to plan alternative paths. Our empirical
results demonstrate that StAC requires 10 to 100 times fewer
paths from the low-level planner to find a solution than CBSMP,
significantly reducing planning times in highly constrained sce-
narios where state-of-the-art hybrid methods fail to solve even
once.

II. PRELIMINARIES AND RELATED WORK

The Multi-Robot Motion Planning (MRMP) problem in-
volves determining feasible continuous paths for a set of robots
A = {a1, . . . , aI} operating in an environment W . The com-
posite state space of all robot configurations is known as the
configuration space C, the Cartesian product of all individual
robot configuration spaces C1 × · · · × CI . Here, Ci represents
the configuration space for robot ai ∈ A.

We are interested in the case where each robot is task con-
strained, e.g., they must keep their end-effector on a planar work
surface. We represent these constraints as manifold constraints
and use notation from [8]: the constraint imposed on robot
ai is defined as the function fi : Ci → R

k, which results in
the implicit submanifold Mi ⊂ Ci where fi(q) = 0, q ∈Mi. A
review of methods for planning the motion of a single manifold-
constrained robot is given in [9]. The composite manifold of

all constraint-satisfying configurations is given as M = M1 ×
· · · ×MI .

The path of ai is a continuous motion within a subset of Mi

called the free space of ai, denoted as Mfree,i. The composite
constraint-satisfying free space Mfree ⊆M consists of config-
urations in which the robots do not collide with obstacles or
pairwise with each other, and satisfy constraints. Each robot ai
has an initial configuration cs,i and a set of goals Gi ⊂Mfree,i.
The objective is to find a continuous path with a schedule ρi(s) :
[0, 1]→Mfree,i for each robot ai that transitions it from cs,i
to Gi without colliding with any obstacles o ∈W and all other
robots aj ∈ A\{ai}. Initially, this path is parameterized linearly
over time, meaning s(t) = t

tfinal
for t ∈ [0, tfinal], where tfinal is

the total time allocated for the robot to complete its motion from
start to goal. To adjust the timing and coordination among robots,
we introduce a scheduling function σi(t) : [0, tfinal]→ [0, 1] that
modifies the linear mapping. The actual motion of the robot
is then defined as ρi(t) = pi(σi(t)), where σi(t) adjusts the
progression along the path pi.

A. Coupled Methods

Sampling-based motion planners (e.g., RRT [5], PRM [10])
can solve MRMP by treating the multi-robot system as one
composite system. Dedicated methods plan in factored rep-
resentations, such as dRRT [4] and variants [11], which ef-
ficiently sample from individual robots’ configuration spaces
and search in the composite space. dRRT uses a prioritization
rule to schedule the robots to connect two vertices in the tree.
SSSP [12] iteratively builds local search spaces over individual
robot roadmaps; here, all robots are scheduled to move simul-
taneously. The planner in [13] uses workspace topology and
convex relaxation to coordinate more robots. However, these
methods do not extend directly to high-DoF cases due to the
costly workspace to configuration space transformations and the
complexity of the composite space.

B. Decoupled Methods

Decoupled approaches address the exponential complexity of
MRMP by decomposing the problem into many single-robot
problems, e.g., by treating other robots as velocity obstacles
and moving in simultaneously [2], [14], [15]. The velocity
obstacles are computationally costly to determine in the config-
uration space of a high-degree-of-freedom manipulator robot.
Other algorithms, such as [3], [16], [17], schedule robots in
a prioritized order, where each robot plans in sequence and
treats previously selected robots as dynamic obstacles. Resolv-
ing deadlocks in multi-robot motion planning using prioritized
methods requires careful design of the prioritization strategy.
Prior work [18] has shown that fixed-order prioritization is
incomplete for multi-robot planning. Deadlock-free prioritized
methods, such as [18], [19], [20], have only been demon-
strated for mobile-robot settings, where the mapping between
the workspace and configuration space is straightforward and
solving the single-robot planning problem is trivial. Many de-
coupled algorithms are difficult to generalize to high-DoF cases
due to unknown workspace-to-configuration space projections
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and differing state representations for each manipulator. Many
learning-based methods [16], [21] also require data and training
and do not readily generalize.

C. Hybrid Methods

Hybrid methods address MRMP by combining high- and
low-level planners. The low-level planner generates paths for
individual robots (or subsets), while the high-level planner
schedules execution, checks feasibility, and provides conflict
feedback to guide re-planning. Graph-based methods such as
CBS [6] and LaCAM [22] iteratively refine paths by adding
constraints to avoid collisions, with CBS variants [23], [24]
improving efficiency to handle hundreds of robots. However,
CBS and MA-CBS operate on grid-based state representations,
whereas our problem is defined in a continuous state space.
MMD [25] incorporates inter-robot conflicts as conditions to
the diffusion policy, which requires significant data to train.

CBSMP [7] extends CBS to continuous spaces by using
roadmaps for low-level planning. Later work [13] outperforms
the CBSMP in a planar robot setup, and their topology-guided
strategy does not directly extend to a multi-arm setup. We there-
fore regard CBSMP as the state-of-the-art method for multi-arm
planning in narrow passages and adopt it as our baseline. The
high-level planner of CBSMP discretizes paths into uniform
time segments, advancing all agents simultaneously. If collisions
occur, the paths are discarded and replanned. However, many
possible schedules exist to time a set of robot paths; for example,
consider cars moving on the road, where traffic lights can coor-
dinate the cars by asking them to stop. Unlike StAC, CBSMP
only explores one possible scheduling function of the paths.

D. Conflict Resolution and Path Scheduling

Given a set of robot paths, execution can be coordinated by ve-
locity tuning [26], [27], [28], which assigns each robot a velocity
profile, or by priority-based search [3], which executes robots
in a fixed order. Some works [22], [29] incorporate stopping
actions during path search in discrete spaces, but these strate-
gies do not directly extend to continuous settings. In contrast,
our scheduling explicitly reorders motion timing across robots,
enabling more flexible coordination. The work in [30] similarly
reschedules around conflict areas, using priority ordering and
reverting to a composite PRM in failure cases. Nevertheless,
in high-DoF contexts, subproblems still involve planning for
multiple manipulators, which remains challenging. The method
in [31] precomputes collision pairs with continuous time inter-
vals to efficiently find collision-free schedules, but it applies
only to 2D roadmaps where neighbor searches are efficient.
Finally, [32] uses a learning-based scheduling approach, which
could also be integrated into the StAC framework to further
improve performance.

III. SCHEDULING TO AVOID COLLISIONS

In this section, we introduce the core idea of Scheduling
to Avoid Collisions (StAC) and elaborate on its details in the
following subsections.

Algorithm 1: The StAC Algorithm.
Input: Set of robots A, Maximum reschedule attempts
NRA, Maximum replan attempts NB

Output: Solution S
1: while time available do
2: Initial motion plans P ← ∅
3: for each robot ai ∈ A do
4: pi ← ai.QUERYPRM()
5: P ← P ∪ {pi}
6: end for
7: n← 0
8: while n ≤ NB do �Section III-E
9: Attempt i← 0; Collision Record record← ∅;

n← n+ 1
10: while i ≤ NRA do �Iterative schedule same

set of paths
11: Candidate Solution S∗ ← SCHEDULE(P)

�Section III-B
12: Collision Information x←

COLLISIONCHECK(S*)
13: if x = ∅ then
14: return S ← S∗ �Find the valid

scheduling
15: end if
16: RECORDCOLLISION(x, record); i← i+ 1

�Section III-C
17: end while
18: P ← ∅ �Cannot find a valid scheduling.
19: for each robot ai ∈ A do
20: ai.UPDATE(pi, record[i]) �Update the

feedback to robots
21: pi ← ai.QUERYPRMWITHEXPERIENCE()

�Section III-D
22: P ← P ∪ {pi}
23: end for
24: end while
25: end while
26: return S ← ∅

A. Core Idea

StAC consists of the scheduler and the individual low-level
motion planner ai ∈ A for a set of A robots. The pseudocode
of StAC is given in Algorithm 1. Initially, each low-level
planner i plans a path pi(s) from its start to goal in its
own manifold-constrained configuration space Mi by calling
ai.QueryPRM(), which assumes the robot i is the only robot
in the environment.

Remark 1 (Individual low-level motion planner): Each
robot constructs its own projection-based manifold-constrained
PRM [8], assuming it is the only robot in the environment.
A path, p, is then obtained as a sequence of vertices in this
PRM, with its length, |p|, defined by the number of vertices.
Throughout this paper, when we refer to the path vertex or
path edge of a robot, we specifically mean the corresponding
vertex or edge in the PRM.
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Given a set of paths P returned by the all robots’ low-level
planners, the scheduler computes schedules σ1(t), . . . , σA(t)
for each pi ∈ P such that no collisions occur between robots.
This process, which we call coordination space scheduling (Sec-
tion III-B). As illustrated in Fig. 2, SCHEDULE(P ) first generates
a candidate solution S∗ by inserting random pauses along indi-
vidual robot paths and assigning a random priority order for their
progression to the next vertex (Section III-B). A collision check
is then performed on S∗. IfS∗ is collision-free with respect to all
obstacles and other robots, it becomes the solution. Otherwise,
the scheduler records all collision edges between robots in the
Collision Record (Algorithm 1). The scheduler then iteratively
reschedules for a new candidate solution using the same set of
paths until it reaches the maximum rescheduling attempts (NRA)
(Section III-C).

If a valid solution is not found after NRA attempts, the
collision counts of all edges stored in the Collision Record are
provided to the robots as feedback (Algorithm 1). Each robot’s
low-level planner then stores this collision information in a
Collision History. Based on this experience, each robot plans a
different set of paths, P , using QUERYPRMWITHEXPERIENCE(),
biased towards paths that will avoid collisions by favoring edges
that have had fewer collisions with other robots in the past
(Section III-D).

B. Scheduling in Coordination Space

The robot i’s path pi is a sequence of vertices, each corre-
sponding to a robot configuration (see Remark 1) inMfree,i. All
vertices in path pi form a set Pi ⊆Mfree,i. The scheduler takes
the set of pathsP from each robot’s PRM as input. The goal of the
scheduler is to find a continuous inter-robot collision-free paths
schedule for all robots ρi(t) : [0, tfinal]→ Pi for i ∈ {1 . . . I}.
Thus, given any time t ∈ [0, tfinal], ρi(t) represents robot i’s
configuration ci ∈ Pi. By doing this, we constrain the range of
individual scheduling functions to Pi, which has a dimension of
1. The space of all scheduling functions for the composite system
with a given set of robot paths P is called the coordination space
of P . We used a sampling-based method to add random stops
and schedule the paths. StAC samples stops between the vertices.
We define |pi| equal to the number of vertices of path pi.

Definition 1 (Candidate solution length): Given a set of robot
paths P , we define the length of a candidate solution as L :=∑

pi∈P |pi|, which equals the total number of vertices across all
robot paths.

We discretize the time into L steps with all robots starting at
their initial state at time t1 = 0 and reaching their goal state at
tL = tfinal. From ti to ti+1, the robot will either move from its
current vertex to the next vertex or stop. We sample L− |pi|
stops for each robot to determine when it remains stationary. If
all robots stop, then ti+1 is a trivial state and will be removed.
We call the path with a scheduling function a candidate solution
S∗. The length of S∗, |S∗|, equals the number of non-trivial time
steps. We provide an example in Fig. 2.

C. Collision Record for Robot Feedback

For the given set of pathsP , we attempt to find a valid schedule
within NRA times, as shown in Algorithm 1. We use a Collision

Fig. 3. An example of the Collision Record during scheduling three robots.
The Collision Record values for iteration i are randomly initialized for illus-
tration purposes. During each iteration, collision checking is performed on
the candidate solution, and the counter for any edge involved in a collision is
incremented by one. If a robot stops, the collision is not counted. For example,
a collision between ag and b1,2 in the grey region only increments the counter
for b1,2 from 25 to 26, since robot a is stopped.

Record to log inter-robot collisions that happen during the NRA

attempts. As shown in Fig. 3, each path maintains a Collision
Record with a length that matches the number of edges in the
path. Whenever a collision occurs between edges, the counters
for both edges are incremented by one. Unlike CBS-based
planners, the Collision Record does not record the time t at
which a collision occurs. It stores only geometric information.
This design effectively decouples scheduling from planning.

D. Motion Planning With Experience

If no solution is found by SCHEDULE(P ) afterNRA iterations,
StAC sends the Collision Record back to each low-level planner.
Each robot maintains a Collision History list to store all paths and
their corresponding Collision Records. The low-level planner
uses this history as a reference to guide the selection of new
paths. The objective of each robot’s low-level planner is to
identify areas with a high likelihood of inter-robot collisions
using the Collision History and to generate diverse paths to avoid
these regions.

Specifically, the Collision History is initialized and expanded
as follows. It is initialized with a root element containing a null
path and an empty Collision Record. All Collision Records from
the scheduler are stored in the Collision History. Each time
QUERYPRMWITHEXPERIENCE() is called, the planner first se-
lects an element from the Collision History based on a weighted
sample. For an element e in the Collision History, the cost of the
element is assigned by a user-customized function C(e). Here,
we use C(e) = l · c(e) + k · s(e), where c(e) is the path cost in
configuration-space distance, s(e) is the number of times this
node has already been selected. Constants l and k adjust these
contributions. Specifically, the sampler intends to select paths
with smaller costs and fewer selections. C(e) is always greater
than 0.

If the root element is selected, the robot will not identify any
high-collision area and return QUERYPRM(). If a non-root ele-
ment is selected, a random-walk algorithm is used to identify the
high likelihood of inter-robot collisions region, represented as an
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Fig. 4. Low-level planners will plan a new path using the previous path in
the Collision Record. The number near each edge is the normalized Collision
Record of the edge and is randomly initialized for illustration purposes. The
yellow region is the collision region determined by the random walk algorithm
with c1 and c2 as its end vertices. cd is the detour configuration. The new path
is shown in the solid line.

Fig. 5. CDF of solve time for the manipulator doorway setup with two 7-DOF
Franka Panda arms shown in Fig. 1. Note that CBSMP cannot solve this problem
even once, as indicated by the horizontal line at 0.

Fig. 6. Two different three-manipulator setups.

interval along the element’s path. The random-walk algorithm
begins by selecting a random vertex from the element’s Colli-
sion Record. From this vertex, the algorithm performs k steps,
visiting the left or right vertex with probabilities proportional
to the neighboring edge’s collision counts. For example, the
probability of moving left is computed as the number of left-
edge collisions divided by the sum of left-edge and right-edge
collisions. During the walk, the algorithm tracks the minimum
and maximum value vertices visited. Those vertices are further
mapped back to the selected element’s PRM path, illustrated by
the yellow region, (c1, c2), in Fig. 4. Because the walk is biased
by the number of collisions, it preferentially selects regions with
frequent inter-robot conflicts and ensures every interval retains
a non-zero probability of being chosen.

The low-level planner reroutes around high-collision areas by
randomly sampling a detour vertex cd in the PRM, which must
be included in the path. As shown in Fig. 4, it plans from c1 to
cd and cd to c2, then merges these segments with the original

Fig. 7. The multi-manipulator setups constrain the end effector to the yz-plane
within the cross area. Each arm is staggered along the x-axis, so the ends of the
S-shaped end effector will collide.

path to form (cs, . . . , c1, . . . , cd, . . . , c2, . . . , cg), returned by
QUERYPRMWITHEXPERIENCE().

E. Re-Schedule

As stated in Section III-C, for a given set of paths P , we
schedule the path maximum NRA times and record all inter-
robot collisions. The parameter NRA allows users to trade
off between scheduling and planning. When NRA = 1, StAC
resembles CBSMP, where paths are scheduled only once. How-
ever, it differs from CBSMP in the following ways. (1) robot
priority is determined randomly (by adding stops) rather than
pre-defined. (2) Robot paths are scheduled NRA times rather
than only once. (3) Time at which collisions occur is decou-
pled from the low-level planner, making the planner purely
geometric. (4) Conflicts are treated as soft constraints (because
of the random walk algorithm in Section III-D) instead of hard
constraints as in CBS. Additionally, when the low-level planner
calls QUERYPRMWITHEXPERIENCE(), its PRM is frozen for
efficiency, meaning no new vertices are added. This may hurt
the probabilistic completeness of our algorithm. To address this,
the low-level planner rebuilds the PRM and clears the Collision
History after it has called QUERYPRMWITHEXPERIENCE() NB

times.

F. Probabilistic Completeness

The proof of probabilistic completeness for the StAC al-
gorithm has two parts. First, we show that given a set
of paths P , we eventually find a collision-free solution by
calling SCHEDULE(P ) with infinitely many NRA if such a
solution exists. Second, given infinitely many attempts for
QUERYPRMWITHEXPERIENCE(), the low-level planner of each
robot will return all possible paths.

Lemma 1: Let P be a set of robot paths. If solution S
exist from scheduling robot paths P , then the length |S| ≤∑

pi∈P (|pi| − 1)

Proof: If a solution Ṡ without trivial states had length >∑
pi∈P (|pi| − 1), at least one robot moves per step. But the

longest sequential solution has length
∑

pi∈P (|pi| − 1), a con-
tradiction. Hence, |S| ≤∑pi∈P (|pi| − 1). �

Theorem 1: Given an infinite number of reschedule attempts
NRA →∞, SCHEDULE(P ) will eventually try every possible
valid scheduling of robot paths P . Consequently, if a solution S
exists in P , it will be found.
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TABLE I
WE RANDOMLY GENERATED 9 START-GOAL PAIRS FOR EACH PROBLEM AND

TESTED THEM ON THE THREE ALGORITHMS, WITH EACH START-GOAL PAIR

RUN 50 TIMES AND A TIMEOUT (T/O) OF 60 SECONDS. FOR BOTH PROBLEMS,
THERE ARE THREE SUBPROBLEMS WHERE NONE OF THE PLANNERS COULD

FIND A SOLUTION EVEN ONCE, SO WE EXCLUDED THOSE SUBPROBLEMS FOR

CLEARER VISUALIZATION. WE SHOW THE # OF PATH SETS THE HIGH-LEVEL

PLANNER QUERIED FROM THE LOW-LEVEL PLANNER BEFORE FINDING THE

SOLUTION FOR THE FIRST QUARTILE (Q1), MEDIAN, AND THIRD QUARTILE.
COORD. RATIO IS THE RATIO BETWEEN THE SCHEDULING TIME AND THE

TOTAL TIME.

Proof: Assume, for contradiction, that a valid scheduling S ′

of P is never returned by SCHEDULE(P ), even as NRA →∞.
Let li be the length of robot i’s path and m =

∑
pi∈P |pi|. There

are C(li,m) ways to schedule each path.
The probability of selecting S ′ in one iteration is∏
i∈A

1
C(li,m) , so the probability it is not selected is 1−∏

i∈A
1

C(li,m) . Thus, as NRA →∞, the probability that S ′ is
never selected approaches zero:

lim
NRA→∞

P (not S ′) = lim
NRA→∞

(
1−

∏
i∈A

1

C(li,m)

)NRA

= 0.

This contradicts the assumption, so SCHEDULE(P ) eventually
returns every valid scheduling of P . �

We now show that each robot has a non-zero chance of
returning all different paths (including those with loops), to
compensate for the monotonicity of scheduling.

Theorem 2: Let robot i’s low-level planner be probabilisti-
cally complete. Then, as the number of iterations n→∞, the
probability that the planner returns a path ε-close to any valid
path p approaches 1.

Proof: Fix any valid path p ={cs, c1, . . . , cg} and any ε>0.
By probabilistic completeness of the low-level planner, the
probability of sampling a detour point within ε of c1 is nonzero.
Repeating this argument inductively for c2, c3, . . . , cg , each step
of extending the path within ε has nonzero probability.

Let q denote an ε-close approximation of p. The probability
that q is not constructed in n iterations is bounded by (1− δ)n,
where δ > 0 is the minimum probability of extending the path
within ε at each step. As n→∞, (1− δ)n → 0.

Thus, for any valid path p, the probability that the planner
produces an ε-close path tends to 1 as n→∞. �

Theorem 3: Given an infinite number of iterations t→∞ and
an infinite maximum number of reschedule attempts NRA →
∞, StAC will find a solution if one exists.

Proof: According to Theorem 2, the probability that a robot
returns a path ε-close to any valid path, including those with
loops, approaches 1 as t→∞. Consequently, StAC will, with
probability 1, eventually obtain ε-close approximations of every
possible combination of robot paths as t→∞.

As stated in Theorem 1, for each possible scheduling of paths,
StAC will find a solution if one exists when t→∞. Therefore,
given infinite iterations, the StAC is guaranteed to identify a
solution if one exists. �

IV. EXPERIMENTAL RESULTS

We test StAC on three setups: (1) the extended 2D doorway
problem with constrained Panda arms (Section IV-A), (2) three-
manipulator coordination tasks (Section IV-B), and (3) a cross
maze with 2–5 arms to evaluate scalability (Section IV-C). All
algorithms are implemented in C++ in OMPL [33] with manifold
constrained planning [8] and tested on a PC with an Intel i5-8365
1.6 GHz CPU and 8 GB of RAM. We utilized the MuJoCo
physics engine [34] for collision detection in all experiments.
We measure the end-to-end solving time after MuJoCo and
the OMPL problem definition have been initialized. We used
CBSMP [7], dRRT [4], and RRT-Connect [5] as our comparison
baseline. Since the source code for CBSMP and dRRT is not
available, we implemented them in OMPL and added support
for planning under manifold constraints. All robots are subject to
end-effector constraints. To efficiently generate samples on the
manifold, we first sample the end-effector pose and compute the
corresponding configurations using inverse kinematics. During
interpolation, the algorithm projects intermediate configurations
onto the constraint manifold based on [8]. We benchmarked
different map sizes and the number of expansions before con-
necting to the goal for dRRT, selecting the parameters with the
best performance. Additionally, we used the same set of PRM
parameters for both CBSMP and StAC. Unless otherwise stated,
we set NB = 10 for StAC in all experiments.

A. 3D Doorway Setup

This setup involves a 3D doorway setup where two 7-DoF
Franka Panda arms, each with an end stick, are tasked with swap-
ping their end effector positions as shown in Fig. 1. The arms’
end effectors are constrained to move only on the xy-plane within
the maze. Each algorithm was run 60 times with a 60-second
timeout. We evaluated the performance of dRRT, RRT-Connect,
CBSMP, and StAC, and the cumulative distribution function
(CDF) of the solve times is shown in Fig. 5. StAC demonstrates
superior performance compared to other state-of-the-art algo-
rithms, while CBSMP fails to solve the problem even once.
This result further highlights the power of scheduling over path
enumeration, as the robot has more possible configurations to
avoid collisions. dRRT has the shorter average path length of
5.56, whereas StAC has a length of 7.03.
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TABLE II
WE RANDOMLY GENERATED 8 START-GOAL PAIRS PER PROBLEM AND TESTED EACH ON THREE ALGORITHMS, RUNNING EACH PAIR 10 TIMES WITH A 60S

TIMEOUT, YIELDING 80 RESULTS PER ALGORITHM. WE REPORT THE FIRST QUARTILE (Q1), MEDIAN, AND THIRD QUARTILE (Q3). HERE, T IS TOTAL SOLVE

TIME, Q IS THE NUMBER OF PATH SETS QUERIED BY THE HIGH-LEVEL PLANNER, AND COORD. RATIO IS THE RATIO BETWEEN THE SCHEDULING TIME AND THE

TOTAL TIME. *:AS MENTIONED IN SECTION III-E, WE ALSO DEFINE A MAXIMUM NUMBER OF ATTEMPTS BEFORE RECONSTRUCTING THE PRMS. BY DEFAULT,
THIS MAXIMUM IS 10, BUT FOR 400* IT IS INCREASED TO 20.

B. Three-Manipulator Setup

Three Franka Panda manipulators plan motions in clustered
environments with two setups (Fig. 6): (1) all manipulators
have stick-shaped end effectors constrained to planar translation,
with one shorter than the others, and (2) two manipulators have
stick-shaped end effectors constrained to the plane, and the third
manipulator has a paddle-shaped end effector that can also rotate
and translate in a central circular region. We test six start-goal
pairs with a 60 s timeout for Case 1 and nine pairs with a 120 s
timeout for Case 2, each repeated 50 times. CBSMP fails on one
pair in Case 1 and two in Case 2, while StAC with NRA = 200
achieves the highest success rate (Table I). For case 1, dRRT
has the shortest average path length of 0.57, and CBSMP and
StAC are comparable with 0.73 and 0.83. For case 2, dRRT has
the shortest average path length of 0.76, and CBSMP and StAC
have lengths of 1.10 and 1.53 respectively.

C. Multi-Manipulator Setups

To test scalability, we evaluate StAC on a cross maze with
end effectors constrained to the yz-plane and staggered along
the x-axis so only the s-shaped tips collide (Fig. 7, Table II).
We generated eight start-goal pairs, each run ten times, yielding
80 trials per algorithm (dRRT, CBSMP, and StAC). Among the
8 sampled queries, some instances are easier than others. For

these easier instances, our coordinator queries each individual
motion planner only once to obtain a valid path and finds a
feasible schedule. This is why the solve time for the first quartile
of the four-arm problem is 0.075 s. In contrast, CBSMP must
perform extensive re-planning before resolving conflicts; for the
same case, it issues 31 motion-planning queries before finding a
solution. With 2-4 arms, StAC finds schedules within about ten
queries, but beyond 30 DoF, scheduling becomes the bottleneck.

D. Insight and Lessons

Our experiments show that incorporating feedback and path
scheduling significantly improves multi-robot motion planning
success rates and computational efficiency. By leveraging path
scheduling, robots exploit paths better. StAC queries fewer
paths to find the solution. CBSMP outperforms our method
when the number of arms increases to five in Section IV-C.
We attribute this difference to how the two approaches scale
in their scheduling components. CBSMP can struggle in tight
environments, such as the 3D Doorway (Section IV-A) and
Three-Manipulator problems (Section IV-B), because resolv-
ing deadlocks often requires substantial expansion of the con-
straint tree. In contrast, our algorithm handles deadlocks more
efficiently through repeated rescheduling and the use of soft
constraints. However, in our method, the number of sampled
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stop actions grows linearly with the total path length across
all robots, resulting in increased scheduling overhead as the
team size grows. CBSMP’s scheduling effort, by comparison, is
largely independent of the number of robots, since it evaluates
only a single continuous-time execution without incorporating
explicit per-robot stop actions.

V. CONCLUSION

This paper presented the Scheduling to Avoid Collisions
(StAC) algorithm for multi-robot motion planning, demonstrat-
ing its effectiveness in manipulator environments with manifold
constraints. With iterative path rescheduling and an informed
path generation mechanism, StAC efficiently reduces the com-
plexity of finding collision-free solutions in shared, clustered
workspaces with manifold constraints. StAC balances the search
between low-level planners and the high-level scheduler. This
novel high-level scheduling allows StAC to query significantly
fewer paths from the low-level planner to find a valid solution.
Future work includes automating the selection of rescheduling
attempts, exploiting both CPU and GPU parallelism, and ex-
tending the method to optimal path planning.
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