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Abstract—We propose MADP, a novel diffusion-model-based
approach for collaboration in decentralized robot swarms.
MADP leverages diffusion models to generate samples from
complex and high-dimensional action distributions that capture
the interdependencies between agents’ actions. Each robot
conditions policy sampling on a fused representation of its own
observations and perceptual embeddings received from peers.
To evaluate this approach, we task a team of holonomic robots
piloted by MADP to address coverage control—a canonical
multi agent navigation problem. The policy is trained via
imitation learning from a clairvoyant expert on the coverage
control problem, with the diffusion process parameterized
by a spatial transformer architecture to enable decentralized
inference. We evaluate the system under varying numbers,
locations, and variances of importance density functions, cap-
turing the robustness demands of real-world coverage tasks.
Experiments demonstrate that our model inherits valuable
properties from diffusion models, generalizing across agent
densities and environments, and consistently outperforming
state-of-the-art baselines.

I. INTRODUCTION

In large-scale environments, the use of multi robot teams

becomes essential. Prior work has proposed strategies for

decentralized coordination [1], [3], [4], yet existing policies

often fail to scale or adapt effectively as team size increases.

A central difficulty lies in achieving diversity: rather than

designing a single navigation strategy, agents must be able

to adapt their behavior to the specific demands of the current

situation.

Generative Diffusion Models (GDMs) have recently

emerged as a powerful framework for high-dimensional

tasks [5]. By capturing complex, multi-modal distributions

with stable training dynamics, they are a natural candidate

for multi agent control in continuous environments. Re-

cent studies have applied GDMs to trajectory generation in

both single and multi agent settings [6]–[15], demonstrating

strong expressivity over short- and long-horizon behaviors,

robustness to out-of-distribution scenarios, and promising

scalability. However, these works have not yet exploited the

full scalability potential of GDMs, with some evaluating for

large robot swarms but generating trajectories in a centralized

manner.

We propose a collaborative control architecture in which

each robot runs a diffusion-policy controller parameterized

by a spatial transformer (Sections II and III). Following the

framework of a learned Perception–Action–Communication
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(LPAC) loop [1], an agent encodes its local sensor data into

a compact feature vector, broadcasts this vector to nearby

teammates, fuses incoming messages, and conditions the

diffusion process on the combined representation to sample

its next control command. The policy is trained centrally by

imitating a clairvoyant expert with full state access, but it can

be executed in a fully decentralized manner. We evaluate our

approach on the coverage control problem [2] (Section IV),

where a swarm seeks to minimize a coverage cost defined

over an importance density function (IDF). As in [1], [16], we

assume restricted sensing ranges and limited communication

radii, which make the problem more challenging while also

reflecting realistic operating conditions.

Our model leverages the stochastic and multi-modal prop-

erties of diffusion models to learn policies that adapt to

diverse coverage demands (Section V and illustrated in

Figure 1). In-distribution evaluations show that our Multi

Agent Diffusion Policy (MADP) consistently outperforms

state-of-the-art baselines. Beyond training conditions, MADP

demonstrates strong generalization: it adapts to variations in

the number, size, and location of importance features, and

maintains performance when the number of robots or features

is scaled beyond the training configuration. These results

highlight both the adaptability and scalability of diffusion-

based policies for decentralized multi robot control.

A. Related work

In robotics, GDMs have been applied to single-agent tasks

such as manipulation and motion planning [6], [7], where

actions are generated by iteratively denoising from Gaussian

noise. The denoising process is typically conditioned on

observations, obstacle maps, or task goals to guide trajectory

generation [8], [9]. Recent work has explored diffusion mod-

els for multi agent motion generation. MotionDiffuser [10]

and MADiff [11] use diffusion models with self- and cross-

attention for motion prediction and trajectory generation,

conditioning on scene context or inter-agent interactions.

Both approaches are intrinsically centralized and do not

address or analyze scalability. The authors in [12] propose

a data-efficient framework that incorporates constraints to

produce collision-free trajectories, achieving scalability to

tens of robots. However, the method remains centralized

and emphasizes coordination rather than deeper collaboration

between agents. SwarmDiff [14] generates swarm trajectories

centrally, which are then refined at the robot level with Model

Predictive Control (MPC). Although it employs a diffusion

transformer, it does not model agents or spatial structure

directly. Liang et al. [15] integrate constrained optimization

into diffusion sampling, but the combination of nonconvexity
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Fig. 1. Demonstration of the Multi Agent Diffusion Policy (MADP) for multi robot collaboration in the coverage control task. The inherent stochasticity
of MADP allows the generation of a set of finite-horizon trajectories for each robot from their respective positions. Left: The coverage control environment
with features of interests modeled as purple bivariate Gaussians with randomly sampled means, variances, and positions. For each robot, 20 trajectories
(shown in green) are generated corresponding to each run of the MADP for 150 time steps. Middle: The enhanced view captures the trajectories generated
by a single robot starting at the magenta dot. MADP generates trajectories shown in green (darker shades correspond to a better coverage cost), while
the trajectories of LPAC-K3 (blue) [1] and Clairvoyant CVT [2] (red) are shown for comparison. Right: MADP outperforms the state-of-the-art baseline
for coverage control on average and occasionally finds solutions with a similar cost to the clairvoyant expert. This is especially true when the importance
density function (IDF) has much smaller regions of interest than what the models are trained on.

and high dimensionality limits scalability. Their follow-up

work [13] introduces discrete guided diffusion, which de-

composes the global planning task into local subproblems,

each solved with a diffusion model, improving scalability.

II. DIFFUSION MODELS FOR DECENTRALIZED MULTI

ROBOT POLICIES

We apply our GDM to a system of N robots with ob-

servations O(t) = [o1(t), · · · ,oN (t)] ∈ R
do×N and actions

U(t) = [u1(t), · · · ,uN (t)] ∈ R
du×N . The GDM comprises

two processes: forward corruption and backward inference.

The forward process is the iterative corruption of expert

actions U0 over k steps with standard white Gaussian noise

until convergence to pure noise at UK ∼ N (0, I). This

process is described by the Markov chain of conditional

Gaussian distributions q(Uk|Uk−1) and is governed by a

sequence of decreasing coefficients {αk}Kk=1 called the noise

schedule,

q(Uk|Uk−1) = N (
√
αkUk−1, (1− αk)I) . (1)

The chain in (1) can be expressed as the square-root-

weighted combination of Uk−1 and white Gaussian noise

ϵk ∼ N (0, I),

Uk(Uk−1, ϵk) =
√
αkUk−1 +

√
1− αkϵk. (2)

Equations (1) and (2) require iterating along the chain to ob-

tain every Uk, which makes them cumbersome. In practice,

we define ᾱk :=
∏k

j=1 αj [5] to obtain Uk directly from U0

and rewrite (1) as q(Uk|U0) = N (
√
ᾱkU0, (1− ᾱk)I) and

(2) as Uk(U0, ϵk) =
√
ᾱkU0 +

√
1− ᾱkϵk.

GDM inference takes the form of the reverse process in

which a fixed prior UK ∼ N (0, I) is propelled back down

the chain,

p(Uk−1 | Uk,O;H) ∼ N (µ(· ;H),Σ(· ;H)) , (3)

conditioned on observations O and parameterized by H,

until U0 is reconstructed. For expedited sampling with fewer

than K backward steps, we use the denoising diffusion

implicit model (DDIM) reverse process [17] which can be

made deterministic when η = 0, (η ∈ [0, 1]) (see (4)).

Inference invokes the learned noise predictor ε̂(Uk,O;H)
which we use to define the mean µ(· ;H) and we select a

fixed covariance Σ(· ;H) = σ2
kI, as in [17],

µ(Uk,O;H) =

√

ᾱk−1

ᾱk

(

Uk−
1− ᾱk/ᾱk−1√

1− ᾱk
ε̂ (Uk,O;H)

)

.

(4)

To draw a sample Uk−1 ∼ p (Uk−1 | Uk,O;H), DDIM

provides us with a deterministic mapping that preserves the

forward marginals q(Uk | U0),

Uk−1 = ρ1Uk + ρ2ε̂(Uk,O;H) + σkϵk, (5)

where ρ1 =
√

ᾱk−1

ᾱk
and ρ2 =

√

1− ᾱk−1 − σ2
k −

√

ᾱk−1(1−ᾱk)
ᾱk

and σk = η
√

(1−ᾱk−1)
(1−ᾱk)

√

1− ᾱk

ᾱk−1

.

In the context of imitation learning, we are furnished

with a dataset of expert actions and observations D :=

{U(m)
0 ,O(m)}Mm=1 where M is the total number of training

examples. The inputs to the denoising function are obtained

by sampling expert actions and observations from the dataset,

{U0,O}m ∼ D, the noise schedule step from a uniform

distribution k ∼ U(1,K) and white Gaussian noise, ϵk ∼
N (0, I). We introduce the forward posterior to demonstrate

how we can simplify learning this posterior with p(· ;H),

q(Uk−1 | Uk,U0) = N (µ̃(Uk,U0), σ
2
kI) (6)

where µ̃(Uk,U0) is the forward posterior mean. We measure

the similarity of distributions q and p with the Kullback-

Leibler (KL) divergence. Because q and p are both Gaussians
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Fig. 2. Decentralized sampling of outputs from MADP: Each robot in the
system runs MADP locally and shares perceptual token zi with other robots
in communication range. A token buffer stores the received embeddings from
other robots, which are then processed by the encoder ΨE once per sample
generation. The denoiser ΨD drives UK(t) to U0(t) through S = 50
denoising steps (DDIM [17]). Finally, the output velocity action ui(t) is
extracted and sent to the low-level controller.

with fixed isotropic covariances, the KL divergence is propor-

tional to the squared difference of means under optimization,

Eq [DKL (q ∥ p)] ∝ Eq

[

1

2σ2
k

∥µ̃k − µ(· ;H)∥22
]

. (7)

Expressing the means in terms of the noise ϵ that produced

Uk enables us to simplify to the standard DDPM loss [5],

LGDM(H) = EU0,O,k,ϵ∥ϵ− ε̂(Uk,O;H)∥22. (8)

In this paper, we train a GDM parameterized by spatial

transformers (Section III) to solve (8) for a coverage control

problem (Section IV).

III. THE MADP ARCHITECTURE

We propose a Multi Agent Diffusion Policy (MADP)

architecture for the purpose of generating diverse solutions to

decentralized and occluded coverage control problems. Our

architecture is constructed as a diffusion model and parame-

terized by a pair of spatial transformers (ST), a variant of the

general transformer architecture in which we impart a rotary

encoding scheme [18] onto the query and key projections.

Spatial transformers have the key characteristic that they can

be trained in a centralized environment and deployed in a

decentralized communication and computation setting. The

architecture (Figure 2) contains three main components: the

Perception Module, the Encoder and the Decoder. It takes

the local maps observed in the environment as input and

produces velocity actions for each robot in the system. We

generate environments of size 1024m× 1024m for training

and evaluation of MADP policies for coverage control.

A. Perception

Each robot uncovers the occluded portion of the environ-

ment using its sensing capabilities defined by a 64m× 64m
square centered on the robot. Robots never explicitly share

raw information about the environment with each other, i.e.,

each robot has only its own local view of the environment

determined by what it has sensed so far. We define the local

maps that each robot processes as the square (256m×256m)
centered on the robot (1m per pixel). Therefore, each robot

has access to its historic sensor readings, wider than the

sensor view but limited to the local map dimensions.

Conditioning starts with the observation oi ∈ R
4×32×32

made by each robot. This observation is a set of four local

maps downsized from (256×256 ) to (32×32 ) using bilin-

ear interpolation. The local maps are: the density function,

boundaries and obstacles, neighbors’ x, and neighbors’ y.

A three-layer convolutional neural network (CNN) produces

an embedding zi ∈ R
32 for each observation of each robot.

We collect these embeddings and concatenate the position

xi to produce the input to the encoder ΨE(Z0;HE), where

Z0 =
[

[z1,x1]
⊤
, · · · , [zN ,xN ]

⊤
]

∈ R
34×N and HE are the

parameters of the encoder.

B. Spatial Transformer

Both the encoder and decoder are realized as spatial

transformers [19]. A spatial transformer is a set processing

architecture composed of attention layers and a relative

positional encoding scheme. The positional encoding must

be relative to preserve permutation and shift equivariance,

which is necessary because it is impossible to guarantee a

fixed permutation during policy inference. Specifically, we

incorporate Rotary Positional Embedding (RoPE) [18].

The dot-product attention mechanism [20] is constructed

by projecting the input Z ∈ R
dz×N into the query space:

QZ, into the key space: KZ and into the value space: VZ

for Q,K,V ∈ R
dA×dz , where we have chosen the same

dimensions for all spaces. We compute the attention matrix

A ∈ R
dA×dA which captures the compatibility between

queries and keys,

A = sm⟨QZ,KZ⟩. (9)

Dot-product attention is finalized by computing the weighted

sum of the values, producing the output Y ∈ R
dA×N ,

Y = AVZ. (10)

We combine (9) and (10) to express the contextual represen-

tation, Y = sm⟨QZ,KZ⟩VZ.

In practice, transformers use multiple layers L and

heads H , i.e., channels. Then, we can rewrite the self-

attention in (9) as a multi-headed layer where the output of

the previous layer is the input to the next,

Yh
ℓ = sm⟨Qh

ℓZℓ−1,K
h
ℓZℓ−1⟩Vh

ℓZℓ−1. (11)

The outputs of (11) are subsequently concatenated across

heads and passed through the multi-layer perceptron Wℓ with

a skip connection,

Zℓ = σ
( [

Y1
ℓ , . . . ,Y

H
ℓ

]

Wℓ + Zℓ−1

)

. (12)
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The learnable parameters at each layer and head are Q, K,

V, W, where we omit the layer and head notation. We

implement the non-linearity σ as a Leaky ReLU.

To encode positions, we implement RoPE with a sinusoidal

basis established by creating a vector of angular frequencies

w = [ω1, · · · , ωD/4] where D is the embedding dimension

of the key, query and value spaces. Pairing adjacent real

elements yields D/2 complex channels; splitting again be-

tween x and y channels yields D/4 frequencies per axis.

Frequencies in w are produced by the geometric series

ωi = 2πτ−4i/D where τ is the encoding period which

we select to be proportional to the environment size. Let

X ∈ R
2×N contain the 2D positions of N agents. Then,

indexing agents with n, we can construct the complex matrix

X̃ ∈ C
D/2×N to house the sinusoids as follows,

[X̃]i,n =

{

exp(jwi[X]x,n) if i ≤ D/4

exp(jwi−D/4[X]y,n) if D/4 < i ≤ D/2
(13)

where j =
√
−1. We introduce the rotary positional encoding

to each head in only the first layer of the transformer,

Ah
1 = sm

(

Re
(

(X̃⊙ (Q̃h
1Z0))

†(X̃⊙ (K̃h
1Z0))

))

, (14)

where Q̃h
1 , K̃

h
1 ∈ C

D/2×D are complex renderings of the

real-valued query and key matrices, created by pairing adja-

cent row elements. They are multiplied with the rotary encod-

ing element-wise (⊙) and the real part is extracted. This has

the powerful effect of directly embedding relative positions

encoded by our Fourier basis into the attention matrix A.

Because the conjugate transpose (†) is invoked by the inner

product, the complex exponentials defined in (13) produce

terms of the kind exp(jwi([X]x,n − [X]x,m)) ∀n,m ∈
[1, N ], and therefore the positional contribution to anm
depends on the relative difference rather than the absolute

positions.

A vital characteristic of the transformer is that it can

operate on any number N of received embeddings from

other robots. Therefore, we can train the transformer in

a centralized setting and deploy it locally on each robot

for decentralized operation. We have found that adding an

attention mask during training aids stability when the density

or scale of the scenario changes. The attention mask is the

element-wise AND between a windowing mask and a graph

component mask Matt = MW ∧MC . Defining the attention

radius in meters as ratt, we have,

[MW ]ij =

{

1 if ∥xi − xj∥2 < ratt

0 otherwise

[MC ]ij =

{

1 if C(i) = C(j)
0 otherwise

(15)

where C(i) ∈ N is a mapping from a node to the ID of the

graph component the node is currently on.

C. Encoder and Decoder

The encoder ΨE and decoder ΨD have similar spatial

transformer parameterizations underpinning them. The pri-

mary difference is that the decoder contains cross-attention

Algorithm 1: MADP Sampling (DDIM)

Input : model ε̂(· ; H), observations O, DDPM

steps K, DDIM steps S, schedule {αk}Kk=1,

noise scale η ∈ [0, 1]
Output: U0

1 subset K = (kS=K > · · · > k1 > k0=0),

ᾱ0 ← 1, ᾱk ←
∏k

j=1 αj , ∀k = {1, . . . ,K}
2 UkS

∼ N (0, I)
3 Pre-compute constants and conditioning

4 σi ← η

√

1−ᾱki−1

1−ᾱki

√

1− ᾱki

ᾱki−1

, i = 1, . . . , S

5 c0i ←
√

ᾱki−1
/ᾱki

, i = 1, . . . , S
6 c1i ←

√
1− ᾱki

, i = 1, . . . , S

7 c2i ←
√

1− ᾱki−1
− σ2

i , i = 1, . . . , S

8 Matt ← compute mask(X)

9 C← ΨE (CNN(O),X,Matt)
10 for i = S down to 1 do

11 ϵ̂← ΨD(Uki
,X,C,Matt)

12 sample ϵ ∼ N (0, I)
13 Uki−1

← c0iUki
+ (c2i − c0i c1i) ϵ̂ + σi ϵ

layers to incorporate the conditioning from the encoder with

the input Uk undergoing denoising. Specifically, each de-

coder layer is comprised of self-attention followed by cross-

attention. Both components have LST = 8 layers, H = 8
heads of dimension dh = 32, a geometrically spaced set of

encoding frequencies with period τ = 1024m and an atten-

tion radius of 256m. In the transformers, we use a pre-norm

scheme where the layer norm is applied before attention.

During training, we use T = 1000 steps of noise over a

linearly spaced, decreasing range of α ∈ [0.9999, . . . , 0.98]
and αk < αk−1. Algorithm 1 details how we can sample

from MADP using DDIM.

IV. DECENTRALIZED COVERAGE AMIDST OCCLUSIONS

Coverage control is the problem of coordinating a swarm

of robots to provide effective sensor coverage to areas of

variable importance. We consider the coverage problem on

a planar environment, X ⊂ R
2. A scalar field called the

importance density function (IDF) maps points in the envi-

ronment to values of importance, Φ: X → R+. The IDF is

occluded and therefore unknown to each robot at t0, save for

the small sensing region surrounding each robot. Robots are

modeled with single integrator dynamics. The robot actions

are bounded in norm, such that ∥ui(t)∥2 ≤ umax. The

system’s dynamics are then,

X(t+∆t) = X(t) + ∆tU(t). (16)

The coverage cost is measured by accumulating the dis-

tance between the closest agent and a given point v in the

environment, weighted by the IDF at that point,

J (X(t)) =

∫

v∈X

min
i∈{1,...,N}

f(∥xi(t)− v∥2)Φ(v)dv. (17)
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Computing the integral in (17) is impractical due to the

minimum that needs to be found for each point. Instead, we

use Voronoi tessellation, which decomposes the environment

into cells Vi, each assigned to a robot i, such that the robot i is

closest to any point in its corresponding cell Vi. The positions

of the robots induce the Voronoi tessellation T := {Vi}1:N
of X and the cells emerge from,

Vi = {v ∈ X | ∥xi − v∥2 ≤ ∥xj − v∥2, ∀ j ̸= i}. (18)

The objective function (17) is made computationally tractable

by the tessellation T and we also select f(x) = x2,

J (X(t)) =

N
∑

i=1

∫

v∈Vi

∥xi(t)− v∥22Φ(v)dv. (19)

For our experimental setup, we consider holonomic robots

that have limited observability, i.e., limited knowledge about

the state of the environment X and its discovery, and the

position of other robots X(t). The sensor field of view (FOV)

is defined by the square rs × rs centered around each robot.

A communication radius rc is defined to determine which

other robots in the swarm are within robot i’s neighborhood.

The nature of our architecture, however, allows attention to be

applied between agents that are more than one hop away. This

introduces a new notion of neighborhood as agents within the

attention mask defined in Section III-B. We denote the set of

agents within (masked) attention of agent i, as Mi. Robot i
will have access to information obtained from the local

environment, as well as positions xj and embeddings zj from

neighboring robots, j ∈ Mi. Our setting has ideal wireless

conditions with neither delays nor errors in transmission.

A. Imitation Learning

We create a dataset D = {U(m)
0 ,X(m),O(m)} of 100×103

examples by sampling observations and actions from rollouts

of the clairvoyant Centroidal Voronoi Tessellation (CVT) ex-

pert (see Appendix). The dataset is generated in environments

of size 1024m × 1024m containing N = 32 robots and

F = 32 Gaussian features. The coverage control simulator

and data generation code are taken from the Coverage Control

Library [1]. We divide this dataset into 70 000 training exam-

ples, 20 000 validation examples and 10 000 test examples.

The learning hyperparameters, including the architecture pa-

rameters, were selected by performing a Bayesian sweep over

the learning rate and weight decay. MADP was trained with

a learning rate of lr = 8.5 × 10−5 and a weight decay of

wd = 2.1× 10−12. The model was trained for 1000 epochs

and a batch size of 196 on an Nvidia RTX 3090 GPU; the

validation loss patience was set to 500 with a minimum error

of 1× 10−4.

V. RESULTS

We present our simulated experimental results to quantify

MADP’s capabilities. Unless otherwise stated, we consider

an environment X of size (1024m×1024m). Each scenario

has N = 32 holonomic robots, each with a communication

radius of rc = 256m, and sensor aperture of (64m× 64m).
A total of F = 32 bivariate Gaussian features ϕi =

Fig. 3. Normalized coverage cost as each policy is rolled out over 50
randomly generated environments with N = 32 robots, F = 32 Gaussian
features in the IDF over 600 time steps. The dark line of each trace is the
mean cost, while the band shows the 95% confidence interval. Lower values
indicate better performance. Both LPAC-K3 [1] and the proposed MADP
perform substantially better than the baseline Decentralized CVT algorithm,
with MADP performing better than LPAC-K3.
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Fig. 4. Normalized cost distribution obtained from evaluating MADP, LPAC-
K3, and DCVT on 50 unseen environments for varying standard deviations
(σ) of importance of IDF features. For training, the σ for each feature was
randomly sampled from [40, 60], and the policies are tested on different
ranges of σ, i.e., out-of-distribution IDFs. MADP consistently performs
better than the baselines and demonstrates greater adaptability when the
size of the Gaussian features is aggressively constrained.

N (µi, σ
2
i I) ∀i ∈ {1, . . . , F} are placed randomly in the

environment, such that µ
(x)
i , µ

(y)
i ∼ U(0, 1024), with variable

variance, σi ∼ U(40, 60). We restrict our Gaussian features

so that their peak density values lie in the range [0.6, 1.0]
and the distribution is truncated at 2σi. For an example of an

environment, see Figure 5. The primary evaluation metric is

the coverage cost defined in (19), normalized by the initial

coverage cost at t = 0. For a description of the baselines, see

Appendix. For N = 32, MADP inference on an RTX 3090

with FP32 is 0.36± 0.006 s per step.

Figure 3 shows the normalized coverage cost over 600
rollout steps, averaged across 50 unseen, randomly gener-
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Fig. 5. Top: We use the locations of traffic lights from a city (left) to inform the generation of the importance density function (fully visible; right). Shown
here: a rollout of MADP on the Richmond map, running the policy over 600 timesteps. From the second image on the left to right, the timesteps are 0, 300,
and 600. In the last frame, we reveal the complete IDF and overlay the Voronoi tessellation (18). Bottom: The heatmap shows the normalized coverage
cost of policy rollouts over 600 time steps for each city. Darker values indicate better performance. A red dot is placed on the cell of the best-performing
policy for each city. The initial positions of the N = 32 robots are sampled from a uniform distribution in the environment. The parenthetical next to the
city name indicates the number of Gaussian Features F . The scenario configuration is the same across controllers. Map data is from OpenStreetMap [21].

ated environments. The model was trained with N = 32
robots and F = 32 Gaussian features. MADP significantly

outperforms DCVT. MADP also outperforms LPAC after

about 100 steps. This experiment serves as an in-distribution

evaluation of the proposed policy. Subsequent subsections

examine out-of-distribution settings with varying numbers of

robots, Gaussian features, and environment configurations.

A. Adaptability to Small Areas of Interest

We evaluate MADP in environments where the Gaussian

features are reduced in size, controlled by adjusting the

range of values for σi. This scenario is relevant for aerial

robots, where altitude changes can alter the scale of observed

Gaussian features (i.e., features appear smaller at higher

elevation). Results are shown in Figure 4 for different ranges

of σ. Only the range σ ∈ [40, 60] is in-distribution for

both MADP and LPAC; the remaining ranges contain sizes

of features not seen during training. MADP achieves the

lowest normalized coverage costs, demonstrating effective

generalization to environments with varying distributions.

Performance remains consistently strong across all tested

values, with only a few outliers.

B. Real-World Scenarios

Thus far, we have evaluated the policies on synthetic im-

portance density functions. We now test performance on IDFs

informed by real-world traffic light locations. These maps are

constructed by capturing (1024m× 1024m) neighborhoods

from 50 U.S. cities and placing a Gaussian at each traffic

light.

TABLE I
MEAN NORMALIZED COVERAGE COST OF REAL-WORLD

CONFIGURATIONS

Scenario DCVT LPAC-K3 MADP

50 Cities 0.63± 0.03 0.45± 0.03 0.39± 0.03

Uniform 0.72± 0.01 0.48± 0.01 0.46± 0.01
Square 0.71± 0.02 0.46± 0.02 0.44± 0.02
Line 0.76± 0.02 0.20± 0.01 0.17± 0.01

We roll out MADP, LPAC-K3, and DCVT on each city

for 600 timesteps and record the mean normalized coverage

cost (Figure 5). MADP achieves the lowest cost in 32 out

of 50 cities, indicated by the red markers denoting the

best policy in each case. Table I reports the mean cost

± standard error across all 50 cities, reaffirming MADP’s

superior performance in out-of-distribution conditions.

To further assess adaptability to real-world deployments,

we evaluate three initialization scenarios for robot positions

(Table I): (i) Uniform, (ii) Square, and (iii) Line; Figure 6.

In all cases, the positions of each robot i, (x, y)i, are

sampled from the uniform distributions x ∼ U(xmin, xmax)
and y ∼ U(ymin, ymax). The difference is in the range of

values x and y can take during the initialization of the

robots in the environment. In (i), robots can be initialized

anywhere in the environment, x, y ∈ [0, 1024]m. This is the

same configuration used when generating the dataset. We

implement (ii) by uniformly sampling within a smaller square

(102m×102m) centered at coordinate (166.25m, 166.25m)
in the lower left corner, simulating, e.g., the deployment
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Fig. 6. We experiment with different rules for generating the initial positions of the robots (blue dots). In each case, we define a subset of the environment
over which we uniformly sample the positions. We explore restricting the launch positions to a small square placed on the outskirts of the environment
(Top) and a band located near the bottom edge (Bottom). The areas of the map that have not been seen by any robot are colored gray and communication
between robots is represented by a blue edge between nodes. From left to right, snapshots of the experiments are at 0, 200, 400 and 600 timesteps. The
complete IDF and induced Voronoi tessellation (18) are shown at step 600.

of quadrotors from a launch pad. Thus for the (ii), we

have, x, y ∈ [115.25, 217.25]m. For (iii), we define a tighter

bound on y only, creating a band of width 256m for the

initial positions. In this case, we have that x ∈ [0, 1024]m
and y ∈ [96, 352]m. For each starting configuration, we

consider 50 unseen environments and 600 timesteps. In all

cases, MADP outperforms the baselines, underscoring the

robustness of the policy to initial conditions and its capacity

to effectively explore the environment.

C. Scalability and Transferability

As a final evaluation, we study the scalability and transfer-

ability of the learned policy, originally trained with N = 32
robots and F = 32 features. Figure 7 reports the relative

improvement of MADP over baselines DCVT and LPAC-K3,

measured as (Baseline−MADP)/Baseline, where · denotes

the average over trials.

For each setting we test the algorithms in 50 unseen envi-

ronments. While performance decreases when the number of

robots is reduced, MADP shows clear gains as the swarm size

scales, outperforming the baseline in larger teams. Sensitivity

to the number of features F is minimal, indicating strong out-

of-distribution generalization. Overall, these results highlight

the scalability and transferability of MADP to settings with

larger robot populations.

VI. CONCLUSION

We propose MADP, a scalable, diffusion-based control

policy for decentralized multi agent systems. The novelty

of MADP is in the combination of generative diffusion

models with spatial transformers to enable sampling from the

distribution of navigation policies for large-scale teams. We

demonstrate MADP on the coverage control task, showing

that it exceeds the performance of the state-of-the-art LPAC-

K3 across several variations of the problem. MADP excels

when areas of interest are smaller, which makes the problem

more challenging. We posit that this could be the result of

the stochasticity of GDMs enhancing exploration through

perturbation. The diversity of trajectories produced by MADP

motivates further investigation; we plan to explore ways to

exploit this property in future work. Guidance control and

model predictive path integral (MPPI) control are promising

approaches that leverage the use of these diverse stochastic

trajectories to further improve performance.

APPENDIX

The coverage control problem can be reduced to finding

centroidal Voronoi tessellations (CVT) of the environment.

A cost function is minimized by assigning each robot to a

region of the space and performing gradient descent toward a

local minimum. A well-known algorithm for this problem is

that proposed by Lloyd [22]. This original version assumes

full access to the state of the environment. In decentralized

systems, robots exchange each other’s positions and local

sensing information, as proposed in [2].

We consider several baselines based on finding Voronoi

partitions, with different levels of observability. The relevant

benchmarks are summarized as follows:

• Clairvoyant: Centralized algorithm with full access to

the robot positions and the entire IDF.
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Fig. 7. Each heatmap is a comparison against a baseline: against DCVT (Left) and against LPAC-K3 (Right). Each cell in the heatmap shows the
percentage difference for evaluation of MADP against the respective baseline on environments with varying numbers of robots (N ) and features (F ). A
positive value indicates an improvement over the baseline. MADP and LPAC-K3 are both trained on N = F = 32.

• Decentralized CVT (DCVT): Decentralized algorithm

with information exchange limited by the communica-

tion range. Each robot has access to the positions of its

neighbors. Knowledge about the IDF is limited to local,

historical sensory data.

• LPAC-K3 [1]: State-of-the-art, learning-based bench-

mark. The algorithm is decentralized with information

exchange limited by the communication range, each

robot having access to the positions of the neighbors,

and the sensing is local.
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