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ABSTRACT

Diffusion models have recently been successfully applied to a wide range of
robotics applications for learning complex multi-modal behaviors from data.
However, prior works have mostly been confined to single-robot and small-scale
environments due to the high sample complexity of learning multi-robot diffu-
sion models. In this paper, we propose a method for generating collision-free
multi-robot trajectories that conform to underlying data distributions while us-
ing only single-robot data. Our algorithm, Multi-robot Multi-model planning
Diffusion (MMD), does so by combining learned diffusion models with classi-
cal search-based techniques—generating data-driven motions under collision con-
straints. Scaling further, we show how to compose multiple diffusion models to
plan in large environments where a single diffusion model fails to generalize well.
We demonstrate the effectiveness of our approach in planning for dozens of robots
in a variety of simulated scenarios motivated by logistics environments.

1 INTRODUCTION

Multi-robot motion planning (MRMP) is a fundamental challenge in many real-world applications
where teams of robots have to work in close proximity to each other to complete their tasks. In
automated warehouses, for example, hundreds of mobile robots and robotic manipulators need to
coordinate with each other to transport and exchange items while avoiding collisions. Learning mo-
tions from demonstrations can oftentimes allow robots to complete tasks they couldn’t otherwise,
like navigating a region in a pattern frequently followed by human workers; however, it is un-
clear how to best incorporate demonstrations in MRMP. In fact, MRMP at its simplest form, where
robots are only concerned with finding short trajectories between start and goal configurations, is
already known to be computationally intractable (Hopcroft & Wilfong, 1986)—significantly harder
than single-agent motion planning due to the complexity of mutual interactions between robots.
Attempting to simplify the problem, various approximate formulations have been proposed in the
literature. For example, a popular approach is to formulate the problem as a multi-agent path find-
ing problem (MAPF) (Stern et al., 2019) by discretizing space and time. While the latest MAPF
planners (Li et al., 2021; Okumura, 2024) can compute near-optimal plans and scale to hundreds of
agents, they make strong assumptions, such as constant velocities and rectilinear movements that
limit their real-world application and reduce their ability to generate complex behaviors learned
from demonstrations.

In single-agent motion planning, methods that learn to plan from data (Xiao et al., 2022) have been
widely used to circumvent similar limitations resulting from inaccurate models (Vemula et al., 2021),
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partial observability (Choudhury et al., 2018) and slow planning (Sohn et al., 2015; Qureshi et al.,
2020). More recently, diffusion models (DM) have emerged as the generative model of choice for
learning visuomotor manipulation policies from demonstrations (Chi et al., 2024), motion plan-
ning (Carvalho et al., 2023), and reinforcement learning (Janner et al., 2022). However, there has
been relatively little work on extending these ideas to multi-robot motion planning. This is due to
the twin challenges of generating high quality multi-agent data and the curse of dimensionality, i.e.,
significantly higher sample complexity of learning multi-robot models.

In this paper, we propose a data-efficient and scalable multi-robot diffusion planning algorithm,
Multi-robot Multi-model planning Diffusion (MMD), that addresses both these challenges by com-
bining constraint-based MAPF planners with diffusion models. Importantly, our approach calls
for learning only single-robot diffusion models, which does away with the difficulty of obtaining
multi-robot interaction data and breaks the curse of dimensionality. MMD generates collision-free
trajectories by constraining single-robot diffusion models using our novel spatio-temporal guid-
ing functions and choosing constraint placement via strategies inspired by MAPF algorithms. Our
contributions in this paper are threefold: (1) We propose a novel data-efficient framework for multi-
robot diffusion planning inspired by constraint-based search algorithms. (2) We provide a com-
parative analysis of the performance of five MMD algorithms, each based on a different MAPF
algorithm, shedding light on their applicability to coordinating robots leveraging diffusion mod-
els for planning. (3) We show that we can scale our approach to arbitrarily large and diverse
maps by learning and composing multiple diffusion models for each robot. Our experimental re-
sults from varied motion planning problems in simulated scenarios motivated by logistics environ-
ments suggest that our approach scales favorably with both the number of agents and the size of
the environment when compared to alternatives. Video demonstrations and code are available at
https://multi-robot-diffusion.github.io/.

2 PRELIMINARY

In this section we define the MRMP problem and provide relevant background on constraint-based
MAPF algorithms and on planning with diffusion models. Sec. 3 elaborates on how we combine
these concepts to coordinate numerous robots that plan with diffusion models.

2.1 MULTI-ROBOT MOTION PLANNING (MRMP)

Given n robotsRi, MRMP seeks a set of collision-free trajectories, one for each robot, that optimize
a given objective function. Let Si be the state space of a single robot and a state be si := [qi; _qi]⊺ ∈
Si where qi and _qi are the configuration and velocity of the robot. Each robot has an assigned
start state sistart ∈ Si and binary termination (goal) condition T i : Si → {0; 1}. An MRMP
solution is a multi-robot trajectory � = {� 1; · · · �n}, where � i : [0; T i] → Si represents the
trajectory of robot Ri over the time interval [0; T i], with T i being the terminal time. In practice,
we uniformly discretize the time horizon into H time steps and optimize over a sequence of states
� i = {si1; si2; :::; siH}. Subscripts, e.g., � it, indicate indexing into a trajectory. Each trajectory � i

must avoid collisions between robots and with obstacles in the environment. In MRMP, robots share
a workspaceW (i.e.,W ⊆ R3 for general robots andW ⊆ R2 for robots on the plane) and occupy
some volume or area withinW , which we denote asRi(qi) ⊆ W for robotRi in configuration qi.

The usual MRMP objective is to minimize the sum of the single-robot costs (e.g., the cumulative
motion) across all robots. General cost functions can be defined on the trajectories, and the ob-
jective then becomes J (� ) = 1

n

Pn
i=1 cost(� i). When learning from data, we are interested in

data adherence, i.e., the trajectories should match the underlying trajectory distribution. We define
costdata(� ) = 1

n

Pn
i=1 costdata(�

i) to quantify how well, on average, trajectories in � follow their
underlying data distribution. This metric is task-specific; we provide some examples in Sec. 4.

2.2 MULTI-AGENT PATH FINDING (MAPF)

The MAPF problem, a simpler form of MRMP, seeks the shortest collision-free paths � =
{�1;�2; · · ·�n} for n agents on a graph. This graph approximates their configuration space, with
vertices corresponding to configurations and edges to transitions. Each path �i = {qi1; · · ·qiH} is a
trajectory without velocity that need not be dynamically feasible. In MAPF studies, constraint-based
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algorithms have become popular due to their simplicity and scalability. These algorithms are effec-
tive, in part, because they avoid the complexity of the multi-agent con�guration space by delegating
planning to single-agent planners and avoid collision via constraints. For instance, if a con�guration
q i for R i leads to a collision at time (or interval)t, this can be prevented by applying the constraint
setC = fhR i ; q i ; t ig to the path� i , thereby preventing the con�guration from being used at that
time. Several MAPF algorithms, including Prioritized Planning (PP) (Erdmann & Lozano-Perez,
1987) and Con�ict-Based Search (CBS) (Sharon et al., 2015), use this mechanism to force single-
agent planning queries to avoid states that would lead to collisions. We detail these methods in Sec.
3 and explain how, despite traditionally being used for MAPF, their principles can be applied to
coordinating robots in continuous space that generate data-driven trajectories via diffusion models.

2.3 PLANNING WITH DIFFUSION MODELS

Motion planning diffusion models are generative models that learn a denoising process to recover
a dynamically-feasible trajectory from noise (Carvalho et al., 2023; Janner et al., 2022). Given a
dataset of multi-modal trajectories, diffusion models aim to generate new trajectories that follow
the underlying distribution of the data. Additionally, these trajectories may be conditioned on a task
objectiveO, for example, goal condition and collision avoidance. Speci�cally, given a task objective
O, motion planning diffusion models aim to sample from the posterior distribution of trajectories:

arg max
� i

logp(� i jO) = arg min
� i

�
J (� i ) � logp(� i )

�
(1)

The �rst term of the objective,J (� i ), can be interpreted as a standard motion planning objective
(Carvalho et al., 2023), in which we try to minimize a cost function (or, equivalently, maximize
a reward function). The second term,logp(� i ), is the prior corresponding to the data adherence
discussed in Sec. 2.1.

Diffusion models are a type of score-based model (Song et al., 2021), where the focus is on learn-
ing the score function (the gradient of the data distribution's log-probability) rather than learning
the probability distribution directly. The score function is learned usingdenoising score matching,
a technique for learning to estimate the score by gradually denoising noisy samples. The diffu-
sion inference process consists of aK -step denoising process that takes a noisy trajectoryK � i and
recovers a feasible trajectory0� i , which also follows the data distribution. We use the notation
0� i ;1 � i ; � � � ;K � i to denote the evolution of the trajectory in the diffusion process. To generate a
trajectory0� i from a noise trajectoryK � i � N (0; I ), we use Langevin dynamics sampling (Ho
et al., 2020), an iterative process that is a type of Markov Chain Monte Carlo method. At each
denoising stepk 2 f K; : : : ; 1g, a trajectory-space mean� i

k � 1 is sampled from the network� � :

� i
k � 1 = � � (k � i ) (2)

Now, with the variance prescribed by a deterministic schedulef � k j k 2 f K; � � � ; 1gg, the next
trajectory in the denoising sequence is sampled from the following distribution:

k � 1� i � N
�
� i

k � 1 + �� k � 1r � J (� i
k � 1)

| {z }
Guidance

; � k � 1
�

(3)

The termr � J (� i
k � 1) is the gradient of additional trajectory-space objectives (described in Eq.

1) imposed on the generation process. This term, also calledguidance, can include multiple
weighted cost components, each optimizing for a different objective. For instance, we can have
J = � objJ obj+ � smoothJ smoothto penalize trajectories in collision with objects viaJ obj and to encour-
age the trajectory to be dynamically feasible viaJ smooth. We denote the trajectory generation process
queried with a start statesi

start, goal conditionT i , and costraint setC (Sec. 3.1) asf i
� (si

start; T i ; C).

3 METHOD

We present Multi-robot Multi-model planning Diffusion (MMD), an algorithm for �exibly scaling
diffusion planning to multiple robots and long horizons using only single-robot data. MMD im-
poses constraints on diffusion models to generate collision-free trajectories, addressing three main
questions:how, when, andwhereto impose them. First, we discuss integrating spatio-temporal
constraints into the diffusion denoising process through guiding functions. Next, we introduce �ve
MMD algorithms, each inspired by a MAPF algorithm regarding constraint placement and timing.
Finally, we demonstrate how to sequence multiple models for long-horizon planning.
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Algorithm 1: MMD-CBS sketch. Colored lines
are only in MMD-PP, MMD-ECBS
Input: Starts, goal conditions, and single-robot

diffusion models
�

si
start; T i ; f i

�

	 n

i =1

Output: Trajectories� =
�

� i 	 n

i =1

N root  new CT node;N root:C i  ; 8 i 2 f 1; � � � ng
for i 2 f 1; � � � ; ng do

C i
strong; C i

weak  ; ; ; // Empty constraints set.

C i
strong  fhR i ; N root:� ig // Avoid other robots.

C i
weak  fhR i ; N root:� ig // Penalize collisions.

N root:� i  f i
� (si

start; T i ; C i
strong [ C i

weak)
end
return N root:�
CT  f N rootg // Initialize CT.
while CT 6= ; do

N  arg min
N 02 CT

numConflicts (N 0:� )

RemoveN from CT
if N: � con�ict-free then

return N: � // Return if collision free.
end
p; t; R i ; R j  getOneConflict (N: � )
for k 2 f i; j g // Split N ; constrain con�icting robots.do

N 0  N:copy
N 0:Ck  Ck [ fhR k ; Sr (p); t ig
Ck

weak  fR k ; hN 0:� ig // Penalize collisions.

N 0:� k  f k
� (sk

start; T k ; N 0:Ck [ Ck
weak)

CT  CT [f N 0g
end

end

(a) Two robots aim to switch positions. Blindly
generated single-robot trajectories collide.

(b) The diffusion denoising process for
the left robot in (a), under a temporally-
activated constraint (in red), yields multi-
modal trajectories.

(c) Collision-free solution.

Figure 1: An illustration of how MMD-
CBS generates collision-free trajectories
with constrained diffusion models.

3.1 CONSTRAINTS IN DIFFUSION MODELS

An intuitive and effective constraint for multi-robot motion planning in robotics is thesphere con-
straint 1 (Li et al., 2019; Shaoul et al., 2024b). It is de�ned by a pointp 2 W and restricts robots
from being closer top than a radiusr 2 R at a certain time ranget := [ t � � t; t + � t]. The sphere
constraint can beimposed as a soft-constrainton a diffusion model by incorporating it in its guiding
functionJ (�). This can be done by adding a cost termJ c that repels the robots from the sphere's
center pointp. Let k � i be the generated trajectory forR i at stepk of the diffusion denoising pro-
cess, andhRi ; Sr (p); t i be a sphere constraint centered atp with radiusr over time intervalt . The
guidance cost term forR i can be de�ned as:

J c(k � i
t ) :=

X

t 2 t

max
�
� � r � d

�
R i (k � i

t ); p
�

; 0
�

(4)

with d
�
R i (k � i

t ); p
�

as the distance from pointp to R i at k � i
t , and� � 1 a padding factor.

3.2 CONSTRAINING STRATEGIES

To determinewhenandwhereto apply constraints on diffusion models, MMD draws on MAPF
strategies like CBS and PP. We propose �ve MMD variants, each inspired by a state-of-the-art search
algorithm. Alg. 1 provides a summary of these methods and we elaborate upon them here2.

1The sphere constraint generalizes the MAPF vertex constraint, as it constrains robots from visiting the
point of collision itself instead of a single colliding con�guration corresponding to a vertex in a graph. In
MAPF, the point of collision and the graph vertex coincide.

2In MMD, we use the search or prioritization logic found in MAPF algorithms for placing “strong” con-
straints on diffusion models, while all other aspects of MMD are more loosely inspired by MAPF algorithms.
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MMD-PP. Prioritized Planning sequentially planspathsfor robotsR i 8 i 2 f 1; : : : ng. This or-
dering of robots is treated as a priority ordering in that, on each call, robotR i must generate a
path� i that avoids allR j that previously planned. RobotR i does so by respecting the constraints
C := fhR i ; q i ; t i j R i (q i ) \ R j (� j

t ) 6= ; 8 tg. To translate this approach totrajectory gener-
ation with diffusion models,MMD-PP represents robot volumes using spheres, as is common in
robotics, and uses the sphere representation of higher-priority robots as sphere soft-constraints for
lower-priority robots. Speci�cally, let a high-priority robotR j be modeled withM j spheres and
pj

m andr j
m be the position and radius of themth sphere at timet. Then, lower-priority robotR i

generates a trajectory under the constraint setfhR i ; Sr j
m

(pj
m ); t i j m 2 f 1; � � � M j g; j � i g, where

� indicates priority precedence. In Alg. 1,hRi ; � i means that all trajectories ofR j 6= i in � must be
similarly avoided.

MMD-CBS. CBS is a popular MAPF solver that combines “low-level” planners for individual
agents with a “high-level” constraint tree (CT) to resolve con�icts (i.e., collisions). The algorithm
initiates by creating the root nodeN root in the CT, planning paths for each agent independently, and
storing these paths inN root:� . CBS repeatedly extracts nodesN from the CT and inspectsN:� for
con�icts. If no con�icts exist, the algorithm terminates, returningN:� . Otherwise, CBS selects a
con�ict time t where agentsR i andR j collide at positionsq i = � i

t andq j = � j
t in N:� . CBS then

splits nodeN into two new CT nodes,N i andN j , each inheriting the (initially empty) constraint
setN:C and pathsN:� from N , and incorporating a new constraint for preventing the respective
agent from occupying the con�ict position at timet. For example,N i :C  N:C [ fhR i ; q i ; t ig for
R i . Paths forR i andR j are then replanned using low-level planners under the updated constraints
in N i :C andN j :C. The new CT nodes, with updated paths inN i :� andN j :� , are added to the
CT. MMD-CBSfollows the general CBS structure. It keeps a CT of nodesN , each with trajectories
N:� , and uses motion planning diffusion models as low-level planners. The algorithm identi�es a
collision pointp for each con�ict and resolves it by imposing sphere soft-constraints centered atp
on affected robots (see Fig. 1 for an illustration and Sec. A.4 for parameter values).

MMD-ECBS. Enhanced-CBS (ECBS) (Barer et al., 2014) informs CBS low-level planners of the
paths of other robots in the same CT node and steers the search towards solutions that are more likely
to be collision-free. To emulate this in diffusion-based trajectory generation, MMD-ECBS imposes
two types of soft constraints: “weak” and “strong.” For each robotR j with a trajectory in the CT
nodeN , a weak soft-constraint that forbidsR i from colliding with any otherR j with � j 2 N:� is
imposed. This is done in a similar way to MMD-PP but with a lower penalty value (Sec. A.4). The
strong constraints are the same as those in MMD-CBS, resolving previously observed con�icts.

Reusing Experience in CBS.Recent studies indicate that leveraging previous single-robot solutions
to guide replanning enhances the ef�ciency of CBS (Shaoul et al., 2024a). This is primarily because
the motion planning problem between a CT node and its successors is nearly identical, with the only
difference being a single constraint, making planning from scratch wasteful. This can be utilized in
MMD replanning by initially adding noise to the stored trajectory for a limited number of steps (3 in
our experiments; regular inference uses25 steps) and then denoising with the new soft-constraints.
This approach, in the context of single-robot planning, was �rst proposed in Janner et al. (2022)
and further re�ned in Zhou et al. (2024). Adding this functionality to MMD-CBS and MMD-ECBS
yields our two �nal MMD algorithms,MMD-xCBS andMMD-xECBS, respectively. Both reuse
previous solutions to inform replanning and are otherwise unchanged.

3.3 SEQUENCINGDIFFUSION MODELS FORLONG HORIZON PLANNING

Diffusion models have shown notable success in learning trajectory distributions within speci�c con-
texts. However, they face challenges in modeling complex trajectory distributions and generalizing
to diverse contexts (e.g., signi�cantly different obstacle layouts). We propose utilizing an ensemble
of local diffusion models for each robot to facilitate varying-context planning. Each local model is
trained to capture a particular motion pattern, i.e., a trajectory distribution generated by a hidden
cost function de�ned by a speci�c task dataset. For example, near a conveyor belt, we can de�ne
a motion pattern requiring robots to pass through either the top corridor right-to-left, or the bottom
corridor left-to-right. By sequentially combining multiple local models, each corresponding to a
local map segment, we enable long-horizon single-robot planning that is easier to learn, generalizes
well to different contexts, and scales effectively to large maps.
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(a) Empty map. (b) Data adherence in the
Empty map.

(c) Highways map. (d) Data adherence in the
Highways map.

Figure 2: A comparison between MMD and “composite” diffusion models that generate trajectories
for all agents at once. We observed consistent performance from MMD but a sharp decrease for the
baseline, unable to produce valid solutions for9 agents (denoted as zero adherence score). Since
MMD uses the same single-agent model for all robots in these experiments, it is straightforward to
keep increasing the number of agents without needing any retraining or new datasets.

During online planning, given a speci�c single-robot taskOi (which includes the start state and
the termination condition), we can query the task-relevant local diffusion models to generate a full-
horizon motion plan. Motivated by Mishra et al. (2023), this is done by sampling from the local
models in parallel, while incorporating across-conditioningterm that constrains the local trajectories
to connect seamlessly. Let� i;l be a local trajectory sampled from a local probability distributionpl .
The goal of the single-robot planner is to sample from the posterior distribution of trajectories:

arg max
� i

logp(� i jO) = arg max
� i; 1 ;:::; � i;L

logp(� i; 1; : : : ; � i;L jO) (5a)

subject to � i;l
1 = � i;l � 1

H l � 1
; 8l = 1 ; : : : ; L (5b)

Following Eq. 1, the new objective becomes:

arg min
� i; 1 ;:::; � i;L

 

J (� i; 1; : : : ; � i;L ) �
LX

l =1

logp(� i;l )

!

(6)

In practice, MMD ensures proper sequencing of theL local diffusion models by introducing con-
straints requiring the last state of the trajectory from modell to be equal to the �rst state from model
l + 1 (see Eq. 5b) and treating generation of local trajectories as inpainting (Lugmayr et al., 2022).3

4 EXPERIMENTAL ANALYSIS

We tested MMD's ef�cacy in learning multi-robot trajectories on increasingly complex maps with
varying numbers of holonomic ground robots in a simulated warehouse, modeling robots as 2D
disks. Our goals were to (i) compare our approach with common methods for integrating data into
multi-robot trajectory generation, (ii) identify the most effective constraining strategies with MMD,
and (iii) evaluate MMD's scalability. Each experiment withn robots begins by randomly picking
start and goal states on a map for various algorithms to compute valid trajectories� (or MAPF
paths� ) between. We evaluated the methods bysuccess rate, the percentage of problems solved
with no collision within a time limit, anddata adherence, the average alignment of� i 2 � with
the dataset motion patterns. Data adherence uses a map-speci�c function costdata(� i ), scoring1 for
perfect conformity and lower otherwise. Our evaluation maps, datasets, and adherence functions are
summarized here with simple illustrations and more details are in the appendix.

3Another option is to add a guidance term penalizing discontinuity. This approach is more �exible as it can
optimize for connection points that are learned as well (e.g., via classi�er guidance on the connection itself).
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Drop-Region map (Fig. 3c) simulates package drop-off chutes. Motion demonstra-
tions are trajectories between random states that include a pause at one of sixteen
drop-off regions—next to any chute edge midpoint. Adherence is met for� i , i.e.,
costdata(� i ) = 1 , if it includes such a pause. Otherwise, it is zero.

Conveyor map (Fig. 3b) features narrow passages with directional motion require-
ments. Demonstrations connect random states with trajectories that pass along the top
corridor to the left, or through the bottom corridor to the right. Trajectory� i adheres
to data if it similarly passes through either corridor before reaching its goal.
Highways map (Fig. 3a), requires counter-clockwise movement around a central
obstacle—a pattern shown in its associated data. This map can be seen as a modu-
lar building block for larger multi-robot environments with its required motion pat-
tern promoting easier coordination. Adherence is met for� i if its cumulative motion
within the map is counter-clockwise.

Empty map (Fig. 2a) is our simplest. Robots are scored highly if they move in straight
lines and gradually worse the more they deviate. Demonstrations are of straight line
motions.

Larger Maps (Fig. 5). In our larger scale experiments (Sec. 4.3) trajectories are
computed within2 � 2 and3 � 3 maps composed of smaller, local maps. Required
motions are dictated by spanned local maps, and the overall adherence is the average
adherence per local map.

4.1 DECOUPLINGSCALES MULTI -ROBOT DIFFUSION PLANNING

An appealing approach for learning multi-robot trajectory generation is by obtaining multi-robot
trajectory datasets and training a single model to jointly generate trajectories for all robots. To test
this approach, we evaluatedMPD-Composite, a state-of-the-art motion planning diffusion model
(MPD) (Carvalho et al., 2023) that we trained on multi-robot data we collected in two maps: Empty
and Highways. We created three models: for3, 6, and9 robots. Each model was also given an
additional guidance term that penalized collisions between robots. Across300 tests,50 for each
map and group size, we compared MPD-Composite to MMD-xECBS (referred to as MMD). See
Fig. 2 for results. The composite model achieved perfect success rates and high data adherence
scores with 3 robots but struggled as the number of robots increased to6. No valid trajectories
were generated in any test with9 agents using MPD-Composite in either map. In contrast, MMD
solved all 300 problems successfully and further scaled to 40 agents in additional random tests, also
producing trajectories with high data adherence scores and no collisions.

4.2 MMD OUTPERFORMSMAPF WITH LEARNED COST MAPS

From a search-based planning viewpoint, a compelling way to integrate motion data into multi-robot
planning is by reducing MRMP to MAPF and forming cost maps to direct algorithms like ECBS
(Cohen et al., 2016). This sacri�ces dynamic feasibility, limiting solutions to a �xed graph, but can
still offer a desirable homotopy class and be assessed for data compliance. Our second experiment
set evaluates this method's potential to produce data-compliant motions (see Fig. 3). We created
180 motion planning problems, 10 per group size across three maps, and assessed two search-based
methods:A*Data-ECBSand A*-ECBS. The former plans single-robot paths using A* (Nilsson,
1982) with statistical cost maps, where edge costs are lower if map dataset trajectories frequently
visit those areas. The latter uses uniform costs (i.e., has no knowledge of the data) and is reported
only to provide context for A*Data-ECBS's performance.

Integrating motion data into statistical cost maps shows mixed results: it improves Highways map
performance by35% over A*-ECBS but reduces success rates. In other maps, it �nds collision-
free paths but struggles with complex motion distributions. MMD methods, by contrast, effectively
generate trajectories with high data adherence and often high success rates. As shown in A.2.1 and
Table 2, planning time and solution quality correlate: when A*Data-ECBS matches MMD's data
adherence, their planning times align, but faster A*Data-ECBS solutions come at the cost of lower
quality. We believe there is signi�cant potential to improve the computational ef�ciency of MMD
through parallelization. However, we have left such optimizations for future work.
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