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Abstract

Multi-Robot Motion Planning (MRMP) involves generating
collision-free trajectories for multiple robots operating in
a shared continuous workspace. While discrete multi-agent
path finding (MAPF) methods are broadly adopted due to
their scalability, their coarse discretization severely limits tra-
jectory quality. In contrast, continuous optimization-based
planners offer higher-quality paths but suffer from the curse
of dimensionality, resulting in poor scalability with respect
to the number of robots. This paper tackles the limitations of
these two approaches by introducing a novel framework that
integrates discrete MAPF solvers with constrained generative
diffusion models. The resulting framework, called Discrete-
Guided Diffusion (DGD), has three key characteristics: (1)
it decomposes the original nonconvex MRMP problem into
tractable subproblems with convex configuration spaces, (2)
it combines discrete MAPF solutions with constrained opti-
mization techniques to guide diffusion models capture com-
plex spatiotemporal dependencies among robots, and (3) it
incorporates a lightweight constraint repair mechanism to en-
sure trajectory feasibility. The proposed method sets a new
state-of-the-art performance in large-scale, complex environ-
ments, scaling to 100 robots while achieving planning effi-
ciency and high success rates.

Extended version — https://arxiv.org/abs/2508.20095
Project page — https://discrete-guided-diffusion.github.io

1 Introduction
Multi-Robot Motion Planning (MRMP) is a fundamental
problem in robotics that requires generating collision-free
trajectories for multiple robots operating in a shared en-
vironment. MRMP arises in diverse applications such as
automated warehouses, coordinated drone fleets, and au-
tonomous driving. Despite its importance, efficiently solv-
ing MRMP in complex environments remains a significant
challenge due to the high dimensionality and combinatorial
complexity (Yu and LaValle 2013).

To address these challenges, two major paradigms have
emerged. Optimization-based methods formulate the prob-
lem as a continuous, often nonconvex trajectory optimiza-
tion problem and are capable of producing smooth, high-
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quality paths (Marcucci et al. 2023). However, their scala-
bility is severely limited as the number of robots and ob-
stacles increases. Another body of work considers a dis-
cretized version of MRMP, known as Multi-Agent Path
Finding (MAPF). It discretizes the space and time, signif-
icantly reducing computational complexity (Li, Ruml, and
Koenig 2021; Okumura 2024). MAPF algorithms scale to
hundreds of robots, but their reliance on discretized grid-
based movement and synchronized time steps limits their
applicability in continuous and dynamic environments.

To address these limitations, recent work has explored
the use of generative models, particularly diffusion mod-
els, to learn distributions over trajectories in continuous
spaces (Xiao et al. 2022; Carvalho et al. 2023). These mod-
els show promising results in single-robot planning as they
enable diverse and high-quality trajectory generation. How-
ever, their extension to multi-robot settings introduces sig-
nificant challenges: Diffusion models must capture complex
inter-robot spatiotemporal dependencies while simultane-
ously avoiding collisions, a problem that becomes highly in-
tractable as the number of robots and obstacles grows.

Several recent approaches attempt to extend diffusion
models to MRMP via gradient-based guidance (Shaoul et al.
2024; Ding et al. 2025). These methods are able to gen-
erate high-quality trajectories, but are limited by two key
challenges: First, the difficulty of ensuring the feasibility of
the generated trajectories with respect to non-collision and
kinodynamic constraints. This is challenging since gradient-
based guidance cannot natively guarantee global constraint
satisfaction. Second, these models struggle in cluttered or
dense environments, where the complexity of the configura-
tion space increases. Recently, Liang et al. (2025) proposed
an approach to ensure feasibility through repeated projec-
tions within the diffusion process. This is a promising solu-
tion, but it comes at a high computational overhead, due to
the nonconvexity and high dimensionality of constraints.
Contribution. This paper addresses these challenges
through a novel integration of discrete MAPF with continu-
ous denoising diffusion. The proposed Discrete-Guided Dif-
fusion (DGD), first decomposes the original MRMP prob-
lem into a sequence of local subproblems with convex con-
figuration space, each defined by the spatiotemporal struc-
ture obtained from the MAPF solution. On each subproblem,
a diffusion model is then used to generate trajectories guided
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MRMP Problem S1: Convex Decomp S2: ST Assignment S3: Traj. Generation S4: Constr. Repair

Diffusion Sampling Steps

Figure 1: Overview of Discrete-Guided Diffusion. S1 shows that the nonconvex configuration space is approximated by multiple
convex regions. The wheat regions denote the obstacles, and the green regions denote the free space. The robots move from
their start • to their goal positions ⋆. S2 illustrates that the local start and goal for each robot in each subproblem is determined
by the spatiotemporal dependency obtained from MAPF solutions. S3 shows that the trajectory is generated by diffusion models
guided by discrete spatiotemporal dependency. Collision is marked by ✸. S4 shows that the infeasible problem is repaired by
constraint-aware diffusion models.

by this spatiotemporal structure. To ensure feasibility, DGD
relies on a lightweight projected guidance rendering each
step of the diffusion process feasible, and enforced only
when constraint violations are detected. The whole frame-
work is schematically illustrated in Figure 1. The effective-
ness and efficiency of DGD is demonstrated both theoret-
ically and practically across a range of challenging bench-
marks with up to 100 robots.

2 Related Work
Diffusion generative models have recently emerged as a
powerful alternative to sampling-based and optimization
planners, learning a distribution over continuous trajectories
that captures multimodality without hand-tuned costs (Xiao
et al. 2022; Carvalho et al. 2023; Luo et al. 2024). While
early work focused on single-robot problems, extending to
multi-robot motion planning requires enforcing joint colli-
sion and kinodynamic constraints, which dramatically in-
creases the complexity of the diffusion process.

To address this issue the recent literature has explored
three main strategies: (i) Classifier or gradient guidance
adds an external collision penalty during the reverse pro-
cess (Ding et al. 2025). Although simple, guidance offers
no guarantees on constrained satisfaction and degrades in
dense environments. Shaoul et al. (2024) extends this ap-
proach by using diffusion models as the single-robot plan-
ner in a constraint-based MAPF framework, but this process
utilizes diffusion to generate single-robot trajectories with-
out explicitly modeling inter-robot interactions. (ii) Con-
strained score estimation methods learn the score function
with added penalty terms (Naderiparizi et al. 2025), but con-
straints satisfaction still cannot be guaranteed. (iii) Finally,
Projection-based refinement methods, Liang et al. (2025),
interleaves diffusion steps with a nonlinear projection onto

the global feasible set. This approach produces provably
collision-free trajectories for a few robots and is therefore
central to our discussion and later comparisons. Nonethe-
less, the need to solve a full high-dimensional projection at
every diffusion step incurs substantial computational over-
head and limits scalability to larger teams.

To address these limitations, the proposed Discrete-
Guided Diffusion (DGD) exploits a hybrid approach where
a MAPF-derived spatiotemporal skeleton is fused with a
constraint-aware diffusion process inside locally convex
subproblems, avoiding costly global projections while pre-
serving formal feasibility and yielding state-of-the-art per-
formance on large-scale MRMP benchmarks. To the best of
our knowledge, DGD is the first to use discrete information
to guide diffusion models for scalable and collision-free tra-
jectory generation.

3 Preliminaries
Multi-Robot Motion Planning (MRMP). MRMP in-
volves computing collision-free trajectories for multiple
robots navigating a shared environment from designated
start positions to goal states. Let A = {a1, . . . , aNa

} be a
set of Na robots that move in a bounded, planar workspace
W ⊂ R2 containing a set of obstacles O = {o1, . . . , oNo}.
The free configuration space is defined as the set of all
points in the workspace that are not occupied by obstacles:
Cf := W \

(⋃
o∈O Br(o)

)
, where Br(o) is the Minkowski

sum of obstacle o with a closed ball of radius r, correspond-
ing to the robot’s radius.

Each robot ai is modeled as a disk of radius ri > 0 and is
characterized at discrete time steps h ∈ {0, . . . ,H} by a 2-D
position πh

i = (xh
i , y

h
i ) ∈ Cf . A trajectory for robot ai is the

sequence πi := (π0
i , π

1
i , . . . , π

H
i ). For each robot, their start

and target states are defined by sets B = [b1, b2, . . . , bNa
]
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and E = [e1, e2, . . . , eNa ].
The goal of MRMP is to compute a set of trajectories

Π = {π1,π2, . . . ,πNa
} such that each robot starts at its

designated start position and reaches its target position while
avoiding collisions with obstacles and other robots. For ev-
ery time index h we require

πh
i ∈ Cf , ∀i, (1a)

∥πh
i − πh

j ∥2 ≥ ri + rj , ∀i < j, (1b)

∥πh+1
i − πh

i ∥2 ≤ vmax ∆t, ∀i, h < H, (1c)

where (1a) enforces obstacle avoidance, (1b) inter-robot sep-
aration, and (1c) a first-order kinematic bound with time
step ∆t and speed limit vmax.

Multi-Agent Path Finding (MAPF). In contrast, Multi-
Agent Path Finding assumes the configuration space and
time to be discretized, which significantly reduces the com-
plexity of the original problem. The workspace is repre-
sented by an undirected graph G = (V,E) whose vertices
encode grid cells or roadmap milestones. The input to a
MAPF problem is a tuple ⟨G, S,T⟩, where S : [1, . . . , k] →
V maps robots to their source vertices and T : [1, . . . , k] →
V maps robots to their target vertices. At each integer time
step t, robot i occupies a vertex vti ∈V and chooses either a
wait action or an edge (vti , v

t+1
i ) ∈ E.

The result of a MAPF algorithm is a set of discrete multi-
robot trajectories ΠM = {πm,1,πm,2, . . . ,πm,Na}, speci-
fying the grid location of each robot at every time step, sat-
isfying vertex conflicts vti ̸= vtj ∀i ̸= j, t and edge conflicts
(vti , v

t+1
i ) ̸= (vt+1

j , vtj) ∀i ̸= j, t.

The Discrete-Continuous Gap
The MAPF solution ΠM satisfies the constraints of the dis-
crete problem, but it does not directly translate to a continu-
ous trajectory for the robots. To obtain a continuous trajec-
tory, three key challenges arise:
1. Embedding the vertices V of G in the continuous space
Cf , which may not be a grid.

2. Time-parameterizing each edge into a collision-free seg-
ment that respects constraint (1c). This requires ensuring
that the trajectory segments do not violate the kinematic
limits of the robots.

3. Although the MAPF solution ensures discrete collision
avoidance, it does not exploit constraint (1b) in the con-
tinuous space, which can result in suboptimal solutions.
A coarse grid may also lead to unrealistic motions or in-

feasible timing, whereas a fine grid blows up the state space
exponentially, making MAPF itself expensive. To contrast
these challenges, this paper proposes a framework that lever-
ages MAPF solely as a structural guide while a continuous
diffusion model refines the trajectories to respect (1a)–(1c).

4 Discrete-Guided Diffusion Framework
Solving the MRMP problem poses two fundamental chal-
lenges. First, MRMP is NP-hard and the complexity grows
exponentially with the number of robots, making it diffi-
cult to scale to large problems while preserving high-quality

(a) VCC (b) PBD

Figure 2: Comparison of Configuration Space Decomposi-
tion results between Visibility Clique Cover (VCC) and the
proposed priority-based decomposition (PBD). Yellow ob-
jects represent obstacles, and each green-filled polygon with
a black border indicates a convex region generated by the
decomposition methods.

trajectories generation. Second, although generative models
offer better scalability and trajectory quality, ensuring the
feasibility of entire trajectories remains challenging, partic-
ularly in high-dimensional planning spaces.

To address these challenges, this section presents an
MRMP framework that couples a discrete MAPF backbone
with a continuous score-based diffusion model to generate
high-quality trajectories for multiple robots. The framework,
called Discrete-Guided Diffusion (DGD). Specifically, the
first two stages mitigate the scalability challenge, and the
next two stages address the challenge of constraint satisfac-
tion and trajectory quality in high-dimensional spaces:

S1 Priority-based Convex Decomposition (PBD): approxi-
mation of the nonconvex free configuration space Cf us-
ing nonoverlapping convex regions to enable problem de-
composition (Section 4.1)

S2 Spatiotemporal assignment: determination of entry and
exit events for each convex region by leveraging spa-
tiotemporal dependencies extracted from a MAPF solu-
tion ΠM (Section 4.2).

S3 Diffusion-based Trajectory Generation: generation of
high-quality trajectories for each subproblem using a dif-
fusion model guided by ΠM (Section 4.3).

S4 Constraint-aware Diffusion Refinement: correction of in-
feasible trajectories through constraint-aware diffusion
models by introducing a lightweight projection mecha-
nism to enforce constraint satisfaction (Section 4.4).

Proofs for the theoretical results discussed in this section
are provided in the extended version of the paper.

4.1 Priority-Based Convex Decomposition
Recent advancements in single-robot planning replace the
original nonconvex configuration space Cf with a union
of convex polytopes, enabling single-robot motion plan-
ning to be formulated as convex programs (Werner et al.
2024a,b). The current state-of-the-art, the Visibility Clique
Cover (VCC) algorithm (Werner et al. 2024a) approximates
the free configuration space using a small number of large
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convex polytopes. While this eliminates nonconvex obsta-
cle avoidance constraints, the resulting polytopes overlap
heavily in practice. As shown in Figure 2a, VCC produces
substantially more sets than required to cover Cf , highlight-
ing the inefficiency introduced by overlapping regions. For
MRMP, this is problematic for two reasons: (i) First, overlap
explodes the number of discrete mode switches that must be
co-optimized, and (ii) Second, a single robot may lie in sev-
eral polytopes at once, making a clean decomposition into
independent subproblems impossible. This motivates us to
find more compact and structure-aware representations.

Priority-based Decomposition (PBD). To address these
limitations, we introduce a novel decomposition approach
that guarantees non-overlapping convex regions while opti-
mizing for robot traffic patterns. This method builds upon
computational geometry techniques, inspired by the Hertel-
Mehlhorn algorithm (Hertel and Mehlhorn 1983). It pro-
duces a partition Cc

f = {R1, R2, . . . , Rk}where Ri∩Rj = ∅
for i ̸= j and

⋃k
i=1 Ri ∈ Cf, ensuring each robot belongs to

exactly one region at any time. This eliminates the critical
issue in overlapping methods, where a single point may be-
long to multiple regions, resulting in larger subproblems due
to redundant coverage and making parallelization difficult,
as subproblems are no longer independent. The decomposi-
tion is performed in two steps:
1. Triangulate Cf in O(|V| log |V|) time, where V is a set of

all vertices.
2. Iteratively remove diagonals to merge adjacent triangles,

but prioritize edges that connect regions with the highest
robot traffic according to the MAPF solution ΠM .

The resulting Priority-Based Decomposition keeps the
number of regions proportional to where the robots actually
need maneuvering, dramatically reducing the downstream
dimension required for diffusion, as illustrated in Figure 2b.
A detailed presentation of the algorithm is given in the ex-
tended version.

Theorem1 (Sound, compact, and efficient). PBD outputs a
finite set Cc

f of pairwise disjoint convex polygons satisfying⋃
R∈Cc

f
R ∈ Cf . Its runtime is O(|V| log |V|), where V are

the vertices of the triangulation.

Sketch of Proof. The runtime follows from (1) hole re-
moval and triangulation in O(|V| log |V|) time, and (2)
at most O(|V|) heap-based merge operations, each taking
O(log |V|) time.

Remark1 (Region count). Empirically, PBD eliminates up
to 32.6% of redundant convex regions across our benchmark
scenarios. Compared to the baseline Visibility Clique Cover,
it reduces the total number of region sets by over 50%, while
also achieving faster runtime. This directly translates to a
comparable reduction in the number of diffusion model calls
required for trajectory generation.

4.2 MAPF-Driven Spatiotemporal Assignment
While PBD yields a non-overlapping spatial partition Ccf =
{R1, . . . , Rk}, this alone is insufficient for decomposing
MRMP. In multi-robot systems, coordination hinges not

only on spatial separation but also on the spatiotemporal or-
dering of robot actions. Even when robots are assigned to
disjoint regions, their trajectories can remain interdependent
due to timing constraints. A central challenge lies in deter-
mining when and where each robot should enter or exit spe-
cific regions. These decisions introduce temporal coupling
between otherwise spatially decoupled subproblems. With-
out resolving this temporal-spatial assignment, region-based
planning cannot guarantee global feasibility.

To address this challenge, this paper makes a key obser-
vation: a discrete MAPF solution ΠM = {πm,i}Na

i=1 in-
herently encodes a coarse spatiotemporal collision sched-
ule. Thus, rather than leveraging ΠM for its specific paths,
we extract and exploit its embedded coordination structure.
Although MAPF operates in a discretized space-time do-
main, it effectively resolves collisions and preserves essen-
tial inter-agent dependencies. In particular, for each robot ai
and region Rj , we extract two key events:
• Exit event: Time tout and position πout, such that
πm,i(tout) ∈ Rj and πm,i(tout+1) /∈ Rj .

• Entry event: Time tin and position πin, such that
πm,i(tin) ∈ Rk and πm,i(tin−1) /∈ Rk.

From these, we construct a structured transition set: T ={
(ai, Rj , tout,πout, Rk, tin,πin)

}
, where each tuple indi-

cates that agent ai exits region Rj at (tout,πout) and enters
region Rk at (tin,πin). These transitions provide start and
goal constraints for region-level diffusion models, enabling
temporally consistent and spatially decoupled planning.

The transition set T is constructed by a single forward
pass through the MAPF trajectories and the region map (see
the extended version for details), as illustrated in S2 of Fig-
ure 1. Its structural utility is formalized as follows.
Proposition 1 (Valid subproblem decomposition). Fix any
transition set T obtained from ΠM and Cc

f . Then:
(a) Each robot is uniquely assigned to one region R ∈ Cc

f at
each time step.

(b) Within each region R, the set of robot trajectories is tem-
porally bounded by entry/exit events in T .

(c) There are no inter-region constraints at any time step, so
each region defines an independent subproblem.

Sketch of Proof. Disjointness of regions ensures spatial
uniqueness. The time-based conditions ensure that each
robot’s regional assignment is temporally non-overlapping.
Feasibility constraints in MRMP (e.g., inter-robot collision)
only apply to robots simultaneously present in the same re-
gion.

4.3 Diffusion-based Trajectory Generation
By decomposing the original problem into multiple inde-
pendent subproblems, we are able to operate within smaller,
decoupled subspaces. This improves runtime efficiency and
sample quality. In this subsection, we describe how diffusion
models are used to generate high-quality trajectories within
each subproblem, as illustrated in S3 of Figure 1.

Diffusion models – preliminaries Denoising Diffusion
Probabilistic Models (Sohl-Dickstein et al. 2015; Ho, Jain,
and Abbeel 2020; Song et al. 2020) define a generative
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process by learning to reverse a forward stochastic trans-
formation that progressively corrupts structured data into
noise. The generative model then approximates the inverse
of this transformation to restore the original structure, al-
lowing sampling from the learned distribution. The diffu-
sion model is thus trained to minimize the difference be-
tween the estimated and true scores of the perturbed data.
Once trained, the score network sθ is used to denoise ran-
dom samples xT ∼ N (0, I) by iteratively updating xt along
the score direction until the samples resemble the original
data. This is also known as the sampling phase, which fol-
lows the Stochastic Gradient Langevin Dynamics (SGLD)
update rule:

xt = xt+1 +
ϵ

2
sθ(xt+1, t+ 1) +

√
ϵ · z, (2)

where ϵ denotes the step size and z is standard Normal.

Trajectory Generation using Diffusion Models To facil-
itate the generation of collision-free trajectories by diffusion
models, a straightforward method is to bias the sampling
process by incorporating gradient-based guidance to encour-
age the robot to avoid obstacles and other robots. This can
be achieved by adding a penalty term into Eq. (2):

xt = xt+1 +
ϵ

2
(sθ(xt+1, t+ 1) + J (xt+1,O)) +

√
ϵ · z,

where

J (xt,O) =
Na∑
i=1

∇xdo
(
xi
t,O

)
+

Na∑
i=1

∇xda
(
xi
t,x

−i
t

)
.

We define the obstacle and inter-agent penalty functions
based on the squared L2-norm distance:

do(πi,O) =
H∑

h=0

∑
oj∈O

max
{
0, roi,j −

∥∥πh
i − oj

∥∥
2

}
,

da(πi,Π−i) =
H∑

h=0

∑
πj∈Π−i

max
{
0, rai,j −

∥∥πh
i − πh

j

∥∥
2

}
,

where do(·) and da(·) measure the violation of minimum
safety distances roi,j and rai,j between robot ai and obstacle
oj , and between robots ai and aj , respectively. Π−i denotes
the set of trajectories of all robots except ai.

Incorporating the penalty term into the sampling process
allows the diffusion model to sample trajectories that fol-
low the learned distribution while softly enforcing task re-
quirements (e.g., collision avoidance). However, the guid-
ance term alone does not guarantee that each trajectory re-
mains within its assigned convex region, which is essential
for maintaining independence across subproblems.

Fortunately, since each subproblem is defined over a con-
vex domain, we can efficiently enforce this constraint by
projecting each intermediate sample back onto the feasible
set. To this end, we integrate a convex projection operator
PR into the SGLD update rule with minimal computational
overhead:

xt = PR (xt) ,

where PR(x) = argminy∈R ∥x − y∥22 denotes the Eu-
clidean projection onto the feasible convex region R ∈ Ccf
associated with the specific subproblem.

Theorem 2 (Obstacle avoidance). Let x0 denotes the tra-
jectory generated by diffusion models with projection op-
erator PR. For arbitrary small ξ, there exist t such that∑Na

i=1 ∥∇xdo (x0,O) ∥2 ≤ ξ.

Sketch of Proof. Since R is a convex set, the projection op-
eratorPR guarantees that the generated trajectory lies within
this feasible set (Christopher, Baek, and Fioretto 2024).
Moreover, since

⋃
R∈Cc

f
R ⊆ Cf, and Cf denotes the free con-

figuration space, the generated trajectories satisfy the obsta-
cle avoidance constraints.

Additionally, beyond extracting timing structure, the
MAPF plan ΠM provides a strong trajectory prior. Thus, in-
spired by recent work on Diffusion Models Inversion (Meng
et al. 2022; Rout et al. 2025), which shows that even an im-
perfect or suboptimal initial solution can lead to better per-
formance than sampling from pure noise. Motivated by this,
we adopt a similar strategy to improve sampling efficiency
and quality. Unlike standard diffusion models that start from
Gaussian noise xT ∼ N (0, I), we leverage a valid but sub-
optimal solution from a MAPF solver to initialize the diffu-
sion model’s reverse process xT = ΠM , which provides a
strong structural prior for the sampling process.

4.4 Constraint-aware Diffusion Refinement
The previous stages ensure that each trajectory remains
within its assigned convex region and satisfies obstacle
avoidance constraints. For inter-robot collision avoidance,
although multiple guidance methods have been introduced
to encourage generating collision-free trajectories, these
mechanisms do not provide strict guarantees, especially with
a large number of robots.

To address this limitation, we examine each region sep-
arately and introduce a Constraint-aware Diffusion refine-
ment step to repair the infeasible subproblems, as shown in
S4 of Figure 1. If any constraint in (1a)–(1b) is violated, we
run a constraints-aware diffusion model to obtain the fea-
sible solution. Specifically, we introduce another projection
operator PΠ into the SGLD update rule:

xt = PΠ (xt) ,

where

PΠ(x) = argmin
y
∥x− y∥22 s.t. Eq. (1b), (1c).

To solve PΠ more efficiently, we use a Lagrangian dual
method, where the constraints are incorporated into a re-
laxed objective by using Lagrange multipliers ν:

L(y,ν) =∥x− y∥22 + ν
∑Na

i=1
∇yda

(
yi
t,y

−i
t

)
,

To accelerate the convergence, a quadratic penalty term
ρ is introduced, and the augmented Lagrangian function is
defined as:

Lalm(y,ν) = L(y,ν) + ρ∥
∑Na

i=1
∇yda

(
yi
t,y

−i
t

)
∥2.

A dual ascent strategy is used to solve the relaxed prob-
lem, where the primal variable x′ is updated via gradi-
ent descent on the augmented Lagrangian Lalm(y,ν), and
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(a) Basic. (b) Dense. (c) Room. (d) Shelf.

Figure 3: Examples of benchmark used for MRMP exper-
iments, with increasing complexity. Colorful spheres and
plates denote the start and goals of robots. White objects
indicate obstacles.

the dual variable ν is updated according to ν ← ν +

ρ
∥∥∥∑Na

i=1∇yda
(
yi
t,y

−i
t

)∥∥∥2 . The penalty coefficient ρ is
gradually increased to enforce the constraints more strictly.
This iterative process continues until the residual of the col-
lision avoidance constraints falls below a predefined thresh-
old, at which point the algorithm returns a feasible trajectory.

Remark 2. Although inter-robot collision avoidance con-
straints are generally difficult to handle in MRMP due to
their nonconvexity and high dimensionality, our approach
focuses only on resolving such constraints within infeasi-
ble subproblems. These subproblems operate in significantly
lower-dimensional spaces compared to the global problem.
Moreover, by applying a Lagrangian relaxation, we further
simplify the optimization landscape, making the constraint
repair process highly efficient in practice.

5 Experiments
5.1 Experimental Setup
Settings. To evaluate the performance of diffusion-based
MRMP algorithms, we design two experimental settings tar-
geting different aspects of the problem. (1) Feasibility, Ef-
ficiency, Quality: We adopt a diverse MRMP benchmark
introduced in (Liang et al. 2025), which includes four rep-
resentative map types: random maps with varying obstacle
densities (basic and dense), and structured maps mimicking
real-world environments (room and shelf layouts). For each
map type, we consider six robot counts (3, 6, 9, 12, 15, and
18), and evaluate across 25 instances with different configu-
rations. Illustrations of the benchmark maps are included in
the Figure 3. (2) Scalability: To evaluate the scalability of
our method, we use a large-scale map containing over 100
heterogeneous obstacles. This setup supports scenarios with
up to 100 robots, providing a challenging setting to exam-
ine the method’s ability to generate feasible plans in high-
dimensional and cluttered environments.

Evaluation Metrics. Different algorithms are empir-
ically evaluated based on Success rate, Running time,
Path Length, and Acceleration. The Success rate indicates
the proportion of test cases solved without collisions and
within the time limit (900 seconds), Running time measures
the computational efficiency required to generate a solution,
Path Length and Acceleration evaluate the quality of gener-
ated trajectories.

Map Robots DGD MPD MMD SMD

S T P S T P S T P S T P

B
as

ic

6 100 12.2 1.21 76 9.1 1.12 100 27.1 1.12 100 254.3 1.10
12 96 25.0 1.28 52 8.7 1.10 100 56.0 1.12 N/A N/A N/A
18 96 65.7 1.33 8 9.4 1.09 96 86.3 1.13 N/A N/A N/A

D
en

se

6 100 12.3 1.26 4 9.2 1.11 40 36.5 1.15 100 287.3 1.13
12 100 32.9 1.35 0 N/A N/A 8 62.5 1.15 N/A N/A N/A
18 76 47.8 1.37 0 N/A N/A 8 87.1 1.18 N/A N/A N/A

R
oo

m

6 100 38.9 1.44 0 N/A N/A 24 55.5 1.16 100 181.0 1.19
12 100 84.0 1.50 0 N/A N/A 4 122.6 1.14 N/A N/A N/A
18 100 219.0 1.55 0 N/A N/A 0 N/A N/A N/A N/A N/A

Sh
el

f 6 100 64.6 1.30 0 N/A N/A 32 48.5 1.18 100 274.3 1.16
12 100 131.5 1.33 0 N/A N/A 4 95.1 1.22 N/A N/A N/A
18 84 324.8 1.38 0 N/A N/A 0 N/A N/A N/A N/A N/A

Table 1: Success rate (S, in percentage), running time (T, in
seconds), and path length (P).

Competing Methods. The proposed approach is com-
pared against three SOTA diffusion-based baseline methods:
1. Motion Planning Diffusion (MPD): A state-of-the-art

diffusion model for single-robot motion planning (Car-
valho et al. 2023), which we extend to the multi-robot
setting for comparison.

2. Multi-robot Motion Planning Diffusion (MMD): A
method that integrates diffusion models with a classical
search-based MAPF algorithm to generate MRMP solu-
tions under soft collision constraints (Shaoul et al. 2024).

3. Simultaneous MRMP Diffusion (SMD): The current
SOTA method recently introduced in (Liang et al. 2025).
It integrates diffusion models with constrained optimiza-
tion to generate collision-free trajectories for MRMP.

Implementation details are available in the extended version.

5.2 Comparison across Methods
We evaluate the performance of all methods on the standard
MRMP benchmark, comparing success rates, runtimes, and
path lengths across scenarios of increasing complexity and
robot count (6, 12, and 18 agents). Full results are summa-
rized in Table 1, and additional metrics and ablations are
provided in the extended version.

Baseline Performance
Motion Planning Diffusion (MPD) achieves the lowest
runtimes and path lengths when successful. This is the case
for the simplest problems (Basic maps with 6 robots). How-
ever, MPD fails to scale, consistently failing to generate fea-
sible solutions beyond three robots in any more complex
scenario. This underscores the limitations of unguided dif-
fusion in multi-agent settings with tight coupling.
Multi-robot Motion Planning Diffusion (MMD) improves
substantially over MPD by jointly modeling all agents. It
maintains high success rates on Basic maps with up to 18
robots. However, its performance sharply degrades in more
constrained environments. For instance, on Room and Shelf
maps with 12 or more agents, MMD fails consistently. This
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(a) Dense Maps. (b) Shelf Maps.

Figure 4: Trajectories generated by DGD.

breakdown is attributed to its lack of explicit coordination
mechanisms, which leads to congestion and deadlocks in
narrow passages.
Simultaneous MRMP Diffusion (SMD) shows high-
quality planning with 100% success rates for up to 6 robots.
However, its computational cost is orders of magnitude
higher than other methods. For 12 or more robots, the run-
ning time becomes prohibitively long, and no solution is ob-
tained within the imposed time limit.

Discrete Guided Diffusion (DGD)
DGD outperforms all baselines in both success rate and
computational efficiency. By decomposing the MRMP prob-
lem into multiple region-level subproblems using a struc-
tured MAPF schedule, DGD solves each subproblem inde-
pendently and in parallel, significantly reducing planning
overhead. DGD attains over 92% success rate across all set-
tings except the most challenging (Dense and Shelf maps
with 18 robots), where it still leads with a success rate of
76%. Additionally, it achieves such results with lowest run-
times for the non-trivial benchmarks. Notably, on Dense
maps with 6 robots, DGD matches SMD’s perfect success
rate while using only 4% of its runtime.

DGD’s path lengths are comparable to those of MPD
and MMD. While the average path length appears slightly
higher, this is primarily because the averages are computed
only over successful trials. In more challenging scenarios,
where MPD and MMD often fail, DGD still succeeds, al-
beit with longer paths due to the complexity of the environ-
ment. Example trajectories generated by DGD are shown in
Figure 4 and the corresponding figures for the baselines are
available in the extended version.

5.3 Scalability Analysis
To evaluate the scalability of DGD, we test it on large-scale
environments containing a diverse mix of obstacle types
within a single map. These environments feature 104 obsta-
cles and 100 robots, substantially exceeding the complexity
and scale of standard MRMP benchmarks.

As in earlier experiments, DGD decomposes the global
MRMP problem into a set of independent subproblems, each
confined to a convex region. This decomposition enables ef-
ficient parallelized planning, and allows DGD to scale grace-
fully to high-dimensional instances. Representative trajecto-

Figure 5: Trajectories generated by DGD on large maps. The
figure is horizontally cropped for readability, with a dashed
line on the bottom indicating continuation. The complete fig-
ure is provided in the extended version.

ries generated by DGD in this large-scale setting are shown
in Figure 5 (figure cropped due to large size).

To the best of our knowledge, DGD is the first diffusion-
based MRMP method capable of generating feasible so-
lutions in environments with over 100 obstacles and 100
robots. In contrast to prior diffusion approaches, which have
been demonstrated only on up to 40 robots in obstacle-free
settings (Shaoul et al. 2024), DGD achieves a 2.5× improve-
ment in robot count while simultaneously addressing signif-
icantly more complex environments. This is significant: scal-
ability is a key impediment to apply generative models to
real-world multi-robot systems, where both geometric com-
plexity and agent coordination pose significant challenges,
and thus, this work makes a significant step towards practi-
cal diffusion-based solvers for multi-robot planning.

6 Conclusion
This work introduces Discrete Guided Diffusion (DGD),
a method that leverages a decomposition strategy to en-
able diffusion models to efficiently generate collision-free
trajectories for multi-robot systems. By decomposing the
original MRMP problem into multiple tractable subprob-
lems, DGD alleviates the significant computational burden.
To address the spatiotemporal dependencies across multi-
ple robots, MAPF solutions are employed to guide diffusion
models in generating solutions for each subproblem. In ad-
dition, an efficient constraint repair mechanism ensures the
feasibility of the generated trajectories.

Extensive experiments across varying obstacle densities
and increasing robot counts demonstrate that DGD achieves
significantly higher success rates and lower running times
than competing methods. Experiments on large-scale maps
further validate its scalability, making it a promising ap-
proach for real-world applications.

While DGD achieves remarkable performance on MRMP
tasks, there are several promising directions to further en-
hance its capabilities. One opportunity lies in improving the
decomposition process to produce more flexible subproblem
partitions. In addition, extending the current framework to
incorporate interactions between adjacent subregions could
help better preserve consistency across the full trajectory.
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