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Abstract

Swarm robotic trajectory planning faces challenges in com-
putational efficiency, scalability, and safety, particularly in
complex, obstacle-dense environments. To address these is-
sues, we propose SwarmDiff, a hierarchical and scalable
generative framework for swarm robots. We model the
swarm’s macroscopic state using Probability Density Func-
tions (PDFs) and leverage conditional diffusion models to
generate risk-aware macroscopic trajectory distributions,
which then guide the generation of individual robot trajec-
tories at the microscopic level. To ensure a balance between
the swarm’s optimal transportation and risk awareness, we
integrate Wasserstein metrics and Conditional Value at Risk
(CVaR). Additionally, we introduce a Diffusion Transformer
(DiT) to improve sampling efficiency and generation qual-
ity by capturing long-range dependencies. Extensive simu-
lations and real-world experiments demonstrate that Swar-
mDiff outperforms existing methods in computational effi-
ciency, trajectory validity, and scalability, making it a reli-
able solution for swarm robotic trajectory planning.

1. Introduction

Accompanied by low-cost sensors, real-time communica-

tion, and computational advancements, swarm robotic sys-

tems have emerged as promising solutions for applications

such as environmental exploration [22], search and rescue

[10], and coordination transportation [14]. A key chal-

lenge is designing robust, flexible, and efficient trajectory

planning strategies for large-scale swarms in obstacle-dense

environments, where robots must navigate autonomously

while maintaining global coordination under limited com-

munication and computational constraints.

Existing trajectory planning methods for swarm robots
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Figure 1. Motion planning experiment with ten robots in a

real-world obstacle-dense environment. The figure illustrates the

robots’ trajectories over five selected time steps, where each blue

or red cluster represents the robot formations at a specific moment.

The robots dynamically split and merge to navigate through the

obstacles efficiently.

fall into two main categories: microscopic and macro-

scopic approaches. Microscopic methods control each robot

individually. While effective for small to medium-sized

swarms, their computational cost becomes prohibitive for

large-scale systems [25, 29, 31, 32]. Macroscopic meth-

ods, in contrast, model the swarm as a whole to enhance

scalability. For example, mean-field approaches [36] repre-

sent swarm dynamics through averaged states, while den-

sity control methods [3, 6] optimize swarm distributions

via Monge-Kantorovich optimal transport. However, these

methods often oversimplify motion models and lack obsta-

cle avoidance mechanisms. To address the limitations of

both approaches, hierarchical methods have gained atten-

tion as a promising alternative. These methods decompose
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the planning problem into multiple levels, where high-level

strategies guide the overall swarm behavior, while low-level

controllers handle individual robot motions. Multi-robot

formation control [2] optimizes global paths while refining

local motion planning. However, these methods often im-

pose rigid formation constraints, which may reduce adapt-

ability in highly dynamic environments or when obstacles

require flexible reconfiguration. The virtual tube approach

[20, 21] constrains swarm motion within predefined tubes

ensuring smooth movement, but limiting flexibility in dy-

namic environments. ROVER [35] introduced a risk-aware

planning approach that formulates a finite-time model pre-

dictive control problem based on the swarm’s macroscopic

state, modeled as a Gaussian Mixture Model (GMM). How-

ever, its rigid probability-space discretization limits solu-

tion quality in dense environments and its optimization pro-

cess is computationally expensive. SwarmPRM [16] con-

structs probabilistic roadmaps in Gaussian space, ensuring

asymptotic optimality for time-varying probability density

functions and outperforming existing methods in path qual-

ity and efficiency. However, its reliance on state distribu-

tion sampling and connectivity checks reduces efficiency

in complex environments, and its sampling constraints may

prevent finding feasible paths in challenging scenarios.

Recent advances in generative models have demon-

strated their capability to generate high-quality data across

various domains [5, 19, 33]. In particular, generative se-

quence modeling [5, 17], offers new solutions to planning

problems by learning the joint distribution of state trajecto-

ries, control actions, rewards, and value functions in robotic

systems. As a type of score matching-based generative

model [15, 30], diffusion models have gained success in

various domains with their strong conditional generation ca-

pabilities have explored robotic trajectory generation with

diffusion models [27]. Diffuser [18] introduced a trajectory-

level diffusion probabilistic model enabling flexible con-

straints through reward guidance during sampling. Build-

ing on this, the works [1, 4, 24] employed diffusion models

to generate decision trajectories conditioned on rewards or

other auxiliary information, which are then used for plan-

ning. Additionally, [34] explored diffusion models for pol-

icy learning in reinforcement learning, while [9] focused on

visuomotor control via action diffusion. Most of the afore-

mentioned methods are designed for single-robot scenarios.

MMD [28] extended these approaches to multi-robot mo-

tion planning by integrating learned diffusion models with

traditional search-based methods to generate data-driven

motions while considering collision constraints. However,

this method is currently limited to handling only dozens of

robots, as the curse of dimensionality drastically expands

the solution space, making trajectory optimization increas-

ingly intractable with a growing number of robots. This

computational burden renders the method unsuitable for

large-scale robotic swarms.

To address these challenges, we propose SwarmDiff, a

hierarchical, scalable, and computationally efficient gener-

ative framework for swarm robots. SwarmDiff leverages

conditional diffusion models to learn risk-aware PDF distri-

butions of macroscopic trajectories and design distributed

motion control strategies for individual robots based on

Model Predictive Control (MPC) (see Fig. 1). The main

contributions of this work are:

• We propose SwarmDiff, enabling efficient and scalable

motion generation for swarm robots. To the best of the au-

thors’ knowledge, this is the first approach that leverages

generative diffusion models for large-scale swarm trajec-

tory planning, providing a novel framework for learning

and optimizing swarm motion.

• We design a cost gradient guidance mechanism that lever-

ages the structure of swarm-distributed GMM trajec-

tories, incorporating Wasserstein distance, Conditional

Value at Risk (CVaR) and Gaussian process prior to steer

the diffusion sampling process toward generating risk-

aware, temporally coherent and task-adaptive GMM tra-

jectories, enabling the model to flexibly adapt to diverse

planning objectives.

• To address the limitation of existing temporal U-Net for

trajectory generation tasks in capturing long-range depen-

dencies, we introduce Diffusion Transformers (DiT) as

denoising net, leveraging self-attention to model global

structures and incorporating Wasserstein loss to improve

trajectory coherence.

• Extensive simulations demonstrate that SwarmDiff out-

performs baselines in computational efficiency and valid-

ity while providing strong scalability for swarm trajectory

planning, the real-world experiments validate its feasibil-

ity and safety in practical scenarios.

2. Problem Formulation and Background

2.1. Hierarchical Swarm Robotic Motion Planning

We address swarm motion planning in a 2D workspace

W ⊂ R
2, containing Nr robots and No static obstacles

O =
⋃No

i=1 Oi. Let the initial positions of the swarm robots

be denoted as Q = {q1, q2, . . . , qNr}, where qi represents

the initial position of the ith robot. The goal is to navigate

the swarm from an initial to a target area. Let τ =
⋃Nr

i=1 τi
denote the set of all robot trajectories. Due to the com-

plexity of optimizing individual trajectories for large-scale

swarms, we propose a two-stage hierarchical framework:

a macroscopic planning stage models the swarm’s global

state as a probability density function (PDF), capturing the

collective motion trends and risk-aware collision avoidance

constraints. The subsequent microscopic control stage gen-

erates and tracks individual trajectories τi based on this

probabilistic representation, ensuring consistency with the
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Figure 2. SwarmDiff overview. Environment Input: the Scene Encoder extracts obstacles map features and pre-calculated Euclidean

Signed Distance Field (ESDF) as conditional values, and the Context Encoder processes the start and target distributions to provide

contextual information. Macroscopic Planning: In the bottom left (center), a Diffusion Transformer iteratively refines an initial noisy

Gaussian trajectory ξT through a denoising process guided by cost gradients for task-oriented. This process results in an optimized

Gaussian trajectory ξ0, which is further refined via optimal transport to generate a GMM-based trajectory. The details of the DiT of

SwarmDiff and the denoising process are illustrated in the middle. Microscopic Control: individual reference trajectories are derived

from the GMM trajectory by the Density Control method, and distributed MPC ensures coordinated swarm motion.

global swarm behavior.

At the macroscopic planning stage, the state of the

swarm is represented by a time-varying PDF χ(x, t) ∈
P(W ), where x ∈ W and P(W ) is the space of PDFs sup-

ported on W . This PDF describes the density distribution

of robots across the workspace at time t. To model this,

we adopt the GMM representation: χ(x, t) =
∑Nk

j=1 ω
k
j g

k
j ,

where Nk is the number of Gaussian components gkj at time

k, ωk
j ≥ 0 are the weights satisfying

∑Nk

j=1 ω
k
j = 1. The

initial robot GMM distribution χ(x, T0) =
∑N1

i=1 ω
T0
i gT0

i

is calculated by the Expectation-Maximization (EM) algo-

rithm based on the initial robot positions. And we formu-

lated the problem as an optimal transport problem to transi-

tion the swarm from an initial PDF χ(x, T0) to a target PDF

χ(x, Tf ) =
∑N2

j=1 ω
Tf

j g
Tf

j while minimizing costs.

As described in [16], the optimal transport between two

GMMs can be achieved through transport weight alloca-

tion between their respective Gaussian components. There-

fore, we assume that the optimal transport from χ(x, T0)
to χ(x, Tf ) can be achieved by K Gaussian trajectories

Ξ = {ξ1, . . . , ξK}. Let ξi[t] represent the state of the i− th
Gaussian trajectory at the time t ∈ [T0, Tf ]. Each Gaus-

sian trajectory ξi is weighted by αi,
∑K

i=1 αi = 1. Thus,

the optimization objective is to find the optimal trajecto-

ries ξ and corresponding weights α and is formulated as:

min
∑K

i=1 αiC(ξi), where C(·) defines the cost function

along a Gaussian trajectory. Note that multiple Gaussian

trajectories may spatially overlap at the same time step;

however, such overlap does not indicate physical collision,

but rather reflects the probabilistic fusion of Gaussian com-

ponents. As a result, the number of distinct Gaussian com-

ponents Nk at time tk can be less than or equal to the num-

ber of trajectories K, i.e., Nk ≤ K.

At the microscopic control stage, the robots are assumed

to be homogeneous, and their states are fully observable.

The motion dynamics of the robots is modeled by a stochas-

tic differential equation. Individual robots compute control

inputs to follow the macroscopic PDF trajectory χ(x, t) and

avoid collisions with obstacles and other robots.

2.2. Diffusion Models in Motion Planning Strategy
Trajectory planning aims to generate smooth, collision-

free trajectories in complex environments. Traditional ap-

proaches often struggle with high-dimensional and non-

linear constraints, making learning-based generative ap-

proaches an attractive alternative.. Denoising Diffusion

Probabilistic Models (DDPMs, [15]) provide a powerful

framework for trajectory generation by modeling the under-

lying distribution of feasible paths. These models operate

through a two-step process: (1) a forward diffusion pro-
cess, which gradually adds noise to structured trajectories,

and (2) a reverse denoising process, which iteratively re-

fines noisy trajectories into optimal trajectory. The reverse
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process is learned by predicting the noise component at

each step, minimizing the error Et,x0,ε

[
‖ε− εθ(xt, t)‖2

]
,

where xt is a noisy version of x0, following q(xt|x0) =
N

(
xt;

√
1− βtx0, βtI

)
.

To apply diffusion models to motion planning, we

represent each trajectory as a sequence of Gaussian-

distributed states ξ = {ξ[t]}Ht=0, where H is the time

horizon, ξ[t] = [xt, yt, σxt
, σyt

, ρt]
� denotes the posi-

tion means μt = (xt, yt) and the covariance matrices

Σt =
[
σ2
xt

ρtσxt
σyt

, ρtσxt
σyt

σ2
yt

]
. We frame tra-

jectory planning as a generative problem. Given an ini-

tial noisy trajectory, the goal is to iteratively refine it into

an optimal, feasible trajectory ξ∗ that minimizes a given

cost function. By leveraging probabilistic inference, dif-

fusion models efficiently generate feasible trajectories ξi.
The inference process follows a T -step denoising proce-

dure, where an initial noisy trajectory ξT is gradually re-

fined into an optimal one ξ0.

3. Swarm Robotic Motion Planner with Diffu-
sion Transformer Model

SwarmDiff generates macroscopic path ρ∗ for the optimal

transport in GMM space that defines a probabilistic region

and guides individual agents (see Fig. 2). We depict the

pseudo-code for training and two-stage trajectory gener-

ation for swarm motion planning via the diffusion trans-

former model as shown in Algorithm 1.

Algorithm 1 SwarmDiff

1: Input: Start and goal GMMs, Initial swarm positions,

Obstacles, Training dataset D, Denoising function εθ
2: Output: Optimized swarm trajectories τ∗

3: 1. Training Phase:
4: for each training trajectory ξj ∈ D do
5: Add noise and train εθ to predict denoising direction

6: end for
7: 2. Macroscopic Trajectory Generation:
8: for each start component and goal component pair do
9: Initialize noisy trajectories

10: for reverse diffusion steps do
11: Predict noise and update trajectory towards low-

cost regions

12: end for
13: end for
14: 3. Microscopic Trajectory Optimization:
15: for each robot do
16: Extract individual trajectories from GMM

17: Apply MPC for trajectory tracking

18: end for
19: Return: Optimized swarm trajectories τ∗

3.1. Diffusion Transformer for Macroscopic Path
Generation

3.1.1. Inference for Generating Gaussian Trajectories
The planning-as-inference paradigm reformulates motion

planning as probabilistic inference [18, 23], where the pos-

terior trajectory distribution p(ξ|O) encodes both task ob-

jectives and prior feasibility constraints.

Given a task objective O, motion planning diffusion

models sample from the posterior:

ξ∗ = argmax
ξ

log p(ξ|O). (1)

Applying Bayes’ rule, the posterior can be expressed as

p(ξ|O) ∝ p(O|ξ)p(ξ). Assuming that the likelihood fac-

torizes into independent components, we have p(O|ξ) ∝∏
i p(oi|ξ)λi . To ensure a well-defined probabilistic for-

mulation, we assume all cost functions ci(ξ) are non-

negative and continuously differentiable. Under this as-

sumption, each likelihood term can be modeled as an ex-

ponential function of the corresponding cost p(oi|ξ) ∝
exp(−ci(ξ)). Thus, we can rewrite the posterior distribu-

tion as p(ξ|O) ∝ exp (−∑
i λici(ξ)) p(ξ). Maximizing the

posterior is equivalent to minimizing the negative log prob-

ability:

ξ∗ = argmin
ξ

(− log p(O|ξ)− log p(ξ))

= argmin
ξ

∑
i

λici(ξ)− log p(ξ), (2)

Here, C(ξ) =
∑

i λici(ξ) represents the weighted sum of

individual cost terms, p(ξ) serves as a prior ensuring tra-

jectory feasibility, and λprior balances prior adherence with

task-oriented optimization.

Rather than relying on manually designed priors, we

learn a data-driven trajectory prior p(ξ) using a denoising

diffusion model trained on a dataset of feasible trajecto-

ries. During inference, instead of directly optimizing for

the Maximum a Posteriori (MAP) trajectory, we generate

posterior samples by guiding the diffusion process with cost

functions. This specific guidance is detailed in Sec. 3.2.

3.1.2. Integrating Transformers with Diffusion Models
We introduce the DiT [26] as the denoising network in

the reverse diffusion process, implicitly encoding a struc-

tural prior over the trajectory distribution through its self-

attention mechanism. Compared to existing diffusion mod-

els for trajectory generation that rely on temporal U-Net

constrained by local receptive fields [4], DiT utilizes self-

attention to capture long-range dependencies and global tra-

jectory structures. This is particularly beneficial for mod-

eling high-dimensional motion patterns and long-horizon

planning tasks. Specifically, the model is formulated as

εθ, which incorporates the initial and target distributions as
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context c and is trained to predict the noise ε introduced

during the forward diffusion process. The denoising pro-

cess is parameterized by the mean function: μθ(ξt, t, c) =
1√
αt

(
ξt − 1−αt√

1−ᾱt
εθ(ξt, t, c)

)
. This context guides trajec-

tory generation, ensuring that the generated trajectories ad-

here to structural constraints while preserving diversity. The

input consists of the noisy trajectory ξt, the timestep t, and

context embeddings. To improve the quality of the trajecto-

ries, we adopt the Wasserstein distance as the loss function

L(θ) = Ei,ε,ξ0,c [W (ε, εθ(ξi, i, c))], which offers a more

structurally informative metric for trajectory similarity, as it

assesses the global alignment of distributions. This leads to

smoother and more coherent trajectories.

Additionally, to enhance computational efficiency, we

integrate Flash Attention [11], which reduces the complex-

ity of Transformer computations.

3.1.3. Optimal GMM Trajectory Generation
While the DiT model generates diverse and coherent Gaus-

sian trajectories, these trajectories must be further refined

to construct a globally optimal macroscopic representa-

tion. This necessitates formulating the trajectory aggrega-

tion process as a GMM optimization problem.

To achieve this, we employ the DiT model to generate

multiple Gaussian trajectories, transitioning from N1 initial

Gaussian components to N2 target components. For each

initial-target pair, an optimal Gaussian trajectory is sam-

pled. Subsequently, we optimize the weights of these Gaus-

sian trajectories to construct an optimal macroscopic GMM

trajectory ρ∗. This optimization is formulated as a Linear

Programming (LP) problem:

Ψ∗ = argmin
Ψ

∑
i,j

Ψ(i, j)L(gT0
i , g

Tf

j ), (3)

where gT0
i and g

Tf

j denote the initial and target Gaussian

components and L(·, ·) is the transport cost (Sec. 3.2.2).

The transport policy Ψ is a matrix satisfying the constraints:∑N1

i=1 Ψ(i, j) = ω
Tf

j ,
∑N2

j=1 Ψ(i, j) = ωT0
i .

3.2. Cost-Gradient-Guided Sampling
Similar to classifier guidance [15], which steers the sam-

pling process by incorporating classifier gradients to en-

force task-specific constraints, we propose Cost Gradient

Guidance for Optimal Transport, biasing the trajectories to-

wards the cost-optimal likelihood.

Specifically, SwarmDiff directly samples from the pos-

terior distribution p(ξ|O), which is equivalent to drawing

samples from the prior p(ξ) while optimally adjusting the

trajectory to minimize the associated cost. In the final de-

noising step, the trajectory ξ is represented as ξ0. Given

the Markovian reverse diffusion process, the posterior dis-

tribution follows: p(ξ0|O) = p(ξN )
∏N

t=1 p(ξt−1|ξt,O),

where p(ξN ) is standard Gaussian noise. Following [15],

sampling from the task-oriented posterior p(ξ0|O) is equiv-

alent to sampling from a Gaussian distribution with mean

and covariance:

ξt−1 ∼ N (μt +Σtg,Σt), (4)

where μt is the estimated denoised mean, Σt is the noise

covariance, and g is the gradient guiding the sampling pro-

cess, computed from the cost function as (2):

g = ∇ξt−1
log p(O | ξt−1)

∣∣∣
ξt−1=μt

= −
∑
i

λi∇ξci(ξ)
∣∣∣
ξ=μt

.

(5)

This cost gradient guidance incorporates multiple

weighted cost components to evaluate and optimize the

macroscopic trajectories. Specifically, the term g in Equa-

tion 5 aggregates these cost components, each designed to

capture an aspect of trajectory quality.

3.2.1. Collision Cost
We use CVaR [35] to model collision costs, ensuring risk-

aware obstacle avoidance by penalizing high-risk swarm

trajectories. To expedite inference, we incorporate the

ESDF and its gradients as conditional information inputs,

accelerating risk assessment. ESDF provides a continuous

representation of the environment, where each point p is

assigned a signed distance s(p,O) to the closest obstacle

O. The gradient ∇s(p,O) gives the normal direction to the

nearest obstacle boundary.

For a Gaussian state of swarm with mean μ and co-

variance Σ, we approximate the signed distance func-

tion (SDF) using a first-order Taylor expansion around

μ, yielding s(p,O) ∼ N (s(μ,O), n�Σn), where n =
∇s(μ,O)/‖∇s(μ,O)‖ is the normal vector at μ.

To quantify the risk of collision, we define η =
−s(N (μ,Σ), O) ∼ N (−s(μ,O), n�Σn). This represents

the negative signed distance, where larger values indicate

a higher probability of collision. To ensure safety, we use

CVaR at risk level α, which captures the expected worst-

case signed distance beyond the α-quantile:

CVaRα(η) = −s(μ,O) +
φ(Φ−1(1− α))

α
· (n�Σn), (6)

Here, φ(·) and Φ(·) are the PDF and CDF of the standard

normal distribution, respectively. Thus, given a safety mar-

gin ε, the collision cost function is:

cobs(ξ) =

H−1∑
j=0

max(0,CVaRα(η
j)− ε). (7)

3.2.2. Transport Cost
We design the transport cost based on the Wasserstein met-

ric from Optimal Mass Transport (OMT) theory [7] to quan-

tify the displacement of the swarm’s Gaussian trajectory

4177



from its initial to target distribution. By minimizing the

Wasserstein distance along the generated trajectories, we

achieve optimal transport while preserving swarm continu-

ity and reducing associated costs, thereby indirectly opti-

mizing each robot’s path.

For two Gaussian distributions g1 = N (μ1,Σ1) and

g2 = N (μ2,Σ2), the Wasserstein distance W2 [7] is:

W2(g1, g2) =

{
‖μ1 − μ2‖2

+ tr
[
Σ1 +Σ2 − 2(Σ

1
2
1 Σ2Σ

1
2
1 )

1
2

]} 1
2

,

(8)

where ‖ · ‖ denotes the Euclidean distance and tr(·) the ma-

trix trace.

For a trajectory ξ, the total transport cost is defined as the

cumulative sum of the Wasserstein distances between con-

secutive Gaussian states along the trajectory ξ = {ξ[t]}Ht=0.

The total transport cost is given by:

cdis(ξ) =

H−1∑
j=0

W2(ξ[j], ξ[j + 1]). (9)

3.2.3. Gaussian Process Cost
We aim to ensure that each Gaussian trajectory evolves

smoothly by introducing the Gaussian Process Cost

as an optimization objective, penalizing trajectory dis-

continuities. For each ξ[t] = [xt, yt, σxt
, σyt

, ρt]
�,

to explicitly model the evolution of covariance pa-

rameters, we define an extended state vector st =[
xt, yt, ẋt, ẏt, σxt

, σyt
, ρt, σ̇xt

, σ̇yt
, ρ̇t

]� ∈ R
10.

Following [23], we define the prior trajectory distribu-

tion as a zero-mean GP: qF (ξ) = N (ξ; 0,K), with con-

stant time discretization Δt. The covariance matrix K =
[K(i, j)]0≤i,j≤H−1, K(i, j) ∈ R

10×10, where K(i, j) ∈
R

d×d, captures temporal correlations.

To penalize high curvature or discontinuities, we adopt

the GP cost from [4]:

cGP (ξ) =
1

2

H∑
t=0

‖Φt,t+1st − st+1‖2Q−1
t,t+1

, (10)

where Φt,t+1 models state transitions, and Qt,t+1 encodes

uncertainty or noise in the state, reflecting the correlation

and variability between each dimension.

3.3. Motion Planning with Microscopic Control
Given the macroscopic GMM trajectory ρ∗(t), we derive

reference trajectories for individual robots via density con-

trol, ensuring consistency with the GMM movement. A dis-

tributed Model Predictive Control (MPC) is then used for

trajectory tracking.

Density Control. At time step Ti, the robot positions

are given by PTi
= {pk,Ti

| k ∈ R}, where R is the set of

all robots. To transition the swarm while preserving a target

Gaussian Mixture Model (GMM) distribution at Ti+1, we

compute a transport map T (x), modeled as an affine trans-

formation in Gaussian space [13]. Once target positions are

determined, each robot is assigned to a specific target via an

Integer Linear Programming problem that minimizes total

squared travel distance:

min
A

∑
k∈R

‖pk,Ti
− pA(k),Ti+1

‖2, (11)

Here, A(k) is a bijective mapping ensuring each robot

moves efficiently while maintaining the GMM distribution.

By solving this assignment problem at each

step, we obtain the discrete-time trajectories

τ∗ = {pk,Ti
}k∈R,i=0,...,H , guiding the swarm opti-

mally from the initial to the target distribution.

Model Predictive Control. Based on the reference op-

timal trajectories τ∗, we use distributed MPC to ensure that

each robot follows its assigned path.

Inspired by [8], we integrate Optimal Reciprocal Colli-

sion Avoidance (ORCA) with MPC to compute collision-

free velocities over NMPC steps. Additionally, large con-

vex polytopes in free space are generated via a fast iterative

method [12] to ensure feasibility.

4. SIMULATIONS AND EXPERIMENTS
We evaluate SwarmDiff through simulations and real-

world environments, assessing its ability to handle complex

swarm motion planning.

4.1. Baselines and Metrics
Baselines:
• SwarmPRM [16]: A probabilistic roadmap-based

method for swarm motion planning.

• dRRT* [29]: A discrete RRT* approach designed for

multi-robot planning.

• FC [2]: A multi-robot planning method that maintains

predefined formations while navigating.

• SwarmDiffA: A SwarmDiff variant without ESDF con-

ditional information, used to demonstrate the impact of

environmental conditioning on performance.

• SwarmDiffB : A variant of SwarmDiff that replaces the

Transformer with a temporal U-Net while maintaining

the same parameters, enabling a direct comparison of

the Transformer’s advantages over the temporal U-Net in

terms of time efficiency and generation quality.

Evaluation Metrics: Computational Time (Tsol) - Di-

vided into macro-level and micro-level components: (1)

Macro-Time (Tmacro) - The time required for macroscopic

trajectory planning, (2) Micro-Time(Tmicro) - The time spent
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Table 1. Performance vs. Swarm Size

Robots Method Environment I with Dense Obstacles Environment II with Narrow Passages
Tsol (Tmacro)[s] ↓ D̄[m] ↓ dobs[m] drob[m] Tsol (Tmacro)[s] ↓ D̄[m] ↓ dobs[m] drob[m]

SwarmDiff 1.30 (0.96) 179.0 3.1 0.264 1.43 (1.06) 176.0 3.3 0.264
SwarmDiffA 3.93 (3.57) 177.2 2.5 0.300 2.67 (2.28) 176.1 3.2 0.264

20 SwarmDiffB 1.55 (1.21) 181.3 2.6 0.264 1.69 (1.30) 188.1 2.3 0.649
SwarmPRM 1308.84 (1267.39) 193.3 4.7 0.611 960.24 (927.13) 190.4 3.1 0.453

�FC 183.49 (25.03) 284.9 2.0 0.240 176.31 (13.01) 254.2 2.0 0.338
�dRRT* 2089.13 (/) 203.4 0.8 1.6 2766.97 (/) 235.5 1.0 0.583

SwarmDiff 1.82 (0.97) 177.9 2.4 0.264 1.99 (1.09) 175.6 2.6 0.264
SwarmDiffA 4.16 (3.34) 178.6 2.5 0.264 3.03 (2.18) 176.5 2.7 0.898

50 SwarmDiffB 2.08 (1.24) 180.3 1.4 0.264 2.08 (1.24) 180.3 1.4 0.264
SwarmPRM 1364.45 (1288.63) 197.8 2.4 0.303 954.72 (896.76) 188.8 3.2 0.326

�FC 292.05 (28.44) 274.8 1.1 0.240 302.60 (16.71) 284.2 0.3 0.240
�dRRT* 6827.7 (/) 377.2 -5.0 0.43 5156.25 (/) 408.5 1.0 0.500

SwarmDiff 2.59 (0.95) 178.0 1.6 0.264 2.72 (1.03) 176.3 2.2 0.264
SwarmDiffA 5.01 (3.37) 178.3 2.4 0.264 4.03 (2.33) 176.0 2.5 0.264

100 SwarmDiffB 3.16 (1.34) 181.1 1.8 0.264 2.96 (1.26) 186.5 1.8 0.264
SwarmPRM 1536.08 (1398.07) 191.5 4.3 0.289 1005.14 (902.41) 191.3 2.7 0.289

�FC 508.75 (52.14) 278.1 0.7 0.240 405.61 (13.55) 254.3 0.9 0.240
�dRRT* - - - - - - - -

SwarmDiff 11.44 (1.00) 175.3 1.0 0.264 11.75 (1.03) 175.8 2.0 0.264
SwarmDiffA 13.94 (3.31) 175.1 0.9 0.264 13.28 (2.25) 176.2 2.0 0.264

500 SwarmDiffB 11.91 (1.28) 177.9 1.1 0.264 11.68 (1.23) 186.5 1.2 0.264
SwarmPRM 2008.08 (1307.09) 190.6 2.6 0.273 1396.24 (883.67) 190.7 1.6 0.277

�FC 2129.87 (65.43) 284.7 0.4 0.239 1645.82 (9.75) 259.7 0.4 0.240
�dRRT* - - - - - - - -

on individual robot trajectory calculations. Average Trajec-

tory Length (D̄) - The mean distance traveled by all robots

from start to goal. Minimum Distance to Obstacles (dobs) -

The minimum distance between robots and obstacles. Min-

imum Distance Between Robots (drob) - The minimum dis-

tance between any two robots in the swarm. For all metrics,

we report the mean of the planning results of three random

times trials per context .

Dataset Generation and Training: SwarmDiff is

trained on a dataset of swarm Gaussian trajectories gener-

ated by extended PRM [16]. Each trajectory comprises 256

nodes, created in environments with randomly placed obsta-

cles and randomly distributed start and goal positions. Each

node is represented by a five-dimensional vector encoding

the mean and covariance of a Gaussian distribution.

All implementations were in Python 3. Macroscopic

planning was parallelized in PyTorch on an RTX 4090 GPU,

while microscopic control ran on an Intel i9-12900K CPU

with 32GB RAM.

4.2. Results in Simulations

We evaluate SwarmDiff on varying sizes swarm robots,

consisting of N = {20, 50, 100, 500} robots with a ra-

dius of r = 0.2m in two kinds of simulation environments

within a bounded workspace W = [0, 200m] × [0, 160m]:
Environment I: Maps with varying densities of randomly

generated convex polygonal obstacles. Environment II:
A map featuring obstacles and narrow passages. Swarm

robots need to transition from an initial distribution to a tar-

get distribution while avoiding obstacles.

Table 2. Performance vs. Obstacle Densities

Environment Method Tsol (Tmacro)[s] ↓ D̄[m] ↓ dobs[m] drob[m]
SwarmDiff 11.05 (0.98) 171.5 2.4 0.264

SwarmDiffA 12.26 (1.75) 171.0 1.2 0.264
sparse SwarmDiffB 11.81 (1.26) 172.3 1.9 0.264

SwarmPRM 1017.43 (690.58) 187.7 3.4 0.271
�FC 2082.90 (9.74) 256.4 5.2 0.231

SwarmDiff 11.58(1.00) 179.8 1.4 0.264
SwarmDiffA 13.00 (2.53) 180.2 1.0 0.264

middle SwarmDiffB 11.57 (1.23) 183.8 1.7 0.264
SwarmPRM 1694.36(1166.06) 193.9 3.2 0.271

�FC 2107.88 (38.15) 299.8 0.3 0.240

SwarmDiff 11.44 (1.00) 175.1 1.012 0.264
SwarmDiffA 13.94 (3.31) 175.3 0.913 0.264

dense SwarmDiffB 11.91 (1.28) 177.9 1.144 0.264
SwarmPRM 2008.08 (1307.09) 190.6 2.593 0.273

�FC 2129.87 (65.43) 284.6 0.353 0.239

SwarmDiff (including its ablation variants) and Swarm-

PRM were implemented in Python, while FC and dRRT*

were run in MATLAB to leverage the official code provided

in their paper. Methods executed in MATLAB are denoted

with a superscript triangle (e.g., �method).

Our simulations are divided into two categories. The

first evaluates different approaches across various swarm

sizes. Table 1 summarizes the results. Compared to its abla-

tion variants, the conditional version significantly improves

computational efficiency. Additionally, our accelerated full

version is both more efficient and expressive than the tem-

poral U-Net with the same number of parameters. Un-

der identical conditions, SwarmDiff achieves significantly

shorter computational times than SwarmPRM, demonstrat-

ing superior scalability. FC requires solving distributed

nonlinear optimization problems at high frequencies to pre-

vent collisions, causing computational time to grow rapidly
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with swarm size. dRRT* finds available solutions for up to

50 robots but fails for larger swarms in finite time due to

exponential search space growth. A comparative analysis

across different swarm sizes underscores SwarmDiff’s ca-

pability to generate shorter and more optimized trajectories

while maintaining computational efficiency. The trajectory

planning results are presented in Fig. 3.

The second set of experiments examines performance

under varying obstacle densities in Table 2. Statistical anal-

ysis shows that FC maintains a nearly constant path length,

as all robots merge into a single formation before navigat-

ing obstacles. The computational time for the high-level

planner to generate formation trajectories increases with

the number of robots. However, as the planned trajectory

guarantees formation safety, the computational cost of the

low-level MPC remains largely unchanged, staying around

2000 seconds for a swarm of 500 robots. Similarly, Swarm-

PRM exhibits little path length variation due to its ability

to merge and split formations dynamically. However, as

obstacle density increases, its computational cost rises sig-

nificantly due to the computational cost of sampling-based

probabilistic roadmap construction. Moreover, its Artificial

Potential Field method used for local trajectory planning in-

curs additional computational cost, mainly due to the inten-

sive calculations of attractive and repulsive forces and the

high number of iterations required for convergence. In con-

trast, SwarmDiff maintains stable path lengths and travel

times across different obstacle densities, as its fixed denois-

ing step makes it independent of environmental complexity.

Figure 3. Trajectory comparison in environments I and II.
Trajectories of (a) SwarmDiff, (b) SwarmPRM, and (c) FC with

N = 500 robots from the same initial positions, and (d) dRRT*

with 50 robots sampled from the same distribution due to compu-

tational limits. Initial and final positions are colored circles, obsta-

cles are black, and collisions (in dRRT*) are red.

4.3. Results in Real-World Experiments
To evaluate SwarmDiff in the real world, we conducted ex-

periments using 10 Wheeltec R550 Ackermann robots with

real-time localization provided by an FZMotion motion

capture system. The robots followed SwarmDiff-generated

trajectories, controlled via distributed MPC, while a ground

station handled pose collection, trajectory planning, and

ROS-based control. Fig. 4 demonstrates that SwarmDiff

consistently produces feasible trajectories.

Figure 4. Experimental results of 10 robots in real-world envi-

ronments. The top row shows real-world scenarios: Scene Scatter

(left) and Scene Maze (right). The bottom row presents visualiza-

tions of real experimental data.

Table 3 presents key performance metrics from real-

world experiments, demonstrating that the proposed method

achieves both path efficiency and safety. The average path

length D̄ indicates that the method successfully navigates

complex environments without unnecessary detours. More-

over, the minimum robot-obstacle distance dobs and the min-

imum inter-robot distance drob are consistently above 0.25

m, ensuring safe motion and collision avoidance. In addi-

tion to the previously mentioned metrics, we recorded the

average computation time per MPC step (Tmpc) and the to-

tal task completion time (Ttask), both serving as indirect

indicators of the effectiveness of our high-level trajectory

planning. Since the MPC controller follows the planned

trajectories from SwarmDiff, the low per-step computation

time and reasonable task duration suggest that the generated

trajectories are well-optimized and feasible.

Table 3. Performance metrics in real-world experiments

Scene D̄ [m] dobs [m] drob [m] Tmpc [s] Ttask [s]

Scatter 12.6423 0.2532 0.3478 0.0094 173.9

Maze 13.6862 0.3291 0.3063 0.0083 182.0

5. Conclusion and Future Works
This paper proposes SwarmDiff, a scalable and compu-

tationally efficient framework for trajectory generation of

swarm robots. It models swarm macroscopic state as PDF

and uses DiT to produce Gaussian trajectories. By incorpo-

rating Wasserstein metrics and CVaR, SwarmDiff enables

risk-aware, optimal GMM planning, facilitating distributed

motion control at the individual level. Simulations and real-

world tests show superior efficiency, scalability, and flex-

ibility over existing methods. Future work will focus on

real-time adaptive learning for dynamic environments.
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